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Abstract

Modern computer vision is built on the premise that a model is handed all the visual information it
needs in advance, as a complete, static, sufficiently high-resolution image. This assumption is reasonable
for tasks such as classification or segmentation, but it breaks down the moment a model is placed inside an
embodied agent, such as a robot or an unmanned aerial vehicle. An embodied agent perceives the world
through a narrow window with a limited field of view and resolution. Hence, it must move physically
to acquire more observations while operating under tight constraints on time, energy, and computation.
Capturing and processing an entire environment at full resolution is not merely wasteful but often infeasible.
Under these conditions the central question is no longer only what we currently see, but rather where we
should look or move to obtain the most informative observation. By choosing its subsequent observations
wisely, an agent can match the performance of one that senses everything indiscriminately, at only a
fraction of the cost.

This dissertation concerns active visual exploration at two complementary scales: the local scale of
deciding where to direct and focus a sensor within the surrounding scene and the global scale of deciding
where to move through an environment to acquire new observations. The aim throughout is to build agents
that are efficient, understanding an environment from as few observations as possible; flexible, exploiting
the continuous capabilities of real sensors rather than artificial grids; and scalable toward the demands
of real embodied agents. The dissertation addresses these challenges through four research hypotheses
investigated in four publications.

The first contribution, Active Visual Exploration Based on Attention-Map Entropy (IJCAI 2023), asks
how an agent should decide where to look next without a separate decision network. It shows that the
internal uncertainty of a transformer, read directly from the entropy of its attention maps, is itself an
effective signal for selecting the most informative next glimpse, simplifying training while improving
reconstruction, classification, and segmentation from partial observations. This work, however, draws its
glimpses from a fixed grid of patches of the same size. The second contribution, Beyond Grids: Exploring
Elastic Input Sampling for Vision Transformers (WACV 2025), lifts that constraint. It formalises the
notion of input elasticity as the resilience of a model to patches of varying scale, position, and coverage. It
then introduces a protocol to measure this resilience and proposes architectural and training modifications
that let a vision transformer ingest patches sampled freely from an image, turning the rigid grid into a
continuous sampling space. The third contribution, AdaGlimpse: Active Visual Exploration with Arbitrary
Glimpse Position and Scale (ECCV 2024), brings observation selection closer to the capabilities of real
sensors. Building on an input-elastic transformer, it casts exploration as a Markov decision process and
uses the Soft Actor-Critic algorithm to select glimpses of arbitrary continuous position and scale. Such
degrees of freedom are offered by motorised pan-tilt-zoom cameras. The resulting agent discovers a
coarse-to-fine observation strategy on its own, matching or surpassing prior methods while requiring
fewer exploration steps to complete the task.

The first three papers progressively generalise local-scale exploration, moving from a fixed grid,
through elastic patch geometry, to arbitrary continuous camera zoom and rotation. The fourth contribution,
FlySearch: Exploring how vision-language models explore (NeurIPS 2025), turns to the complementary
global-scale problem of deciding where to move in a large, open, three-dimensional world in order to find

iii



something. It introduces a photorealistic benchmark for goal-driven object search, in which a simulated
aerial vehicle must physically traverse a vast outdoor search area to acquire each observation, and uses
it to ask whether today’s vision-language models can carry out this kind of exploration. The evaluated
vision-language models are able to perform short-horizon navigation but struggle with systematic search
when the target is initially unseen. The tested fine-tuning improves short-horizon navigation, including
transfer across environments, but does not resolve these systematic-search failures.

Taken together, the first three contributions connect an internal signal for observation selection, an
architecture that processes flexibly sampled observations, and a learned policy that selects their position
and scale. Within the evaluated settings, they progressively extend efficient local exploration beyond a fixed
sampling grid. The fourth contribution introduces a benchmark that exposes the additional difficulty of
organising observations and movements into sustained, goal-driven search in large outdoor environments.
These findings motivate further research into sustained search strategies, transfer to physical environments,
and explanations of the visual evidence guiding an agent’s decisions.

All four publications appeared in the main tracks of leading conferences, three at CORE A* (200
MNiSW points) conferences and one at a CORE A (140 MNiSW points) conference, and I am the first
author of each of them. The research was supported in part by the National Science Centre Preludium
grant Where to look next – guiding active visual exploration with internal model uncertainty, of which I
was the principal investigator. I also received the START scholarship of the Foundation for Polish Science.
Moreover, during my doctoral studies I completed a research internship at the Computer Vision group of
the Max Planck Institute for Informatics under the supervision of Prof. Bernt Schiele. Beyond the main
line of research, I contributed to work on AI-assisted medical diagnostics (which led to a European patent
application), on explainable artificial intelligence, and on benchmarking the spatial reasoning of vision
foundation models. I also served as a reviewer for NeurIPS, IJCV, TPAMI, RA-L, WACV, and KDD, and
co-organised three editions of the Machine Learning Summer School and the ELLIS Doctoral Symposium.

Keywords: active visual exploration, embodied vision, active perception, vision transformers, reinforce-
ment learning, vision-language models, object-goal navigation.
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Streszczenie

Współczesne widzenie komputerowe w znaczącym stopniu bazuje na założeniu, że model otrzymuje od
razu wszystkie potrzebne informacje w postaci kompletnego, statycznego obrazu o odpowiednio wysokiej
rozdzielczości. Podejście to sprawdza się w zadaniach takich jak klasyfikacja czy segmentacja. Przestaje
jednak być wystarczające, gdy model ma sterować robotem lub bezzałogowym statkiem powietrznym,
działającym w rzeczywistym otoczeniu. Taki agent w danym momencie widzi tylko część otaczającego
go świata, a szczegółowość obserwacji zależy od rozdzielczości jego kamery i jej pola widzenia. Aby
zdobyć kolejne informacje, musi aktywnie kierować kamerą lub zmieniać swoje położenie, dysponując
przy tym ograniczonym czasem, energią i zasobami obliczeniowymi. Rejestrowanie i przetwarzanie
całego otoczenia z najwyższą dostępną rozdzielczością jest w tych warunkach kosztowne, a często wręcz
niemożliwe. Istotne staje się zatem nie tylko to, co widzimy obecnie, lecz także gdzie spojrzeć lub dokąd
się przemieścić, aby uzyskać najbardziej przydatne informacje. Trafna selekcja kolejnych obserwacji
pozwala osiągać wyniki porównywalne z rezultatami metod przetwarzających wszystkie dostępne dane,
przy znacznie mniejszych kosztach.

Niniejsza rozprawa dotyczy aktywnej eksploracji wizualnej (ang. active visual exploration) w dwóch
uzupełniających się skalach. W skali lokalnej agent decyduje, na którą część otaczającej go sceny skierować
kamerę i jakie zastosować przybliżenie. W skali globalnej wybiera natomiast, dokąd się przemieścić,
aby uzyskać nowe obserwacje. Celem badań jest opracowanie metod, które pozwolą agentom poznawać
otoczenie na podstawie możliwie niewielu obserwacji, swobodnie korzystać z możliwości ruchu i zmiany
przybliżenia oferowanych przez rzeczywiste kamery oraz sprostać wymaganiom eksploracji rozległych,
otwartych środowisk. Rozprawa podejmuje te wyzwania poprzez cztery hipotezy badawcze analizowane
w czterech kolejnych publikacjach.

Pierwsza publikacja, Active Visual Exploration Based on Attention-Map Entropy (IJCAI 2023),
dotyczy wyboru kolejnej obserwacji bez uczenia osobnej sieci decyzyjnej. Pokazuje, że entropia map
uwagi transformera, będąca miarą jego wewnętrznej niepewności, może skutecznie wskazywać, który
fragment sceny warto obejrzeć w następnym kroku. Wykorzystanie tego sygnału upraszcza uczenie,
a zarazem poprawia wyniki rekonstrukcji, klasyfikacji i segmentacji na podstawie niepełnych obserwacji.
Metoda ta wybiera jednak fragmenty o jednakowym rozmiarze, rozmieszczone na ustalonej siatce.

Druga publikacja, Beyond Grids: Exploring Elastic Input Sampling for Vision Transformers (WACV
2025), przedstawia sposób przezwyciężenia tego ograniczenia. Wprowadza pojęcie elastyczności wejścia,
czyli zdolności modelu do zachowania jakości predykcji przy zmianach położenia i skali fragmentów
wejściowych oraz stopnia pokrycia nimi obrazu. Proponuje protokół pomiaru tej właściwości, a także
modyfikacje architektury i sposobu uczenia modelu typu Vision Transformer, dzięki którym może on
przetwarzać fragmenty obrazu wybierane poza regularną siatką. Pozwala to przejść od sztywnego układu
danych wejściowych do swobodnego doboru ich położenia i skali.

Trzecia publikacja, AdaGlimpse: Active Visual Exploration with Arbitrary Glimpse Position and Scale
(ECCV 2024), przybliża sposób wyboru obserwacji do możliwości rzeczywistych kamer. Korzystając
z transformera o elastycznym wejściu, ujmuje eksplorację jako proces decyzyjny Markowa. Agent uczony
za pomocą algorytmu Soft Actor-Critic wybiera położenie i skalę kolejnych obserwacji w przestrzeni
ciągłej. Taki zakres swobody odpowiada zdolnościom kamer umożliwiających obrót w poziomie i pionie
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oraz zmianę przybliżenia (pan-tilt-zoom). Agent samodzielnie uczy się strategii, w której najpierw ogląda
scenę z szerszej perspektywy, a następnie skupia się na istotnych szczegółach. Dzięki temu dorównuje
wcześniejszym metodom lub je przewyższa, wykonując mniej kroków eksploracji.

Pierwsze trzy prace stopniowo rozszerzają możliwości eksploracji w skali lokalnej: od wyboru
fragmentów z ustalonej siatki, przez swobodny dobór ich geometrii, po płynne sterowanie kierunkiem ob-
serwacji i przybliżeniem. Czwarta publikacja, FlySearch: Exploring how vision-language models explore
(NeurIPS 2025), dotyczy skali globalnej, czyli przemieszczania się w rozległym, otwartym środowisku
trójwymiarowym w celu odnalezienia wskazanego obiektu. Wprowadza fotorealistyczny benchmark,
w którym symulowany bezzałogowy statek powietrzny przemieszcza się w otwartym terenie, pozyskując
kolejne obserwacje. Został on stworzony do oceny zdolności współczesnych modeli wizyjno-językowych
(ang. vision-language models) do prowadzenia takich poszukiwań. Badane modele potrafią wykonywać
krótkie zadania nawigacyjne, lecz mają trudności z systematycznym przeszukiwaniem otoczenia, gdy
poszukiwany obiekt nie jest początkowo widoczny. Zastosowany fine-tuning poprawia skuteczność krót-
kich działań nawigacyjnych, także w środowisku innym niż treningowe, ale nie rozwiązuje problemu
systematycznych poszukiwań.

Łącznie pierwsze trzy prace wiążą ze sobą wewnętrzny sygnał wskazujący, co warto zaobserwować,
architekturę zdolną przetwarzać obserwacje o różnym położeniu i skali oraz strategię ich wyboru wy-
uczoną przez agenta. W badanych warunkach pozwalają one prowadzić efektywną eksplorację lokalną
bez ograniczenia do stałej siatki. Czwarta praca pokazuje, jak dużym dodatkowym wyzwaniem jest
łączenie obserwacji i ruchów w konsekwentnie realizowaną strategię poszukiwań w rozległym, otwartym
terenie. Wyniki te wyznaczają kierunki dalszych badań: uczenie długofalowych strategii poszukiwań,
przenoszenie metod do rzeczywistych środowisk oraz wyjaśnianie, jakie informacje wizualne stanowią
podstawę decyzji agenta.

Wszystkie cztery publikacje ukazały się w materiałach „main track” wiodących konferencji. Trzy
z tych konferencji należą do kategorii A* w rankingu CORE (200 punktów MNiSW), a jedna do katego-
rii A (140 punktów MNiSW). Jestem pierwszym autorem wszystkich czterech publikacji. Badania były
częściowo finansowane z grantu PRELUDIUM Narodowego Centrum Nauki Where to look next – aktywna
eksploracja sterowana wewnętrzną niepewnością modelu, którym kierowałem. Za działalność naukową
otrzymałem również stypendium START Fundacji na rzecz Nauki Polskiej. Ponadto w trakcie studiów
doktoranckich odbyłem staż naukowy w zespole Computer Vision w Max Planck Institute for Informatics
pod opieką prof. Bernta Schiele. Poza głównym tematem rozprawy uczestniczyłem w badaniach nad
zastosowaniami sztucznej inteligencji w diagnostyce medycznej, które doprowadziły do europejskiego
zgłoszenia patentowego, a także w pracach nad wyjaśnialną sztuczną inteligencją oraz oceną zdolności
modeli typu vision foundation model do rozumowania przestrzennego. Recenzowałem również prace dla
NeurIPS, IJCV, TPAMI, RA-L, WACV i KDD oraz współorganizowałem trzy edycje Machine Learning
Summer School i ELLIS Doctoral Symposium.

Słowa kluczowe: aktywna eksploracja wizualna, widzenie ucieleśnione, aktywna percepcja, transformer
wizyjny, uczenie ze wzmocnieniem, modele wizyjno-językowe, nawigacja ukierunkowana na obiekt.
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Chapter 1

Introduction

1.1 Motivation

1.1.1 The enduring dream of intelligent machines

The dream of creating artificial beings that perceive and act like us is far older than the invention of the
semiconductor. From the ancient Greek myth of the bronze automaton Talos [78], through the mechanical
contraptions of the Enlightenment [108, 125], to the very word robot, coined in Karel Čapek’s 1920 play
R.U.R. [20], and the Maschinenmensch (machine-human) of Fritz Lang’s 1927 movie Metropolis [59],
the idea of building mechanical creatures has been a recurring theme in our history. Following the
development of modern electronics and digital computers, this dream seemed within reach. Throughout
the mid-20th century, Isaac Asimov’s tales of positronic-brain-powered robots [7] presented a vision of
highly intelligent anthropomorphic machines that reason based on logical rules and hardcoded ethics to
guide their actions. Stanisław Lem’s stories [64] went a step further, giving them personalities, flaws, and
desires, showcasing the complexity of artificial civilisations and their potential ethical dilemmas. Movies
such as Forbidden Planet (1956) [132] and Star Wars (1977) [76] presented robots as beings with an almost
human psychology and thinking capabilities, but clumsier and more limited in their actions, bringing the
idea to the mainstream. By the mid-20th century, the dream of intelligent machines was also becoming a
scientific research programme. At that time Alan Turing reframed the question of whether machines can
think in operational terms [122]. A few years later the founders of artificial intelligence proceeded from
the optimistic premise that the essential features of intelligence could be described precisely enough to be
simulated by a computer algorithm [79]. Figure 1.1 illustrates this enduring cultural aspiration to create
machines with human abilities.

1.1.2 Moravec’s paradox

Reality proved to be quite different and more humbling. Machines surpassed even the best human experts
at tasks such as chess [18], once regarded as a pinnacle of human intellect. Automated theorem proving
and satisfiability solving also achieved substantial successes in formal reasoning [26, 27]. At the same
time, everyday competences such as finding a path in a cluttered room, locating and moving objects from
one place to another, or even just looking for a familiar face in a crowd, turned out to be surprisingly hard
to reproduce even at the animal level. This inversion, known as Moravec’s paradox [83], has a compelling
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Cultural aspirations
imagining machines with human abilities

Antiquity Eighteenth century 1920s 1950-70s

Automatons of
bronze and magic

Mechanical contraptions
of the Enlightenment

Early robots in
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Electronic intelligent
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Star Wars

Figure 1.1: Cultural aspirations for intelligent machines. The idea of creating intelligent artificial
beings dates back to antiquity. This figure traces the evolution of cultural depictions of intelligent machines
through selected representative examples [59, 76, 78, 125]. The illustrations are schematic.

explanation in evolutionary terms. Those abilities are a product of hundreds of millions of years of natural
selection. The sudden emergence of eyes is even credited with starting the Cambrian expansion of animal
life [58, 98], and a large fraction of the primate cerebral cortex is dedicated to processing what we see [38].
We are, as a consequence, expert visual explorers by nature, able to efficiently use our limited perceptual
and computational resources in a complex and dynamic world. What our brains do almost subconsciously
– allocating gaze and gathering just enough visual evidence to act – remains as of today one of the hardest
open problems in artificial intelligence [31]. Figure 1.2 illustrates the perceptual decisions hidden within
an apparently simple everyday task.

1.1.3 The narrow window of perception

Every agent that acts in the physical world, whether it is a human, an animal, or a machine, does so
through a narrow window. An eagle circling above a meadow searching for prey, a person looking for
a familiar face in a crowded corridor, or a robot inspecting a factory floor for defects never perceives
its surroundings all at once and in perfect detail. Instead, it is limited by its perceptual capabilities and
environmental constraints. Furthermore, the environment is not static, but changes constantly, making
a complete, up-to-date map difficult to maintain. Therefore, the agent must be able to reason based on
partial information, while actively pointing its sensors toward the most informative regions to gather more
data as needed. The perception process is not a passive act of reception, but rather an active, goal-driven
process of exploration [4, 11, 13], illustrated in Figure 1.3. Human studies have shown that this exploration
process happens on both a local and a global scale. On the local scale, we are experts at scanning our
surroundings with our eyes, moving our gaze in a task-driven manner [46, 139]. On the global scale, we
excel at exploring our environment by moving our body to different locations, navigating through complex
scenes and avoiding obstacles without much effort [37]. The main motivation of this thesis is to enable
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Formal intellectual task Everyday visual task
choose a move in chess find a familiar person

find this
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Explicit rules and objective
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Occlusion and incomplete views
Limited time to gather evidence

Evaluate possible moves
within a defined problem

Choose where to look, recognise the person,
and decide when enough has been seen

Figure 1.2: The hidden difficulty of everyday perception. Moravec’s paradox contrasts artificial
intelligence and robotics achievements in formal intellectual tasks with the difficulty of reproducing
everyday perceptual competences [83]. In chess, the rules, objective, and relevant game state are available
to the player. Finding a familiar person in a crowd requires acquiring missing visual evidence under
occlusion and time constraints, recognising the person, and deciding when enough has been seen.

machines to do the same: to learn to actively explore their environment efficiently, perceiving only what
they need in order to fulfil their goals.

The gap between this goal and the current state of machine learning and computer vision remains far
from closed. Modern models achieve remarkable accuracy in passive perception tasks [30, 55, 87], yet the
very assumption of complete access to visual information [41] breaks down the moment a model is placed
inside an embodied agent with a limited field of view, a finite time budget, and a world that constantly
changes [104, 131]. Understanding how an agent should efficiently acquire visual information, rather than
just how it should process information it has already captured, remains an open problem [12, 32, 73, 104].
The remainder of this chapter traces how the field arrived at this point, explains why general-purpose
exploration is still unsolved, and introduces the research direction pursued across the four publications
that constitute this thesis.

1.2 A brief outline of the field

1.2.1 From hand-crafted features to foundation models

Computer vision is almost as old as computing itself, with the first works on machine perception dating
back to the 1960s [109], epitomised by the so-called “blocks world” of simple polyhedral scenes. First
attempts to apply machine vision to real-world robotics problems followed soon after, with the SRI Shakey
project [86], developed in the late 1960s and early 1970s. Roughly a decade later, Moravec’s stereo-vision-
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Figure 1.3: Passive perception versus active embodied vision. A passive perception system is handed a
complete, static view of the scene to produce a prediction. An active embodied agent instead senses only
a narrow view of the surrounding scene and closes the loop by actively choosing where to move for the
next observation.

guided Stanford Cart [84] continued this path. These early systems were built on hand-crafted geometry
and operated in carefully prepared evaluation environments. Their inability to operate reliably outside
such controlled settings highlighted the difficulty of real-world visual perception.

For the next two decades, progress was incremental at best and heavily reliant on hand-crafted
feature representations. The turning point came with the resurgence of neural networks, driven by the
availability of large annotated datasets [29] and the development of more powerful hardware. Convolutional
networks, pioneered for digit recognition [60], were scaled up and decisively outperformed hand-crafted
pipelines [55]. Deeper and more trainable architectures such as residual networks [47] followed, and
learned representations rapidly became the default across tasks such as classification, detection, and
segmentation [61]. Computer vision had become, first and foremost, a problem of representation learning.

The next wave of progress came from the field of natural language processing, with the invention
of attention-based transformer models [124]. The transformer architecture proved equally powerful for
visual data, quickly surpassing convolutional networks in accuracy [30]. Moreover, transformers were able
to learn rich feature representations with self-supervised and weakly supervised learning [21, 48, 101],
enabling training of models on vast amounts of unlabelled or loosely labelled data from the web. Those so-
called vision foundation models in turn not only proved to be highly accurate backbones for standard vision
tasks, but also enabled the development of vision-language models [40, 87], which generalised and scaled
up the ability of machines to describe and reason about images in language on an unprecedented scale.

This progress from the 1960s blocks world to today’s foundation models is, by any measure, a triumph.
Yet nearly all of these advances share a quiet assumption: that the model is handed all needed visual
information at once as a complete, static, sufficiently high-resolution image. Figure 1.4 summarises these
advances in visual representation learning and parallel developments in embodied vision.
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Figure 1.4: Technical progress in visual learning. Selected milestones in visual representation learn-
ing [30, 61, 101, 109] and parallel developments in embodied vision [4, 13, 81, 86, 104], as described in
Section 1.2. The illustrations are schematic.

1.2.2 The passive-perception assumption

Standard computer vision solutions assume complete and unobstructed access to input data [41]. This is an
entirely reasonable simplification for most studied tasks, such as image classification or segmentation, and
even the most recent vision-language benchmarks [23, 141] follow this pattern. However, this assumption
falls apart when the model is placed inside an embodied agent, such as a robot or an unmanned aerial vehicle
(UAV), operating in the real world. Such an agent perceives the world through sensors with a restricted
field of view and resolution, must move physically to acquire new observations, taking obstacles into
account, and operates under tight constraints on time, energy, and computational power [131]. Capturing
and processing every part of a large environment at maximum resolution is not only wasteful but often
infeasible, especially in open-world settings [81, 104, 110].

Under these conditions, the question is no longer what we currently see, but rather where we should
look in the first place. An agent that can choose its observations wisely can achieve strong performance at
a fraction of the sensing and computational cost of one that processes everything indiscriminately. For
active perception to work we need to move this decision of where to look next inside the model itself.

1.2.3 Active embodied vision

The idea that perception systems should be active has been around since the early days of embodied
computer vision. The active perception [11], active vision [4], and animate vision [13] proponents
stipulated decades ago that a perceiver which controls its own sensing can turn otherwise ill-posed
problems into tractable ones. This perspective has been revisited in the modern learning era [12]. The
inspiration is deeply biological. Human visual acuity is concentrated at the centre of gaze. Therefore, we
explore scenes through rapid saccadic eye movements that direct this fovea to informative regions [46, 139].

Machine learning approaches to active vision followed the broader deep learning progress. Recurrent
models of visual attention [81] learned to select a sequence of glimpses for recognition, drawing on the
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Figure 1.5: The two scales of active exploration. At the local scale, a stationary agent (e.g. a pan-tilt-
zoom camera, or a robot’s head) remains at a fixed position and redirects its gaze towards different regions
of the surrounding scene. At the global scale, a mobile agent (e.g. a robot or a UAV) relocates itself
through three-dimensional space.

reinforcement learning methods [120] that had begun to master control problems from raw pixels [82]. In
parallel, the robotics and embodied-AI communities studied exploration in the context of simultaneous
localisation and mapping (SLAM) [17], where an agent must build an explicit map of the environment.
More recently, the task of embodied visual exploration [104] studied how an agent should build an internal
model of an unfamiliar space to support downstream tasks such as reconstruction, localisation, and
navigation. Another recent line of work on active visual exploration specifically studies how a model
equipped with a limited field of view should select successive glimpses to reconstruct, classify, or segment
a scene [115]. These threads share a common conviction: that intelligent sensing is a decision problem.

1.2.4 Why general exploration is still unsolved

Despite this long history of research and recent rapid progress, the problem of exploration in the general
case remains far from solved. The difficulty is easy to underestimate because existing methods achieve
strong performance within simplified settings. For example, some active-vision methods operate in small
search spaces [115], where even random glimpse selection was found to perform on par with attention-
based selection [52]. Moreover, the exploration is often limited to a grid game, where an agent uncovers a
fixed area at each move [106], a simplification that mirrors the grid input format of vision transformers
rather than the continuous movements of real-world agents. Embodied navigation is most often studied in
constrained indoor simulators [54, 111, 136], where the agent can map the entire environment explicitly,
without having to deal with the complexity and vast size of real-world environments. This allows relatively
simple object-goal navigation methods [14, 44] to produce strong results on those benchmarks, but it
does not address the problem of general exploration. A different body of work pushes this global-scale
exploration outdoors, using simulators such as AirSim [116], vision-and-language navigation tasks such
as AerialVLN [71] and CityNav [62], or, more rarely, open-ended object-goal search directly in such
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settings [138]. Notably, most of this active-vision progress, indoors and outdoors alike, still operates at
what we earlier called the local scale, or follows a fairly constrained navigation task: an agent at each step
decides where to look within a scene it can fully scan, or move towards an object it can already see. Whether
the same efficient, learned decision-making transfers to unconstrained, zero-shot, global-scale search
remains largely an open question [12, 104]. Finally, it is not clear whether methods designed for simplified
simulation environments can be transferred to the real physical world, bridging the sim-to-real gap [3].

1.3 Learning to explore efficiently

This dissertation investigates how active visual exploration (AVE) can become more efficient (under-
standing an environment from as few observations as possible), more flexible (exploiting the continuous
capabilities of real sensors rather than artificial grids), and more scalable (toward the demands of embodied
agents operating in the open world). It considers both the local scale of choosing where to look and the
global scale of choosing where to move, contrasted in Figure 1.5. The four publications that make up the
thesis form a progression along this path, each investigating one of the following research hypotheses.

1.3.1 Research hypotheses

H1. The uncertainty already encoded in a visual model’s attention maps can be used to decide where to
look next, without training a separate component for observation selection.

H2. A vision transformer can be made resilient to input patches sampled at varying positions, scales, or
with incomplete coverage, allowing it to process observations that do not follow a rigid grid.

H3. An agent can learn to select both the position and scale of each observation in a continuous space,
discovering an efficient coarse-to-fine exploration strategy that reduces the number of pixels it
needs to observe.

H4. Current vision-language models can perform short-horizon visual navigation, but cannot reliably
form and execute consistent multi-step search strategies in large, open,
three-dimensional environments.

The first contribution, “Active Visual Exploration Based on Attention-Map Entropy” [I], investigates
Hypothesis H1 by asking how an agent should decide where to look next without the machinery of a
separate decision network. It shows that the internal uncertainty of a transformer, read directly from
the entropy of its attention maps, is itself an effective signal for selecting the most informative next
glimpse, simplifying training while improving reconstruction, classification, and segmentation from
partial observations (see Figure 1.6a). This work operates, however, within the familiar setting of glimpses
drawn from a fixed grid.

The second contribution, “Beyond Grids: Exploring Elastic Input Sampling for Vision Transform-
ers” [II], investigates Hypothesis H2 and addresses the constraint of fixed grid sampling. It formalises the
notion of input elasticity, the resilience of a model to patches of varying scale, position, and coverage,
introduces a protocol to measure it, and proposes architectural and training modifications that let a vision
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Figure 1.6: The four contributions of this thesis as a progression. The first three papers generalise
local-scale exploration, deciding where to look within a scene the agent can already sense, from a fixed grid
(AME), to elastic patch geometry (Beyond Grids), to arbitrary continuous zoom and pan (AdaGlimpse).
The fourth, FlySearch, turns to the complementary global-scale problem of deciding where to move
through an open, three-dimensional world.

transformer ingest patches sampled freely from an image. This turns the rigid grid into a continuous
sampling space (see Figure 1.6b).

The third contribution, “AdaGlimpse: Active Visual Exploration with Arbitrary Glimpse Position and
Scale” [III], investigates Hypothesis H3 and brings observation selection closer to the capabilities of real
sensors. Building on an input-elastic transformer, it casts exploration as a Markov decision process and
uses the Soft Actor-Critic reinforcement learning algorithm to select glimpses of arbitrary continuous
position and scale, the degrees of freedom offered by motorised pan-tilt-zoom cameras (see Figure 1.6c).
The resulting agent rapidly establishes a coarse awareness of a scene before zooming in on detail, matching
or surpassing prior methods while observing far fewer pixels.

The first three papers progressively generalise local-scale exploration: deciding where to look within
a scene the agent can already sense, moving from a fixed grid (AME), to elastic patch geometry (Beyond
Grids), to arbitrary continuous zoom and pan (AdaGlimpse). The fourth contribution, “FlySearch:
Exploring how vision-language models explore” [IV], investigates Hypothesis H4 and turns to the
complementary global-scale problem: deciding where to move next in a large, open, three-dimensional
world in order to find something. The environment is no longer a bounded scene from which glimpses
can be sampled, but a vast outdoor search area that the agent, a simulated UAV, must physically traverse
to acquire each new observation. FlySearch introduces a photorealistic benchmark for goal-driven object
search in such environments and uses it to ask whether today’s vision-language models can execute
this kind of exploration (see Figure 1.6d). It finds that state-of-the-art models fail to reliably solve even
simple exploration tasks, with the gap to human performance widening sharply as tasks demand longer,
consistent search strategies, and this gap persists even after fine-tuning. In mapping out these failure
modes, FlySearch both charts the frontier of the problem and motivates further research in this field.
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Taken together, these works trace an arc from deciding where to look within a single reachable scene,
through freeing the model from rigid sampling and matching real sensor geometry, to deciding where to
move through an open, three-dimensional world. They constitute concrete steps in pursuit of the goal that
gives this thesis its title: learning to look and search, towards efficient visual exploration for embodied
agents. Figure 1.6 summarises this progression.

Parts of this research were carried out within the National Science Centre Preludium grant Where to
look next – guiding active visual exploration with internal model uncertainty (2024–2025), of which I was
the principal investigator. My work was also recognised with the START scholarship of the Foundation
for Polish Science (2026).

1.4 Thesis outline

The remainder of this thesis follows the progression outlined above. Chapter 2 studies exploration at
the local scale and presents the first publication, “Active Visual Exploration Based on Attention-Map
Entropy”, which recasts glimpse selection as uncertainty reduction driven by the internal attention entropy
of the task model itself. Chapter 3 overcomes the fixed-grid limitation underlying that work and covers
two publications: “Beyond Grids: Exploring Elastic Input Sampling for Vision Transformers”, which
formalises input elasticity and introduces the ElasticViT architecture, and “AdaGlimpse: Active Visual
Exploration with Arbitrary Glimpse Position and Scale”, which trains a reinforcement learning agent
to select glimpses of continuous position and scale on top of that backbone. Chapter 4 moves to the
global scale and presents “FlySearch: Exploring how vision-language models explore”, a benchmark
for goal-driven object search in large outdoor environments. Each of these chapters opens with its
research scope and the preliminaries needed to keep the thesis self-contained, then summarises the
corresponding publication and its contributions. The full texts of the publications are provided in the
appendix. Chapter 5 gives an overview of other research work and achievements from the author’s doctoral
studies, and Chapter 6 concludes the thesis with a synthesis of the results and a discussion of future
research directions.
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Chapter 2

Exploration as uncertainty reduction

2.1 Research scope

As established in the introduction, an embodied agent operating with a restricted field of view cannot rely
on the passive-perception assumption that underlies most of modern computer vision [41]. It must instead
decide, step by step, where to direct its sensor to build a sufficient understanding of a scene from as few
observations as possible. This chapter studies this problem at what we earlier called the local scale: the
agent is stationary and positioned in front of a single bounded scene (an image, a panorama, or a room),
and must choose a sequence of glimpses – small regions of that scene it is allowed to observe one at a
time, so as to reconstruct, classify, or segment the scene as accurately as possible within a limited budget
of observations.

Prior work at this local scale has explored a range of strategies for deciding where to look next.
Some methods frame the choice explicitly in terms of uncertainty. One approach hallucinates plausible
completions of the unseen part of a scene with a variational autoencoder and derives an uncertainty
score from the resulting hypotheses [105], while others pair a reinforcement-learning policy with a
predictive-uncertainty signal to choose the parameters of the next observation [51, 103], or apply a related
attention-driven reinforcement-learning policy to patch selection in video streams [22]. Another line
of work, which is most directly relevant to the publication summarised in this chapter, instead learns
the next-glimpse decision as a dedicated, supervised component trained alongside the target task. One
such method uses a convolutional architecture with a probability-map output head for reconstructing
360° scenes from a sequence of glimpses [113]. This approach was later extended to segmentation [114]
and to an attention-pooling variant trained through five parallel streams [115]. This methodology was
subsequently transferred to a transformer-based masked autoencoder with a separate glimpse-decision
head attached on top of it [52]. Despite their differences, all of these approaches converge on a common
architectural pattern. A neural network performs the target task (e.g., reconstruction) from the glimpses
observed so far, while a second, separately trained component (typically a dedicated decision head with an
auxiliary loss, or a reinforcement-learning policy) decides where the next glimpse should be taken. This
pattern introduces an additional training objective and can increase the complexity, memory footprint,
and fragility of the training procedure.

The central research question of this chapter is whether such a dual-objective design is in fact
necessary, or whether a network trained for the target task alone already contains, inside its own internal
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representations, sufficient information about where it is most uncertain, and therefore where it should look
next. If so, active exploration could be reduced to a form of uncertainty reduction: at every step, the agent
samples the observation about which the model currently knows the least, without ever training a separate
mechanism to make that choice. This idea is explored through the publication summarised in this chapter,
“Active Visual Exploration Based on Attention-Map Entropy” [I], which identifies such a signal directly
in the attention maps of a transformer-based model and shows that it can replace a dedicated decision
module without loss, and, in fact, with a substantial gain in performance.

2.2 Preliminaries

Before describing the publication summarised in this chapter, to make this thesis self-contained, we
introduce four background concepts required to understand it: the transformer-based masked autoencoder
architecture on which it is built (Section 2.2.1), the notion of entropy as a measure of predictive uncertainty
(Section 2.2.2), the glimpse-based exploration protocol used throughout the chapter (Section 2.2.3), and
the retina-like sensor model evaluated as one of its variants (Section 2.2.4).

2.2.1 Vision transformers and masked autoencoders

The Vision Transformer (ViT) [30] adapts the transformer architecture [124] originally developed for
language to images. An input image is divided into a regular grid of non-overlapping square patches,
each of which is linearly projected into an embedding vector and augmented with a positional embedding
encoding its location in the grid. The resulting sequence of tokens is processed by a stack of self-attention
blocks, each of which lets every token gather information from every other token in the sequence, weighted
by a learned compatibility score. Because a ViT operates on a variable-length sequence of tokens rather
than on a fixed-size pixel grid, it is naturally suited to inputs where only a subset of patches is available at
any given time.

Masked Autoencoders (MAE) [48] exploit this property for self-supervised representation learning.
During training, a large fraction of the input patches (e.g. 75%) is removed. An encoder processes only the
small set of remaining, visible patches, and a lightweight decoder is tasked with reconstructing the missing
patches from the encoder’s output, together with positional information about where the missing patches
were located. Because the encoder never has to process masked tokens, this design is both computationally
efficient and, crucially for active exploration, directly compatible with an agent that only observes a partial
view of a scene.

2.2.2 Entropy as a measure of uncertainty

Given a discrete probability distribution p = (p1, . . . , pn), its Shannon entropy is defined as

H(p) = −
n∑

i=1

pi log pi. (2.1)

Entropy is maximised when p is uniform, i.e. when all outcomes are equally likely, and minimised,
reaching zero, when p places all of its probability mass on a single outcome. In machine learning, the
entropy of a model’s output distribution is a standard proxy for the model’s uncertainty: a confident
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prediction concentrates its probability mass on one or a few outcomes and has low entropy, while an
uncertain prediction spreads its probability mass broadly and has high entropy.

2.2.3 The glimpse-based exploration protocol

Throughout this chapter, an image is partitioned into a fixed grid of N candidate glimpse positions. A
glimpse is the unit an agent acquires in a single step. Depending on the sensor regime, it is either a single
patch or a small, fixed group of neighbouring patches. An agent is given a fixed budget of T � N steps. At
step t, it has already observed t glimpses and must select the position of the (t+1)-th glimpse from among
the candidate positions not selected previously. Once the glimpse is revealed, the model performs the
target task (reconstruction, classification, or segmentation) again, conditioned on all t+1 known glimpses.
This process repeats until the budget T is exhausted, at which point the final prediction is produced.

2.2.4 Retina-like foveated sensing

The human retina offers a useful model for efficient partial observation: it delivers high spatial acuity
only within a small central region called the fovea, while receptor density (and thus spatial resolution)
decreases steeply towards the periphery [25, 110]. This non-uniform sampling is highly efficient – a wide
field of view is maintained with relatively few photoreceptors, while fine detail is reserved for the region
currently fixated. The publication summarised in this chapter evaluates a retina-like glimpse variant that
mirrors this structure: each rectangular glimpse is rendered at full resolution at its centre but progressively
degraded towards its edges (simulated through resampling filters), in contrast to a uniform-resolution
glimpse of the same spatial extent.

2.3 Active Visual Exploration Based on Attention-Map Entropy

A standard approach based on an auxiliary loss function

Our approach based on internal MAE uncertainty

Figure 2.1: Attention-Map Entropy (AME). The proposed approach chooses the most informative obser-
vations (patches) by reusing the internal uncertainty already coded in the attention maps of the target-task
model. In contrast to existing methods, it does not require any auxiliary loss function dedicated to active
exploration, so that training can concentrate entirely on the target-task loss. Figure reproduced from [I].
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2.3.1 Motivation

As established in Section 2.1, prior work on glimpse-based active exploration relies on a dedicated network
component, trained separately from and in parallel to the target task, to decide where to look next. This
dual-objective design has a tangible cost – it increases the number of network components, raises the
memory footprint, and complicates training, since two training objectives (one for the perceptual task,
one for exploration) may pull in opposite directions.

This publication investigates Hypothesis H1: the uncertainty already encoded in a visual model’s
attention maps can be used to decide where to look next, without training a separate component for
observation selection. A transformer-based masked autoencoder processing a partial view of a scene
already produces a rich description of what it is uncertain about as the entropy of its self-attention maps.
The question is if such a signal alone is sufficient to drive effective glimpse selection, and whether
eliminating the second objective actually improves rather than harms performance (see Figure 2.1).

2.3.2 Attention-Map Entropy

Figure 2.2: Architecture for reconstruction. The agent has observed two patches of the image, which are
processed by the encoder to produce their feature representations (orange rectangles). These outputs are
combined with the masked patches (grey rectangles) and passed through the decoder, which reconstructs the
missing image patches. In addition, the method computes the entropy map for one of the decoder’s multi-
head self-attention layers and uses it to select the location of the third glimpse (the one with the highest
entropy). The process repeats until the assumed number of glimpses is reached. Reproduced from [I].

Architecture. The proposed method, named Attention-Map Entropy (AME), builds upon a masked
autoencoder (Section 2.2.1) with a ViT-L encoder (24 transformer blocks and embedding size 1024) and a
lightweight 8-block decoder (embedding size 512). At every step t, the encoder processes the t glimpses
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observed so far, and the decoder combines their latent representations with mask tokens standing in for
the unseen patches, producing an output for the target task. Figure 2.2 illustrates this process for the
reconstruction task. For other tasks, the architecture is similar, with the exception of the output head.

Attention-derived uncertainty. The key idea is to reuse the decoder’s own self-attention maps to
decide on the next action, instead of training a separate module for this purpose. Each row of a self-
attention map is produced by a softmax and therefore defines a probability distribution describing how
strongly the corresponding token attends to every other token when computing its representation. High
entropy in a row indicates that the model cannot commit to any particular token as informative, which
in turn signals that the underlying image region is poorly understood and would benefit from being
observed. Because these distributions arise as a by-product of the target task’s own forward pass, their
entropy provides an uncertainty signal at no extra computational cost, with no additional parameters or
training objective required.

For the single-patch glimpse regime, given the patches p1, . . . , pt observed so far, the decoder operates
on the full set of M tokens, one for every patch position of the image grid: the t observed patches plus
mask tokens standing in for each position not yet observed. Each of its self-attention layers therefore
computes an attention matrix

A = softmax
(
QKT /

√
dk

)
∈ R

M×M , (2.2)

where Q and K pack together the query and key projections of all M token embeddings produced by that
layer, and dk is the dimension of the keys and queries. Row i of A is the probability distribution used to
compute a weighted average of all patch representations when producing the updated representation of
patch i. A peaked row means the model relies on a few already well-understood patches, while a flat row
means it must combine evidence from many patches because none of them alone provides a confident
answer. Figure 2.3 illustrates this on a toy 2× 2 example.

Figure 2.3: Entropy map. Consider an image divided into four patches (2× 2), shown on the left. Its
attention map is a 4× 4 matrix, each row of which holds the attention weights used to compute the output
of the corresponding patch in the next transformer layer. Computing the Shannon entropy (Equation 2.1)
of each row yields a 2× 2 entropy map; the patch with the highest entropy value is selected as the next
glimpse. Figure reproduced from [I].
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Glimpse selection and task outputs. Since transformers compute multiple attention maps in paral-
lel (multi-head attention), the entropies contributed by all heads h are summed into a single entropy
map at step t,

Ht[i] =
∑

h

H(Ah,t[i]) , (2.3)

where Ah,t[i] is the i-th row of head h’s attention matrix at step t, and H(·) is the Shannon entropy
of Equation 2.1. Entries corresponding to already-known patches are set to zero so that they are never
re-selected, and the next glimpse is placed following a greedy selection strategy, i.e. at the position of
maximal remaining entropy,

i∗ = arg max
i

Ht[i]. (2.4)

For multi-patch glimpses, the entropy map is averaged over the glimpse footprint before selecting a
location. The very first glimpse, for which no patch has yet been observed, is chosen by running the same
procedure with only mask tokens as input. For reconstruction and segmentation, the decoder’s final linear
layer directly outputs pixel values or per-class logits for every patch. For classification, an auxiliary head
attached to the encoder’s cls token is trained jointly with the reconstruction objective. In every case,
training uses only the losses of the perceptual tasks themselves, and no loss function or decision network
dedicated to exploration is introduced.

2.3.3 Experimental results

The method is evaluated on three datasets: MS COCO [68], ADE20K [142], and SUN360 [137], against
two families of baselines, each tested under its corresponding glimpse regime: (i) 8 × 482 retinal
glimpses, matching the retina-like sensor simulation used by the convolutional methods AttSeg [114] and
GlAtEx [115], and (ii) 37× 162 regular, non-retinal glimpses of a single ViT patch each, matching the
transformer-based SimGlim [52].

Reconstruction. As shown in Table 2.1, AME achieves the best reconstruction RMSE across every
dataset and glimpse regime tested, improving over both convolutional and transformer-based baselines.
Non-retinal glimpses further improve scores over retinal ones by more than 10%. The gain over SimGlim
is particularly informative: since both methods share the same MAE backbone and differ only in the
glimpse-selection rule, the improvement can be attributed to the entropy-based strategy itself rather than to
the underlying architecture. Qualitative results on SUN360 in Figure 2.4 confirm that the reconstructions
produced by AME are visibly sharper and more detailed than those of the convolutional baselines.

Figure 2.5 visualises the process step by step: as additional glimpses are selected, the entropy map
concentrates on the regions of the scene that remain blurry or unexplained, and the overall reconstruction,
not only in the immediate neighbourhood of the newest glimpse, becomes progressively sharper.

Classification. Classification results on SUN360 are summarised in Table 2.2. AME achieves 75.7%
accuracy when training the full model end-to-end, compared to 56.4% for GlAtEx, and 70.1% when
only the classification head is trained on top of frozen reconstruction features, still outperforming both
convolutional baselines. The improvement in the head-only regime is particularly notable because the
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Table 2.1: Reconstruction results: Comparison of our model (AME) in the reconstruction task against
AttSeg [114], GlAtEx [115] and SimGlim [52] on SUN360, ADE20K and MS COCO datasets. The metric
used is the root mean square error (RMSE; lower is better). For each experiment, we provide a training
and evaluation regime defined by a number of glimpses of a specific resolution. Pixel % and area %
denote respectively: the percentage of image pixels known to the model and the percentage of image area
seen by the model. The two measures differ for retina-like glimpses, which have lower pixel densities in
peripheral regions of the observation. Our method outperforms competing methods in all configurations.

Method SUN360 ADE20K MS COCO Image res. Glimpse regime Pixel % Area %

AttSeg 37.6 36.6 41.8 128× 256 8× 48
2 (retinal) 18.75 56.25

GlAtEx 33.8 41.9 40.3 128× 256 8× 48
2 (retinal) 18.75 56.25

AME (ours) (retinal) 23.6 23.8 25.2 128× 256 8× 48
2 (retinal) 18.75 56.25

AME (ours) (non-retinal) 37.9 40.7 43.2 128× 256 8× 16
2 (non ret.) 6.25 6.25

AME (ours) (non-retinal) 29.8 30.8 32.5 128× 256 8× 32
2 (non ret.) 25.00 25.00

AME (ours) (non-retinal) 20.1 20.6 22.1 128× 256 8× 48
2 (non ret.) 56.25 56.25

SimGlim (detached) 26.2 27.2 29.8 224× 224 37× 16
2 (non ret.) 18.75 18.75

SimGlim (end-to-end) 28.0 28.8 31.3 224× 224 37× 16
2 (non ret.) 18.75 18.75

AME (ours) (non-retinal) 23.4 26.2 28.6 224× 224 37× 16
2 (non ret.) 18.75 18.75

encoder was never exposed to any classification signal: the representations learned for reconstruction
already provide a strong enough basis for scene-category decisions.

Semantic segmentation. Semantic segmentation on ADE20K follows the same pattern: AME raises
pixel accuracy from 47.9% (AttSeg) and 52.4% (GlAtEx) to 70.3%. The attached publication text
reports the full table.

Ablation studies. Ablation studies confirm that the entropy-based rule is a reasonable heuristic, which
is measurably better than naive alternatives. AME outperforms both uniformly random glimpse placement
and a fixed, non-overlapping checkerboard pattern on both reconstruction and classification. A further
ablation over which decoder layer the attention map is drawn from shows a consistent trend that entropy
computed from deeper decoder layers, closer to the final output, yields better glimpse-selection decisions
than entropy computed from shallow ones. See the attached publication text for more details.

2.3.4 Contributions

The publication summarised in this chapter makes the following contributions to visual exploration:

• It introduces Attention-Map Entropy (AME), a glimpse-selection mechanism that reuses the entropy
of a transformer decoder’s own self-attention maps as a measure of the model’s uncertainty about
each unseen region. This removes the need for any auxiliary loss function or dedicated decision
network for active exploration, in contrast to all prior approaches to this problem.
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Input AME (ours) GlAtEx AttSeg

Figure 2.4: Reconstruction quality for SUN360. Qualitative reconstruction results comparing AME
against AttSeg [114] and GlAtEx [115] on the SUN360 dataset using 8×482 retinal glimpses. Reconstruc-
tions produced by our method are visibly sharper and better preserve scene structure. Reproduced from [I].

Step 1 3 5 8 Ground truth

Input

Prediction

Entropy –

Figure 2.5: AME-based reconstruction step by step. Selected steps of an 8× 322 glimpse-selection
process on a sample 256 × 128 image from ADE20K, showing the model input (known glimpses),
its prediction, and the decoder attention entropy driving the choice of the next glimpse (known areas
are explicitly set to zero). AME explores the image where its own reconstruction is still uncertain.
Adapted from [I].

• It shows that a single, task-only training objective is sufficient to obtain a strong exploration policy,
simplifying the training procedure compared to dual-objective designs.

• It provides, to the best of the authors’ knowledge, the first published empirical evaluation coupling
transformer-based active visual exploration with retina-like glimpses, mimicking a foveated sensor.

The task results and sampling-rule ablations confirm Hypothesis H1 within the evaluated settings.
I was the first and primary author of this paper. I contributed to the conception of the idea and proposed

using Shannon entropy as a measure of uncertainty, leading to the development of the AME method. I
carried out the majority of the experimental design and implementation, conducted the majority of the
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Table 2.2: Classification results. Multi-class classification accuracy on the SUN360 dataset using 8×482

retinal glimpses. Train-all trains the entire model jointly; head-only freezes the autoencoder weights and
trains only the classification head on top. Our method (AME) outperforms competitive methods in both
regimes. Reproduced from [I].

Method Accuracy (%)

AttSeg 52.6
GlAtEx (full) 56.4
GlAtEx (no decoder) 67.2
AME (ours) (head-only) 70.1
AME (ours) (train-all) 75.7

experiments presented in the paper, and contributed significantly to writing the manuscript. I also presented
the research at the International Joint Conference on Artificial Intelligence (IJCAI) 2023 in Macau. The
code, data and further visualisations are available on my website at https://io.pardyl.com/AME/.
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Chapter 3

Adaptive exploration

3.1 Research scope

The previous chapter describing AME confirmed that, in the settings evaluated, active visual exploration
(AVE) can be guided by uncertainty reduction. At each step, the agent looks at the region about which the
current model is most uncertain, using the entropy of its own internal representations. AME outperformed
prior methods that required separately trained exploration modules. However, that work inherited a
structural assumption shared by all prior methods in the field: glimpses are sampled from a fixed-scale,
grid-aligned partition of the scene. Each observation covers a predetermined rectangular region at a
predetermined resolution, and the agent’s role reduces to choosing cells of a fixed grid (see Figure 1.6).

Nevertheless, the rigid grid is not unique to active exploration. It is inherited from the underlying
vision transformer, and several lines of work have tried to relax it, each from a different angle. Hierarchical
backbones such as Swin [75] and PVT [128] extract features at several fixed resolutions internally, merging
tokens as depth increases, but the input tokenisation itself is still a single, uniform grid. FlexiViT [15]
and NaViT [28] allow a whole image to be tokenised at a different, but still uniform, patch size or aspect
ratio, and multi-grid training schedules [66, 135] vary this resolution across training iterations rather than
within a single image. However, none of these approaches let individual patches of the same image differ
in scale or be positioned off-grid, which is the capability an exploration agent would need once some
regions of a scene require a closer look than others.

Grid dependence also limits existing active-exploration policies. As described in the previous chapter
(Section 2.1) most methods use only fixed-size glimpses picked from a grid. However, a notable exception
is a family of methods that first captures a single low-resolution overview of the entire scene and then
selects a handful of fixed-scale, higher-resolution glimpses on top of it. Several methods were proposed
to solve this task by training a reinforcement-learning policy to pick glimpse locations, from the original
recurrent attention model [8] to variants specialised for pretrained hard attention [33], remote sensing
optimisation [123], and early-exiting classification [129]. Others replace the learned policy with a
differentiable saliency-based warping layer [107] or a top-down traversal of image scale-space [91]. Both
families fix the scale of every glimpse in advance and only vary its position.

This grid-based assumption does not reflect the physical reality of the platforms that motivate active
visual exploration. A simple pan-tilt-zoom (PTZ) camera can freely vary its optical zoom factor, capturing
a wide, low-resolution overview of a room or a narrow, high-resolution crop of a single object. An
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unmanned aerial vehicle (UAV) can achieve the same effect by changing altitude, and even a robot
with a fixed-focal-length camera can emulate variable scale by moving in the environment. What these
systems share is a continuous three-dimensional action space over position and scale, not a discrete set of
fixed-size grid cells.

Beyond the hardware argument, there is an intuitive, information-theoretic case for variable-scale
sampling. When an agent begins exploring an unknown scene, it may not yet know where informative
content is located. A useful first action is therefore to observe the scene at the widest possible field of view.
A single low-resolution glimpse that spans the whole scene establishes a global context – rough object
locations, dominant regions, salient colour or texture blobs. Then, the agent can identify sub-regions
that are most likely to improve its current prediction, and concentrate subsequent, higher-resolution
observations there. This coarse-to-fine strategy can reduce the number of observations needed to reach
a target accuracy because it avoids wasting high-resolution observations on uninformative background
before the agent knows where the most informative regions are. This pattern mirrors how biological visual
systems combine rapid saccades with a high-acuity fovea [25, 139]. Fixed sampling grid methods cannot
utilise this strategy because every glimpse, regardless of when it is taken in the exploration sequence,
carries the same spatial extent and the same pixel density.

This chapter addresses this discrepancy between the hardware capabilities and the assumptions
embedded in existing methods. Two research questions guide the work:

1. Can a vision transformer backbone be made elastic – robust and accurate when patches are of varying
scales and non-grid-aligned positions, rather than rigid 16× 16 tokens drawn from a fixed grid?

2. Given such an elastic backbone, can a reinforcement-learning policy discover an effective coarse-
to-fine exploration strategy that selects glimpses in the fully continuous three-dimensional space of
position and scale to achieve more efficient exploration than grid-constrained methods?

The two publications covered in this chapter answer these questions in sequence. “Beyond Grids:
Exploring Elastic Input Sampling for Vision Transformers” [II] tackles the first question. It formalises what
input elasticity means for a ViT and shows that standard architectures are fragile under the perturbations
that arise in real-world embodied scenarios. It introduces ElasticViT, a modified architecture and training
regime that substantially improves robustness, together with two adaptive patch-sampling strategies that
demonstrate how to leverage this elasticity in real tasks. “AdaGlimpse: Active Visual Exploration with
Arbitrary Glimpse Position and Scale” [III] then builds on ElasticViT to answer the second question.
It formulates glimpse selection over a continuous position-scale action space as a Markov decision
process and trains a Soft Actor-Critic agent to solve it, demonstrating state-of-the-art performance on
reconstruction, classification, and segmentation while needing to observe substantially fewer pixels than
previous methods.

3.2 Preliminaries

Before describing the two publications, we introduce three background concepts that are not covered in
the previous chapter, but are necessary to make this thesis self-contained: positional encodings in vision
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transformers (Section 3.2.1), reinforcement learning with continuous action spaces (Section 3.2.2) and
the Soft Actor-Critic algorithm (Section 3.2.3).

3.2.1 Positional encodings in vision transformers

The transformer architecture processes its input as an unordered set of tokens. The self-attention mecha-
nism is permutation-equivariant and contains no built-in notion of where a token sits in the sequence [124].
For language, positional encodings inject order information by adding a position-dependent vector to each
token embedding before the first transformer block. For images, they serve the same purpose but must
encode spatial location rather than sequence order.

The original ViT [30] uses learnable positional embeddings – a separate trainable vector is assigned
to each cell of the fixed 14 × 14 patch grid (for a 224 × 224 image with 16 × 16 patches), and these
vectors are added to the corresponding patch embeddings. The learned embeddings can capture spatial
proximity, relative distances, and even some 2D structure, but only for the specific grid size seen during
training. Applying a model with 14× 14 learned positional embeddings to a different grid size typically
requires interpolation of the embeddings, which can degrade accuracy.

An alternative used in the original Transformer [124] and adapted to images is the fixed sinusoidal
encoding. For a one-dimensional sequence position pos and embedding dimension index i, the encoding is:

PE(pos, 2i) = sin
(

pos / 100002i/d
)
,

PE(pos, 2i+1) = cos
(

pos / 100002i/d
)
, (3.1)

where d is the embedding dimensionality. For 2D images, row and column positions can be encoded
independently and concatenated (or summed). Because sinusoidal encodings are deterministic functions
of position rather than learned parameters, they generalise somewhat better to unseen sequence lengths.
A model trained on 196 tokens can be applied to more tokens by simply evaluating the same function at
new positions, without any interpolation.

Both approaches, however, share a fundamental limitation for the work presented in this chapter.
They map from a discrete, finite set of grid positions to embedding vectors. As Section 3.3 will show,
overcoming this limitation, enabling a ViT to process patches at any pixel-level position and at any scale,
requires a genuinely continuous positional encoding.

3.2.2 Reinforcement learning with continuous actions

Many sequential decision problems can be formalised as a Markov decision process (MDP) [120], a tuple
(S,A, T ,R, γ) consisting of a state space S, an action space A, a transition distribution T (s′ | s, a)

specifying the probability of reaching state s′ after taking action a in state s, a reward function R(s, a),
and a discount factor γ ∈ [0, 1]. The goal of a reinforcement learning (RL) agent is to find a policy π(a | s)

(a distribution over actions conditioned on the current state) that maximises the expected cumulative
discounted reward over timesteps t:

J(π) = Eπ

[
∞∑

t=0

γt rt

]
. (3.2)
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A central measure used during training is the action-value function (Q-function),

Qπ(s, a) = Eπ

[
∞∑

t=0

γtrt | s0 = s, a0 = a

]
, (3.3)

which estimates the expected return when starting from state s, taking action a, and then following policy
π thereafter. The Q-function satisfies the Bellman equation:

Qπ(s, a) = R(s, a) + γ Es′∼T , a′∼π

[
Qπ(s′, a′)

]
, (3.4)

which expresses the value of a state-action pair as the immediate reward plus the discounted value of all
future states. This recursive structure is the basis of most practical RL algorithms: a parameterised critic
network Qφ(s, a) is trained to satisfy Equation 3.4 by minimising the Bellman residual, and the policy is
then improved by acting greedily with respect to the current critic.

When the action space A is continuous (as it is in our case), selecting the greedy action requires
maximising Qφ(s, ·) over a continuous domain, which cannot be done by exhaustive enumeration. The
standard solution is the actor-critic architecture. A separate actor network πθ(a | s) is trained to produce
actions that maximise Qφ, while the critic Qφ is updated independently via Bellman residual minimisation.
Both networks are trained end-to-end with gradient descent.

On-policy algorithms such as REINFORCE [133], used by early recurrent attention models [81],
update the actor only from trajectories sampled under the current policy. This leads to high variance and
poor sample efficiency, particularly problematic when the reward is sparse or delayed, as in exploration
tasks where performance only improves after several observations have been made. Experience collected
under an older policy cannot be reused directly in the same on-policy update without accounting for the
changed sampling distribution.

3.2.3 Soft Actor-Critic

The Soft Actor-Critic (SAC) algorithm [45] addresses these challenges through two key ideas. First, it is
off-policy and maintains a replay buffer of past transitions (s, a, r, s′) collected under any previous version
of the policy, updating both actor and critic by sampling mini-batches from this buffer. This decouples
data collection from learning, allows each transition to be reused many times, and greatly improves sample
efficiency. Second, SAC augments the reward with an entropy bonus, replacing the standard objective
(Equation 3.2) with the maximum-entropy objective:

JSAC(π) = Eπ

[
∑

t

γt(rt + αH(π(· | st)))

]
, (3.5)

where H(π(· | st)) = −Ea∼π[logπ(a | st)] is the differential entropy of the policy at state st and
α > 0 is a temperature coefficient that balances reward maximisation against entropy maximisation.
Maximising entropy encourages the agent to maintain a diverse, spread-out distribution over actions
rather than prematurely collapsing to a single mode. The agent is therefore penalised for becoming overly
deterministic before it has sufficient evidence that one action is clearly superior, which encourages it to
explore the action space more.

In practice, the actor network πθ(a | s) outputs the parameters (mean and log-variance) of a Gaussian
distribution over actions. The continuous action a ∈ R

d is sampled from this distribution and passed
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through a tanh non-linearity to map it into a bounded action range. Actor and critic are trained alternately:
the critic minimises the soft Bellman residual against a bootstrapped target computed with a slowly
updated target network, and the actor maximises the expected soft Q-value (i.e. Q-value plus entropy
bonus) via the reparameterisation trick, which allows gradients to flow through the sampling operation.

3.3 Beyond Grids: Exploring Elastic Input Sampling for Vision Trans-
formers

3.3.1 Motivation

As described in Section 3.2.1, a standard ViT relies on learnable positional embeddings indexed by grid
position. This design choice is valid in standard benchmarks where every image is processed by the same
fixed (most commonly) 14× 14 grid of 16× 16 patches, but it creates a fundamental brittleness in any
deployment where the patch positions or sizes deviate from those seen during training. In real-world
settings, a PTZ camera may not snap to discrete zoom levels, and a UAV may fly at an altitude that does
not correspond to any training configuration. More importantly, an active vision system may benefit from
being able to select a glimpse at a position not aligned to the standard patch grid. This publication asks,
as an empirical question, how fragile standard ViTs are under such conditions, and what architectural and
training changes are needed to make them robust.

It thereby investigates Hypothesis H2: a vision transformer can be made resilient to input patches sam-
pled at varying positions and scales or providing incomplete coverage, allowing it to process observations
that do not follow a rigid grid.

3.3.2 Formalising input elasticity

50% 75% 150% 200%

Scale

12.5% 25% 37.5% 50%

Position

20% 40% 60% 80%

Missing data

Figure 3.1: Elasticity perturbations. Each row illustrates one type of perturbation applied to an example
image at increasing intensity. Scale: patches are sampled at sizes ranging from 50% to 200% of the native
16× 16 size (undersampling introduces gaps while oversampling introduces overlap). Position: patches
are displaced from their grid positions by up to 50% of the patch size (patch shake). Missing data: an
increasing fraction of patches is dropped from the input. Adapted from [II].

23



The publication introduces the concept of input elasticity as resilience to particular forms of input
data configurations that can occur in real-life applications. Three distinct types of elasticity are defined,
each corresponding to a perturbation commonly encountered in embodied AI applications and illustrated
in Figure 3.1.

Scale elasticity. This measures resilience when individual patches are sampled at a scale different from
the native 16× 16 pixel resolution. Each patch p = (x, y, s) is characterised by the pixel coordinates of
its top-left corner (x, y) and a relative scale s. The patch covers a 16s× 16s pixel region in the original
image, which is then resampled to the standard 16 × 16 input size. A scale of s = 2 means the patch
covers four times the usual area at half the resolution, whereas s = 0.5 covers one quarter the area at
twice the resolution, potentially leaving uncovered gaps between adjacent patches. This corresponds to
the zoom ability of a camera.

Positional elasticity. Also called patch shake, this measures resilience when patch positions are displaced
from the regular grid. The coordinates (x, y) of each patch are independently perturbed by an offset drawn
uniformly from [−r · q, r · q], where r is the patch size and q is the shake magnitude as a fraction of the
patch size. This simulates the non-grid-aligned sampling that arises whenever an image is captured at a
position that does not correspond exactly to a discrete training configuration, e.g. due to imperfect camera
alignment or agent drift in real space.

Missing-data elasticity. This measures resilience when a fraction d of patches are simply removed
from the input, leaving the corresponding image regions unobserved. This is the most directly relevant
perturbation for active visual exploration, where an agent has only observed a subset of the scene, or has
lost parts of it due to, e.g., occlusion or communication failure.

The three perturbations are composed into a pipeline. For image I , an initial patch set P (standard
grid, s = 1, no displacement) is processed by

P ′ = Emiss(d) ◦ Epos(q) ◦ Escale(s1,s2)(P ), (3.6)

where Escale(s1,s2) samples each patch’s scale independently from [s1, s2], Epos(q) shifts each patch’s top-left
corner by at most q patch-widths in each direction, and Emiss(d) removes a fraction d of the patches at
random. Elasticity is high if predictive performance on the perturbed set P ′ remains close to that on
the original P .

3.3.3 ElasticViT

The modifications proposed in this publication to increase input elasticity are twofold: a new continuous
positional encoding that can represent patches at any position and scale, and a change to the training
augmentation regime.

Continuous positional encoding. As established in Section 3.2.1, both learnable and standard sinusoidal
positional embeddings operate on a finite, discrete set of grid positions. Hence, they cannot represent
a patch sampled at an arbitrary pixel-level position or at a variable scale. Our publication addresses
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Figure 3.2: PatchMix. Unlike CutMix, which replaces a rectangular region of one image with another,
PatchMix operates on individually sampled patches and mixes them at the token level. Unlike TokenMix, it
does not assume grid-aligned patches, making it compatible with elastic sampling. Reproduced from [II].

this by replacing the learnable embeddings of standard ViT with a deterministic four-dimensional sine-
cosine encoding. Each patch p is characterised by the pixel coordinates of its upper-left corner (x, y)
and its relative scale s (where s = 1 corresponds to the native 16 × 16 patch size). The lower-right
corner of the patch is then at (x + 16s, y + 16s), and the full spatial extent of p is described by the
four scalar values (x, y, x+ 16s, y + 16s). Each of these four values is encoded independently with a
1D sine-cosine encoding (Equation 3.1), and the resulting vectors are concatenated to form the patch’s
positional embedding:

PE(p) =
[
pe(x) ‖ pe(y) ‖ pe(x+ 16s) ‖ pe(y + 16s)

]
, (3.7)

where pe(·) is the 1D sine-cosine encoding and ‖ denotes vector concatenation. Because this function is
defined over the reals, it generalises without modification to any position-scale combination at inference,
including configurations never seen during training. The ViT input is also modified accordingly. Instead
of a full rasterised image, the model receives a list of cropped patches together with their corresponding
coordinate tuples, which are fed into the positional encoding rather than looked up in a table.
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Figure 3.3: Elasticity under isolated perturbations (ImageNet-1k top-1 accuracy). (a) Scale elastic-
ity: all baselines degrade sharply when patches deviate from scale 1, while our ElasticViT maintains
near-constant accuracy across the measured spectrum and outperforms all baselines at extreme scales.
(b) Missing-data elasticity: ElasticViT surpasses MAE from 70% dropout onward, despite never being
trained with patch dropout. (c) Positional elasticity: ElasticViT is nearly immune to patch shake and
outperforms all but MAE at the largest perturbations. Adapted from [II].

Elastic training augmentations. The baseline training regime follows DeiT III [121]. To this, the
publication adds the elasticity functions as augmentations during training. Patch sizes are drawn uniformly
between 16× 16 and 48× 48 pixels, resampled to the 16× 16 token size, and patch positions are sampled
uniformly throughout the image. This forces the model to generalise across a wide distribution of patch
configurations, rather than overfitting to the regular grid it would otherwise always see.

PatchMix augmentation. The standard CutMix augmentation, which mixes two images by replacing
a rectangular region of one image with the corresponding region from another, is incompatible with
variable-scale patch sampling. The mixing ratios used to blend the class labels assume a fixed spatial layout
that no longer holds when patches can overlap or leave gaps. The publication introduces PatchMix, an
alternative that performs mixing at the level of individual patches after sampling. Patches from two images
are randomly interleaved in the token sequence, and the label blending ratio is computed from the actual
proportion of patches drawn from each image. Unlike the previously proposed TokenMix [70], PatchMix
does not assume grid-aligned sampling and is therefore fully compatible with the elastic augmentation
regime (see Figure 3.2).

3.3.4 Experimental results

Elasticity evaluation. Figure 3.3 shows the three single-perturbation elasticity curves, comparing our
ElasticViT against ViT, MAE, Swin-B, and PVT-v2-B5, all of comparable size and trained on ImageNet-1k.

Under standard conditions (centre of each curve, scale 1, no dropout, no shake), ElasticViT trails ViT
by ≈1.8 pp. However, as perturbation intensity increases, the gap reverses and widens considerably. At
2× scale, ElasticViT outperforms ViT by ≈3.7 pp and at 80% missing data, it outperforms MAE (the
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Input CENTRAL

EDGE

Figure 3.4: Adaptive sampling strategies. CENTRAL iteratively subdivides patches closest to the
image centre into four smaller ones, producing higher resolution in the foveal region (analogous to retinal
sampling). EDGE uses a Canny edge detector [19] to concentrate small patches on high-frequency regions.
Reproduced from [II].

strongest baseline in that regime) by ≈1.7 pp. When perturbations are combined, the advantage grows
even further: under simultaneous scale and position perturbation at their maxima, ElasticViT leads ViT
by nearly 20 percentage points. Standard ViTs, in effect, overfit to the specific grid configuration used
during training, while our ElasticViT trades a small amount of peak accuracy on that configuration for
robustness across the whole spectrum of input perturbations.

Adaptive sampling. To test the usefulness of ElasticViT for visual exploration problems, the publication
proposes two simple, non-learnable baseline sampling strategies: CENTRAL (retina-like sampling) and
EDGE (edge-detection-based sampling), illustrated in Figure 3.4. Figure 3.5 shows their effect on accuracy
as a function of the number of input patches.

At 16 input patches (a severely limited observation budget directly analogous to the earliest stages of
active visual exploration), EDGE sampling with ElasticViT achieves 52.6%, compared to 40.6% for the
same model on a standard grid and only 19.8% for rigid ViT on a grid. The rigid ViT does not benefit
from CENTRAL sampling in this low-patch regime, because its learnable positional embeddings cannot
generalise to the non-grid-aligned positions CENTRAL produces. ElasticViT, by contrast, handles these
positions natively through its continuous positional encoding.

Further experimental results are presented in the original paper [II].

3.3.5 Contributions

The publication “Beyond Grids: Exploring Elastic Input Sampling for Vision Transformers” [II] makes
the following contributions to the field:

• It formalises the notion of input elasticity for vision transformers across three dimensions (scale,
position, and missing data) and introduces an evaluation protocol that enables direct comparison of
models on each dimension and demonstrates empirically that standard ViTs are fragile under these
perturbations, with accuracy dropping sharply even for moderate scale or dropout levels.
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Figure 3.5: Adaptive sampling strategies vs. standard grid (ImageNet-1k accuracy). At 16 patches,
ElasticViT with EDGE sampling achieves 52.6%, versus 40.6% for ElasticViT on a grid (+12 pp) and
19.8% for ViT on a grid (+32 pp). The rigid ViT does not benefit from CENTRAL sampling because it
cannot interpret non-grid patch positions. Adapted from [II].

• It proposes ElasticViT, combining a continuous four-dimensional positional encoding (replacing
learnable embeddings) with elastic training augmentations and the new PatchMix augmentation.
ElasticViT achieves near-constant accuracy across the full range of scale and position perturbations,
and surpasses MAE on missing-data resilience despite never being trained with patch dropout.

• It introduces the CENTRAL and EDGE adaptive patch sampling baseline strategies, and shows
that these strategies provide large accuracy gains at low patch counts (up to +32 pp over rigid ViT
at 16 patches) only when combined with an elastic backbone.

The robustness of ElasticViT across the three evaluated perturbation types, together with its gains
from adaptive sampling at low patch counts, confirms Hypothesis H2 within the evaluated settings.

I was the first and primary author of this paper. I contributed to the conception of the idea and designed
the training regime, positional encoding, and augmentation strategy. I carried out the majority of the
experimental design and implementation, conducted the majority of the experiments presented in the paper,
and contributed significantly to writing the manuscript. I also presented the research at the IEEE/CVF
Winter Conference on Applications of Computer Vision (WACV) 2025 in Tucson, Arizona, USA. The
code and data are available on my GitHub at https://github.com/apardyl/beyondgrids.

3.4 AdaGlimpse: Active Visual Exploration with Arbitrary Glimpse Posi-
tion and Scale

3.4.1 Motivation

Beyond Grids (Section 3.3) showed that a ViT can be made elastic enough to accept patches of any
position and scale without significant accuracy loss, and that adaptive non-uniform sampling provides a
measurable performance advantage at low patch budgets even with simple heuristic sampling strategies.
The next step is to replace these hand-designed heuristics with a learned policy that, at each exploration

28

https://github.com/apardyl/beyondgrids


step, observes the partial information accumulated so far and selects the position and scale of the next
glimpse so as to maximise task performance.

As reviewed in Section 3.1, prior AVE methods, whether they pick glimpses directly from a full-scene
grid or refine a low-resolution overview with fixed-scale crops, are constrained to discrete, grid-aligned
action spaces and cannot exploit variable-scale observations even on hardware that natively supports zoom.
AdaGlimpse bridges this gap by formulating glimpse selection over a fully continuous three-dimensional
action space of position and scale, and training a Soft Actor-Critic agent [45] to navigate it.

It thereby investigates Hypothesis H3: an agent can learn to select both the position and scale of each
observation in a continuous space, discovering an efficient coarse-to-fine exploration strategy that reduces
the number of pixels it needs to observe.

3.4.2 Adaptive glimpse sampling

Glimpse parameterisation. Let X be the scene to be explored, represented as a rectangle. A glimpse G
is a square region ofX captured by a camera with a fixed sensor resolution of dcam×dcam pixels. A glimpse
is specified by its normalised top-left coordinates (x, y) and its scale z = (d−dmin)/(dmax−dmin), where
d is the physical size of the glimpse in the scene, and dmin, dmax are the minimum and maximum camera
field of view. Intuitively, scale z = 0 corresponds to maximum camera zoom (smallest, highest-detail
glimpse) and z = 1 to the widest possible view (full-scene overview at lowest detail level). Glimpse
coordinates C = (x, y, z) ∈ [0, 1]3 form the continuous action space.

Exploration as a Markov decision process (MDP). The exploration process unfolds over at most T
steps. At step t, the agent captures glimpse Gt at coordinates Ct selected by the policy, yielding a dcam ×

dcam image patch (simulated by cropping from a high-resolution image and rescaling). The agent maintains
a growing sequence of observed patches G1, . . . , Gt and their coordinates C1, . . . , Ct. Exploration
terminates when either the maximum step count is reached or a task-specific confidence threshold is
exceeded (early stopping). Figure 3.6 illustrates the resulting coarse-to-fine exploration behaviour.

3.4.3 AdaGlimpse

AdaGlimpse consists of two interacting components: a vision transformer backbone that processes the
accumulated glimpses and produces both task predictions and representations for the RL agent, and a Soft
Actor-Critic policy that selects the next glimpse coordinates. The overall design is shown in Figure 3.7.

Glimpse encoder. The encoder is a ViT-B (12 transformer blocks and embedding size 768) with the
ElasticViT positional encoding from Section 3.3: each patch is positioned using the four-dimensional
continuous sine-cosine encoding of its corner coordinates (Equation 3.7). At step t, the encoder re-
ceives all patches from glimpses G1, . . . , Gt−1 and their coordinates, concatenated into sequences Ĝt

and Ĉt. Additionally, the encoder computes an attention-rollout importance score for each patch [2],
forming a sequence Ît. The transformer blocks produce a sequence of latent tokens Ĥt (one per patch)
plus a class token.
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Figure 3.6: AdaGlimpse in action. The agent first captures a wide, low-resolution view of the entire
scene (scale ≈ 1). Since no confident prediction can be made from this overview alone, it selects a second,
smaller glimpse at a higher zoom level focusing on the most informative region. This coarse-to-fine
process continues until a class probability exceeds a confidence threshold. Reproduced from [III].

Task-specific decoder. For classification, a linear layer acting on the class token suffices. For dense
prediction tasks (reconstruction and segmentation) a MAE-style decoder of 8 transformer blocks (embed-
ding size 512) is used. Unlike standard MAE, which inserts mask tokens only for the unobserved image
regions, AdaGlimpse inserts mask tokens for all grid positions in the output. This is necessary because
variable-scale glimpses can overlap, meaning no fixed partition of “seen” and “unseen” regions exists.
Any output pixel may have been observed by multiple glimpses at different resolutions, and the decoder
must reconcile these into a coherent full-image prediction.

Training objectives. The backbone is optimised on the task loss computed at the final step t = T only
(not at intermediate steps). For reconstruction, the loss is RMSE. For classification and segmentation,
knowledge distillation against a teacher model (DeiT ViT for classification and DeepLabV3/ResNet-101
for segmentation) is used via KL divergence. This matches the training setup of STAM [106] and enables
a fair comparison.

State, action, and reward. The RL agent’s state at step t is the tuple st = (Ĝt, Ĉt, Ît, Ĥt): the raw
patches, their coordinates, their importance scores, and their backbone latent representations. The action
is at = (x, y, z) ∈ [0, 1]3, the continuous coordinates of the next glimpse. The reward is defined as the
improvement in the task loss: rt = Lt−1 − Lt, where Lt is the task loss at step t. This direct signal
encourages the agent to select glimpses that maximally reduce the residual task error.

RL agent. The agent uses Soft Actor-Critic with separate actor and critic networks. Each component of
the state receives its own encoder: a small CNN for the raw patches Ĝt, and small MLPs for the coordinate,
importance, and latent sequences Ĉt, Ît, Ĥt. The four resulting per-patch embeddings are concatenated
and aggregated across patches via an attention-pooling layer [50]. The resulting fixed-size vector is passed
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Figure 3.7: Architecture. AdaGlimpse combines an ElasticViT encoder with a task-specific decoder (top)
and a Soft Actor-Critic RL agent (bottom). At each step, the RL agent selects the position and scale of the
next glimpse using the previously observed patches, their coordinates, importance scores, and encoder
latent representations. Reproduced from [III].
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Figure 3.8: RL agent. The actor selects the next glimpse position and scale (x, y, z) from state st =

(Ĝt, Ĉt, Ît, Ĥt), while the critic estimates the expected cumulative reward Q(st, at) for that action. Actor
and critic share the same input encoding architecture but have separate parameters. Reproduced from [III].

through a final MLP to produce either the action distribution (actor) or the Q-value estimate (critic).
The maximum-entropy SAC objective (Equation 3.5) prevents premature convergence to a deterministic
greedy policy and encourages the agent to explore diverse glimpse sequences during training. Figure 3.8
shows the RL module.

Training schedule. Pretraining consists of 600 epochs with 196 random glimpses per image sampled
from a uniform position-scale distribution. Then, the model is trained for 100 epochs with early stopping:
for the first 30 epochs, only the RL agent is updated (allowing it to learn an initial policy), while from
epoch 31 onward, backbone and RL agent are optimised in alternating epochs.

3.4.4 Experimental results

Reconstruction. Table 3.1 compares AdaGlimpse with AME [I], AttSeg [114], GlAtEx [115], and
SimGlim [52] on image reconstruction (RMSE, lower is better) across four datasets (ImageNet-1k,
SUN360 [137], ADE20K [142], and MS COCO [68]) at three pixel budgets. A notable property of
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Table 3.1: Reconstruction results. RMSE (lower is better) for AdaGlimpse against baselines across
four datasets at three pixel budgets. Pixel % denotes the fraction of scene pixels seen by the model.
†: reproduced result not published in the relevant paper. *: zero-shot performance (trained on ImageNet-
1k only). AdaGlimpse outperforms all baselines at every pixel budget. Adapted from [III].

Method IMNET SUN360 ADE20K COCO Image res. Glimpses Regime Pixel %

AME 30.3† 29.8 30.8 32.5 128× 256 8× 322 simple 25.00
AdaGlimpse (ours) 14.5 11.1* 14.0* 14.5* 224× 224 12× 322 adaptive 24.49

AttSeg – 37.6 36.6 41.8 128× 256 8× 482 retinal 18.75
GlAtEx – 33.8 41.9 40.3 128× 256 8× 482 retinal 18.75
AME – 23.6 23.8 25.2 128× 256 8× 482 retinal 18.75
SimGlim – 26.2 27.2 29.8 224× 224 37× 162 simple 18.75
AME – 23.4 26.2 28.6 224× 224 37× 162 simple 18.75
AdaGlimpse (ours) 14.7 11.1* 14.2* 14.7* 224× 224 9× 322 adaptive 18.36

AME – 37.9 40.7 43.2 128× 256 8× 162 simple 6.25
AdaGlimpse (ours) 20.9 17.6* 20.5* 21.5* 224× 224 12× 162 adaptive 6.12

AdaGlimpse is that it is trained on ImageNet-1k only. The SUN360, ADE20K, and COCO results
represent zero-shot transfer without any per-dataset fine-tuning.

At the ≈6% pixel budget, AdaGlimpse achieves a lower RMSE (17.6–21.5 across datasets) than
AME does at ≈18% pixels (23.4–28.6). The coarse-to-fine strategy allows the model to first establish a
global scene context with a single wide glimpse and then concentrate remaining observations on the most
informative regions, which is impossible with a fixed-scale policy.
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Figure 3.9: Pixel % vs. performance. Left: SUN360 reconstruction RMSE (lower is better) as a function
of the fraction of pixels observed. AdaGlimpse surpasses all baselines at any pixel budget and achieves
better reconstruction with 5% of pixels than AME achieves with 25%. Right: ImageNet-1k classification
accuracy. AdaGlimpse exceeds STAM at every budget, and the early-stopping variant matches STAM’s
accuracy using ∼40% fewer pixels. Adapted from [III].
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Table 3.2: Classification results. Top-1 accuracy on ImageNet-1k. AdaGlimpse achieves the best
accuracy at the same pixel budget as STAM (28.57%), and with early stopping at 85% confidence, reaches
STAM-level accuracy using ∼40% fewer pixels. Adapted from [III].

Method Accuracy % Glimpses Regime Pixel %

DRAM 67.50 8× 772 full+simple 94.53
GFNet 75.93 5× 962 full+simple 91.84
Saccader 70.31 6× 772 full+simple 70.90
TNet 74.62 6× 772 full+simple 70.90
STN 71.40 9× 562 full+simple 56.25
PatchDrop 76.00 ∼ 8.9× 562 full+simple+stopping ∼55.63
STAM 76.13 14× 322 simple 28.57
AdaGlimpse (ours) 77.54 14× 322 adaptive 28.57
AdaGlimpse (ours) 76.30 ∼ 8.3× 322 adaptive+stopping ∼16.94

Classification. Table 3.2 shows classification results on ImageNet-1k against a broad set of base-
lines including methods that take a low-resolution overview plus fixed-scale glimpses (DRAM [8],
GFNet [129], Saccader [33], TNet [91], STN [107], and PatchDrop [123]) and the state-of-the-art grid-
based method STAM [106].

Pixel efficiency. Figure 3.9 shows the relationship between the fraction of image pixels observed and
task performance, sweeping over the number of glimpses. AdaGlimpse consistently outperforms baselines
across the full pixel-budget spectrum. In reconstruction, it achieves lower error with 5% of pixels than
competing methods achieve with 25%.

Qualitative analysis. Figure 3.10 shows two representative classification sequences. The policy takes
an initial wide-field glimpse, then progressively zooms in on discriminative regions, and halts as soon as
the confidence threshold is exceeded, illustrating the coarse-to-fine strategy emerging from the learned
policy without any explicit inductive bias towards it.

Further experimental results are presented in the original paper [III].

3.4.5 Contributions

The publication “AdaGlimpse: Active Visual Exploration with Arbitrary Glimpse Position and Scale” [III]
makes the following contributions to the field of active visual exploration:

• It introduces AdaGlimpse, a novel AVE method that selects glimpses in a fully continuous three-
dimensional position-scale action space, overcoming the grid constraint shared by prior approaches.
AdaGlimpse is able to learn a coarse-to-fine exploration strategy without any explicit inductive
bias towards it.
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Figure 3.10: Glimpse selection step-by-step. AdaGlimpse explores 224× 224 ImageNet images using
32×32 glimpses of variable scale, stopping once the predicted probability exceeds 75% (a lower threshold
than the 85% used for the quantitative results in Table 3.2, chosen here to keep the illustrated episodes
short). The vertical bar separates two independent examples. Row A: glimpse locations overlaid on the
original image. Row B: pixels visible to the model (interpolated for display). Row C: current predicted
label. Row D: prediction confidence (green = correct and above threshold). Reproduced from [III].

• It formulates AVE as a Markov decision process with a four-component state space (Ĝt, Ĉt, Ît, Ĥt)

and trains an exploration policy with the Soft Actor-Critic algorithm, whose maximum-entropy
objective encourages diverse, exploratory policies. The policy operates on a single task-agnostic
transformer backbone, in which only the decoder head changes between reconstruction, classification,
and segmentation.

• It demonstrates state-of-the-art performance across three visual tasks and four datasets. In recon-
struction, AdaGlimpse achieves better results with 6% of pixels than competing methods achieve
with 18%. In classification, it surpasses the best prior method (STAM) in absolute accuracy and can
match STAM’s accuracy using 40% fewer pixels with early stopping. In segmentation, it matches
AME while observing 35% fewer pixels.

The learned coarse-to-fine behaviour and the improvements in pixel efficiency across reconstruction,
classification, and segmentation confirm Hypothesis H3 within the evaluated settings.

I was the first and primary author of this paper. I contributed to the conception of the idea and
proposed the reinforcement learning formulation, including the state and action spaces and reward
function, as well as the agent architecture. I carried out the majority of the experimental design and
implementation, conducted roughly half of the experiments presented in the paper, and contributed
significantly to writing the manuscript. I also presented the research at the European Conference on
Computer Vision (ECCV) 2024 in Milan, Italy. The code, data and further visualisations are available on
my website at https://io.pardyl.com/AdaGlimpse/.

34

https://io.pardyl.com/AdaGlimpse/


Chapter 4

Open-world exploration

4.1 Research scope

Chapter 3 demonstrated that, in the evaluated settings, a learned policy can perform efficient active visual
exploration in a fully continuous observation space. AdaGlimpse, built on the ElasticViT backbone,
enables an agent to direct its attention anywhere in a scene at any resolution, and through reinforcement
learning it discovers coarse-to-fine strategies that maximise information gain for a specified number of
observed pixels. Yet the same geometrical assumption runs through all three preceding publications –
each scene is bounded and visible from a single position. The agent’s task is to decide where to look
within it. The entire environment is, in principle, reachable without physical relocation.

Real-world embodied agents rarely operate under these conditions. A UAV conducting a search-
and-rescue mission over a forest, a robot looking for a misplaced item in a large warehouse, and a rover
mapping unfamiliar terrain all share a challenge that is qualitatively different from glimpse selection. The
target may not be within the current field of view at all, and acquiring a new observation requires physical
movement through three-dimensional space. The agent therefore must form and execute a search strategy
in a world that extends well beyond what it can sense from any single position, while each movement
consumes time and energy that cannot be recovered.

Vision-language models (VLMs) are a natural candidate for meeting this challenge. Pretrained on
internet-scale image-text corpora, they encode broad world knowledge. This also includes human-intuitive
knowledge such as where objects tend to occur and what visual cues to look for. Therefore, they are
increasingly deployed as the reasoning core of general-purpose embodied and agentic systems [16, 85],
without requiring the task-specific training that a dedicated navigation policy would need.

Existing evaluation practice does not fully answer the question of whether today’s models are equipped
for this kind of search. Most published assessments of VLMs rely on static benchmarks, such as single-
image visual question answering (VQA) or visual entailment tasks, that never require the model to decide
what to observe next [43, 74]. The comparatively few interactive benchmarks that place a model in a
control loop tend to focus on game-like environments or instruction-following in indoor simulators, where
the state space is small and strong structural cues are available [72, 90]. The object-goal navigation
task offers a closer analogue, but the field’s dominant indoor simulators were designed to evaluate
purpose-built navigation agents rather than general-purpose foundation models. Their structured, room-
bounded layouts reward methods that build an explicit floor map rather than genuinely exploring unknown
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spaces [54, 111, 136]. On the other side, the handful of outdoor aerial navigation environments that
exist, such as OUTDOOR [138], restrict the agent to two-dimensional horizontal movement, omitting the
altitude dimension that, similarly to the coarse-to-fine exploration problem studied in Chapter 3, is central
to the search problems with which this chapter is concerned.

This chapter takes a step back and asks a core question: do the models evaluated in the publication
possess the capabilities required for this kind of open-world, goal-directed visual search? The publication
presented in this chapter, “FlySearch: Exploring how vision-language models explore” [IV], describes
a benchmark rather than a method. It presents a realistic evaluation environment with a structured set
of challenges that make the question concrete and measurable, demonstrating that even the strongest
proprietary models remain well below human performance, with the gap widening as tasks demand longer,
more consistent exploration.

4.2 Preliminaries

Before describing the publication, for completeness, we introduce four background concepts not addressed
in previous chapters: vision-language models (Section 4.2.1), Group Relative Policy Optimisation (Sec-
tion 4.2.2), the object-goal navigation task that FlySearch is based on (Section 4.2.3), and the sensing
properties of UAVs that shape the search problem (Section 4.2.4).

4.2.1 Vision-language models

Vision-language models (VLMs; often called MLLMs or multimodal large language models) are neural
networks trained to reason over joint visual and textual inputs. The field is young and the space of
architectures is still being actively explored. Alternatives to the standard transformer language backbone
exist, including ones built on Mamba state-space models [99] or on diffusion rather than autoregressive
decoding [140]. A full survey of these architectural choices is beyond the scope of this section. The
distinction most relevant to this chapter is not the backbone itself but when multimodal data enters
the language backbone’s training. Under the text-first, then aligned recipe, a language model and an
image encoder are pretrained independently and only brought together afterwards, connected by a learned
module and jointly fine-tuned to align the two modalities. Under the jointly pretrained recipe, the language
backbone itself is trained on multimodal data from the very start of its own pretraining, rather than being
retrofitted after the fact.

Models following the text-first, then aligned recipe are the historically dominant choice in practice.
A vision transformer (ViT) [30], typically pretrained with a contrastive image-text objective such as
CLIP [101], encodes the input image into a sequence of visual tokens. A separate connector module then
maps these tokens into the embedding space of a large language model separately pretrained on text data.
The visual tokens are concatenated or interleaved with text tokens. The complexity of this connector
varies widely across models. LLaVA [69] uses the simplest form – a single linear projection bridging a
frozen CLIP encoder to a pretrained Vicuna language model, with only the projector trained during an
initial alignment stage. Qwen2.5-VL and Qwen3-VL [9, 10] push the same paradigm further. The vision
encoder natively supports variable input resolutions rather than resizing to a fixed size, an MLP merger
performs the projection, and a rotary positional scheme (M-RoPE) [126] encodes the joint spatial and
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temporal structure of the visual tokens. The latest generation additionally injects visual features from
multiple layers of the vision encoder into corresponding layers of the language model, rather than only at
the input. These designs reuse a pretrained language backbone and vision encoder. Multimodal alignment
can update the connector and vision encoder while the language model is frozen. Moreover, during later
fine-tuning stages, all components can be trained jointly.

Models following the jointly pretrained recipe are comparatively rare among openly documented
systems, since assembling a large multimodal pretraining corpus from the outset is a substantially larger
undertaking than reusing an existing text-only checkpoint. Gemini [40] is a documented example. It is
described as natively multimodal, trained jointly across interleaved text, image, audio, and video data
from the beginning of pretraining, rather than adapted from a text-only model afterwards. The recipe is a
property of how a specific model was trained rather than a fixed trait of the organisation or model family
behind it. Whereas Qwen2.5-VL and Qwen3-VL, described above, are built by bridging a pre-existing
text-only Qwen checkpoint to a vision encoder, their successor Qwen3.5 [100] instead trains its language
backbone from scratch on text, image, and video data simultaneously. Because multimodal data shapes
the language backbone’s representations throughout pretraining rather than only during a later alignment
stage, this recipe can shape language representations around multimodal tasks from the start.

In all the autoregressive VLMs considered here, once visual and textual information share a single
token sequence, the decoder attends over it and generates output text (one token at a time). Modern VLMs
extend this basic mechanism to multi-turn conversations containing multiple images, maintaining a record
of all past visual and textual context in their context window and generating responses that draw on the
full history of what has been seen and said [67]. Because these models can generate text, no trained
task-specific head is required for issuing action commands. Any structured command an application calls
for, such as a navigation instruction, can be generated directly as text and parsed downstream.

A further post-training stage, applied regardless of pretraining paradigm, is what turns a raw next-
token predictor into a model that reliably follows instructions rather than merely continuing text. The
standard recipe begins with supervised fine-tuning on curated instruction-response pairs, followed by
a preference-based stage that further shapes behaviour using feedback on candidate outputs [24]. Re-
inforcement Learning from Human Feedback (RLHF) [89] trains a reward model on (usually human)
judgements between pairs of candidate responses and then optimises the policy against it. Direct Pref-
erence Optimisation (DPO) [102] reformulates this same objective as a closed-form classification loss
over preference pairs, letting a model be tuned directly on pair-wise preferences instead. An alternative
recipe, Reinforcement Learning with Verifiable Rewards (RLVR) [57, 117], replaces pair-wise preference
input with a directly computable, rule-based reward for tasks with a checkable outcome, such as a correct
answer or a successfully completed action. Section 4.2.2 describes Group Relative Policy Optimisation,
the RLVR algorithm used in the presented publication to fine-tune a VLM for exploration.

4.2.2 Group Relative Policy Optimisation

Standard actor-critic policy-gradient methods for language models, such as Proximal Policy Optimisation
(PPO) [112], estimate the advantage of a sampled action relative to a learned value baseline produced
by a separate critic network (Section 3.2.2). For a large language or vision-language policy, this critic
is typically a network of comparable size to the actor itself, which roughly doubles the memory and
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compute required for training and adds a second model that must itself be kept accurate throughout
training. Group Relative Policy Optimisation (GRPO) [117] removes this requirement by leveraging the
generative property of LLMs, estimating the baseline empirically from a group of samples drawn for the
same prompt or state, rather than learning it.

Given a state (prompt) q, the current policy πθold samples a group of G candidate outputs {o1, . . . , oG},
each scored by a reward function to produce {r1, . . . , rG}. Each sample’s advantage is then computed by
normalising its reward against the group’s own statistics, rather than against a separately learned baseline:

Âi =
ri − mean({r1, . . . , rG})

std({r1, . . . , rG})
. (4.1)

For a group with zero reward variance, the normalised advantage is set to zero to avoid division by
zero. Samples that score above the group average receive a positive advantage and have their probability
increased; samples that score below it receive a negative advantage and have their probability decreased.
The policy is updated using a clipped surrogate objective, following PPO, which discourages large changes
in sampled-action probability ratios between πθ and πθold , together with a KL-divergence penalty that
further regularises πθ towards a fixed reference policy (typically the model before RL fine-tuning began),
reducing the risk of drifting towards degenerate outputs that exploit the reward.

In practice, each group member oi corresponds to a complete rollout – a full generated response for a
single-turn language task, or, in a sequential decision setting, an entire multi-step conversation/trajectory.
Because the advantage is computed empirically within each group, no critic network is trained at all, and
the only network updated during training is the policy itself.

4.2.3 Object-goal navigation

Object-goal navigation (ObjectNav) [14] is a task in which an embodied agent, starting from a random
initial position in a simulated environment, must navigate to an instance of a specified object. The agent
receives egocentric visual observations and a goal specification (a category label or more recently a
natural-language description), and must issue movement commands until it is sufficiently close to the
target, at which point it signals success with a STOP or FOUND action. The task is different from passive
visual search because the agent must actively move through the environment to acquire new observations,
making decisions about where to go next based on incomplete, egocentric information.

The dominant simulators for ObjectNav (Habitat-Sim [111], AI2-THOR [54], and Gibson [136]) are
almost exclusively indoor. These environments feature relatively small, structured layouts bounded by
rooms and corridors, where the total navigable area is limited and explicit floor plans can be constructed
and used to guide search. Language-conditioned ObjectNav [39, 77] extends the standard formulation
by replacing discrete category labels with free-form natural language descriptions, requiring the agent
to reason about object identity without a pre-defined vocabulary of targets. This is necessary for any
deployment in which the set of possible objects is not known at design time. FlySearch builds on this
language-conditioned formulation, but moves it out of the small, structured indoor environments described
above and into the large, unstructured outdoor setting.
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4.2.4 Aerial visual search

Unmanned aerial vehicles (UAVs) offer a distinctive sensing modality. By controlling altitude, the UAV
agent controls the trade-off between field of view and spatial detail. At high altitude, the camera captures a
large ground area in a single image but at low resolution, making it possible to survey a wide area quickly
at the cost of fine detail. At low altitude, the field of view narrows but small or visually ambiguous targets
become identifiable. An effective search strategy needs to manage this trade-off dynamically, flying high
to establish a broad situational picture and descending to confirm candidate locations.

This dynamic has a structural parallel to the coarse-to-fine exploration studied in Chapter 3, where the
agent controlled the scale of its glimpses to alternate between wide-context overviews and high-resolution
inspections of specific regions. In the UAV setting, however, scale variation is achieved through physical
movement rather than optical zoom. The agent must fly to a different altitude to change its effective
resolution, which introduces additional complexity. Changing altitude takes steps, and descending to
obtain detail over one region means sacrificing coverage of other regions. A rational search strategy must
therefore reason about when the evidence gathered at high altitude is sufficient to justify the cost of a
closer inspection, and when it is more valuable to survey from above.

The 3D action space means that the challenge is as much conceptual as computational. The agent
must form and maintain a mental model of what has been explored at which altitude and what regions
remain uncertain. Whether VLMs, whose architectures and training objectives were not designed with
this kind of spatial bookkeeping in mind, can perform these computations effectively is a central empirical
question addressed by FlySearch.

4.3 FlySearch: Exploring how vision-language models explore

4.3.1 Motivation

Despite the rapid development of vision-language models as zero-shot tools across a wide range of
perception and reasoning tasks, their ability to perform goal-directed exploration in open three-dimensional
environments has received little systematic attention. As discussed in Section 4.1, static benchmarks
do not require active observation selection, while interactive benchmarks typically focus on games or
structured indoor environments. Even outdoor aerial navigation benchmarks such as OUTDOOR restrict
movement to the horizontal plane, excluding altitude changes that are essential to coarse-to-fine search.
FlySearch addresses these gaps directly – it provides a simulated photorealistic outdoor environment with
a three-dimensional action space, a zero-shot language-conditioned search task, and a suite of standardised
challenges that isolate distinct aspects of exploration capability. By evaluating VLMs directly rather than as
components within a larger navigation system, FlySearch measures their exploration capability in isolation.

The evaluation investigates Hypothesis H4: current vision-language models can perform short-horizon
visual navigation, but cannot reliably form and execute consistent multi-step search strategies in large,
open, three-dimensional environments.
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Prompt: Navigate UAV to locate orange car.

Reasoning: I see a road, the car could be there. Need to follow it.
Action: MOVE 10 m north, 5 m down.

Reasoning: Two orange objects visible. Check the first one.
Action: MOVE 5 m east, 20 m down.

Reasoning: Not a car. Check the second object.
Action: MOVE 10 m west, 5 m down.

Reasoning: I'm positioned directly over an orange car.
Action: FOUND.

1

2
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Figure 4.1: FlySearch evaluates exploration capabilities of vision-language models in a realistic outdoor
setting. The agent controls a UAV by observing images captured from successive positions and providing
text commands describing the next movement. To complete each scenario, the model must locate an
object specified in natural language and signal success with a FOUND command. Reproduced from [IV].

4.3.2 Benchmark design

Task formulation. In FlySearch, the agent controls a simulated multirotor UAV equipped with a
downward-facing camera. The UAV serves as a proxy for evaluation of spatial exploration capability,
rather than low-level control of a physical robot, and is therefore controllable with high-level relative
movement commands, resembling autopilot inputs. The agent is tasked with finding a target object
described in natural language or with a visual example. The interaction follows a fixed protocol designed
to be equally natural for human testers and VLMs, outlined in Figure 4.1.

At the start of each episode, the model receives a starting prompt that contains a brief textual description
of the object to be located (e.g. a red pickup truck) and in some cases a visual example of the target
object. The starting prompt also specifies the communication format, and an instruction that the model
may preface each response with a chain of reasoning before issuing its action. This allows the model to
“think aloud” before committing to a movement [130].

At each subsequent step, the agent receives an observation consisting of a 500 × 500 pixel RGB
image from the UAV camera, overlaid with a coordinate grid [63] to help the model judge distances and
directions, together with the current altitude above the ground.

The agent responds with an action: a text command <action>(X, Y, Z)</action> specifying
a relative displacement in metres in the three spatial directions, or the terminal command FOUND when
it believes the target is in view. Low-level flight control (collision avoidance, trajectory execution) is
handled by a simulated autopilot layer, so the model focuses entirely on exploration decisions.

An episode is considered successful if, at the moment the agent signals FOUND, the object’s centre
point lies within the camera’s field of view and the agent is at most 10m above the object’s highest point.
This metric, adapted from the standard ObjectNav criterion [14], requires the agent to be close enough for
meaningful visual confirmation rather than merely in the neighbourhood of the target.
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(Unreal Engine 5)

Evaluation
controller

Vision-language
model

Configure
scenarioReset env.

Next action

Camera view + collision info

Reasoning + next action

Instruction prompt
+ previous conversation
+ current camera view
+ current agent status

Scenario generator

ResultsStart

Figure 4.2: Evaluation pipeline. FlySearch consists of three main components: the Unreal Engine 5
simulator that renders near-photorealistic views of the open-world map, the evaluation controller that
manages communication between the VLM and the simulator, and the scenario generator that procedurally
creates new evaluation scenarios. Reproduced from [IV].

Evaluation pipeline. The FlySearch system, shown in Figure 4.2, consists of three main components: a
simulator, an evaluation controller, and a scenario generator. The simulator is built on Unreal Engine
5 [36], which provides near-photorealistic graphics through real-time ray tracing and dynamic global
illumination. Large, open-world maps are supported natively, and the procedural content generation
system can place tens of thousands of object meshes in seconds at runtime, enabling an unlimited number
of distinct evaluation scenarios. The evaluation controller is implemented in Python and handles the
full lifecycle of the benchmarking process: managing the communication between the simulator and the
VLM under test, enforcing episode termination conditions, and computing performance metrics. The
controller supports a wide range of VLMs through a simple adapter interface, and additional models can
be integrated using the open-source vLLM inference server [56]. The scenario generator, functionally
integrated with the other two components, procedurally generates new evaluation scenarios: it builds the
forest map entirely at runtime and spawns the distractor assets of the city environment, so that no two
scenarios share the same layout.

Environments. The benchmark provides two distinct evaluation environments. The forest environment
is based on the Electric Dreams UE5 demo [35] and features sparse forest scenery with randomly placed
rock formations, procedurally generated vegetation, and dynamic wind. The entire map is generated at
runtime, ensuring that no two scenarios share the same layout. The city environment is based on the
City Sample UE5 demo [34], a large, semi-procedurally generated American-style city of approximately
4× 4 km, populated at runtime with random distractor assets (parked cars, walking pedestrians) drawn
from Unreal’s asset marketplace. The visual complexity of the city environment is substantially higher
than that of the forest environment, with many objects of similar appearance and strong visual clutter.
Figure 4.3 shows example scenes from both environments.

Challenge sets. In addition to the procedurally generated environments, three standardised challenge
sets are defined, each designed to stress a different aspect of exploration. To ensure reproducibility, the
scenarios in those sets are pre-generated to ensure all models are evaluated in the same conditions.

FS-1 contains 400 scenes across forest and city environments. The agent has at most 10 actions
to find the target object. The starting altitude is between 30 and 100 m, the search area is bounded to
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(a) Forest environment. (b) City environment.

Figure 4.3: Evaluation environments. Each column shows a wide-angle environment overview (top)
and a selection of top-down views of target objects from the UAV camera (bottom), illustrating the visual
fidelity of the simulation and the variety of objects the agent must locate. Reproduced from [IV].

400× 400× 120m, and crucially, the target is always within the camera’s field of view at the starting
position (though it may be too small to identify from above). Models may not move beyond their current
field of view in FS-1. This setting tests basic perception, spatial reasoning, and short-horizon navigation.
City targets include road construction works, crowds, large trash piles, fires, and vehicles of specified
types and colours. Forest targets include campsites, trash piles, persons, forest fires, and buildings.

FS-Anomaly-1 contains 200 scenes using the same setup as FS-1 but with a twist: the agent must find
an object that does not belong in its environment (for example, a giraffe wandering through a city or a
flying saucer in a forest) without being told which specific object is out of place. The agent must first
determine what constitutes an anomaly and then locate it. This tests contextual world knowledge on top
of basic search capability.

FS-2 contains 200 harder city scenes in which the starting altitude is raised to 100–125 m and dynamic
lighting simulates different times of day. Most importantly, the target object may be completely outside
the initial field of view. The agent may also move beyond its current field of view at each step. It has a
budget of 20 actions, a maximum altitude of 300 m, and horizontal search bounds of 2h× 2h, where h is
the starting altitude. This setting requires the agent to form and execute a systematic multi-step search
strategy, exploring the environment methodically until the target is found.

4.3.3 Experimental results

Evaluation protocol. Ten VLMs are evaluated on FS-1 and FS-Anomaly-1, with a subset also evaluated
on FS-2. Three proprietary models are included: GPT-4o [87], Claude 3.5 Sonnet [6], and Gemini 2.0
Flash [42]. Three large open-weight models (above 11B parameters) are evaluated: Qwen2-VL-72B [126],
LLaVA-OneVision-72B [65], and Pixtral Large (124B) [80]. Four small open-weight models (below 11B
parameters) are evaluated: Phi-3.5-vision [1], InternVL2.5-8B-MPO [127], LLaVA-NeXT-Interleave-
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Table 4.1: FlySearch benchmark results: Success rates (± standard errors) on FS-1 and FS-2. Gemini
2.0 Flash achieves the highest overall score on FS-1, while all VLMs collapse on FS-2 relative to the
human baseline. The last row shows a model fine-tuned on the Forest environment. Its Forest result is
shown in grey because it may benefit from distribution overlap.

Model
FS-1 FS-2

Overall (%) Forest (%) City (%) Overall (%)

Human (untrained) – – 66.7± 4.5 60.8± 6.9

GPT-4o 39.5± 2.4 45.5± 3.5 33.5± 3.3 3.5± 0.9

Claude 3.5 Sonnet 41.2± 2.5 52.0 ± 3.5 30.5± 3.3 6.5 ± 1.2
Gemini 2.0 Flash 42.0 ± 2.5 42.5± 3.5 41.5 ± 3.5 6.0± 1.1

Phi-3.5-vision 0.0± 0.0 0.0± 0.0 0.0± 0.0 –
InternVL2.5-8B-MPO 2.0± 0.7 2.5± 1.1 1.5± 0.9 –
LLaVA-NeXT-Interleave-7B 0.8± 0.4 0.0± 0.0 1.5± 0.9 –
Qwen2.5-VL-7B 3.8± 1.0 6.0± 1.7 1.5± 0.9 0.0± 0.0

Qwen2-VL-72B 17.2± 1.9 16.5± 2.6 18.0± 2.7 –
LLaVA-OneVision-72B 9.5± 1.5 12.5± 2.3 6.5± 1.7 –
Pixtral Large 29.8± 2.3 38.0± 3.4 21.5± 2.9 3.0± 0.8

Qwen2.5-VL-7B, GRPO on Forest – 57.0± 3.5 27.0± 3.1 0.0± 0.0

7B [67], and Qwen2.5-VL-7B [10]. Human baselines are collected via an online study, comprising 111
recorded episodes for FS-1 City and 51 for FS-2.

Model success rates are computed separately for each target class and then averaged across classes.
Within each class, the standard error is the sample standard deviation of binary episode outcomes divided
by the square root of the number of episodes. The reported model uncertainty is the mean of these
per-class standard errors.

FS-1 results. Table 4.1 reports success rates for FS-1 and FS-2. On FS-1, the best-performing model is
Gemini 2.0 Flash at 42.0%, closely followed by Claude 3.5 Sonnet at 41.2% and GPT-4o at 39.5%. Human
participants, evaluated on the city environment, achieve 66.7%, approximately 25 percentage points above
the best VLM on the same split. Among large open-weight models, Pixtral Large performs best at 29.8%,
with Qwen2-VL-72B at 17.2% and LLaVA-OneVision-72B at 9.5%. The small open-weight models
essentially fail, with no model exceeding 4%. Investigation reveals that small models largely fail to follow
the instruction format, often neglecting to issue the FOUND command even when the target is within view
at the end of an episode.

FS-2 and the exploration gap. The most striking result concerns FS-2. Human participants score
60.8% (a modest drop from their FS-1 City score of 66.7%), reflecting that systematic search is a natural
cognitive strategy that humans execute reliably when given sufficient steps. VLMs collapse dramatically.
The best-performing model on FS-2 is Claude 3.5 Sonnet at just 6.5%, and GPT-4o and Gemini achieve
3.5% and 6.0% respectively. The relative gap between the best VLM and humans grows from roughly
60% on FS-1 to more than 800% on FS-2.
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Step 1 Step 2 Step 3

MOVE(0, 0, -64) MOVE(5, 0, 0) FOUND

Figure 4.4: Example successful trajectory on FS-1. GPT-4o navigates to a red sports car by first
descending (step 1) and then adjusting laterally (step 2) before claiming success. Note the coordinate grid
overlay on the camera images, which helps the model estimate distances. Reproduced from [IV].

This collapse cannot be attributed solely to the harder detection conditions. The core problem is that
FS-2 requires a genuine search strategy, covering the environment systematically and tracking which
areas have been visited. Human participants intuitively begin following streets, grid-scanning districts,
and ascending to survey larger areas when uncertain. VLMs in contrast tend to move in inconsistent,
locally reactive patterns, often repeating previously visited regions, failing to track coverage, and being
easily derailed when they lose sight of a candidate object. This behavioural gap is further amplified by
context-length degradation. Models given 20 steps instead of 10 score lower, which was isolated in an
ablation study.

Qualitative analysis. Manual inspection of failure trajectories reveals consistent failure modes across all
models. When a model loses sight of an object it was tracking, it often backtracks or begins hallucinating
the object’s presence at an incorrect location, rather than reasoning about where the object was last seen
and moving towards it. Collision handling is universally poor, with all models occasionally attempting to
repeat an action that was rejected by the collision avoidance system, rather than navigating around the
obstacle. In several recorded trajectories, Gemini 2.0 Flash abandons the task entirely after a collision,
noting “I am unable to navigate without hitting the building.” Figure 4.4 shows an example of a successful
trajectory, illustrating the descent-and-approach strategy that works well on FS-1 but is insufficient when
the target is not visible from the starting position in FS-2.

FS-Anomaly-1 results. Table 4.2 shows results on FS-Anomaly-1. Scores are substantially lower than
on FS-1: the best model, Gemini 2.0 Flash, achieves only 35.5% overall, compared with 42.0% on FS-1,
and performance is notably weaker in the city than in the forest. The gap reflects an additional challenge
beyond search: the agent must first determine which object in the scene is out of place before it can locate
it. VLMs consistently make errors in this judgement, often flagging visually distinctive but contextually
normal objects (a yellow taxi in a city scene) while ignoring semantically obvious anomalies (a tank
standing next to it). Naming the anomaly object explicitly, eliminating the need for contextual judgement,
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Table 4.2: FS-Anomaly-1 results: Success rates (± standard errors) of the evaluated models. Scores
are substantially lower than on FS-1, reflecting the additional challenge of identifying which ob-
ject is out of place.

Model Overall (%)

GPT-4o 27.0± 3.1

Claude 3.5 Sonnet 27.5± 3.2

Gemini 2.0 Flash 35.5 ± 3.4

Phi-3.5-vision 0.0± 0.0

InternVL2.5-8B-MPO 3.5± 1.3

LLaVA-NeXT-Interleave-7B 0.0± 0.0

Qwen2.5-VL-7B 2.8± 1.2

Qwen2-VL-72B 7.5± 1.9

LLaVA-OneVision-72B 8.5± 2.0

Pixtral Large 15.0± 2.5

raises Gemini’s score from 35.5% to 46.5%, confirming that the primary bottleneck is semantic reasoning
rather than visual search.

Fine-tuning analysis. To investigate whether fine-tuning can close the gap, Qwen2.5-VL-7B is fine-
tuned using the GRPO algorithm [117] on a set of 67,500 synthetically generated training examples
derived from flight trajectories in the Forest environment. The reward function incentivises the model to
move closer to the target at each step, produce explicit reasoning, and correctly issue FOUND when the
target is in view. Training is conducted in offline, step-wise mode using LoRA [49] on four H100 GPUs.

The resulting fine-tuned model is evaluated on both the Forest environment it was trained on (achiev-
ing 57.0% on FS-1 Forest) and the held-out City environment (achieving 27.0% on FS-1 City). The
transfer to City is notable: the base model scored only 1.5%, providing evidence of transfer beyond
the training environment. However, on FS-2, the fine-tuned model scores 0.0%, identical to the base
model. The fine-tuning addresses surface-level failures (instruction format adherence, short-horizon
spatial manoeuvring) but does not instil the systematic multi-step coverage strategy that FS-2 requires,
suggesting that the exploration gap is a deeper limitation of current models rather than an artefact of
missing task-specific training.

Additional experimental results are provided in the paper [IV].

4.3.4 Contributions

The publication “FlySearch: Exploring how vision-language models explore” [IV] makes the following
contributions to the field:

• It introduces two high-fidelity photorealistic outdoor evaluation environments, a procedurally
generated forest and a large semi-procedural city, both built with Unreal Engine 5 and capable of
generating an unlimited number of reproducible scenarios with diverse conditions (time of day,
object placement, distractor density).
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• It defines three standardised benchmark challenge sets (FS-1, FS-Anomaly-1, FS-2) with increasing
difficulty, designed to isolate distinct aspects of exploration capability: basic object detection and
short-horizon navigation, contextual anomaly identification, and systematic multi-step coverage of
an area in which the target is not initially visible.

• It provides an evaluation of ten VLMs across all three challenges, with human baselines, revealing
consistent failure modes (hallucination when losing a target, inability to plan systematic coverage,
sensitivity to long contexts) shared across proprietary and open-weight models alike.

• It demonstrates through GRPO fine-tuning that surface-level failures (instruction following, spatial
grounding) are correctable with synthetic data, but that the deeper inability to form and execute
multi-step exploration strategies persists after fine-tuning, identifying this as an open problem for
current VLMs.

The best evaluated models were able to perform short-horizon navigation, but the gap to human
performance widened as the tasks required longer strategies. The systematic-search failures persisted
even after fine-tuning. This confirms Hypothesis H4 within the evaluated settings. FlySearch makes the
problem of open-world exploration precise. By characterising where current models fail and under what
conditions the gap to human performance is largest, it establishes a concrete set of open problems and a
reproducible benchmark against which future progress can be measured.

I was the first and primary author of this paper. I contributed to the conception of the idea, implemented
the entire Unreal Engine component of the benchmark, and prepared the benchmark evaluation environ-
ments together with their Unreal Engine procedural content generation component. I conducted roughly
half of the experiments presented in the paper and contributed significantly to writing the manuscript.
I also presented the research at the Conference on Neural Information Processing Systems (NeurIPS)
2025 in San Diego, USA. The code, data and further visualisations are available on the project website at
https://flysearch.gmum.net/.
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Chapter 5

Other works & achievements

This chapter opens with a brief overview of other papers I co-authored during my PhD studies. These works
either fall outside the thematic scope of this thesis or are part of ongoing research and are therefore omitted
from the main text. Nevertheless, as they are relevant to my broader research area, they are included here.
The chapter then concludes with a summary of my other achievements, including complementary research
activities and outreach initiatives aimed at advancing deep learning.

5.1 Publications

• Turhan Can Kargin, Wojciech Jasiński, Adam Pardyl, Bartosz Zieliński, and Marcin Przewięź-
likowski. SpaRRTa: A Synthetic Benchmark for Evaluating Spatial Intelligence in Visual Foundation
Models. International Journal of Computer Vision, 2026. URL https://arxiv.org/abs/2601
.11729. Accepted for publication
Summary:

Visual foundation models recognise semantic content in images, but their ability to
represent spatial relations between objects remains less well understood. The study
introduces the Spatial Relation Recognition Task (SpaRRTa), a benchmark that evaluates
this ability independently of semantic classification and precise geometric prediction. A
controllable synthetic data pipeline generates photorealistic scenes with varied object
arrangements and spatial annotations. The evaluation compares visual foundation models
using different probing methods to assess how spatial information can be extracted from
their representations. Results show that spatial relations are primarily encoded in patch-
level features and can be obscured by global pooling, causing standard linear evaluation
to underestimate spatial awareness. Relations defined relative to another object remain
challenging across model families. These findings establish SpaRRTa as a diagnostic
benchmark for distinguishing limitations of visual representations from limitations of
the methods used to read out spatial information.
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• Agnieszka Sroka-Oleksiak, Adam Pardyl, Dawid Rymarczyk, Aldona Olechowska-Jarząb,
Katarzyna Biegun-Drożdż, Dorota Ochońska, Michał Wronka, Adriana Borowa, Tomasz
Gosiewski, Miłosz Adamczyk, et al. AI-Driven Rapid Identification of Bacterial and Fungal
Pathogens in Blood Smears of Septic Patients. Computers in Biology and Medicine, 199:111328,
2025. https://doi.org/10.1016/j.compbiomed.2025.111328
Summary:

Identifying pathogens from blood samples is an important step in sepsis diagnosis, but
conventional microbiological procedures can be time-consuming. The study develops
a deep learning pipeline for species-level identification from microscopic images of
Gram-stained smears of positive blood samples. It combines Cellpose 3 for microbial
cell segmentation with attention-based deep multiple instance learning for classification,
allowing information from multiple cells to contribute to each prediction. The evaluation
uses 16,637 images covering 14 bacterial and three yeast-like fungal species. The model
achieves classification accuracies of 77.15% for bacteria and 71.39% for fungi. Errors
are associated with morphological similarities between species and variation within
individual species. The results support the potential of microscopy-based microbial
identification as an aid to diagnosis, while indicating that further optimisation and more
diverse training data are needed to improve classification reliability.

• Adam Pardyl, Dawid Rymarczyk, Joanna Jaworek-Korjakowska, Dariusz Kucharski, Andrzej
Brodzicki, Julia Lasek, Zofia Schneider, Iwona Kucybała, Andrzej Urbanik, Rafał Obuchow-
icz, et al. CompLung: Comprehensive Computer-Aided Diagnosis of Lung Cancer. In Pro-
ceedings of the European Conference on Artificial Intelligence (ECAI), pages 1835–1842, 2023.
https://doi.org/10.3233/FAIA230471
Summary:

Computer-aided analysis of lung computed tomography (CT) scans often addresses
individual processing stages, leaving their integration into patient-level assessment un-
resolved. The study introduces CompLung, a pipeline combining lung segmentation,
suspicious-region detection, patch representation learning, and patient-level classifica-
tion. It uses multiple instance learning to aggregate information from candidate regions
into a prediction for the complete scan. The evaluation uses LIDC-IDRI, extended
with radiologist-produced lung segmentation masks made available for further research.
For patient-level classification using a malignancy-score threshold greater than three,
CompLung achieves an area under the receiver operating characteristic curve of 0.90,
compared with 0.83 for the strongest reported baselines. Qualitative analyses also ex-
amine the regions contributing to predictions. The study demonstrates the benefit of
integrating the processing stages for prediction of radiologist-derived labels and provides
segmentation annotations to support subsequent work on automated CT analysis.
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• Łukasz Struski, Adam Pardyl, Jacek Tabor, and Bartosz Zieliński. ProPML: Probability Partial Multi-
label Learning. In Proceedings of the IEEE International Conference on Data Science and Advanced
Analytics (DSAA), pages 1–8, 2023. https://doi.org/10.1109/DSAA60987.2023.10302620
Summary:

Partial multi-label learning addresses training data in which each instance has a candidate
label set containing both correct and incorrect labels. Existing approaches often require
a separate procedure to identify the relevant labels, increasing training complexity. The
study introduces ProPML, a probabilistic loss that adapts binary cross-entropy to this
setting. It encourages predictions within the candidate set while penalising predictions
outside it, and can be used with deep networks through a change to the training objective.
The evaluation covers datasets with naturally ambiguous labels and artificially corrupted
labels, including image classification on VOC2007 and COCO2014, across several noise
levels. ProPML compares favourably with existing methods, with particularly strong
results when candidate sets contain more incorrect labels. These findings support a
simple loss-based approach to learning from ambiguous annotations without a separate
label-disambiguation procedure.

• Adam Pardyl, Dawid Rymarczyk, Zbisław Tabor, and Bartosz Zieliński. Automating Patient-Level
Lung Cancer Diagnosis in Different Data Regimes. In Proceedings of the International Conference
on Neural Information Processing (ICONIP), pages 13–24, 2022. https://doi.org/10.1007/
978-981-99-1648-1_2
Summary:

Patient-level diagnostics from lung computed tomography (CT) scans requires models
that can operate with different amounts of annotation. The study introduces MilLung
and AutoLung and compares them with the existing DeepLung baseline to examine
the effect of supervision on automated assessment. DeepLung uses nodule locations
and malignancy annotations, MilLung combines nodule-level supervision with multiple
instance learning, while AutoLung learns representations with an autoencoder and
requires only patient-level malignancy labels. The evaluation uses LIDC-IDRI under
two malignancy thresholds. At a threshold greater than three, the best MilLung variant
matches DeepLung’s mean area under the receiver operating characteristic curve of
0.83, while AutoLung reaches 0.80. AutoLung performs less well at the lower threshold,
showing that the effect of reduced supervision depends on the task. The study clarifies the
trade-off between annotation requirements and predictive performance when selecting a
patient-level screening approach.

5.2 Patents

• European Patent application EP24461637.1 “A computer implemented method for identifying a
microorganism in a blood and a data processing system therefor”. European Patent Office, 2024,
patent pending
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5.3 Ongoing research

• Reinforcement learning for visual exploration in real-world environments. Adam Pardyl, Jan
Mikołajczyk, Jan Matusiak, Hubert Zientata, Dominik Gaweł, Ignacy Alwasiak, Bartosz Zieliński,
Marek Cygan, Maciej Wołczyk

Summary:

Training agents for visual exploration requires diverse navigation experience and a way
to transfer learned behaviour to physical environments. This project extends the Fly-
Search [IV] benchmark towards reinforcement learning for vision-language model-based
agents operating in the real world. The planned approach uses the GRPO algorithm [117]
to fine-tune models with 4–11 billion parameters on FlySearch-RealTime, a simplified
version of the benchmark, and Gaussian splat scenes reconstructed from real-world flight
data. Procedurally generated tasks will provide varied navigation experience, while
the reconstructed scenes are intended to reduce the visual gap between simulation and
deployment. Evaluation will use the original FlySearch benchmark and a physical UAV
in a real-world setting. The intended contribution is a training framework for learning
exploration policies that transfer from simulated tasks to physical navigation.

• Self-supervised concept discovery. Adam Pardyl, Siddhartha Gairola, Sukrut Rao, Bernt Schiele,
Bartosz Zieliński, Dawid Rymarczyk

Summary:

Self-supervised visual representations support a range of downstream tasks, but their
features can be difficult to interpret. This project aims to learn discrete, spatially grounded
concepts corresponding to visual features such as object parts or texture patterns without
manual concept annotations. Inspired by PDiscoFormer [5] and CFM [134], the proposed
approach extends the DINOv2 family [88] with a spatial concept learning pathway and
a concept attribute quantisation stack to represent both general object characteristics
and their variations. The resulting decoded concept embedding is intended to replace
the cls token of a vision transformer in downstream tasks. The project will examine
whether the learned concepts capture coherent visual features while retaining useful
information for downstream tasks. Its intended contribution is an interpretable vision
foundation backbone that connects image-level representations to discrete concepts and
their spatial locations.

5.4 International research internships

• Max Planck Institute for Informatics, June–September 2026, Computer Vision Group, supervised
by Prof. Dr. Bernt Schiele
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5.5 Scientific grants

5.5.1 As a principal investigator

• National Science Centre Preludium “Where to look next – guiding active visual exploration with
internal model uncertainty”, 2024–2025, grant number: 2023/49/N/ST6/02465

• Foundation for Polish Science START scholarship, 2026–2027, grant number: 59.2026

5.5.2 As a participant / co-investigator

• National Science Centre Sonata Bis “Sustainable computer vision for autonomous machines”,
2024–2027, grant number: 2023/50/E/ST6/00469 (principal investigator: Bartosz Zieliński)

• Foundation for Polish Science Proof of Concept “Intelligent Fight Against Sepsis - Innovative
Use of Artificial Intelligence in Rapid Microbiological Diagnosis of Sepsis”, 2024–2025, grant
number: FENG.02.07-IP.05-0068/23 (principal investigator: Monika Brzychczy-Włoch)

• European Commission Horizon Europe “European Lighthouse of AI for Sustainability (ELIAS)”,
2024–2027, grant number: 101120237 (principal investigator: Massimiliano Pontil)

• Foundation for Polish Science Team-Net “Bio-inspired artificial neural networks”, 2022–2023,
grant number: POIR.04.04.00-00-14DE/18-00 (principal investigator: Jacek Tabor)

• National Centre for Research and Development Fast Track “X-rAI: Diagnostic viewer
for computer-assisted radiology using Artificial Intelligence”, 2021–2023, grant number:
POIR.01.01.01-00-1666/20 (principal investigator: Zbisław Tabor)

5.6 Other activities

5.6.1 Acting as a reviewer

• Annual Conference on Neural Information Processing Systems (NeurIPS) 2026

• International Journal of Computer Vision (IJCV) 2026

• IEEE Transactions on Pattern Analysis and Machine Intelligence (TPAMI) 2026

• IEEE Robotics and Automation Letters (RA-L) 2026

• CVPR 2025 Workshop on Computer Vision for Drug Discovery (CVDD)

• IEEE/CVF Winter Conference on Applications of Computer Vision (WACV) 2025

• ACM International Conference on Knowledge Discovery and Data Mining (KDD) 2024

• IEEE/CVF Winter Conference on Applications of Computer Vision (WACV) 2024
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5.6.2 Doctoral schools and scientific events

As an organiser

• Machine Learning Summer School on Reliability & Safety (MLSSR&S) 2026, Kraków, Poland

• ELLIS Doctoral Symposium (EDS) on Robust AI 2025, Warsaw, Poland

• Machine Learning Summer School on Drug and Materials Discovery (MLSSD) 2025,
Kraków, Poland

• Machine Learning Summer School on Applications in Science (MLSSS) 2023, Kraków, Poland

As a presenter

• ML in PL Conference 2025, Warsaw, Poland, “FlySearch: Exploring how vision-language
models explore”

• ML in PL Conference 2024, Warsaw, Poland, “AdaGlimpse: Active Visual Exploration with
Arbitrary Glimpse Position and Scale”

• SFI IT Academic Festival 2024, Kraków, Poland, “AI for autonomous agents”

As a participant

• Mediterranean Machine Learning (M2L) Summer School 2025, Split, Croatia

• International Computer Vision Summer School (ICVSS) 2025, Scicli, Italy

• ELIAS-ELLIS-VISMAC Winter School 2025, Brunico, Italy

• ELLIS Doctoral Symposium (EDS) on AI & Sustainability 2024, Paris, France

• Mediterranean Machine Learning (M2L) Summer School 2023, Thessaloniki, Greece

5.6.3 Acting as a PhD Student Representative

• Member of the Audit Committee of the PhD Student Association of the Jagiellonian University,
2025–2026

• Member of the PhD Student Council of the Doctoral School of Exact and Natural Sciences of the
Jagiellonian University, 2024–2026

• PhD Student Representative to the Standing Rector’s Committee on Statutory and Legal Affairs,
2022–2026

• PhD Student Representative to the Council of the Faculty of Mathematics and Computer Science of
the Jagiellonian University, 2025–2026
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Chapter 6

Synthesis and future directions

This dissertation investigated how visual agents can select informative observations under limited sensing
budgets and where their ability to explore breaks down as search problems become more complex. The four
publications on which the thesis builds confirm the hypotheses introduced in the first chapter (Section 1.3)
within the models, datasets, tasks, and environments evaluated.

Hypothesis H1 concerns the use of internal uncertainty to decide where to look next. AME [I] shows
that attention-map entropy provides an effective glimpse-selection heuristic without a separately trained
decision network. Improvements over baseline methods in reconstruction, classification, and segmentation,
supported by ablations against random and fixed sampling, demonstrate that a model trained for its visual
task can also guide observation selection. This first step operates within a fixed grid of candidate glimpses.

Hypothesis H2 addresses the restriction imposed by that grid. Beyond Grids [II] demonstrates that a
vision transformer can be made resilient to changes in patch position, scale, and coverage. ElasticViT
retains useful predictive performance under these perturbations and supports adaptive sampling, achieving
high accuracy even at low patch counts. It provides the architectural support for processing observations
whose geometry changes during exploration, leaving their selection to an observation policy.

Hypothesis H3 asks whether an agent can learn to exploit this flexibility by selecting both glimpse
position and scale. AdaGlimpse [III] learns a coarse-to-fine strategy in a continuous action space, first
acquiring a broad view and then concentrating on informative details. Its substantial gains in pixel
efficiency over baseline methods across reconstruction, classification, and segmentation demonstrate the
value of adaptive observation selection.

Hypothesis H4 concerns exploration through large, open, three-dimensional environments. Fly-
Search [IV] shows that the evaluated vision-language models can perform short-horizon navigation but
struggle with systematic search when the target is initially unseen. Their gap to human performance widens
as tasks require longer strategies. The tested fine-tuning improves short-horizon navigation, including
transfer across environments, but leaves the fine-tuned model struggling with systematic search over a long
horizon. The benchmark makes this limitation explicit and provides a reproducible measure of progress.

Together, the first three contributions connect the signal that guides observation selection, the ar-
chitecture that processes flexible observations, and the policy that chooses them. FlySearch identifies
the additional demand of organising observations and movements into sustained, goal-driven search,
presenting a direct challenge for further work.
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Parts of this research were supported by an NCN Preludium grant, for which I was the principal
investigator. My work was also recognised with the FNP START scholarship.

Future research should investigate how agents can retain information about visited regions, identify
unexplored areas, and revise their search as evidence arrives. The fine-tuning results motivate investigating
whether training on complete search trajectories can develop capabilities that training on individual
navigation steps did not provide. Evaluation should measure systematic-search success and generalisation
to unseen environments.

A second direction is transfer to physical environments. My ongoing follow-up to FlySearch plans to
combine procedurally generated navigation tasks with scenes reconstructed from real flight data, followed
by evaluation on the benchmark and a physical UAV. This would test whether improvements in simulated
search survive changes in visual appearance and the constraints of real sensing and movement.

Finally, a third direction is explaining the visual evidence behind an agent’s decisions. My collaboration
with the Max Planck Institute for Informatics explores interpretable vision foundation models that learn
spatially grounded concepts through self-supervision. Extending these representations to embodied AI
could help explain which observed features guide an agent’s actions and make failures easier to diagnose
and the model itself more trustworthy and reliable.

The contribution of this thesis is a set of methods for reducing the visual input needed to solve
embodied visual tasks, together with a benchmark exposing the limits of current open-world search. The
publications included in this thesis advance efficient observation selection and define concrete challenges
for the next steps in research.
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Abstract

Active visual exploration addresses the issue of
limited sensor capabilities in real-world scenarios,
where successive observations are actively chosen
based on the environment. To tackle this problem,
we introduce a new technique called Attention-
Map Entropy (AME). It leverages the internal un-
certainty of the transformer-based model to deter-
mine the most informative observations. In contrast
to existing solutions, it does not require additional
loss components, which simplifies the training.
Through experiments, which also mimic retina-like
sensors, we show that such simplified training sig-
nificantly improves the performance of reconstruc-
tion, segmentation and classification on publicly
available datasets.

1 Introduction

Image-related tasks, such as image reconstruction, segmenta-
tion, or scene understanding, usually rely on the assumption
of complete and unhindered access to input data [Girdhar et
al., 2022]. However, in many real-world applications, this
assumption is not valid. For example, in the case of an em-
bodied agent, such as a robot, its sensors have often limited
registration capabilities, e.g. restricted field of view, while
the environment is constantly changing [Wenzel et al., 2021].
Additionally, the high computational cost of processing large
amounts of data and the need for continuous movement fur-
ther complicates the task of acquiring complete information
about the environment. To reason about the whole environ-
ment, the agent needs to sample new observations in the most
efficient way possible.1

Previous works in the field of embodied visual exploration
have leveraged various sampling strategies to improve re-
sults on localization and mapping tasks [Ramakrishnan et al.,
2021]. Many of these methods use reinforcement learning

1Supplementary material, including the source code, can be
found at: https://github.com/apardyl/AME

A STANDARD APPROACH BASED ON AUXILIARY LOSS FUNC.

OUR APPROACH BASED ON INTERNAL MAE UNCERTAINTY

Figure 1: Attention-Map Entropy (AME): Our approach chooses
the most informative observations by reusing the internal uncertainty
coded in the attention maps. In contrast to existing methods, it does
not require any auxiliary loss functions dedicated to active explo-
ration. Therefore, the training concentrates on the target task loss,
not on an auxiliary loss, which improves overall performance.

[Ramakrishnan and Grauman, 2018] and multiple custom un-
certainty measures [Ramakrishnan et al., 2021], but they can
be complex and difficult to train. To overcome this issue,
[Seifi and Tuytelaars, 2019] introduced a streamlined archi-
tecture based on convolutional networks. They also simpli-
fied the setup for selecting image patches within a frame,
referred to as glimpses, from 360◦ images in reconstruction
tasks. The idea was further extended for segmentation task
[Seifi and Tuytelaars, 2020]. In both scenarios, the choice of
where to sample next was determined by using separate heads
that output probability maps indicating the location of the
next glimpse. In [Seifi et al., 2021], they proposed a method
of using attention pooling layers in a task-driven architecture
to generate probability maps. However, this complex solution
consisted of five separate training streams, each with its own
optimization goals and a contrastive learning approach.

Furthermore, these existing methods involve separate train-
ing for the main task and the sampling decision strategy,
which increases computational overhead of the entire sys-
tem. [Jha et al., 2023] addresses this limitation by using
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a transformer-based auto-encoder with a glimpse selection
neural head. Nevertheless, all previous works rely on a dual
approach to the active exploration problem. One target func-
tion is optimized to improve the quality of the main task,
while another one is aimed at training the sampling deci-
sion strategy. This introduces unnecessary complexity of the
model, increases the number of neural network components
and yields more memory-heavy solutions.

In this paper, we address these complexity issues by intro-
ducing a transformer-based active vision method that lever-
ages internal model uncertainty for next glimpse selection.
Inspired by [Aloimonos et al., 1988], we train our method
to explore a scene by gathering partial observations about it
sequentially without incorporating any separate sampling de-
cision module. Contrary to the recent solution [Jha et al.,
2023], we use attention values trained inherently within the
transformer-based decoder to generate decision-making pri-
ors, which provides superior performance over both random
sampling and state-of-the-art solutions.

Our strategy for glimpse selection is based on the entropy
of the transformer’s attention maps and thus needs suitable
architecture for the main task. Similarly to [Jha et al., 2023],
we base our network on masked autoencoder (MAE [He et
al., 2022]) to efficiently deal with the problem of partially
available input.

We evaluate our approach using common benchmarks and
relevant competing methods for reconstruction, classification,
and segmentation tasks. Furthermore, we test our solution
using both full-resolution patches, and retina-like glimpses
[Sandini and Metta, 2003], publishing for the first time
the empirical results for the latter data when coupled with
transformer-based architectures.

We can summarize our contributions as follows:

• We present a new approach to glimpse selection in ac-
tive visual exploration that leverages the internal trans-
former uncertainty stored in attention maps, eliminating
the need for additional loss components.

• We validate our method with multiple patch configura-
tions, including retina-like glimpses mimicking retina-
like sensors.

• We thoroughly evaluate our solution on various visual
tasks, demonstrating its superiority over the existing
methods and various selection alternatives.

2 Related Works

Missing data. Our tasks are strictly connected with a miss-
ing data problem addressed by various research works. Some

of them, like [Śmieja et al., 2018], concentrate on fully con-
nected networks where the missing data can be estimated
with input data distribution. Other approaches concentrate
on visual inpainting using adversarial and reconstruction
loss [Pathak et al., 2016]. [Li et al., 2022] address the in-
painting problem by using transformer architecture with a lo-
cal masking scheme in attention layers, resulting in computa-
tion savings. [Naseer et al., 2021] analyze well-known CNNs
and claims they reach as low as 20% accuracy in ImageNet
evaluation after masking only 20% of the image. Adequate

progress in this field was made in Masked Auto-encoders
(MAE) [He et al., 2022] where authors use arbitrarily cho-
sen masked parts of the input data to enrich visual features
and regularize the training. Our method builds upon the MAE
architecture, proven to achieve significant results in partially-
masked image reconstruction.

Active visual exploration. Many works discuss simultane-
ous localization and mapping (SLAM) challenges in the con-
text of active exploration [Ramakrishnan et al., 2021]. [Ran-
grej and Clark, 2021] use the variational auto-encoder to hal-
lucinate multiple hypotheses of the unseen parts of the image
and infer uncertainty scores, which are further used to select
the next glimpse parameters. Authors of [Seifi et al., 2021;
Seifi and Tuytelaars, 2020; Seifi and Tuytelaars, 2019] pre-
sented various solutions for active visual exploration, notably
using CNN-based attention maps for glimpse selection and
contrastive learning for global feature maps training. [Jha
et al., 2023] introduces MAE-based [He et al., 2022] au-
toencoder with additional glimpse decision neural network to
solve image reconstruction tasks. Results of these works have
been reported in reconstruction, segmentation, and classifi-
cation tasks, giving suitable baselines for our research. Our
method solves the active visual exploration problem, but in
contrast to the existing method, it uses auto-encoder internal,
task-driven uncertainty to select successive glimpses.

Glimpse Selection. As opposed to solutions imposed by
SLAM tasks, many researchers present glimpse selection
problems in other contexts. For example, [Chai, 2019] adopts
a deep reinforcement learning approach based on attention
mechanisms to choose the best patch from consecutive video
frames, yielding significant computational savings. [Jayara-
man and Grauman, 2017] use uncertainty measures with re-
inforcement learning to estimate the following observations’
parameters for a single 3D object analysis setup. [Rangrej
et al., 2022] introduces classification transformer architec-
ture with an actor-critic module with an uncertainty estimator
used for patch sampling. In our work, we actively search for
successive glimpses defining the next patch sample using the
entropy of the transformer attention maps. In opposition to
[Rangrej et al., 2022] or [Jha et al., 2023], we do not need
an additional neural network to make a glimpse decision. We
also use no additional losses except those related to the target
task.

3 Method

The fundamental idea of our approach is to leverage the in-
ternal uncertainty of the transformer-based autoencoder to se-
lect the most informative glimpses to be explored. Therefore,
instead of using an additional loss function for glimpse se-
lection, we propose a new method that obtains successive
glimpses by analyzing the entropy of attention maps. This
way, we can select the patch that has the highest entropy and
confuses our model the most, which improves the conver-
gence of our method and reduces its complexity compared
to the existing methods.

As presented in Figure 2, our approach is based on a
masked autoencoder with T run-times. In the beginning, we
run it for one glimpse, and at step t < T , there are t known
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Figure 2: Architecture for reconstruction: The agent observed two
patches of the image, which are processed by the encoder to produce
their feature representations (orange rectangles). These outputs are
combined with the masked patches (shown as gray rectangles) and
passed through the decoder. The decoder reconstructs the missing
image patches. Additionally, our method generates the entropy map
for one of the decoder’s multi-head self-attention layers and uses it
to select the location of the third glimpse. The process repeats till
we reach the assumed number of glimpses.

glimpses. To select the t + 1 glimpse, we pass t glimpses
selected so far through the masked autoencoder and calculate
entropy for its attention maps. The masked patch with the
highest entropy is chosen as the next glimpse. The network
produces the final output for the target task (e.g. a recon-
structed image for a reconstruction task) for t = T . This se-
lection process is described in Section 3.2. Moreover, in Sec-
tion 3.1 and Section 3.3, we describe the transformer-based
autoencoder and the adjustments of its architecture to various
target tasks.

3.1 Transformer-based Masked Autoencoder

Our approach employs a transformer-based Masked Autoen-
coder (MAE) network, as outlined in [He et al., 2022], which
includes an encoder and a decoder.

The encoder is a modified version of the Vision Trans-
former (ViT) [Dosovitskiy et al., 2020]. As an input at a
step t, it obtains a sequence of patches p1, p2, ..., pt : ∀ipi ∈

R
P 2

×C observed so far, where P is the patch size, and C is
the number of input image channels. The patches are pro-
jected into E-dimensional embeddings using a linear layer
and summed with positional embeddings. Then, they are pro-
cessed through transformer blocks together with a learnable
CLS token, resulting in t latent embeddings of dimension D.
Because the number of visible patches may vary between im-
ages in a batch, we employ transformer blocks that allow pad
tokens similar to those proposed in [Vaswani et al., 2017].

The decoder is a transformer with a linear head that op-
erates on t latent embeddings generated by the encoder and
the coded positions of the HW

P 2 − t remaining patches, where
H and W represent the height and width of the input image.
The concatenated embeddings of dimension D are position-
ally encoded and processed through transformer blocks. The
last part of the decoder is a linear layer with dimensions varies
depending on the task (see Section 3.3).

Figure 3: Entropy map: To explain the idea of the entropy map
based on attention in the transformer layer, let us consider an image
divided into four patches (2 × 2) on the left. Its attention map will
be a 4 × 4 matrix, where each row represents the attention weights
used to calculate the output in the next transformer layer for a cor-
responding patch. Calculating Shannon’s entropy for each row will
result in a 2 × 2 entropy map. The patch with the highest entropy
value is selected as the next glimpse.

3.2 Glimpse Selection

To explore the internal uncertainty of transformer-based mod-
els, we analyze the entropy of the attention map [Vaswani et
al., 2017], as presented in Figure 3. For this purpose, we
start with calculating attention map A ∈ R

t×t for patches
p1, p2, ..., pt obtained so far as

A = softmax(KKT /
√

dk), (1)

where K ∈ R
t×D is a matrix that packs together all em-

beddings of patches from one of the decoder’s layers. The
successive rows of A contain weights used to calculate a
weighted average of the patches outputs. Therefore, to ob-
tain the output for patch i, we sum the values of all patches
weighted with A[i] (i-th row of A).

However, we can observe that the entropy of A rows sig-
nificantly differs, and it can be used to select an adequate can-
didate for the next glimpse. To explain how, let us consider
patches 2 and 4 from Figure 3 with A[2] = [0.9, 0, 0.1, 0]
and A[4] = [0.2, 0.3, 0.3, 0.2]. While the 2nd patch output is
obtained based mostly on the value of the 1st patch, the 4th
patch output is obtained based on all other patches. Hence,
the model is confident about the 2nd patch but is uncertain
about patch 4. Therefore, the latter is a better candidate for
the next glimpse, as it needs to be explored.

To formalize this idea, let us also recall that transformers
use multi-head attention, which computes multiple attention
maps, each for embeddings obtained with different linear pro-
jections. Therefore, assuming that Ah,t denotes the attention
map of hth head in step t, the entropy map for a given multi-
head self-attention layer is calculated as

Ht =
∑

h

H(Ah,t[i]), (2)

where H is the Shannon entropy. Then, we replace entropy
values for known patches to 0 to omit them in the further
selection process, and we choose the patch with the maximal
value of Ht as the next glimpse

i∗ = argmaxi=1,...,dmodel
Ht[i]. (3)
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Figure 4: Glimpse-based reconstruction step-by-step: The figure shows a glimpse selection process based on AME for 8 × 32
2 glimpses

for a sample 256 × 128 image. The rows correspond to A) step number, B) model input (glimpses), C) model prediction given, D) decoder
attention entropy (known areas are explicitly set to zero). The algorithm explores the image in places where the reconstruction result is blurry.

3.3 Differences Caused by Final Task

For the reconstruction and segmentation tasks, the last layer
of the decoder returns a representation of dimension C ′ ×P 2

for each processed patch, where C ′ is the number of input im-
age channels for reconstruction and the number of segmented
classes for segmentation. In this case, the output for the CLS

token is omitted. For the classification task, we add an aux-
iliary classification head, which takes the CLS token from the
encoder as input to classify the image.

4 Experimental Setup

4.1 General considerations

Architecture. In all our experiments, we use 24 trans-
former blocks in the encoder, with an embedding size of 1024
(the same parameters as the ViT-L architecture [Dosovitskiy
et al., 2020]), and 8 decoder blocks with an embedding size of
512. We use the AdamW optimization algorithm [Loshchilov
and Hutter, 2018] with a weight decay value of 0 for recon-
struction and 10−4 for other tasks. The learning rate is first
linearly brought up to 10−4 for the first 10 training epochs,
then decayed with the half-cycle cosine rate to 10−8 for the
rest of the training. We train the model for 75 epochs with
early stopping. We augment the training data with random
scaling, cropping, and horizontal flipping. Then we resize
the image to the required size. Unless otherwise specified,
we initialize the model with MAE [He et al., 2022] weights
trained on the ImageNet-1K [Deng et al., 2009] dataset. For
256 × 128 images, we also fine-tune those MAE weights on
the target resolution using the MS COCO dataset [Lin et al.,
2014] using the original MAE implementation. For glimpse
selection, we extract the attention map from the last decoder
block. The first glimpse is selected by the entropy mechanism
run with mask tokens only (zero known patches).

Datasets. We evaluate our method on 3 different vision
datasets. The largest one, MS COCO dataset (Common Ob-
jects in Context; 2014 split version) [Lin et al., 2014], con-
sists of 83K train images and 41K validation images. The
second one, ADE20K [Zhou et al., 2017] dataset, consists
of 26K training and 2k validation images, containing 150
classes for the semantic segmentation task. The smallest one
is SUN360 [Song et al., 2015] dataset with approximately 8K
360◦ panoramic images, unevenly split between 26 classes
for the multi-class classification task. As the last dataset does

not have a predetermined train-test split, we use a 9 : 1 train-
test split based on an index provided by authors of [Seifi et
al., 2021].

Glimpse regimes and baselines. We perform the experi-
ments in two different glimpse regimes associated with two
sets of state-of-the-art baselines.

First, we compare our method against fully convolutional
approaches: Attend and segment [Seifi and Tuytelaars, 2020]

and Glimpse, attend and explore [Seifi et al., 2021]. Both
methods use three-level retina-like glimpses, simulating the
use of retina-like sensors introduced in [Sandini and Metta,
2003]. In this setup, an image is resized to 256× 128 pixels,
and the algorithm extracts 8 retinal glimpses of size 48x48
pixels. This corresponds to extracting 18.75% of pixels (ac-
counting for retinal down-scaling) and 56.26% of the image
area explored. As glimpses consist of multiple ViT patches,
during the glimpse selection process, we average the glimpse
selection map from Equation 2 over the size of a glimpse.

Secondly, we compare it to a transformer-based method
called SimGlim [Jha et al., 2023]. In this scenario, an image
is resized to 224×224 pixels, and we extract 37 regular (non-
retinal) glimpses of size 16x16 pixels (one ViT patch [Doso-
vitskiy et al., 2020]). As a result, 18.75% of pixels are ex-
tracted, covering 18.75% of the image area.

The results of baseline methods (including visualizations)
are copied from the original papers because we could not re-
produce them due to incomplete or missing code.

We also conducted ablation experiments using two naive
sampling methods. The first method is random sampling,
which has the potential for overlap of glimpses. The sec-
ond method samples glimpses from a fixed, non-overlapping
checkerboard pattern [He et al., 2022].

4.2 Tasks

Reconstruction. The reconstruction task involves recre-
ating the ground-truth image with a limited number of
glimpses. We evaluate our method on the MS COCO,
ADE20K, and SUN360 datasets. The reconstruction qual-
ity is measured using the Root Mean Squared Error (RMSE),
also used as a loss function.

Classification. We evaluate our model in the multi-class
classification task on the SUN360 dataset using a limited
number of glimpses. We use accuracy as a metric and cross
entropy as a loss function. We evaluate our model in two
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METHOD SUN360 ADE20K MS COCO IMAGE RES. GLIMPSE REGIME PIXEL % AREA %

ATTSEG 37.6 36.6 41.8 128× 256 8× 48
2 (RETINAL) 18.75 56.25

GLATEX 33.8 41.9 40.3 128× 256 8× 48
2 (RETINAL) 18.75 56.25

OURS (RETINAL) 23.6 23.8 25.2 128× 256 8× 48
2 (RETINAL) 18.75 56.25

OURS (NON-RETINAL) 37.9 40.7 43.2 128× 256 8× 16
2 (NON RET.) 6.25 6.25

OURS (NON-RETINAL) 29.8 30.8 32.5 128× 256 8× 32
2 (NON RET.) 25.00 25.00

OURS (NON-RETINAL) 20,1 20.6 22.1 128× 256 8× 48
2 (NON RET.) 56.25 56.25

SIMGLIM (DETACHED) 26.2 27.2 29.8 224× 224 37× 16
2 (NON RET.) 18.75 18.75

SIMGLIM (END-TO-END) 28.0 28.8 31.3 224× 224 37× 16
2 (NON RET.) 18.75 18.75

OURS (NON-RETINAL) 23.4 26.2 28.6 224× 224 37× 16
2 (NON RET.) 18.75 18.75

Table 1: Reconstruction results: Comparison of our model in reconstruction task against AttSeg [Seifi and Tuytelaars, 2020], GlAtEx [Seifi
et al., 2021] and SimGlim [Jha et al., 2023] on SUN360, ADE20K and MS COCO datasets. The metric used is a root mean square error
(RMSE; lower is better). For each experiment, we provide a training and evaluation regime defined by a number of glimpses of a specific
resolution. Pixel % and area % denote respectively: the percentage of image pixels known to the model and the percentage of image area
seen by the model. Differences in both measures occur when dealing with retina-like glimpses, which have lower pixel counts by design. Our
method outperforms competitive solutions in all configurations.

INPUT OURS GLATEX ATTSEG

Figure 5: Reconstruction quality for SUN360: Reconstruction re-
sults of our method compared with AttSeg [Seifi and Tuytelaars,
2020] and GlAtEx [Seifi et al., 2021] on the SUN360 dataset. Re-
constructions done with our method are visibly better than the com-
petition.

training regimes: a) training the entire model for classifica-
tion (train-all) and b) training only the classification head-on
features generated by a model trained on the reconstruction
task (head-only). The classification head consists of linear
layers: one in the train-all scenario or two separated by a
GELU activation layer for the head-only scenario. For the
train-all scenario, we do a weighted sum of the classification
loss (cross-entropy) and a loss of the decoder (required for
the glimpse selection mechanism).

Segmentation. The goal of the segmentation task is to clas-
sify each pixel of the input image. Our method is tested on the
ADE20K dataset. The mean Pixel Accuracy (mPA; averaged
over classes), Pixel Accuracy (PA; averaged over all pixels),
and Intersection over Union (IoU) are used as a metric, and
the pixel-wise cross-entropy is used as a loss function. We
initialize the transformer weights in two ways: using MAE or
SETR (trained on ADE20k) weights as the source of encoder
weights. In both cases, the decoder is initialized randomly.

INPUT OURS SIMGLIM INPUT OURS SIMGLIM

Figure 6: Reconstruction quality for ADE20K: Figure shows dif-
ference in reconstruction quality against SimGlim [Jha et al., 2023]

on the ADE20K dataset. SimGlim reconstructs a single object
slightly better, but our method recovers more objects in the scene.

5 Results

To illustrate how the glimpse selection process works step by
step, we present it in Figure 4 on a sample image from the
ADE20K dataset. As can be seen, with each glimpse, not
only the glimpse neighborhood but the entire output image
becomes clearer because the transformer gains a better un-
derstanding of the scene.

5.1 Reconstruction

In our study, we demonstrate superior performance in the
retina-like glimpse setup for all datasets examined. Support-
ing results are presented in the top part of Table 1. Addi-
tionally, as shown in Figure 5, the reconstructions produced
by our method are of higher quality, with visibly increased
clarity and sharpness.

We also conduct tests without retina degradation of patches
and show that using non-retinal glimpses improved results by
over 10% of all scores. Moreover, our tests with smaller non-
retinal patch sizes show that we still achieved better RMSE
scores using less than half the area. In this experiment, we
use eight patches in a 32x32 resolution, using 25% of the area
compared to 56.25% in baseline, as seen in the middle part of
Table 1.

When comparing our method to the transformer-based
SimGlim [Jha et al., 2023], we find that our solution further
improves reconstruction scores across all of the databases.
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METHOD ACCURACY (%)

ATTSEG 52.6
GLATEX (FULL) 56.4
GLATEX (NO DECODER) 67.2
OURS (HEAD-ONLY) 70.1
OURS (TRAIN-ALL) 75.7

Table 2: Classification results: Comparison of our model’s classifi-
cation performance against AttSeg [Seifi and Tuytelaars, 2020] and
GlAtEx [Seifi et al., 2021] on the SUN360 dataset. The metric used
is accuracy (higher is better). Our method outperforms competitive
methods in both Train-all and Head-only training options.

METHOD MPA(%) PA(%) IOU(%)

ATTSEG - 47.9 -
GLATEX - 52.4 -

OURS (MAE-WEIGHTS) 32.2 70.27 24.4
OURS (SETR-WEIGHTS) 35.6 69.5 27.6

Table 3: Segmentation results: Comparison of our model against
AttSeg [Seifi and Tuytelaars, 2020] and GlAtEx [Seifi et al., 2021].
The metric used is mean Pixel-wise Accuracy (mPA, higher is bet-
ter), Pixel-Accuracy (PA, higher is better), and Intersection over
Union (IoU, higher is better). Our solution outperforms competi-
tive methods on all metrics.

This is shown in the bottom part of Table 1. It is noteworthy
that the authors of [Jha et al., 2023] also used MAE [He et al.,
2022] architecture for the encoder and decoder. Therefore,
improvement is mostly achieved from the glimpse selection
method we propose rather than the underlying architecture.

In the qualitative comparison shown in Figure 6, we can
observe that while SimGlim produces more detailed recon-
structions of individual objects, our method can discover and
reconstruct more objects in the image overall, indicating bet-
ter exploration capabilities. Moreover, authors of [Jha et al.,
2023] analyzed attention-based solutions for glimpse selec-
tion and concluded that it was not performing better than ran-
dom sampling. However, in our study, we observe that our
more sophisticated way of using this information outperforms
random approaches. We provide further discussion on these
ablation studies in Section 5.5.

5.2 Classification

Our method showed improved performance compared to the
solutions presented in [Seifi et al., 2021] and [Seifi and Tuyte-
laars, 2020] in both training modes (train-all and head-only),
as presented in Table 2. These results align with the im-
provements observed in the reconstruction task. The use of
transformer-based architecture in the underlying MAE [He et
al., 2022] is likely a significant contributing factor to these
improvements results, as we achieved better results even with
auto-encoders weights frozen during training (head-only).

5.3 Segmentation

Consistently, our method obtains better results in the segmen-
tation task than compared, state of the art methods. As pre-
sented in Table 3, our approach achieves higher PA scores
than those reported in [Seifi and Tuytelaars, 2020] and [Seifi

IMAGE TARGET OURS GLATEX

Figure 7: Segmentation quality for ADE20K: Semantic segmenta-
tion results of our method compared with GlAtEx [Seifi et al., 2021]

on the ADE20k dataset. Qualitatively, segmentation maps produced
by our method are at least as good as those of the competition.
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Figure 8: Comparative reconstruction results in regards to
glimpse selection step: Figures present the effect of the number
of glimpses on the reconstruction task. On the left, we compare our
model against AttSeg [Seifi and Tuytelaars, 2020] and GlAtEx [Seifi
et al., 2021] on the SUN360 dataset in 48

2 retinal glimpse scenario.
On the right, we compare our model against SimGlim [Jha et al.,
2023] on ADE20K dataset in 16

2 non-retinal glimpse task. Our so-
lution outperforms competitive solutions when only a small amount
of the image is available.

et al., 2021]. Note, that the authors of both baseline methods
present their results as mean pixel accuracy (mPA - averaged
over classes), while in fact they report pixel accuracy (PA -
averaged over all pixels). We confirmed this finding with the
authors directly. The qualitative results presented in Figure 7
further validate the superior performance.

5.4 Glimpse Analysis

Number of glimpses. The relationship between model per-
formance in the reconstruction task and the number of al-
lowed glimpses is illustrated in Figure 8. Our model con-
sistently outperforms all convolutional baselines. In the case
of MAE-based SimGlim [Jha et al., 2023], our solution per-
forms better until around 20% of patches are visited. This can
be attributed to the fact that our solution optimizes the gen-
eral reconstruction task, whereas the latter focuses on specific
types of visited data when there is enough visual information
already acquired.
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IMAGE RESOLUTION 256× 128 224× 224

GLIMPSE REGIME 8× 48
2

37× 16
2

SUN360

ADE20K

Figure 9: Average glimpse image: Mean glimpse map, averaged
over all glimpse positions in all test images for reconstruction task
on SUN360 and ADE20K. We can see that the first glimpse is con-
sistently selected in the same place. Dataset and training regimes
determine its best starting position.

SELECTION GLIMPSE REGIME SUN360 MS COCO

RANDOM 8× 32
2 32.8 38.3

CHECKER 8× 32
2 32.0 32.6

ATTENTION 8× 32
2 29.8 32.5

RANDOM 8× 16
2 39.8 47.3

CHECKER 8× 16
2 39.3 44.1

ATTENTION 8× 16
2 37.9 43.2

Table 4: AME-based glimpse selection versus naive sampling -
reconstruction: Comparison of glimpse selection strategies for re-
construction task on SUN360 and MS COCO databases. The metric
used is a root mean square error (RMSE; lower is better). We used
regular (non-retinal) glimpses for this ablation. Our method per-
forms better than random position sampling and random sampling
from a checkerboard-like pattern.

Average glimpse selection. The average glimpse location
masks are shown in Figure 9. For the 8× 482 glimpse setup,
it can be observed that the glimpse selector prefers locations
in the image corners and in the center. It rarely selects loca-
tions on the left and right edge for the SUN360 dataset, which
may be because the dataset consists of 360◦ panoramic im-
ages. Selection masks for the 37× 162 setup are much more
evenly distributed, with only the first glimpse location being
distinctive.

5.5 Glimpse Selection Strategies

Our attention-based glimpse selection process outperforms
random glimpse selection and a fixed checkerboard-like
glimpse pattern, as demonstrated in Table 4 and 5. This sup-
ports our claim that our selection strategy is superior to naive
strategies and contradicts the discussions presented in [Jha et
al., 2023].

Level of attention map. In Figure 10, we demonstrate the
impact of the choice of decoder layer as the attention map
source on the model performance. The results show that the
further in the decoder the attention maps are sourced from,
the better the overall performance.

6 Conclusions

This paper presents a new approach to active visual explo-
ration that simplifies the existing methods by leveraging inter-
nal model uncertainty in glimpse selection process. By utiliz-
ing the entropy of the transformer’s attention maps, we elim-

SELECTION GLIMPSE REGIME TRAIN ALL HEAD-ONLY

RANDOM 8× 32
2 72.4 66.2

CHECKER 8× 32
2 70.1 64.0

ATTENTION 8× 32
2 73.4 66.9

RANDOM 8× 16
2 61.9 53.7

CHECKER 8× 16
2 57.8 56.2

ATTENTION 8× 16
2 63.4 55.9

Table 5: AME-based glimpse selection versus naive sampling -
classification: Comparison of glimpse selection strategies in clas-
sification task for SUN360 database. The metric used is accuracy
(higher is better). We used regular (non-retinal) glimpses for this ab-
lation and tested full-model and head-only training strategies. Our
method performs better than random position sampling and random
sampling from a checkerboard-like pattern.
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Figure 10: RMSE results versus attention map source: Compari-
son of attention-based glimpse selection results in regards to decoder
layer used as attention map source. The figure shows that the best re-
sults can be achieved using the last layer of the decoder. The dataset
used is MS COCO. The metric is a root mean square error (RMSE;
lower is better). The image resolution is 256 × 128 in an 8 × 32

2

non-retinal glimpse regime.

inate the need for any sampling decision module or separate
network head focused on decision strategy. Furthermore, our
approach does not require separate training for the main task
and the sampling decision strategy, reducing the complexity
of the overall system. Our approach is based on the masked
auto-encoder architecture, which allows for the efficient pro-
cessing of partial observations. The results demonstrate that
the attention values trained inherently from the transformer-
based decoder can be used to generate decision-making priors
that improve the performance of scene understanding tasks.
An exhaustive empirical comparison against the competing
architectures shows that our solution performs better when
limited data is available.
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[Śmieja et al., 2018] Marek Śmieja, Łukasz Struski, Jacek
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In this Supplementary Materials, we present additional information regarding performed experiments, results, and visualiza-
tions for our Attention-Map Entropy active visual exploration method.

1 Details on models used for experiments

We implemented the Attention-Map Entropy algorithm using Python (version 3.9) and PyTorch (version 1.13) library. In this
section we explain the structure, hyperparameters, and training regime of AME which we use in Section 4 of the paper.

1.1 Structure

For each task (reconstruction, segmentation, and classification), we use the same structure of the encoder. It consists of 24
standard transformer blocks, which are initialized with weights of the MAE ViT-Large model that was pre-trained on the
ImageNet 1K dataset. Each encoder block consists of 16 self-attention heads. The input to the encoder are patches of size
16x16 which are later transformed into embedding vectors of size 1024. The feed forward network in each block consists of
4096 hidden neurons. As the number of input patches may vary between images in batch, we use padding tokens to even out
the sequence length. We explicitly assign zero attention scores to padding tokens to mask them from computation, which is a
standard approach used in NLP transformers. The difference in the architecture between tasks lies in the decoder part of the
architecture.

For reconstruction, we use a decoder consisting of 8 transformer blocks followed by a linear head, initialized with MAE
weights. The size of embedding in the decoder is 512, each block uses 16 self-attention heads. The feed forward network in
each block has a size of 2048.

Similarly, for segmentation, we utilize 8 transformer blocks followed by the linear head as the decoder; however, we randomly
initialize all parameters.

For classification, we attach an auxiliary classification head to the encoder output. The head takes as input the cls token
embedding of size 1024, as returned by the encoder. It consists of linear layers, one for the train-all scenario and two for the
head-only regime, as described in the Experimental Setup section of the main paper. For two linear layer classification head we
set the latent dimension size to 256, and use a GELU activation between linear layer.

1.2 Training

During training we utilize AdamW optimizer and set the initial learning rate to 0.0001. We use the half-cycle cosine learning
rate scheduling and set the number of epochs to 100. We set the weight decay factor to 0.0001. We choose the best model based
on values of metrics on validation dataset.

2 Additional visualizations

In this section, we provide additional visualizations for both the reconstruction and segmentation tasks.
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Figure 1: Glimpse-based reconstruction step-by-step on SUN360: The figure shows a glimpse selection process based on AME for 8×32
2

glimpses for a sample 256× 128 image. The rows correspond to A) step number, B) model input (glimpses), C) model prediction given, D)
decoder attention entropy (known areas are explicitly set to zero).
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Figure 2: Glimpse-based reconstruction step-by-step on ADE20K: The figure shows a glimpse selection process based on AME for 8×32
2

glimpses for a sample 256× 128 image. The rows correspond to A) step number, B) model input (glimpses), C) model prediction given, D)
decoder attention entropy (known areas are explicitly set to zero).
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Figure 3: Glimpse-based reconstruction step-by-step on ADE20K: The figure shows a glimpse selection process based on AME for 8×32
2

glimpses for a sample 256× 128 image. The rows correspond to A) step number, B) model input (glimpses), C) model prediction given, D)
decoder attention entropy (known areas are explicitly set to zero).
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Figure 4: Glimpse-based reconstruction step-by-step on MS COCO: The figure shows a glimpse selection process based on AME for
8 × 32

2 glimpses for a sample 256 × 128 image. The rows correspond to A) step number, B) model input (glimpses), C) model prediction
given, D) decoder attention entropy (known areas are explicitly set to zero).
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Figure 5: Glimpse-based reconstruction step-by-step on MS COCO: The figure shows a glimpse selection process based on AME for
8 × 32

2 glimpses for a sample 256 × 128 image. The rows correspond to A) step number, B) model input (glimpses), C) model prediction
given, D) decoder attention entropy (known areas are explicitly set to zero).
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Figure 6: Glimpse-based reconstruction step-by-step on ADE20K: The figure shows a glimpse selection process based on AME for
37× 16

2 glimpses for a sample 224× 224 image. The rows correspond to A) step number, B) model input (glimpses), C) model prediction
given, D) decoder attention entropy (known areas are explicitly set to zero).
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Figure 7: Glimpse-based reconstruction step-by-step on ADE20K: The figure shows a glimpse selection process based on AME for
37× 16

2 glimpses for a sample 224× 224 image. The rows correspond to A) step number, B) model input (glimpses), C) model prediction
given, D) decoder attention entropy (known areas are explicitly set to zero).
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Figure 8: Glimpse-based reconstruction step-by-step on MS COCO: The figure shows a glimpse selection process based on AME for
37× 16

2 glimpses for a sample 224× 224 image. The rows correspond to A) step number, B) model input (glimpses), C) model prediction
given, D) decoder attention entropy (known areas are explicitly set to zero).
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Figure 9: Image reconstruction on SUN360: Figure shows the qualitative results of the image reconstruction task. Image size is 256× 128

and 8× 48
2 retinal glimpses are used.



IMAGE RECONSTRUCTION IMAGE RECONSTRUCTION

Figure 10: Image reconstruction on ADE20K: Figure shows the qualitative results of the image reconstruction task. Image size is 224×224

and 37× 16
2 glimpses are used.
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Figure 11: Image reconstruction on MS COCO: Figure shows the qualitative results of the image reconstruction task. Image size is
224× 224 and 37× 16

2 glimpses are used.
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Figure 12: Image segmentation on ADE20K: Figure shows the qualitative results of the image segmentation task. Image size is 256× 128

and 8× 48
2 retinal glimpses are used.
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Abstract

Vision transformers have excelled in various computer

vision tasks but mostly rely on rigid input sampling using

a fixed-size grid of patches. It limits their applicability

in real-world problems, such as active visual exploration,

where patches have various scales and positions. Our pa-

per addresses this limitation by formalizing the concept of

input elasticity for vision transformers and introducing an

evaluation protocol for measuring this elasticity. Moreover,

we propose modifications to the transformer architecture

and training regime, which increase its elasticity. Through

extensive experimentation, we spotlight opportunities and

challenges associated with such architecture.

1. Introduction

Vision Transformers (ViT) [8] achieve state-of-the-art

results in many computer vision applications [4, 13, 33].

They cut the image into a regular grid of non-overlapping

patches and pass them as tokens to attention modules that

exchange information between them. Many variations of

the algorithm were created [5, 21, 25, 32], including cross

modal [1] and long-term memory [31] solutions.

Nevertheless, almost all transformer-based methods as-

sume that input tokens form a regular grid of 16× 16 pixel

patches, limiting their applicability in real-life problems.

For example, in Active Visual Exploration (AVE) [20], in

which an agent has to navigate an environment by actively

choosing successive observations while having a restricted

field of view. AVE is commonly encountered in robotic ap-

plications, where an agent must localize dangers as quickly

as possible based on incomplete images and observations of

various scales and positions.

In this paper, we will consider two research questions.

First, we ask if the standard ViT architectures are resilient

to input perturbations that commonly occur in the vision

SAMPLING

SELECTION

EXTRACTED

PATCHES

GRID

SAMPLING

ELASTIC

SAMPLING

Figure 1. Grid vs. elastic sampling: patch sampling with arbi-

trary patch positions and scales creates new possibilities for more

effective and efficient vision transformers.

tasks of embodied AI, such as AVE. For this purpose, we

introduce an evaluation protocol that measures three nec-

essary types of input elasticity a good model should show-

case: scale elasticity, position elasticity, and missing data

elasticity. We use this protocol to measure the input elas-

ticity of common ViT architectures. Then, we move on to

the second question: How can ViT input elasticity be in-

creased by modifying model architecture and a training pol-

icy? We propose architectural and training modifications,

named ElasticViT1, to increase the elasticity.

We hope this work will draw the attention of the ma-

chine learning community to the important topic of input

sampling strategies. It is crucial because, according to re-

cent studies [2], accommodating alternative patch resolu-

tions can significantly impact the algorithm’s real-life per-

formance. We can summarize our contributions as follows:

• We formalize the notion of input elasticity for vision

transformers and provide a comprehensive evaluation

protocol to assess it.

1Our code is available at: https://github.com/apardyl/

beyondgrids

This WACV paper is the Open Access version, provided by the Computer Vision Foundation.

Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Figure 2. Evaluation protocol: To analyze scale, position, and missing data elasticity we introduce three types of perturbations that are

applied separately to each patch from the sampling grid.

• We propose modifications to the vision transformer ar-

chitecture and training policy, including a novel Patch-

Mix augmentation, that increase elasticity.

• We show that elastic sampling strategies can boost

transformers’ performance, especially for significantly

limited input data.

2. Related Work

Vision Transformers (ViTs). Vision transformer intro-

duced in [8] is a versatile method due to its state-of-the-art

performance obtained for many visual tasks [26]. Swin [19]

modifies the attention mechanism to increase the locality

of information exchange between tokens. AViT [5] demon-

strates how transformer neural networks can be dynamically

scaled. Pyramid ViT [28] implements a multi-scale fea-

ture extraction model using ViT, inspired by previous work

on convolutional neural networks. Vision Longformer [36]

uses a token-based input format that enables seamless addi-

tion of global context tokens and control of the computation

complexity. Other positional encoding methods for vision

transformers were studied in [6, 12, 22].

ViT sampling strategies. Many works explore the pos-

sibility of using different grid resolutions as ViT inputs.

Some perform different grid scale sampling during train-

ing [14,30], and others introduce position and patch encod-

ing rescaling tricks [2]. They usually improve ViT’s ac-

curacy across grids with varying resolutions and constant

patches or when using native resolution grid sampling with

a variable number of patches in a batch [7].

ViTs applications. Initially, vision transformers were

used in classical computer vision tasks, like object detec-

tion [4] and semantic segmentation [13]. However, as the

field matures, the models are being deployed in real-world

scenarios [15], where it is often necessary to understand in-

put to the model as a collection of images captured from

multiple views, each contributing partial information about

a scene rather than a single image. Active visual explo-

ration [11, 20] is one possible setup of such a real-world

scenario. While performing the tasks, robots or drones often

capture images that cover only part of the scene and rarely

come in grid-aligned format with consistent scale. There-

fore, it is crucial to provide higher input elasticity. Some of

them were already considered, like ViT resiliency to miss-

ing data [10] has already been conducted [18, 25, 32], but

their cumulative effect on performance is unknown.

3. Evaluation protocol

In this section, we first define three types of model elas-

ticity corresponding to configurations that occur in embod-

ied robotics data, and then we propose the evaluation proto-

col, which we implement by applying perturbations to the

input sampling procedure. We use the protocol to rank the

models by their overall elasticity.

3.1. Elasticities

We define model elasticity as resilience to particular

forms of input data configurations that can occur in real-life

applications.

Scale elasticity is defined as resilience to the relative

scale change across image tokens processed by the model.

Standard ViT algorithm uses fixed patch size and normal-

izes the size of each input image, while recent works al-

low for the use of native image resolution [7] or different

sampling grid sizes [2]. We generalize the concept of scale

elasticity to include varying scales of patches sampled from

a single image. We measure it by sampling each patch in-

dividually and resampling it to the input token’s standard

16×16 size. Note that this implementation might introduce

missing data to the input as shown in Fig. 2.

Positional elasticity constitutes the resilience to posi-

tional change in input patches. Vanilla ViT is always trained
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Figure 3. PatchMix: We introduce PatchMix, an adaptation

of CutMix and TokenMix to elasticity oriented training regime.

PatchMix takes full advantage of the ElasticViT position and scale

encoding, mixing randomly sampled patches.

with a rigid grid sampling even though, except for standard

ViT positional encoding, the architecture does not require

this. We measure the positional elasticity by sampling im-

age patches at the dense pixel-level resolution in contrast to

the usual coarse grid-level resolution. Note that this sam-

pling procedure might introduce missing data as in Fig. 2.

Missing data elasticity represents the resilience to miss-

ing image parts at the input. Regular ViT assumes complete

knowledge of the image, while many derivative works mask

or remove a portion of input tokens [10, 21]. In this work,

we extend the concept of missing data to take into account

situations where the tokens create an overlap of their recep-

tive fields and do not cover the whole image area at the same

time. Such overlapping might occur after patch scales or po-

sition perturbations, as shown in Fig. 2. However, to mea-

sure the individual impact of missing data on model perfor-

mance, independent of position and scale change, we drop

a subset of grid-aligned patches from the input.

3.2. Protocol

The evaluation pipeline aims to assess the model elas-

ticity by analyzing its resistance to changes in input sam-

pling strategies. For this purpose, we create a set of patches

based on the input image and then process this set through

three perturbation functions corresponding to three consid-

ered elasticities. We use the perturbed set as a transformer

input and report its performance. We provide conclusions

on model elasticity by analyzing the performance obtained

for different types of perturbations.

To strictly define the evaluation pipeline, let us con-

sider image I for which we generate set P of patches

p = (x, y, s), where x and y denote the top-left corner’s co-

ordinates, and s represents the relative scale (i.e. for a native

patch of resolution r× r, we sample a patch r · s× r · s and

rescale it bilinearly to size r×r). Initially, the coordinates x
and y are from the regular grid and s = 1. However, in the

next step, we perturb them with three functions (presented

in Fig. 2) corresponding to the considered elasticities:

• Escale(s1,s2)(P ) - introduces the scale perturbations,

sampling the s parameter of every patch p ∈ P in-

dependently and uniformly from range [s1, s2].

• Epos(q)(P ) - applies positional perturbation, modify-

ing x and y parameters of each patch p ∈ P , inde-

pendently moving them by offsets sampled uniformly

from range [−r·q, r·q], where r is the size of the patch.

• Emiss(d)(P ) - adds missing data perturbations, drop-

ping out d patches from P randomly with equal prob-

ability.

Mathematically, this process can be described as follows:

  P' = \E _{\miss (d)}\circ \E _{\pos (q)}\circ \E _{\scale (s_1,s_2)}(P).     

A disturbed set of patches P ′ is used as an input of the trans-

former to test its elasticity. Elasticity is high if the predic-

tions for P ′ are as good as those obtained for P .

4. Elastic ViT

In this section, we introduce a modification of the vision

transformer architecture [8] for elastic input.

4.1. Position and scale encoding

Standard ViT [8] implementations utilize learnable posi-

tional embeddings. This is feasible because the grid sam-

pling limits the number of possible patch positions. Unfor-

tunately, such embeddings are not attainable with variable

position and scale sampling. Each patch can be sampled

at an arbitrary pixel position and with an arbitrary scale in

elastic sampling. Therefore, the number of possible posi-

tions to be encoded is significantly larger. Consequently,

we used a four-dimensional modification of the sine-cosine

positional encoding of the original transformer model [27].

Let us recall the one-dimensional version of the sine-cosine

encoding (l is the length of the embedding and i the i-th
element of it):

  \PE _{(\pos ,2i)} &= \sin \left (\text {pos} / 10000^{2i/l}\right ) \\ \PE _{(\pos ,2i+1)} &= \cos \left (\text {pos} / 10000^{2i/l}\right ). 





 







To encode the position of a patch p = (x, y, s), we sepa-

rately encode the pixel coordinates of the patch upper-left

and lower-right corner (x, y, x+ r ·s, y+ r ·s) and concate-

nate resultant embedding vectors.

Finally, we modify the input of a ViT to accept a set of

cropped patches and a list of patch coordinates instead of a

full image. The coordinates are used to generate positional

encoding embeddings for each patch, allowing for continu-

ous positional space.

4.2. Augmented training

We propose a training regime modification for greater

elasticity. As our baseline, we use the augmentation regime

introduced in [26], as it allows training the model on the
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Figure 4. Isolated perturbations: (a) The impact of changing the patch scale on accuracy. ElasticViT can extract information from

patches of various scales, being superior to other models in situations when information is lost either because patches do not cover the

whole image or because the patches are of low resolution. (b) The effect of random patch dropout on the accuracy. ElasticViT is more

resilient to significant patch dropout than the other models and even outperforms the image reconstruction model (MAE) at the end of the

measured spectrum. (c) The effect of applying positional perturbation on the accuracy. ElasticViT can naturally interpret a whole range

of possible position values. Being almost immune to the movement of sampled patches it eventually outperforms all but MAE for large

perturbations. Note that the X-axis represents the percentage of patch movement relative to the patch size

ImageNet-1k [23] dataset without using any additional pre-

training. We denote a ViT model trained with our modi-

fied regime as ElasticViT in the following sections. A stan-

dard model trained without introduced elasticity is denoted

as ViT for comparison.

First, we introduce the elasticity functions into the aug-

mentation pipeline. During training we use Escale(1/3,1)

(random patch sampling size in range 16 to 48), Emiss(0)

(no patch dropout), Epos(∞) (unrestricted random patch po-

sitions). The native patch resolution (i.e., the resolutions

all patches are rescaled to after sampling) is set to 16× 16,

and the native (scale = 1) image size is 224 × 224. We use

448× 448 image resolution in the augmentation pipeline to

accommodate for variable scale when required.

Second, we observe that the CutMix [34] augmentation

used in [26] is not optimal with the input elasticity we in-

troduce. As our sampling strategy may change the propor-

tions of images mixed by CutMix due to patch overlap, we

must recalculate the mixed labels after applying elasticity

functions to match the actual proportions of mixed images.

Therefore, we replace it with PatchMix, a custom but com-

parable augmentation dedicated to ElasticViT. Similarly to

TokenMix [17], it mixes patches after sampling. However,

contrary to TokenMix it is not dependant on standard grid

sampling, and can take full advantage of the models ability

to process arbitrary sampled patches (see Fig. 3 and supple-

mentary materials). Moreover, we modify the MixUp [35]

augmentation, performing it after applying perturbations to

patch sampling and ensuring that both sequences of patches

to be mixed have the same patch scales element-wise.

4.3. Experimental setup

We conduct experiments on a variety of state-of-the-art

models with comparable parameter counts, differing in ar-

chitecture or training policy. Namely, we evaluate our Elas-

ticViT, ViT from DeiT III [26], and MAE [10], all based on

ViT-B architecture, and further Swin-B [19], and PVT-v2-

B5 [29]. All models were trained on ImageNet-1k [23].

As the tested models significantly differ in architecture,

we provide the implementation details of the missing data

and position perturbations. The scale perturbation is imple-

mented by patch resampling, independent of the model.

Because ElasticViT, MAE, and DeiT III model build on

original [8] ViT architecture, we implement the action of

Emiss by removing the tokens from input entirely. Contrary

to Swin and PVT, where attention mechanisms and posi-

tional encodings are more involved. For those models, we

implement the action of Emiss as zero-value masking of in-

put tokens.

In all experiments, the magnitude of patch displacement

is less than half of the patch size. Therefore, because Swin

and PVT use relative positional encoding and Emiss is im-

plemented via patch masking, we implement the action of

Epos by stitching sampled and masked patches into an im-

age of the original size. Each patch is aligned to the near-

est corresponding position in the grid. ViT from DeiT III

and MAE use learned discrete-valued absolute positional

encoding. Therefore, we encode the sampled patch position

with an embedding corresponding to the position nearest to

the patch. ElasticViT accepts continuous-valued positions,

therefore we provide the model with true patch coordinates.
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The experiments were performed on ImageNet-1k clas-

sification task. We report our results with both classification

accuracy and the number of tokens used to achieve given re-

sults. All training experiments were run using 4×NVIDIA

A100 GPUs. ElasticViT was trained for 800 epochs using

the same training parameters as in [26]. For other models

we used checkpoints provided by their authors.

To analyses transfer learning capabilities, we fine-tuned

the above models for the MS COCO 2014 [16], Pas-

cal VOC 2007 [9] and ColonCancer [24] datasets for 25
epochs. Only the final fully-connected classification head

was trained using standard grid sampling as in standard ViT.

The training regime from [26] was used, excluding the uti-

lization of MixUp and CutMix augmentations. We report

the mean class average precision scores.

5. Research questions

Our goal was to investigate the resilience of transformers

to input perturbations. For this purpose, we conducted ex-

tensive experiments, divided into six groups. The first three

correspond to individual perturbations. The fourth group

relates to their combinations. The fifth focuses on funda-

mental sampling strategies. In the sixth group, we examine

a training trade-off between elasticity and base accuracy.

Finally, in the last group we look into transferability of re-

silience to other datasets. All of them are described in the

following subsections.

5.1. Scale elasticity

We maintain a consistent grid layout while introducing

scale changes to each patch. The number of patches remains

unchanged, but the perturbation inherently introduces over-

lapping or missing data to the input. This process is visually

represented in Fig. 2 as Scale Elasticity. The outcomes are

illustrated in Fig. 4a.

Is ViT robust with respect to scale? All baseline

models significantly decrease in accuracy when patch scale

changes. Notably, the best-performing baseline model is the

original supervised ViT while the worst are PVT and Swin.

Does applying randomized patch sampling in train-

ing improve scale elasticity at inference? Ours ElasticViT

despite having lower accuracy than other models at the base

point (82.04% vs. 83.80% of ViTs), due to high resilience

to input scale variations, maintains its performance even at

the ends of the measured spectrum and eventually outper-

forms all the other models.

5.2. Missing data elasticity

Missing data can be simulated by adding perturbations to

the input token set so part of the image is not represented by

any of the cut patches. The patch scale experiment (Fig. 4a)

introduced missing data aspects due to changing the scale

of the patches, but it was a byproduct of other types of per-

turbations. We use a patch dropout scheme to isolate only

the missing data aspect and call it the missing data experi-

ment. The perturbation is depicted in Fig 2. The results can

be seen in Fig. 4b.

How does input dropout affect ViT performance? In-

troducing dropout results in a consistent decline in the accu-

racy of all models, being increasingly noticeable as the per-

centage of dropped tokens increases. The best-performing

baseline model is MAE, which is expected as it was trained

on an image reconstruction task. The PVT significantly

stands out from the other models, even from Swin, for

which an identical dropout scheme was implemented and

which has sparse attention too.

Do elastic perturbations during training enhance per-

formance when dealing with missing data? ElasticViT

exhibits a comparable behavior to the baselines when it

comes to missing data, displaying a decline in performance

as the token count decreases. Nevertheless, the rate of ac-

curacy loss is gentler. Notably, ElasticViT surpasses MAE

performance after the removal of 75% of tokens. This is

significant because in the training the ElasticViT always ac-

cepted the full token count, contrary to MAE, which was

trained to reconstruct the image from the 25% of input to-

kens.

5.3. Positional elasticity

Elastic vision transformers should not be limited to ac-

cepting only rigid sets of patch positions. In patch position

experiment, we introduce a concept called ”patch shake”

– a randomized shift in the position of the original patches

from a grid by a specified percentage of the patch size. Elas-

ticViT’s positional embeddings readily adapt to these posi-

tional changes. However, for the other models, we had to

modify their positional embeddings to make this experiment

viable. We encode each patch with embedding correspond-

ing to the grid layout position being nearest to the patch.

The patch shake operation is illustrated in Fig. 2. The out-

comes can be observed in Fig. 4c.

Is ViT elastic to positional perturbations? Patch shake

results in a minor accuracy reduction for all the models ex-

cept PVT. It’s important to note that patch shake can in-

herently introduce missing data and overlap perturbations.

Therefore, this experiment doesn’t isolate which specific

perturbation has the most substantial impact on perfor-

mance. Nonetheless, it’s worth considering that the clas-

sification task might be inherently position agnostic, as Im-

ageNet classification could be efficiently accomplished by

treating patches as ”bags of words” without explicit posi-

tional context.

Does training with randomized sampling improve

positional elasticity? Like the missing data experiment

(Sec. 5.2), ElasticViT exhibits greater resilience to patch
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Figure 5. Combining perturbations: The results of mixing multiple types of perturbations in one experiment. We observe that the

performance of baseline models degrades quickly as perturbations add up. At the same time, the accuracy of ElasticViT remains stable for

much longer, allowing more elastic input.
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Figure 6. Patch sampling strategies: We introduce two sampling

strategies to show the benefits of elastic sampling. CENTRAL

employ human retina-like higher density sampling in the center,

EDGE samples based on weights provided by an edge detector

(the more edges the denser sampling).

shake than the baselines. ElasticViT outperforms all mod-

els but MAE when the patch positions are shaken by ap-

proximately 40% of the patch size. Notably, the accuracy

of ElasticViT remained almost constant with respect to the

increase of patch shake, while the second-best model in this

regard (MAE) lost 2 p.p. of accuracy.

5.4. Combining perturbations

We conduct a series of tests by combining the previously

introduced input perturbations to assess their collective im-

pact on performance. The scaling ranges for perturbation

parameters are the same as in the earlier experiments. The

objective is to determine whether ElasticViT’s resilience

will continue to outperform that of the original ViT in more

complex scenarios.

How does positional elasticity combine with missing
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Figure 7. Central and adaptive patch sampling: Results of

applying two patch sampling strategies (CENTRAL and EDGE)

compared to standard grid sampling at inference. We observe that

by leveraging input elasticity we can gain a significant improve-

ment in accuracy when the number of sampled patches is limited.

data elasticity? In patch position & missing data experi-

ment, we introduce a combination of dropout and shake per-

turbations, and the results are depicted in Fig. 5a. Notably,

the detrimental effect on ViT’s performance closely aligns

with the summed impact of shake and dropout when per-

formed independently. This lets ElasticViT surpass MAE at

the 60% dropout threshold, instead of 75% as in the missing

data 4b experiment.

What is the interaction between positional elasticity

and scale data elasticity? In patch position & patch scale

experiment, we combine the zoom perturbation with the

shake perturbation. The results are shown in Fig. 5b. The

ratio of performance decline between ViT and ElasticViT

remained consistent with that reported in the previous ex-

periment for patches twice as large. However, as patches
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Figure 8. Training for elasticity: Evaluation of training regimes

with different proportions of the grid and ElasticViT augmented

training (see Sec. 4) in training batches. For validation we apply

all three perturbations. Note that only a small number of Elas-

ticViT augmented training batches (< 15%) is required to improve

elasticity significantly.

became smaller, the performance gap between both algo-

rithms widened. In the most altered scenario, ElasticViT

outperforms ViT with a nearly 20 percentage point lead.

How does scale elasticity combine with missing data

elasticity? In missing data & patch scale experiment, we

combine dropout with patch scale change, and the results

are illustrated in Fig. 5c. The outcomes resemble those of

the grid zoom experiment (Sec. 5.1) but exhibit a more pro-

nounced negative impact of the perturbations. ElasticViT

begins to outperform ViT at approximately the midway

point of the perturbation intensity scale.

5.5. Patch sampling strategies

The elastic features demonstrated by ElasticViT create

an opportunity to apply a multi-scale approach to partition-

ing images into patches of different scales in a non-uniform

manner. Given the results obtained in the grid experiments,

there’s a possibility that this approach can lead to perfor-

mance improvement without sacrificing accuracy compared

to standard grid sampling (referred to as GRID).

First, we test a hypothesis that, for the ImageNet, the

central portion of an image might carry more significance

than its periphery. To explore this, we iteratively divide the

patches closest to the center of the image into four smaller

patches. We refer to this algorithm as CENTRAL, see Fig. 6.

The rationale is that smaller patches offer a higher sampling

resolution and introduce more data into the input, poten-

tially leading to improved accuracy. The CENTRAL algo-
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Figure 9. Transfer learning: Results of fine tuning the last lay-

ers of models for multi-label classification of the MS COCO 14

dataset. All models were trained with standard grid sampling.

We observe, that for high perturbation rate ElasticViT outperforms

baselines.

rithm is designed so that the neutral point corresponds to a

token count of 196, which aligns with the original ViT grid

of 14 × 14 and a single scale. Lower values in this con-

text result in larger patches near the image periphery, while

higher values position smaller patches toward the center.

Next, we extend on the previous experiment, analyzing if

an adaptive patch sampling strategy can improve the results,

especially in low patch count scenarios. We create a toy

adaptive sampling algorithm, which we refer to as EDGE,

based on the Canny edge detector [3]. The method starts by

computing a bitmap of edges with a large σ value for the

detector. The map is then divided into 112 × 112 patches,

which are then sorted by their sums over the bitmap. Then,

the algorithm iteratively divides a patch with the highest

sum larger than the minimal size of 8 × 8, into 4 new

patches, which are added to the list, preserving the or-

der. The algorithm is repeated until the number of patches

reaches the target. Visualization of EDGE is presented in

Fig. 6.

Does using higher resolution of the grid in the center

improve accuracy? Our findings for the CENTRAL algo-

rithm are presented in Fig. 7. In the case of the vanilla ViT

model, we observed issues with resilience to scale changes.

Depending on the non-standard scale content of the input

dataset, ViT results can be either negatively or positively

influenced by the CENTRAL algorithm. Conversely, when

considering ElasticViT, the differences are significantly re-

duced, and there is a higher likelihood that CENTRAL sam-

pling leads to improved model performance.

8531



Can adaptive patch size sampling perform better?

The results of this experiment are presented in Fig. 7 for the

ElasticViT model. We observe, that EDGE performs signif-

icantly better than both GRID and CENTRAL algorithms in

low patch count scenarios (less than 64 patches). When lim-

ited to 25 patches, it achieves over 6% improvement com-

pared to ElasticViT and 20% over standard ViT, increasing

to 12% and 32% (accordingly) when only 16 patches can

be sampled. Consequently, we claim that even very simple

adaptive patch sampling methods can reduce the number of

tokens needed to achieve targeted performance.

5.6. Trade-offs

This section explores a training trade-off for elastic sam-

pling. Further experiments on trade-off in inference are pro-

vided in supplementary materials.

What is the tradeoff between accuracy and elastic

training? A consistent pattern emerges in all our exper-

iments comparing ViT and ElasticViT: ViT generally ex-

hibits higher accuracy than ElasticViT when evaluated un-

der the original, unperturbed grid sampling scenario. How-

ever, as we introduce perturbations into the evaluation, Elas-

ticViT can surpass ViT. Earlier we performed experiments

that juxtapose classical single-scale grid training against a

fully randomized sampling method of ElasticViT, represent-

ing two extremes in the spectrum.

Fig. 8 illustrates the results of training with mixed simple

grid sampling (standard ViT training) and a fully random-

ized setup (ElasticViT training regime, see 4). The evalua-

tion was conducted by applying all three perturbation vari-

ants at the same time.

The findings reveal that for simple grid evaluation, elas-

tic training has a relatively minor negative impact on accu-

racy. However, in the case of randomized evaluation that

requires elasticity, even with only 15% of the training data

containing randomized patches, there is a substantial gain

of more than ten percentage points in accuracy. This im-

plies that in practical applications, fine-tuning the network

can be accomplished using just a fraction of perturbed input

data while having minimal repercussions on baseline (sim-

ple grid) accuracy. Yet, this approach offers increased re-

silience to perturbations, demonstrating the practical utility

of elastic inputs in the training process.

5.7. Transfer Learning

We evaluate elasticity of models pre-trained on the

ImageNet-1k dataset and fine-tuned to the target tasks.

Does elasticity capabilities transfer to other datasets?

An important question that remains to be answered

is whether the elasticity capabilities observed on the

ImageNet-1k dataset transfer to other datasets and tasks.

We analyze this problem on the matter of multi-label clas-

sification of the MS COCO 2014 dataset as described in

Sec. 4.3. We perform evaluation applying all three pertur-

bations (see Sec. 3) at the same time. Results of this experi-

ment are presented in Fig. 9, PVT, Swin and MAE perform

the best when no perturbation are introduced. However,

ElasticViT exhibits the best consistency in results across

all perturbation range. The standard ViT model performs

the worst, even without any perturbations, indicating worse

generalization capabilities. Results for VOC and Colon-

Cancer are provided in supplementary materials.

6. Conclusions

This study examines Vision Transformers (ViT) and their

adaptability to varying input sampling strategies required in

real-world applications. We introduce an evaluation proto-

col to assess ViT’s resistance to input perturbations, includ-

ing scale, missing data, and positional changes.

Standard ViT models prove to be vulnerable to these per-

turbations, displaying a significant performance drop due

to potential overfitting during training. In contrast, the

modified ViT we proposed exhibits better resilience thanks

to randomized training, maintaining or improving perfor-

mance in various scenarios, see overall comparison in Fig. 8

of the supplementary material.

Our experiments also explore adaptive patch sampling

using CENTRAL and EDGE algorithms, which ElasticViT

benefits from, particularly in scenarios with fewer patches.

Adaptive patch sampling efficiently reduces token require-

ments while preserving target performance.

Future work in this area should focus on refining the

adaptive patch sampling strategies and further investigating

the trade-offs between downscaling input tokens and patch

dropout under computational constraints. Additionally, re-

search should aim to apply these findings to real-world ap-

plications, enhancing transformer models’ adaptability in

practical contexts.
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Figure 1. PatchMix: Standard CutMix poses an issue in Elas-

ticViT training regime, as proportions of mixed targets may

change in randomized sampling. TokenMix replaces patches af-

ter sampling, incidentally eliminating this issue, but nevertheless

relies on grid sampling. Our PatchMix takes full advantage of the

ElasticViT position and scale encoding, and enables mixing of ran-

domly sampled patches of different scales.

1. Additional experiments

1.1. PatchMix ablation

To evaluate the effectiveness of PatchMix (see Fig. 1 for

visualization) we perform an ablation study, training the

model with the regime presented in Sec. 4 of the main pa-

per, but without the PatchMix augmentation applied. The

ElasticViT Accuracy

without PatchMix 80.67%

with PatchMix 82.04%

Table 1. PatchMix ablation study: The effectiveness of the

PatchMix augmentation evaluated on the Imagnet-1k dataset. The

test was performed without any introduced perturbations. We ob-

serve that PachMix provides over 1.5% gain in accuracy.

results are presented in Tab. 1. The PatchMix augmenta-

tion improves the accuracy of ElasticViT by over 1.5% on

ImageNet-1k.

1.2. Grid density

Continuing on scale elasticity experiments presented in

Sec. 5.1, we decided to investigate the resistance of ViT

architectures to change of grid density. In real-world sce-

narios, scale changes are quite common. However, when

conducting synthetic experiments with ViT, the typical ap-

proach is to maintain a consistent input image resolution

and grid layout density.

In this setup, we adjust the grid density, thereby altering

the number of patches while using the same input image.

This modification process is illustrated in Fig. 2 as Grid

density and compared to the Grid zoom perturbation shown

in Sec. 5.1. The outcomes for standard ViT, MAE and Elas-

ticViT are presented in Fig. 3. PVT and Swin models were

omitted in this evaluation, as changing the grid density in

those models is not trivial due their internal structure. We

observe, that all models perform similarly well when de-

creasing the density of the grid, while only ElasticViT can

utilize denser sampling to its advantage.

1
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Figure 2. Scale elasticities: We use two perturbation scenarios,

that change the size of a patch in a grid. The first (grid density)

changes the number of patches. The second (grid zoom) keeps

same number of patches but changes theirs size.
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Figure 3. Grid density: The impact of changing the grid density

(see Fig. 2) on accuracy. ElasticViT can utilize extra information

from denser grid sampling (0.5), outperforming the original ViT.

1.3. Is it better to down-scale input or dropout
patches?

The results from our previous experiments naturally lead

to an important question: When faced with computational

constraints, is it more beneficial to remove an entire patch

from the input or to rescale neighboring patches in order

to maintain complete image coverage, even at the cost of

changing the token scale? To investigate this, we conduct

experiments where we iteratively select a random 2 × 2
patch block from the uniform 14×14 patch grid and modify

it in two ways. The first is to replace a 2×2 block of patches

with a single larger patch, preserving the same coverage. In

the second, we remove three out of four patches within the

block. In both cases, these operations reduced the input to-

ken set by three, either through a dropout operation or by

changing the scale of the patches.

The results of these experiments are depicted in Fig. 4.

Surprisingly, ElasticViT exhibits almost no discernible dif-
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Figure 4. Reducing number of patches: Evaluation of the trade-

off between lower resolution sampling and patch dropout. The X-

axis represents the number of 2×2 patch blocks either replaced by

a single lower-resolution patch or kept with only one patch while

dropping the rest. We observe that the chosen strategy only affects

ViT significantly at a high number of replacements, whereas Elas-

ticViT remains unaffected due to its greater elasticity in handling

missing data.

ference in performance between the dropout and rescale op-

erations, with dropout slightly outperforming rescaling at

the extremes. Again, This would suggest a potential overfit

with results better when having only 25% of the image cov-

ered by patches than having 100% coverage but with two

times lower sampling resolution. In contrast, for the origi-

nal ViT model, there is a visible distinction in performance

between the two methods of limiting token counts, with the

rescaling option proving to be a much more effective solu-

tion at the extremes.

1.4. Transfer learning (continued)

1.4.1 Pascal VOC dataset

In this section we show additional results for transfer learn-

ing elasticity, evaluated on the Pascal VOC dataset. We fol-

low the same training and evaluation setup as in Sec. 5.7 of

the main paper. Results of the experiments are presented

in Fig. 5. We observer, that standard ViT performs the best

for the native resolution, but is outperformed by ElasticViT

when elasticity is introduced. Both PVT and Swin performs

slightly worse, and surprisingly, the self-supervised pre-

trained MAE performs the worst, failing to achieve event

half of the mean average precision score of ViT and Elas-

ticViT.
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Figure 5. PASCAL VOC transfer learning: Results of fine tun-

ing the last layers of models for multi-label classification of the

PASCAL VOC 2007 dataset. All models were trained with stan-

dard grid sampling. We observe, that for high perturbation rate

ElasticViT outperforms baselines. Note the surprisingly poor per-

formance of the self-supervised pre-trained MAE.

Model Sampling type Accuracy

ViT GRID 82%

ElasticViT EDGE 87%

Table 2. ColonCancer transfer learning: Results of fine-tuning

the last layers of models for binary classification of the Colon-

Cancer dataset. The standard ViT model was run with grid sam-

pling, while our ElasticViT model utilized EDGE sampling as de-

scribed in the main paper. We observe that our model outperforms

the standard ViT, benefiting from variable scale sampling.

1.4.2 ColonCancer dataset

We further test transfer learning properties of our model,

evaluating it on the ColonCancer dataset. The dataset con-

sists of histopathological images to be classified as malig-

nant or benign. As previously, we train only the final linear

layer of the model. For standard ViT we apply regular grid

sampling, our ElasticViT uses EDGE sampling as described

in the main paper. Results are presented in Tab. 2, showing

superior performance of ElasticViT. We attribute this supe-

rior performance to EDGE sampling, which extracts more

patches in regions containing cell nuclei, enabling Elas-

ticViT to create a better representation of the data.
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Figure 6. Elastic sampling impact on performance across mul-

tiple runs: The histogram represents the distribution of classifica-

tion error for five inference runs with different random seeds used

for elastic sampling. We observe that the differences between runs

are insignificant. Note that the accuracy scores of particular runs

are provided in the plot legend.

1.5. Stability of elastic evaluation

As our elasticity benchmark introduces randomness, we

run the evaluation pipeline on the same trained model mul-

tiple times to check for any fluctuations in performance

across different random seeds. The differences in perfor-

mance are insignificant over multiple runs of elastic sam-

pling, as shown in the histogram of performance standard

deviations in Fig. 6. This consistency can be attributed to

the large size of the ImageNet-1k validation set.

1.6. Patch redundancy

Elastic sampling allows for patch overlap, which pro-

vides redundant information to the model. In this exper-

iment, we explored vision transformer capability to deal

with redundant information. The model was provided with

a standard full grid of 16 × 16 patches, that covered the

entire image. Then, a number of redundant, randomly sam-

pled patches with scales between 0.5 and 2 was added to the

input. The results are presented in Fig. 7. We observe, that

for standard ViT and MAE models those redundant patches

essentially constitute noise, which reduces the overall per-

formance. Our ElasticViT is capable of using the extra in-

formation to slightly increase the accuracy.

1.7. Overall performance comparison

To assess the overall elasticity of the compared methods,

in Fig. 8 we present a critical difference diagram, aggregat-

ing results from Fig. 4 and Fig. 5 of the main paper.
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2. Pipeline visualizations

In Fig. 9 we present visualization of our elasticity

pipeline output. For clarity, patches are separated with red

borders and patch overlap is highlighted in bright colors.

3. Theoretical analysis of input sampling

strategies and their impact on positional

embedding

3.1. Definition recall

To strictly define the evaluation pipeline, let us con-

sider image I for which we generate set P of patches

p = (x, y, s), where x and y denote the top-left corner’s co-

ordinates, and s represents the relative scale (i.e. we sample

a patch r · s × r · s and rescale it bilinearly to size r × r).

Initially, the coordinates x and y are from the regular grid

and s = 1. However, in the next step, we perturb them with

three functions corresponding to the considered elasticities:

• Escale(s1,s2)(P ) - introduces the scale perturbations,

sampling the s parameter of every patch p ∈ P in-

dependently and uniformly from range [s1, s2].

• Emiss(d)(P ) - adds missing data perturbations, drop-

ping out d patches from P randomly with equal prob-

ability.

• Epos(q)(P ) - applies positional perturbation, modify-

ing x and y parameters of each patch p ∈ P , inde-

pendently moving them by offsets sampled uniformly

from range [−r·q, r·q], where r is the size of the patch.

The patches are described by their upper left (x, y) and

lower right corner (x + rs, y + rs). Then each coordinate

pos ∈ {x, y, x + rs, y + rs} is encoded by the sinusoidal

positional encoding:

PE(pos,2i) = sin
( pos

100002i/l

)

PE(pos,2i+1) = cos
( pos

100002i/l

)

.

which are concatenated into a single vector.

3.2. Perturbations influence on positional embed-
ding

The application of Emiss does not affect the positional

encoding of a patch. However, if a patch was not dropped

by the Emiss perturbation, then the other two perturbations

can modify its position embedding.

After application of Epos, the values of x and y get up-

dated to x+∆x, y+∆y, while the lower right corner x+rs

and y+rs get updated to values x+rs+∆x and y+rs+∆y.

The offset values ∆x and ∆y do not depend on x nor y.

Thus, for x, we obtain the following positional embedding

PE(x+∆x,2i) = sin

(

x

100002i/l
+

∆x

100002i/l

)

PE(x+∆x,2i+1) = cos

(

x

100002i/l
+

∆x

100002i/l

)

,

which holds analogously for the other three coordinates

{y, x+ rs, y + rs}.

When it comes to Escale, it modifies the s value to s +
∆s therefore pos ∈ {x, y} remains unchanged, while both

coordinates pos ∈ {x + rs, y + rs} are offset by the value

∆ = r∆s. The formula is analogous to the Epos case.



Figure 9. Elasticity pipeline visualization: In this figure, we present visualizations of successive input data perturbations. For clarity,

patch borders are marked in red, and patch overlap is highlighted.
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Abstract. Active Visual Exploration (AVE) is a task that involves dy-
namically selecting observations (glimpses), which is critical to facilitate
comprehension and navigation within an environment. While modern
AVE methods have demonstrated impressive performance, they are con-
strained to fixed-scale glimpses from rigid grids. In contrast, existing
mobile platforms equipped with optical zoom capabilities can capture
glimpses of arbitrary positions and scales. To address this gap between
software and hardware capabilities, we introduce AdaGlimpse. It uses
Soft Actor-Critic, a reinforcement learning algorithm tailored for explo-
ration tasks, to select glimpses of arbitrary position and scale. This ap-
proach enables our model to rapidly establish a general awareness of the
environment before zooming in for detailed analysis. Experimental re-
sults demonstrate that AdaGlimpse surpasses previous methods across
various visual tasks while maintaining greater applicability in realistic
AVE scenarios.

Keywords: Active visual exploration · Vision transformers · Reinforce-
ment learning

1 Introduction

Common machine learning solutions for computer vision tasks, such as classifica-
tion, segmentation, or scene understanding, usually presume access to complete
input data [13]. However, this assumption does not apply to embodied agents
functioning in the real world. Agents such as robots and UAVs face constraints
on their data-gathering capabilities, such as a restricted field of view and limited
operational time, caused by dynamically changing environments [48]. Moreover,
capturing and analyzing high-resolution images of the entire visible area is inef-
ficient, as not every part of an image contains the same amount of details.
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Fig. 1: Adaptive Glimpse (AdaGlimpse): Our approach selects and processes
glimpses of arbitrary position and scale, fully exploiting the capabilities of modern
hardware. In this example, AdaGlimpse selects a low-resolution glimpse of the whole
environment. Based on this glimpse, it predicts a bird with probability 0.01, too low
to make the final decision. Instead, it selects the second glimpse by zooming in to the
upper left corner. The process repeats four times until the probability of the predicted
class is higher than a specified threshold.

Active Visual Exploration (AVE) addresses the challenge of how an agent
should select visual information from its environment to achieve a particular
objective. Instead of systematically sampling and analyzing the entire available
environment at the highest resolution, an agent dynamically chooses the lo-
cation for sampling subsequent observations, informed by insights from prior
exploration steps [33]. This process of selecting visual samples, often referred to
as glimpses, is inspired by the natural way humans explore their surroundings
by instinctively moving their heads and eyes [17].

Current research in active visual exploration can be categorized into two
groups. The first group of approaches divides the image into a regular grid of
fixed-sized glimpses from which the model tries to pick the most informative
ones [32, 35, 39, 41]. The second group starts by capturing a low-resolution im-
age of the entire environment, and then it again selects glimpses from regular
grids [12, 30, 46]. Relying solely on regular grids fails to fully exploit the capa-
bilities of modern hardware, which can provide a glimpse of any position and
scale. For example, in a pan-tilt-zoom camera, we can achieve it by using optical
zoom [11], while in a UAV, we can alter its altitude [22].

In this paper, we overcome current limitations by introducing AdaGlimpse

(Adaptive Glimpse)6, an active visual exploration method that selects glimpses
of arbitrary scale and position, significantly reducing the number of observations
required to understand the environment. Drawing inspiration from [31], we build
our network on an input-elastic vision transformer. In each exploration step, our

6 Source code is available at https://github.com/apardyl/AdaGlimpse



AdaGlimpse 3

model predicts the optimal position and scale for the next glimpse as a value in
a continuous space. Since the patch-sampling operation is not differentiable, we
train the model using a reinforcement learning algorithm. In particular, we use
the Soft Actor-Critic algorithm [16] since it excels in exploration tasks.

Through exhaustive experiments, we show that AdaGlimpse outperforms
state-of-the-art methods on common benchmarks for reconstruction, classifi-
cation, and segmentation tasks. As such, our method enables more effective
utilization of embodied platform capabilities, leading to faster environmental
awareness. Our contributions can be summarized as follows:

– We introduce a novel approach to Active Visual Exploration (AVE) that
selects and processes glimpses of arbitrary position and scale.

– We present a task-agnostic architecture based on a visual transformer.

– We formulate AVE as a Markov Decision Process with a carefully designed
observation space, and leverage the Soft Actor-Critic reinforcement learning
algorithm that excels in exploration.

2 Related work

Missing data. The problem of missing data in context of images has been
addressed in a variety of ways, such as inferring remaining information from
the input distribution using a fully connected network [42], or more commonly
by image reconstruction. In particular, MAT [25] performs inpainting using a
transformer network with local attention masking, a solution that additionally
reduces computation by processing only informative parts of the image. A similar
principle can be found in ViT based Masked Autoencoder (MAE) [18] where the
encoder network operates only on visible patches, while the decoder processes
all patches, including the masked ones.

Region selection. Numerous methods exist for selecting the most informative
regions from an image, including expectation maximization [36, 51], majority
voting [2], wake-sleep algorithm [4], sampling from self-attention or certainty
maps [32, 39, 41], and Bayesian optimal experiment design [34]; yet, recently
the most predominant solution is using reinforcement learning algorithms, such
as variants of the Policy Search [28, 29, 50] Deep Q-Learning [6, 7] or Actor-
Critic [35].

Variable scale transformers. A number of studies have been conducted to
overcome the constraint of Vision Transformers (ViTs) of working only with rigid
grid of fixed size patches, be it by modifying grid scale sampling during training
phase [24,45,49] or with position and patch encoding rescaling tricks [5]. Beyond
Grids [31] interests us in particular, as it equips ViT with the ability to use any
square present in an image as a patch, removing both grid and size limitation.
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Active visual exploration. The SLAM (simultaneous localization and map-
ping) challenge is often described in the context of active exploration [33]. A
popular approach seen in many models [3, 12, 30, 46] is to feed the model a
low-resolution version of the image and use a variation of a policy gradient al-
gorithm to choose parts of an image to focus on. Many notable works in domain
of AVE are using CNN-based attention maps for glimpse selection [39–41, 47].
Simglim [21] introduces a MAE-based model with an additional glimpse de-
cision neural network to solve image reconstruction tasks. AME [32] similarly
uses MAE as a backbone, but makes decisions solely on the basis of attention
maps without added loss or modules. STAM [35] uses a visual transformer and
a one-step actor-critic for choosing glimpse locations in the classification task.

3 AdaGlimpse

The key idea of Adaptive Glimpse (AdaGlimpse) is to let the agent select both
the scale and position of each successive observation (glimpse) from a continuous
action space. This way, the agent can learn to decide whether, at a given step of
the exploration process, it is preferable to sample a wider view field at a lower
relative resolution, zoom in on detail to capture a small high-resolution glimpse,
or choose a midway solution.

In this section, we start by formalizing the concept of adaptive glimpse sam-
pling (see Sec. 3.1), and then we discuss the main two components of AdaGlimpse
presented in Fig. 2. In Sec. 3.2, we describe a vision transformer encoder with
variable scale sampling and a task-specific head. In Sec. 3.3, we present the
reinforcement learning agent based on the Soft Actor-Critic (SAC) algorithm.

3.1 Adaptive glimpse sampling

Glimpses. Let X be an unobserved scene to explore. We assume X to be
a rectangle within the Cartesian coordinate system. A glimpse G is a square
region within X that can be observed by a camera, specified by the position of
its top-left corner (x, y) and its size d (camera field of view). Furthermore, we
define glimpse scale as: z = (d− dmin)/(dmax − dmin), where dmax and dmin are
constants denoting the maximum and minimum field of view of an agent camera.
Intuitively, a scale of 0 corresponds to the maximum camera zoom level and a
scale of 1 to the widest view possible. Finally, let C = (x, y, z) be the coordinates
of glimpse G and constant dcam × dcam denote the sampling resolution of G, i.e.,
the resolution glimpses obtained from the camera sensor.

AVE process. Now, we can define the active visual exploration process as a
sequence of glimpse selections. Let T be the maximum number of exploration
steps. The process starts at time t = 0 with an empty sequence of observations.
At time t ∈ {1, ..., T}, the camera captures a glimpse Gt at coordinates Ct pro-
posed by the model, generating a patch of resolution dcam×dcam. We simulate the
process of glimpse capturing by cropping a patch from a large image representing
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Fig. 2: Architecture: AdaGlimpse consists of two parts: a vision transformer-based
encoder with a task-specific head (see Sec. 3.2) and a Soft Actor-Critic RL agent
(see Sec. 3.3). At each exploration step, the RL agent selects the position and scale of
the next glimpse based on the information about previous patches, their coordinates,
importance, and latent representations.

the environment X and scaling it to dcam × dcam. The model stores information
about glimpses; therefore, at step t, it can access glimpses G1, G2, ..., Gt and
their corresponding coordinates. The exploration process is stopped when a set
confidence level or a maximum number of glimpses is reached. As we will show
in Sec. 3.3, this process can be formulated as a Markov Decision Process (MDP)
to leverage RL methods [44].

3.2 Vision transformer with variable scale sampling

The architecture of our backbone network consists of two parts: an encoder based
on a modified version of ViT [10] and a task-specific head (decoder). The goal is
to perform the main task, e.g. classification or reconstruction, based on already
observed glimpses while providing information for the RL agent network.

Glimpse encoder. At each step t, the ViT encoder is provided with a sequence
of glimpses G1, G2, ..., Gt−1 and their coordinates C1, C2, ..., Ct−1. Depending on
the dcam resolution relative to the ViT native patch size dpatch, each glimpse
Gi is divided with a standard sampling grid into a sequence of patches G′

i =
g′i,1, ..., g

′

i,k with coordinates C ′

i = c′i,1, ..., c
′

i,k, where k = (⌈dcam/dpatch⌉)
2. The

resulting sequences of patches and coordinates from all previous glimpses are
concatenated into Ĝt and Ĉt, respectively.

The standard ViT positional embeddings assume that all patches are sam-
pled from a regular grid. As our method relaxes this constraint, we apply Elas-
ticViT [31] positional encoding calculated according to the patch coordinates.
Finally, a trainable class token is appended to the sequence, which is then passed
through ViT transformer blocks. The encoder outputs a sequence of latent tokens
Ĥt, one per patch, and the class token. Furthermore, we estimate the importance
of each input patch, calculating a transformer attention rollout [1], which results

in a sequence Ît.
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Task-specific decoder. The head of the classification model is a simple lin-
ear layer taking as an input the class token, as in standard ViT. However,
for dense prediction tasks (e.g., reconstruction, segmentation), a MAE-like [18]
transformer decoder is used. Then, the decoder receives a sequence of all tokens
from the encoder and a full grid of mask tokens as input. The mask tokens con-
sist of a positional embedding for each position in the decoder grid and a shared
learnable query embedding, indicating that the token value is to be predicted.
This is in contrast to MAE, which only uses mask tokens for unknown areas of
the image. However, using tokens for all positions is essential in our case because
with variable scale sampling we must predict the entire image rather than solely
focus on the absent portions.

The decoder consists of a series of transformer blocks, generating output
tokens projected through a linear layer for reconstruction or a progressive upscale
module [52] of 4 convolutional layers and interpolations for segmentation. Finally,
the output mask tokens are arranged according to a grid, and the remaining ones
are discarded.

Training objectives. The entire backbone network is trained using a task-
specific loss function. Optimization is performed only on the last exploration
step t = T after seeing all glimpses. The loss function for reconstruction is the
root mean squared error (RMSE). For classification and segmentation, we use
distilled soft targets computed by a teacher model and the Kullback-Leibler di-
vergence as the loss function. The teacher model is a pre-trained ViT from [45]
for classification and a DeepLabV3 [8] with a ResNet-101 backbone for segmen-
tation. In both cases, the teacher model is provided with the entire scene X, as
in STAM [35].

3.3 Soft Actor-Critic agent

We consider AVE as a Markov Decision Process (MDP), where at timestep t,
the agent observing state st (information about previous glimpses) takes action
at (coordinates of the next glimpse). It leads to state st+1 (information about
previous glimpses and the next glimpse) as well as the reward rt+1 (scalar es-
timating how much the glimpse helped in refining the prediction). Presenting
AVE as MDP allows us to leverage reinforcement learning algorithms.

Preliminaries. The focal point of reinforcement learning is the policy πθ, which
chooses the next action based on the current state, i.e., at ∼ πθ(st). The goal
is to find the policy πθ that maximizes the value function, corresponding to

the expected discounted sum of rewards: V πθ (s) := Eπθ

[∑T

t=k γ
trt|sk = s

]
,

where γ = 0.99 is the discount factor. The expectation is taken under the pol-
icy πθ, i.e., we use πθ to take actions in the environment. As such, we aim
to find θ∗ = argmaxθ V

πθ . Additionally, in order to evaluate actions and fa-
cilitate the learning of the policy, we define the state-action value function
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Fig. 3: RL agent: RL module of AdaGlimpse uses two networks: the actor and the
critic. The actor predicts the action at (position and scale of the next glimpse) based
on state st = (Ĝt, Ĉt, Ît, Ĥt). The critic estimates the Q(st, at), corresponding to the
expected cumulative reward for taking this action.

Qπθ (s, a) := r(s, a) + γEs′V
πθ (s′), where r(s, a) is the reward received in state

s when executing action a, and state s′ represents the next sampled state. Intu-
itively, it represents the expected return of our policy, that is, the value function
of executing the action a in the first step and choosing the subsequent actions
according to the policy π. Below, we define observations, actions, rewards, the
maximum-entropy objective central to the Soft Actor-Critic algorithm, and the
design of our actor and critic architectures.

State, action and reward. To create the state for the RL agent, we supple-
ment the glimpses Gt with additional information to make the inference easier.
In particular, the state st consists of sequences (Ĝt, Ĉt, Ît, Ĥt), where (as defined
in Sec. 3.1 and 3.2):

– Ĝt are all patches of the previously sampled glimpses,
– Ĉt are coordinates of these patches,
– Ît are their importance (one importance value per patch),

– Ĥt are latent representations of these patches (one token per patch).

Notice that the starting state s0 is an empty sequence corresponding to the fact
that we do not know anything about the environment.

AdaGlimpse proposes continuous-valued actions that describe the arbitrary
position and scale of an image. Therefore, the action is a tuple (x, y, z) ∈ [0, 1]3,
where x, y represents the normalized coordinates of the top-left glimpse corner
and z is its scale.

Finally, we define the reward as the difference between the loss in the suc-
cessive timesteps, i.e. rt = Lt−1 − Lt.

Soft Actor-Critic. RL objective can be optimized with various approaches [44].
However, since exploration is crucial to solving AVE, we decided to use Soft
Actor-Critic [16] (SAC) reinforcement learning algorithm. SAC operates in the
maximum entropy framework, meaning that besides maximizing the expected
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sum of rewards, it also takes into account the entropy of the action distribution.

That is, the goal is to optimize V πθ (s) := Eπ

[∑T

t=k γ
trt + αH(π(st))|sk = s

]
,

where H is the entropy, and α is used to weigh its importance. Higher α values
encourage the RL algorithm to find more exploratory policies, resulting in more
diverse actions.

Actor and Critic architectures. AdaGlimpse requires two networks: the ac-
tor that encodes the policy π and the critic that encodes the state-action value
function Q. For this purpose, we build a custom-crafted architecture, see Fig. 3.
In particular, we create separate token encoders for each part of the input st: a
small convolutional network that processes patches in Ĝt, and a small MLP for
each of the other inputs Ĉt, Ît, Ĥt. As a result, we obtain four embedding vectors
for each patch. We concatenate and process them using an attention pooling [20]
layer to combine information across patches. Finally, we use another MLP to ob-
tain the action at for the actor and the value prediction Q(st, at) for the critic.
Despite the similarity in the actor and critic architectures, we do not share any
parameters between them as it destabilizes the training process.

4 Experimental Setup

Architecture. In all our experiments we use an encoder of the same size as
standard ViT-B [10], i.e., 12 transformer blocks and embedding size of 768. The
decoder consists of 8 blocks with the embedding size of 512. For the RL networks
the hidden dimension size is 256, the number of attention heads is 8 and MLPs
have 3 layers. All networks use GELU activation functions [19].

Training. We adopt the AdamW optimization algorithm [27], setting the weight
decay value to 10−4 and the initial learning rate to 10−5 for classification and
10−4 for other tasks. The learning rate is then decayed using a half-cycle co-
sine rate to 10−8 for the remainder of the training. The model is trained for
100 epochs with early stopping. During training, we alternate between optimiz-
ing the backbone and the RL agent each epoch, except for the first 30 epochs
when we train the RL agent only. We augment the training data using the 3-
Augment regime proposed in [45] extended with a random affine transform for
the segmentation target. Additionally, we pre-train the model for 600 epochs
with 196 random glimpses per image with sizes and positions sampled from a
uniform distribution. In segmentation experiments we fine-tune a model trained
for reconstruction to accommodate for the relatively small size of the dataset.

Datasets and metrics. We assess our method on several publicly available
vision datasets. ImageNet-1k [9] is used for classification and reconstruction
tasks. The performance of zero-shot reconstruction is evaluated on MS COCO
2014 [26], ADE20K [53] and SUN360 [43]. Semantic segmentation is evaluated
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Fig. 4: Glimpse selection step-by-step: AdaGlimpse explores 224×224 images from
ImageNet with 32×32 glimpses of variable scale, zooming in on objects of interest and
stopping the process after reaching 75% predicted probability. The rows correspond
to: A) glimpse locations, B) pixels visible to the model (interpolated from glimpses for
preview), C) predicted label, D) prediction probability.

on the ADE20K dataset (the MIT scene parsing benchmark subset) [53]. Since
the SUN360 dataset does not have a predetermined train-test split, we use a
9:1 train-test split according to an index provided by the authors of [39]. We
report accuracy for classification tasks, root mean squared error (RMSE) for
reconstruction, and pixel average precision (AP), class-mean average precision
(mAP) and class-mean intersection over union score (mIoU) for segmentation.

Glimpse regimes We compare our model to baselines with different glimpse
regimes, that can be categorized as follows: (a) simple - square glimpses with
a fixed and constant resolution [21, 32, 35], (b) retinal - retina-like glimpses [38]
with more pixels in the center than on the edges [32, 39, 41], (c) full+simple -
one low-resolution glimpse of the entire scene followed by simple glimpses [3,12,
30,37,46,47], and (d) adaptive - our variable scale glimpse regime.

For easy comparison of different glimpse regimes, we provide a pixel per-

centage metric representing the percentage of image pixels known to the model,
as defined in [32], which is calculated as the number of pixels captured in all
glimpses divided by the number of pixels in the full scene image.

5 Results

In this section, we present an evaluation of AdaGlimpse compared to compet-
itive methods, followed by an analysis of our approach. Both quantitative and
qualitative results for all baseline methods were taken from [32] for reconstruc-
tion and segmentation, and [35] for classification. Further results are provided
in the supplementary materials.

An overview of glimpse selection performed by our model is portrayed in
Fig. 4. The visualization demonstrates the arbitrary glimpse position and scale
capabilities of our method. AdaGlimpse detects objects of interest and zooms in
on them to extract fine details.
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Table 1: Reconstruction results: RMSE (lower is better) obtained by our model for
reconstruction task against AttSeg [41], GlAtEx [39], SimGlim [21], and AME [32] on
ImageNet-1k, SUN360, ADE20K and MS COCO datasets. Regardless of the number
of glimpses, as well as their resolution and regime (see Sec. 4), our method outperforms
competitive solutions. Note that Pixel % denotes the percentage of image pixels known
to the model, † a reproduced result not published in the relevant paper, and * zero-shot
performance.

Method IMNET SUN360 ADE20k COCO Image res. Glimpses Regime Pixel %

AME 30.3† 29.8 30.8 32.5 128× 256 8× 322 simple 25.00
Ours 14.5 11.1* 14.0* 14.5* 224× 224 12× 322 adaptive 24.49

AttSeg – 37.6 36.6 41.8 128× 256 8× 482 retinal 18.75
GlAtEx – 33.8 41.9 40.3 128× 256 8× 482 retinal 18.75
AME – 23.6 23.8 25.2 128× 256 8× 482 retinal 18.75
SimGlim – 26.2 27.2 29.8 224× 224 37× 162 simple 18.75
AME – 23.4 26.2 28.6 224× 224 37× 162 simple 18.75
Ours 14.7 11.1* 14.2* 14.7* 224× 224 9× 322 adaptive 18.36

AME – 37.9 40.7 43.2 128× 256 8× 162 simple 6.25
Ours 20.9 17.6* 20.5* 21.5* 224× 224 12× 162 adaptive 6.12
Ours 20.7 17.2* 20.7* 21.4* 224× 224 3× 322 adaptive 6.12

Input Ours AME GlAtEx AttSeg

Input Ours AME SimGlim Input Ours AME SimGlim

Fig. 5: Reconstruction quality for SUN360 (top) and ADE20K (bot-
tom): Sample reconstructions of our method compared with AME [32], AttSeg [41],
GlAtEx [39] and SimGlim [21] on the SUN360 and ADE20K datasets. Reconstructions
done with our method are visibly more detailed and less blurry than those obtained
by baseline methods. Notice that images for comparison were taken from the baseline
publications (we did not select them).
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Table 2: Classification results: Accuracy obtained by our model for classification
task against DRAM [3], GFNet [47], Saccader [12], STN [37], TNet [30], PatchDrop [46]
and STAM [35] on ImageNet-1k dataset. Our AdaGlimpse needs 40% less pixels to
match the performance of the best baseline method. Note that Pixel % denotes the
percentage of image pixels known to the model, while regimes are described in Sec. 4.

Method Accuracy % Glimpses Regime Pixel %

DRAM 67.50 8× 772 full+simple 94.53
GFNet 75.93 5× 962 full+simple 91.84
Saccader 70.31 6× 772 full+simple 70.90
TNet 74.62 6× 772 full+simple 70.90
STN 71.40 9× 562 full+simple 56.25
PatchDrop 76.00 ∼ 8.9× 562 full+simple+stopping ∼55.63
STAM 76.13 14× 322 simple 28.57
Ours 77.54 14× 322 adaptive 28.57
Ours 76.30 ∼ 8.3× 322 adaptive+stopping ∼16.94

5.1 Tasks

Reconstruction. Reconstructing the entire scene from observed glimpses veri-
fies comprehensive scene understanding. In Tab. 1 we group the results by pixel
percentage (fraction of pixels of the original input image known to the model).
Our approach outperforms existing methods by a large margin. In particular,
with only 6% of the pixels seen, AdaGlimpse performs better than other meth-
ods that had over 18% of the image visible to them. Note that unlike baseline
methods, we train our model only on ImageNet-1k without fine-tuning for each
evaluated dataset. Qualitative outcomes in Fig. 5 showcase AdaGlimpse produc-
ing reconstructions with a higher level of detail, reproducing more objects com-
pared to baseline methods. All models except AttSeg have backbone networks
pre-trained on ImageNet-1k; AttSeg’s pre-training details were not disclosed.

Classification. Results for multi-class classification on the ImageNet-1k dataset
can be found in Tab. 2. AdaGlimpse outperforms all prior methods, achiev-
ing 77.54% (±0.18) accuracy compared to 76.13% of the best baseline method
STAM [35]. With early exploration termination after reaching 85% probability
of predicted class, it requires over 40% less pixels to match STAM accuracy. Vi-
sualizations of glimpse selection for classification are presented in Fig. 4. With
an early stopping probability threshold of 75%, it is able to classify 224 × 224
images using only a few 32× 32 glimpses of 4 patches each.

Segmentation. The goal of the semantic segmentation task is to classify each
pixel of the full scene based on the captured glimpses. The numerical results are
presented in Tab. 3. AdaGlimpse outperforms both AttSeg [41] and GlAtEx [39]
by a large margin. It performs on par with AME [32] in terms of accuracy;
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Table 3: Segmentation results: Comparison of our model against AttSeg [41],
GlAtEx [39], and AME [32] on the ADE20K dataset. Our method performs on pair with
AME, but requires 35% less pixels, while outperforming other competitive methods on
all considered metrics: Pixel-wise Accuracy (mPA, higher is better), Pixel-Accuracy
(PA, higher is better), and Intersection over Union (IoU, higher is better).

Method PA % mPA % IoU % Image res. Glimpses Regime Pixel %

AttSeg 47.9 – – 128× 256 8× 482 retinal 18.75
GlAtEx 52.4 – – 128× 256 8× 482 retinal 18.75
Ours 67.4 29.4 22.7 224× 224 4× 482 adaptive 18.36

AME 70.3 32.2 24.4 128× 256 8× 482 simple 56.25
Ours 70.0 32.8 25.7 224× 224 8× 482 adaptive 36.73

Table 4: Importance of state components: The RL state consists of the sequence
(Ĝt, Ĉt, Ît, Ĥt) as described in Sec. 3.3. For this study, we replaced each element with
its mean value (averaged over the entire dataset) to see how important it is for the
model. As a result, we observe that the transformer latent is the most informative part
of the state, followed by glimpse coordinates.

patches Ĝt coordinates Ĉt importance Ît latent Ĥt Accuracy %

✓ ✓ ✓ ✓ 77.54
✗ ✓ ✓ ✓ 76.99
✓ ✗ ✓ ✓ 68.25
✓ ✓ ✗ ✓ 77.36
✓ ✓ ✓ ✗ 61.82

however, it requires 35% less information to achieve this result. Consistently,
visualizations in Sec. 5 confirm the quality of the produced segmentation maps.

5.2 Analysis

Percentage of image pixels. The relationship between the percentage of the
full image pixels known to the model (pixel %, see Sec. 4) and performance
is plotted in Fig. 7. AdaGlimpse requires fewer pixels to perform better than
the baseline methods. In particular for reconstruction, with only 5% of pixels
it produces superior results to those achieved by competitive approaches when
provided with 25% of scene pixels.

Importance of RL state elements. The key component of AdaGlimpse
reinforcement learning algorithm is the state, which consists of the sequence
(Ĝt, Ĉt, Ît, Ĥt) as described in Sec. 3.3. In Tab. 4, we present the ImageNet-1k
classification performance when omitting and replacing each component with
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Image Target Ours AME GlAtEx

Fig. 6: Segmentation qualitative results. Sample semantic segmentation of our
method compared with AME [32] and GlAtEx [39] on the ADE20k dataset. In terms
of quality, the segmentation maps generated by our approach are at least comparable
to those produced by competing methods.
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Fig. 7: Percentage of image pixels observed: Figures present the relationship
between the amount of pixels observed by the model relative to the full scene resolu-
tion (pixel %), and its performance. AdaGlimpse outperforms competitive solutions,
requiring significantly less information to achieve the same performance level.

its mean value during inference. The resulting lower accuracy proves the sig-
nificance of each component. The transformer latent Ĥt and glimpse positions
Ĉt are especially crucial for this task, highlighting both the importance of the
glimpse location within the original scene and the benefit of using the processed
input over the original image.

Glimpse location. In Fig. 8, we illustrate the average location of each subse-
quent glimpse, revealing a notable distinction between reconstruction and clas-
sification tasks explored by AdaGlimpse. In the reconstruction task, attention
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ImageNet-1k reconstruction, 16x16 glimpses

ImageNet-1k classification, 32x32 glimpses

avg. 1 2 3 4 5 6 7 8

Fig. 8: Average glimpse image: Mean glimpse maps for models trained for recon-
struction (top) and classification (bottom) averaged over all test images. On the left,
an average map for all glimpses is presented, followed by maps for successive glimpses
t = 1, ..., 8. One can observe that AdaGlimpse learns to select the entire image as
the first glimpse for both tasks, but subsequent glimpse maps differ. Four successive
glimpses in reconstruction concentrate on four parts of the image, while for classifica-
tion, they mostly explore the center.

spans all image regions initially and later focuses on key elements. In contrast, in
the classification task our model swiftly identifies crucial class-specific elements
in the image center, directing attention those regions early on. Notably, both
tasks uncover the well-known fact about ImageNet-1k, where key objects are
concentrated around the image center [23].

6 Discussion and Conclusions

This paper presents AdaGlimpse, a novel approach to Active Visual Exploration,
which enables the selection and processing of glimpses at arbitrary positions and
scales. We formulate the glimpse selection problem as a Markov Decision Process
with continuous action space and leverage the Soft Actor-Critic reinforcement
learning algorithm, which specializes in exploration problems. Our task-agnostic
architecture allows for a more efficient exploration and understanding of envi-
ronments, significantly reducing the number of observations needed. AdaGlimpse
can quickly analyze the scene with large low-resolution glimpses before zooming
in on details for a closer inspection. Its success across multiple benchmarks sug-
gests a broad applicability and potential for further development in embodied
AI and robotics.

While excelling in exploration, AdaGlimpse is limited in performance by the
underlying transformer architecture, which incurs quadratic computational cost
relative to the number of sampled patches. A possible way to overcome this
limitation is to replace it with a selective structured state-space model [14, 15].
Finally, although AdaGlimpse perform well on current benchmarks, they do
not fully reflect the complexity of Active Visual Exploration, as they do not
incorporate dynamic scenes that change over time. As such, further evaluations
are required before real-life deployment.
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In this Supplementary Materials, we present additional experiments and vi-

sualizations for our AdaGlimpse active visual exploration method.

Table 1: Heuristic baselines: We compared our reinforcement learning-based
method against two heuristic exploration policies for the reconstruction task on the
ImageNet-1k dataset. Both heuristic methods use the same ElasticViT backbone as our
approach and utilize 32

2 glimpses, consisting of four ViT patches. The first method,
called BasicElasticAME, samples one low-resolution glimpse of the entire image, fol-
lowed by small, high-resolution glimpses selected using the AME algorithm. The second
method, called QuadTreeAME, also begins with a single low-resolution glimpse. It then
iteratively selects the most uncertain patch using AME, sampling a new glimpse at its
position to effectively acquire four new higher-resolution patches in place of the selected
lower-resolution patch. For comparison, we also provide results for a standard, fixed-
resolution AME baseline. We observed that our method outperforms these heuristic
baselines.

Method RMSE Image res. Glimpses Regime Pixel %

AME 30.3 128× 256 8× 32
2 simple 25.00

BasicElasticAME 25.95 224× 224 12× 32
2 adaptive (heuristic) 24.49

QuadTreeAME 23.2 224× 224 12× 32
2 adaptive (heuristic) 24.49

Ours 14.5 224× 224 12× 32
2 adaptive 24.49
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Table 2: Model and training configuration: In this table we specify the model
and training configuration details.

Parameter name Value

Encoder

ViT type base

native patch size 16

transformer embed dim 768

transformer blocks 12

attention heads 12

mlp ratio 4

Decoder

transformer embed dim 512

transformer blocks 8

attention heads 16

mlp ratio 4

RL agent

hidden dim 256

action distribution TanhNormal
sac target entropy value −3

sac initial alpha value 1

Training

training epochs 100
backbone pre-training epochs 600
backbone lr 10

−5

rl agent lr 5 ∗ 10
−4

backbone weight decay rate 10
−4

rl agent weight decay rate 10
−2

lr scheduler type one cycle
lr warmup epochs 10
minimum lr 10

−8

initial random action batches 10000

initial frozen backbone epochs 10

rl loss function L2
rl batch size 256

backbone batch size 128

replay buffer size 10000
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A)

B)

C) brassiere vault gong handrail handrail handrail bridge

D) 26% 11% 23% 9% 54% 47% 86%

A)

B)

C) dragonfly crayfish crayfish crayfish crayfish

D) 18% 17% 56% 78% 84%

A)

B)

C)
cabbage
butterfly

cabbage
butterfly

dragonfly ruler ruler ruler ruler

D) 10% 27% 29% 49% 71% 76% 85%

Fig. 1: Image classification on ImageNet-1k step-by-step: AdaGlimpse explores
224 × 224 images from ImageNet with 32 × 32 glimpses of variable scale, zooming in
on objects of interest and stopping the process after reaching 75% predicted proba-
bility. The rows correspond to: A) glimpse locations, B) pixels visible to the model
(interpolated from glimpses for preview), C) predicted label, D) prediction probability.
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C) ladybug ladybug ladybug
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wood
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should be: wallaby
D) 8% 7% 13% 52% 78% 79% 85%

A)
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C) mosque fountain mosque mosque

D) 16% 46% 21% 90%

Fig. 2: Image classification on ImageNet-1k step-by-step: AdaGlimpse explores
224 × 224 images from ImageNet with 32 × 32 glimpses of variable scale, zooming in
on objects of interest and stopping the process after reaching 75% predicted proba-
bility. The rows correspond to: A) glimpse locations, B) pixels visible to the model
(interpolated from glimpses for preview), C) predicted label, D) prediction probability.
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Fig. 3: Image reconstruction on MS COCO step-by-step: AdaGlimpse explores
224× 224 images from MS COCO with 8× 16

2 glimpses of variable scale, zooming in
on objects of interest. Note, that each glimpse consists of a single vision transformer
patch. The columns correspond to: A) glimpse locations, B) pixels visible to the model
(interpolated from glimpses for preview), C) reconstruction result.
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Fig. 4: Image reconstruction on MS COCO step-by-step: AdaGlimpse explores
224× 224 images from MS COCO with 8× 16

2 glimpses of variable scale, zooming in
on objects of interest. Note, that each glimpse consists of a single vision transformer
patch. The columns correspond to: A) glimpse locations, B) pixels visible to the model
(interpolated from glimpses for preview), C) reconstruction result.
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Fig. 5: Image reconstruction on MS COCO step-by-step: AdaGlimpse explores
224× 224 images from MS COCO with 8× 16

2 glimpses of variable scale, zooming in
on objects of interest. Note, that each glimpse consists of a single vision transformer
patch. The columns correspond to: A) glimpse locations, B) pixels visible to the model
(interpolated from glimpses for preview), C) reconstruction result.
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Image Reconstruction Image Reconstruction

Fig. 6: Image reconstruction on ImageNet-1k: Figure shows the qualitative re-
sults of the image reconstruction task. Image size is 224 × 224 and 12 × 32

2 adaptive
glimpses are used.
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Image Reconstruction Image Reconstruction

Fig. 7: Image reconstruction on MS COCO: Figure shows the qualitative results
of the image reconstruction task. Image size is 224×224 and 12×16

2 adaptive glimpses
are used.
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Image Reconstruction

Fig. 8: Image reconstruction on SUN360: Figure shows the qualitative results of
the image reconstruction task. Image size is 224× 224 and 12× 32

2 adaptive glimpses
are used. For visualization, images were resized to the original aspect ratio.
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Image Target Result

Fig. 9: Image segmentation on ADE20K: Figure shows the qualitative results of
the image segmentation task. Image size is 224 × 224 and 12 × 48

2 adaptive glimpses
are used.
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Abstract

The real world is messy and unstructured. Uncovering critical information often
requires active, goal-driven exploration. It remains to be seen whether Vision-
Language Models (VLMs), which recently emerged as a popular zero-shot tool in
many difficult tasks, can operate effectively in such conditions. In this paper, we
answer this question by introducing FlySearch, a 3D, outdoor, photorealistic envi-
ronment for searching and navigating to objects in complex scenes. We define three
sets of scenarios with varying difficulty and observe that state-of-the-art VLMs
cannot reliably solve even the simplest exploration tasks, with the gap to human
performance increasing as the tasks get harder. We identify a set of central causes,
ranging from vision hallucination, through context misunderstanding, to task plan-
ning failures, and we show that some of them can be addressed by finetuning. We
publicly release the benchmark, scenarios, and the underlying codebase.

1 Introduction

Vision-Language Models (VLMs) have rapidly emerged as state-of-the-art performers in tasks ranging
from image captioning [32, 69] to robotics [7, 44]. However, real-world decision-making requires
curiosity, adaptability, and a goal-oriented mindset. Nevertheless, the ability of VLMs to operate in
realistic, open-ended environments remains largely untested. In this paper, we propose a benchmark
to understand and enhance the exploratory capabilities of VLMs. We draw inspiration from the field
of Object Navigation (ObjectNav), which focuses on creating embodied agents capable of finding
a specific object in a simulated environment and navigating to it. The object may not be visible from
the agent’s initial perspective, meaning the agent must perform a careful search to locate it.

There are several significant differences between our benchmark FlySearch and existing counterparts.
First, we measure the exploration capabilities of VLMs themselves rather than analyzing more
complex systems built on them. Understanding these capabilities is important because gathering
information is a crucial aspect of the emerging agentic systems [45]. Second, while most ObjectNav
benchmarks take place indoors, we focus on finding objects in a large outdoor space using an
Unmanned Aerial Vehicle (UAV). This allows us to examine how VLMs explore large, diverse, and
unstructured areas and how they control the altitude to change the search granularity. Finally, we
focus on a zero-shot open-ended search setting, i.e., a tested method should not make any prior
assumptions about the testing environment, the categories of objects, or the search process itself. For
example, methods that use detectors of specific objects are out of the scope of our research.

1IDEAS NCBR; 2Jagiellonian University, Faculty of Mathematics and Computer Science; 3Jagiellonian
University, Doctoral School of Exact and Natural Sciences; 4University of Warsaw; 5Nomagic.
Correspondence to: Adam Pardyl adam.pardyl@doctoral.uj.edu.pl

39th Conference on Neural Information Processing Systems (NeurIPS 2025) Track on Datasets and Benchmarks.
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Prompt: Navigate UAV to locate orange car.

Reasoning: I see a road, the car could be there. Need to follow it.
Action: MOVE 10 m north, 5 m down.

Reasoning: Two orange objects visible. Check the first one.
Action: MOVE 5 m east, 20 m down.

Reasoning: Not a car. Check the second object.
Action: MOVE 10 m west, 5 m down.

Reasoning: I'm positioned directly over an orange car.
Action: FOUND.

1

2

34

1

2

3

4

Figure 1: FlySearch is a benchmark that evaluates exploration skills using vision-language reasoning.
To complete each assessment scenario, a model must locate an object specified in natural language.
The agent controls an Unmanned Aerial Vehicle (UAV) by observing images obtained from successive
locations of the UAV and providing text commands describing the next move.

FlySearch1 aims to evaluate the extent to which VLMs can autonomously reason and explore, as well
as characterize the limitations of their current capabilities. In FlySearch, the agent (tested method)
controls a UAV flying over urban or natural environments to search for objects of interest, such
as specific cars, fires, lost people waiting to be rescued, or piles of garbage (see Figure 1). It is
built from scratch using the realistic Unreal Engine 5 [15], widely used for video games, providing
dynamic 3D scenes with many assets. Moreover, procedural generation allows the generation of an
unlimited number of scenarios with varying environmental characteristics, such as time of day, forest
density, and UAV launch altitude. The benchmark runs efficiently in headless mode on both modern
consumer-grade GPUs (NVIDIA RTX) and standard deep learning clusters (A100/H100), lowering
the entry barrier for researchers and practitioners.

FlySearch consists of 3 standardized scenario sets with varying levels of difficulty. FS-1 tests basic
perception and navigation skills, FS-Anomaly-1 additionally probes the capability of agents to
understand the context of the environment, while FS-2 requires executing a consistent exploration
strategy involving a large number of steps to find the object of interest. We evaluate 3 closed-weight
and 6 open-weight models on these scenarios and compare the results to scores obtained by humans.
We find that VLMs strongly underperform humans on both FS-1 and FS-2. Additionally, while the
performance drop between FS-1 and FS-2 is relatively low for humans (≈ 9%), it is massive for
VLMs (≈ 90%). Therefore, despite possessing basic navigation and visual comprehension skills,
current VLM models fail to form and execute proper exploration strategies, even after GRPO-based
fine-tuning.

Our contributions can be summarized as follows:

• We release two high-fidelity outdoor environments built with Unreal Engine 5, enabling
realistic and scalable evaluation of embodied agents in complex, unstructured settings.

• We define a suite of object-based exploration challenges designed to isolate and measure the
exploration capabilities of VLMs and humans in open-world scenarios.

• We benchmark several popular VLMs in a zero-shot setting and identify consistent failure
modes across vision, grounding, and reasoning. Our analysis reveals that these limitations
persist even with fine-tuning, suggesting fundamental gaps in current VLM architectures.

2 Related work

ObjectNav. Our environment is focused on Object-Goal Navigation (ObjectNav or ObjectGoal)
task, where the goal is to navigate to a specific object type in a given environment [3, 6]. Using
this environment, we instantiate challenges that tie into Language-Driven Zero-Shot ObjectNav [12,
17, 39] tasks, as we expect tested methods to be able to perform search for an arbitrary text-based

1https://github.com/gmum/FlySearch
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Table 1: Other benchmarks: We compare FlySearch with other benchmarks focused on VLM
evaluation and ObjectNav challenges. We denote cases of partial criterion satisfaction with ✔.

Environment Photorealistic Outdoor Exploration-focused 3D Focus on VLM eval

Habitat Nav. Challenge [66] ✔ ✗ ✔ ✔ ✗

RoboTHOR [11] ✗ ✗ ✔ ✔ ✗

AgentBench [35] ✗ ✗ ✗ ✗ ✔

LMAct [51] ✗ ✗ ✗ ✗ ✔

SmartPlay [63] ✗ ✔ ✗ ✗ ✔

BALROG [45] ✗ ✔ ✗ ✗ ✔

VisualAgentBench [36] ✔ ✔ ✗ ✔ ✔

OpenEQA [40] ✔ ✗ ✗ ✔ ✔

FlySearch (ours) ✔ ✔ ✔ ✔ ✔

object description. Currently, Habitat-Sim [52, 66], AI2-THOR [11, 25], Gibson Env [64] are the
most commonly used environments for the ObjectNav task [57]. All of these environments are
indoor-focused, while in FlySearch the agent is embodied within a UAV in an outdoor scenario.

VLN. There also exists a related broad field of vision-and-language navigation (VLN), mainly
concerned with embodied agents following natural language instructions that specify a route from
point A to point B [70]. We note the existence of outdoor UAV-centric environments for VLN
tasks, such as AerialVLN [34], TRAVEL [61] or CityNav [28]. AerialVLN is an example of a VLN
task with high-level UAV control and a simulated environment, which follows the above definition.
TRAVEL aims to make drone-based VLN more low-level by modifying the agent’s action space
for direct UAV control. CityNav introduces a VLN environment based on scans of real-life cities
from SensatUrban [21] (instead of simulating them). These papers focus on instruction following
in navigation (i.e., VLN), while our benchmark puts emphasis on finding objects without further
instructions (i.e., ObjectNav).

AirSim and OUTDOOR. Microsoft AirSim [54] is an Unreal Engine 4 plugin that can be used to
create UAV simulators, which can also be used for ObjectNav tasks in an outdoor setting. However,
to the best of our knowledge, only OUTDOOR [65] considers such application of this software,
as ObjectNav is generally dominated by indoor environments. However, even though OUTDOOR
considers using UAVs, the action space is still 2-dimensional (horizontal movement only), while
FlySearch has a 3-dimensional exploration space (the UAV can also move up and down). This
emphasises dynamic altitude control to manage uncertainty and avoid redundant exploration, as the
level of visual detail and the size of the visible area varies depending on the altitude. As such, success
in FlySearch requires an efficient, emergent search strategy, where the agent must reason about where
the object is likely to be, when looking from high altitude. Overall, this is a much more complex
problem, requiring pre-existing knowledge of the real world to understand the contextual cues to
exploit a wide field of view at high altitudes and fly low only in promising areas.

AVE. Additionally, the problem of exploration is considered from a different perspective in Active
Visual Exploration (AVE) tasks [46, 47, 53], where a stationary agent is provided with partial
observations derived from a large static image, simulating a limited field of view.

VLM benchmarks. Vision question-answering (VQA) datasets that contain pairs of images and
textual questions are among the most popular approaches to assess the capabilities and limitations
of VLMs. There are many examples of VQA-oriented benchmarks, such as [19, 23, 37, 41, 56, 68].
However, to fully evaluate VLM’s performance, benchmarks that can measure their performance in
practical tasks are needed [22, 33]. Recently, benchmarks that require interaction with an environment
have gained popularity in the context of evaluating the capabilites of different VLMs. For example,
BALROG [45], VisualAgentBench [36] and LMAct [51] evaluate VLM-based agents on several
different environments with visual and textual representations. MineDojo [16] can be used to test
different VLM-based agents in an interactive, 3D environment based on the popular Minecraft game.
Other examples of benchmarks include SmartPlay [63] and AgentBench [35], although these are
limited only to the textual modality (with images being "encoded" into natural language). There are
also examples of embodied question-answering benchmarks for VLMs, such as OpenEQA [40]. We
differ from other benchmarks by specifically focusing on gauging VLMs in the ObjectNav, which
allows us to evaluate exploration capabilities of VLMs with a high degree of independence from their
other capabilities.
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Simulator
(Unreal Engine 5)

Evaluation
controller

Vision-language
model

Configure
scenarioReset env.

Next action

Camera view + collision info

Reasoning + next action

Instruction prompt
+ previous conversation
+ current camera view
+ current agent status

Scenario generator

ResultsStart

Figure 2: Evaluation pipeline: FlySearch consists of three parts besides the vision-language model.
The simulator renders near-photorealistic views of a large open-world map and handles basic physics
such as collisions. The evaluation controller handles the communication between the evaluated vision-
language model and the simulator and performs the evaluation. The scenario generator (functionally
integrated with the controller and simulator) procedurally generates new evaluation scenarios.

VLMs in ObjectNav. Recently, we have seen a surge in applications of VLM foundation models
in ObjectNav [9, 10, 12, 26, 67] and related tasks [38, 62, 72]. However, we note that these papers
use VLMs as tools to create more intricate methods and they do not aim to measure the exploration
capabilities of VLMs themselves, which are still largely unknown [57]. In this paper, we attempt to
gauge VLMs’ performance by treating FlySearch as a VLM benchmark meant to compare different
models and to understand their shortcomings.

3 FlySearch

The goal of FlySearch is to evaluate the visual-spatial reasoning and information-gathering abilities
of vision-language models. To achieve this, the model is given control of a simulated multirotor
unmanned aerial vehicle equipped with a camera and tasked with finding an object described in
natural language, see Figure 1.

3.1 Evaluation task

Environment. The evaluation environment is a square outdoor area consisting of a fragment of a
photorealistic procedurally generated map. The agent starts in the center of the area, at a randomly
chosen altitude. Somewhere within the fragment is a target object. The agent must locate it within a
limited number of steps and report success.

Starting prompt. The model is given a detailed prompt describing its task, including a brief textual
description of the object to be located, e.g. a red pickup truck. The prompt also describes the
communication format, including how to format the responses. We allow the model to preface each
of its responses with a description of its reasoning, effectively allowing a chain of reasoning. We
provide the prompt template in Appendix G.

Observation. At each exploration step, we provide the agent with a 500×500 pixel RGB image from
the simulated UAV camera. To simplify the task, the camera is always facing the ground. The camera
image is overlaid with a grid of coordinates to help the model understand movement directions and
distances [29]. Additionally, we provide the agent with its height above the ground. In case of FS-2,
we also provide the agent with the image specifying how searched object should look like from above;
that is done to focus FS-2 more on search. All data except the images is provided in XML format.

Action. We assume that the simulated UAV is equipped with an autopilot system. Therefore, the
agent does not need to provide any low-level control signals. Instead, it can focus on exploration
by providing simple text commands with the tag <action>(X, Y, Z)</action>, where each of
the coordinates represents a relative position change in meters in the corresponding direction. We
introduce a collision avoidance system that stops the movement if an obstacle is detected within a 0.5
meter radius of the camera position, or if it tries to move out of the fly zone. When the agent decides
that it has completed the task, it should respond with the FOUND text and end the exploration. If at
any point the model response cannot be parsed, the episode is terminated.
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(a) Forest environment. (b) City environment.

Figure 3: Environments: Our benchmark consists of two types of evaluation environments, forest
and city. For each environment, we can generate an infinite number of procedurally generated test
scenarios. The top row shows a preview of the environment, exhibiting the visual fidelity of the
simulation. Below are top-down views of objects, matching the perspective of the agent.

Metrics. An episode is considered successfully completed (i.e., the object is found) if the object’s
center point is within the agent’s camera field of view, the agent’s position is at most 10 m above the
highest point belonging to the object, and the agent returns the FOUND action. This metric is related
to the one defined in [6], although we use the altitude difference and field of view instead of the
Euclidean distance, as it is easier to estimate for human testers and VLMs – one only needs to make
sure that the altitude is not higher than 10 m and the object is visible. We provide details on the
implementation of the success criterion in Appendix F.

3.2 Evaluation pipeline

The FlySearch system consists of two main components: a simulator based on Unreal Engine 5 and a
controller module. The controller is responsible for scenario generation, communication between
benchmarked VLMs and the simulator, and result aggregation, as seen in Figure 2.

Simulator. To ensure realistic image input for the evaluated tasks, we chose Unreal Engine 5 as the
simulation engine. It provides near-photorealistic graphics through real-time ray tracing and dynamic
global illumination, while also supporting large, detailed open worlds. The platform is compatible
with all major operating systems, and has an open-source codebase, enabling customization for
machine learning applications. Additionally, its procedural content generation facilitates environment
randomization by integrating parts of the scenario generator directly into the server, allowing us to
place tens of thousands of object meshes in seconds. We also leveraged Unreal’s extensive online
marketplace of free assets to create evaluation scenarios. As such, these assets can be easily used to
further extend the benchmark with new environments, scenarios, or objects of interest.

The simulator can be run using any modern consumer-grade graphics card as well as deep learn-
ing dedicated solutions (provided Vulkan is supported), and the engine runs in headless/offscreen
mode (without a monitor). As such, we found it to perform well on standard computing clusters.
Communication between the Unreal Engine simulator and the evaluation controller is handled via
standard TCP/IP networking. The simulator-side implementation is provided as a native Unreal
Engine plugin. We build upon the UnrealCV project [50], extending its functionality to allow full use
of the aforementioned Unreal Engine 5 features.

Evaluation controller. The final component of FlySearch is the evaluation controller, implemented in
Python. This module oversees the entire lifecycle of the benchmarking process, including setting up
scenarios and calculating performance metrics. It also handles communication between the simulator
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and the evaluated vision-language model (VLM). Details of the prompts and message templates
used in FlySearch are provided in Appendix G. FlySearch supports multiple VLMs, as described
in Section 4.1. Additional models can be integrated easily by adding simple adapter code to the
controller module or using the open-source vLLM inference server [27].

3.3 Evaluation environments

The benchmark consists of two distinct evaluation environment types, a forest and a city, see
Figure 3. Each of them has its own set of target objects to find. Forest environment is based on the

“Electric Dreams Environment” Unreal Engine product demo [14]. It consists of sparse forest scenery,
including randomly placed rock formations. The map is procedurally generated entirely at runtime
by the scenario generator. Moreover, all vegetation on the map is subject to wind changes. City
environment is a large, modern, American-style city, based on the “City sample” Unreal Engine
demo [13]. The city layout is a large, semi-procedurally generated map of roughly 4× 4 km. New
maps can be generated with the tools provided at build time. Furthermore, random distractor assets
(parked cars and walking pedestrians) are spawned by the scenario generator at runtime.

4 Evaluation

FlySearch can be used to generate scenarios suited to the user’s needs, e.g., finding cars at night in
the city or locating stranded people in a very dense forest. However, to facilitate further research and
enable fair comparisons, we propose three standardized challenges, i.e., sets of reproducible scenes
that can be used to evaluate agents under the same conditions. Although standardized, it’s important
to highlight that these challenges are not static datasets, as the environment will dynamically react to
the actions of the agent.

FS-1 contains 400 scenes of finding particular objects in the city and forest environments. The agent
is explicitly instructed to find an object with a unique description in at most 10 actions. Certain
distracting objects may appear, e.g., if we ask the model to find a yellow sports car, there might
be cars of other colors or types in the scene. The goal of this challenge is to measure the general
search capabilities of the model across a wide array of objects that might be encountered in various
UAV applications, e.g., search-and-rescue missions and fire detection. The search area is limited to
400 × 400 × 120 m, and the starting altitude to between 30 and 100 m, and the agent may not fly
outside its field of view. We ensure, that the target object is within the field of view of the starting
position and its center is not obscured by hard obstacles (it may not be distinguishable due to distance).
The agent has to find one of the following:

• in the city: road construction works, crowd, large trash pile, fire, vehicle (variable type).
• in the forest: campsite, trash pile, person, forest fire, building.

In both scenarios, all target objects are positioned on the ground, in semantically correct locations,
e.g., a car will be placed in a parking spot, not on the roof. All objects have multiple variations,
randomly selected on scenario generation.

FS-Anomaly-1 is a set of 200 scenes in the city and the forest, where the agent is instructed to find
an object that seems out of place, e.g., a giraffe in the city or a UFO in the forest. The goal of this
challenge is to measure both the search capabilities of the models as well as their knowledge about
what is and is not expected in certain environments. All other settings follow those of the previously
mentioned FS-1. Anomalies are placed on the ground level. The anomalous objects to be located are:

• in the forest: UFO (flying saucer), small airplane, helicopter, large dinosaur, airliner,
• in the city: UFO (flying saucer), small airplane, helicopter, medium dinosaur, tank, giraffe.

FS-2 consists of 200 additional harder scenarios in the city environment. Base setting is the same
as in FS-1; however, starting altitude range is raised to between 100 and 125 m and the search are
is limited to (-starting altitude, +starting altitude) range in X and Y axis. Moreover, dynamic scene
lightning is enabled, simulating different times of day and the maximum allowed altitude is 300 m.
Most importantly, we allow the object to be obscured by obstacles (but still visible from the sky)
and we allow the model to move beyond its field of view at each step to check models navigation
capabilities.
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Table 2: Benchmark results: Success rates (± standard errors) of the evaluated models for FS-1
and FS-2 challenges. We observe that, overall, Gemini 2.0 Flash outperforms all evaluated models.
Notably, small open-source models largely fail to solve the test scenarios, while larger models such
as the Pixtral 124B achieve better performance. Note that the last row shows the model fine-tuned
on the Forest environment (but not the specific FS-1 scenarios), which might lead to overfitting. To
signal this, we mark the corresponding result gray.

Model
FS-1 FS-2

Overall (%) Forest (%) City (%) Overall (%)

Human (untrained) – – 66.7± 4.5 60.8± 6.9

GPT-4o 39.5± 2.4 45.5± 3.5 33.5± 3.3 3.5± 0.9
Claude 3.5 Sonnet 41.2± 2.5 52.0± 3.5 30.5± 3.3 6.5± 1.2

Gemini 2.0 flash 42.0± 2.5 42.5± 3.5 41.5± 3.5 6.0± 1.1

Phi 3.5 vision 0.0± 0.0 0.0± 0.0 0.0± 0.0 –
InternVL-2.5 8B MPO 2.0± 0.7 2.5± 1.1 1.5± 0.9 –
Llava-Interleave-7b 0.8± 0.4 0.0± 0.0 1.5± 0.9 –
Qwen2.5-VL 7B 3.8± 1.0 6.0± 1.7 1.5± 0.9 0.0± 0.0

Qwen2-VL 72B 17.2± 1.9 16.5± 2.6 18.0± 2.7 –
Llava-Onevision 72b 9.5± 1.5 12.5± 2.3 6.5± 1.7 –
Pixtral-Large 29.8± 2.3 38.0± 3.4 21.5± 2.9 3.0± 0.8

Qwen2.5-VL 7B, GRPO on Forest – 57.0± 3.5 27.0± 3.1 0.0± 0.0

4.1 Baselines

We evaluate a range of popular models. We select three proprietary models: OpenAI GPT-4o (2024-08-
06 release) [2, 24], Anthropic Claude 3.5 Sonnet [4], and Google Gemini 2.0 flash (experimental) [18,
58]. Furthermore, we select four small open-weight models, with below 11B parameters: Phi-3.5-
vision [1], InternVL2.5-8B-MPO [60], Llava-Interleave-Qwen-7B-dpo-hf [31], and Qwen2.5-VL
7B [5]. Finally, we select three more open-weight models with more than 11B parameters: Qwen2-
VL-72B-Instruct [59], Llava-Onevision-Qwen2-72B-ov-hf [30], and Pixtral-Large-Instruct-2411
124B [43]. All models were selected based on their ability to process a full evaluation run, keeping all
steps in context. During selection, we tested and rejected Llama-3.2 [42]. Although it architecturally
supports handling multiple images, the publicly available model fails to form coherent responses
when there is more than one image in the context.

Human study. Furthermore, we provide a human baseline for FS-1 City and FS-2 based on a user
study of respectively 111 and 51 samples. The study was conducted using an online service, where
participants were provided with the benchmark prompt and had to perform the same actions as the
VLM. We provide more details about human baselines in Appendix D.

4.2 Results

FS-1. Table 2 contains the main aggregated results of our study. We find that the state-of-the-art
VLMs achieve significantly worse results than non-trained humans on FS-1. While humans score
67% on average, the best-performing Gemini 2.0 manages to find the object in 42% of cases, with
Claude and GPT-4o closely following. Large open-weight models fall behind significantly, with
Pixtral, the best-performing model in this category, losing 10 percentage points on average to the
proprietary models. Finally, the small open-weight models do not show any signal at all, as none of
them exceeded 4%. We find that their poor performance can be largely attributed to their inability
to follow instructions. Figure 4 shows that small models often do not claim that they have found
the object even if it is within range at the end of the episode. As such, we exclude the small models
from further analysis. We provide additional results, including measuring the impact of the action
representation and the grid overlay, in Appendix H.

FS-2. Strikingly, the situation looks much different on FS-2. While on FS-1 humans outperformed
best VLMs by 60%, on FS-2 this number is closer to 835%. We attribute this gap to the lack of
systematic exploration abilities in VLMs. Since in FS-1 the object should be visible in the initial

185985



Table 3: FS-Anomaly-1 results: Success rates
(± standard errors) of the evaluated models. Full
results are in Appendix H.

Model
FS-Anomaly-1

Overall (%)

GPT-4o 27.0± 3.1
Claude 3.5 Sonnet 27.5± 3.2
Gemini 2.0 flash 35.5± 3.4

Phi 3.5 vision 0.0± 0.0
InternVL-2.5 8B MPO 3.5± 1.3
Llava-Interleave-7b 0.0± 0.0
Qwen2.5-VL 7B 2.8± 1.2

Qwen2-VL-72B 7.5± 1.9
Llava-Onevision 72b 8.5± 2.0
Pixtral-Large 15.0± 2.5
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Figure 4: Not claimed successes in FS-1: In this
figure we compare the number of cases, where
the agent located the object, but failed to claim the
FOUND action. We observe, that small models often
fail to format the text output to report success.

Table 4: Performance of Gemini 2.0 Flash and Pixtral-Large in ablation studies. Surprisingly,
increasing the number of steps might lead to worse performance. Additionally, explicitly specifying
the object type in FS-Anomaly-1 improves the results as the task becomes easier.

Setting
City Forest Overall

Gemini Pixtral Gemini Pixtral Gemini Pixtral

FS-1

5 steps limit 34.5% 15.5% 41.5% 33.5% 38.0% 24.5%
10 steps limit (baseline) 41.5% 21.5% 42.5% 38.0% 42.0% 29.8%
20 steps limit 33.5% 13.5% 45.5% 36.0% 39.5% 24.8%

FS-Anomaly-1
Searching for an anomaly (baseline) 25.0% 4.0% 46.0% 26.0% 35.5% 15.0%
Searching for explicit object types 34.0% 7.0% 59.0% 34.0% 46.5% 20.5%

frame, it requires mostly object recognition and spatial reasoning abilities. On the other hand, since
the object might not be within the field of view in FS-2, it requires the agent to implement a strategy
that extensively explores the environment over multiple timesteps. While humans intuitively start
following the streets in search of the object in question, VLMs mostly wander aimlessly in random
directions. The problem is exacerbated due to difficulties with handling long contexts, see the episode
length ablation in a later paragraph.

Fine-tuning results. We find that although some of these shortcomings can be addressed through
simple fine-tuning, the problems with systematic exploration are more fundamental. We finetune
Qwen2.5-VL-7B [5] using GRPO [55] on Forest environment in an offline mode, using a synthetic set
of randomly generated flight trajectories, see details in Appendix E. The resulting model, presented
in the last rows in Table 2, vastly improves upon the base model’s performance on FS-1 City scenario,
boosting the score by 14 times, from roughly 1.5% to 21.5%. However, the fine-tuning does not
impact the results on FS-2 at all, where we still never see any successes.

Qualitative analysis. We perform further qualitative analysis of the larger models, see Figure 6
and Appendix J for example trajectories. By manually analyzing failed exploration trajectories on
FS-1, we observe that even the most advanced models struggle with spatial reasoning. For instance,
when a model loses sight of an object, it often backtracks its moves or starts hallucinating rather than
moving toward the object’s last known location. In case of FS-2, these issues are aggravated by the
additional need of carrying out a systematic search. For example, GPT-4o often flies to the ground
and hallucinates the existence of a searched object, whilst not performing any reasonable exploration
pattern at all. Moreover, all models fail to handle collisions properly, often attempting to redo the
same action when it previously resulted in hitting an object. In one of the trajectories, Gemini states
"I am unable to navigate without hitting the building. I guess I will give up."

Object-specific analysis. In Figure 5 we zoom in on the specific object classes that appear in FS-1.
As expected, classes with large objects, such as buildings have a higher success rate than those with
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Figure 5: Success rate per class: In this figure, we show the model success rate per each target class
for both the Forest and the City environments. Classes with large visible objects such as Building for
Forest or Crowd for City are significantly easier for most models to locate. On the other hand, classes
that are difficult to distinguish from the background, such as both garbage classes, are only located
by more advanced models. Human baseline for City is marked with dashed line.

Step 1 Step 2 Step 3

MOVE (X: 0, Y: 0, Z: -64) MOVE (X: 5, Y: 0, Z: 0) FOUND

Figure 6: Example of a successful trajectory in FS-1: GPT-4o navigates to red sports car object by
first descending and then moving to the right. The first row shows the model’s visual inputs, and the
second actions it has taken. Note the presence of the grid overlay on images. Best viewed zoomed in.

smaller figures, such as single persons. However, even finding a building poses a significant challenge
since the best-performing Claude 3.5 Sonnet does not manage to find approximately 30% of objects
in this class. Interestingly, VLMs tend to be more successful at finding trash piles in the forest rather
than in the city, where they are more visible from a distance. Lastly, the road construction site class is
one of the hardest classes, even though the name provides a clue as to where the model should look.

FS-Anomaly-1. The results for FS-Anomaly-1, presented in Table 3 are on average significantly
lower than in FS-1, suggesting that the models struggle with the additional challenge of figuring
out which object is out of place. Indeed, as we confirm on a subset of the models, the performance
substantially increases once we explicitly name the anomaly object to be found, see Appendix H.
Without explicit instructions, more often than not, VLMs find one of many typical, although visually
distinct objects to be out of place, while ignoring obvious anomalies. For example, in one of the city
scenarios, all closed-source VLMs wrongly identified a yellow taxi to be the anomaly, ignoring a tank
standing next to it. Moreover, we find that the models sometimes tend to misidentify the anomaly
objects as something more expected in a given situation, e.g., one of the models assumed that a giraffe
walking around city streets is a dog.
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Impact of the number of steps. Finally, we study the impact of changing the length of each episode
in FS-1, i.e., the number of actions that can be taken before the trajectory automatically ends in
failure. We find that reducing the number of steps from the baseline 10 to 5 reduces the results by
10% (4pp) for Gemini and 17% (5pp) for Pixtral. More interestingly, we also observe performance
deterioration as we increase the step limit to 20 – Gemini’s performance falls by 6% (2.5pp) and
Pixtral’s by 17% (5pp). Breaking these results by category, we find that increasing the number of
steps only leads to significant deterioration in the visually cluttered City environment. We discover
that models tend to fail when expected to reason and gather information over longer timeframes,
which we also observed in FS-2. See more details in Table 4 and Appendix H.

5 Conclusion

In this paper, we introduce FlySearch, a dynamic benchmark designed for evaluating exploration
capabilities of VLMs. Navigating three-dimensional environments and finding objects of interest are
everyday real-world tasks that remain underrepresented in VLM benchmarking. To address this gap,
FlySearch leverages Unreal Engine 5, a highly realistic video game engine to procedurally generate
scenarios of searching for objects in urban and natural environments. Using the three standardized
challenges, FS-1, FS-Anomaly-1, and FS-2, we show that VLMs underperform compared to human
baseline, especially when it comes to more complex exploration tasks. At the same time, this study has
certain limitations that offer interesting directions for future work. In this paper, we purposefully avoid
testing more sophisticated ObjectNav methods [9, 26, 67], since our main focus lies in understanding
pure VLM capabilities. At the same time, checking their performance in FlySearch could bring
interesting insights to the field. Additionally, we use a simple prompting technique, and one could
possibly get better results out of VLMs by leveraging few-shot learning [8, 48] or prompt optimization
tools [49, 73].
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environment to locate the objects of interest. To evaluate this ability in VLMs, we propose a
benchmark designed around flying a UAV to find objects in urban and natural environments. This is
relevant to real-world applications with positive societal impact, such as search-and-rescue missions,
forest fire detection, or personal assistance. However, autonomous UAVs also pose risks as they
can be misused by bad agents for surveillance or military operations. We implore users to use
their best judgment for the use of the benchmark. Our benchmark is not designed for surveillance
or military applications. We urge other researchers to ensure that their benchmarks (including
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C Benchmark specification

In this section we present the parameters of benchmark scenario generation and evaluation details.

C.1 Scenario parameters

Table S1: Parameters in scenario generation: In this table, we present value ranges for variables
that have an impact on the search trajectory. We sample from them uniformly at random while
creating a scenario. FS-Anomaly-1 has identical value ranges to FS-1, except for the searched object
type and searched object asset. Furthermore, in FS-1 and FS-Anomaly-1 there will be a clear line of
sight from the starting position of the agent to the object. In FS-2, we relax this condition and only
validate that the object is not under an obstacle (e.g. is not hidden under a bridge, but can be behind
a building). Lastly, objects can be placed anywhere in the forest environment and in one of 31852
semantically correct locations in the city environment.

Parameter

FS-1 FS-2

Value range (Forest) Value range (City) Value range (City)

Seed N ∩ [0, 1000000000] N ∩ [0, 1000000000] N ∩ [0, 1000000000]

Agent’s starting height (h) [m] N ∩ [30, 100] N ∩ [30, 100] N ∩ [100, 125]
Agent’s starting position offset [m] [−0.5h, 0.5h] [−0.5h, 0.5h] [−0.95h, 0.95h]

Searched object type {campsite, trash, person, fire, building} {construction works, crowd, trash, fire, car}

Searched object coordinates Anywhere on the map 38152 possible placements

Searched object asset Dependent on the object type Dependent on the object type

Sun elevation angle [10, 90]° over horizon 45° over horizon [10, 90]° over horizon

Sun azimuth angle [0, 360]° 110° [0, 360]°
Tree density [0.0, 0.3] N/A N/A

Rock density [0.0, 0.1] N/A N/A

Object visibility Visible from agent’s starting position Not under an obstacle

We present all variables that can be used to generate a new scenario in Table S1, such as whether the
searched object should be visible from the UAV’s initial location. In Table S2, we describe additional
parameters that do not impact the scenario generation, but govern details of evaluation – such as:
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• Search area bounds – a rectangle centered on agent’s initial position, describing bounds
inside of which agent can move. Note that this only serves as a limitation on agent’s
movement and does not impact the scenario generation process,

• Maximum altitude – if an agent’s action would bring it above that threshold, it is considered
invalid and the agent is asked to issue a new instruction,

• Whether agent can move beyond its current view – in FS-1 and FS-Anomaly-1 the agent is
prevented from leaving visible area, discouraging hallucination,

• Number of available actions,

• Number of possible consecutive retries if agent’s action is considered invalid and needs to
be redone,

• Whether the agent should also receive an image showcasing how the target object should
look like from above.

Table S2: Additional parameters: In this table, we present configurations used during evaluations in
FS-1, FS-Anomaly-1 and FS-2. Number of possible retries in case of invalid action was introduced to
prevent LLMs from "hanging" by constantly performing invalid actions. As such, this limit was not
present while evaluating human baselines. Similarly, we allow humans to fly out of their current view
even in FS-1. We note that FS-1 and FS-Anomaly-1 use the exact same configuration, while more
search-oriented FS-2 uses a slightly different one. In this table, h denotes starting height of the UAV.

Parameter FS-1 / FS-Anomaly-1 FS-2

Search area bounds [m] 400 × 400 2h × 2h
Maximum altitude [m] 120 300
Agent can move beyond its current view No (Yes for humans) Yes

Number of available actions 10 20

Number of possible retries if action is invalid 5 (∞ for humans) 5 (∞ for humans)

Object type specification modality Text Text + Image

C.2 Target details

The targets in the City environment are as follows:

• Road construction works – a construction zone at the side of a road,

• Crowd – a group of over 30 randomly generated people standing close together,

• Large trash pile – a random pile of trash (bags, car tires, barrels, metal sheets, etc.),

• Fire – a burning car or pile of trash with fire and smoke,

• Car – a randomized car or truck with a specific color (we provide the agent with the color
and type).

While in the Forest the goal is to find:

• Campsite – a randomly generated set of camping equipment, including at least one tent,

• Trash pile – a pile of car tires, barrels, metal scrap, and other waste (different than in the
forest environment),

• Person – a human laying flat on the ground, representing an injured hiker,

• Forest fire – a burning forest area, emitting a large cloud of smoke,

• Building – an abandoned building in various styles.

D Human baselines

In order to evaluate human performance on FlySearch we provide a web-based interface for human
testers. The interface is designed to be consistent with VLM evaluation procedure, while allowing
for efficient human interaction. Therefore, instead of using XML formatted text for communication,
the interface uses standard HTML forms and buttons. In Fig. S1 the welcome screen is presented.
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The user is shown the model prompt (with XML formatting instructions omitted) and can select
the between FS-1 and FS-2. In Fig. S2 and Fig. S3 the communication screens for FS-1 and FS-2
respectively are shown. On each step the evaluator has to either fill in X, Y, Z action coordinates and
press the MOVE button, or if they believe they have fulfilled the task criterion they have to press the
FOUND button. Finally, after clicking FOUND or exhausting possible moves the user is notified if they
have succeeded or failed the scenario. During the entire evaluation, users can report any issues with a
built-in bug report form.

Source code of the interface and associated back-end server is included in FlySearch codebase. The
study was conducted with participation of human manual software testers (employees). The study did
not pose any risks to participants. No Personally Identifiable Information was gathered in the process.
The study was conducted according to institutional regulations on data gathering and processing and
was subject to internal approval process.

Figure S1: Human study – start screen: Screenshot of the FlySearch human interface welcome
screen, containing instructions derived from the benchmark prompt. The screen also contains a field
for the participant identifier (nickname), a scenario generator switch (FS-1/FS-2), connection button
and bug report button.

E Fine-tuning details

To provide a reasonable baseline score for fine-tuning VLMs for spatial reasoning we train the Qwen
VL 2.5 7B [5] model on the Forest environment and evaluate it on the City environment in both FS-1
and FS-2. The Qwen VL 2.5 7B model is selected as it is the best performing model in the small
open-source model category in our evaluation. Since the City and Forest environments share almost
no graphical assets and are vastly different visually, training the model on Forest allows for a fair
comparison with other models on the City environment. That is, the model cannot learn to visually
recognize relevant objects and their placement in the evaluated scenario.
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Figure S2: Human study – FS-1 screen: Screenshot of the FlySearch human interface FS-1 screen.
The page contains the target description, agent camera view, altitude, object and boundary collision
information, and action controls. The image is overlaid with grid coordinates, exactly as the image
provided to the evaluated VLM. All state and action elements are the same as those provided to the
model, but for the formatting (a form instead of XML formatted text).

Using the Forest environment, we generate 6750 unique exploration scenarios. In each scenario,
we pre-record a flight trajectory from the starting point to the target. The trajectory is created by
sampling 30 evenly spaced steps over a straight line. To each flight step a random position offset
in range of [−10, 10] m, and capture camera views using our simulator. Finally, we augment the
dataset by generating 10 new trajectories from each captured episode, randomly dropping some of the
flight steps. Resulting trajectories have between 1 and 10 steps, depending on the distance between
start and target. Each trajectory is further cut at random step and formatted as a conversation to be
completed by the VLM, resulting in 67500 training samples.

Standard supervised fine-tuning does not provide sufficient improvement in results (11.1% on FS-1
City, compared to 1.5% of the base model). This is likely due to the fact, that each scenario can be
solved in multiple ways, not just the ideal trajectory. Therefore, we apply GRPO fine-tuning [55]
in step-wise, offline manner. That is, using the pre-generated training dataset we train the model to
predict one next action. We define the reward function for the step with the following pseudo-code:

Listing 1: Reward for GRPO fine-tuning (pseudo-code).

def reward(model_output):
if model_output is not parsable:

return 0

reasoning, action = parse(model_output)

reasoning_reward = min(1, len(reasoning) / 100)
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Figure S3: Human study – FS-2 screen: Screenshot of the FlySearch human interface FS-2 screen.
The page contains the same elements as for FS-1 plus an additional visual description of the target (a
neutral background and lightning picture, not an actual image of the searched object).

if action == ’FOUND’:
if target_located:

return 1 + reasoning_reward
else:

return 0 + reasoning_reward

action_reward = (current_distance - next_distance) / current_distance
action_reward = max(min(action_reward, 1), 0) # clip between 0 and 1

if target_located:
# action should be FOUND, decrease reward for further moves
mod = max(0., (altitude - targed_height compare)) / 10
action_reward = (mod ** .5) * action_reward

return reasoning_reward + action_reward

Therefore, the model is incentivized to both provide at least 100 tokens of reasoning output and to
move closer to the target in each step. When the model can respond with FOUND action the reward for
further moves towards the target is decreased. Finally, if the agent responds with FOUND it receives a
binary reward based on the success.

We perform the GRPO fine-tuning using the Swift library [71], and use LoRA [20] to speed up the
training. Moreover, we freeze the vision encoder part of the model to prevent overfitting on visual
features. Bellow are the full parameters of the training:
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Listing 2: GRPO fine-tuning command.

NPROC_PER_NODE=2 CUDA_VISIBLE_DEVICES=0,1,2,3 swift rlhf \
--rlhf_type grpo \
--model Qwen/Qwen2.5-VL-7B-Instruct \
--train_type lora \
--dataset $DATA_PATH \
--num_train_epochs 1 \
--per_device_train_batch_size 8 \
--per_device_eval_batch_size 8 \
--learning_rate 1e-5 \
--gradient_accumulation_steps 1 \
--eval_steps 100 \
--save_steps 100 \
--save_total_limit 2 \
--logging_steps 5 \
--dataloader_num_workers 4 \
--attn_impl flash_attn \
--use-hf \
--torch_dtype bfloat16 \
--deepspeed zero2 \
--target_modules all-linear lm_head \
--lora_alpha 32 \
--lora_rank 8 \
--external_plugins rewardplugin.py \
--reward_funcs fly_search \
--max_completion_length 1024 \
--warmup_ratio 0.05 \
--num_generations 16 \
--dataset_num_proc 4 \
--temperature 0.9 \
--log_completions true \
--use_vllm true \
--vllm_gpu_memory_utilization 0.9 \
--vllm_limit_mm_per_prompt ’{"image": 10}’ \
--num_infer_workers 2 \
--async_generate true \
--seed 42 \
--split_dataset_ratio 0

The entire process takes several hours using 4 NVIDIA H100 GPUs. After fine-tuning the model
is evaluated with standard FS-1 City and FS-2 settings, achieving 27.0% and 0.0% accordingly.
Moreover, it achieves 57.0% accuracy on the Forest environment it was trained upon.

F Success criterion implementation

45°45°

Agent’s location

h

hh

Figure S4: Success criterion illustration: The searched object’s center must be inside of the camera’s
cone of view. We assume the camera’s field of view is 90°.
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For a trajectory to be considered successful, at the end of it the agent must be located less than
10 meters above the object’s highest point. Furthermore, the object must be seen from the agent’s
location.

To check whether the agent can see the object, we calculate agent’s cone of view and check whether
object’s center is inside of the cone of view. This calculation is straightforward, because camera’s
field of view is 90°. It easily follows that agent at altitude h sees an area of 2h × 2h meters. We
provide a drawing to illustrate that fact in Fig. S4.

In some cases, this implementation may cause misclassifications as a failure, due to the agent „seeing”
an object in a human sense (e.g. a significant part of it’s edges), but not having object’s center in
its cone of view. To avoid this issue, we specify in the prompt that agent should be centered on the
object.

G Prompt templates

In this section we present the prompt templates for all benchmark tasks.

G.1 Prompt template for FS-1 and FS-Anomaly-1

Listing 3: Prompt template for FS-1 and FS-Anomaly-1.

<Context>
You are in command of a UAV, tasked with finding {TARGET}.

</Context>

<Objective>
You should fly BELOW 10 meters above the object and then reply with "FOUND".
Being lower (closer to the object) (like 9, 8, or less meters) is good, being
higher than that (like 11, 12, or more meters) is bad.

You may not be able to see the object in the first image, so you need to perform
a careful search. Your performance will be evaluated based on whether the

object was at most 10 meters below the drone when you replied with "FOUND". The
object MUST be in your field of view when you reply with "FOUND". You must be

centered on the object.
</Objective>

<Coordinates>
There is a grid overlaid on each image you are presented with. It is meant to (
roughly) communicate which point will be in drone’s center of vision if you
move in that direction. Note that height of the drone is not represented in the
grid.

</Coordinates>

<Controls>
<Action space>

To move the drone in a certain direction, use the following format:
<Action>(x, y, z)</Action>. For example, if you want to fly to the place

denoted as (10, 10) on the grid without changing the altitude, you should reply
with <Action>(10, 10, 0)</Action>.

x and y are the coordinates on the grid, and z is the altitude difference.
For example, <Action>(0, 0, -10)</Action> means that you are moving 10 meters
down. This is especially important, since you need to get close to the object
in question.

</Action space>

<Formatting>

Your each response should contain XML <Reasoning> tag and <Action> tag.
<Reasoning> tag should contain your reasoning for the move you are making.
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<Action> tag should contain the move you are making.

If you find the object, fly below 10 meters relative to it and reply with "
FOUND". Remember, it must be in your field of view when you reply with "FOUND"
and you must be 10 meters above it or closer. Being too far away is not
acceptable.

For example:

<Reasoning>This yellow point might be the object in question. I need to go
lower to check for that. If it’s not the object in question, I will continue
the search. I will also slightly go to the north.</Reasoning>

<Action>(5, 0, -30)</Action>

</Formatting>

<Limitations>
You shouldn’t move into coordinates that are outside of your view. Otherwise,

you may hit something which is not ideal.
You can make at most 9 moves. Your altitude cannot exceed 120 meters. Your

search area is 400x400m from the drone’s starting position.
</Limitations>

</Controls>

G.2 Prompt template for FS-2

Listing 4: Prompt template for FS-2.

<Context>
You are in command of a UAV, tasked with finding {TARGET}.

</Context>

<Objective>
You should fly BELOW 10 meters above the object and then reply with "FOUND".
Being lower (closer to the object) (like 9, 8, or less meters) is good, being
higher than that (like 11, 12, or more meters) is bad.

You may not be able to see the object in the first image, so you need to perform
a careful search. Your performance will be evaluated based on whether the

object was at most 10 meters below the drone when you replied with "FOUND". The
object MUST be in your field of view when you reply with "FOUND". You must be

centered on the object.
</Objective>

<Coordinates>
There is a grid overlaid on each image you are presented with. It is meant to (
roughly) communicate which point will be in drone’s center of vision if you
move in that direction. Note that height of the drone is not represented in the
grid.

</Coordinates>

<Controls>
<Action space>

To move the drone in a certain direction, use the following format: <Action
>(x, y, z)</Action>. For example, if you want to fly to the place denoted as
(10, 10) on the grid without changing the altitude, you should reply with <
Action>(10, 10, 0)</Action>.

x and y are the coordinates on the grid, and z is the altitude difference.
For example, <Action>(0, 0, -10)</Action> means that you are moving 10 meters
down. This is especially important, since you need to get close to the object
in question.

</Action space>
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<Formatting>

Your each response should contain XML <Reasoning> tag and <Action> tag.
<Reasoning> tag should contain your reasoning for the move you are making.
<Action> tag should contain the move you are making.

If you find the object, fly below 10 meters relative to it and reply with "
FOUND". Remember, it must be in your field of view when you reply with "FOUND"
and you must be 10 meters above it or closer. Being too far away is not
acceptable.

For example:

<Reasoning>This yellow point might be the object in question. I need to go
lower to check for that. If it’s not the object in question, I will continue
the search. I will also slightly go to the north.</Reasoning>

<Action>(5, 0, -30)</Action>

</Formatting>

<Limitations>
You shouldn’t move into coordinates that are outside of your view. Otherwise,

you may hit something which is not ideal.
You can make at most {glimpses - 1} moves. Your altitude cannot exceed 300

meters.

The search area is limited to what would be visible from the starting
position if there were no buildings or obstacles. The object is within this
area. You may not fly outside of it.
</Limitations>

</Controls>

Furthermore, along with the textual description of the searched object we pass the image, showcasing
how it should look like from above, with a following annotation:

Listing 5: Annotation of searched object’s image in FS-2.

The object you’re looking for is similar to this. This is NOT the drone’s current
view.

H Additional Experiments

In this section we present additional experimental results, evaluating design choices of our benchmark.

Table S3: Performance of Gemini 2.0 Flash and Pixtral-Large on ablations.

Setting
City Forest

Gemini Pixtral Gemini Pixtral

FS-1
Baseline 41.5% 21.5% 42.5% 38.0%
Compass actions 17.5% 21.0% 17.5% 22.0%
No grid overlay 17.0% 15.5% 31.5% 20.0%

FS-Anomaly
Baseline 25.0% 4.0% 46.0% 26.0%
Anomaly with ID 34.0% 7.0% 59.0% 34.0%

Impact of the action space. We test how changing the action format affects performance by
replacing the default Cartesian (x, y, z) movements with compass-style commands that specify a
direction (north, south, east, west, up, down) and distance. This type of action space is common
in previous works. As shown in Table S3, this change significantly degrades performance for both
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Table S4: FS-Anomaly-1 results: Success rates (± standard errors) of the evaluated models.

Model
FS-Anomaly-1

Overall (%) Forest (%) City (%)

GPT-4o 27.0± 3.1 39.0± 4.9 15.0± 3.6
Claude 3.5 Sonnet 27.5± 3.2 37.0± 4.9 18.0± 3.9
Gemini 2.0 flash 35.5± 3.4 46.0± 5.0 25.0± 4.4

Phi 3.5 vision 0.0± 0.0 0.0± 0.0 0.0± 0.0
InternVL-2.5 8B MPO 3.5± 1.3 6.0± 2.4 1.0± 1.0
Llava-Interleave-7b 0.0± 0.0 0.0± 0.0 0.0± 0.0
Qwen2.5-VL 7B 2.8± 1.2 3.7± 2.1 2.0± 1.4

Qwen2-VL-72B 7.5± 1.9 10.0± 3.0 5.0± 2.2
Llava-Onevision 72b 8.5± 2.0 11.0± 3.1 6.0± 2.4
Pixtral-Large 15.0± 2.5 26.0± 4.4 4.0± 2.0
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Figure S5: Success rate per starting altitude interval: In this figure, we plot the success rates of
the models as a function of the initial altitude interval for both the Forest and the City environments
in the FS-1 challenge. The performance drop that comes with increasing altitude is more pronounced
for the City environment.

Gemini 2.0 Flash and Pixtral-Large. Gemini’s accuracy drops from 42.5% to 17.5% in Forest and
from 41.5% to 17.5% in City. Pixtral falls from 38% to 22% in Forest, with little change in City
(21.5% to 21%). These results highlight the importance of a flexible, continuous action space.
Compass-style movement restricts fine-grained control and appears to limit the models’ ability to
effectively search.

Impact of the grid overlay. To assess the importance of the grid overlay on each glimpse, we run
an ablation where glimpses are shown without the grid. As shown in Table S3, removing the grid
leads to a notable drop in performance for both Gemini 2.0 Flash and Pixtral-Large. Gemini’s success
rate falls from 42.5% to 31.5% in Forest, and more dramatically in City—from 41.5% to 17%. Pixtral
shows a similar trend, dropping from 38% to 20% in Forest and from 21.5% to 15.5% in City. These
results suggest that the grid plays a key role in helping models maintain spatial awareness, especially
in more complex environments. Without it, both localization and goal-oriented planning appear to
suffer. This result is consistent with previous works on vision-language coordination [29].

Impact of hidden vs explicit anomaly categories. In the FS-Anomaly setting, the model must
identify an object that doesn’t belong in the surrounding environment. In the base version, the
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anomaly category is implicit, requiring the model to infer what is out of place. In this ablation, we
explicitly tell the model what object to look for.

As shown in Table S3, providing the anomaly identity significantly improves performance. Gemini’s
accuracy increases from 46% to 59% in Forest and from 25% to 34% in City. Pixtral also improves,
from 26% to 34% in Forest and from 4% to 7% in City.

This result suggests that models often struggle with anomaly detection due to semantic ambiguity
rather than visual perception. Explicitly stating the anomaly class helps disambiguate the task and
leads to more focused and successful exploration.

FS-Anomaly-1 full results. We provide full results of the FS-Anomaly-1 benchmark with distinction
between Forest and City environment performance in Table S4.

Impact of the starting height. Finally, we verify how the results vary depending on the starting
height. As seen in Figure S5, the success rate decreases as the starting altitude (and therefore distance
to the target) increases. This is particularly significant in the City environment, where the success rate
for the best models drops by half, likely due to the high number of distracting objects. In contrast,
in the generally easier Forest environment, this decline is less pronounced and occurs mainly in the
upper half of the altitude range.

I Sim2real gap

The main design goal of FlySearch is the evaluation of VLM exploration and 3D spatial reasoning
capabilities, with UAV object navigation serving as a realistic assessment task. However, we
acknowledge the fact that FlySearch can serve as a platform for testing methods designed specifically
for UAV control, including non-VLM solutions. Therefore, in this section, we discuss in depth the
differences between FlySearch and real-life UAV control, underlining issues that were simplified or
omitted in order for the problem to be addressable with existing foundational VLMs.

Environment. FlySearch uses Unreal Engine 5 to provide near-photorealistic simulation of highly
complex environments, with both procedurally generated and handcrafted content, using a vast set of
high-resolution assets and generation rules. This setup allows for world simulation on par with the
latest video games. However, the real world presents far greater complexity and unpredictability than
any video game. This might lead to discrepancies between the behavior of VLM in simulated and
real-world environments.

World dynamics. The real world contains a vast number of dynamic elements (moving cars,
walking people, flying birds, etc.) that cannot be fully simulated even with modern video game
engines. Moreover, FlySearch omits some of the flight-related dynamics, such as sudden gusts of
wind or abrupt weather changes, that were deemed too complex for current foundational VLMs.

Sensor simulation. Our benchmark limits sensor inputs to a downward-facing camera and altitude
reading with 1 m accuracy. The camera sensor is simulated using real-time ray-tracing capabilities
of the engine, accounting for camera auto-exposure, depth of view, light direction (time of the day),
fixed light cloud cover, and atmospheric haze. This enables an overall realistic simulation of a modern
digital camera, but simplifies the weather element and omits any data loss or low-light condition
emulation. Furthermore, real-life platforms may feature multiple cameras, LIDAR/RADAR, GPS
units, IMU, and other sensor modalities that are not simulated in FlySearch.

Target objects. The searched object is stationary (may be animated but remains in the same
location), unique for the scenario (visually similar but semantically different objects may exist on the
map), and visible from the top. In real-world situations, the object can move freely in the environment,
including moving inside buildings, and the description of the object provided to the agent can match
multiple objects. It may require more complex search strategies and the cooperation of multiple
agents.

UAV control. FlySearch uses high-level relative movement actions with 1 m resolution. This can be
implemented in real-life UAVs using existing autopilot software such as PX4 Autopilot or DroneKit,
which can accommodate wind changes and drift. However, a more direct control of the platform
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could speed up the exploration process in practice and make it less dependent on GPS or inertial
navigation systems. At the same time, this makes the task more complex for both VLM models and
human evaluators.

Other simplifications. The benchmark limits agent interaction with the world to up to 20 steps
due to the model context length limitations of most open-source VLMs. In real-life problems, the
location of an object in a large environment may require significantly more observations. In addition,
real-world UAVs are subject to hardware and software failures, none of which are simulated in
FlySearch. In future work, when VLMs can solve our toughest challenge set, we plan to address
some of the above limitations, making our benchmark more realistic.

J Example trajectories

The sample trajectories of different VLMs on FS-1 and FS-2 scenarios are provided in a separate
file in the supplementary material, as well as at: https://github.com/gmum/FlySearch/blob/
main/docs/example-trajectories.pdf

NeurIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The main claims in the abstract and introduction accurately reflect the paper’s
contributions and scope, as they consistently present the research objectives, methodology,
and key findings, aligning with the detailed content and conclusions provided in the main
body of the paper.

Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]
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• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.

• The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.
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• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]

Justification: There are no theoretical results in the paper.

Guidelines:

• The answer NA means that the paper does not include theoretical results.

• All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

• All assumptions should be clearly stated or referenced in the statement of any theorems.

• The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Experiments are described in the main body of the paper. Moreover, there are
full details in the appendix section. Full source code is provided.

Guidelines:

• The answer NA means that the paper does not include experiments.

• If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.
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• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: The data and code are publicly available.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.

• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: The full details are presented in the core paper, the appendix, or available in
the code.

Guidelines:

• The answer NA means that the paper does not include experiments.

• The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.
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• The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: The main empirical results are accompanied by standard errors.

Guidelines:

• The answer NA means that the paper does not include experiments.

• The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).

• It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

• It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The paper provides sufficient information about the type of compute resources
used.

Guidelines:

• The answer NA means that the paper does not include experiments.

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

• The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

• The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research does conform with the Code of Ethics.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
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• If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The societal impacts are presented in Appendix A due to space restrictions.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.

• If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

• Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: The benchmark poses no such risks.

Guidelines:

• The answer NA means that the paper poses no such risks.

• Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
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Answer: [Yes]

Justification: The creators and original owners of assets that are used in the paper are
properly credited.

Guidelines:

• The answer NA means that the paper does not use existing assets.

• The authors should cite the original paper that produced the code package or dataset.

• The authors should state which version of the asset is used and, if possible, include a
URL.

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.

• For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

• If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: New assets are documented and the documentation is provided alongside them.

Guidelines:

• The answer NA means that the paper does not release new assets.

• Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [Yes]

Justification: The instructions given to human subjects are the same as those given to the
models in the benchmark. Full details are presented in Appendix D.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
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Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [Yes]

Justification: The paper includes benchmark scores achieved by human manual software
testers (employees). As clarified in Appendix D, the study does not pose any risk to partici-
pants. The study was conducted according to institutional regulations on data gathering and
processing and was subject to internal approval process.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The LLMs are only used for editing and as a test subject.

Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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