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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
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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
MNIiSW 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 Al-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, IICV, TPAMI, RA-L, WACYV, 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

Wspolczesne widzenie komputerowe w znaczacym stopniu bazuje na zalozeniu, ze model otrzymuje od
razu wszystkie potrzebne informacje w postaci kompletnego, statycznego obrazu o odpowiednio wysokiej
rozdzielczoSci. PodejScie to sprawdza si¢ w zadaniach takich jak klasyfikacja czy segmentacja. Przestaje
jednak by¢ wystarczajace, gdy model ma sterowac robotem lub bezzalogowym statkiem powietrznym,
dzialajacym w rzeczywistym otoczeniu. Taki agent w danym momencie widzi tylko cze$¢ otaczajacego
go Swiata, a szczegotowos$¢ obserwacji zalezy od rozdzielczosci jego kamery i jej pola widzenia. Aby
zdoby¢ kolejne informacje, musi aktywnie kierowa¢ kamerg lub zmienia¢ swoje polozenie, dysponujac
przy tym ograniczonym czasem, energig i zasobami obliczeniowymi. Rejestrowanie i przetwarzanie
calego otoczenia z najwyzsza dostepng rozdzielczoscia jest w tych warunkach kosztowne, a czgsto wrecz
niemozliwe. Istotne staje si¢ zatem nie tylko to, co widzimy obecnie, lecz takze gdzie spojrze¢ lub dokgd
sie przemie$ci¢, aby uzyskac¢ najbardziej przydatne informacje. Trafna selekcja kolejnych obserwacji
pozwala osigga¢ wyniki poréwnywalne z rezultatami metod przetwarzajacych wszystkie dostepne dane,
przy znacznie mniejszych kosztach.

Niniejsza rozprawa dotyczy aktywnej eksploracji wizualnej (ang. active visual exploration) w dwéch
uzupetniajacych sie skalach. W skali lokalnej agent decyduje, na ktdéra czeS¢ otaczajacej go sceny skierowac
kamere i jakie zastosowal przyblizenie. W skali globalnej wybiera natomiast, dokad si¢ przemiescié,
aby uzyskac nowe obserwacje. Celem badan jest opracowanie metod, ktére pozwola agentom poznawaé
otoczenie na podstawie mozliwie niewielu obserwacji, swobodnie korzysta¢ z mozliwosci ruchu i zmiany
przyblizenia oferowanych przez rzeczywiste kamery oraz sprosta¢ wymaganiom eksploracji rozlegtych,
otwartych §rodowisk. Rozprawa podejmuje te wyzwania poprzez cztery hipotezy badawcze analizowane
w czterech kolejnych publikacjach.

Pierwsza publikacja, Active Visual Exploration Based on Attention-Map Entropy (1JCAI 2023),
dotyczy wyboru kolejnej obserwacji bez uczenia osobnej sieci decyzyjnej. Pokazuje, ze entropia map
uwagi transformera, bedaca miarg jego wewnetrznej niepewnosci, moze skutecznie wskazywac, ktory
fragment sceny warto obejrze¢ w nastepnym kroku. Wykorzystanie tego sygnalu upraszcza uczenie,
a zarazem poprawia wyniki rekonstrukcji, klasyfikacji i segmentacji na podstawie niepetnych 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 sposob przezwyciezenia tego ograniczenia. Wprowadza pojecie elastycznosci wejscia,
czyli zdolno$ci modelu do zachowania jakoSci predykcji przy zmianach potozenia i skali fragmentéw
wejSciowych oraz stopnia pokrycia nimi obrazu. Proponuje protokét pomiaru tej wlasciwosci, a takze
modyfikacje architektury i sposobu uczenia modelu typu Vision Transformer, dzieki ktérym moze on
przetwarzaé fragmenty obrazu wybierane poza regularng siatka. Pozwala to przejs$¢ od sztywnego ukfadu
danych wejsciowych do swobodnego doboru ich polozenia i skali.

Trzecia publikacja, AdaGlimpse: Active Visual Exploration with Arbitrary Glimpse Position and Scale
(ECCV 2024), przybliza sposéb wyboru obserwacji do mozliwosci rzeczywistych kamer. Korzystajac
z transformera o elastycznym wejsciu, ujmuje eksploracje jako proces decyzyjny Markowa. Agent uczony
za pomocyg algorytmu Soft Actor-Critic wybiera potozenie i skale kolejnych obserwacji w przestrzeni

ciagtej. Taki zakres swobody odpowiada zdolno§ciom kamer umozliwiajagcych obrét w poziomie i pionie



oraz zmiang przyblizenia (pan-tilt-zoom). Agent samodzielnie uczy si¢ strategii, w ktorej najpierw oglada
scen¢ z szerszej perspektywy, a nastepnie skupia si¢ na istotnych szczegétach. Dzieki temu doréwnuje
wczeSniejszym metodom lub je przewyzsza, wykonujac mniej krokéw eksploracji.

Pierwsze trzy prace stopniowo rozszerzaja mozliwosci eksploracji w skali lokalnej: od wyboru
fragmentéw z ustalone;j siatki, przez swobodny dobdr ich geometrii, po ptynne sterowanie kierunkiem ob-
serwacji i przyblizeniem. Czwarta publikacja, FlySearch: Exploring how vision-language models explore
(NeurIPS 2025), dotyczy skali globalnej, czyli przemieszczania si¢ w rozlegltym, otwartym Srodowisku
tréjwymiarowym w celu odnalezienia wskazanego obiektu. Wprowadza fotorealistyczny benchmark,
w ktérym symulowany bezzatogowy statek powietrzny przemieszcza si¢ w otwartym terenie, pozyskujac
kolejne obserwacje. Zostat on stworzony do oceny zdolnoSci wspétczesnych modeli wizyjno-jezykowych
(ang. vision-language models) do prowadzenia takich poszukiwan. Badane modele potrafig wykonywac
krétkie zadania nawigacyjne, lecz majg trudnosci z systematycznym przeszukiwaniem otoczenia, gdy
poszukiwany obiekt nie jest poczatkowo widoczny. Zastosowany fine-tuning poprawia skuteczno$¢ krot-
kich dziatai nawigacyjnych, takze w Srodowisku innym niz treningowe, ale nie rozwigzuje problemu
systematycznych poszukiwan.

Lacznie pierwsze trzy prace wigza ze sobg wewnetrzny sygnat wskazujacy, co warto zaobserwowac,
architekture zdolng przetwarza¢ obserwacje o r6znym potozeniu i skali oraz strategi¢ ich wyboru wy-
uczong przez agenta. W badanych warunkach pozwalajg one prowadzi¢ efektywng eksploracje lokalng
bez ograniczenia do statej siatki. Czwarta praca pokazuje, jak duzym dodatkowym wyzwaniem jest
Yaczenie obserwacji i ruchéw w konsekwentnie realizowang strategi¢ poszukiwan w rozlegltym, otwartym
terenie. Wyniki te wyznaczaja kierunki dalszych badan: uczenie dlugofalowych strategii poszukiwan,
przenoszenie metod do rzeczywistych Srodowisk oraz wyja$nianie, jakie informacje wizualne stanowia
podstawe decyzji agenta.

Wiszystkie cztery publikacje ukazaty sie¢ w materiatach ,,main track” wiodacych konferencji. Trzy
z tych konferencji naleza do kategorii A* w rankingu CORE (200 punktéw MNiSW), a jedna do katego-
rii A (140 punktéw MNiSW). Jestem pierwszym autorem wszystkich czterech publikacji. Badania byty
czeSciowo finansowane z grantu PRELUDIUM Narodowego Centrum Nauki Where fo look next — aktywna
eksploracja sterowana wewnetrzng niepewnosciqg modelu, ktérym kierowatem. Za dziatalno$¢ naukowa
otrzymatem réwniez stypendium START Fundacji na rzecz Nauki Polskiej. Ponadto w trakcie studiéw
doktoranckich odbylem staz naukowy w zespole Computer Vision w Max Planck Institute for Informatics
pod opieka prof. Bernta Schiele. Poza gléwnym tematem rozprawy uczestniczylem w badaniach nad
zastosowaniami sztucznej inteligencji w diagnostyce medycznej, ktére doprowadzily do europejskiego
zgloszenia patentowego, a takze w pracach nad wyjasnialng sztuczng inteligencja oraz oceng zdolnoSci
modeli typu vision foundation model do rozumowania przestrzennego. Recenzowatem réwniez prace dla
NeurIPS, IICV, TPAMI, RA-L, WACYV i KDD oraz wspétorganizowatem trzy edycje Machine Learning
Summer School i ELLIS Doctoral Symposium.

Stowa Kkluczowe: aktywna eksploracja wizualna, widzenie uciele$nione, aktywna percepcja, transformer

wizyjny, uczenie ze wzmocnieniem, modele wizyjno-jezykowe, 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 Capek’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. Stanistaw 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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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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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-Al 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 Aerial VLN [71] and CityNav [62], or, more rarely, open-ended object-goal search directly in such



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” [1], 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 1.6¢).
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.



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.



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
n
H(p)=—> pilogp. 2.1)
i=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 7" < N steps. At
step ¢, it has already observed ¢ glimpses and must select the position of the (¢ + 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 £ + 1 known glimpses.

This process repeats until the budget 1" 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

Masked —p» Target task loss

Autoencoder = Glimpse selection loss

Next glimpse selection

Our approach based on internal MAE uncertainty

Masked —Pp Target task loss

Autoencoder

Next glimpse selection

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).
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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 ¢, the encoder processes the ¢ 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 py, . . . , p; observed so far, the decoder operates
on the full set of M tokens, one for every patch position of the image grid: the ¢ 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> e RMXM 2.2)

where () and K pack together the query and key projections of all M token embeddings produced by that
layer, and d, is the dimension of the keys and queries. Row ¢ 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 x 2 example.

b1 b2 b3 | 2

pi| 10| 0o | 0o | 0O

P1 p2 p2| 0.9 0 0.1 0

b3 b4 p3| 0.9 0 0.1 0

Image divided

into 4 patches ps| 0.2 | 0.3 | 0.2 | 0.3

Shannon's entropy H;

Attention map A on rows of A

Figure 2.3: Entropy map. Consider an image divided into four patches (2 x 2), shown on the left. Its
attention map is a 4 x 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 x 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 ¢,
Hy[i] = H(Anali)), 2.3)
h

where Ay, 4[] is the i-th row of head h’s attention matrix at step ¢, 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* = argmax Hyi]. (2.4)

i
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 x 482 retinal
glimpses, matching the retina-like sensor simulation used by the convolutional methods AttSeg [114] and
GIAtEx [115], and (ii) 37 x 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 GIAtEx, 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], GIAtEx [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 Y%
ATTSEG 37.6 36.6 41.8 128 x 256 8 x 482 (RETINAL) 18.75 56.25
GLATEx 33.8 41.9 40.3 128 x 256 8 x 482 (RETINAL) 18.75 56.25
AME (0OURS) (RETINAL) 23.6 23.8 252 128 x 256 8 x 482 (RETINAL) 18.75 56.25
AME (0URS) (NON-RETINAL) 37.9 40.7 432 128 x 256 8 x 162 (NON RET.) 6.25 6.25
AME (OURS) (NON-RETINAL) 29.8 30.8 32.5 128 x 256 8 x 322 (NON RET.) 25.00 25.00
AME (OURS) (NON-RETINAL) 20.1 20.6 22.1 128 x 256 8 x 482 (NON RET.) 56.25 56.25
SIMGLIM (DETACHED) 26.2 27.2 29.8 224 x 224 37 x 162 (NON RET.) 18.75 18.75
SiMGLIM (END-TO-END) 28.0 28.8 31.3 224 x 224 37 x 162 (NON RET.) 18.75 18.75
AME (OURS) (NON-RETINAL) 234 26.2 28.6 224 x 224 37 x 162 (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% (GIAtEx) 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:

¢ Itintroduces 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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Figure 2.4: Reconstruction quality for SUN360. Qualitative reconstruction results comparing AME
against AttSeg [114] and GIAtEx [115] on the SUN360 dataset using 8 x 48 retinal glimpses. Reconstruc-

tions produced by our method are visibly sharper and better preserve scene structure. Reproduced from [I].

Step Ground truth

Entropy *h *

Figure 2.5: AME-based reconstruction step by step. Selected steps of an 8 x 322 glimpse-selection

process on a sample 256 x 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 x 48
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/.

18


https://io.pardyl.com/AME/

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 x 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 x 14 patch grid (for a 224 x 224 image with 16 x 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 x 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 ¢, the encoding is:

PE(pos,Qz’) = sin (pos/ 100002i/d) ,

PE (pos, 21-1) = cos pos / 10000%/%) 3.

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,v) consisting of a state space S, an action space A, a transition distribution 7 (s’ | s, a)
specifying the probability of reaching state s’ after taking action « in state s, a reward function R (s, a),
and a discount factor v € [0, 1]. The goal of a reinforcement learning (RL) agent is to find a policy w(a | s)
(a distribution over actions conditioned on the current state) that maximises the expected cumulative

discounted reward over timesteps ¢:

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

[e.e]

Q" (s,a) =E, Z’ytrt | so=s,a0=al, (3.3)
t=0

which estimates the expected return when starting from state s, taking action a, and then following policy

« thereafter. The Q-function satisfies the Bellman equation:
Q" (s,a) = R(s,a) + YEgnt arnr [Q7 (5", d)] (34

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 Q4 (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 .4 is continuous (as it is in our case), selecting the greedy action requires
maximising Q4(s, -) over a continuous domain, which cannot be done by exhaustive enumeration. The
standard solution is the actor-critic architecture. A separate actor network my(a | s) is trained to produce
actions that maximise ()4, while the critic ()4 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(m) =Er | > A(re+aH(m(- | 50)], (3.5)
t

where H(m(- | st)) = —Eqr[logm(a | s¢)] is the differential entropy of the policy at state s; and
a > 0 is a temperature coeflicient 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 7y (a | s) outputs the parameters (mean and log-variance) of a Gaussian

distribution over actions. The continuous action a € R? 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 x 14 grid of 16 x 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

75% 150% 200%

EE
12.5% 25% 50%
Position = 4!
ik .
20% 40% 60% 80%

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 x 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].
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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 Al 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 x 16 pixel resolution. Each patch p = (z, 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 x 16s pixel region in the original
image, which is then resampled to the standard 16 x 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 (z, y) of each patch are independently perturbed by an offset drawn
uniformly from [—7 - g, r - ¢], where r is the patch size and ¢ 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 = gmiss(d) © Cpos(q) © scale(sl,sz)(P)a (3.6)

where Eeqe( samples each patch’s scale independently from [s1, 52], Epos(q) shifts each patch’s top-left

81,82)
corner by at most g patch-widths in each direction, and & (q) 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 TokenMikx, 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 (z, y)
and its relative scale s (where s = 1 corresponds to the native 16 x 16 patch size). The lower-right
corner of the patch is then at (z + 16s, y + 165s), and the full spatial extent of p is described by the
four scalar values (x, y, 4+ 165, 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(z) || pe(y) || pe(x + 16s) || pe(y + 165)], (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. (¢) 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 x 16 and 48 x 48 pixels, resampled to the 16 x 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

2x scale, ElasticViT outperforms ViT by /3.7 pp and at 80% missing data, it outperforms MAE (the
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CENTRAL

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
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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 of X captured by a camera with a fixed sensor resolution of d¢am X deam pixels. A glimpse
is specified by its normalised top-left coordinates (z, y) and its scale z = (d — dmin) / (dmax — dmin ), Where
d is the physical size of the glimpse in the scene, and din, 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] form the continuous action space.

Exploration as a Markov decision process (MDP). The exploration process unfolds over at most T’
steps. At step ¢, the agent captures glimpse G at coordinates C; selected by the policy, yielding a deam X
dcam image patch (simulated by cropping from a high-resolution image and rescaling). The agent maintains
a growing sequence of observed patches G, ..., Gy and their coordinates C1, ..., ;. 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 ¢, the encoder re-
ceives all patches from glimpses G, . .., G¢—1 and their coordinates, concatenated into sequences @t
and @. Additionally, the encoder computes an attention-rollout importance score for each patch [2],
forming a sequence IAt The transformer blocks produce a sequence of latent tokens H ¢ (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 ¢ = 1" 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 ¢ is the tuple s; = (@t, @, E, a +): the raw
patches, their coordinates, their importance scores, and their backbone latent representations. The action
is a; = (v,y, 2) € [0,1]3, the continuous coordinates of the next glimpse. The reward is defined as the
improvement in the task loss: ry = L;—1 — Ly, where L, is the task loss at step ¢. 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 @t, and small MLPs for the coordinate,
importance, and latent sequences @, E, H ¢. 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 s; =
(@t, 6}, E, .FAIt), while the critic estimates the expected cumulative reward Q) (s, a;) 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 (J-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], GIAtEx [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.
1: 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 Imageres. Glimpses Regime Pixel %
AME 30.3f 29.8 30.8 325 128 x 256 8 x 322 simple 25.00
AdaGlimpse (ours) 14.5 11.1%* 14.0* 14.5% 224 x 224 12 x 322 adaptive 24.49
AttSeg - 37.6 36.6 41.8 128 x 256 8 x 482  retinal 18.75
GIAtEx - 33.8 41.9 40.3 128 x 256 8 x 482  retinal 18.75
AME - 23.6 23.8 25.2 128 x 256 8 x 48%  retinal 18.75
SimGlim - 26.2 27.2 29.8 224 x 224 37 x 16%  simple 18.75
AME - 234 26.2 28.6 224 x 224 37 x 162 simple 18.75
AdaGlimpse (ours) 14.7 11.1% 14.2* 14.7% 224 x 224 9 x 322 adaptive 18.36
AME - 37.9 40.7 432 128 x 256 8 x 162 simple 6.25

AdaGlimpse (ours) 20.9 17.6* 20.5% 21.5% 224 x 224 12 x 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.

SUN360 reconstruction ImageNet-1k classification

[ T 1 i 1] [T T T T 1 ]
§ 80 —— AttSeg 80
o 6 ——— GIAEx -
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g AME .
E 40| —— AdaGlimpse (ours) | | g wl |
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Figure 3.9: Pixel %o 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 x 772 full+simple 94.53
GFNet 75.93 5 x 962 full+simple 91.84
Saccader 70.31 6 x 772 full+simple 70.90
TNet 74.62 6 x 772 full+simple 70.90
STN 71.40 9 x 562 full+simple 56.25
PatchDrop 76.00 ~ 8.9 x 562  full+simple+stopping  ~55.63
STAM 76.13 14 x 322 simple 28.57
AdaGlimpse (ours) 77.54 14 x 322 adaptive 28.57
AdaGlimpse (ours) 76.30 ~ 8.3 x 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” [11I]

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 x 224 ImageNet images using
32 x 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 (ét, @, ft, H t)
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/.
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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 fext-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) g, the current policy 7y , samples a group of G candidate outputs {01, ...,05},

old
each scored by a reward function to produce {ry, ..., rq}. Each sample’s advantage is then computed by

normalising its reward against the group’s own statistics, rather than against a separately learned baseline:

i Ti— mean({ry,...,rq})
g std({r1,...,7a})

For a group with zero reward variance, the normalised advantage is set to zero to avoid division by

4.1

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 my and 7y ., together with a KL-divergence penalty that

old ?
further regularises g 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 o; 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. /

|

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

!

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

.

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

!

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

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 x 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 10 m 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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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 UES 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 UES5 demo [34], a large, semi-procedurally generated American-style city of approximately
4 x 4km, 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 x 400 x 120 m, 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 x 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-40 [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 (4 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.

FS-1 FS-2

Model

Overall (%)  Forest (%) City (%) Overall (%)
Human (untrained) - - 66.7+4.5 60.8+6.9
GPT-40 39.5+24 455435 33.5+33 3.5+0.9
Claude 3.5 Sonnet 41.24+25 520+35 30.5+3.3 6.5+12
Gemini 2.0 Flash 42.0+25 4254+35 41.5+35 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 25+ 1.1 1.5£0.9 -
LLaVA-NeXT-Interleave-7B 0.8+04 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+19 165+2.6 18.0+2.7 -
LLaVA-OneVision-72B 95+ 1.5 125+23 65+1.7 -
Pixtral Large 298+23 380£34 21.5£29 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-40 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-40 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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Figure 4.4: Example successful trajectory on FS-1. GPT-40 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-40 27.0+ 3.1
Claude 3.5 Sonnet 27.5+ 3.2
Gemini 2.0 Flash 355+34
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 Jasiniski, Adam Pardyl, Bartosz Zieliiski, and Marcin Przewi¢z-
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-Jarzab,
Katarzyna Biegun-Drozdz, Dorota Ochoriska, Michat Wronka, Adriana Borowa, Tomasz
Gosiewski, Mitosz 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 Kucybata, Andrzej Urbanik, Rafal 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/FATIA230471

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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* Lukasz Struski, Adam Pardyl, Jacek Tabor, and Bartosz Zielifiski. 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, Zbistaw Tabor, and Bartosz Zielifiski. 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
Mikotajczyk, Jan Matusiak, Hubert Zientata, Dominik Gawel, Ignacy Alwasiak, Bartosz Zielifiski,
Marek Cygan, Maciej Wolczyk

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 Zieliiski, 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 CEM [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

5.5.1

5.5.2

5.6

5.6.1

Scientific grants

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

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 Zielifiski)

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.02.07-1P.05-0068/23 (principal investigator: Monika Brzychczy-Wtoch)

European Commission Horizon Europe “European Lighthouse of Al 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-rAl: Diagnostic viewer
for computer-assisted radiology using Artificial Intelligence”, 2021-2023, grant number:
POIR.01.01.01-00-1666/20 (principal investigator: Zbistaw Tabor)

Other activities
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 (MLSS/45) 2026, Krakéw, Poland
* ELLIS Doctoral Symposium (EDS) on Robust Al 2025, Warsaw, Poland

* Machine Learning Summer School on Drug and Materials Discovery (MLSS?) 2025,
Krakéw, Poland

 Machine Learning Summer School on Applications in Science (MLSS®) 2023, Krakéw, 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”

* SFIIT Academic Festival 2024, Krakéw, Poland, “Al 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 Al & 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 Al
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.’

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

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

e 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 [Smieja 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 er al., 2016]. [Li er 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 ef 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
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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 7" run-times. In the beginning, we
run it for one glimpse, and at step ¢ < T, there are ¢ 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 ¢ 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 ¢ = 7'. 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, ps, ..., ps : Vip; €

RP**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 ¢ 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 }fﬂ — ¢ 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).

P1 P2 p3 Pa

pp|10] 0 | 0| O

bp1 p2 p2| 0.9 0 0.1 0

p3 P4 p3| 0.9 0 0.1 0

Image divided

into 4 patches pa| 0210310203

Shannon's entropy H;
on rows of A

Attention map A

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 x 2) on the left. Its attention map will
be a 4 x 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 X 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., 20171, as presented in Figure 3. For this purpose, we
start with calculating attention map A € R*! for patches
P1, P2, ..., P Obtained so far as

A = softmax(K K™ /\/dy), (1)

where K € R**P 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 ¢, 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 Ay, ;, denotes the attention
map of hth head in step ¢, the entropy map for a given multi-
head self-attention layer is calculated as

Hy =Y H(Ap.lil), (2)
h

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 H; as the next glimpse

it =argmax,_; g Hi]. 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 x 322 glimpses
for a sample 256 x 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’ x P?
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~ for other tasks. The learning rate is first
linearly brought up to 10~ for the first 10 training epochs,
then decayed with the half-cycle cosine rate to 10~% 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 er al., 2022] weights
trained on the ImageNet-1K [Deng et al., 2009] dataset. For
256 x 128 images, we also fine-tune those MAE weights on
the target resolution using the MS COCO dataset [Lin ef 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
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not have a predetermined train-test split, we use a 9 : 1 train-
test split based on an index provided by authors of [Seifi er
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 er 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 x 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 er al., 2023]. In this scenario, an image
is resized to 224 x 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 er 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 ADE20kKk MS COCO IMAGERES. GLIMPSE REGIME PIXEL % AREA %
ATTSEG 37.6 36.6 41.8 128 x 256 8 x 482 (RETINAL) 18.75 56.25
GLATEX 33.8 41.9 40.3 128 x 256 8 x 482 (RETINAL) 18.75 56.25
OURS (RETINAL) 23.6 23.8 25.2 128 x 256 8 x 482 (RETINAL) 18.75 56.25
OURS (NON-RETINAL) 37.9 40.7 43.2 128 x 256 8 x 162 (NON RET.) 6.25 6.25
OURS (NON-RETINAL) 29.8 30.8 32.5 128 x 256 8 x 322 (NON RET.) 25.00 25.00
OURS (NON-RETINAL) 20,1 20.6 22.1 128 x 256 8 x 482 (NON RET.) 56.25 56.25
SIMGLIM (DETACHED) 26.2 27.2 29.8 224 x 224 37 x 162 (NON RET.) 18.75 18.75
SIMGLIM (END-TO-END) 28.0 28.8 31.3 224 x 224 37 x 162 (NON RET.) 18.75 18.75
OURS (NON-RETINAL) 23.4 26.2 28.6 224 x 224 37 x 162 (NON RET.) 18.75 18.75

Table 1: Reconstruction results: Comparison of our model in reconstruction task against AttSeg [Seifi and Tuytelaars, 20201, GIAtEx [Seifi
et al., 2021] and SimGlim [Jha er 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.

GLATEX ATTSEG

LT P PR R

Figure 5: Reconstruction quality for SUN360: Reconstruction re-
sults of our method compared with AttSeg [Seifi and Tuytelaars,
2020] and GIAtEx [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 frain-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.
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Figure 6: Reconstruction quality for ADE20K: Figure shows dif-
ference in reconstruction quality against SimGlim [Jha er 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
GIAtEx [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(%) 1oU(%)

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 GIAtEx [Seifi ef 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 er 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 ef 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 ez
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
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Figure 7: Segmentation quality for ADE20K: Semantic segmenta-
tion results of our method compared with GIAtEx [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 GIAtEx [Seifi
et al., 20211 on the SUN360 dataset in 48 retinal glimpse scenario.
On the right, we compare our model against SimGlim [Jha et al.,
2023] on ADE20K dataset in 162 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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256 x 128
8 x 48?2

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.

224 x 224
37 x 162

IMAGE RESOLUTION
GLIMPSE REGIME

SUN360

ADE20K

SELECTION  GLIMPSE REGIME SUN360 MS COCO
RANDOM 8 x 322 32.8 38.3
CHECKER 8 x 322 32.0 32.6
ATTENTION 8 x 322 29.8 32.5
RANDOM 8 x 162 39.8 47.3
CHECKER 8 x 162 39.3 44.1
ATTENTION 8 x 162 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 x 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 x 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-
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SELECTION  GLIMPSE REGIME  TRAIN ALL HEAD-ONLY
RANDOM 8 x 322 72.4 66.2
CHECKER 8 x 322 70.1 64.0
ATTENTION 8 x 322 73.4 66.9
RANDOM 8 x 162 61.9 53.7
CHECKER 8 x 162 57.8 56.2
ATTENTION 8 x 162 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.

MS COCO
38
2 36
Z 3
32 | | | | | |
1 2 3 4 5 6 7 8

DECODER LAYER USED AS ATTENTION SOURCE

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 x 128 in an 8 x 322
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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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.






This WACYV 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.

Beyond Grids: Exploring Elastic Input Sampling for Vision Transformers

Adam Pardyl!?3
Tomasz Trzcinski

Grzegorz Kurzejamski!
15,6

Jan Olszewski'*
Bartosz Zielinski'?

'IDEAS NCBR
2Jagiellonian University, Faculty of Mathematics and Computer Science
3 Jagiellonian University, Doctoral School of Exact and Natural Sciences

4 University of Warsaw

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 [3 1] solutions.

Nevertheless, almost all transformer-based methods as-
sume that input tokens form a regular grid of 16 x 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
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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.
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tasks of embodied Al, 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 ElasticViT', 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.

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