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ABSTRACT

Humans have the ability to flexibly interpret the same visual scene in multiple
ways. For example, in a cinema hall, we can identify individual seats as chairs,
bean bags, or couches, while also perceiving them as part of the larger structure of
rows and sections that define walkable paths. This flexibility also facilitates the
robustness of our scene perception ability under challenging conditions to infer
missing information, but also to disentangle relevant objects from co-occurring
elements based on the context.

In this thesis, we explore the computational mechanisms that support such
robustness in human vision. To understand the computational principles underlying
this robustness, it is necessary to model these processes formally, allowing us to
test which specific algorithmic strategies, such as iterative search or hierarchical
grouping, best replicate human-like scene understanding. With this aim, we
designed a challenging vision task inspired by star constellations, where outlines
of objects are hidden within sparse arrangements of dots. This task serves as a
controlled proxy for complex scene understanding, as it strips away low-level
texture and color, forcing the visual system to rely on structural inference. In
our experiments with human participants, we observed that recognizing these
highly underspecified images can involve forming and iteratively refining multiple
object hypotheses guided by shape and structural cues. We compare these human
strategies of iterative hypothesis refinement with our proposed generative search
models and popular deep learning architectures like resnet18 and pix2pix while
finding objects in constellation images. This helped us distil key computational
components such as multi-hypothesis search and guidance by structural fitness that
can support visual inference under difficult conditions. These insights motivated
our examination of structured scene representation in machine vision encoders,
focusing on object binding and disentanglement in token spaces while encoding
multi-object natural scenes. This examination revealed that the output of these
vision encoders represent objects differently based on their importance to the scene.
These findings inform about these models’ interpretability and optimal adaptation
for downstream tasks.

Together, these contributions present an understanding of vision in terms of
active search, extraction and binding of information. Such an active search flexibly
allows the usage of individual elements along with the relationship structures
of those elements in the scene. By discussing the role of search and nature
of representations in human vision during scene understanding, we explore the
computational inferences and algorithms that can be adapted for robust machine
vision.
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1. INTRODUCTION

Human vision is extremely adaptable and robust to changing conditions. We can
rely on our vision to assist with a range of tasks, from driving to reading to playing
badminton, and in diverse conditions, such as in a storm or a cloud of dust, under
partial occlusion, and in various lighting conditions. In cognitive science, this
ability is attributed to the generative nature of vision, where there is an interplay
between bottom-up and top-down signals. Bottom-up signals refer to the raw
sensory data that travels from the bottom of the system (the eyes) up to the brain.
Conversely, top-down signals represent feedback from higher cognitive regions i.e.
the parts of the brain responsible for memory and prior knowledge. The iterative
interplay between these two kinds of signals allows us to identify and update
the current context, then interpret the incoming visual inputs according to this
context [1, 2]. This cycle of recurrent processing, wherein high-level predictions
are constantly matched against low-level sensory data is a primary driver of the
robustness and adaptability of human vision under uncertainty [3, 4].

Another important property of human vision is its ability to flexibly focus on
various aspects of the visual scene based on the context [5]. This flexibility allows
us to identify the overall structure of a scene, including high-level details like
lighting and object arrangement [6]. Simultaneously, we can focus on a particular
element if the task requires treating it independently. Switching between the
part-whole hierarchy in the scene plays an important role in forming contextual
understanding [7]. This process helps fill in gaps of missing sensory information
and allows the observer to avoid acting upon spurious correlations [5].

The iterative interplay between these hierarchical representations can be mod-
eled computationally through recurrent neural networks (RNNs). When dealing
with challenging conditions such as heavy occlusion or visual clutter, recurrent
models have demonstrated greater robustness than their feed-forward counterparts
of equivalent depth and parameter count [8, 9]. Further, they can better explain
human behavioural patterns such as the trade-off between speed and accuracy and
better match the representation of the primate visual system in challenging visual
tasks [4, 10, 11]. However, because these models are largely trained on discrimina-
tive objectives, optimizing only for the classification of inputs, they often fail to
account for the generative components of human vision. These components refer
to the brain’s ability to perform internal synthesis and predictive reconstruction,
where prior knowledge is used to actively render a mental hypothesis to match
sensory data [12, 13]. Discriminative training typically lacks this reconstructive
feedback loop, limiting the model’s ability to resolve ambiguity through structural
reasoning about the scene.

Analysis-by-synthesis is a computational framework that treats vision as a
process of inverse graphics, where the system understands an image by attempting
to reconstruct it from internal mental models [12, 14]. Unlike purely discriminative
models, which map pixels directly to labels, analysis-by-synthesis algorithms use
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a generative model to synthesize a hypothesis and then compare that hypothesis
against the incoming sensory data. Multiple implementations of this framework
have been proposed for complex vision tasks such as solving highly degraded
Mooney images [15], and 3D face perception [14]. Analysis-by-synthesis algo-
rithms demonstrate superior performance on complex images compared to standard
Convolutional Neural Networks (CNNs) [15]. However, the high computational
latency of current implementations remains a significant drawback; consequently,
researchers propose integrating feed-forward components into both analysis and
synthesis stages to increase operational efficiency [14].

In comparison to both recurrent neural networks and analysis-by-synthesis
frameworks, stand-alone feed-forward computer vision algorithms are fast but
not robust to perform well on out-of-distribution inputs and tasks [16, 17]. As
shown by Geirhos et al. [18], standard feed-forward CNNs often over-rely on
low-level features and textures to perform classification tasks. While such reliance
often leads to high performance when inputs and tasks fall within the training
distribution, these models can be prone to learning shortcuts in the form of spurious
correlations [19]. Depending on the complexity of the data and the specific task,
such correlations may not generalize to inputs that are structurally dissimilar to
the training set, potentially resulting in a vision system that is less robust than its
biological counterpart [20].

In this thesis, we further explore the differences in computational mechanisms
between human and machine vision for the representation and understanding of
the scene. In chapter 3, we first design and propose a complex vision task inspired
by star constellations, where humans and machine algorithms try to find an object
hidden in the image with little signal defining the object [21]. We show that
the process of solving these images in humans involves the active generation of
hypotheses and iteration over multiple versions of a single hypothesis or many
hypotheses while solving the task.

In chapter 4, we propose a generative search solution, termed GenSearch, to
solve constellation images containing digits and objects from the MNIST and
Fashion MNIST datasets [22]. This algorithm operates by searching within the
latent space of a pre-trained image generator to identify the specific image whose
outline best fits the provided constellation dots. The algorithm searches in the
latent space of an image generator trained for these datasets and tries to find the
image whose outline fits the constellation dots the best. We further compare
this algorithm to humans solving the same images and find several interesting
similarities in their behavior, including the mistakes made, the maintenance of
multiple hypotheses and confusion between similar objects. We further evaluated
the task using standard feed-forward Convolutional Neural Network (CNN) (such
as ResNet-18) trained specifically on these constellation images. These networks
achieved near-perfect classification accuracy on the training distribution, signifi-
cantly exceeding the performance of both human observers and GenSearch. This
distinction becomes evident when examining how classification accuracy changes
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across varying difficulty levels, defined by the number of dots available to represent
each object. As the number of signal dots decreases and task difficulty increases,
the performance of human observers and the GenSearch algorithm degrades at a
similar rate. In contrast, the trained CNN models remain over-fit to the specific dot
densities encountered during training and fail to generalize when the sparsity of the
constellation changes. These results suggest that the generative search approach
better captures the robust and adaptive nature of human visual reasoning.

Finally, in chapter 5, we test some of the popularly used vision encoders in
deep learning on natural scenes with multiple objects using the Common Objects
in Context (COCO) dataset [23]. We designed a two-object representation probing
task to analyse the representations of these vision encoders at various layers and
token types. The task quantifies the decodability of two objects in a multi-object
scene from a given embedding. The primary goal of this task is to quantify
representational interference, the phenomenon where the features of a dominant
object overwrite or suppress the features of a less salient object in the model’s
fixed-length embedding. We find that irrespective of the training objective or the
architecture, certain prominent objects are better represented than others in the
later layers of these networks. In contrast, many background objects might not be
well represented in the token used for the downstream tasks. The inferences from
this study highlight the need to re-examine the use of output tokens from static
pre-trained vision encoders in downstream tasks and other general multi-modal
models.

Overall, in this thesis, we present an overview of the understanding of scene
understanding in terms of active usage of information, such as in the part-whole
object hierarchy. Where the information from the scene is actively accessed
multiple times during the inference process as compared to a single feed forward
pass through the inputs. Such active search allows the usage of individual elements
in the scene along with the relationship structures in which those elements are
likely to co-exist in the visual context. The specific contributions of this thesis aim
to characterize how visual scenes are represented and reasoned about both as a
whole and a collection of parts, in humans and machine algorithms. Drawing on
the three contributions, we then discuss the role of abstract visual representations
and active search in supporting visual perception during scene understanding.
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2. BACKGROUND

This chapter provides an overview of topics on the intersection between biological
vision and computational modeling. The first section examines the complexity of
the human visual system, focusing on active search and the hierarchical nature
of scene representation. Subsequent sections discuss the evolution of computer
vision architectures, from early convolutional neural networks to modern vision
transformers and generative models. By synthesizing these diverse fields, this
chapter establishes the theoretical framework necessary to understand the analysis-
by-synthesis paradigm and the specific experimental probes used in this thesis.

2.1. Vision and its complexity in humans

In humans, vision is not performed in isolation but rather involves various aspects
where existing knowledge and awareness of the current surroundings play an
important dual role in understanding the scene. On the one hand, input from the
scene is used to extract relevant information about the environment[1]. However,
the human visual system not only extracts information from the incoming visual
inputs but also decides, based on the current context, the task at hand and previous
experience, where to direct the gaze next to collect more information [24]. Further,
within the information being received by the eyes, humans can focus on a certain
part of the scene to get more detailed input. Also within the objects modelled, we
can look for details of the objects or can focus on the relation of the objects in the
scene [25]. Such sophistication in human vision allows humans to operate under
various conditions and dynamically extract information for complex tasks.

2.1.1. Gestalt Psychology

A central function of vision is to abstract information in a way that makes sense
to us. This form of abstraction in human vision that occurs at a scene level has
been partly captured by principles of Gestalt psychology [26]. These principles are
often summarized with the well-known phrase that ‘The whole is something else
than the sum of its parts’. In relation to scene structure learning and abstraction,
these principles identify how human perception can be affected by the aggregate
information in the scene while abstracting away individual details. The Gestalt
principles also describe the grouping effect of elements based on certain common
properties in the scene, such as proximity, similarity, continuity and common fate.

Gestalt principles are directly relevant to this thesis as they provide the psycho-
logical basis for the part-whole hierarchy discussed in later chapters. Specifically,
the grouping effects based on common properties such as proximity, similarity,
and continuity allow the human visual system to resolve ambiguity in sparse or
noisy environments. This thesis investigates how such grouping mechanisms can
be modeled computationally, particularly in Chapter 3, where we examine how
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humans utilize Gestalt-like "hypotheses" to identify objects hidden within sparse
constellation dots. By understanding these biological grouping rules, we can better
evaluate why standard machine vision models often fail to perceive the "whole"
when local signals are degraded.

2.1.2. Vision and Search

While Gestalt principles describe how the visual system organises static infor-
mation, the human observer rarely perceives a scene in a purely passive manner.
Instead, the brain must actively navigate the visual environment to locate specific
information, a process known as visual search. More specifically, visual search is
the task of looking for a target object in a scene cluttered with other objects called
distractors. We perform this task ubiquitously, while searching for a particular
object or looking for content of interest in a scene, or directing our gaze at every
instance towards the key points in an environment. Visual search entails both
active goal-driven search and passive attention shifts towards the most interesting
elements of a scene. The mechanisms behind these different types of search form a
critical part of vision and are an example of the active observe-act-observe cycle in
vision to collect information about a scenario [24].

One of the most prominent theories explaining visual search is the feature
integration theory [27], which explains that certain features are explicitly encoded
by the visual system, and hence, upon presentation of a target that is distinguished
from the distractors by such features, the target pops out in the visual scene. On
the other hand, more complex features need to be bound and processed at the
object level. As a result, the reaction time in a search where the target differs
from distractors by more complex features or a conjunction of features is a direct
function of the number of distractors. Many newer theories such as guided search
theory [28] considered the increased reaction time in conjunction search due to a
lack of pre-attentive guidance from all features under resource constraint. Newer
versions of guidance theory [29] take into account many factors of pre-attentive
information affecting the search such as 1. top-down (target or goal), 2. bottom-up
(prominent features in scene), 3. prior history or priming, 4. reward, 5. scene
syntax and semantics.

2.1.3. Scene understanding in human vision

While the observe-act-observe cycle describes the behavior of visual search, the
physical implementation of these processes occurs across two specialized neural
pathways in the brain. The ventral stream is typically associated with object
identification and categorisation. It represents object category-related information
in an abstract form and hierarchically encodes the part-whole relationships that
lead to the object category [30, 31]. The dorsal stream represents other aspects of
the visual scene related to action affordances of the objects [32, 25], particularly
representing the relationships between objects in the scene in an abstract form,
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i.e., without attaching object categories to these representations [32, 33]. Such
relationships can be scene-level aggregates, i.e., the gist of the scene or abstract
relationships between objects that can still be in the form of retinotopic maps, for
example, representing object salience or that the object on the left is bigger than
the object on the right, etc.

Together, the visual system processes and maintains various aspects of the
scene. It is considered that flexible access and the dynamic combination of these
different types of information allows the visual system to analyse scenes in a robust
manner [34, 35].

2.2. Computer vision

Vision-based tasks have been a major driver of the advances and adaptation of
Artificial Neural Networks. From the proposal for the first CNN architectures by
Fukushima [36] to the first time DL algorithms started showing impressive results in
the ImageNet classification challenge [37]. CNNs became the standard architecture
to encode images and were used in various forms and in conjunction with various
other layers for tasks such as image segmentation [38], image captioning [39], etc.

2.2.1. Vision encoder

A vision encoder is a trained neural network designed to transform raw pixel
data into a structured internal format known as a representation. One of the key
features of modern DL is the ability to transfer learnt representations from one task
setting to another [40]. This key property makes the use of encoders popular in the
field. One such example is CNN backbones trained on image classification that
have been reused and transferred to other tasks directly or by fine-tuning. CNNs
trained on ImageNet quickly became a standard starting backbone for computer
vision projects and were used for feature extraction for tasks as different as image
segmentation [38]. This use of representations from a pre-trained network for
the downstream task has also led to a wide variety of research in learning a good
representation for the image inputs.

A good representation is one that contains the correct details for the downstream
task [41]. Vision encoders are now trained using various objectives to obtain this
general representation suitable for a variety of downstream tasks. Self-supervised
learning objectives played an important role to advance this field as they allowed the
networks to be trained on larger quantities of image data without any explicit need
for labels [42, 43]. Furthermore, the use of image encoders that were trained along
with a language task provided better semantic grounding to the image encodings
[44]. With the popularising of Vision Transformer (ViT) as image backbone, vision
encoders started to be scaled to larger models that were trained on a very large
amount of data. Some of the key types of such vision encoders are ViT trained
on image classification [45], Vision Language Model (VLM) like Contrastive
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Language-Image Pretraining (CLIP) [46] and Bootstrapping Language-Image Pre-
training (BLIP)[47] trained on image-text contrastive learning and captioning,
self-supervised models such as Self-Distillation with No labels (DINO) [48, 49]
and image segmentation models such as Segment Anything Model (SAM) [50].

2.2.2. Neural Architecture for vision encoders

Feature maps

Convolutions Subsampling Convolutions Subsampling Fully connected

Figure 1: A CNN network showing its two main layer operations, convolution and
pooling during an image classification task [51]

CNN architecture as shown in Fig 1 is primarily based on the use of a con-
volution operation between visual signal and kernels (filters). The visual signal,
typically in the form H x W x C (where H,W,C are the height, width and number of
channels of input signal) is convolved with filters, typically in the form N x N x D,
where in many cases a small value of N is preferred (typically 3 is used) and D is
chosen according to the number of channels of input signal. In the CNN networks,
the filters are typically initialised with random values and then learnt during the
training of the network. These filters learn to extract some particular features from
the part of the image signal they are applied. As more CNN layers are stacked on
each other, the filters have increasingly larger receptive fields of the input image,
allowing them to analyse a larger area of the input image. Another important
operation used in the CNNss is the pooling layer, which is used to subsample the
signal in the H and W dimensions. This allows for lower dimensionality in the
later layers as well as a rapid increase in receptive fields for the later filters.

ViT [45] is another architecture popularly used in image encoders. This archi-
tecture is the adaptation of transformers [53] which were originally designed for
text and sequence encoding to an image classification task. Figure 2 illustrates how
the input image is cut into patches and linearly encoded into the transformer inputs
as tokens. A positional encoding is added to this representation that represents the
position of the patch in the image. The learnable operation in the transformer is
the self-attention between the tokens, learning how tokens should transform their
representations based on the representation of other tokens in that layer. To train
the model, an additional token called Classify (CLS) token is used in addition to
the image patch tokens. The final representation of the CLS token is used to obtain
the classification category and calculate the loss to train the network.
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Figure 2: A vision transformer model, which inputs images by dividing them into
small patches which are processed through the model as individual tokens. A
special CLS token is appended that predicts the final class label. [52]

2.2.3. Structure representation in vision models

VLMs due to their alignment with text are some of the most useful models for
downstream tasks, as many tasks can be defined in a zero-shot manner with the use
of images and relevant text descriptions. While these models are functionally very
useful, many studies have pointed out the inability of these models to represent the
structure of the scene, showing poor performance on tasks requiring knowledge
about the space and the instantiation and arrangement of the objects in the space
[54, 55]. Tasks such as counting, instance segmentation, or object localisation are
better handled by models explicitly trained on them, such as SAM. These models,
on the other hand, do not represent the high-level semantic meaning between
object structures. The DINO family of models which are trained to capture the
invariance of object representations under shifted viewpoints, offers a compromise
by capturing space related properties of the scene, its objects and its parts, while
also modelling some high-level semantic associations between different objects
and their components [48, 56].

2.2.4. Generative image models

All the models we have so far discussed are discriminative in nature, as they try to
capture the representation of visual data by learning to align or separate the repre-
sentations of different points. Only models such as BLIP, with its image captioning
output, try to learn the generative description of the scene using language. While
these models are easier to train and work well on specific tasks, a more general
model is expected to infer the properties that generate the data itself. Hence, in this
section, we discuss a few generative vision models relevant to this thesis.
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Variational Auto-Encoders (VAE)s [57] are a model family that first encode the
image input into a set of low-dimensional code and then sample from this code
to try to re-generate the same image. VAEs introduce a probabilistic component
to ensure that the latent space is smooth and continuous. In this way, the model
learns this low-dimensional code and arranges it in a way that captures some of the
semantic and structural regularities of the training image data. While these models
could capture many of the latent features that explain the generation of its training
data, the quality of images generated by the VAEs is suboptimal [58].

Generative Adversarial Network (GAN)s[58] are another class of models that
learn to generate an image by matching the distribution of the image samples
through a competition between a generator network and a discriminator network.
In GANSs (see Fig3), both the networks are randomly initialised. Then, during
training, the generator network (G) samples a latent vector z and generates an image
based on its current weights. The discriminator network (D) has to discriminate
between the images generated by the generator and the real images from the
dataset. The loss of the discriminator penalises it for incorrectly labelling the
images as belonging to the generated or original category. On the other hand, the
generator’s loss penalises it if the discriminator can identify the difference between
its generated images and the original. The networks are both used and their weights
are updated in turns, creating a competition between the networks, which leads
to their training. In case of successful training, the generator learns to generate
images that resemble the distribution of images in the original dataset given a latent
vector z. The images generated by these models are generally of higher quality
than those of VAEs. The latent space of GAN’s generator also preserves some
structural and semantic relations in the image space, allowing meaningful steering
operations to be defined between points in the space.

Diffusion denoising models [60] are a prominent class of generative models
capable of producing high-quality images. These models operate in two phases.
The first is the forward diffusion phase, where Gaussian noise is added to the
image across T timesteps. At the end of this phase, the image is transformed into
isotropic Gaussian noise. This phase is essential because it allows the model to
learn the reverse mapping; by seeing how an image is destroyed, the network learns
the statistical distribution of the noise it must eventually remove. In the reverse
diffusion phase, a neural network (typically a U-Net) is trained to take the noisy
image x; and the current timestep ¢ to estimate the noise present, thereby allowing
the iterative recovery of the image from ¢ to r — 1. Later iterations, such as Stable
Diffusion [61], perform this process within a compressed latent space rather than
pixel space and incorporate cross-attention mechanisms to condition the generation
on text inputs.
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Figure 3: A schematic of a Generative Adversarial Network, where the generator
learns to generate images based on the latent vector z and the discriminator has to
identify the difference between this generated image and the samples from the real
dataset. The model is trained through the competition between the generator and
the discriminator, where the generator always tries to generate images that can fool
the discriminator. [59]

2.2.5. Visual Reasoning

Visual Question Answer (VQA) as a task evaluates a model’s capability to answer
questions about an image, requiring complex visual and linguistic reasoning. The
field was started by benchmarks like VQA [62], which proposed an evaluation
using open-ended, free-form questions and expected solutions in natural language.
Subsequent datasets, such as Visual Genome [63], provided content-rich images
with explicit annotation of object positions and relationships, promoting models
that could exploit structured information. Critically, datasets like CLEVR [64]
were specifically designed to correct for shortcuts that deep learning models would
exploit in existing benchmarks, forcing models to rely on explicit compositional
reasoning rather than superficial correlations.

This requirement for explicit compositional visual reasoning i.e the ability to
combine and manipulate discrete visual concepts (e.g., "the small blue sphere to
the left of the large red cube"), exposes a major challenge with generalization in
DL methods. This challenge has been comprehensively discussed [65] in light of
the critical need for explicit inductive biases that allow for discrete yet flexible
information binding of visual attributes and objects. Discrete symbolic representa-
tions, which facilitate the structured manipulation of concepts, are consequently
considered a prerequisite for robust compositionality and reasoning in VQA sys-
tems [66]. While some new studies propose that such discrete information binding
may emerge organically from training existing models on large datasets [66, 67],
many other works advocate for explicit architectural solutions, such as discrete
bottlenecks [68, 69], to impose structure on the latent representations used for
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visual interpretation.

As per the requirements of this task, which demands both visual understand-
ing and natural language output, the models designed or used to solve VQA are
typically VLMs that integrate a language generation component capable of pro-
cessing both vision and language inputs. Reasoning in VLMs is a key area of study,
specifically how they attend to the image and utilize extra reasoning sequences
during the language generation phase. Current VLMs struggle to ground their
reasoning on the visual inputs and rely on the language processing and reasoning
to answer the questions [70, 71]. To improve the faithfulness of generated answers
and mitigate hallucination, recent work [72] has explored mechanisms like visual
look-backs. These methods have attempted with some success to make the VLMs
explicitly re-attend to the input image representations during the generation of
the natural language response, which in turn improves its visual grounding and
response accuracy.

2.2.6. Analysis-by-synthesis

In a purely visual reasoning setting, the analysis-by-synthesis paradigm tries to
capture the iterative generative hypothesis testing used in difficult vision problems.
The search for candidates in the generative solution shape makes this approach akin
to visual reasoning, closely resembling reasoning described in the previous section
for vision-language models. Yuille and Kersten [12] re-emphasised analysis-by-
synthesis, i.e., using a top-down signal to guide bottom-up search under Bayesian
inference as a prime candidate to explain real-world complexities in scenes. In
processing highly degraded images, analysis-by-synthesis has been a primary
candidate algorithm used to explain human performance as it was found to be a
better match to human performance in identifying highly degraded Mooney images
compared to conventional feed-forward deep learning algorithms [15]. Yildirim and
colleagues [14] discussed the current analysis-by-synthesis algorithm’s inability to
scale to many real-world problems and being too slow to explain human vision.
They further proposed using feed-forward modules as part of the algorithm to make
the search more efficient.

Increasingly, these algorithms are being applied to more natural scenes, which
has led to more hybrid implementations with conventional deep learning architec-
tures. In images of natural scenes, [73] introduced parsing the scene in multiple
iterations to model the components and their relations and create a scene graph.
Ullman and colleagues [74] proposed a solution to scene analysis using a goal-
guided algorithm that uses a CNN to extract bottom-up features and then produce a
top-down command token that guides the re-extraction of other bottom-up features.
The system iterates between using the bottom-up and top-down network to focus
step-by-step on relevant parts of the image and creates a scene graph as required by
the goal of the task. Further, [75] used similar insights from analysis-by-synthesis
to inspire changes to attention mechanisms in modern DL architectures, which
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improved performance across tasks incorporating this context-driven top-down
attention.

2.3. Alignment between computer vision models and human
vision

The discovery of receptive fields in the visual cortex by Hubel and Wiesel led to
the understanding of the hierarchical nature of representation in human vision [30].
With the CNN based models solving the image classification task, the mapping
of the representations of various layers of the CNN model to the areas along the
human ventral stream provided a useful model of object recognition [76, 77].
However, as described above, the neuro-circuitry of vision is typically considered
to happen in two streams, where the ventral stream is particularly involved in
deciphering the contents of the visual scene, following the hierarchical feature
discrimination leading to semantic categories. On the other hand, the dorsal stream
is known to aggregate scene statistics and maintain scene gist, guiding inference of
the structure of a scene, which includes understanding the position of the objects,
counting etc. Even though few deep learning models are trained specifically for
tasks attributed to the dorsal stream in humans [38, 78], general deep learning (DL)
models such as VLMs are known to perform badly on scene structure-related tasks
such as counting, searching and spatial reasoning tasks [79, 55, 54]. It is an active
research question in both DL and cognitive sciences to create models of how these
two streams of visual information processing work with each other to obtain robust
visual inference akin to human vision [80, 81, 82]. This emphasises the role of
understanding these functions in natural vision and creating computational models
that can mimic the operations of natural counterparts.

2.3.1. Probing of representations

Probing is a methodology used in the analysis of both brain and DL model represen-
tations [83]. These concepts can further be aligned between humans and computer
vision models. Probing involves learning a small model using a set of representa-
tions produced by a region of an information system in response to a stimulus. The
model tries to learn a fit (typically a ’linear’ fit) between the representations and
some labelled property of the stimuli, such as colour, numerosity etc. The model’s
performance on a hold-out set is used as the criterion to evaluate how well the
particular representation region encodes for the tested property of the stimuli. It is
important to limit the probe side to small models to ensure that the accuracy of the
probe shows the goodness of the representation in encoding the tested property, as
opposed to the learning ability of probe [83, 84]. A more complex probe can even
learn to model very complex relationships between the representations and the
property, given enough model capacity and training samples. We will use probing
in our experiments to understand how the concepts are represented in popular DL
based vision encoders.
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3. HOW TO STUDY ITERATIVE INFERENCE IN
HUMAN AND MACHINE VISION

The central challenge in modern computer vision is the disparity in robustness
between biological and artificial systems. Here, robustness refers to satisfactory
performance over a range of tasks in a variety of conditions. While dynamic
tasks like autonomous driving or robotic manipulation highlight these disparities,
investigating them in such environments is computationally and financially costly
due to the need for real-time physics simulation and the complexity of behavioral
tracking in a live task. Furthermore, the high-dimensional nature of dynamic tasks
makes it difficult to isolate whether a failure occurs in the visual perception system
or the motor-control logic.

To bridge this gap, we propose a minimalist, static image-understanding task
that isolates the perceptual mechanisms required for scene resolution. This task
promotes the use of iterative inference, which is defined as the process of dynam-
ically generating, testing, and refining internal generative hypotheses to resolve
sensory ambiguity [85].

When trying to find star constellations in the night sky, one cannot immediately
see objects formed from stars, but can still generate many hypotheses about what
could be there (“a bathtub”, “a boat” or in the absence of any complex shape we
fall back to finding simple shapes like ’lines and curves and circles’). One can also
test whether these hypotheses explain patterns of stars in the night sky or not in an
iterative fashion. Eventually, one might discover a warrior (Orion) or a bear (Ursa
Major) as a solution. This process of going back and forth, revising the hypotheses
until a solution is found, has been called ‘iterative inference’ [85].

This chapter presents a comprehensive framework for studying these mecha-
nisms through three primary contributions. First, we detail the construction of
the Constellation Dataset, which obscures common objects from the THINGS,
MNIST, Fashion MNIST, and Sketch datasets within sparse, noisy dot patterns.
Second, we describe a generation pipeline that allows for the precise manipula-
tion of signal-to-noise ratios to control task difficulty. Finally, we report the key
observations from human pilot experiments alongside a baseline evaluation of the
CLIP model, inferring that while humans successfully utilize iterative strategies to
resolve these images, standard feed-forward architectures fail to generalize to such
sparse modalities.

The code for constellation image generation is available at: https://github
.com/tarunkhajuria42/Constellations-Dataset

3.1. Constellation image generation

The objective of the generation pipeline is to transform natural images into "con-
stellations" that preserve global geometry while eliminating local texture. This
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specific design is chosen because it prevents feed-forward models from relying on
local feature correlations, thereby forcing the visual system to engage in iterative,
structural reasoning. While many datasets provide existing segmentation masks,
we utilized a custom pipeline to use across diverse sources, including those without
pre-existing ground truth.

The steps to generate the constellation images are illustrated in Figure 4 and
are the following: 1) Generating outlines for the object from the original image; 2)
Manual selection of the best outline candidate, followed by manual editing in some
cases; 3) Automated generation of the dotted version and then the constellation
version of the image using the selected outline. Next, we discuss these steps in
detail.

1. First, we use Mask R-CNN [38] to identify the region of the image containing
the object. We obtain the binary mask output from Mask R-CNN, indicating
the pixels belonging to that object in the image. We multiply this binary
mask with the original image to get the image with only the detected object.
In particular, we use Mask R-CNN pre-trained on the COCO dataset [86],
which contains many categories overlapping with the objects in the Things
dataset.

2. Second, to compensate for the inconsistency from Mask R-CNN outputs,
we repeated step 1 with multiple mask settings to obtain multiple masked
images. We generated multiple masked versions by capturing 1) only the
principal object, 2) the first two prominent objects, 3) an unmasked full
image. Having these multiple versions allows for a simple manual selection
later, making the final outputs more appropriate.

3. We then use the Canny edge detector [87] to obtain the outlines from these
images. The threshold of (100,200) is used for all masked images. For the
unmasked images, an additional blurring mask with a radius of 5 pixels is
used. The image obtained after these steps can be seen in step 2 of Fig 4.

4. In this step, we generate an image representing the outlines with dispersed
dots. These dots are separated by a regular pixel distance ‘d’. We traverse
the image pixel by pixel to find any white pixel on the outline image and
draw a black circle around the pixel with radius ’d’. Finally, the radius of
the white points can be increased to adjust visibility.

5. We add noise to the generated dotted image, traversing it again and adding
dots to each pixel with a uniform random probability of ’p’

3.2. Datasets generated and their features

We released the constellations datasets to increase its relevance for various research
communities. The primary release used the THINGS dataset [88] to create a version
of the constellation set. The THINGS dataset consists of 2-3 examples of everyday
objects with a total of 1215 objects represented in 3533 images. The objects in the
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Figure 4: Constellation image generation process: 1) We use Mask-RCNN to
find the object mask and then use canny edge detector to obtain the object outline.
2) We leave the dots at equal distance ’d’ by drawing black circles. 3) We add
additional distractor dots at each pixel with a uniform probability ’p’.

dataset consist of everyday objects such as animals, kitchenware, furniture, clothes,
food, etc. This image set is important for the cognitive science community, with
this set being a part of the THINGS Initiative [89], where stimulus variations and
various human experimental data are shared on the same set of images. This can be
useful for further studies that can cross-reference data and insights to make larger
connections and gain stronger experimental evidence.

The constellation set for THINGS dataset has only 2-3 examples per category,
which can be used to test machine learning algorithm’s few-shot performance.
However, to train and benchmark existing machine learning techniques on this
type of stimuli, we created larger constellation sets where more examples per
category are present. In this spirit, we first generated and released the constellation
version of a popular sketch dataset [90], consisting of 20,000 images covering 250
objects. When recording humans solving the constellation task one way to record
their attempts is by asking them to sketch their solutions. Hence the constellation
solving task can be of interest to the sketching in DL community. As this dataset
with its human strokes data is of interest to the deep learning sketching community,
we found it fit to create a constellation version of this dataset to attract the interest
of the skecting in DL community. Finally, we also released constellation versions
of two popular machine learning datasets, i.e, MNIST and Fashion MNIST, which
consist of a large number of training and test images with 60,000 and 10,000
images, respectively. These sets have only 10 categories each and have already
been used as baseline examples in a variety of machine learning and deep learning
work.

We generated multiple versions of the constellation images with different
distance between the dots ’d’. We can see in Fig 6 how changing ’d’ changes
the difficulty level of the images. These variations allow the difficulty level of
constellations to be adjusted to best induce the difficulty for iterative inference. In
the machine learning experiments, this difficulty level change allows for testing for
controlled distribution shifts under the same constellation image modality.
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Figure 5: Six examples of the constellation objects. Depicted are the original
image, the dotted outline and the constellation image with low local signal. The
constellation dataset allows researchers to train and evaluate sketching or other
generative solutions for inferring the object hidden in dots.
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Figure 6: Dotted and constellation images with different difficulty levels. A
combination of ’d’ and ’p’ is chosen to get the optimal difficulty level for images to
be used in experiments. Fig. 6a: Dotted version with different distance ‘d’ between
dots. Fig. 6b: The respective constellation images with noise (p = 0.003).
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3.3. Humans follow iterative inference while solving
constellations

To examine the dynamics of iterative inference, we conducted a pilot study where
participants were permitted to view the constellation images for an unrestricted
duration. The primary task was to identify the hidden object and physically
externalize the perceived structure using a touchscreen monitor and a stylus. To
gather more information about the process of solving the image, we also recorded
the participant’s voice as they explain their thought process while solving the task.

These participants, when prompted to find objects in constellation images,
reported iteratively refining their candidate solutions based on their initial guess.
For instance, when a constellation image hiding a hairdryer was presented, the
participant found the handle part of the contour but assumed that it could be a
leg and tried to then fit a cat to the constellation’s shape. But a not-so-good fit
prompted a re-evaluation of this feature, where it was next tested for being a wing
of an airplane and finally recognised as a handle of a hairdryer.

The strategies and the search dynamics varied across participants and the image
difficulty. For many images, participants reported finding the shape in the first
instance, whereas for more difficult images, they reported that in the first instance
only a few simple lines and curves popped out which then led to further use of
these candidate curves to be composed using the shape of some higher features.
The overall strategy used by the participants can be summarised under the umbrella
of iterative inference, where the participants iteratively collected cues to generate
and then test those hypotheses.

3.4. Pre-trained model CLIP’s performance on the constellation
dataset

To establish a baseline for modern computer vision, we evaluated the zero-shot
performance of CLIP (Contrastive Language-Image Pre-training) [44].CLIP as
a pre-trained model can be used for zero-shot image classification over different
modalities. It has also been used to semantically guide image generation based
on textual descriptions. As the model has been used in many deep learning based
sketching projects [91, 92], we found it relevant to check the performance of
variants of CLIP on various modalities leading up to the constellation images.

We evaluated four variants of CLIP (Vit B/32, Vit B/16, Resnet 50X16, Resnet
50X4) on various modalities of our dataset images by setting up a classification
task based on the categories provided with the Things dataset [88]. We found that
the pre-trained model’s performance drops drastically from the original image to
the constellation image (see Figure 7). Performance with constellation images was
at near random guessing levels.

For this experiment, all images for each of the modalities (Original, Outline,
Dotted, Constellations) were collected from one of the main dataset folders (p =
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Figure 7: Model accuracy for CLIP versions Vit B/32,Vit B/16, Resnet 50X16,
Resnet 50X4 models on different modalities of images in the constellation dataset.
Dotted line shows the baseline top 3 accuracy for random prediction.

0.002 or p=0.003) into separate folders. The class label for each image was obtained
from the “Top-down Category (manual selection)’ field in things_concepts.tsv in
folder main/ from https://osf.io/jum?2f/ (Things dataset). As the category is not
provided in this field for each image, only images with a given category in this
field were selected for this evaluation. Hence we used a total of 2566 images in
each modality during this evaluation (The full dataset has 3533 image sets). Where
more than 1 label was provided for an image, all labels were considered correct
while evaluating the classification performance. Considering all these details, we
were left with 41 labels in the final classification task. We reported a top-3 class
accuracy i.e. considered the classification to be successful if one of the top 3
predictions of the model is a correct label.

3.5. Discussion and main takeaways

In this chapter, we presented a new dataset, ’constellations’, inspired by star
constellations. Using this dataset in our pilot human experiments, we demonstrated
that human participants can be observed using iterative inference while solving
these images. Participants were instructed to sketch their solutions and explain their
thoughts during the process of solving, helping us to record and analyse the solving
process. We provided the code and detailed the pipeline to create this dataset and
released the constellation version of THINGS [88], MNIST [93], Fashion MNIST
[94] and Sketch dataset [90].

Constellation dataset provides a unique experimental setup to capture the ex-
ternalized internal search and test dynamics of vision, a feature absent in other
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hard benchmarks. While datasets like Mooney images [15] and Contour Integra-
tion tasks [95] effectively challenge global integration, they are primarily used to
measure final recognition accuracy or detection thresholds. While the constellation
task with its ability to capture drawing response during the solving process allows
to capture detailed features of the iterative inference process and final the solutions
in form of the drawings.

We speculate that this stimulus type promotes iterative and generative solutions
by minimizing the availability of local information. Local shape cues were de-
liberately removed, and additional noise dots were added to further obscure local
structures. As a result, inference must rely on collecting information distributed
across scales rather than direct bottom-up composition of local features. Iterative
hypothesis testing thus becomes essential for solving the images, contrasting with
the feed-forward processing of most conventional ANNs. We found that the zero-
shot classification performance of CLIP on these tasks is quite low (see Figure 7).
This suggests that direct inference of labels, or even meaningful initial conditioning
for search guided by CLIP, is challenging when applied to dotted or constellation
versions of object images.

The impact of this particular work is that it introduced a new experimental
paradigm and dataset for complex image understanding, specifically designed to
reveal the iterative nature of visual processing. This dataset and task will hopefully
promote further experiments to better understand iterative processing in humans
and computer vision systems.
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4. GENSEARCH: GENERATIVE SEARCH WITH
EVOLUTIONARY ALGORITHM

While most modern vision models rely on a single feed-forward pass, recent
evidence suggests that generative classifiers possess intriguing properties regarding
robustness to out-of-distribution noise and adversarial perturbations [96]. The
task of categorizing objects from sparse or degraded visual cues—where local
signal is insufficient for purely bottom-up recognition—is often hypothesized to
involve an internal generative component or higher-level perceptual priors [12].
These mechanisms may allow the visual system to resolve sensory ambiguity by
synthesizing expected object structures to "fill in" missing information [14]. We
define solving of constellation images as correct identification of the object in the
constellation image by drawing the correct contour on the image. As indicated
in the pilot study presented in the last chapter, humans can utilise an iterative
refinement approach to generate new solutions. Inspired by observations from
human experiments, we developed a Generative Search algorithm (GenSearch).
This chapter describes the GenSearch algorithm and evaluates how it compares to
humans in solving constellation images.

The GenSearch algorithm follows a line of work in solving problems in vision
under the umbrella concept of analysis-by-synthesis. This general framework
has existed for many decades, but in 2006, Yullie et. al brought back focus to
this framework and argued that many realistic problems can be solved by it [12].
Many works have used this idea for solving datasets such as Mooney images, 3D
face perception and other tasks with ambiguous input signals [15, 14]. We are
particularly interested in using the constellations dataset we created, where the
level of difficulty can be controlled to find a sweet spot where visual perception
becomes a task of active problem solving rather than simple recognition. In actual
star constellations, there is no signal, but still, humans can often see a shape. In
the case of our artificial constellations, this signal can be controlled to better bring
out the generative problem-solving aspects of vision during extremely low signal
inputs, while still allowing humans to find the correct solution.

The GenSearch algorithm uses a GAN based image generator to generate
candidate images and tries to fit them on the constellation image by optimising for
maximum count of dots the generated sketch passes through. The optimisation
is performed using an evolutionary search. The overall algorithm is explicitly
generative as it uses an image generator to generate candidate solutions. The search
algorithm refines the solutions to find a perfect fit based on low-level cues in the
constellation image. These low-level cues are the fitness of the shape to the dots
in the constellations, evaluated by the number of dots the shape passes through.
We observed that the solution found by the GenSearch algorithm matches humans
in various aspects, such as accuracy, types of mistakes, and the solving process.
Overall, we found that generative search, especially using search operations on
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multiple hypotheses, can be a good candidate to explain many processes in human
perception and problem-solving. The code and human-data used in this study is
available at : https://github.com/tarunkhajuria42/GenSearch

4.1. Generative Search Algorithm

In this section, we explain the details of how the GenSearch algorithm is imple-
mented. GenSearch consists of an evolutionary search in the latent space of a
generator (GAN) guided by low-level cues from the constellation image. These
low-level cues are evaluated by counting the number of dots passing through the
edge of the candidate solutions and are used by the evolutionary algorithm as its
fitness score. In Fig 8 one can see the steps involved in the GenSearch algorithm.
The details for the steps are the following:

Image Generator
GAN / Generate Outline

Initialise search
with random ‘ | ‘ ‘
latent values

Constellation
Image

New Generation
after crossover
and mutation

Select outlines
passing most
number of dots

Figure 8: GenSearch Algorithm: The constellations image is solved by generating
candidate solutions with a GAN and refined using a genetic search conditioned on
best fitting the solution outlines to the dots on the constellation image.

1. The initial population of solutions is randomly sampled from an image
generator’s latent space. So we sample a set of vectors in the latent space of
the GAN and then use them to generate candidate images with the GAN.

2. The fitness of these solutions is calculated by comparing the generated
image’s fit to the dots on the constellation image.

3. The calculation of an object’s fit to the dots constitutes fitting the edges of
the object contour to the dots. Hence, we first run an edge detection on
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the sample’s greyscale image and then use the obtained contours to check
if they pass through a dot. We allow a tolerance of 3 pixels for accessing
connectivity. Only dots connected by contour edges less than 40 pixels
apart contribute to the fitness score, preventing the model from favouring
excessively long, unrealistic drawings.

4. Finally, after the top 200 images from each population are selected based on
their fitness, we generate the new population by point mutation (change of
genes randomly) and crossover of the features (combination of genes from
two parents, i.e., two of the top 200 candidate vectors) of these vectors. The
process is repeated for 30 generations.

5. At the end of each generation, the solution with top fitness is considered the
solution of that iteration (generation). The convergence is calculated based
on the change in the fitness of top solutions over the generations.

4.2. Comparison of GenSearch and humans

We compare human and GenSearch’s performance on two datasets: 1) MNIST
constellations, and 2) Fashion MNIST constellations. Examples from both sets are
shown in Fig 9a. Both sets have 10 categories each. In both cases, the train set
consists of 60,000 images, and the test set consists of 10,000 images. Out of the
10,000 test images, we selected 38 images best suitable for human experiments,
found fit to be at the optimal difficulty level and clarity of shape so that they could
help induce iterative improvement of hypothesis during the solving process. We
compare and present the results for our proposed GenSearch algorithm and the
baselines against the same 38 images.

For the human experiments, the MNIST task included 10 participants, and 11
people participated in the Fashion MNIST task, with no overlap between the two
groups. We later asked 6 people each from the same group to solve the respective
tasks at a very high difficulty level.

4.2.1. Comparison of categorical classification

We estimated the performance of the GenSearch to solve the constellation task
by measuring the classification accuracy of its output (see Fig 9b). We see that the
algorithm classified images with an accuracy of 0.66 (+-0.04) on MNIST and 0.63
(+-0.03) on Fashion MNIST. In comparison, humans performed relatively close
with an accuracy of 0.59(+-0.08) on MNIST and 0.61 (+-0.06) on Fashion MNIST.
As the classes in Fashion MNIST dataset are imbalanced, we calculated balanced
accuracy for this set which is 0.64 for GenSearch and 0.59 for humans. We observe
that the model confuses similar things as humans, for instance mistaking objects
with similar features, like Pullover and Shirt for a T-shirt or Dress for a Coat. In
MNIST, numbers such as 2 and 8 are often confused. In general confusion matrix is
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Figure 9: Classifying objects in constellation images: a) Sample images from
the original Fashion MNIST and MNIST datasets, along with their constellations
version below them. b) The plot shows the comparable classification accuracy of
humans and GenSearch algorithm on a test set of 38 images on both datasets c).
Confusion matrix for classification in 1) Fashion MNIST for humans 2) Fashion
MNIST for GenSearch. The correlation between the two matrices is 0.79. Confu-
sion matrix for 3) MNIST for humans and 4) MNIST for search algorithm with a
correlation of 0.70 between the matrices. We remove the entries when the corre-
sponding elements are 0 in both matrices to calculate the correlation. Additionally,
in many cases, humans don’t respond or give a response that does not correspond
to any of the given options. Such responses are aggregated in the column ’Others’.
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more different between humans and GenSearch as most numbers differ from each
other by only 1 edge. The correlation between the confusion matrix (in Fig 9¢) for
humans and GenSearch is high (excluding common zeros), with 0.79 for Fashion
MNIST and 0.70 for MNIST. The total counts of human confusion matrixes have
all the participants responses counted directly hence the total responses are 38 x
number of participants.

4.2.2. Comparison of drawings made by GenSearch and Humans

In the process of finding the correct shape hidden in the constellation images,
we prompted humans to draw their solution outlines. They could erase and redraw
some solutions if they found them unsatisfactory. GenSearch also generated and
matched its solutions to the constellations during the solving process. Hence,
we can obtain these drawn solutions and try to compare them. To quantify the
alignment of drawings produced by humans and GenSearch, we introduced a
metric called IOU(Dots), which is similar to the IOU metric used by the image
segmentation community to quantify the alignment of the segmented region to the
true region. In IOU dots, we identified the dots passed by the drawing solutions
of humans and GenSearch, and then quantified the overlap in those dots using the
formula given below:

n(ANB)
n(A)+n(B) —n(ANB)

where the number of dots that the contour in drawing A passes through (with a
margin of 3 pixels for all solutions) is n(A), and the number of dots passing through
solution B is n(B). The number of dots in both solutions is n(A N B). ToU(dots)
was chosen over metrics like IOU over drawings because it prioritizes the overlap
calculation over shared evidence (the dots) rather than penalizing the stylistic
variations of the hand-drawn lines.

In Fig 10, we illustrate the process of calculation of IOU(dots) over two constel-
lation images and their respective solutions for the MNIST and Fashion MNIST
dataset. We note that over the set of 38 test images, the overlap between the solu-
tions by humans and GenSearch is high with IOU(dots) 0.49 for Fashion MNIST
and 0.6 for the MNIST dataset. In comparison, the baseline IOU(dots) between
ground truth outline and human drawings is 0.69 for Fashion MNIST and 0.76 for
MNIST.

These numbers indicate a higher human—-model agreement on digits than on
complex clothing items. This difference is likely attributable to dataset difficulty
and structural complexity: digits possess more rigid topologies that restrict the
space of plausible hypotheses. In contrast, the Fashion-MNIST objects (e.g.,
"pullover" or "dress") have more fluid boundaries and higher intraclass variation
in dots arrangement, leading to a wider diversity of partial hypotheses between

10U (dots) =
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Figure 10: Examples from Fashion-MNIST (top) and MNIST (bottom) of left to
right 1) Constellation image; 2) dots covered by human drawing; 3) dots covered
by search algorithm drawing; 4) common dots between search and human draw-
ing. The intersection over union (dots) for this Fashion MNIST is 0.25, whereas
I0U(dots) for MNIST is 0.8. The overall IOU(dots) for the whole dataset for
human drawings to the corresponding search solution is 0.49 for Fashion MNIST
and 0.6 for the MNIST dataset.

humans and GenSearch.

4.2.3. Evolution of solutions

In Fig 11 we observe the process followed by GenSearch to solve the constella-
tion images as iterative refinement over the search generations. The top solution
for each generation of the population is shown in the figure over the iterations.
We see how the top solution is iteratively optimised to the structure of the dots,
trying to find shapes that pass through the maximum number of dots. The nature
of the evolution of the top solution is similar to how humans try to optimise their
candidate solutions while solving the constellation images. In the initial stages,
major changes are made to the shape to try to find the best shape category that suits
the structure of the dots. As seen in the top panel of Fig 11, sometimes humans
start with the correct solution but then change the solution to a slight variation.
We see that the GenSearch solution can also change between the same categories.
Overall, we see a similar pattern of refinement in solutions between humans and
GenSearch. The only difference remains where humans can sometimes identify
the solutions easily at first glance, the initial solution pool of GenSearch remains
random; hence, matching human performance at this stage depends on randomly
having the correct or a near correct shape available in the initialised population
of 1000 candidates. Overall, by visualizing these intermediate states, we have
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evidence that GenSearch can mimic the human behavioral pattern of starting with
a coarse global shape and gradually adjusting local features to match sensory
evidence. This iterative refinement process aligns with the emerging view that
generative inference provides a unified framework for feedback processing in both
natural and artificial vision [97].

Humans

GenSearch

Humans

GenSearch

Figure 11: Qualitatively, the process of solving for humans and GenSearch looks
similar as both processes iteratively change their top solution in the search process.
The figure depicts an instance where both humans and GenSearch explore similar
candidate solutions. The correct solution for the top image is a shoe and for the
bottom image is the number 1.

4.2.4. Maintaining multiple hypotheses

The Gensearch algorithm uses evolutionary search as its search mechanism,
which, by design, works by having a pool of multiple candidate hypotheses. In
the previous section, we saw how sometimes the top solution for the GenSearch
algorithm has the tendency to immediately change from an unrelated category
to the correct one. In this task, human participants also often report the sudden
emergence of a top solution—a "eureka" moment where a previously ambiguous
cluster of dots suddenly crystallizes into a recognizable object. In Fig 12, we show
an instance of such a solving attempt by GenSearch, but also show, during the
process, 5 of the top 200 candidate solutions selected by the evolutionary search at
various generations. We see how the top solution remains relatively stable from the
first generation to the 15th generation, with minor adjustments in shape to better fit
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the dots, but the correct solution, i.e., 2, appears in the 25th generation. We can see
that some prototype of the candidate solution 2 always existed in the solution pool
from generation 1 and is getting strongly represented in the top 200 solution pool
in the later generations. The shape of 2 gets refined while participating in this pool,
while finally matching the shape in the constellation image and emerging as the
top solution. These dynamics of maintaining and refining multiple solutions in the
process can be a natural candidate to explain phenomenon we observe in humans,
such as the sudden emergence of a top solution.

Furthermore, the maintenance of diverse candidates in the latent space relates
to the phenomenon of multi-stable solutions in perception, such as the Necker
Cube or the Rubin Vase. In these classic studies, the human visual system flips
between two or more equally plausible interpretations of the same sensory input.
By maintaining a population of latent vectors, GenSearch effectively models this
multi-stability; the algorithm does not commit to a single interpretation until the
evidence (the dot overlap) strongly favors one structural hypothesis over the others.

Generation 1

Top Solution
In Red

Other solutions
sampled from top 200

Figure 12: In this example, we show how the correct solution (number 2) appears
in the candidate pool of GenSearch before becoming the top solution. The correct
solution appears already in generation 1 and with increased frequency in genera-
tions 5 and 15 before converging as the top solution in generation 25.

4.3. Comparison of GenSearch variations (Evolutionary vs
Gradient-based Search)

We formulated a version of GenSearch using gradient descent as the search
algorithm instead of evolutionary search. As the objective used by evolutionary
search is to maximise the number of dots passed through the outline, we formulated
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a differentiable version of loss that closely resembled the original objective function.
For this, we created a heatmap around the constellation dots with the same pixel
tolerance as the one used to count the dots passing near an edge. The heatmap has
values 1 for the dots and O for non-dots regions. As we use a GAN as the image
generator, it can already calculate gradients through the network. We made the
edge detection process by using convolution of the GAN-generated images with
Sobel filters. The GAN output processed by Sobel filters gives us the edge map.

The dot-product similarity loss between a target dot heatmap D(x,y) and the
generated edge map E(x,y) is defined as:

Z = —ZD(X,y) ‘E(xhy)
xy

This optimisation is equivalent to increasing the number of edges passing
through the dots. Finally, we optimised this loss using gradient descent using a
triangular learning rate schedule.

We observe in Table 1 that the solutions by the gradient descent search algorithm
are crossing a higher number of dots in the constellation image but the accuracy
of the search is fairly worse. Here, the accuracy is defined as the categorical
classification accuracy of the final optimised solutions. We observe in the solutions
of the search algorithm that the GenSearch algorithm over-fits to spurious shapes
and solutions that maximise the number of dots. This also suggests a regularising
effect of the probabilistic sampling and heuristic-based search and composition in
evolutionary search using mutations and crossovers.

Table 1: Accuracy and average dots covered for difficulty level 11 using gradient
descent to find the optimal solution

MNIST | Fashion MNIST

Search Variant  Accuracy dots covered ‘ Accuracy dots covered

Genetic Search 0.66 33 0.63 54
Gradient Descent 0.18 49 0.23 75

4.4. Comparison with Other Machine Learning Models

We compare the results of GenSearch with other machine learning models such
as CLIP, Resnet 18, and Pix2Pix. All these models represent a different class of
model, where CLIP represents a pre-trained vision language model that can be
used for zero-shot classification on images. Resnetl18 is a CNN model that can
be trained and evaluated on the image classification task. Pix2pix is an image
generation model that we trained to translate between the constellation image and
the ground-truth object outlines.
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Constellation

Final output Target Heatmap Final Edge

Figure 13: Solving process of gradient-based search: The upper panels show for
different constellation images the change in the candidate updated using gradient
descent over the iterations. The lower panel shows the ’Final output’ i.e. the final
constellation image generated by the search. *Target heatmap’ i.e. the heat map
of dots that the edges of the output should try to pass through and the ’Final edge’
showing the edge map corresponding to the ’Final output’.

4.4.1. Zero-shot classification with CLIP

CLIP is a pre-trained model trained by aligning the representation of an image
to its corresponding text description. As this model can perform zero-shot clas-
sification of images, we use the model to classify the constellation images in the
MNIST and Fashion MNIST constellation test sets. CLIP classifies these images
with a near-random accuracy of 0.07 and 0.11 for MNIST and Fashion MNIST,
respectively. The performance for corresponding original MNIST and Fashion
MNIST sets is 0.42 and 0.68 respectively. The low performance on constellations
set is likely due to CLIP never being trained on images in form of constellations.

4.4.2. Trained Resnet18 models

We evaluated Resnet18 models that were trained on 60,000 training images
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and were evaluated for the 38 test images used in the comparison with GenSearch
and Humans. Overall, we see in Fig 14a that these models achieve a near perfect
accuracy above 0.9 which degraded with difficulty level but still remained far
above the human performance on these images. This sufficientlhy higher accuracy
on even higher difficulty levels may point to these models learning a different
algorithm as compared to the ones employed by humans and GenSearch.

We attributed this superhuman performance to these models’ over-fitting to
the training data. To explicitly test this, we evaluated the models trained on a
difficulty level on all other difficulty levels. We can see in Fig 14b and Fig 14c, the
explicit effect of overfitting as the model performance degrades when evaluated
on difficulty levels other than the training level. Further, we see this surprising
effect that the model with very high accuracy on the very difficult level 17 performs
fairly poorly on the easy difficulty level 9, indicating the over-fitting to a specific
difficulty level by these trained models.

4.4.3. Pix2pix: Image-to-image translation models

Pix2pix is an image-to-image translation model which can learn to generate
an image in modality B conditioned on a corresponding image in modality A. In
our case, we use this model to translate between the constellation image and the
corresponding object outlines. These models were trained on the training set of the
MNIST and Fashion MNIST constellation datasets and evaluated on the 38 test set
images. We can see from the results in Table 2 using the IOU (dots) metric that the
outlines generated by these models did not match the human drawings as well as
the GenSearch’s solutions. Further, the mistakes made by these models also did
not overlap well with the mistakes made by humans, as seen by the IOU (dots)
mistakes metric. In an additional analysis, using the model trained on the MNIST
dataset on the Fashion MNIST test set revealed that overlap (IOU dots: 0.23) is
similar to the dataset specific models, indicating that the current performance does
not rely on learning the model of the object shapes in the dataset but could be
learning some local heuristic rules to connect dots at certain distance.

Table 2: Average IOU(dots) and IOU(mistakes) between machine and human
drawings. IOU(dots) between human drawings and ground truth is 0.69 and 0.76
for MNIST and Fashion MNIST, respectively.

MNIST | Fashion MNIST
Model IOU (dots) IOU (mistakes) ‘ I0OU(dots) IOU(mistakes)
GenSearch 0.6 0.43 0.49 0.58
Pix2Pix 0.23 0.21 0.25 0.32
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Figure 14: a) The difficulty level of the constellation images is controlled by
changing the distance between the dots, as shown in the example images in the
figure. The plot shows the performance of the models and humans on different
difficulty levels. Observe how the Resnet18 train on a particular difficulty level has
much better classification accuracy compared to GenSearch and humans, especially
on datasets with higher difficulty, i.e., level 17. b) ResNet 18 performance on
change of train/test distribution for Fashion MNIST. Where the x-axix denotes
the difficulty level the model is trained on and y-axis denotes the difficulty level
of the evaluation set. The heatmap values represent the accuracy for a particular
training-evaluation difficulty setting. Note how performance is unstable even on
lower difficulty levels as it deviates from the training distribution. c) ResNet 18
performance on change of train/test distribution for MNIST

4.5. Discussion and main takeaway

In this chapter, we compared the performance of a generative search algorithm
(GenSearch) to humans on the complex visual problem-solving task of finding
objects hidden in constellation images. We observed that humans and GenSearch
algorithm show similarity in terms of overall accuracy, types of mistakes, drawing
overlaps and overlap in mistakes.

In our results, the performance disparity between ResNet18 and GenSearch
highlights a fundamental trade-off between discriminative efficiency and generative
robustness. While ResNet18 achieves higher peak accuracy on fixed difficulty
settings, this success may stem from the model learning task-specific shortcuts
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by using local pixel correlations within the training distribution. In contrast,
GenSearch offers value through its human-aligned failure modes and interpretabil-
ity. This distinction is further emphasized by the near-random performance of
CLIP, which confirms that the constellation modality effectively strips away the
local textures and semantic features that modern Vision-Language models rely on.

A critical insight gained from comparing search strategies is the objective
mismatch which can be observed in the gradient-based variant of GenSearch.
Although the gradient-based approach often achieves higher dot coverage and
lower reconstruction loss, it gives significantly worse classification accuracy than
the evolutionary variant. This behavior indicates that the gradient optimizer overfits
to the objective by distorting the latent representation to capture outlier noise
dots, eventually exiting the manifold of GANs. Conversely, the population-based
diversity of the evolutionary algorithm acts as a form of regularization, preventing
the model from committing to unnecessarily complex outlines. This reveals that
the "sudden emergence” of a top solution is more robustly managed through a
diverse hypothesis space.

Expanding on the robustness of the evolutionary approach, it is essential to
consider the nature of the walk performed through the generator’s embedding
space. Because the latent manifold of a GAN is continuous, any optimization
trajectory, whether gradient-based or evolutionary traverses an interpolated states
between candidate classes. For instance, a search path might move through a
morph solution that is visually halfway between a Pullover and a Coat, possessing
ambiguous features of both. While the gradient-based variant often settles into
these unrecognizable, over-fitted hybrids to maximize dot coverage, the evolu-
tionary algorithm’s reliance on a population of discrete latent vectors may better
approximate the categorical nature of human perception. Human participants
rarely report seeing stable hybrid objects; instead, they experience bistable flips
between discrete, familiar hypotheses. By maintaining a diverse pool of candidates
rather than a single moving point, GenSearch mimics this bistability, allowing the
system to maintain multiple competing pure categories. This suggests that the
evolutionary mechanism does not just regularize the complexity of the outline, but
also preserves the semantic integrity of the solution by avoiding the low-probability
regions between established object manifolds.

The maintenance of multiple simultaneous hypotheses within an evolutionary
framework has some parallels to the architecture of the biological brain. In a
connectionist system, the population of candidates used by GenSearch can be
mapped onto distinct neural ensembles or population codes that compete and
cooperate to explain sensory input [98]. The concept of crossover finds a biological
analog in the integration of partial solutions across different cortical columns [99].
Overall the evolutionary mechanism used in GenSearch aligns with theories of
Neural Darwinism, where neural groups undergo a selection like process based
on the fit between their activity and the incoming sensory data [100]. In terms
of behaviour, maintaining a library of candidate solutions that can improve while
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interacting with each other is a way to explain such sudden shifts where the correct
solution is found suddenly instead of iteratively converging to a solution class,
which closely resembles human *aha moments’ with sudden insights [101, 102].

Overall, the findings should promote further research into GenSearch-like
implementations of analysis-by-synthesis focusing on aspects of evolutionary
search which shows benefits like probabilistic regularisation and explanation of
phenomena like multi-stable vision and insights. This further offers a general
framework that allows fits between high-level concepts space and low-level image
structure.
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5. INTERPRETING THE REPRESENTATIONS OF DL
BASED VISION ENCODERS ON MULTI-OBJECT
NATURAL SCENES

As we have seen, feed-forward machine vision models such as CLIP, ResNet18,
and pix2pix exhibit differences in their solving behaviour compared to humans in
terms of accuracy and performance under distribution shifts. While analysis on a
synthetic dataset such as constellations provides useful insights about robustness
and utilisation of part-whole hierarchy, it is relevant to understand the performance
of more ubiquitously used DL models on natural scenes. The scene, in terms of
the whole-part hierarchy, can be thought of as a combination of various objects.
We have observed in the previous sections how the combination of parts is crucial
in describing an object and how the search to find the object is dependent on
the combination of parts. To observe if similar computations combining different
objects into a coherent scene gist take place in a vision encoder as it encodes natural
scenes, we analysed the representation and processing of multi-object scenes in
popular vision encoders.

While many representation learning methods for vision encoders report clas-
sification accuracy as a measure of representation ability. These evaluations are
still biased towards single-label or single-object classification on datasets such
as ImageNet. Evaluation using multi-object scenes and performance metrics will
show the interations between the different objects and how they are represented
in the network. VLMs trained with objectives such as image-text matching or
caption generation have reported difficulties in properly representing relationships
between scene objects [103, 54]. While these studies report poor performance on
explicit modelling of relationships between the objects, we evaluate individual
object’s representations in terms of its decodability in the network according to
their relationship with the scene and the other objects.

To evaluate the vision encoders for this property, we created a paired object
decoding task by creating sets of images from the COCO [86] dataset that contain
pairs of certain objects in a scene. The task allows us to check the representation
of these objects in relation to each other throughout the encoder network. We
further use the object segmentation mask from the COCO dataset to identify object
specific tokens in the network and use the human-annotated image captions to
identify objects that the humans would find important in describing the images.

Our analysis of several popular vision encoders trained with different objective
functions revealed that, when evaluated on paired-object tasks, these network’s
output tends to represent main objects of the scene better at the cost of secondary
objects in the background. While this result is natural in accordance to the training
objectives of these networks which requires them to focus on certain objects given
a scene, it raises questions about the general-purpose usability of these vision
encoders in models where they are expected to perform equally well on a variety
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Figure 15: A. Explanation of how the token representations are obtained. We
analyse four kinds of tokens in this study: 1) CLS token: The special token usually
used in models for downstream tasks; 2) Avg_obj(Object-specific token): obtained
by averaging the token representations of the object-masked tokens, as shown in
the figure. 3) Random_obj (Object-specific token): Rather than averaging, we
sample one of the tokens from the masked token space of the object 4) Random:
Obtained by sampling any random token from the token space other than the CLS
token B. Describes the experimental setup in which we perform decoding in paired
object tasks; each object-specific representation decodes 1) the object itself, 2)
the other object in the image, and 3) the combination of both objects. C. Shows
a sample paired object decoding task; given an image, the task is to decode if it
contains objectl (cat/dog), object2 (chair/couch) or a combination of both.

of objects in the scene such as in VQA and robotics. In this chapter, we will
discuss the details of this setup and how it can lead to some general insights
regarding the working of vision encoders and their adaptation for downstream
tasks. The code and the data splits used in this chapter are available at : https:
//github.com/tarunkhajuria42/Structured-representations
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5.1. Proposed decoding tasks and the used dataset

To gain insight into how object-wise information is represented in various layers
and tokens of a pre-trained transformer, we used a probing setup. A probe is a
model (usually small and simpler) which quantifies the decodability of a property
or set of classes from an internal representation of the model being analysed. The
probing setup in this study quantifies a linear model ’s ability (measured by hold
out set accuracy) to learn to distinguish a type of object from others by using the
representation at a layer/token. The linearity of the model ensures that the features
corresponding to particular set of objects being decoded were already linearly
separable. So measuring the probe’s performance to classify certain scene objects
at various layers and tokens of a vision encoder, helps us understand how those
objects are represented at those layers and tokens. An aggregate view of such
performance helps us visualise the variation in object representation across the
vision encoder’s different layer and at different kinds of tokens.

The primary evaluation is a paired-object decoding task, designed to test how
the encoder represents multiple entities simultaneously. For each image, we define
two tiers of objects:

1. Primary Objects: The most salient entities likely to dominate a human
description (e.g., Cat vs. Dog).

2. Secondary Objects: Contextual entities that co-occur with the primary sub-
jects but are often less central to the scene (e.g., Bench, Chair, Couch, or
Bed).

By using a linear model, we can ask three specific questions of the representation:

1. Does this token identify the Primary Object (e.g., is it a cat or a dog)?

2. Does this token identify the Secondary Object (e.g., is there a chair or a
bed)?

3. Does the representation capture the Combination of both (e.g., a "dog" on a
"couch")?

We selected six distinct sets of objects from COCO dataset (detailed in Table 3),
where primary and secondary objects have high co-occurrence. For instance, in Set
1, we test the model’s ability to distinguish a cat from a dog while simultaneously
identifying whether the scene contains a chair or a sofa. This forces the probe to
determine if the encoder has successfully bound a certain amount of object specific
properties together, helping to distinguish them from other similar objects. We
also sub-sample to balance the co-occurrence of all object combinations between
the primary and secondary categories. This balancing step is important to measure
entanglement correctly, as otherwise, the difference in the co-occurrence of primary
and secondary objects allows the decoder to learn the presence of one from the
other.

We analyze four specific locations within the network to determine where object
data is most accessible (also shown in Fig 15a):
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Table 3: For paired object decoding, we use 6 object sets with different numbers
of images in each set. Each set contains images with different variations of
objects. For the control global object decoding task, we tested generalisation on 20
randomly chosen objects.

Paired- Set 1 Set 2 Set 3 Set 4 Set 5 Set 6
Object
Probe
# Images 2414 5042 1953 2143 938 3738
Primary cat,dog  diningta- train, bus tv,laptop microwave, motorcycle,
Object ble, per- oven car
son
Secondary bench, pizza, traffic mouse, bottle, traffic
Object chair, knife, light, remote,  spoon, light,
couch, cup, cake bench, key- knife, cup handbag,
bed back- board, backpack,
pack, cell- bicycle

handbag  phone

Global sheep, bear, banana, potted plant, bowl, toilet, horse, apple,
Probe fire, parking meter, handbag, snowboard, broccoli, giraffe, stop
sign,hydrant, cow, tie, hot dog, truck, wine glass

1. CLS Token: The global token typically used for downstream classification.

2. Avg_Obj: The average vector of all tokens located within the object’s seg-

mentation mask.

3. Random_Obj: A single token sampled from the object’s mask to test if local

features are sufficient.

4. Random: A baseline token sampled from the background (areas not belong-

ing to the primary or secondary objects).

To evaluate if the observed representation patterns extend beyond the specific
paired-object scenarios, we implemented a global decoding task. The methodology
utilizes 20 randomly sampled objects from the COCO dataset, distinct from those
used in the paired-object experiments. The global decoding task involves training
linear probes to identify the presence of these 20 categories using the object specific
representations i.e. Avg_Obj.

5.2. Representation of objects in the layers and token space of
networks

Using the decoding task with image sets described in the previous section, we
obtained figures describing the average decoding accuracy across the six object sets.
An example of such a figure is given in Fig 16.a for the model BLIP. Observing
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Figure 16: a. Paired object decoding task results for BLIP across layers: Average
decoding performance for different layers (y-axis) and token types (x-axis) over 6
tasks for BLIP. In the subfigures, the y-axis contains variations of where the object-
specific tokens (random_obj and avg_obj) are obtained. The different columns
show results for 1) decoding the primary object; 2) the secondary object and 3)
the combination of both objects in the image. The decoding pattern remains after
averaging, with the tokens from the objects modelling the most useful information
for categorising the objects. The object-specific tokens are much better than the
CLS token, which has to capture the larger scene context. b. Visualisation of
cosine similarity of highlighted token to other tokens for a token from primary and
secondary objects at various layers of BLIP model.

this figure, one can make some important inferences about the structure of object-
specific information distributed across the network. We observed that object-
specific decoding accuracy increases down the layers until a certain layer for
all token types in the network. The highest decoding accuracy for the tokens
was usually given by the object-specific tokens in the network rather than the
CLS token. The CLS token encoded a more entangled scene level representation
with high accuracy for both primary and secondary objects, hence its object-
specific representation was lower than the object-specific tokens. On the other
hand, we observed that these object-specific token representations were themselves
not completely token-wise disentangled. It was possible to decode the other
object in the scene from the object-specific token representations (Avg_Obj and
Random_QObj tokens).
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In an instance level view of the representations, we observed how the models
were representing a single image at various layers in Fig 16.b. Here, in the first
image we took a token from the object ’dog’ and in the second we took a token
from the object "bed’. We then calculated and plotted the cosine similarity of those
tokens with all other tokens of the network. We saw that as the representations
are processed by the network in the later layers, the token originating from these
objects becomes similar to the selected token representation. In the later layers,
they seem to almost form a segmentation mask for the object in the image. This
information, in conjunction with the improvement of object-specific classification
performance in the later layers of the network, indicates that the tokens bind
information down the layers. We also see which parts are considered as one at the
last layer of the network, as the *bed’ token originating from the ’pillow’ shows
equal similarity to the ’bed’ in the intermediate layers but more specific similarity
to the "pillow’ in the last layer.

5.3. The pattern of representation across networks: Key
Insights

While comparing the pattern of representations across many models, we employed
a linear probing setup to decode object categories from specific token representa-
tions. In Fig 17, we see that the relative accuracy trends for various tokens were
similar across most Vision-Language Models (VLMs). A notable observation
was the higher overall decoding performance of FLAVA, BLIP, and BLIP-Large
models, which also showed a higher segregation of information; specifically, the
classification accuracy of a random background token is significantly lower in
the last layer compared to the object-specific tokens, indicating that these models
successfully localize object features. The two self-supervised models, DINO and
DINOV2, showed a slightly lower accuracy for secondary objects, yet their repre-
sentations were more disentangled, which allowed them to model the background
objects relatively better. This disentanglement is evidenced by DINOv2 achieving
a higher decoding accuracy for randomly sampled object tokens (approximately
90% for primary objects) than most other models, aligning with its documented
utility in semantic segmentation tasks.

We observed a difference in the structure of representations due to architectural
constraints (Transformer vs. CNN) and specific training on multi-object tasks.
Consequently, there was a significant decrease in decoding accuracy using a ran-
dom CNN unit representation compared to random ViT tokens; specifically, for
primary objects, the ViT achieved 0.84 accuracy versus 0.72 for the CNN, while
for secondary objects, the ViT reached 0.54 versus 0.45 for the CNN. Further,
the object-specific tokens in CNNs had lower accuracy while decoding the other
objects in the scene than their ViT counterparts. This suggests that CNNs exhibit
less entanglement of information across objects because they lack a global attention
mechanism, which forces object features to remain physically localized within
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Figure 17: Layer-wise test set decoding accuracy for primary and secondary objects
for pre-trained models in the study. Where O,,0; denotes primary and secondary
object category, while T),, T; denotes token from primary and secondary objects.
The accuracies are averaged over the six object sets. In each sub-graph, the y-
axis denotes the decoding accuracy, and the x-axis denotes the layer at which the
accuracy was observed. We observe consistent decoding trends across models with
a few variations reported in Section 5.3.

specific units.

In contrast, the ViT trained on ImageNet-21k showed the least differentiation
between object-specific tokens and background tokens. In this model, a random
token decodes the primary object with an accuracy of 0.84, which is nearly identical
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to the 0.88 accuracy of the global CLS token. This indicates that in models
trained only for single object classification, scene-level information appears more
uniformly dispersed across all tokens because the network was never required to
distinguish between multiple co-occurring objects. This result highlights that the
segregation of information in the last layer is more explicit in VLMs because their
training objectives such as image-text matching or captioning, require the correct
modeling of multiple distinct objects.

Lastly, the decoding accuracy for object-specific tokens degraded the most on
secondary objects, which was also correlated with lower accuracy on objects not
mentioned in the human-annotated captions. Our layer-wise analysis shows that in
BLIP-Large and several other networks, including ViT, DINOv2, and CLIP, the
accuracy for secondary objects begins to decrease in the final layers while primary
object accuracy remains stable. This "late-layer fade" suggests that the training
objective forces the network to compress the scene representation into a simplified
narrative, effectively suppressing secondary details to focus on the primary subjects
of the scene.

5.4. Difference in object representation based on object
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Figure 18: Variation in decoding accuracy between instances of objects ‘in caption’
and ‘not in caption’. Each subplot represents the decoding of the object by its
object-specific representation. The heatmap represents the decoding accuracy
for a particular token type at a particular layer. Where the x-axis represents the
various token types and the y-axis represents the layers from which the particular
representation is obtained. The two heatmaps compare the two conditions in which
the representations of objects are divided based on if they are "not in caption’ or if
they are mentioned ’in caption’
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Figure 19: The figure shows the final decoding accuracy on the 20-class global
decoding task for objects when they are mentioned ’in caption’ as compared to
when they are "not mentioned in caption’. We observe that across all networks at
the last layers objects mentioned ’in caption’ can be decoded linearly as compared
to other objects. Certain networks like CLIP Large show this effect to a greater
degree but they have better object-specific representation in the CLS tokens.

Finally, we evaluated the difference in representation in the network of objects
included ’in caption’ compared to objects 'not mentioned in the caption’ in the
COCO dataset. Our assumption was that the objects that are not mentioned in the
human descriptions of the scene are not as important for the scene. We observe the
difference in their representation in two views. In Fig 18 we see for BLIP how the
representation throughout the network has fairly less decoding accuracy than the
similar positions in the network when the objects are mentioned in the caption. In
particular, note how the CLS token, which is directly optimised by the objective
function, is the most affected in this comparison final decoding accuracy of CLS is
0.79 when object is ’not in caption’ vs 0.96 when objects are ’in caption’. Finally,
in Fig 19 we see that this effect is general across all networks when we replicated
it using a 20-class global probe across all networks in this study.

5.5. Discussion and main takeaways

In this chapter, we learned how the object-specific information binds to individual
tokens as it is processed down the layers of the vision encoders. In a multi-object
scene, the CLS token tends to abstract away information about some objects and
represent a few main objects in the scene better than others. Other objects have
better representations in the object-specific tokens in the network. This leads us to
the main takeaway from our analysis that not all objects in the scene are equally
represented in the final output layers of the network. For many objects, some of
the earlier layers have a better decodable representation of those objects. This
understanding has implications for optimal use of these object encoders, as in
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various models intended for general downstream tasks, such as LVLMs for general
question answering or VLAs for generating action-related commands. For example,
models such as LLaVA[104] report better overall performance using earlier layers
of the pre-trained CLIP vision encoder.

Beyond these technical implications, these results provide crucial insights
regarding robust scene understanding. If the final layer of a vision encoder acts as
a bottleneck that prioritizes primary objects while suppressing secondary ones, a
single-pass feed-forward approach is fundamentally insufficient for complex, real
world tasks. This finding supports the broader claim presented in this thesis that
human-like robustness requires an ability to re-examine early layer features when
the task demands interaction with other objects.

Furthermore, the importance bias identified in this chapter suggests that the
current gap between machine and human vision is not just a matter of classification
accuracy, but a difference in efficient information abstraction and composition.
While humans can flexibly shift focus across the whole-part hierarchy, modern
encoders are locked to a specific viewpoint as dictated by their training captions.
This chapter therefore complements the previous chapters, where we explore how
iterative mechanisms and feedback loops can compensate for this inherent filtering,
ensuring that the vision system remains robust even when the objects of interest
are not the primary focus of the initial scene description.
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6. DISCUSSION

One of the main goals of modern deep learning research is to create models that
perform their intended task robustly. While complete robustness to variation in
inputs or tasks is not possible, maximum coverage of the possible scenarios and
robustness to critical failures is the more pragmatic goal. As many deep learning
applications are centered around the tasks performed by humans, aligning with
humans becomes a goal for the field to maximise usability and safety in scenarios
that humans encounter.

Cognitive scientists have long tried to build models to explain human cogni-
tion and behaviour. While such models captured aspects of neural measures or
behavioural data, they remained brittle, hence not being able to explain a wide
variety of data or even capture human behaviour very well [105]. Deep Learning
models, when optimised to perform certain tasks, are one of the few models that
perform close to human performance [37, 106]. Further, the alignment of their
internal representations to neural data in many modalities has sparked interest in
using the understanding of these models to refine the questions we ask in cognitive
science [107].

In this thesis, we have explored this synergy between cognitive science and deep
learning to study scene understanding. With the constellation task, we explicitly
tried to highlight the iterative aspect implicit in vision. While human vision in
everyday settings constantly works under the influence of current context (environ-
ment, tasks or goals), many of the computer vision models are just processing the
image once in a feed-forward manner. In this thesis, we explore why this might
not be the best strategy.

To further elaborate the difference between computer vision models and human
vision during scene perception, we gained evidence from human experiments
on the constellation task, demonstrating how humans can iteratively search and
generate the solution even on a fairly underspecified image such as a constellation.
This task, in its essence, shows the robustness of our vision as we are not trained
on these images but can still infer the hidden shape in an input with very low signal
about the object. On the other hand, our analysis of most feed-forward networks
such as CLIP, pix2pix or ResNet18 suggests that these networks cannot adapt to
this change of modality without explicit training on the task. Further analysis of
networks such as ResNet18 that work supernaturally better than humans on this
task suggests that these networks overfit to a particular level of sparsity in dots
that they are trained on and cannot adapt to changes in these sparsity levels, even
towards a fairly easier level for the same constellation set.

The generative search algorithm (GenSearch) performed close to humans under
the constraints of no explicit training on the modality, specifically when searching
in a limited semantic space. The interplay between search and the bottom-up fit
evaluation allowed for search to be continued for a dynamic period until there
was no improvement over a few iterations. This mechanism supports more robust
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transfer from natural images to the constellation images, displaying the natural
pattern of better performance on easier images. Another important dynamic that
the iterative search captures is that it enables the integration of cues at various
levels of abstraction, similar to human vision. For example, some iteration could
optimise for a fit for curves but another would also find a higher level fit with object
parts and the complete object shape. This shift allows for the search to be guided
by fits at various levels of shape abstraction in the part-whole hierarchy, making
use of as many clues as possible to solve the image. While this search process does
not solve the images as efficiently as humans, the implicit use of iterative inference
during search shows the role of effectively collecting and refining information at
various scales for more robust visual inference.

In contrast to this flexible search, when we evaluate the feed-forward vision
encoders trained for various objectives on natural images that have multiple objects,
we observe that they rigidly focus on certain objects in the image more than others.
While this property is desirable for the objectives for which these models are
originally trained, they may not serve as a good general-purpose scene encoder, as
they may not equally represent the details for all objects in the output embedding
or token space.

In this interplay between the scene structure and its contents, the importance of
correctly inferring elements at various scales of the part-whole hierarchy becomes
crucial. This ability is more important in very ambiguous inputs like constellations,
where it may be difficult to infer the whole object at once, hence one has to rely on
collecting cues in the form of object parts.

In a multi-object scene, objects become parts of the scene, although they are
typically more loosely coupled compared to the parts of an object. The deep learn-
ing based image encoders treat certain objects in the scene differently than others,
modelling some relationship between the objects in terms of their importance.
However, as discussed above, it can be suboptimal to use these models in general-
purpose downstream tasks, due to their redefined scene-object importance, which
may not match the object importance structure for every downstream task. The
encoders learn to represent various objects at different levels of abstraction in their
output representation. Although for many models the information is not completely
lost and the downstream network can still recover the correct representation for its
purpose which, however, may cost additional training data.

The findings from the representational analysis of multi-object scenes provides
a critical appreciation for the generative search approach (GenSearch). Where the
analysis in Chapter 5 about vision encoders revealed that feed-forward encoders
often exhibit a salience bias, where representations for smaller or background
objects are suppressed. GenSearch using a multi-hypothesis search, its generative
component and relying on low level matching (using counting) allows a more thor-
ough sampling of inputs to provide a more robust scene explanation. By applying
these insights from GenSearch, we can hypothesize that human vision resolves the
representational crowding found in machine encoders by using the iterative cycle
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to suppress irrelevant features and generate missing details of obscured objects.
This suggests that human representations are not static embeddings like those in
CLIP or DINO, but are instead dynamic, generative constructs that are constantly
updated. This understanding of dynamic contextual embedding also hints at rea-
sons for the relative success of autoregressive LLMs and VLMs over static models.
Future research could investigate whether the sudden emergence of a solution in
the constellation task corresponds to a representational shift in the brain.

6.1. Limitations, opportunities and implications for
understanding human and computer vision

Some of the main contributions of this work are identifying and highlighting
computational components that may better replicate human behaviour in solv-
ing vision tasks. Through our work on constellations, we highlight the benefits
of an evolutionary search strategy to maintain and refine hypotheses under the
analysis-by-synthesis framework. Some of the key benefits we noted are its natural
regularising effect which prefers more likely shapes while ignoring noisy artefacts.
Further, this search strategy, which maintains and refines multiple hypothesis so-
lutions in its library, provides a natural explanation for the sudden emergence of
correct solutions during many human solving attempts. While we are not sug-
gesting that the brain runs an evolutionary search algorithm in this form, certain
computational elements from the search, such as the maintenance of a library of
solutions, some stochastic operations for composition and conditional updating
based on crossover and mutation, are worth exploring in future research. On the
other hand, future research directions need to address our main limitation of large
computing costs and inference times, which makes the algorithm inefficient to scale
for more natural settings, such as the Things constellations [22]. Some promising
future directions in this case are the use of more hybrid approaches, including
faster feed-forward guidance [14] and the inclusion of recurrent or gradient-based
updates to form hybrid search strategies.

While we have already considered some of the popular deep learning models as
baselines, there are a few likely candidates that can be explored in the future work.
A recurrent descriminate model can be a useful baseline in addition to current
feedforward baseline with Resnet18. Similarly, our initial experiments adapting
Sketch RNN [108] to constellations task did not give promising results hence was
not explored further, however this remains a promising research direction as sketch
models and specially a recursive generative model shall be an efficient alternative
to traditional analysis-by-synthesis models. In terms of VLMs, we evaluated CLIP
which encodes images in a feed-forward manner, while the modern VLMs such as
GPTS5 or LLaVA [104] have a generative and iterative next word prediction loop,
giving them the ability to look back at the image information multiple times during
the process. Evaluation of such models on constellations datasets in the future may
provide useful insights about robustness in scene understanding.
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Our work analysing vision encoders is also limited in terms of the inferences
that can be made based on linear probing tasks. In particular, the lower accuracy
for certain objects does not necessarily imply that information about the object is
not present in those tokens. Similarly, a higher accuracy on a few class categorisa-
tion tasks may not imply complete binding of category-specific information in a
particular token. Nevertheless, the decoding trends across the layers and in tokens
are still informative. Moreover, the main results regarding better object-specific
representations have been tested on a downstream task [23] and are consistent with
reports in a few other studies [104, 109]. However, future work can further test
the actionability of the layer and token-specific inferences for various encoders by
using them accordingly in downstream tasks or as a frozen vision encoder for a
VLM.

In general, we find through this work that inspecting representations for the
correct level of abstraction can be quite informative about a model’s behaviour.
While we focused on object-specific abstractions in this study, the application of
these principles to other forms of scene abstractions can also reveal useful insights.
In the human visual system, the ventral stream learns object-specific invariances
of parts, leading to the understanding of the category of specific objects or scene
elements. While in the dorsal stream, the representations abstract away the exact
object identities but maintain various scene-level information about objects, their
arrangements, and their importance to the task, as well as information regarding
action-related affordances of the objects. This perspective suggests that being able
to extract information about various aspects of the scene in a segregated manner, so
it is accessible to processes involved in reasoning about the scene, can be useful for
generalisation. However, the vision encoders tested in our analysis revealed that
the models represent category-related information, but the position of the objects
and their relative size and arrangement are implicitly represented in terms of its
distribution of category information in the tokens of the network. We speculate that
this lack of explicit segregation of category and position information contributes to
the limitation of many current VLMs, which while performing well on questions
about scene contents still struggle with tasks that require content independent
algorithms, such as counting and searching [54]. In the current models, we see
how different models trained with a particular objective and architecture tend
to prioritise a particular type of information. VLMs trained in conjunction with
language prompts are better at maintaining high-level semantic information about
the scenes and their contents, but can struggle with spatial relationships in the
scene [104, 55]. The DINO family of models trained to learn an invariant scene
representation under various transformations, learn both the semantic relationships
along with some spatial properties of the scene, such as depth [56]. The third
family of models such as SAM which are trained to learn an even more local
objective of segmenting individual parts of the scenes, are known to have low
semantic understanding of the objects they can segment [110]. Although these
model families are improving their deficiencies with each update, the fundamental
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question still remains whether the intended general purpose deep learning models
can actually form and represent information in the abstract form for many tasks,
which would further indicate them implicitly using learning and using content
independent algorithms.

Overall, the work in this thesis attempts to evaluate the computational compo-
nents that underlie the robustness of human vision in difficult conditions. Further,
through the identification and adaption of such computational components and
the general view of analysing models in terms of its representations, this thesis
hopefully contributes to the development of more robust machine vision models.
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7. CONCLUSION

In this thesis, we explored the topic of scene understanding in human and machine
vision as a process that involves more than just a single feed-forward pass, but rather
an active iterative process of collecting information about a scene at various levels
of detail. We introduced a new dataset inspired by star constellations and showed
that it can induce iterative inference in human participants solving this task. We
attempted to replicate the human strategies used to solve this task by developing a
generative search algorithm. This allowed us to identify computational components
such as multi-hypothesis maintenance and refining in evolutionary search, which
could help better replicate aspects of human behaviour in computational models.
The viewpoint of understanding multi-component representation helped us to probe
vision encoders used in DL models, which led to identifying problems with the
optimal use of the static encoder outputs for general downstream tasks. Overall,
by finding specific computational components that support the general principles
of iterative inference and the use of part-whole hierarchy, this thesis adds to our
knowledge of better ways to model human scene understanding. Additionally,
these computational findings and the view of analysing representations in the
form of object-specific abstractions also informs better engineering and analysis of
machine vision models.
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SISUKOKKUVOTE

Stseeni moistmine inim- ja arvutindgemises

Inimese nigemine on ddrmiselt kohanev ja vastupidav muutuvatele oludele. Me
suudame oma nigemist tohusalt kasutada erinevatel eesmirkidel autojuhtimisest
kuni lugemise ja sulgpalli méngimiseni, ning mitmekesistes oludes, nditeks tuule,
tolmu, osalise varjatuse ja valguse muutumise korral. Kognitiivteaduses kirjeldatak-
se seda nigemise generatiivse olemuse kaudu: silmadest tulnud alt-iiles-signaalid
ja aju korgema kognitsiooni piirkonnad mdjutavad iiksteist vastastikku. Nende
kahte tiilipi signaalide korduv vastastikune moju vdimaldab meil tuvastada ja aja-
kohastada konteksti ning seejirel tdlgendada visuaalseid sisendeid selle konteksti
alusel. See protsess toetabki inimese nigemise vastupidavust ja kohanemisvoimet.

Paljud tinapédeva arvutinidgemise siisteemid kasutavad aga ainult périlevi (ingl
feedforward) tehisnirvivorke. Kuigi need mudelid suudavad kiiresti ja iisna tapselt
tédita spetsiifilisi treenitud lilesandeid, ei ole nad sobivad, et saavutada head tulemust
treeningjaotusest viljaspool olevate sisendite ja iilesannete puhul. Uuringud on
vilja toonud, et need mudelid tuginevad iilesannete tditmisel liialt madala taseme
tunnustele ja tekstuuridele ning on altid dppima otseteid néiliste korrelatsiooni-
de kujul. Selle tulemuseks on vihem vastupidav nigemissiisteem, mis ei laiene
treeningjaotusest erinevatele sisenditele.

Selles doktoritdds uurisime inimese ja masinnigemise sarnasusi ja erinevusi
stseeni esitamisel ning mdistmisel.

Esimeses peatiikis kavandasime tdhtkujudest inspireeritud keerulise nigemis-
tilesande, kus inimesed ja masinalgoritmid piiiidsid leida pildil peidetud objekti,
millel on vihe signaale objekti miiratlemiseks. Ulesanne loodi optimaalse raskus-
astmega, kus inimestel on keeruline objekti tipimustrites kiirelt edasisuunatud viisil
leida, voimaldades meil seega uurida iteratiivset jareldusahelat, mis holmab iilevalt-
alla ja alt-iiles visuaalsete signaalide vastastikmdju. Meie katsetes mérkisid paljud
inimestest osalejad iilesande lahendamise ajal mitme hiipoteesi moodustamist
ja tidpsustamist. Katsed eeltreenitud pildikeelemudeliga CLIP néitasid ligikaudu
juhuslikku sooritusvdimet, kuna neid pole spetsiaalselt sellisteks visuaalseteks
sisenditeks treenitud. Kokkuvdttes avaldasime paljudest andmekogumitest, nagu
THINGS, Sketch, MNIST ja Fashion MNIST, tidhtkuju-stiimulite versioonid, mida
aktiivselt kasutatakse kognitiivteaduse ja arvutinigemise uurimisel. Lisaks avalda-
sime ka oma koodi, mida teadlased saavad kasutada oma piltide teisendamiseks
tahtkuju versioonideks oma uurimisvajaduste jargi.

Teises peatiikis panime kokku generatiivse otsingualgoritmi (nimega GenSe-
arch), et lahendada tihtkuju pilte, mis sisaldavad numbreid ning objekte MNIST
ja Fashion MNIST andmekogumitest. See algoritm teeb otsingu nendel andme-
kogumitel treenitud pildigeneraatori (GAN) latentses ruumis ja piitiab leida pildi,
mille kontuur sobib tihtkuju punktidega kdige paremini. Seejirel vordlesime seda
algoritmi inimestega, kes
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lahendasid samu pilte, ning leidsime palju huvitavaid sarnasusi, kuidas algoritm
teeb vigu, sdilitab mitut hiipoteesi ja ajab sarnaseid objekte segamini. Nii inimesed
kui ka GenSearch lahendasid need iilesanded umbes 60% tipsusega. Testisime
ka konvolutsioonilisi tehisnédrvivorke (CNN-e), treenides neid tdhtkujude piltidel,
ja markasime CNN-ide ebaloomulikku sooritust. Ndgime tdhtkujude piltide eri
raskusastmete ja sama algoritmi seadistuse pohjal, et inimesed ja GenSearch variee-
ruvad sarnaste mustritega. Vastupidi sellele tuli CNN-e treenida vastavalt piltide
raskusastmele, mis viitab mudelite {ilesobitamisele (ingl overfitting). Selle peatiiki
peamised jireldused puudutavad evolutsiooniliste algoritmide kasutamist otsingul.
Me leidsime, et geneetilise otsingu tdendosuslik olemus, mis siilitab samal ajal
lahenduste kogumit, néditas regulariseerimisefekti eeliseid ahne gradientlaskumise
otsingu ees. See selgitab loomulikult ka mdne inimesest osaleja dige lahenduse
ootamatu esilekerkimise nihtust.

Viimaks testisime me praegu siivadppes kasutusel olevaid nigemiskoodreid
COCO andmestiku loomulike, mitut objekti sisaldavate stseenidega. Disainisime
kahe objekti esitamise ja sondeerimise iilesande, et analiiiisida koodrite kihtides
ja mirgitiitipides (ingl token type) leiduvaid esitusi. Me tuvastasime mérgid, mis
on seotud objekti asukohaga, kasutades COCO andmestiku objektimaske. Selles
t00s analiiiisitud koodrid on treenitud loomulike piltide ja eri eesmérkidega, nagu
nditeks objekti klassifitseerimine (ViT), pildi-keele sobitamine ja pealdise loomine
(CLIP, BLIP) ning enesejuhendatud dpe. Me leidsime, et sdltumata treenimise ees-
mirgist ja arhitektuurist on teatud silmapaistvad objektid teistest paremini esitatud
vorgu viimastes kihtides, paljud taustaobjektid aga ei pruugi olla téielikult esitatud
mirgis, mida kasutatakse jirgnevates protsessides (ingl downstream tasks). Selles
t60s kasutatud sondeerimismeetodit ja leitud tulemusi saab kasutada selleks, et
muuta vorgu kihtide ja méarkide kasutust jargnevate protsesside ja teiste suuremate
mudelite jaoks sobivamaks.

Kokkuvottes anname selles doktorit6os iilevaate, kuidas mdista ndgemist aktiiv-
se informatsiooni kasutamise, néiteks osa-terviku objektihierarhia, kaudu. Selline
aktiivne otsing vdimaldab kasutada stseenis leiduvaid iiksikuid elemente koos
suhtestruktuuridega, milles need elemendid téenéoliselt koos esinevad. Doktorit6o
eri osad piitiavad tabada seda nihtust, kuidas inimesed ja masinaalgoritmid stseeni
tervikuna ja osade kogumina esitavad ning selle iile arutlevad. Lopetuseks arutleme
kolme avaldatud artikli pdhjal abstraktsete visuaalsete esituste ning neis toimuva
aktiivse otsingu toetavat rolli visuaalses tajus ja stseeni moistmises.
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