Towards Learning Structured Latent Visual Representations

by

Yibing Wei

A dissertation submitted in partial fulfillment of

the requirements for the degree of

Doctor of Philosophy

(Computer Science)

at the
UNIVERSITY OF WISCONSIN-MADISON
2026
Date of final oral examination: 05/01/2026
The dissertation is approved by the following members of the Final Oral Committee:
Pedro Morgado, Member of Technical Staff, Skild AI (Chair)
Yong Jae Lee, Professor, Computer Science

Frederic Sala, Assistant Professor, Computer Science
Ramya Korlakai Vinayak, Assistant Professor, Electrical & Computer Engineering



© Copyright by Yibing Wei 2026
All Rights Reserved



To my family.



ii

ACKNOWLEDGMENTS

I would first like to express my deepest gratitude to my advisor, Dr. Pe-
dro Morgado. I am especially grateful that he welcomed me into his lab
in 2022 and gave me the opportunity to become his first Ph.D. student.
Through our many discussions, he taught me how to formulate research
questions, design experiments, think critically about results, and navigate
the uncertainties and challenges of research. His mentorship helped me
grow into a more independent researcher, from early collaborative work
to leading projects. Beyond research, Pedro has been a source of encour-
agement, kindness, and support. His scientific rigor, intellectual curiosity,
optimism, and warmth have had a lasting influence on me, both profes-
sionally and personally.

I would also like to thank my committee members, Professor Yong Jae
Lee, Professor Fred Sala, and Professor Ramya Korlakai Vinayak, for their
time, feedback, and support throughout my Ph.D. journey. I am grateful
for their guidance during my qualification exam, preliminary exam, and
dissertation defense, as well as for the thoughtful questions and sugges-
tions that helped improve my work. I also thank Professor Abhinav Gupta
from Carnegie Mellon University for his support on my first project, La-
tentMIM. I am deeply grateful to my collaborators from PAII, including
Zhicheng Yang, Hang Zhou, Mei Han, Jui-Hsin Lai, Andy Wong, and
Chen Du, and to my collaborators from Adobe, including Sudeep Katakol,
Manuel Brack, Yu-Teng Li, Richard Zhang, Eli Shechtman, Hareesh Ravi,
and Ajinkya Kale, for their insights, discussions, and support. These col-
laborations broadened my perspective and greatly enriched my Ph.D. re-
search experience.

I am also grateful to my colleagues at the University of Wisconsin-
Madison, including Cheng-En Wu, Lin Zhang, Jinhong Lin, and Haoyue

Bai, for their companionship, support, and many inspiring conversa-



iii

tions along the way. Being part of this community, where we could
exchange ideas, share challenges, and grow together, has been one of
the most meaningful parts of my Ph.D. experience. I would also like to
thank Samuel Church and Victor Suciu, whom I had the opportunity
to mentor through our work on TrackVerse. Working with them was a
deeply rewarding experience and helped me better appreciate the value
of collaboration, guidance, and shared growth.

Finally, I would like to thank my family and my partner for their un-
conditional love, trust, and encouragement. Their belief in me has been
one of my greatest sources of strength throughout this journey. I could
not have reached this point without their support.



iv

CONTENTS

Contents iv

List of Tables vi

List of Figures viii

Abstract

X

1 Introduction 1

2 Towards Latent Masked Image Modeling for Self-Supervised Vi-

sual Representation Learning 6

2.1
2.2
2.3
24
2.5

Introduction 7

Latent Masked Image Modeling 11
Challenges of Latent MIM 14
Scaling to ImageNet-1k 24
Conclusion 28

3 TrackVerse: A Large-Scale Dataset of Object Tracks for Visual
Representation Learning 29

3.1
3.2
3.3
3.4
3.5
3.6

Introduction 29

Related Work 32
TRACKVERSE Dataset 33
Pretraining Protocol 39
Downstream Evaluations 42
Conclusion 49

Queryable Attribute Representation Extraction from Frozen

Vision-Language Models 50
4.1 Introduction 50



4.2 Related Work 53

4.3 The QARE Benchmark 54
4.4 Method 61

4.5 Experiments 64

4.6 Discussion 67

4.7 Summary 68

5 Conclusion 69

References 73



Vi

LIST OF TABLES

2.1

2.2

2.3

24

2.5
2.6

2.7

3.1

Target encoder optimization. In addition to downstream per-
formance, we report the average pairwise cosine similarity be-
tween (mean pooled) latents Z. . . . . ... ... L. 17
LossImpact. . . ... ... ... ... ... ... ... 19
Improvement from reducing semantic correlation mitigation
with strategies of high mask ratio, non-contiguous stochastic
maskin and patch-wise similarity constraint. . . . ... .. .. 21
Comparison between different decoder designs. Other config-
urations follow the optimal settings found in previous sections. 24

Top-1 NN and LP classification accuracy on ImageNet. . ... 25
Video object segmentation on DAVIS-2017. J and J quantify
region similarity and boundary alignment, respectively. . . . . 27

Few-shot learning on various datasets. We report the mean
and standard deviation of the top-1 accuracy across 3 different
runs. Each run is trained on a set of 16 training images per
class. . ... 27

TrackVerse vs. Existing Video Datasets. Full Dyn.: full
dynamics that supports random frame sampling at any time
point. The R2V2 dataset only contains 4 fixed frames per
video. Obj Centric: object-centric dataset. Class Bal: Class
Balance where the high-frequency classes were capped. Dur:
total duration of thedataset. . . . . ... ... ... ... ... .. 31



3.2

3.3

34

4.1

4.2

Evaluation of representations across diverse downstream
tasks: LVIS-IN and TrackVERSE object classification, SSv2
action recognition, MIT-States object/attribute classification,
and DAVIS-2017 video object segmentation. Features were
pre-trained using MoCo on ImageNet and variance-aware
MoCo on videos, both with equivalent training budget of
220M forward-backward passes. . . . ... ... ... ... ..
Scalability to Dataset Size. Increasing the dataset size of
TrRACKVERSE significantly improves downstream performance.
Comparison of static frames (MoCo) vs. tracks (Variance-

Aware MoCo) pretraining on TrackVerse . . . . . .. ... ..

Comparison of different methods on the QARE benchmark.
We evaluate three distinct families of methods: (1) VLM2Vec
variants that fine-tune VLMs to produce queryable embed-
dings; (2) Standard visual encoders that output a single,
entangled global embedding; and (3) Our proposed training-
free approach TF-QARE directly extracts disentangled attribute
features from frozen VLMs and consistently achieves substan-
tial gains, demonstrating the effectiveness of prompt-guided,
attribute-aware embedding extraction. Higher mAP (1) and
lower AIS (]) indicate better performance, and the gray row
highlights our defaultmodel. . . . . ... ... ... ......
Ablations on layer selection. . . . . ... ... ... ... ...

vii

64



LIST OF FIGURES

viii

2.1

2.2

2.3

24

2.5

2.6

2.7

Challenges of Latent MIM. The representations learned
by MIM approaches fail to capture high-level semantics, as
shown by the poor performance in nearest neighbor and
linear probe evaluation. . . .. ... ... ... ..... ...,
Latent Masked Image Modeling Overview. Models are
trained to reconstruct the latent representations generated by
a target encoder at withheld locations. Four major challenges
for effectively deploying Latent MIM are identified in this
chapter, as well as potential solutions. These challenges relate
to joint encoder optimization, direct reconstruction loss, the
semantic correlation between visible and target patches, and
thedecoderdesign. . . . .. ...... ... .. ... ...,
Training Collapse of the Naive Latent MIM. This solution
achieves a zero reconstruction loss but fails to capture any
meaningful information about the input images. As a re-
sult, the nearest neighbor (NN) evaluation yields random
performance. Top: NN accuracy; Bottom: training loss.

Patch Generation Strategies. Left: Masking contiguous grids.
Right: Non-contiguous stochastic masking. . . . .. ... ...
Comparison of Three Different Decoder Designs. Self-
attention decoder is commonly used for low-level MIM mod-
els. Cross-attention decoder provides direct conditioning at
each layer on the visible latents. . . . . . ... ... ... ... ..
Unsupervised segmentation maps by hierarchical clustering
of patch representations within each image. Better viewed dig-
itally withzoom. . ... ... ... ... .. .. .. ......
Visualization. Col 1: ground truth; Cols 2—4: predictions at
25%, 50%, and 100% timesteps. . . . . ... .. ... ... ...

16

21



3.1

3.2
3.3

34

4.1

4.2
4.3
4.4
4.5

Examples from TrackVerse TRACKVERSE comprises object-
centric video tracks with a diverse range of objects. . . . . ..
Overview of TrackVerse Collection Pipeline. . . . . . . . ..
Characteristics of the Full TrackVerse. (a) The number of
videos per class, illustrates the long-tail distribution of the
dataset; (b) Distribution of object track durations; (c) Distri-
bution of track size where size is the short side of the object’s
bounding box; (d) Distribution of aspect ratios of all object
tracks. . . ...
TrackVerse’s Scalability to Training Budget. Compared to
SSL pretraining on static images, TRACKVERSE dynamic tracks
prevent overfitting and enhance representation learning when

using longer training schedules. . . . . . ... ... ... .. ..

Overview of QARE: from entangled global embeddings to
queryable attribute-specific representations. . . . . . . ... ..
QARE-BENCH syntheticset. . . ... ... ... ..........
Examples from the QARE-BEncH Real Set. . . . . . . . ... ...
QARE-BENCH Real Set image source. . . . . ... ... ......
Overview of TF-QARE with attribute-focused prompting.

ix

35



ABSTRACT

Visual representation learning has advanced rapidly through self-
supervised learning, contrastive methods, and vision-language pre-
training. Yet most existing approaches produce global, unstructured
embeddings that compress visual content into a holistic summary, con-
flating distinct visual factors and discarding the rich internal organization
of images and videos. This dissertation argues that progress requires
moving beyond global semantic summaries toward structured latent
representations that explicitly capture this internal structure, and ad-
dresses three complementary dimensions in which current methods fall
short.

The first dimension is spatial structure. This thesis investigates Latent
Masked Image Modeling, which predicts representations of masked
patches in latent space rather than raw pixels. A systematic analysis
identifies representational collapse, inter-patch redundancy, and poor
decoder design as core failure modes, and proposes principled remedies
that yield representations that are simultaneously spatially grounded
and semantically rich, with substantial gains in retrieval, linear probing,
and unsupervised segmentation.

The second dimension is state structure. Standard contrastive objec-
tives collapse semantically distinct object states under invariance, and
existing video datasets are not object-centric. This thesis introduces
TrackVerse, a large-scale object-centric video dataset capturing the nat-
ural evolution of everyday objects across poses, interactions, and state
changes, together with a relaxed contrastive objective that preserves sen-
sitivity to semantic-changing transformations while enforcing invariance
to semantic-preserving ones.

The third dimension is compositional attribute structure. This thesis

formalizes Queryable Attribute Representation Extraction, where an
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embedding must be sensitive to a specified attribute — such as fore-
ground object, background, or style — while remaining invariant to
others. A new benchmark enables rigorous attribute-level evaluation,
and a training-free method that pools vision-language model hidden
states from attribute-conditioned reply tokens substantially outperforms
fine-tuned and global embedding baselines.

Together, these contributions advance a unified vision: structured la-
tent representations, spanning spatial, state-aware, and compositional di-
mensions, are essential for the next generation of visual understanding
systems.



1 INTRODUCTION

Visual perception lies at the heart of artificial intelligence. The ability
to understand and interpret visual data underpins a wide range of real-
world applications, from autonomous systems and medical imaging to
content retrieval and human-computer interaction. Central to this capa-
bility is the quality of visual representations — the learned encodings of
images and videos that downstream models rely upon to perform recog-
nition, reasoning, and generation tasks.

The past decade has witnessed remarkable progress in visual repre-
sentation learning. Early approaches relied on large-scale supervised
training on datasets such as ImageNet [40], using human-annotated
labels to shape the learned feature space. The advent of self-supervised
learning removed this dependency on manual annotation, enabling
models to learn powerful representations directly from unlabeled visual
data. Masked Image Modeling (MIM) approaches learn by reconstruct-
ing masked regions of an image, encouraging spatially aware local
representations [6, 8]. Contrastive learning methods learn by pulling
together different augmented views of the same image, encouraging
semantic invariance [2]. More recently, vision-language models have
extended representation learning to the multimodal setting, aligning
visual features with natural language through large-scale image-text
pretraining [47, 48, 101, 98]. Together, these advances have produced
general-purpose visual representations that transfer effectively across a
broad range of downstream tasks.

Despite this progress, a fundamental limitation persists across ex-
isting approaches: the representations they learn are predominantly
global and unstructured. Whether through reconstruction objectives,
contrastive objectives, or vision-language alignment, these methods

optimize for a holistic summary of visual content — compressing an



image into a single vector or a set of loosely organized patch features
that conflate distinct visual factors. This design choice, while effective
for coarse-grained recognition tasks, leaves a significant gap: it fails
to capture the rich internal structure inherent in visual data. Images
and videos are not monolithic signals; they are composed of spatially
organized parts, objects that evolve and interact over time, and distinct
semantic attributes — such as object identity, background context, and
visual style — that co-exist within a single scene. When these struc-
tural dimensions are entangled or ignored in the learned representation,
the resulting features are ill-suited for tasks that require fine-grained
understanding, attribute-level control, or structured reasoning.

This dissertation addresses this gap. We argue that advancing visual
representation learning requires moving beyond global semantic sum-
maries toward structured latent representations — representations that
explicitly capture the internal organization of visual data across multi-
ple dimensions of structure. Specifically, we identify three fundamen-
tal and complementary dimensions that current methods inadequately
model: the spatial structure of local image regions, the state structure
of objects as they evolve across time and interaction, and the composi-
tional attribute structure of images as a mixture of distinct semantic fac-
tors. Each of these dimensions reflects a different facet of how visual data
is internally organized, and each demands a distinct perspective on how
representations should be learned.

This dissertation investigates the problem of learning structured
latent visual representations — representations that go beyond holistic
semantic summaries to capture the internal organization of visual data.
We approach this problem along three complementary structural di-
mensions. The first concerns spatial structure: how can self-supervised
learning methods be designed to yield patch-level representations that
are both spatially aware and semantically rich, rather than sacrificing



one for the other? The second concerns state structure: how can video
data — which naturally records how objects evolve, interact, and change
state over time — be leveraged to learn object representations that are
sensitive to semantically meaningful state variation, rather than col-
lapsing it away? The third concerns compositional attribute structure:
given that a visual scene is composed of distinct factors such as object
identity, background, and style, how can we learn representations that
are queryable with respect to a specific attribute, rather than entangling
all factors into a single undifferentiated embedding? Together, these
three lines of inquiry constitute a systematic exploration of structured
visual representation learning, each advancing the goal of learning latent
spaces that are not merely semantically informative, but structurally
interpretable and compositionally controllable.

Chapter 2 addresses the spatial structure of visual representations
through a systematic investigation of Latent Masked Image Modeling (La-
tent MIM) for self-supervised visual representation learning. Standard
MIM methods learn spatially grounded patch-level representations by re-
constructing masked image regions from visible context [6, 8]. However,
because these methods reconstruct raw pixels, the learned representa-
tions are constrained to retain low-level appearance details, limiting their
ability to encode high-level semantics — a limitation evidenced by their
poor performance under linear probing and nearest-neighbor evaluation.
A natural remedy is to perform masked image modeling in latent space,
predicting the representations of masked patches rather than their pixel
values. Yet naive adaptations of this idea are unstable: they are prone
to representational collapse, suffer from high inter-patch redundancy
that allows trivial prediction by copying nearby visible features, and are
sensitive to decoder design. This chapter conducts an in-depth analysis
of these challenges, identifying four core failure modes of Latent MIM

and proposing principled solutions to each. The resulting framework



substantially improves over pixel-level MIM baselines [6] and prior La-
tent MIM methods [14], achieving significant gains in nearest-neighbor
classification, linear probing, unsupervised scene segmentation, and
video object segmentation — demonstrating that Latent MIM, when
carefully designed, can learn representations that are simultaneously
spatially structured and semantically rich.

Chapter 3 addresses the state structure of object representations
through the introduction of TrackVerse, a large-scale object-centric video
dataset designed for visual representation learning. Video data offers
a rich source of structural information that static image datasets cannot
provide: it naturally records how objects change pose, undergo state
transitions, and interact with their environment over time. However,
existing video datasets are poorly suited for leveraging this informa-
tion [55, 56, 58, 45]. Natural video is not object-centric, making it difficult
to isolate consistent object signals; and existing contrastive learning
methods, designed around invariance objectives [2], tend to collapse
the representations of different object states rather than preserve them.
TrackVerse addresses the data challenge by providing a large-scale,
balanced, object-centric collection of object tracks, constructed via an au-
tomated pipeline using open-vocabulary detection and tracking. Beyond
the dataset, this chapter demonstrates that effectively exploiting object
tracks for representation learning requires a relaxed contrastive objective
— one that enforces invariance to semantic-preserving transformations
while remaining sensitive to semantic-changing ones, such as the distinct
states an object passes through over time. Representations learned under
this framework outperform those trained on non-object-centric video
datasets and equivalent static image datasets [40], demonstrating the
value of state-aware structure for object representation learning.

Chapter 4 addresses the compositional attribute structure of visual re-
presentations in the multimodal setting. A visual scene is not a mono-



lithic signal but a composition of distinct semantic factors — object iden-
tity, background context, and visual style — that are entangled in the re-
presentations produced by current vision-language models [47, 101, 98].
Existing multimodal embeddings, including those derived from powerful
VLMs such as VLM2Vec [96], produce global features that conflate these
factors, making it impossible to isolate a specific attribute conditioned
on a user query. This chapter formalizes this limitation as the problem
of Queryable Attribute Representation Extraction (QARE): given an im-
age and an attribute query, the goal is to produce an embedding that is
sensitive to the specified attribute and invariant to all others. To support
rigorous evaluation of this capability, we introduce a new benchmark cov-
ering three orthogonal attributes — object, background, and style — with
both synthetic and real-image evaluation sets, addressing gaps in exist-
ing evaluation protocols [96, 105, 107, 108, 109]. We further propose a
surprisingly effective training-free solution: extracting attribute-specific
embeddings by pooling the hidden states of VLM reply tokens generated
in response to a structured attribute query. This approach exploits the im-
plicit attribute structure already encoded in modern VLMs without any
fine-tuning, and substantially outperforms both post-trained and global
embedding baselines across all attributes and VLM backbones — estab-
lishing a strong foundation for compositionally controllable multimodal
representation learning.

Chapter 5 concludes the dissertation, summarizing the contributions
across these three structural dimensions and outlining open questions

and future directions for structured visual representation learning.



2 TOWARDS LATENT MASKED IMAGE MODELING FOR

SELF-SUPERVISED VISUAL REPRESENTATION LEARNING

Masked Image Modeling (MIM) has emerged as a promising
method for deriving visual representations from unlabeled
image data by predicting missing pixels from masked por-
tions of images. It excels in region-aware learning and
provides strong initializations for various tasks, but strug-
gles to capture high-level semantics without further super-
vised fine-tuning, likely due to the low-level nature of its
pixel reconstruction objective. A promising yet unrealized
framework is learning representations through masked re-
construction in latent space, combining the locality of MIM
with the high-level targets. However, this approach poses
significant training challenges as the reconstruction targets
are learned in conjunction with the model, potentially lead-
ing to trivial or suboptimal solutions. Our study is among
the first to thoroughly analyze and address the challenges
of such a framework, which we refer to as Latent MIM.
Through a series of carefully designed experiments and ex-
tensive analysis, we identify the source of these challenges,
including representation collapse from joint online/target
optimization, learning objectives, high inter-region correla-
tion in latent space, and decoder conditioning. By sequen-
tially addressing these issues, we demonstrate that Latent
MIM can indeed learn high-level representations while re-
taining the benefits of MIM models. Code is available at
https://github.com/yibingwei-1/LatentMIM.


https://github.com/yibingwei-1/LatentMIM

2.1 Introduction

Masked Image Modeling (MIM), a learning framework that derives visual
representations from unlabeled image data, has recently gained promi-
nence. This technique masks a substantial part of an image and trains a
model to predict the missing pixels using the surrounding context. De-
spite the simple learning objective, MIM has been shown to learn power-
ful representations, which, when fine-tuned, can achieve state-of-the-art
performance on a variety of downstream tasks, including object classifi-
cation, detection, and segmentation [6, 8]. MIM approaches offer several
key advantages over other self-supervised visual representation learning
methods. By requiring the model to accurately reconstruct all masked
patches, MIM incentivizes the model to maintain distinct local representa-
tions of each image region and forces the model to reason over the spatial
layout of object subparts. These benefits make MIM a popular approach
for learning visual representations in a self-supervised manner.

However, the representations learned through this framework fail to
capture high-level semantics without further supervised fine-tuning, as
shown by their lower performance in linear probing and nearest-neighbor
classification. We hypothesize that MIM does not directly learn high-level
semantics due to the use of low-level learning targets like raw pixels. To
effectively reconstruct the high-frequency details, the learned representa-
tions must retain a low-level description of the image, which limits their
ability to encode higher-level semantics.

A natural solution to this challenge is to perform masked image mod-
eling in latent space, a general framework that we refer to as Latent
MIM. This means that instead of reconstructing raw pixels, Latent MIM
methods should learn representations by defining local (patch-wise)
latent representations for each image and reconstructing the represen-
tations of masked regions from visible ones. By bypassing low-level

pixel targets and focusing on distinguishing the latent representations of
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Figure 2.1: Challenges of Latent MIM. The representations learned by
MIM approaches fail to capture high-level semantics, as shown by the
poor performance in nearest neighbor and linear probe evaluation.

masked regions, Latent MIM methods hold the promise of substantially
enhancing the semantics obtained through pixel-level MIM approaches
and potentially their downstream performance.

However, intuitive adaptations of MIM to latent space reconstruction
are unstable due to (1) the existence of trivial solutions and (2) the high cor-
relation between the semantics of nearby patches. First, trivial solutions occur
when the learned latent devolves into easy-to-predict but uninformative
representations of the input images; for example, using a mean squared
error (MSE) loss, the decoder might generate constant latent representa-
tions across all regions. Second, even if latent representations are indica-
tive of the contents of each region, the semantics of nearby patches are
more correlated with each other than the pixels themselves. This can also
lead to poor representations, as the model can learn to predict masked
regions by simply copying from nearby visible regions. As a result, de-
spite its great potential, these challenges have significantly impeded the
advancement of Latent MIM.

In this chapter, we conduct an in-depth investigation into the chal-
lenges of pure latent MIM. Our objective is to provide a thorough analysis,
identifying, characterizing, and exploring potential solutions to the core
challenges. Fig. 2.1 provides an overview of our analysis, showing the



downstream classification performance as we progress through four chal-
lenges, with significant improvements in nearest neighbor, linear probe,

and fine-tuning accuracy.

(1) Joint optimization of visible and masked regions representations leads to re-
presentation collapse. Instead, as popularized in contrastive learning
methods, creating asymmetries between the two representations,
while avoiding the target encoder to contribute to the gradient com-

putation, is crucial for learning meaningful representations.

(2) Direct reconstruction results in poor representations, regardless of the spe-
cific loss used. Beyond direct reconstruction, we explore contrastive
predictive coding within image patches!, which not only encour-
ages the model to predict representations that are similar to those
of target patches (thus achieving the reconstruction objective) but
also encourages richer and spatially diverse representations across

the image.

(3) Controlling the redundancy between visible and target patches is critical.
Specifically, the optimal masking strategies for MIM in pixel space
(i.e., 75% masking of regular grids) can result in a set of target
patches whose representations are too similar to (and thus easily
predicted from) visible patches. To reduce the redundancy between
patches, we investigate different procedures to generate the visible
and target token sequences, including the use of non-contiguous
grids, where nearby patches are separated by a random number of
pixels, higher mask ratios and explicit patch similarity constraints.

(4) The decoder design must be carefully crafted since Latent MIM decoders pre-
dict high-level representations of mask regions from those of visible regions.

IWe explicitly avoid batch-wise contrastive objectives to focus our study on pure
masked reconstruction.



10

The decoder needs to have enough capacity to fill in the missing in-
formation but is simultaneously shallow enough to avoid taking on
the role of the encoder (i.e., computing the image semantics). To
this end, we investigate a variety of decoder architectures. We ob-
serve that cross-attention decoders with modified mask tokens that
directly encode the representation of nearby visible regions were

particularly effective.

By explicitly investigating the inherent challenges of Latent MIM, we
demonstrate that the Latent MIM framework can indeed be used to learn
richer semantics and diverse patch-wise representations compared to ex-
isting MIM approaches, without the need for supervised fine-tuning. We
further validate our findings by scaling up an instantiation of the Latent
MIM informed by our findings to ImageNet-1K. The learned represen-
tations achieved 50.1% nearest neighbor (a 37.9% gain over MAE) and
72.0% linear probing (+4.2% gain over MAE) top-1 classification accuracy.
The semantics and localizability of the learned representations are further
demonstrated in three distinct tasks that require robust local representa-
tions: unsupervised scene segmentation, video object segmentation, and
few-shot transfer learning across a variety of tasks. Remarkably, represen-
tations learned through Latent MIM approaches are capable of generating
accurate segmentation of visual scenes, even in the absence of supervi-
sion. In video object segmentation and few-shot transfer learning, Latent
MIM surpasses both the pixel-level MIM techniques, such as MAE, and
previous Latent MIM methodologies like data2vec.
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2.2 Latent Masked Image Modeling

Framework Overview

Latent MIM is a self-supervised learning framework that aims to learn
visual representations through masked image modeling in latent space.
Asiillustrated in Fig. 2.2, Latent MIM models comprise three components:
an online encoder f(-), a target encoder fr(-), and a decoder g(-). Similar to
pixel-based MIM approaches [6, 8], each image is first divided into a set
of L small patches x; along with their location within the image p;. This
set X = {(xi, pi)}i_; is randomly split into two disjoint sets: the visible
Xy = {(xi,pi)tiev and target Xg = {(xi, pi)}ier patches, where V and T
are non-overlapping index sets of grid locations. As the name suggests,
the visible patches are used to generate the latent representation of an
image, while the target patches are used as the reconstruction targets. To
accomplish this, the online encoder extracts latent representations of the
visible patches

{zikev = Zv = f(Xy), (2.1)

which are then used to inform the decoder for predicting patches at the

target locations Py = {pi}ies
Zy = g(Zvy,Py). (2.2)

However, instead of predicting pixel values, Latent MIM imposes the la-
tent representations obtained from the target encoder as the reconstruction
targets,

{zilier = Zg = f1(Xg). (2.3)

Latent MIM models can then be trained to minimize the discrepancy A

between the predicted target representations Zy and those obtained from
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Figure 2.2: Latent Masked Image Modeling Overview. Models are
trained to reconstruct the latent representations generated by a target en-
coder at withheld locations. Four major challenges for effectively deploy-
ing Latent MIM are identified in this chapter, as well as potential solu-
tions. These challenges relate to joint encoder optimization, direct recon-
struction loss, the semantic correlation between visible and target patches,
and the decoder design.

the target encoder Zs. This is achieved by a reconstruction loss
Lree =E[A(Z5,25)], (2.4)

where the expectation is taken over the training dataset. In pixel-
based MIM, the mean squared error (MSE) is a popular choice for A,
A= ‘1?' Y ic7 121 — zi||*. However, as shown in Section 2.3, the MSE loss
is not effective for Latent MIM.

Distinctions and similarities from related frameworks

Masked Image Modeling (MIM) methods learn by predicting masked
parts of an image using targets derived from simple transformations of
the original image. Targets can be raw pixels [6, 25], hand-crafted fea-
tures such as HOG [7] or pre-trained features [8]. Thus, low-level MIM
is required to maintain localized representations of an image. However,
the model capacity is partially consumed by low-level details, limiting its

capacity for high-level semantics.
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Contrastive Learning (CL) In contrast, CL learns representations of
each image in the context of the dataset in which they occur [2, 1, 3].
While CL can achieve outstanding semantics without finetuning, learn-
ing in context can be undesirable, for example, when the data distribution
does not provide appropriate negative samples that highlight meaningful
semantic distinctions between images. Batch dependencies also make
contrastive objectives less flexible and reproducible, as they depend on
the available compute resources. Instead, pure Latent MIM objectives
learn representations from the image itself, and independently from

other images.

Previous explorations for Latent MIM The potential of Latent MIM is
tied to its ability to learn from high-level and region-aware targets, which
are continuously improved throughout training. However, prior works
attempting to deploy Latent MIM [27, 15, 28, 16, 14, 29] do not directly
tackle the core optimization challenges inherent in Latent MIM discussed
in Section 2.3. These challenges have been mitigated by treating latent
MIM as a supplementary objective to other techniques, such as global
contrastive learning [15, 28], low-level reconstruction [16], or alternatively,
by using fixed pre-trained features as the latent targets [8, 27], instead of
jointly learning the target and online representations.

The most closely related prior works focused on pure latent MIM, in-
clude data2vec [14], ConMIM [29], and I-JEPA [32]. Despite their con-
tribution, data2vec and ConMIM use mask tokens instead of patch re-
moval to hide image regions, causing a mismatch between pre-training
and real-world deployment with unmasked images, which leads to poor
performance in downstream tasks without finetuning. I-JEPA learns by
predicting contiguous regions in latent space via an MSE loss, potentially
leading to low-resolution (“blurred”) or less localizable semantics (one of
the major benefits of pixel-based MIM models).
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While these works have advanced beyond pixel-level MIM, they have
not thoroughly analyzed or addressed the inherent challenges specific to
Latent MIM. Therefore, we argue that the full potential of this framework
remains untapped, positioning Latent MIM as a significant, high-reward
research area. Latent MIM has the potential to generate rich and local-
izable high-level semantic representations while maintaining the diverse

patch-wise representations characteristic of MIM approaches.

2.3 Challenges of Latent MIM

To better focus on the various difficulties of Latent MIM optimization, we
introduce and analyze each challenge separately. We begin by describing
anaive implementation that fails to learn meaningful representations. We
then introduce each of the four challenges (Section 2.3-2.3) and conduct
a thorough analysis of potential strategies to address them. Each section
builds on the findings of the preceding one, yielding increasingly effective
instantiations of the Latent MIM framework. Fig. 2.1 shows the overview
of performance through this progression.

Experimental Design

Pre-training For a comprehensive experimental analysis within an
acceptable compute budget, we conduct experiments using the standard
ViT-B transformer backbone for both the online and target encoders
and trained the model on the ImageNet-100 (IN100) dataset, a subset
of ImageNet-1k, containing 100 classes selected at random. The class
partition used follows that of [5, 12]. This dataset contains approximately
125,000 images, sufficient for executing experiments with statistical sig-
nificance. Section 2.4 further discusses the scaling properties of the
proposed framework in the context of larger datasets, like ImageNet-1k.
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All models were pre-trained for 300 epochs using the AdamW [33] op-
timizer with a batch size of 1024, a base learning rate of 1.5 x 107#, follow-
ing 30 warm-up epochs and a cosine decay schedule. Data augmentations
were applied to the input images, including random horizontal flipping

and random image cropping with a minimum crop area of 0.2.

Downstream tasks We evaluated all models using nearest-neighbor, lin-
ear probing, and fine-tuning on the same dataset. For nearest-neighbor
evaluation, we extract the representations for all images in the test set
and report the fraction of samples whose nearest neighbor shares the
same class. For linear probing, we train for 20 epochs using the LARS opti-
mizer [18] with a base learning rate of 0.5, 2 warm-up epochs, and a batch
size of 1024. For fine-tuning, we train for 50 epochs using an AdamW [33]
optimizer with a base learning rate of 0.001, a weight decay of 0.05, 5

warm-up epochs, and a batch size of 1024.

Naive Latent MIM

To fully appreciate the complexities involved in learning meaningful
representations through Latent MIM, we initiate our discussion with
a simple and intuitive implementation, by closely following those of
pixel-based MIM models [6]. Input images of resolution 224 x224 are
divided into a regular 14x14 grid of patches and partitioned into a
25/75% split to create the sets of visible/target patches, respectively. We
then use a standard ViT-B transformer [9] to encode both the visible and
target patches (f and fr) and a transformer decoder g to reconstruct the
target patches from the visible latent representations. We use the same
self-attention decoder as in MAE [6], but reduce its depth to only 3 layers
since, in Latent MIM, the decoder task (predicting latents from latents)
is less complex than in pixel-based MIM (predicting pixels from latents).
Both online and target encoders and the decoder are jointly trained using
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Figure 2.3: Training Collapse of the Naive Latent 1o
MIM. This solution achieves a zero reconstruction
loss but fails to capture any meaningful informa-
tion about the input images. As a result, the near-
est neighbor (NN) evaluation yields random perfor-
mance. Top: NN accuracy; Bottom: training loss.

NN acc
wv

-

MSE loss

o

iters

the mean squared error (MSE) loss between the predicted and target
latents.

As shown in Fig. 2.3, the Naive Latent MIM model is highly unstable.
We observe that within a short number of iterations, the model collapses
into a degenerate solution. The subsequent sections seek to understand
the underlying causes of this finding and propose strategies to mitigate
it.

Challenge 1: Latent Target Optimization

Representation collapse in latent MIM is consistent with the findings of
negative-free contrastive learning methods like BYOL [3]. Unsurprisingly,
because both the online and target encoders are trained to minimize the
discrepancy between their representations, they can easily lead to a de-
generate solution where all images are mapped to the same latent. Com-
mon strategies to prevent collapse involve introducing asymmetries be-
tween encoders and detaching the target encoder from gradient compu-

tation [3]. We explore three strategies:

Stand-alone target encoder. The first strategy is to treat the target en-
coder independently of the online encoder, without weight sharing.

Weight-sharing with stop gradient. Alternatively, we can use a siamese
architecture with shared weights, but avoid using the target’s gra-
dients to update the online encoder.
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Table 2.1: Target encoder

optimization. In addition Method Sim NN LP Ft
to downstream perfor- Naive Latent-MIM 100 09 79 —
mance, we report the No weight sharing 096 34 7.6 444
average pairwise cosine Weight sharing & stop-grad 0.99 11.3 26.6 56.9
T Momentum targets 0.50 188 393 79.7
similarity between (mean

MAE [6] 0.67 30.0 70.4 88.3

pooled) latents Z.

Momentum targets. Using Momentum encoder [13] is also a common
strategy to create asymmetries, and enhance the target encoder si-
multaneously. As f(-) evolves, the exponential moving average of
its weights is tracked and used as the weights of the momentum
encoder 6 < m0 + (1 —m)6.

Study Results We report the performance of the various models in Ta-
ble 2.1. To assess representation collapse, we computed the pairwise sim-
ilarity between samples in the latent space. As expected, the naive latent-
MIM model collapses, with all samples mapped to the same latent (simi-
larity of 1.0). As indicated by the lower cosine similarities, all three strate-
gies help prevent full representation collapse, with momentum targets
consistently outperforming the other strategies on downstream classifica-
tion tasks. However, none of the strategies are able to match the perfor-
mance of MAE, suggesting that latent target optimization is not the only
factor hampering the success of latent MIM.

Challenge 2: Reconstruction Objective for Latent MIM

In pixel-based MIM, patch reconstruction is enforced by minimizing the
mean squared error (MSE) between the decoder’s output and the pixel
intensities at the target locations. In order to accurately reconstruct the
target pixels from a limited visible context, the model is encouraged to
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learn representations that capture both global semantics as well as patch-
specific information. However, since in Latent MIM, the targets are the
learned latent representations, we hypothesize that direct reconstruction
objectives can also contribute to the optimization challenges, as there are
no negative samples to stabilize the learning process. Thus, we investigate
the impact of different reconstruction objectives on the effectiveness of
Latent MIM.

Direct reconstruction We study three loss functions that directly min-
imize the discrepancy between predicted and target representations,
namely MSE, L1, and Huber losses. While the MSE is widely used due
to its simplicity and effectiveness, the L1 loss is robust to outliers. The
Huber loss combines the best properties of the MSE and L1 losses by
being quadratic for small errors and linear for large ones, thus provid-
ing a balance between robustness and efficiency. Mathematically, the
reconstruction losses for the k-th target patch are

Af, = |12 —zill,  AF = |12k — 2]y, (2.5)

. 1A%, if AF, < &?
AHuber = (26)
§- (Af; —8/2) otherwise.

Patch discrimination The main drawback of direct reconstruction for
Latent MIM is its inability to explicitly incentivize the model to learn di-
verse representations across the image. This is unlike in pixel-based MIM
where the pixel intensities are guaranteed to vary across the image. To cir-
cumvent this limitation, we propose a patch discrimination objective, where
the model is trained to distinguish between target patches using an In-
foNCE loss [4]. Specifically, for each target patch k, the predicted latent



19

Table 2.2: Loss Impact.

Loss NN LP Ft

MSE 188 393 79.7
L1 15.2 36.7 81.7
Huber 243 464 82.1
PatchDisc 30.0 53.4 86.0

MAE[6] 30.0 59.9 88.3

Zy is contrasted with the latents of all target patches z;

exp(sim(Zy, zk)/T) sin(%,z) Z
~ 7 1 7 TV STITIT
2 1e7 exp(sim(2y, z1)/7T) I2][z]

AllgatchDisc = log (27)
where T is a temperature hyper-parameter.? To minimize this loss, the
model must not only align the predicted and target latents accurately but

also ensure sufficient diversity among the latents within the image.

Study Results We compare each of the aforementioned loss functions
for latent reconstruction. Building on the findings of Section 2.3, targets
are computed from a momentum encoder. The results shown in Table 2.2
indicate that, although still insufficient for effective representation learn-
ing through latent MIM, the patch discrimination loss (PatchDisc) can
learn better representations than with direct reconstruction losses. In par-
ticular, we highlight the significant improvements in the nearest neighbor
and linear probing accuracy, which are more sensitive to the quality of the

learned representations.

The patch discrimination loss has no batch dependencies, as the negative samples
are derived from the image itself.
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Challenge 3: Semantic Correlation between Nearby
Patches

Image content displays high correlation within proximate regions. This
can render mask reconstruction a trivial task, as the model can interpo-
late missing information from nearby visible patches. To counter this,
pixel-based MIM masks a substantial portion of the image (up to 75%) [6].
Latent representations, which are expected to encapsulate high-level se-
mantics, exhibit even higher correlations across patches compared to their
corresponding pixels. This correlation potentially undermines the effec-

tiveness of the task for representation learning.

High mask ratio. Latent MIM also benefits from high mask ratios. Be-
yond reducing patch correlation and enhancing representation learning,
this strategy also enables faster training and a lower GPU memory foot-
print. However, it has to keep enough visible patches to capture critical

features within the image.

Non-contiguous grids. To further minimize the correlation between
visible and target patches without reducing the amount of visible cues,
we experiment with stochastic non-contiguous grids (Fig. 2.4). This
strategy increases the distance between patches by separating each patch
from its neighbors by a random number of unused pixels. Specifically,
let P represent the patch size and G the average gap between consecutive
patches. Stochastic non-contiguous grids can be conveniently generated
by initially splitting the image into a regular grid of patches, each of size
(P+G) x (P+ G), and then extracting a P x P patch at random from each
grid location.

Patch Similarity Constraints While the previous strategies reduce cor-

relation by refining the patch selection process, we can also impose ex-
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Visible Patch

Mask Gap Sim. NN LP Ft
Target Patch

0.75 0 X 300 534 86.0
0.9 0 X 533 704 876
0.9 4 X 546 712 88.0
0.9 4 v 568 729 885

MAE [6] 300 599 883

Contiguous Grids Non-contiguous Grids

Figure 2.4: Patch Generation gabl'e 2.3: I?proverrle?t fromt' res
Strategies. Left: Masking ucing semantic correlation mitiga-

. . . > tion with strategies of high mask ra-
contiguous  grids. Right: . ) , )
. . tio, non-contiguous stochastic maskin
Non-contiguous stochastic o .
. and patch-wise similarity constraint.
masking.

plicit constraints to avoid correlation in the latent space. This is espe-
cially important since, as highlighted in the previous challenge (Table 2.2),
patch representations tend to cluster together when trained with no con-
straints. To counteract this, we impose a constraint on both the visible
and predicted latents, Zy and 75,

2

R= ('Y — Ei,je‘j [sim(ﬁi, 2] )]) + (V — ]Ei,jEV [sim(zi, Zj)])z, (28)

where 7y is a predefined desired inter-patch similarity.

Study Results Once again, we build on the findings of the previous chal-
lenge and use patch discrimination for latent reconstruction. Table 2.3
shows the incremental improvement in representation quality from each
different strategy for mitigating semantic correlation. Latent MIM shows
substantial improvements from even higher mask ratios than pixel-based
MIM, with the optimal ratio being 90%. Exceeding 90% masking is coun-
terproductive, as not enough visible patches would be available to capture
critical features within the image. Using non-contiguous stochastic mask-
ing with gap=4 can further improve the representation quality by low-

ering the spatial redundancy while keeping enough visible information.
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Figure 2.5: Comparison of Three Different Decoder Designs. Self-
attention decoder is commonly used for low-level MIM models. Cross-
attention decoder provides direct conditioning at each layer on the visible
latents.

Finally, adding a regularizer that explicitly constrains the mean similarity

among patches also enhances performance.

Challenge 4: Decoder Design for Latent Reconstruction

The final important component of Latent MIM is the decoder, responsible
for predicting target representations from visible patches. The decoder
design is crucial for the model’s ability to effectively utilize the high-level
semantics extracted from the encoder. We explore the impact of different

decoder architectures.

Self-attention decoder Pixel-based MIM models employ a self-attention
transformer to predict the target pixels Xy. To accomplish this, the de-
coder receives two sets of inputs: the latents of visible patches Zy and a
sequence of learnable mask tokens m, marked by the fixed SinCos posi-
tional embeddings p of their corresponding locations (i.e., m +p. Vt € T
and z, + py Vv € V). After processing this sequence through a series
of self-attention blocks, the decoder outputs the target representations

using a linear head.
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Cross-attention decoder Unlike pixel-based MIM, in Latent MIM the
targets Zy are representations with a similar level of abstraction than
the features obtained from the encoder Zy. Thus, the decoder should
be able to condition on these visible representations Zy more directly.
While self-attention only conditions once Z5 through the input sequence,
cross-attention allows the decoder to condition on Zy at every layer. A
standard cross-attention architecture [10] with alternating self-attention,
cross-attention, and feed-forward MLP blocks is used to update the
prediction tokens m + p; Vt € T.

Visual cues from neighboring visible patches As discussed in Sec-
tion 2.3, neighboring patch latents can be highly correlated. To prevent
the decoder from focusing excessively on interpolating between these
patches, we embed visual cues directly into its input sequence. This
allows the decoder to better focus on more fine-grained spatial reasoning.
Specifically, with Py and Py as the positional embeddings for the visible
and target patches, respectively, we initialize the prediction tokens as
m; = m + py + Softmax, (PyPy,) Zy at each target location i € T. This
setup equips the mask tokens My = {m,}icy with a weighted blend of
latents from the nearest visible patches, providing precise location and
visual cues right from the start.

Latent Projector Following contrastive learning methods, we experi-
ment with non-linear projection heads h(-) to prepare the latents from
visible patches Zy for the decoder. Through a series of experiments
with various non-linear projectors h, we found that a simple multi-
layer perceptron (MLP) with three layers, GELU activations, and layer

normalization yielded the most effective representations.

Study Results Table 2.4 assesses the impact of different decoder designs
on the quality of the learned representations. Pixel-based MIM models,



24

Table 2.4: Comparison

between different de- Decoder Proj. Depth NN LP Ft
Coder de51gnS. Other Self-attn none 3 56.8 72.9 88.5
conficurations follow Self-attn mlp 59.7 76.8 89.4

& Cross-attn mlp 611 77.0 894

the optimal settings Cross-attn w/ Vis Cues mlp
found in previous Cross-attn w/ Vis Cues mlp

sections. MAE [6]

63.3 773 89.9
359 658 86.2

300 599 883

| 0 W W W

such as MAE, employ a lightweight self-attention decoder with a depth
of 8 layers. Our findings underscore the necessity for a distinct decoder
design for Latent MIM, given the different nature of the decoder’s task.
Specifically, we found that cross-attention provides a better mechanism
for conditioning the reconstruction on the visible patches, leading to su-
perior performance in all downstream tasks, especially when initializing
the prediction tokens with visual cues from neighboring visible patches
and when combined with a non-linear projection head to process the in-
put visible patches. Furthermore, since both the inputs and targets are
high-level, the Latent MIM decoder can be remarkably lightweight. Op-
timal performance is achieved using a shallow (3-layer) transformer, con-
siderably smaller than the 8-layer MAE decoder. When combined, these
strategies allow the decoder to better utilize the high-level semantic fea-
tures extracted from the encoder, surpassing the performance of pixel-
based MIM models in all downstream tasks.

2.4 Scaling to ImageNet-1k

The previous section provided a detailed analysis of the optimization
challenges and design decisions for Latent MIM on a medium-sized
dataset. In this section, we show the scalability of Latent MIM to larger
datasets, specifically ImageNet-1k, and compare it to prior work. We
also highlight the strongly localized semantics learned by Latent MIM
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Table 2.5: Top-1 NN and LP classification accuracy on ImageNet.

Method Epochs NN LP
Low-level

MAE [6] 1600 122 67.8
SimMIM [31] 800 - 56.7
Latent

ConMIM [29] 800 - 393

data2vec [14] 800 25.7 60.3
Latent MIM 800 50.1 72.0

by evaluating the trained model on unsupervised scene segmentation,

video object segmentation, and few-shot transfer learning.

Implementation We scaled up pretraining to ImageNet-1k using the op-
timal Latent MIM configuration from Section 2.3. The model is pretrained

for 800 epochs using the Adam optimizer.

ImageNet-1k Classification

Following [6], we evaluate the learned representations on ImageNet-1K
using Nearest Neighbor (NN) and linear probing (LP) protocols. Table 2.5
compares our Latent MIM with low-level MIM methods and prior latent
MIM methods with ViT-B/16. For MAE and data2vec, we use the features
(either cls-token or average-pooling) that yield the best performance.
Latent MIM surpasses low-level MIM methods by large margins on
NN classification (+37.2% on MAE), and LP (+3.3% on MAE and +14.4%
on SimMIM), demonstrating the effectiveness of Latent MIM for learning
improved semantics from latent masked reconstruction. Our method also
outperforms related prior work, data2vec and ConMIM, by large margins.
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(a) Latent MIM (b) data2vec

Figure 2.6: Unsupervised segmentation maps by hierarchical clustering
of patch representations within each image. Better viewed digitally with
zoom.

Properties beyond Classification

The Latent MIM framework is designed to learn localizable and seman-
tically rich representations. We showcase these properties on unsuper-
vised segmentation, semi-supervised video object segmentation, and

transfer learning.

Unsupervised segmentation An emerging property of Latent MIM is
its capacity for semantic clustering of local representations, which enables
impressive segmentation and scene parsing outcomes without the need
for supervised fine-tuning. Fig. 2.6 illustrates the unsupervised segmen-
tation maps generated by hierarchical clustering of patch-level representa-
tions. Compared to both lower-level MIM approaches, such as MAE, and
earlier latent MIM methods like data2vec, our Latent MIM model learns
better semantic and localizable representations.

Video Object Segmentation Our Latent MIM model can also maintain
both semantic integrity and localization accuracy, even in complex, dy-
namic video sequences. DAVIS-2017 semi-supervised video object seg-
mentation benchmark evaluates the ability to generate precise object seg-

mentation masks in videos, starting from ground truth masks of the ini-
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Method epochs | (J&F)m Im Fm . &m
MAE 1600 575 54.8 60.2
data2vec 800 28.5 27.8 29.2
Latent MIM 800 65.5 63.1 68.0

Table 2.6: Video object segmenta-

tion on DAVIS-2017. J and J quan-  Figure 2.7: Visualization. Col

tify region similarity and boundary 1. ground truth; Cols 2-4: pre-

alignment, respectively. dictions at 25%, 50%, and 100%
timesteps.

Table 2.7: Few-shot learning on various datasets. We report the mean
and standard deviation of the top-1 accuracy across 3 different runs. Each
run is trained on a set of 16 training images per class.

Method Caltech101 DTD Oxford Oxford Stanford SUN397 UCF101
[26] [20] Flowers [21]  Pets [22] Cars [19] [23] [24]
MAE 80.5+04 51.8+22 62.7+18 602+36 7.8410 21.9+04 53.24+04

data2vec 76.6+£21 52.0+21 74.1+22 585+£20 88+04 29.0+05 52.6+12
Latent MIM 89.2+1.0 55.9+20 84.0+1.0 79.8+26 16.3+2.0 484+06 75.8+28

tial frame. We follow the experimental protocol in [30], which segments
scenes through a nearest-neighbor strategy applied between consecutive
frames. Crucially, this benchmark tests the robustness and adaptability
of the pre-trained features without the need for additional training. Ta-
ble 2.6 shows that Latent MIM surpassed both pixel-level and previous
Latent MIM models in performance. Fig. 2.7 shows sample qualitative re-
sults.

Few-shot transfer learning To assess generalization beyond ImageNet-
1k, we transfer the learned representations to a variety of datasets. Follow-
ing the setting of [17], we perform 16-shot transfer learning experiments
by training a linear classifier on top of frozen representations. All mod-

els are trained using SGD with a momentum of 0.9, a learning rate of 0.1,
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a batch size of 128, and updated for a total of 2500 iterations. Table 2.7
demonstrates the superior performance of Latent MIM over MAE and
data2vec across all datasets, highlighting its robustness, versatility, and

potential for various recognition tasks.

2.5 Conclusion

We identified and addressed the key training challenges in Latent MIM,
demonstrating its capacity to generate spatially diverse, high-level se-
mantic representations. This is evidenced by significant improvements
in nearest neighbor and linear probe evaluation on ImageNet, fewshot
transfer learning, as well as in segmentation tasks requiring minimal or
no supervision. We hope this chapter will inspire further exploration
into Latent MIM for learning fine-grained semantics without human

supervision.
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3 TRACKVERSE: A LARGE-SCALE DATASET OF OBJECT

TRACKS FOR VISUAL REPRESENTATION LEARNING

Video data inherently captures rich, dynamic contexts that
reveal objects in varying poses, interactions, and state tran-
sitions, offering rich potential for unsupervised visual repre-
sentation learning. However, existing natural video datasets
are not well-suited for effective object representation learn-
ing due to their lack of object-centricity and class diversity.
To address these challenges, we introduce TRACKVERSE, a
novel large-scale video dataset for learning object repre-
sentations. TRACKVERSE features diverse, common objects
tracked over time, capturing their evolving states. To leverage
temporal dynamics in TRACKVERSE, we extend contrastive
learning with a variance-aware predictor that conditions on
data augmentations, enabling models to learn state-aware
representations. Extensive experiments demonstrate that re-
presentations learned from TRACKVERSE with variance-aware
contrastive learning significantly outperform those from
non-object-centric natural video and static image datasets
across multiple downstream tasks including object/attribute
recognition, action recognition and video instance segmen-
tation, highlighting the rich semantic and state content in

TRACKVERSE features.

3.1 Introduction

Video data, with its dynamic and rich contextual cues, offers a unique
perspective into the world of everyday objects, capturing their ever-
changing poses, interactions, and changes of state. This source of
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information holds immense potential for enhancing unsupervised visual
representation learning. However, a key question arises: do our datasets
showcase these rich contexts and can our methods effectively leverage
them to better understand objects in the real world? This work delves
into this question, proposing a new video dataset and exploring the
potential of video data for unsupervised visual representation learning
of everyday objects.

Despite its potential, natural video datasets [55, 56, 58, 45] are not well-
suited for effective object representation learning. Why? First, natural
video is not object-centric, and thus crops of a video can depict unre-
lated visual signals. Successful representation learning methods of ev-
eryday objects have been developed primarily leveraging static, object-
centric datasets like ImageNet [40]. These methods [2] fall short when
applied to natural video data, failing to accurately represent individual
objects. While unsupervised methods designed for simultaneous local-
ization and representation could potentially be developed, they [58, 56]
are often tailored to specific datasets and do not generalize to different
video sources. Second, natural videos exhibit a long-tail distribution of
object categories, resulting in limited diversity within finite datasets. This
imbalance negatively impacts representation learning, as models are less
exposed to a broad and balanced set of objects, ultimately limiting their
generalization ability.

In this chapter, we introduce a new video dataset, TRACKVERSE, specif-
ically designed for representation learning of objects in their natural
environments, featuring a diverse set of common objects tracked over time.
TRACKVERSE mitigates the challenges of natural video by providing a
balanced, object-centric dataset that captures the evolution of object
states as they interact with the environment. Since manually localizing
and tracking all objects in a video would be prohibitively expensive,

we introduce an automated data collection pipeline that leverages an
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Table 3.1: TrackVerse vs. Existing Video Datasets. Full Dyn.: full dy-
namics that supports random frame sampling at any time point. The
R2V2 dataset only contains 4 fixed frames per video. Obj Centric: object-
centric dataset. Class Bal: Class Balance where the high-frequency classes
were capped. Dur: total duration of the dataset.

Dataset Domain Full Dyn. Obj. Centric Class Bal. Open Source #Clips Dur (HR)
MOT20 [63] Pedestrian v v X v 2,332 14.8
VOTS2023 [79] Free-form v v X v 341 6.5
TAO [70] LVIS(488), free-form(345) v v X v 1,787 46.6
R2V2 [55] ImageNet X X 4 v 696K —
Ego4D [57] Human activities v X X v 923 3,670
Walking Tours [58] Urban 4 X X v 10 23
VideoNet [56] ImageNet v X v X 1.2M 3,055
Full TRACKVERSE (Ours) LVIS Objects v 4 X v 31.9M 45,582
Curated TRACKVERSE (Ours) LVIS Objects v v v v 3.8M 5,328

open-vocabulary object detector and tracker to create the dataset.
Through a series of experiments, we demonstrate the value of
TRACKVERSE for unsupervised visual representation learning, and in
particular contrastive learning. We show that the learned representa-
tions outperform those learned from non-object-centric video datasets,
and those from equivalent static image datasets across a range of down-
stream tasks. We also demonstrate that to exploit the full potential of
object tracks for representation learning, contrastive methods should
relax the invariance objective to enable models to be sensitive to semanti-
cally distinct views of an object, such as the different states an object might
go through over time. By learning representations that are invariant to
semantic-preserving transformations (e.g., color augmentations) while
being predictable to semantic-changing transformations (e.g., spatio-
temporal augmentations), the proposed extension enhances downstream
task performance, outperforming similar contrastive methods that rely

on invariance objectives alone.
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3.2 Related Work

Self-supervised object representation learning Self-supervised learn-
ing (SSL) aims to learn general object representations that can be ef-
fectively transferred to various downstream tasks without requiring
human annotations. Existing SSL methods for visual representation
learning can be broadly categorized into two frameworks: (1) joint
embedding learning, which encodes different views of a sample into
aligned representations [34, 35, 36, 37, 38, 3], and (2) masked image
modeling (MIM), which learns by reconstructing masked regions of
the input data [6, 15, 28, 14, 39]. While these approaches demonstrate
remarkable success on ImageNet-1K, their application to natural videos
presents significant challenges. One key challenge is that natural videos
exhibit dynamic scenes with multiple objects and complex backgrounds.
Therefore, to better study and evaluate SSL methods for learning object
representations from videos, a large-scale, object-centric video dataset

with diverse objects and rich motion patterns is needed.

Video datasets Numerous video datasets have been developed over the
years, driven by progress in video tasks such as action recognition [59, 60,
24, 61, 62], object tracking [63, 79, 70], video object classification [45] and
segmentation [64]. However, these datasets are often confined to specific
domains such as human actions [59, 60, 24, 61], egocentric views [62, 65]
or urban scenes [58], lacking the broad diversity needed for effective self-
supervised learning (SSL).

A few attempts have been made to construct large-scale video datasets
specifically for SSL (R2V2 [55], VideoNet [56], Walking Tours [58]). How-
ever, these datasets have their own limitations as well. Although they
display a wide range of scenes and objects, the distribution remains long-
tailed, predominantly featuring human-centric activities [57] or urban en-
vironments [58]. Furthermore, although class balanced, R2V2 [55] and
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VideoNet [56] use YouTube Search and classification-based filtering to
construct the dataset. As a result, they fail to guarantee that each frame
displays the intended object without major distracting elements. This lack
of object-centricity adds a significant burden to the SSL process, as the

model must learn to focus on the relevant object amidst the clutter.

Learning object representations from videos Video representation
learning has evolved significantly over the years, with early approaches
focusing on fundamental visual cues like temporal coherence [71, 72]
or object tracking [73, 42, 41]. Recent advances have predominantly
leveraged modern self-supervised techniques, including contrastive
learning and masked autoencoding, to learn robust spatio-temporal
features [43, 75, 49, 50, 74, 81, 82, 83, 84, 85, 86, 87]. While these methods
have shown promising results, they typically rely on specialized video
architectures and primarily transfer to video-specific tasks such as action
recognition [83, 86, 87], without explicitly considering object-centric re-
presentations. These methods struggle to learn object-centric representa-
tions due to the nature of natural video data, typically depicting complex
scenes with a long-tail distribution of object categories. Some methods
have explored cycle-consistency [30, 76, 42] and optical flow [77, 78] to
establish correspondences between local (potentially object related) re-
gions across time. However, they still struggle with the trade-off between
temporal understanding and spatial scene comprehension since simul-
taneously localizing, tracking and learning representations of objects as

they move and change their state and appearance is challenging.

3.3 TrackVerse Dataset

We constructed a video dataset, denoted TRacKVERSE, where a diverse set
of objects are tracked over time, capturing the evolution of their state as
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Figure 3.1: Examples from TrackVerse TRACKVERSE comprises object-
centric video tracks with a diverse range of objects.

they interact with the environment. Since manually localizing and track-
ing all objects in a video is too costly, we leverage an open-vocabulary
object detector and tracker to automate the process. In addition to the
large-scale dataset of object tracks generated by our automated collection
pipeline, we manually verified the tracking accuracy for a subset of the
data and manually annotate the categories of the depicted objects for
downstream evaluation. The proposed dataset is designed to provide
richer sources of context, beyond static object appearance, where the prin-
ciples of unsupervised representation learning from object dynamics can
be investigated. Examples from TrRACKVERSE can be seen in Fig. 3.1. The

dataset will be publicly released.

Dataset acquisition and tracking pipeline

To build the TrRackVERSE dataset, we developed a data collection pipeline
illustrated in Fig. 3.2.

Step 1. Data source: We downloaded 600,000 YouTube videos ran-
domly sampled from the HD-VILA-100M [44] dataset, each acquired at
720p resolution and original frame rate.
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Figure 3.2: Overview of TrackVerse Collection Pipeline.

Step 2. Scene segmentation: Each video was segmented into scenes
using PySceneDetect [69] and split into video segments with consistent
visual content.

Step 3. Filtering: We filtered out segments with predominantly static
visual content as well as segments identified as cartoons. Cartoon detec-
tion was performed using an ImageNet-pretrained ResNet18 model, fine-
tuned for cartoon recognition. For static content, we calculate the average

pixel change rate between consecutive frames to identify minimal motion.

Step 4. Object detection and tracking: We detected and tracked ob-
jects in the remaining segments using the DETIC object detector [66] and
the ByteTrack tracker [67]. DETIC performs open-vocabulary object de-
tection using a SWIN transformer aligned with CLIP representations. To
ensure diversity of object categories, we deployed DETIC using the LVIS
ontology [68] comprised of 1203 classes. We then merge DETIC’s detec-
tions into object tracks. ByteTrack is a tracking-by-detection algorithm
robust to occlusions or failures of the underlying detector by combining
both high and low-confidence detections, together with a Kalman filter
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of object motion and appearance (as represented by DETIC’s ROI pool-

ing features).

Step 5. Data curation: To increase sample diversity within a finite
dataset, we curated the dataset to balance the distribution of object cate-
gories, by subsampling high-frequency classes. We capped the number
of tracks for high-frequency classes at 1,000, 2,500, 4,000 and 8,000 tracks
per class, selecting tracks with the highest object detection scores. This
yielded curated subsets of 0.4M, 1.1M, 2.4M, and 3.8M tracks, respectively.
These class-balanced subsets of varying scales enabled us to investigate
the impact of dataset size on the learned representations. For large-scale
experiments, we use the 3.8M-CB8000 subset, the largest class-balanced
subset, which was shown to be the most effective.

Step 6. Test set: Finally, we build a test set of TRACKVERSE with human-
verified labels as a few-shot video classification benchmark. The verifi-
cation process was conducted through manual visual inspection by the
authors. For each class, one annotator selected the tracks from a pool
of candidates randomly sampled from DETIC predictions, ensuring ac-
curate class representation while excluding near-duplicates and visually
similar tracks. To ensure the quality, we also run a multi-annotator val-
idation on a smaller subset of tracks, achieving 100% agreement among
all annotators in their independent evaluations. The resulting test set con-
tains 4,188 object tracks spanning 698 distinct categories with 6 tracks per
category. To prevent data leakage, videos containing these tracks were
rigorously excluded from the TRackVERSE dataset.

Dataset Characteristics

Table 3.1 shows an overview of the collected TrackVERSE dataset in com-

parison to related databases. Our dataset distinguishes itself by being
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the only large-scale object-centric video dataset. The most related dataset
is VideoNet, a dataset compiled by searching YouTube for videos con-
taining objects from the ImageNet dataset. However, VideoNet does not
locate and track objects over time, each clip can depict cluttered scenes
(i.e., not fully object centered). Perhaps more importantly, VideoNet has
not been open-sourced and thus is not available for research. Other
datasets, such as MOT20, VOTS2023 and TAO, do provide object track
annotations, but are too small for representation learning purposes. In
contrast, TRACKVERSE provides over 2000 x more samples than the largest
of the tracking datasets (TAO), and over 100x more content (in hours).
Since the data collection pipeline is fully automated, TRACKVERSE can
be easily scaled. In the current work, we applied the tracking pipeline to
600,000 YouTube videos, yielding an unbalanced set of 31.9 million object
tracks (45,582 hours) distributed across the 1203 LVIS classes. As can be
seen in Fig. 3.3a, the distribution of object categories is long-tailed, with
the most common category, “person”, accounting for 31.9% of all tracks
and being 261 times more prevalent than the 100th most common cate-
gory, “computer keyboard”. The dataset H-index is 578 (i.e., there are 578
classes with at least 578 samples). Fig. 3.3b-3.3d further show the dis-
tribution of track lengths, track sizes (i.e., the shorter side length of the
object’s bounding box), and aspect ratios among TRACKVERSE samples.
To avoid short tracks which may not provide enough variation in ob-
ject appearance, we discarded tracks with less than 3 seconds. We also
forced the aspect ratio of each track bounding box to be between 2:3 and

3:2 to avoid overly elongated tracks.

Pipeline optimization and validation

To ensure accurate tracking, we optimized the DETIC+ByteTrack pipeline
on the DAVIS [64] dataset for tracking performance and on ImageNet [40]

for classification performance. After optimization, our tracker obtains
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Figure 3.3: Characteristics of the Full TrackVerse. (a) The number of
videos per class, illustrates the long-tail distribution of the dataset; (b)
Distribution of object track durations; (c) Distribution of track size where
size is the short side of the object’s bounding box; (d) Distribution of as-
pect ratios of all object tracks.

an IDF1 score of 74.7 and 62.6% MOTA score on the DAVIS dataset and
achieved a classification accuracy of 62.7% on the ImageNet-1k dataset.
We also manually assessed the quality of DETIC’s assigned labels on
TRACKVERSE clips by inspecting a random sample of 1000 tracks from each
subset. DETIC’s precision on the full TRackVERsE and the largest class-
balanced subset (TRackVERSE-3.8M-CB8000) were 78.7% and 52.3%, re-
spectively. The higher precision in the full TRACKVERSE is due to its long-
tailed distribution and DETIC’s improved reliability on common objects.

Since the category itself is not used in self-supervised learning, misclas-
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sifications do not introduce faulty supervision into training. On the con-
trary, the use of an automated pipeline (even though not perfect) allows
scaling up the data available for self-supervised training both in terms of
number of samples and diversity which are critical for effective represen-

tation learning.

3.4 Pretraining Protocol

The TrackVERSE dataset was built for self-supervised learning of object
representations, so as to learn representations that are descriptive of not
only their category but also of their state and dynamics. To demonstrate
its value, we assess the representations learned from TRACKVERSE using
contrastive learning for pretraining. Contrastive learning has been shown
effective for a variety of data modalities from static images of objects [34,
35, 36, 37, 1, 38], to videos of human actions [83, 86, 87], or multimodal
data including vision-language data [47, 48] and audio-visual data [46, 88,
89, 74].

However, despite its demonstrated success, contrastive learning has
limitations when applied to object-centric video. The main advantages of
learning from this type of data are two-fold: (1) the natural data augmen-
tations caused by camera and object motion, which enables learning in-
variances to pose, view-point and lighting conditions, and (2) the natural
interactions between objects and the consequent changes in object states,
which enables learning representations that further capture object states
and their dynamics. Contrastive learning is designed to learn invariances,
and thus is well-suited to capture the former. However, enforcing view
invariance discourages the model from learning the semantic differences
across views, such as the changing states of objects over time. To effec-
tively utilize TRACKVERSE, we extend contrastive learning so as to capture

both invariance to appearance-preserving augmentations as well as the
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variations from the natural dynamics of object states across time. We re-
ter to this as variance-aware contrastive learning.

Background: Contrastive Learning

Contrastive learning [34, 35, 36, 37] learns to encode different views of a
sample into aligned representations. These methods generally adhere to
the following procedure. First, two (base and target) views x, = T(x;vy)
and x; = T(x;v¢) of a sample x are computed from T(-; v) —an augmenta-
tion procedure parameterized by a random variable v. We refer to x, x¢
as augmentations of sample x, and refer to vy, v as augmentation param-
eters. The two views are then encoded using two (base and target) neu-
ral networks, f, and fy, into vectorized representations z, = fy(xp) and
z¢ = fy(x¢). Finally, the base representation zy, is fed to a predictor hy,_
whose output 2, = hy,_,(zy) is required to be aligned with the target
representation z;. Contrastive methods often accomplish this by mini-
mizing the InfoNCE loss [4]

eSim(it/Zt )/T

L =—log (3.1)

esin(2020)/T 1y esin(2izn)/7
where sin(-, -) is the cosine similarity and T a temperature coefficient. Fol-
lowing [37], the base and target encoders, f, and f, have the same ar-
chitecture composed of a backbone model and a non-linear projection.
Predictor hy_,¢ is a multi-layer perceptron (MLP). While f, and hy_, are
updated by gradient descent, f; is updated by an exponential moving av-
erage of fy. After pretraining, only the base encoder f}, is used to extract
features for downstream tasks.
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Variance-Aware Contrastive Learning

Since view-invariance requires h(zy) = z for all possible views, the re-
presentations zy, and z; are encouraged to be identical (up to an involu-
tory transformation h). Since invariance can be too restrictive for object-
centric video data, we relax this requirement by conditioning the predic-
tor hy_+(-) on the augmentation parameters vy, and v;. This enables the
model to leverage the contextual relationship between the two views for
the prediction of 2. To this end, we encode the augmentation parameters
vy and v, using an MLP f,, i.e., v, = f,(vp) and v = f, (v,), and use the
embeddings to condition the predictor 2, = hy,_,(zv, Vb, V¢). Condition-

ing is done by simple concatenation of all predictor inputs.

Data augmentation is deployed to generate diverse views of an object
from each track. To leverage natural object motion, we perform temporal
jittering, where the two views x, and x are sampled at random timesteps
ty and t, separated by a time gap & = t, — t;. We also apply spatial
and color augmentations following prior work [35, 36, 3], including
random resized cropping, horizontal flipping, random Gaussian blur,
color jittering, grayscale conversion, and solarization. One characteris-
tic of TRACKVERSE is that the typical size/resolution of a track differs
significantly across object categories, and thus their natural resolution
can provide a cue for the model to “cheat”. To mitigate this issue, we
use adaptive Gaussian Blur, where the blurriness level is controlled
by the crop resolution. Low-resolution crops are blurred less than

high-resolution crops.

Augmentation parameters Semantics-altering transformations include
spatial cropping, which can yield views of different object subparts, and
temporal jittering, which may modify the object’s state. Conversely, color
augmentations do not modify the semantics of the view, so the represen-
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tations should ideally exhibit invariance to them. Therefore, we define
the augmentation parameter v to describe only the spatio-temporal loca-
tion, ie., v = (t, 35, 35, W/ %), where t denotes the timestep, (x.,y.) the
center coordinates of the crop, w x h its width and height, and W x H the

original frame size.

Implementation Details

Modeling Following MoCo-v3 [2], we adopt Vil-Base/16 as the base
encoder, followed by a three-layer MLP projector with 256 output dimen-
sion. The target encoder has the same architecture but its weights are
updated by the exponential moving average of the base encoder. To bet-
ter leverage video data as described in Section 3.4, we employ adaptive
Gaussian blur (with maximum blurriness of 1) for spatial augmentations
and apply temporal jittering (with a time gap of & = 2). The augmentation
parameters v are defined as the addition of spatial and temporal embed-
dings of each view. They are encoded into a 256-dim embedding through
a 2-layer MLP projector with 4096 hidden units. The spatio-temporal aug-
mentation embeddings are then used to condition the contrastive learn-
ing process. It is worth noting that the variance-aware adaptations ac-
count for only 0.9% additional parameters compared to standard view-
invariance MoCo, ensuring that performance gains are attributable pri-

marily to the dataset’s characteristics rather than model capacity.

Optimization We pre-train the models using the AdamW [33] opti-
mizer with a batch size of 1024, a base learning rate of 1.5x 107,

3.5 Downstream Evaluations

To assess the quality and generalizability of the representational features

extracted from our dataset, we conduct comprehensive transfer learning
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Table 3.2: Evaluation of representations across diverse downstream
tasks: LVIS-IN and TRACKVERSE object classification, SSv2 action recog-
nition, MIT-States object/attribute classification, and DAVIS-2017 video
object segmentation. Features were pre-trained using MoCo on Image-
Net and variance-aware MoCo on videos, both with equivalent training
budget of 220M forward-backward passes.

LVIS-IN | TrackVerse | SSv2 MIT-States DAVIS-2017
Pretrain Dataset Obj Attr Pair Pair
NN NN FSL Ft NN NN NN Ft (J&F)m  Im TFm

Image dataset for MoCo pretraining:

ImageNet-1K [40] ‘ 48.8 ‘ 320 477 ‘ 56.8 ‘ 55.8 389 11.1 468 ‘ 64.8 62.1 67.4
Video datasets for augmentation-aware MoCo pretraining:

TAO [70] 14.8 133 198 | 46.7 | 457 38.6 58 259 60.6 579 63.3
Walking Tours [58] 17.0 125 163 | 470 | 384 376 63 261 62.7  60.2 652
Scene Clips 35.3 293 415 | 570 | 524 391 10.6 40.2 66.3 63.4 69.2
TRACKVERSE | 501 |562 711 | 618 |61.0 453 13.7 50.0| 67.1 641 70.1

experiments across diverse evaluation tasks. These experiments aim to
validate whether features learned from TRACKVERSE capture more com-
prehensive object representations compared to existing datasets, particu-
larly in their ability to encapsulate both high-level semantic information
and dynamic state changes.

In this section, we first describe the evaluation tasks and their train-
ing protocols. We then show that our dataset provides unique value for
object representation pretraining by comparing features extracted from
TrACKVERSE with those extracted from existing datasets. Finally, we inves-
tigate the scaling properties of TRACKVERSE, examining how performance

evolves as the dataset size and training budget increase.

Downstream Tasks and Evaluation Protocols

We evaluate the learned representation across various tasks, categorized
into two groups based on their requirements: tasks focused on object-
level semantics and those requiring state-aware semantics. Evaluations
such as nearest neighbor (NN) and few-shot learning (FSL) on LVIS-IN,
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Figure 3.4: TrackVerse’s Scalability to Training Budget. Compared to
SSL pretraining on static images, TRACKVERSE dynamic tracks prevent
overfitting and enhance representation learning when using longer train-
ing schedules.

TrACKVERSE, and MIT-States [53] primarily assess the understanding
of object semantics. In contrast, action recognition on Something-
Something v.2 (SSv2) [51], and attribute classification on MIT-States,
demand that features encapsulate both object semantics and state-aware

representation.

Nearest neighbor recognition We evaluate image recognition on the
TRACKVERSE evaluation set and LVIS-IN test set using a nearest-neighbor
(NN) protocol. The LVIS-IN test set is a subset of the ImageNet-1k evalu-
ation subset, including 266 classes that overlap with the LVIS vocabulary.
NN classification relies solely on the learned representations, without ad-
ditional tuning, making it a strong indicator of the semantic quality cap-
tured during pre-training.

Few-shotlearning We perform few-shot learning (FSL) experiments on
TRACKVERSE evaluation set by training a linear classifier atop the frozen
representations, following the setting of [17]. We repeat this evaluation
on 6 different sets of 5 training images per class and average the final

performance.

SSv2 The Something-Something dataset [51] is an egocentric action

recognition dataset with 174 classes describing actions independent of
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objects (e.g., ‘throwing something,” “putting something into something”).
This task emphasizes temporal cues and state transitions. All exper-
iments used the TimeSformer architecture [52], a video Transformer
with self-attention across patches over time. Spatial parameters were
initialized from the pre-trained model, while temporal parameters were
trained from scratch. We report top-1 accuracy of an ensemble over 15
inputs generated for 5 different frame selections and 3 distinct cropping

regions.

MIT-States The MIT-States dataset [53] contains 63,440 images labeled
with objects (e.g., ‘apple,” ‘tomato’) and attributes (e.g., ‘ripe,” “‘cooked’),
enabling assessment of object-level semantics and fine-grained attributes.
We evaluate our pre-trained model on three tasks using nearest neighbor:
(1) object recognition, (2) attribute recognition with a known object, and
(3) object-attribute pair recognition, using balanced subsets with 50 im-
ages per object, 5 per attribute, and 5 per object-attribute pair. We also
perform fine-tuning with the CLIP-Adapter framework [54], initializing
the image encoder with our pre-trained model. Fine-tuning results are
reported as Harmonic Mean (HM) (HM = 2x 2*% where S and U are the

stu’
accuracies on seen and unseen examples, respectively).

DAVIS-2017 The DAVIS-2017 [80] semi-supervised video object seg-
mentation benchmark evaluates the ability to generate precise object
segmentation masks in videos, given the ground truth mask of the initial
frame. We follow the experimental protocol in [30], which segments
scenes using a nearest-neighbor strategy applied between consecutive
frames. This benchmark assesses both the semantic integrity of the
pre-trained features and their sensitivity to object state changes.
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Table 3.3: Scalability to Dataset Size. Increasing the dataset size of
TRACKVERSE significantly improves downstream performance.

LVIS-IN | TrackVerse | SSv2 MIT-States DAVIS-2017
Subset #Tracks MaxTracks Obj Attr Pair Pair
per Class NN NN FSL Ft NN NN NN Ft. (3&§) m 31\1 3~m
0.4M-CB1000 0.4M 1000 39.6 403 553 | 59.3 | 55.1 442 11.8 40.8 65.4 62.5 68.3
1.1M-CB2500 1.1M 2500 46.8 51.8 66.0 | 59.6 | 585 447 12.7 47.1 65.8 62.7 68.8
2.4M-CB4000 24M 4000 48.6 549 69.1 | 605 | 599 451 13.1 50.0 66.8 63.8 70.0
3.8M-CB8000 3.8M 8000 50.1 56.2 71.1 61.8 | 61.0 45.3 13.7 50.0 67.1 64.1 70.1

Advantages of TrackVerse-Derived Features

In this section, we compare features learned from TRACKVERSE against
those from other datasets on the downstream tasks outlined above. We
trained view-invariance MoCo on ImageNet-1k [40] and variance-aware
MoCo on video datasets (TrRackVErsE, Walking Tours [58], TAO [70],
and Scene Clips), with an equivalent training budget of 220M forward-
backward passes. The experimental results show that TRACKVERSE
enables learning more generalizable, state-aware representations, thanks
to its rich object motions, diverse states, object-centricity, and large scale.

Object tracks yield more state-aware features. TRACKVERSE video
dataset captures rich dynamics and state changes of various objects.
To demonstrate the critical role of motion dynamics in learning object
representations, we compare features learned from ImageNet-1K us-
ing MoCo with those from TRACKVERSE using variance-aware MoCo
which are pre-trained under the equivalent training budget. As shown
in Table 3.2, features learned from TrRACKVERSE not only capture better
semantics, as evidenced by superior performance on object classification
tasks including LVIS-IN, TrackVeERrsE, and MIT-States, but also exhibit
significantly better performance across all tasks requiring dynamic and
fine-grained attribute understanding, including SSv2 action recognition,
MIT-States attribute recognition, and DAVIS-2017 video object segmen-
tation. This performance gap highlights TRACKVERSE’s effectiveness in
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learning features with both semantics and spatiotemporal evolution of

object states.

Object centricity facilitates more effective representation learning.
The TrRACKVERSE is object-centric, which eliminates contextual distrac-
tions including irrelevant background or non-target object information.
This object-centric focus enables models to more effectively capture
object-specific features, including semantic attributes and state changes.
To demonstrate the benefits of object centricity, we compared features
learned from two natural video datasets: Walking Tours [58] and Scene
Clips. Walking Tours is a video dataset of urban scenes with a long-tail
distribution of object categories (with humans being the most prevalent).
Scene Clips consists of the original videos in TRAckVERSE without ob-
ject tracking, i.e., without implementing Step 4 shown in Fig. 3.2, thus
retaining the complete spatial context. As shown in Table 3.2, features
learned from TRACKVERSE consistently outperform those from both Walk-
ing Tours and Scene Clips across all evaluation tasks. Notably, Walking
Tours, the least object-centric dataset, yielded the lowest performance
across all tasks. This result confirms that object-centric datasets mitigate
the challenges of scene complexity and spurious correlations, thereby
enhancing feature learning efficiency.

Dataset scale and object diversity enable more generalizable features.
Our automatic collection pipeline facilitates the acquisition of data at
an unprecedented scale. While existing tracking video datasets also
offer object-centric dynamics, and even provide more accurate human-
annotated category labels, these costly annotation processes inherently
limit their scale, hampering their effectiveness for object representation
learning. In self-supervised learning, where labels are not used during
pretraining, dataset scale and object variety become crucial factors for

learning general object representations. To compare, we run the pretrain-
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ing on TAO [70], currently the largest tracking dataset available, which
only contains 17,287 tracks across 833 classes (see details in Table 3.1).
This small scale results in limited within-class variety, insufficient cover-
age of objects’ possible state changes, and class imbalance. By contrast,
TrACKVERSE includes 31.9M object tracks spanning 1203 classes, with the
largest class-balanced subset containing 3.8M object tracks. As shown in
Table 3.2, features extracted from TRACKVERSE notably outperform those

learned from TAQO across all downstream tasks.

Table 3.4: Comparison of static frames (MoCo) vs. tracks (Variance-
Aware MoCo) pretraining on TrackVerse

Pretraining LVIS-IN | TrackVerse | SSv2 | MIT-States
Data (Method) NN NN FSL Ft Pair Ft.
Frames (MoCo) 34.6 33.7 46.8 | 55.1 40.3
Tracks (VA-MoCo) 38.4 399 53.1 | 57.6 41.1

Variance-aware contrastive learning Finally, we compared augmenta-
tion invariance MoCo (MoCo) with variance-aware MoCo (VA-MoCo) on
TrACKVERSE (0.4M-CB1000 subset). As shown in Table 3.4, the VA-MoCo
framework consistently enhanced learned features across all downstream

tasks.

Scalability

An ideal SSL dataset should improve representation quality with more
data and longer training. In this section, we examine the scaling proper-

ties of TRACKVERSE, focusing on tasks of NN and FSL.

Training budget We evaluated the scalability of TRACKVERSE to the
training budget by training on the 0.4M-CB1000 subset for 100, 300, and
600 epochs (i.e., 38K, 114K and 228K iterations, respectively). We also
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compared this with static frame training to assess the advantages of
dynamic content in extended schedules. As shown in Fig. 3.4, representa-
tions from dynamic tracks improve consistently with increased training,

while static frame training plateaus at 300 epochs.

Dataset size To assess scalability to dataset size, we run variance-aware
MoCo pretraining on five TRACKVERSE subsets of different sizes, while con-
trolling for the training budget (228K training iterations). The results in
Table 3.3 show that TRACKVERSE is capable of effectively leveraging larger
datasets to enhance model performance. Given that the TRACKVERSE data
acquisition pipeline is fully automated, scaling up the dataset size is a
straightforward process, making it a promising resource for future re-
search in SSL.

3.6 Conclusion

We build TrackVERSE, a large-scale dataset of object tracks using an au-
tomated collection pipeline. TRACKVERSE is the largest video dataset en-
suring object-centricity, class diversity and rich object motions and states,
offering a unique playground for learning general object representations
from object dynamics beyond static appearance. In this chapter, we ex-
tend contrastive learning with a variance-aware predictor conditioning
on data augmentations, maximizing the learning potential from videos.
Empirical results validate the effectiveness of TRACKVERSE for scalable self-
supervised learning, outperforming representations learned from static
images or natural videos.
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4 QUERYABLE ATTRIBUTE REPRESENTATION

EXTRACTION FROM FROZEN VISION-LANGUAGE MODELS

While powerful, existing multimodal embeddings are pre-
dominantly global, entangling distinct visual factors such as
object, style, and background into a single holistic representa-
tion. This entanglement fundamentally limits attribute-level
control for downstream tasks like fine-grained retrieval or
controllable editing. Even embeddings distilled from power-
tul vision-language models (VLMs), such as VLM2Vec, still
struggle to isolate specific attributes on demand. To address
this, we introduce Queryable Attribute Representation Extrac-
tion (QARE), a new task focused on generating embeddings
that are sensitive only to a queried attribute. To enable rigor-
ous evaluation, we present QARE-BENCH, the first benchmark
designed for QARE, featuring both synthetic compositions and
challenging real-world data. We further propose TF-QARE,
a simple yet remarkably effective training-free method that
extracts attribute-specific features from frozen VLMs by pool-
ing the hidden states of reply tokens generated in response
to a structured prompt. Strikingly, our experiments show
that this zero-shot approach is not merely competitive; it
substantially outperforms fine-tuned methods like VLM2Vec
across a range of VLM backbones on our benchmark.

41 Introduction

Multimodal embeddings, which capture semantic correspondences be-
tween vision and language, support many core applications such as cross-
modal retrieval [47,48, 98, 96], controllable content creation[116,117,118],
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Figure 4.1: Overview of QARE: From Entangled Global Embeddings to
Queryable Attribute-Specific Representations. The left side illustrates
the limitation of VLM2Vec [96]: it fails to follow attribute prompts, pro-
ducing nearly identical retrieval results for an image paired with differ-
ent attribute queries. The retrieved neighbors show that its embeddings
primarily capture overall appearance rather than the requested attribute,
preventing true attribute-specific representation. Conversely, our method
produces separate attribute-specific representations that support precise
query-conditioned retrieval. Prompt texts are simplified here for clarity.

and robotic perception [119]. With the rise of powerful vision-language
models (VLMs), recent work further derives general-purpose multimodal
embeddings directly from frozen VLMs [96, 97].

However, many tasks require attribute-level control: retrieving images
that match a specific style but not content, or separately reasoning about
object appearance versus background. Existing embeddings are predom-
inantly global. They entangle object, background, and style cues in a sin-
gle holistic representation, making it difficult to isolate the visual factor
specified by a user query. Even VLM-based embedding extractors—most
notably VLM2Vec [96], which fine-tunes VLMs to learn general-purpose
embeddings—still output a global feature that entangles multiple visual
factors, lacking the ability to isolate attribute-specific representations con-
ditioned on demand (see Fig. 4.1).

To address this limitation, we introduce the problem of Queryable
Attribute Representation Extraction (QARE): given an image I and an at-
tribute a, the goal is to produce an embedding E(I, a) that (i) is sensitive
to the specified attribute (and not just the image as a whole), and (ii) is
invariant to all other components of the image that are unrelated to the at-
tribute. Such queryable representations would enable more controllable
retrieval, editing, and reasoning over individual factors of variation.

Although many datasets evaluate general multimodal alignment or
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text-conditioned editing [96, 105, 106, 107, 108, 109], they do not measure
whether a method can (i) disentangle intrinsic visual factors in the feature
space, or (ii) extract attribute-specific embeddings conditioned on a query.
Existing evaluations therefore cannot reveal whether a representation is
truly queryable or simply globally entangled.

To fill this gap, we introduce QARE-BENCH, the first benchmark de-
signed explicitly for QARE. It consists of: (i) a synthetic set spanning three
orthogonal attributes—object, style, background—constructed images,
and (ii) a real-image set containing 6,184 object crops and 2,758 back-
ground crops, grouped into 325 and 243 query groups, respectively, with
challenging positives and hard negatives. Our evaluation protocol mea-
sures both attribute-conditioned retrieval (mAP) and query specificity
via intra-image dissimilarity, providing a rigorous testbed for assessing
attribute-level embeddings.

We further introduce a surprisingly effective training-free method
for QARE: extracting attribute-specific embeddings by pooling VLM
hidden states from only the reply tokens generated in response to a
structured attribute query. This exploits the implicit attribute structure
already present in modern VLMs, requiring no fine-tuning or auxiliary
training. Our method, TF-QARE, delivers significantly stronger attribute-
level retrieval and query sensitivity than both post-trained and global
embedding baselines, across all tested VLM backbones on QARE-BENCH.

Our main contributions are summarized as follows:

¢ New Task: Queryable Attribute Representation Extraction (QARE).
We identify a core limitation of current multimodal embeddings
and formulate QARE to explicitly evaluate query sensitivity and at-
tribute invariance.

e A Benchmark for Attribute-Level Evaluation. We introduce

QARE-BENcH, the first dataset designed for QARE, covering object,
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background, and style with both synthetic compositions and chal-
lenging real-image groups.

¢ A Simple and Training-Free Method. We propose a zero-shot
approach that isolates attribute-specific embeddings from frozen
VLMs using reply-conditioned token features, requiring no fine-
tuning.

¢ Strong and Consistent Empirical Gains. Our method substantially
outperforms post-trained and global embedding baselines across all
attributes and VLM backbones.

4.2 Related Work

Multimodal embeddings. Early multimodal embedding models, such
as VisualBERT [100], learned joint vision-language spaces via cross-
modal attention. Dual-encoder methods like CLIP, ALIGN, LiT, and
SigLIP [47, 48, 98, 99] scaled this paradigm using large image-text
corpora, achieving strong global retrieval features. Models such as
BLIP-2 [101] further explored modular alignment between frozen vi-
sion encoders and language models. Recent work shifts from train-
ing from scratch to extracting embeddings from pretrained VLMs.
VLM2Vec [96] fine-tunes VLMs with contrastive learning to obtain com-
petitive global multimodal embeddings. However, existing approaches
largely produce entangled features that cannot be conditioned on spe-
cific semantic attributes, limiting applications such as attribute-specific
editing or retrieval. Beyond general multimodal methods, prior work
in fine-grained fashion analysis has explored attribute-specific embed-
dings [113, 114, 115], but these methods are restricted to the fashion

domain and rely on task-specific training. In contrast, our approach
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provides training-free, general-purpose attribute querying across diverse

objects, backgrounds, and visual styles.

Vision-Language Models (VLMs). Modern VLMs, such as Qwen-
VL [102], InternVL [103], and Gemma 3 [104], achieve remarkable
multimodal reasoning via instruction tuning on massive corpora. How-
ever, these models are optimized for autoregressive text generation
rather than producing structured, disentangled semantic embeddings.
Consequently, extracting explicit feature representations from them is un-
derexplored. Our TF-QARE exploits the richness of VLM representations,
reformulating their hidden activations into queryable, attribute-specific

embeddings.

Benchmarks for feature disentanglement. Current evaluation proto-
cols do not adequately assess attribute-level isolation. General bench-
marks like MMEB [96] focus on global tasks such as classification or
holistic matching. Meanwhile, Composed Image Retrieval (CIR) bench-
marks (e.g., Fashion-IQ [106], CIRR [108], GeneCIS [109]) measure a
model’s ability to modify a reference image based on text, rather than to
query and isolate its intrinsic attributes. There is no standard for eval-
uating how well a model separates visual factors like color, texture, or
object identity within a single image’s embedding. We address this with
QARE-BENcH, a dedicated benchmark designed to rigorously evaluate
attribute-level grounding and disentanglement directly in the feature

space, independent of image modification or text generation metrics.

4.3 The QARE Benchmark

Here, we define the Queryable Attribute Representation Extraction (QARE)

task and introduce the QARE-BeNcH benchmark. In addition, we establish
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the evaluation protocol based on multi-target retrieval metrics, providing

a standardized framework for future research.

Problem Formulation

We introduce Queryable Attribute Representation Extraction (QARE), the
task of producing a multimodal embedding of isolated visual attributes.
From a given image and attribute, the produced embedding should be
disentangled from all other image components.

Formally, let I € J be an image and let a € A denote an attribute
(e.g., A = {object, style,background}). The objective of QARE is to build
an encoder function E : J x A — RY that maps an image-attribute pair
to a d-dimensional embedding vector v, = E(I, a) that represents only
the specified attribute. An ideal QARE encoder E should thus satisfy two
critical properties:

1. Sensitivity. The encoder must be sensitive to the specified attribute.
For a given image I, querying different attributes must yield distinct re-
presentations. For instance, the embedding for an image’s salient object,
Vobject = E(I, Object), should significantly differ from the embedding of the
background, viackgrouna = E(I, background).

2. Invariance. The representation of a specific attribute should be in-
variant to all other changes in the image. For example, consider two im-
ages, I and I, that depict the same object but with different styles and
backgrounds. A successful QARE encoder should produce highly similar
object embeddings:

E(I;, object) ~ E(I,, object). (4.1)
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Figure 4.2: QARE-Bench Synthetic Set. The synthetic set is created by
combinatorially composing instances from three orthogonal attribute cat-
egories: Object (4 types), Style (3 types), and Background (4 types). The
figure illustrates the attribute axes and shows representative examples.

Conversely, if two images I; and I3 contain different objects, their object
embeddings should be dissimilar, i.e., E(I;, object) % E(Is, object), even if
they share the same style or background.

QARE-Bench

The QARE-BEncH benchmark is specifically designed to instantiate and
measure these properties, providing a concrete framework for evaluat-
ing progress in QARE. Following established frameworks for embedding
models, we adopt a retrieval-based evaluation. Each test instance for an
attribute a consists of a query image I exhibiting a, with a corresponding
set of positives that share a, and a set of hard negatives that do not.
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Figure 4.3: Examples from the QARE-Bench Real Set. Each row illustrates
a query group. (a) For object queries, positives contain the identical ob-
ject instance in varied contexts, while negatives feature different objects,
testing for fine-grained identification. (b) The same principle applies to
backgrounds, where positives show the target scene across diverse com-
positions, forcing models to learn an invariant representation.

QARE-BENCH consists of two complementary sets: a synthetic set with
a perfectly factorial design for controlled analysis, and a real-world set

with challenging, authentic visual scenarios.

Synthetic Set. The synthetic set is intended as a precise diagnostic tool
designed to probe the core capabilities of models for QARE in a controlled
environment. This set is a carefully constructed collection of generated
images and exhibits all permutations of objects, styles, and backgrounds
illustrated in Fig. 4.2. This 4 x 3 x 4 design results in 48 unique im-
ages, where each represents a distinct combination of one object, one
style, and one background. Each image yields three test instances (one
per attribute), resulting in 48 x 3 = 144 total test instances, each hav-
ing a rich positive and negative set associated with it. For instance, for
a query image of a ‘cat’ with ‘object” attribute as the condition, positives
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are all (I, object) tuples where I depicts a cat. Conversely, negatives are all
images that don't contain cats, including hard negative images with cats
when conditioned on other attributes, i.e., style or background. This fac-
torial design eliminates confounding correlations in real data, yielding
truly independent attributes and an unambiguous testbed for attribute
disentanglement.

Real Set. The real set is built from original, high-resolution photos and
extends the evaluation to complex real-world scenarios. This set focuses
on object and background attributes. As visualized in Fig. 4.4, we collect
images that capture each object in various compositions with other dis-
tractor objects in multiple, distinct real-world scenes. From these images,
we create a test set where each instance consists of one query image, 2-30
positive images, and 2-71 hard negative images.

Object. To ensure query images are unambiguous, we select crops
containing a single, clear primary object. Using an open-vocabulary
object detector (Detic [110]), we identify all distractor objects and extract
the largest crop that isolates the target object while excluding distrac-
tors. Positives are crops that capture the identical target object instance,
photographed across diverse backgrounds, contexts, poses, and lighting
conditions. Our two types of negatives are (i) crops from a photograph
taken with a fixed camera position after removing the query object,
and (ii) crops of other “distractor” objects that co-occurred in the same
original scene.

Background. We choose queries as crops from an image, which may
contain one or more foreground objects. Positives are crops from the ex-
act same scene under two conditions: (1) different foreground objects but
an identical viewpoint and lighting, and (2) varied shooting angles and
lighting. Negative crops feature different backgrounds containing one or
more foreground objects in the query crop. We locate images of different
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Figure 4.4: QARE-Bench Real Set Image Source. Each target object in-
stance was photographed across multiple distinct scenes. Within each
scene, the object was arranged in various compositions, often alongside
other distractor objects. Crucially, we also captured corresponding im-
ages of the scene with the target object removed, enabling the creation of
verifiably accurate positive and negative examples.

scenes containing the same object and extract crops that maintain similar
relative object positions.

In total, this curation yields 325 unique objects and 243 background
query groups, with a total of 6,184 and 2,758 crops, respectively. This
set spans diverse scenes and resolutions, with challenging positives and
hard negatives by design. Fig. 4.3 provides visual examples of the query
groups. For each query, the positives represent the ground-truth match
for the target attribute, while the hard negatives are specifically selected

to create challenging scenarios for disentanglement.

Evaluation Protocol

To comprehensively assess the capabilities of QARE models, we design a
two-part evaluation protocol that directly measures the sensitivity and
invariance properties defined in Section 4.3.

1.  Attribute-Conditioned Retrieval. This protocol directly tests

whether an embedding for a specific attribute (e.g., an object) remains
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constant when other attributes (e.g., style, background) vary.

Given a query image I, and attribute query a4, a model computes the
attribute-specific embedding E(I4, aq). All images I, in a retrieval set R
are then ranked based on the cosine similarity cos(E(Iq, aq), E(Ly, aq )).

For quantifying performance, we use Mean Average Precision (mAP)
based on positives and negatives defined in each set. Let R be the set of
all relevant items for a query q, with size t; = [Rq|, and let rel4 (k) € {0, 1}
be an indicator function that is 1 if the item at rank k is relevant. The
Average Precision (AP) for a single query is defined as:

AP(q) = — Y Py(k) - rely(K), (4.2)

tq k=1

where P, (k) is the precision at rank k. The final mAP score is the mean
of AP scores over all queries.

The mAP metric provides a single, robust score that accounts for both
precision and the rank of retrieved items. Crucially, in our benchmark, the
number of positive samples tq can vary significantly from one query to
another. Metrics like Recall@K, when averaged globally, can be skewed by
this variance. In contrast, mAP is inherently normalized by the number

of ground-truth positives for each query via the AP calculation.

2. Intra-Image Similarity. When evaluating specificity, we assess if em-
beddings for different attributes derived from the same image are distinct.
For example, similar embeddings for “object” and “background” queries
indicate insufficient disentanglement.

For each image I in the test set, we extract the embeddings for its set of
core attributes A = {ay, ay, ..., a,} (in our case, object, style, background).
We then compute the average pairwise cosine similarity among these em-
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beddings:

S(I) = ﬁ 1@;@ sim(E(I, a;), E(L, q;)). (4.3)
Our reported metric is the Average Intra-Image Similarity (AIS), which
is S(I) averaged over all images in the test set. A low score indicates strong
query specificity and effective disentanglement, as the attribute represen-
tations lie in different directions in the embedding space. Conversely, a
high score suggests that attribute information is entangled, and the model

produces a generic, query-agnostic image representation.

4.4 Method

We introduce TF-QARE (Training-Free QARE), a simple yet effective
approach that leverages a frozen pre-trained VLM as a zero-shot encoder
to generate prompt-guided, attribute-disentangled embeddings. An

overview is shown in Fig. 4.5.

VLM as a zero-shot QARE encoder. We argue that general-purpose VLM
training on tasks like detailed captioning and visual question answering
produces well-grounded latent representations. Our method, TF-QARE,
is based on the premise that key visual attributes are implicitly disentan-
gled in existing VLM activations. Consequently, we need a method to
identify and isolate relevant features. Given an image I and a structured
text prompt q (detailed below) targeting an attribute (e.g., object, back-
ground, or style), the VLM generates a textual reply R. We then extract
the attribute embedding z, from the VLM’s hidden states. The final em-
bedding z, is produced by applying average pooling over the normalized
hidden state vectors corresponding only to the generated reply tokens R.
This ensures that the resulting representation is conditioned on both the
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(a) TF-QARE overview

Example Replies

Object:
Main object is a car, a classic white coupe with round headlights and a
slightly weathered body.

Style:

Visual style is impressionistic, characterized by loose, textured brush-
strokes and vibrant, blended colors that capture the essence of the
scene rather than its precise details.

Background:

Background is a beach, with a sandy shore, gentle waves, and green

grasses in the foreground under a clear blue sky.

(b) Attribute-specific replies (object, style, background) for the image in (a).

Figure 4.5: Overview of TF-QARE with attribute-focused prompting. (a)
We treat a frozen VLM as a zero-shot QARE encoder: given animage and an
attribute-focused prompt (object/background/style), the VLM generates
areply and we pool the normalized hidden states of the reply tokens to ob-
tain an attribute embedding. (b) Example attribute-specific replies from
Qwen2-VL-7B for the image in (a), illustrating how different prompts iso-
late object, style, and background information.
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image and the specific attribute query, effectively isolating the target at-

tribute’s features.

Attribute-focused prompting. We design structured prompts that com-
pel the model to focus exclusively on a single attribute of the given image
while suppressing irrelevant details. Each prompt combines three com-
ponents: a direct command that specifies the target attribute, a strict output
format that enforces predictable structure, and a set of negative constraints
that exclude other attributes. As an example, the prompt designed for the
object attribute is shown below.

Prompt for Object Attribute Extraction

Describe ONLY the main object in the image using a two-part structured for-
mat.
FORMAT MUST MATCH EXACTLY:

Main object is [main summary], [detailed description].

Rules:

- [main summary]: 1-3 words describing the object’s category, color, and gen-
eral appearance.

- [detailed description]: 15-30 words expanding on shape, material, surface,
parts, or posture.

- Focus on ONE main foreground object only; ignore background, scene, or
style.

- Write up to TWO sentences; no lists, no line breaks, no quotes.

Prompts for the style and background attributes follow the same struc-
ture. This combination of positive and negative constraints forces the
VLM to generate text that is highly specific to the queried attribute, re-
sulting in distinct, disentangled descriptions for the same input image

when different attribute prompts are used.
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Method Backbone QARE-BENCH Synthetic QARE-BENCH Real
mAP (1) AIS (1) mAP (1) AIS (1)
obj sty bg all obj bg all

(1) Post-Trained, Queryable

VLM2VecV1 [96] Qwen2-VL-7B 89 296 116 167 097 358 36.6 362 096

VLM2VecV2 [97] Qwen2-VL-2B 79 270 112 154 0.82 462 448 455 081

(2) Zero-Shot, Non-Queryable
CLIP 94 131 88 45 1.0 322 232 277 1.0

Vision Encoder SigLIP 10.0 11.0 101 44 1.0 334 242 288 1.0
DINOv2 135 6.8 100 42 1.0 319 235 277 1.0
DINOv3 121 71 112 41 1.0 30.8 223 26.6 1.0

(3) Zero-Shot, Queryable (Ours)
Qwen2-VL-2B 87 205 371 221 0.63 494 431 462 0.69
Qwen2-VL-7B 69.7 739 917 784 0.68 66.8 619 643 0.59
Qwen2.5-VL-3B  38.7 45.6 915 586 0.78 627 58.6 607 0.72
Qwen2.5-VL-7B 839 569 901 770 073 655 637 646 0.70
Qwen2.5-VL-32B 79.0 552 917 753 081 63.8 620 629 0.73

TF-QARE InternVL3-1B 478 235 65.6 456 074 59.7 59.2 594  0.80
InternVL3-2B 469 58.0 902 65.0 075 57.6 550 563 0.75
InternVL3-8B 780 56.8 917 755 055 642 619 631 0.55
InternVL3-14B 858 554 917 776 078 671 641 65.6 0.78
Gemma3-4B 55.6 704 839 700 088 562 589 576 0.87
Gemma3-12B 829 754 917 833 088 630 626 628 0.88

Table 4.1: Comparison of different methods on the QARE benchmark.
We evaluate three distinct families of methods: (1) VLM2Vec variants that
fine-tune VLMs to produce queryable embeddings; (2) Standard visual
encoders that output a single, entangled global embedding; and (3) Our
proposed training-free approach TF-QARE directly extracts disentangled
attribute features from frozen VLMs and consistently achieves substantial
gains, demonstrating the effectiveness of prompt-guided, attribute-aware
embedding extraction. Higher mAP (1) and lower AIS () indicate better
performance, and the gray row highlights our default model.

4.5 Experiments

In this section, we comprehensively evaluate our TF-QARE framework on
the QARE-BENcH. We report comparisons across VLM architectures and
scales, analyze performance against post-trained queryable models and
zero-shot global visual encoders, and provide ablations on the selection
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of optimal VLM layers.

Comparison Results

Across VLMs and scales. We first evaluated our TF-QARE approach
across diverse VLM backbones and scales (see Panel (3) of Table 4.1). We
observe a general trend where performance improves with model scale.
For instance, InternVL3’s mAP on the synthetic set increases from 45.6
(1B) to 77.6 (14B). This scaling suggests that larger VLMs possess richer
latent representations. Notably, this scaling is not strictly monotonic;
the Qwen2.5-VL-32B model underperforms its 7B counterpart (75.3 vs.
77.0 mAP). We attribute this to a potential “alignment tax,” where the
instruction-tuning of ultra-large models prioritizes complex reasoning
and dialogue over the strict adherence to the rigid, descriptive format
required by our prompts. This suggests mid-scale models can offer a
better trade-off for this specific task. Despite this nuance, the overarching
results strongly validate TF-QARE as a powerful strategy for unlocking
features from large VLMs.

Compared with post-trained methods. Panel (1) of Table 4.1 com-
pares our TF-QARE with post-trained, queryable embeddings from
VLM2VecV1 [96] and VLM2VecV2 [97]. VLM2Vec fine-tunes a frozen
VLM on a large collection of multimodal tasks (classification, retrieval,
VQA, etc.) to produce a single generic embedding per input, and V2
further extends this to more modalities such as video and long docu-
ments. On QARE, however, both V1 and V2 perform poorly: they achieve
low attribute mAP and high AIS, indicating that object, background,
and style remain strongly entangled. This is unsurprising, since the
fine-tuning objective optimizes a global task-level representation without
explicit pressure to preserve separate attribute factors. Though trained
on more data and modalities, V2 still fails to improve QARE scores. This
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indicates that simply scaling generic fine-tuning does not guarantee
attribute-disentangled embeddings. Directly querying frozen VLMs in a
zero-shot manner, as in QARE, can more effectively expose and exploit the
latent attribute structure already encoded in these models (see Section 4.6

for further discussion).

Compared with global visual encoders. Panel (2) of Table 4.1 compares
QARE with zero-shot global visual encoders such as CLIP [47], SigLIP [99],
DINOvV2 [111], and DINOv3 [112]. Although these models are trained
for image-text alignment, they provide only a single global embedding
and lack any instruction-tuned, queryable mechanism. As a result, they
cannot isolate object-, background-, or style-specific information, and all
extracted features remain fully entangled. This is reflected in both their
low attribute mAP and AIS scores fixed at 1.0, indicating that changing
the query does not alter the retrieved ranking at all. In contrast, QARE
leverages prompt-guided extraction from frozen VLMs to produce gen-
uinely attribute-specific embeddings, leading to significantly stronger

performance.

Ablation Study

To understand where attribute information is best encoded within a large
VLM, we analyze how QARE performs when extracting representations
from different decoder layers using backbone Qwen2-VL-7B. We evalu-
ate layers spanning early, middle, and high depths of the decoder (see Ta-
ble 4.2). High decoder layers generally yield stronger attribute separation
than middle or early layers, and the penultimate decoder layer yields the
best overall performance across object, style, and background attributes.
We therefore adopt this layer as our default configuration in all main ex-

periments.
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Table 4.2: Ablations on layer selection. Backbone: Qwen2-VL-7B.

Syn. mAP

layer  obj. sty. bg. all

28(-1) 623 71.1 917 75.0
high  27(2) 69.7 739 917 784
26(-3) 695 728 91.7 780
21(-8) 449 555 885 63.0
13(-16) 50.7 533 839 62.6
9(20) 535 46.7 815 60.5
5(24) 549 430 824 60.1

middle

early

4.6 Discussion

A key result from our study is the question of dedicated fine-tuning for
disentangled VLM representations compared to zero-shot representation
extraction. Our experiments highlight the challenges of training-based
approaches like VLM2Vec [96, 97], which consistently underperform our
zero-shot approach (see Table 4.1).

However, we argue that these results do not necessarily uncover any
fundamental issues with task-specific VLM tuning. Instead, they paint
a more nuanced picture of the efficacy of general-purpose training and
the availability of dedicated data. For one, VLMs are trained on large
amounts of general-purpose data and tasks [102, 103, 104]. Consequently,
the models’ internal representations are likely to reasonably encode and
disentangle various concepts. Our experimental results demonstrate
that training-free extraction methods lead to strong performance. Fur-
ther, such approaches directly benefit from continuous improvements to
available models with no additional overhead. Conversely, the success of
fine-tuning approaches largely depends on the quality and quantity of
the available data. Curating a sufficiently large, dedicated dataset with

disentangled image attributes is challenging.

Limitations. QARE focuses on three primary visual attributes—object,
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background, and style—which cover many common use cases but do not
span the full attribute space (e.g., geometry, material, or lighting). Al-
though extracting additional attribute-specific embeddings is straightfor-
ward within our framework—requiring only appropriate modifications
to the prompt—rigorous evaluation of such attributes would require ex-
panding the benchmark with corresponding curated data. We leave these

dataset extensions and broader attribute coverage to future work.

4.7 Summary

In this chapter, we addressed a critical limitation of existing multimodal
embeddings: their entangled, global nature, which hinders fine-grained,
attribute-level control. To tackle this, we formalized the problem of
Queryable Attribute Representation Extraction (QARE) and introduced
QARE-BENcH, the first benchmark designed to rigorously evaluate at-
tribute isolation and query sensitivity. To solve the task, we proposed
TF-QARE, a simple, effective, and training-free method that repurposes
frozen vision-language models to extract attribute-specific features via
prompt-guided generation.

Across diverse backbones and attribute types, TF-QARE consistently
and substantially outperforms post-trained models such as VLM2Vec, de-
spite requiring no fine-tuning or additional supervision. These results in-
dicate that modern VLMs already contain rich attribute-relevant signals,
and that structured prompting provides an effective mechanism for iso-
lating them without additional training.

We believe QARE opens new directions for building attribute-controllable
multimodal systems, with potential impact on fine-grained retrieval, con-
tent creation, and robot perception. We hope our findings encourage
further exploration of prompt-guided representation extraction as a

lightweight yet powerful alternative to large-scale fine-tuning.
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5 CONCLUSION

This dissertation studies how to learn more structured, general, and
queryable visual representations from images and videos. While mod-
ern vision representation models have achieved strong performance
across many downstream tasks, they still face important limitations in
capturing fine-grained spatial structure, object-centric temporal dynam-
ics, and attribute-level semantic variation. To address these challenges,
this dissertation explores three complementary directions:

In Chapter 2, this dissertation investigated masked image modeling
from the perspective of latent-space representation learning. Instead of
reconstructing raw pixels, which often contain substantial low-level re-
dundancy, the proposed approach encourages the model to predict mean-
ingful latent representations. This design reduces the emphasis on super-
ficial pixel-level details and helps the model focus on more semantically
useful visual structure. Through this study, Chapter 2 shows that the
choice of reconstruction target is crucial for masked image modeling, and
that latent-space objectives can provide a more effective learning signal
for visual representation learning.

In Chapter 3, this dissertation moved from static images to object-
centric videos. The central motivation was that many important visual
concepts are not fully observable from individual images alone, but
emerge through temporal continuity, motion, and state changes. To
study this problem, Chapter 3 introduced an object-centric video dataset
and used it to improve image-level representation learning with tempo-
rally grounded visual information. The results suggest that object-centric
videos provide a valuable source of supervision for learning more dy-
namic and state-aware visual features, complementing image-only
pretraining.

In Chapter 4, this dissertation focused on queryable and attribute-
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wise visual representation learning. While general-purpose visual
embeddings often encode rich information, different visual attributes are
usually entangled within a single feature space. Chapter 4 studied how
to extract and evaluate attribute-specific representations, with the goal of
making visual embeddings more interpretable, controllable, and useful
for fine-grained retrieval or reasoning. The findings show that attribute-
wise representation learning is a promising direction, but also reveal that
current training-based methods do not fully disentangle different visual
factors, leaving substantial room for improvement.

The three lines of research presented in this dissertation point toward
several promising directions for future work. A central challenge left
open is how to scale structured visual representation learning in a princi-
pled and general way. The three structural dimensions explored here —
spatial, state-aware, and compositional — were each addressed through
bespoke frameworks, but a more ambitious goal is to integrate them into
a unified model capable of simultaneously capturing multiple facets of vi-
sual structure. Recent work on joint-embedding predictive architectures
such as I-JEPA [32] and V-JEPA [91] demonstrates that prediction in ab-
stract latent space, rather than pixel space, is a promising direction for
learning structured and scalable representations; our findings in Chap-
ter 2 are consistent with and complementary to this line of work.

However, a key challenge that distinguishes visual representation
learning from language pretraining remains unresolved: unlike lan-
guage, which possesses a natural discrete token vocabulary that enables
near-exhaustive coverage at scale, visual data is continuous and exhibits
high pixel-level redundancy. As a result, visual structure cannot emerge
organically from data scale alone — it must be explicitly defined or dis-
covered [92]. Recent empirical work has begun to examine the conditions
under which data scaling leads to compositional generalization in vision

models [93], finding that scale alone is insufficient and that represen-
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tational structure must be deliberately encouraged. This motivates a
deeper investigation into what constitutes a scale-friendly definition of
visual structure: one that is expressive enough to capture meaningful
variation across diverse visual domains, yet stable and general enough
to benefit consistently from increasing data and model capacity. How
the spatial, state-aware, and compositional dimensions of structure ex-
plored in this dissertation can be organically unified into such a scalable
framework remains an important open question.

The second direction concerns attribute disentanglement in the multi-
modal setting. Chapter 4 demonstrated that a training-free approach
to attribute-specific representation extraction yields surprisingly strong
results, exploiting the implicit attribute structure already encoded in
frozen VLMs. However, the experiments also revealed that training-free
methods do not fully disentangle visual attributes — residual entangle-
ment between object, background, and style persists across all tested
backbones. This motivates developing efficient fine-tuning strategies
that can further sharpen attribute boundaries in VLM representations
without sacrificing the broad multimodal knowledge acquired during
pretraining. Recent work on parameter-efficient fine-tuning of VLMs,
including lightweight adapter-based methods [94] and vision-specific
low-rank adaptation strategies, suggests that targeted fine-tuning of a
small subset of model parameters can meaningfully reshape internal
representations while preserving general-purpose capabilities [95]. A
promising direction is to design such objectives to explicitly optimize
for attribute invariance and query sensitivity — for instance, using
contrastive supervision derived from our QARE benchmark — while reg-
ularizing against catastrophic forgetting of pretrained visual-semantic
alignment. We anticipate that the QARE benchmark introduced in Chap-
ter 4 will serve as a natural foundation for evaluating such methods,

and more broadly, for advancing controllable, attribute-disentangled
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