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Abstract

Human intelligence relies on compositional generalization: the ability to interpret novel situations by
flexibly combining familiar concepts and relational structures. This thesis investigates compositionality
in vision-language models (VLMs), focusing on their ability to understand and generalise across visual
(images, videos) and linguistic inputs.

In the first part, we introduce VELOCITI, a benchmark for evaluating compositional understanding
in video-language models through a suite of entailment tasks. Unlike prior compositionality benchmarks
constrained to single-agent videos, VELOCITI captures the complexity of real-world videos involving
multiple agents and dynamic interactions. VELOCITI assesses how well models recognize and bind
agents, actions, and temporal events using both text-inspired and in-video counterfactual negations.

In the second part, we probe the internal activations of VLMs to understand how concepts in an
image are bound to their attributes and references in text. Extending the Binding ID mechanism in
language models, we demonstrate that VLMs construct binding ID vectors in the activations of both
image tokens and their textual references, enabling in-context concept association.

Together, these contributions advance our understanding of compositional reasoning in VLMs and

offer tools for probing their capabilities.
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Chapter 1

Introduction

When a child watches a cartoon for the first time in which an animal is depicted preparing soup,
they exhibit compositional understanding by decomposing the visual scene into fundamental conceptual
elements—such as the animal, vegetables, the action of chopping, a pot, and the action of stirring. By
identifying these components and their relationships, the child is able to interpret the scene in terms of
“who is doing what, with what, and when.” Despite lacking direct experience of animals cooking in the
real world, the child demonstrates compositional generalization. By drawing upon prior knowledge of
animals, food preparation activities, and the conventional roles associated with objects like vegetables
and pots allows them to make sense of the unfamiliar scenario and infer that a meal is being prepared.
This illustrates the human ability to generalize to novel situations by flexibly recombining familiar
concepts and relational structures.

Compositionality has been regarded as a fundamental requirement for intelligence and extensively
studied in the Vision-Language domain. Early works constructed visual question answering (VQA)
datasets with training and compositional splits [2, 3, 4]. The train split equips the model to comprehend
the visual concepts and relationships in the train data while the compositional split evaluates the extent to
which the model can generalize to novel compositions of known concepts. This lead to the development
of models that have explicit mechanisms to encode compositional representations [5, 6, 7, 8].

The advent of large-scale pre-trained models [9] blurred the separation between train and test data
(in-distribution vs. out-of-distribution). These models seem capable of a wide range of tasks with high
zero-shot accuracy. However, multiple works have pointed out their weakness in binding, the ability to
associate concepts with the right relations [10, 11]. A series of benchmarks demonstrate their limitations
in compositional reasoning via tasks that involve differentiating images and captions that have the same

atomic entities but are composed with different relationships [12, 13, 14, 15, 16].



In the first part of this thesis, we present VELOCITI, a video-caption entailment benchmark for
evaluating compositionality in Video-Language Models. While several works have studied composi-
tionality for image-based models, this is a serious challenge for videos as they contain multiple persons,
objects, and scenes that dynamically interact and change over time. Some recent works have attempted
to study compositionality in video models by evaluating their ability to differentiate minimally differing
captions. However, they restrict themselves to single-agent videos and counterfactual captions where
one atomic aspect is absent in the video. To overcome this limitation, VELOCITI employs videos from
the VidSitu [17] dataset that contain short yet complex videos with multiple persons and interactions.
Through a suite of seven tests, VELOCITI disentangles and assess a model’s ability to comprehend
agents, actions, and their associations across multiple events through time. Further, VELOCITI uses
two strategies to generate the counterfactual captions: text-inspired negation manipulates the aligned
caption without looking at the video, and in-video negation, a key contribution, uses a different entity
appearing in the same video. The latter requires models to bind the correct entity to a given situation

and ignore the different but plausible entities that also appear in the video.

Typical vision-language compositionality benchmarks evaluate if the concepts in an image are as-
sociated with the right relationships in the representations of the model. The VQA style benchmarks
pose questions that can be answered purely based on the information contained in the image. To fully
exploit the potential of current multi-modal LLMs, it is useful to perform tasks that require synthesizing
information from both vision and language modalities. Multi-modal QA benchmarks pose questions

that need to be answered based on an image accompanied by some textual information [18, 19, 20].

In the second part of this thesis, we investigate how Vision-LLMS associate concepts across modal-
ities in context by probing the activations of the model. Given an ‘image of a red toy car’, the model
should associate this image to phrases like ‘car’, ‘red toy’, ‘red object’, etc. [21] propose the Binding ID
mechanism in LL.Ms, suggesting that the entity and its corresponding attribute tokens share a Binding
ID, a pair of vectors that have a high similarity in a subspace, in the model activations. This work inves-
tigates the mechanism for image-text binding in VLMs using a synthetic dataset and a task that requires
models to associate 3D objects in an image with their descriptions in the text. The experiments demon-
strate that VLMs assign a distinct Binding ID to an object’s image tokens and its textual references,

enabling in-context association.



1.1 Contributions

This thesis provides unique insights into the compositional reasoning capabilities of VLMs in vision-

centric and multi-modal tasks. The core contributions are listed below.

* We introduce VELOCITI, a diagnostic benchmark to evaluate compositional reasoning in video-
language models. VELOCITI disentangles and assesses a model’s ability to comprehend agents,

actions, and their associations across multiple events through time.

* The performance gap between text-inspired and in-video negation tests in VELOCITI reveals the
limitations of current models’ ability to bind semantic concepts, even within a short 10-second

video.

* We investigate how VLMs synthesize multi-modal information in context. Experiments demon-

strate that VLMs utilize binding ID vectors to bind concepts across an image and text.

* We establish that image tokens corresponding to the location of the visual concept represent in-

formation related to that concept.

1.2 Organization of the thesis

The rest of the thesis is organized as follows:

1. In Chapter 2, we review the prior work done on understanding and evaluating compositional reason-
ing in VLMs while highlighting the role of this thesis in expanding our knowledge.

2. In Chapter 3, we introduce VELOCITI, a benchmark for evaluating compositional reasoning in
Video-Language models.

3. In Chapter 4, we present our work explaining how Vision-Language models associate objects in an
image with their references in text in-context.

4. In Chapter 5 we discuss the concluding remarks.



Chapter 2

Vision-Language Compositional understanding through the ages

In this chapter, we present a broad view of the work done in the domain of compositional reasoning
in VLMs and highlight the research gaps this thesis addresses. We discuss the prominent benchmarks
used to evaluate compositional understanding in Section 2.1, approaches to improving compositionality

in Section 2.2 and controlled studies conducted to understand compositional reasoning in Section 2.3.

2.1 Benchmarks for Compositional Reasoning

Compositional reasoning has garnered significant attention within the vision-language domain, as it
is fundamental to understanding relationships within and across visual and linguistic inputs. Although
language is consistently employed across benchmarks as the medium for both formulating questions and
presenting answers, the following paragraphs categorize prior works based on the modality (images,
videos, or multi-modal) that primarily encapsulates the information necessary to arrive at the correct

answer.

Images. Shifting the focus beyond traditional tasks such as image classification and object detection, the
Visual Genome dataset [22] introduced rich annotations for attributes and relationships through scene
graphs, enabling a more holistic understanding of visual scenes (e.g., distinguishing between “man chas-
ing dog” and “dog chasing man”). Building on this foundation, the GQA dataset [23] generates compo-
sitional questions by traversing scene graphs, thereby requiring models to perform multi-step reasoning.
CLEVR [24], a synthetic visual question answering dataset, emphasizes compositional visual reasoning
by focusing on tasks such as attribute identification, counting, and logical comparisons. Complementing
these efforts, Winoground [12] frames image-caption matching as a fine-grained reasoning task, where

two captions—containing the same words in different orders—must be correctly matched to one of



two images based on subtle relational differences. While Winoground consists of only 400 handcrafted
examples, more scalable datasets such as ARO [13], CREPE [25], and VL-Checklist [26] leverage ex-
isting annotations from datasets like Visual Genome, SWiG [27], COCO [28], and Flickr [29] to create
broader image-caption matching tasks that evaluate models’ compositional understanding. ARO tests
reasoning over attributes, relationships, and word order by generating incorrect captions through word
swaps or shuffling. VL-Checklist introduces errors by altering a specific object, attribute, or relation-
ship in the caption, while CREPE adopts a similar strategy using negations, replacements, and swaps.
However, these perturbation-based methods were found to introduce biases in the form of implausible
or grammatically incorrect captions, which models could exploit to artificially boost performance. To
address this, SugarCREPE [14] was proposed with improved distractor generation techniques. Unlike
these image-to-text tasks, Cola [30] evaluates compositionality in the reverse setting—text-to-image

retrieval—where models must identify the correct image from a set based on a compositional text query.

Videos. Building on the idea of structured scene representations introduced by Visual Genome, Action
Genome [31] extends this framework to the video domain by providing spatio-temporal scene graphs.
These graphs aim to decompose actions over time by annotating specific video segments and iden-
tifying only the objects directly involved in each action. Leveraging this representation, the AGQA
dataset [2] poses compositional questions that require models to reason over sequences of interactions
between entities to produce accurate answers. AGQA-Decomp [32] further advances this idea by evalu-
ating the consistency of a model’s responses to sub-questions derived from a single compositional query
about a visual event. In parallel, synthetic datasets like CATER [33] focus on long-term compositional
reasoning by tracking complex object movements over time. Benchmarks such as Contrast Sets [34],
VideoCon [35], VITATECS [36], and TempCompass [15] introduce tasks that challenge models to dis-
tinguish between captions that differ subtly in temporal attributes such as action type, speed, direction,
or event sequence. Inspired by the design of Winoground, Vinoground [16] introduces a video-caption
matching task involving two captions and two video frames, where success depends on recognizing

temporal differences in actions and object transformations.

Distinct from these prior efforts, our work VELOCITT introduces a novel challenge by focusing on
multi-agent, multi-action interactions within video scenes. Unlike most benchmarks that use single-
agent videos [2, 34, 36, 15, 16], VELOCITI includes more complex scenarios involving multiple inter-

acting agents. Furthermore, it incorporates both text-inspired and in-video negation tests, designed to



disentangle and highlight specific weaknesses in recognizing and reasoning over temporally and com-

positionally rich content.

Multi-modal. In parallel with these vision-centric efforts, multi-modal question answering datasets
have emerged to evaluate reasoning across both visual and textual modalities. MMQA [18] presents
a challenging benchmark requiring joint reasoning over text, tables, and images. MUMUQA [19] fo-
cuses on real-world news contexts, where grounding across image-caption pairs is required to correctly
identify entities being referred to in the question and reason about their relationships to arrive at the
answer. VTQA [20] expands this further by introducing diverse, multi-hop questions spanning a variety
of genres and topics, necessitating deep cross-modal compositional reasoning.

Together, these image, video, and multimodal benchmarks reflect the increasing complexity in eval-
uating compositional understanding, emphasizing the need for models that can truly understand the real

world.

2.2 Approaches to modelling compositionality

Early research into compositional understanding in vision-language models (VLMs) emphasized de-
signing neural architectures that explicitly reflect the compositional structure of language and vision.
Neural Module Networks (NMNs) [5] introduced a question answering framework capable of dynam-
ically assembling task-specific networks from a set of composable modules based on the structure of
natural language queries. Similarly, the MAC network (Memory, Attention, and Composition) [7] ap-
proached reasoning tasks by decomposing them into a sequence of attention-driven steps, each executed
by a recurrent MAC cell that separates the “control” component responsible for selecting the reasoning
operation from the “memory” component, which aggregates intermediate results. SCAN (Symbol-
Concept Association Network) [6] further advanced compositional learning by enabling neural mod-
els to acquire grounded visual concepts through largely unsupervised learning of symbol associations.
Expanding this line of work to video understanding, HCRN [8] introduced Conditional Relational Net-
works (CRNs), a general-purpose neural unit used to construct hierarchical architectures for VideoQA,
enabling multi-level reasoning through modular composition.

With the emergence of CLIP, research in compositional understanding has increasingly shifted to-
ward improving training paradigms rather than architectural design. A prominent strategy involves fine-

tuning models using minimally altered, misaligned captions to enhance their sensitivity to fine-grained



compositional cues [13, 37, 38, 39, 40]. Similar techniques have also been applied to video understand-
ing, targeting both dual-encoder models [41] and Video-LLMs [35]. The Dense and Aligned Captions
(DAC) approach [42] enhances the quality and richness of captions in existing datasets and fine-tunes
models using Multiple Instance Learning and negative text augmentation. CE-CLIP [43] introduces
intra-modal contrastive loss and cross-modal ranking loss to strengthen alignment between modalities.
FSC-CLIP [44] addresses the limitations of relying on single global representations by utilizing dense
cross-modal representations and a hard negative loss regularization strategy to better preserve multi-
modal capabilities. IL-CLIP [45] takes a novel approach by iteratively learning a shared codebook and
distilling from it, encouraging the encoders to adopt smoother, lower-frequency approximations of their
previous states—an approach hypothesized to promote more compositional representations over time.
Another active line of work focuses on synthesizing misaligned or minimally varied image-text pairs for
model fine-tuning [46, 47, 48, 49, 50]. SPARCL [51] proposes a synthetic data generation pipeline that

produces subtly varied image-text pairs, specifically targeting inconsistencies in cross-modal alignment.

2.3 Controlled studies on compositionality in VLMs.

Concept Association Bias (CAB) refers to a phenomenon observed in vision-language models (VLMs),
such as CLIP and BLIP-2, wherein the models attempt to infer missing concepts when there is a dis-
crepancy between the visual and textual inputs [10]. For example, when shown an image containing
both a lemon and an eggplant, and prompted with the question “What color is the lemon?”, CLIP may
incorrectly predict “purple” with high confidence. This error arises because CLIP associates “purple”
more strongly with the eggplant, and the text description “purple lemon” aligns more closely with the
combined image content than the correct but partial description “yellow lemon.” Another work employs
controlled synthetic images to show that while CLIP performs well on simple adjective-noun compo-
sitions, it struggles with compositional reasoning tasks involving multiple objects and spatial relation-
ships, which require accurate variable binding [11]. Further investigation reveals that although correct
attribute-object bindings exist within the individual image and text modalities, CLIP’s Bag-of-Words
like behavior stems from limitations in cross-modal alignment, which depends on cosine similarity.
Enhancing this alignment by applying a linear transformation to text embeddings prior to similarity

computation significantly improves CLIP’s ability to bind attributes to their corresponding objects.



While these studies shed light on the behavior of contrastive VLMs, the behavior of auto-regressive
Vision-LLMs remains less explored. In this thesis, we extend the Binding ID Mechanism [21], originally
proposed for language models, to demonstrate that VLMs also construct binding ID vectors in the

activations of both image tokens and their textual references, enabling in-context concept association.



Chapter 3

VELOCITI: Benchmarking Video-Language Compositional Reasoning

Near a parking lot, a man in a black hat smiles in a friendly way at a woman in a purple shirt. To
a reader, this dense description paints a clear picture about a short snippet (event) of a video clip. We
build a mental model of two people (referred here by their clothing), at a specified location, and a short
interaction between them. Reading further, the woman claps as a man in grey pants spins on one leg.
We are able to associate that it is the same woman who is now cheering at a third person (likely) that is
performing stunts.

The above example illustrates an intelligent agent’s ability to perform compositional reasoning. For
video-language models, we scope this in two steps: (i) comprehend atomic entities, e.g. people and
actions; and (ii) reason about them compositionally and across time by building associations'.

In recent years, strong visual (image) encoders are combined with powerful Large Language Models
(LLMs) to advance general-purpose vision [52, 53, 54, 55, 56]. A similar approach is adapted for videos
to create Video-LLMs [57, 58, 53, 54]. Keeping pace with the development of new models, there is a
flurry of work on evaluating them. Video researchers are also creating benchmarks to study long video
comprehension [59, 60, 61, 62]. However, we take a step back and ask, are today’s Video-LLMs ready
to take on such challenges? Specifically, are they good at compositional reasoning in short videos,
arguably a prerequisite to tackle complex and long videos?

To this end, we introduce the VELOCITI, a benchmark that studies Video et Language Compositionality
through Time. We adopt the video-language entailment (VLE) evaluation setup [35] where a model is
prompted to predict whether a video entails a caption. Through a suite of seven tests, we are able to

disentangle and assess a model’s ability to comprehend agents, actions, and their associations across

! Associations can be thought as implicit tuples that a model attempts to build while watching a video. Some examples
include person-attribute tuples: (manl, black hat), (woman, purple shirt), (man2, grey pants); agent-action tuples: (manl,
smiles at, woman), (man2, spins on one leg), (woman, claps at, man2); or action-manner tuples: (smile, friendly way).



Action Understanding

o(\.-"' Adversarial N
o 4 Action - Action
g) § Manner Binding
g
e ERabLLCTR A
oo F ; o d€ng "
0: - S
o ' 5 7o
el Agent : Agent "8k
2 Random : Binding XX
=N , " 3
2 D Lo
o s gannana R I 3
Q‘l E PPt e, L S LT ., -:
o Event ".,.. Agent "“ -

to Coreference i

g
~.»Chronology ...
.'.""~.‘i5 ................... ""/
............................... -

MultiZevent Understanding

Figure 3.1. A Venn diagram grouping VELOCITT’s seven tests (in black) that evaluate a model across different
facets: Agent Understanding, Action Understanding, and Multi-event Understanding. The benchmark is for-
mulated as video-language entailment, where negative captions are created by manipulating text (Text-inspired

Negation) or from other parts of the same video ( ). Best seen in color.

multiple events through time. As illustrated in Fig. 3.1, we group the 7 tests based on: (i) the specific
facet of a model’s ability (agent, action, multi-event), or (ii) the strategy used to create the negative

caption (Text-Inspired Negation vs. ).

Our videos are sourced from the VidSitu dataset and are accompanied by action and semantic role
label (SRL) annotations for multiple events in a short movie clip [1]. The videos are diverse and feature
multiple agents and actions across complex editing and shot changes, while dense SRL succinctly de-
scribes who did what with/to whom, where, and (sometimes) how. Importantly, each SRL only describes

a single event, requiring models to implicitly localize the event in the video before solving the test.

Contributions. We summarize our contributions and findings below: (i) We propose VELOCITI, a new
benchmark that evaluates compositional reasoning of video-language models. Our test suite sheds light
on a model’s ability to perceive and reason about agents and actions across multiple events, identifying
challenges for improvement (Section 3.1). (ii) Our experiments reveal important findings: a) Under-
standing actions is harder than agents and b) tests incorporating in-video negation are more challenging

than text-inspired negation.

10
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pants is spinning around on one leg spins himself around with both feet
First, (A) aman in a black hat givesa  First, (B) the man in grey pants is strutting The person who is greeting a man The Persozlwiohlstg'reelmgt; man
friendly smile to a woman in a purple around. Then, (A) a man in a black hat wearing a black hat is also the one \:]/egr\ng 7 a;: ad‘ls aiso the one
shirt. Then, (B) the man in grey pants is gives a friendly smile to a woman in a who is spinning around on one leg Wwhois sTiing ”eT h?t aomanin
. : purpl
strutting around purple shirt a purple shirt

Figure 3.2. VELOCITI evaluates Video-LLMs’ video-language entailment capabilities on complex movie clips
with dense semantic role label (SRL) annotations from the VidSitu dataset [1]. Positive and negative captions
are shown side-by-side for each test with the key difference highlighted with green/red. Negative captions are
created by (i) manipulating text using an LLM (Text-Inspired Negation) or (ii) replacing agents or actions by
others that appear in the same video (In-Video Negation). We also demonstrate how the same positive caption can
be used to create negative captions differently (see Agent Random vs. Agent Binding test; or Action Adversarial
vs. Action Binding test). Each test evaluates models for different facets of compositional reasoning as described in
Section 3.1.2. The 10s video clip used in this example can be viewed here: https://www.youtube.com/embed/

bt6-F11LZsQ?start=25&end=35.

3.1 VELOCITI Benchmark

We evaluate compositional reasoning using dynamic 10 s movie clips and SRL annotations from the
VidSitu dataset. We propose seven tests to evaluate model’s comprehension of agents and actions across
multiple events through time. Each test consists of {V, C*,C~}: video clip V, a positive caption C*
that is aligned with a part of the video, and a negative caption C~ that is not aligned to the video. We
require models to independently assess each caption and classify them as V entails C* and V' does not

entail C'~.
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3.1.1 From SRL to a Video-Caption Pair

In VidSitu, videos are divided into five 2s events [1] (total 10s duration). Each event is annotated
by the most salient action and the corresponding SRL capturing: who is doing the action (agent), with
/ to whom (patient or receiver), with what (instrument, if applicable), where (scene or location), how
(manner or adverb), and why (purpose).

We use an open LLM (LLaMA-3 [63]) to convert the structured SRL dictionary of each event into
a caption. The LLM is prompted to combine the atomic concepts into a fluent caption (prompt in the
supplement). We filter 864 videos from the validation set and generate 3101 high-quality (V, C) pairs
with captions that are faithful to the SRL annotations. Depending on the test, these captions are directly
used as C or used to form C™.

Note, movie events are not bounded by 2s intervals and the SRL annotations may spill into the
neighboring events. Thus, we make a conscious choice to pair the caption C' with the entire 10 s video
V. To correctly decide whether V' entails C, a model needs to implicitly localize to the appropriate

temporal region in the video. This prevents a single frame bias as reported by Atemporal Probe in [64].

3.1.2 VELOCITI Tests

We motivate and describe the seven tests below. Fig. 3.2 shows an example of each test grouped
based on the process used to create C'~: (i) rext-inspired negation typically creates C'~ without looking
at the video; and (ii) , a key contribution of our work, uses a different entity appearing

in the same video to create C~. Both are important as they help us identify pitfalls of current models.

0. Control Test. We start with a control test to establish a baseline understanding. Here, C'" is as
described in Section 3.1.1 and C'~ is simply a positive caption of some other random video, making it

easily discernible.

1. Agent Random Test(AgRand). C'~ is created by replacing the correct agent with another agent
that does not appear in the video (C™T is as above). Solving this test requires a model to implicitly
localize the event based on the action and identify who is present/absent in the video. We ensure that the
replacing agent is not a hypernym (e.g., “man in a shirt” is not replaced by “man”). The SRL dictionary

is updated with the random agent and the LLM generates C'~.

2. Agent Binding Test(AgBind) also replaces the agent. Different from above, the replaced agent is

chosen from the same video making it an . This subtle difference requires models to
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identify the correct agent and bind or associate it with the event description. Models cannot rely purely
on presence/absence to solve this task. Fig. 3.2 shows how the same C" can be modified to create both

agent tests. Similar to above, the LLM generates C ™.

3. Agent Coreference Test(AgCref). Coreference groups two or more phrases that refer to the same
entity [65]. In a video, an agent can be referred to by their actions, e.g. in Fig. 3.2, the agent: man in grey
pants is referred by: the person who is (i) greeting a man wearing a black hat or (ii) spinning around
on one leg. To create this test, we identify videos with the same person acting in two or more events
and construct two references for that person. C'* is formed by combining the referring expressions of
the same agent, while C'~ combines referring expressions of different agents. This test also features
complex as all concepts mentioned in both C* and C'~ appear in the video. The
captions are created using the template: The person who is [Event A] is also the one who is [Event B].
Solving this test requires models to associate the correct interactions of an agent across two events. Since
the agent description is masked by the person, a model requires multi-level compositional reasoning,

making this test particularly challenging.

4. Action Adversarial Test(ActAdv). C™ is as described in Section 3.1.1 and C'~ is created by
replacing the action with an adversarial alternative (a plausible action determined through the text de-
scription) that does not appear in the video. Solving this test requires identifying the action that the
agent is performing. Given the SRL dictionary, the LLM is prompted to first generate the adversarial

action followed by C'~.

5. Action Manner Test (ActMan) typically features a C'" that includes an adverb, emotion, or facial
expression. C~ is generated by replacing this manner with a contradictory yet plausible alternative.
Solving this test is challenging as it requires understanding subtle variations in an action. Similar to the

test above, the LLM is prompted to first generate the contrasting manner followed by C—.

6. Action Binding Test (ActBind). Here, C~ is created by retaining the agent from C* and swapping
the action and its modifiers with those from a different event within the same video. Solving this test
requires models to localize events where the agent appears and bind them with the correct action. This
is another test with as actions described in both C and C~ appear in the video. To
create C~, we identify an event in the same video with a different action performed by a different agent.
Next, we replace the SRL dictionary of C' with the action (and relevant modifiers) and prompt the

LLM to generate C~.
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7. Event Chronology Test (EvChr). Our final test studies a model’s ability to confirm whether
the video and caption follow the same event progression. Multiple events descriptions can be related
through time using before, after, first, then [66]. C™ is created by concatenating event captions (from
Section 3.1.1) with the template “First, [Event A]. Then, [Event B].” where event A precedes B. C~
simply reverses them to “First, [Event B]. Then, [Event A].” The events are sampled at least 2 s apart to

prevent a chance of overlap.

3.2 Results and Discussion

In this section we first describe the evaluation metric and then discuss the results.

3.2.1 Evaluation Metric

We adopt Video-Language Entailment (VLE) as the evaluation scheme for VELOCITI. For con-
trastive models, the alignment between a video and caption is measured using cosine similarity. For
generative models, we define the entailment score similar to [67]. Given an instruction / containing a
video V and a caption C', model M is prompted to answer whether the video entails the caption through

‘Yes’/*No’.

pu(*Yes'|I(V, C))
pu(Yes’|I(V, C)) + pu ('No’[I(V, C))’

e(V,C) = (3.1)

where pjs denotes the model’s probability distribution over the entire vocabulary.

The instruction is described in Fig. 3.3. Our metric considers that a model is correct when e(V, CT) >

e(V,C™). The random accuracy is 50%.

Entailment Prompt
Carefully watch the video and pay attention to the sequence of events, the details and actions of persons.
Here is a caption that describes the video: C'aption

Based on your observation, does the given video entail the caption?

Figure 3.3. Entailment evaluation prompt.
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Ag Ag Ag Act Act Act Ev
Model Ctrl Avg
Rand Bind Cref Adv Man Bind Chr

Random 50.0 50.0 50.0 50.0 50.0 50.0 50.0 50.0 50.0
VERA 509 584 534 63.7 67.6 583 53.3 534 583

SigLIP 953 79.0 544 50.4 66.4 55.0 54.0 48.2 58.2
ViFi-C 937 82.8 589 56.3 63.2 60.3 59.0 48.1 61.2
Neg-C 934 835 553 504 61.6 61.1 524 50.1 59.2

P-LLaVA 90.7 74.6 48.9 63.7 71.0 57.0 51.8 49.8 59.5
V-LLaVA 89.7 75.1 49.6 64.3 61.6 485 52.0 53.8 57.8
Owl-Con 90.8 73.2 499 48.1 724 61.8 52.7 42.5 57.2

QVL-7B 97.7 93.0 74.6 63.7 75.3 76.2 70.0 63.5 73.8
OV-7B 98.6 944 78.8 69.0 79.7 769 74.2 84.0 79.6
OV-72B 994 95.8 83.3 80.5 84.2 81.2 78.4 81.9 83.6

Table 3.1. Accuracy on VELOCITI. Random accuracy is 50%. The performance of contrastive models and older

Video-LLMs is close to random. However, recent models (e.g. OV) produce better relative entailment scores.

3.2.2 Results

Models. We evaluate both contrastive models (ViT-SO400M-14-SigLIP-384 (SigLIP) [68], VIFICLIP-
B16 (ViFi) [69], and NegCLIP-B32 (Neg-C) [13])) and open Video-LLMs (PLLaVA [57], Video-
LLaVA (V-LLaVA) [58], Owl-Con [35], Qwen2-VL (QVL) [53], and LLaVA-OneVision (OV) [54]).

Sanity checks. We present a language only baseline that evaluates if CT is more plausible than C~.
VERA [70] scores 58.3% (close to random 50%), confirming that language biases are insufficient to
solve the tests. Further, almost all models achieve over 90% in the control test, demonstrating that this

task 1s not out-of-distribution.

Agent understanding tests. Contrastive models and older Video-LLMs perform decently in the AgRand
test; however, their performance drops to near random in AgBind and AgCref tests. New Video-LLMs
such as QVL and OV achieve over 90% in the AgRand test. Although they perform well above chance

in AgBind and AgCref, the drop in performance is significant compared to the AgRand test.

Action understanding tests. There is a trend of gradual increase of performance in ActAdv test. Since
the replacements here are not as random as in AgRand, even the best model, OV-72B reaches only upto

84% compared to the 95.8% in AgRand test. For all models, distinguishing mannerisms of actions
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(ActMan) is more difficult than distinguishing subtle actions (ActAdv). In ActBind test, contrastive
models and the older Video-LLMs perform randomly. QVL and OV perform significantly better but
their performance is still lower than in ActAdv, indicating that associating actions to agents is more

difficult than distinguishing subtle actions for the current models.

Event Chronology Test test. In EvChr test, by design, CLIP-based video models that use mean-pooling
fail since the order information is lost. Older Video-LLMs also perform close to random while OV-7B

and OV-72B show vast improvement.

General trends. From Table 3.1 we can clearly observe that action understanding is more difficult
than agent understanding. Further, in both agents and actions, tests involving in-video negations is
significantly more difficult than text-inspired negations, indicating that binding agents and actions within

a short 10 svideo is still a challenge.

3.3 Benchmark Creation and Details

In this section, we provide details about our benchmark. In particular, we share all prompts used for
creating positive captions and various tests (Section 3.3.1, Section 3.3.2), provide benchmark statistics

(Section 3.3.3), discuss the strategy used to manually verify and clean all the tests (Section 3.3.4).

3.3.1 Prompt for Converting SRL Dictionary to a Positive Caption

The prompt for generating the positive caption given an SRL dictionary is shown in Fig. 3.4. This
refers to the discussion from Sec. 3.1 in the main paper. We use a two-stage strategy that first inserts all

elements of the SRL dictionary in a sentence and then refines it for proper grammatical structure.

3.3.2 Prompts for Creating Test Samples

The prompt above (Fig. 3.4) helps create the positive caption for multiple tests. Specifically, Agent
Random Test, Agent Binding Test, Action Adversarial Test, Action Manner Test, and Action Bind-
ing Test, all use the above strategy, while Agent Coreference Test and Event Chronology Test adopt
templates that are filled in with the complete (or partial) positive captions.

The negative prompts for Agent Random Test, Agent Binding Test, and Action Binding Test are
also created in the same manner as above by first replacing the specific Verb or Arg@ in the dictionary

followed by strategy above.
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Test  Videos # Samples Subset

Ctrl 850 2635 150

AgRand 588 873 150
AgBind 615 1459 150
AgCref 183 339 150
ActAdv 355 438 150
ActMan 378 458 150
ActBind 540 1356 150
EvChr 521 1234 150

Table 3.2. Number of videos and samples across different tests in VELOCITI.

Finally, the prompt for generating the Action Adversarial Test negative caption is shown in Fig. 3.5
and for Action Manner Test negative captions in Fig. 3.6. Both involve generating a target replacement

that seems reasonable followed by converting the SRL dictionary into a caption.

3.3.3 Benchmark Statistics

We present some statistics highlighting the diversity and nuance in the VELOCITI benchmark. Since

this benchmark is a subset of VidSitu [1], we observe similar trends as presented in their work.

Fig. 3.7a shows that around 87% of the videos contain 4 or more unique verbs, and Fig. 3.7b shows
that about 85% of videos contain 2 or more unique agents (people performing actions). We evaluate
binding by leveraging the fact that one agent can perform multiple actions in the video, and the richness
of the SRL annotations ensure that these events are described adequately. In Fig. 3.7¢c, we observe that
over 70% of the events contain 4 or more SRLs (e.g. agent, patient, manner, efc.), indicating the detail-
oriented nature of the annotations. Finally, Fig. 3.7d shows that over 72% of agents occur twice or more
in their corresponding video annotation. These agents would likely be performing two different actions,

and we utilize this to create two references to the same agent in tests such as Agent Coreference Test.
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3.3.4 Quality Control

To ensure that the data generated from the automated pipelines discussed earlier are correct, we
filtered the data samples manually, following specific guidelines discussed in this section. The final

count of the data samples is reported in Tab. 11.

SRL dictionary to caption. The instructions and the interface for evaluating caption quality is described
in Fig. 3.8. For each sample, three choices were provided: positive if the caption is correct, negative if
the caption is wrong, and neutral if the caption cannot be negative but contains some ambiguity due to
which it could not be considered positive. Out of the 380 samples that were manually verified, 356 were
marked as positive, 21 were neutral, and 3 were negative. The number of positive and neutral samples

was high (99.2%).

All tests. For each sample of all tests, we perform a meticulous cleanup. The instructions and the
interface are presented in Fig. 3.9. For each video, the green bar contains a positive caption, and the
red bar contains a negative caption. The positive and the negative captions are known while filtering.
Only the samples for which both positive and negative captions are deemed appropriate are retained.
All test samples in VELOCITI are verified by humans to ensure that C* aligns with the video and C'~

is misaligned.

3.4 Conclusion

We introduced VELOCITI, a benchmark to evaluate the compositional capabilities of video-language
models by disentangling and assessing the comprehension of agents, actions, and their associations
across multiple events. Our experiments showed that action understanding is harder than agent under-
standing, and solving tests with in-video negation is harder than text-inspired ones. Overall, our work
established that compositional reasoning on short videos is still unsolved and remains challenging for

video-language models.

18



/ System Prompt \

Using the provided dictionary containing verb and argument-role pairs in the style of PropBank, follow these steps to generate two

captions

Naive Caption: Generate a caption that faithfully reflects all details from the dictionary without adding or omitting any information.

Ensure that every argument detail is accurately included in the Naive Caption.

Fluent Caption: If the Naive Caption is already fluent and naturally phrased, directly copy it to the Fluent Caption. If necessary,
refine the Naive Caption for improved language fluency while strictly maintaining all original details and arguments from the

dictionary.

Please proceed with generating the Naive Caption first, ensuring it remains comprehensive and accurate based on the provided
dictionary entries. Then, if adjustments are needed to enhance fluency, refine the Naive Caption into the Fluent Caption while

ensuring that no details are overlooked or omitted.

Few Shot Example 1

{'Verb':'walk (walk)',

'Argd (walker)':'man in suit',
'ArgM (direction)':'into room',
'ArgM (manner)':'slowly',

'Scene of the Event':'Warehouse'?}

Naive Caption: In a warehouse, a man in suit is walking slowly into the room.

Fluent Caption: In a warehouse, a man in suit is walking slowly into the room.

Few Shot example 2
{'Verb':'burn (cause to be on fire)',
'Argd (thing burning)':'Wreckage',

'ArgM (location)':'Wreckage'}

Naive Caption: The wreckage is burning on the wreckage.

\ Fluent Caption: The wreckage is burning. j

Figure 3.4. Prompt to generate the positive caption given an SRL dictionary.
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/ System Prompt
Your objective is to generate a contradiction caption using the provided PropBank style “input dictionary” and the ‘Verb’ labelled as
‘source’ based on a specific “misalignment scenario” called “verb misalignment”. In this scenario, you should suggest an alternative

contradictory value for the “source” and label it as “target”.

Key Requirements

1. “naive caption + verb misalignment”: should be plausible and could theoretically occur in real life.

2. The “fluent caption + verb misalignment”: If the “naive caption + verb misalignment” is already fluent and naturally phrased,
directly copy it to the “fluent caption + verb misalignment”. If necessary, refine the “naive caption + verb misalignment” for

improved language fluency while strictly maintaining all original details and arguments from the dictionary

Guidelines

1. The “target” should introduce a contradiction when compared to “source”, without being a mere negation.

2. The “naive caption + verb misalignment” should be clearly distinguishable from the scene described by the “input dictionary”
and should be visually distinguishable.

3. Your replacements should be creative yet reasonable.

4. If adjustments are needed to enhance fluency, refine the “naive caption + verb misalignment” into the “fluent caption + verb

misalignment” while ensuring that no details are overlooked or omitted.

Few Shot Example 1

{'Verb': 'speak (speak)'},

'Argd (talker)': 'a man with dark hair',
'Arg2 (hearer)': 'old man'

'ArgM (manner)': 'greeting him',

'Scene of the Event': 'warehouse'}

Target: Ignore
Naive Caption: On the front porch, a man with dark hair is ignoring an old man, greeting him.

Fluent Caption: On the front porch, a man with dark hair is ignoring an old man.

Few Shot Example 2

{'Verb': 'open (open)',

'"Arg@d (opener)': 'woman with long hair',
'Argl (thing opening)': 'the front door',
'ArgM (manner)': 'slowly',

'Scene of the Event': 'inside a house'}

Target: Close
Naive Caption: Inside a house, a woman with long hair is closing the front door slowly.

Fluent Caption: Inside a house, a woman with long hair is closing the front door slowly.

~

Figure 3.5. Prompt to generate the negative caption for Action Adversarial Test.
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/ System Prompt
Your objective is to generate a contradiction caption using the provided PropBank style “input dictionary” and the ‘ArgM (manner)’
labeled as ‘source’ based on a specific “misalignment scenario” called “manner misalignment”. In this scenario, you should suggest

an alternative contradictory value for the “source” and label it as “target”

Key Requirements

1. “naive caption + manner misalignment”: should be plausible and could theoretically occur in real life.

2. The “fluent caption + manner misalignment”: If the “naive caption + manner misalignment” is already fluent and naturally
phrased, directly copy it to the “fluent caption + manner misalignment”. If necessary, refine the “naive caption + manner

misalignment” for improved language fluency while strictly maintaining all original details and arguments from the dictionary.

Guidelines
1. The “target” should introduce a contradiction when compared to “source”, without being a mere negation.
The “naive caption + manner misalignment” should be clearly distinguishable from the scene described by the “input dictionary.”

Your replacements should be creative yet reasonable.

= PN

If adjustments are needed to enhance fluency, refine the “naive caption + manner misalignment” into the “fluent caption + manner

misalignment” while ensuring that no details are overlooked or omitted

Few Shot Example 1

{'Verb': 'look (vision)',

'Argd (looker)': 'a man wearing all black',

'"Arg1 (thing looked at or for or on)': 'a building'
'"ArgM (direction)': 'infront of him',

'ArgM (manner)': 'breathing heavily',

'Scene of the Event': 'warehouse'}

Target: Whistling
Naive Caption: Outside, a man wearing all black is looking in front of him at a building while whistling.

Fluent Caption: Outside, a man wearing all black is looking at a building in front of him while whistling.

Few Shot Example 2

{'Verb': 'burn (cause to be on fire)',

'Argd (agent, entity causing something to be suspended)': 'climbing ropes',
'Argl (thing suspended)': 'woman in pink shirt',

'Arg2 (suspended from)': 'climbing ropes',

'"ArgM (location)': 'on the face of the rocks',

"ArgM (manner)': 'precariously'}

Target: Securely

Naive Caption: climbing ropes are hanging the woman in a pink shirt securely on the face of the rocks.

\ Fluent Caption: The woman in a pink shirt is hanging on the face of the rocks from the climbing ropes securely.

Figure 3.6. Prompt to generate the negative caption for Action Manner Test.
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Figure 3.7. Statistics of various features of the VELOCITI benchmark. (a) and (b) show the distribution of

verbs and agents per video, respectively. (c) shows the density of SRL annotations per event; and (d) shows the

distribution of agent coreference lengths. Even with short videos, the complexity of the VidSitu annotations make

the task challenging.
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Instructions

These instruction can be opened anytime by clicking 'i' on the bottom left of the panel

Your objective is to mark whether the provided positive caption is an “accurate” description
of the dictionary contents.

What does an “accurate”, positive-caption mean?

* The generated caption must include all ideas inferred from the dictionary, even though it
may miss some exact phrases.

* Ideally, the caption should include everything from the dictionary, but if the caption
misses some value of an argument (for example, direction), then the caption is correct
only if the missing value is implied from the caption.

» It needs to be grammatically correct, even though it may sound uncommon in
conversational English.

Positive, Neutral, Negative

* Select positive, when the caption clearly meets the above requirements.

* Select , when the caption partially meets the above requirement (not fully correct).
* Select negative, when the caption does NOT meet the above requirements.

Other Rules

*  You are only required to look at the provided dictionary, and not the video for this task.

» Captions should NOT be marked incorrect because of noisy annotations in the dictionary.

* Captions should NOT be marked incorrect because of abrupt capitalization inside the
sentence.

#107092418
e

Compositionality Benchmark Human Evaluation Info Comments History

Name Value Add a comment >
event Ev2
video V_bKy6BtAbTU8_seg_85_95
Name Value
Verb disbelieve (not believe)

>
Arg0 (non-believer) girlin a gray hat

Regions Relations

. = Manual () ByTime=|
Scene of the Event in the woods

Regions not added
In the woods, a girl in a gray hat disbelieves.

Positive 40" Neutral @2 Negative X!

-
® 3=

Figure 3.8. Instructions and interface to verify the quality of positive captions generated from LLaMA3 70B.
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Instructions

These instructions can be opened anytime by clicking ‘i’ on the bottom left of the panel
You are given 1 video and 2 captions for each task, one correct caption and a negative
caption.

Please watch the video and verify if the positive and the negative captions are “logically
correct”.

What is a “logically-correct”, positive_caption?

» Caption that provides a correct description of the event in the video.

» It should correctly identify the entities (humans, animals, objects, etc.) and the
relationships (action) between them.

* Spelling/grammatical errors, if any, shall be ignored.

What is “logically-correct”, negative caption?
» Caption that provides an incorrect description of events in the video.

Note

*  You may watch the video multiple times, if required.

» Careful and precise judgement is requirement, as point-of-difference between the positive
and the negative caption, may be subtle.

R

Video 1
Info Comments History

Selection Details

1 of 241 (] > > 00:00 00:10 Regions Relations
\ =l @ oyTime= 1

In a laboratory, a boy with a striped vest walks towards a girl in a black suit, observing her. Regions not added

In a laboratory, a boy with a striped vest walks past a girl in a black suit while ignoring her.

The above caption pairs are well-aligned to respective videos

Pos-Cap-OK!'l

Neg-Cap-OK®?

Figure 3.9. Data cleaning instruction for all the tests.
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Chapter 4

Investigating Mechanisms for In-Context Vision Language Binding

As Vision-Language models (VLMs) like Gemini [71] and GPT-40 [72] become ubiquitous, it is
crucial to understand how they function to determine why they respond the way they do, especially in
safety-critical applications. A fundamental ability of VLMs is to associate information across an image
and text to reason about a query. For example, given an image of a furniture store that has a chair with
a yellow tag and the caption All furniture with a yellow tag have a 30% discount, a VLM should be able
to infer that the chair has a discounted selling price. Our goal is to study this ability to bind objects in
an image to information in text.

To this end, we propose the Shapes task, a controlled synthetic task that requires models to associate
3D objects in an image with their references in the text. In Fig. 4.1, the image contains two 3D objects:
a green sphere and a red cube. The green sphere is referred to as the green object in the context. So, to
answer the question ‘What does the sphere contain?’, the model needs to internally learn that the sphere
corresponds to the phrase green object: is(‘green sphere patches’, ‘green object’), and that this green
object contains item P: contains( ‘green object’, ‘item P’).

The binding ID mechanism proposed in [21] suggests that LLMs’ internal activations represent bind-
ing information by attaching binding ID vectors to the corresponding entities and attributes. We inves-
tigate whether VLMs use a similar mechanism to represent associations between image tokens and
text tokens. We study the most commonly used VLM architecture that consists of a visual encoder, a
multi-modal projector and a language model.

VLMs and LLMs have some key differences that necessitate careful experimentation. (i) Text tokens
have fixed embeddings, while concepts in an image (objects, colors, textures, efc.) do not have fixed
embeddings; they are represented in the patch tokens obtained from the vision encoder. (ii) Recent pow-

erful VLMs like LLaVA-OneVision [73], Molmo [74], and Qwen2-VL [75] utilize an image encoder
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- | Answer the question based
. on the provided image and
. the context below.

Context: The green object
contains item P. The red
object contains item I.

Question: Which item does
the sphere contain?
Answer: The sphere
contains item <token p>

Figure 4.1. Shapes Task. Given an image with two 3D objects and a text description (context), the model needs
to comprehend the question and identify the correct item (token_p) contained in the queried object. Image and
text tokens highlighted with the same color are expected to contain the same binding IDs, allowing the model to

predict the correct answer.

that converts the input image into a set of multiscale, multi-crop images and independently maps each
of these images into a set of vision tokens. This leads to multiple sets of tokens for the same visual con-
cept. We adapt the causal mediation based experiments from [21] to account for these differences and
make the following observations: (i) Image tokens corresponding to the location of the visual concept
represent information related to that concept. This is applicable even when there are multiple tokens
corresponding to multiple crops from the same image. (ii) VLMs implement the binding ID mecha-
nism. There are binding ID vectors that associate the image tokens corresponding to a visual object and

its references in the text tokens.

4.1 Task Definition and Notations

Shapes task. This task consists of images with two 3D objects (O, O1) with distinct shapes and colors.
The context refers to both objects using their color (Cy, C1) and assigns a unique item (/y, 7). We
use the notation ¢ = ctxt(Og <> Cy <> Iy, 01 <> C1 > I7) to denote a context where object Oy of the
color Cy contains item Iy and object O of the color C; contains item [;. In Fig. 4.1, Op and O,
correspond to the green sphere and red cube patches in the image, Cy and C correspond to green and

red in the text and Iy and I; correspond to ifem P and item I in text respectively. The question refers to
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one of the objects using its shape and queries the item assigned to it. Note that ‘item P/I’ are randomly
chosen uppercase English letters with no inherent meaning.

We generate the images using Blender [76]. We consider four choices for the shape (cone, cube,
cylinder and sphere) and six choices for the color (red, blue, green, yellow, cyan and purple). The

objects occupy a fixed number of patches and are located in fixed positions.

Notation. Let ®,(-) denote the vision encoder and ¢(-) denote the multi-modal projector. For an image
Xy, the patch embeddings are t, = g(®,(X,)). Now, let ¢. denote the prompt tokens, comprising
image tokens ¢, and text tokens up to the context’s end, just before the question. Let the LLM have L
transformer layers and D-dimensional activation space. For every token position p, Z,, € RILXD s the
stacked set of residual stream activations. The activations at the object, color, and item positions are

denoted as Zo, , Z¢, and Zy, respectively where k € {0, 1}.

4.2 Do Binding IDs Occur in VLMs?

Binding Id Mechanism. [21] suggests that LLMs associate concepts through binding ID vectors in
their activations. Specifically, the activations of an LLM can be decomposed into vectors that encode
the concept and those that encode the binding information. Each binding ID consists of similar vector
pairs in a subspace, with associated concepts sharing one vector from the same ID.

Extending this, we describe our hypothesis for the existence of binding IDs in VLMs using the

Shapes task below:

* Consider 3D objects as visual entities and their colors and items mentioned in the text as their
attributes. For the k™ visual entity-attributes tuple (I, Cy, Oy), the model represents binding

vectors in its activations in an abstract form, independent of any particular object, color, or item.

* For object patch tokens, the activations Zp, can be decomposed as Zp, = fo(Ox) + bo(k).
Similarly, Z¢, = fo(Ck) + be(k) and Zr, = fr(Ix) + by (k). Here fo(Og), fo(Ck), f1(I) are
the content vectors and the set of binding vectors (bo(k), bc(k), br(k)) form the binding ID for

the k™ tuple.

» To answer the question about an object, the model selects the item that shares the same binding

ID.

27



Step 1: Cache activations from sample 1

‘ green object item P red object item |

O 0, The | Cy contains N The | Cy contains I

Zo, Zo, Zc, Zr, Ze, Zr,

Step 2: Cache activations from sample 2

=
- yellow object item B purple object item R

0, 0} The | C| contains I, The | Cf contains I
Zo, Zow Zg 2y Zg; 2y
— — — — — —

Step 3: Replace any activation in sample 1 with the corresponding activation of sample 2 and evaluate the model

ZO{) Zo, Zg, Z1, Zg, Zy,

A
Which item does the Op/01/0}/O' contain?

Y

Model Output

Figure 4.2. Causal intervention. In steps 1 and 2, activations from the first and second samples are saved. In step
3, object/color/item activations in the first sample are replaced with those from the second. This new activation

stack is frozen, and the model is queried with all four objects to observe the change in predictions.

Note that, since binding IDs are independent of the entity/attribute, we can manipulate the associa-
tions built by the model by exchanging the binding IDs in the activations as Zok = Zo, — bo(k) +
bo(k') where k # k. In the following sections, we assert the existence of the binding ID mecha-
nism by establishing two of its properties: Factorizability (Section 4.2.1) and Position independence
(Section 4.2.2). Then, we exchange the associations built by the model using Mean interventions (Sec-

tion 4.2.3).
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Figure 4.3. Factorizability results. Each row shows the model’s mean log probabilities of an item contained in an
object. The first grid in each case shows results with unaltered activations. Squares highlighted in red denote the
expected predictions based on our hypothesis. Model outputs match hypothesis suggesting a multimodal binding

ID mechanism.

4.2.1 Factorizability

Fig. 4.2 shows two samples from the Shapes task with the contexts ¢ = ctzt(Og <> Cy <> Iy, O1 <>

C1 < L) and ¢ = ctat(Of +» Cf) <> I}, 0} + C1 < I).
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The Binding ID mechanism assumes that the information linking a concept to its attributes is stored
locally within the activations at its token positions and is independent of the specific concept itself. This
implies that the activations of the sphere (Oy) in the first sample and the cone (Oy) in the second sample
should contain the same binding vector bo(0) as they both correspond to the 0™ visual entity-attributes
tuple in their respective samples. Replacing Zo, with Zo, should now bind the cone with the text
tokens green object and item P. We demonstrate this using causal interventions [77] on the activations

as described below.

¢ Cache all activations Z,. from the model run on c.
* Cache activations Z% and Zo, from the model run on c.

* Construct a new stack of activations Z by modifying Z,. such that Zp, is replaced with Zo;q for

any k € {0, 1}.

* Re-evaluate the model by probing what item each shape (O, O1, Oj, O}) contains by freezing
the activation cache as Z}. We expect the model to now associate O;€ with I}, since both Zp, and

Zy, contain the same binding ID vector bo (k).

Results.

Fig. 4.3 shows the mean log probability of choosing an item before and after interventions. We show
the factorizability results for object patch tokens, color tokens and item tokens. In Fig. 4.3a, the first
grid shows the results when the activations are unaltered. As expected, for objects Og and O1, items I
and I; are chosen at a higher rate, respectively and for objects O and O/, items I and I; are chosen
at a roughly equal rate since these objects do not exist in the image. In the second grid, we replace
Zo, with ZO{)- Now, when the model is queried for the item contained by Of), the model picks item I
over I1. The third grid follows the same pattern, Zo, is replaced by Zo, resulting in O} containing [;.
Finally, both object activations are replaced in the fourth grid and we observe that the model chooses
Iy, for 06 /1 respectively. Note that when the object patches are replaced, the color of the new object
no longer matches the color description in the text. Nevertheless, the new object is still associated with
the same item as the original object, as they both contain the same binding vector.

We observe a similar behavior for replacing items in Fig. 4.3b. When Zj, is replaced by Z 1> the

model prefers item I, for object O;. However, when we intervene on the color activations Z¢, , the
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Context: The green object Context: The green object
contains item P. The red object contains item P. The red object
contains item I. contains item I.

Figure 4.4. Mean intervention samples.

results are similar to when there are no interventions (Fig. 4.3c). This is expected since both Z¢, and

ZC;Q contain the same binding ID vectors.

4.2.2 Position Independence

Next, we hypothesize that the associations formed by the model are invariant to the activation posi-
tions of the object, color, or item, as they rely solely on the binding IDs. This implies that swapping
the positions of Zp, and Zp, should not change items associated with the objects. To validate this,
we first obtain the activations of the context tokens Z. (Section 4.2.1). Then, we compute a new stack
of activations Z} wherein the positions of Zp, and Zp, are altered, following the procedure described
in [21], adapted for models that use Rotary Position Embedding (RoPE) [78]. Unlike absolute position
embeddings, RoPE incorporate positional information only through the attention score computations,

without injecting it directly into the residual stream activations.

Results. Fig. 4.5 shows the mean log probabilities when the positions of Zp, and Z, are progressively
adjusted to get closer and ultimately swapped. We observe that the model answers with the correct item

regardless of positions.

4.2.3 Mean Interventions

The factorizability and position independence results show that binding vectors are contained within
the activations corresponding to the object, color, and item tokens and cause the model to form associ-

ations across image and text. If binding vectors were directly accessible, we could interchange them to
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observe if the model changes its answer. While this is not feasible, we can approximate the difference
in binding vectors from the difference in activations. To estimate Ap = bo(1) — bo(0), we consider
two instances of the Shapes task as shown in Fig. 4.4. Let Og, O; denote the objects in the first instance
and O, O] denote the objects in the second instance. Notice that both Oy and O are the same object,
a green sphere. However, we expect their activations to contain different binding IDs. We can now
estimate Ao as the difference ZO/1 — Zo,- Concretely, we compute Ao as the mean of the difference
of activations over multiple pairs of instances (Ao &~ meang, o, [ZO/1 — Z0o,]). Similarly, we compute
Ac =bc(1) — bc(0) and Ay = br(1) — br(0) from the color and item activations.

Using these mean vectors (Ao, A¢, Ar), we can now edit the binding vectors in the activations to
alter the model response. For any new instance with the context ¢* = ctxt(Of < Cy < I},07 <
Cf «» I{), we can alter the binding vector of the objects as Zog = Zox + Ao and Zo: := Zoy — Ap.
This should result in a swap of object-item binding with O and O7 being bound to I and I} respec-
tively. Similarly, altering the binding vector of the items as Z; := Zj: + Ay and Zyr 1= Zpy — A
should also exchange the model response. Altering the binding vectors in color token activations will
make the model now associate Oy, Cs and Ij, where k # k’. However, Oy, is still bound to I, and we

expect no change in response.

Results. Table 4.1 shows the accuracy, measured as the fraction of samples where the correct item
has the highest log probability among the possible items in the context. As expected, both object and
item interventions individually change the model’s response, while color interventions do not. Further,
simultaneously performing object and item interventions restores the model’s original response since
they now have the same binding IDs. We also repeat these experiments with random vectors that have
the same magnitude but different directions. These vectors do not alter the model response, indicating

that the specific directions of the mean vectors causally affect the binding.

4.2.4 Experimental Details

Throughout the paper, we report results with LLaVA-OneVision-7B [73], which uses the SigLIP [79]
vision encoder and encodes multiple crops from a single image. The Shapes task images are of size
384 <384, with each object appearing in two crops and occupying 5x5 patch tokens. Empirically, we
found that when intervening on object token activations, a 3-token padding on all sides in both crops

yields optimal results. To estimate the difference of binding vectors, we use a separate set that contains
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Mean vectors

Random vectors

Condition
Op Iy O Og«Iy O+ 1

None 1.00 1.00 - -
(0] 0.00 0.05 1.00 1.00
I 0.05 0.00 1.00 1.00
C 1.00 1.00 1.00 1.00
0,1 1.00 0.95 1.00 1.00
O,LC 1.00 0.95 1.00 1.00

Table 4.1. Mean ablation accuracies: Object (O), Item (I), Color (C).

different shapes (frustum, pyramid, prism and toroid), colors (lime, pink, gold, brown, orange and azure)

and items (lowercase English alphabet). All colors and items span two text tokens.

4.3 Conclusion

In this work, we explore how in-context associations occur in VLMs. We formulate the Shapes task,
a simple and controlled QA task which requires the model to associate 3D objects in an image with their

references in the text. Through experiments, we demonstrate that VLMs utilize binding ID vectors to

bind concepts across image and text.
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Figure 4.5. Position independence results. The integers in the x-axis show how much the position of the first
and second objects/items/colors are incremented and decremented respectively. The green line corresponds to no
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Chapter 5

Conclusion

Compositional reasoning, the ability to generalize to novel scenarios by flexibly recombining known
concepts lies at the heart of human intelligence. This thesis presents novel insights into the composi-
tional reasoning capabilities of Vision-Language models.

In the first part of the thesis, we introduced VELOCITI, a diagnostic benchmark designed to rigor-
ously evaluate compositionality in Video-Language Models. Unlike prior video benchmarks focused on
single-agent scenarios, VELOCITI presents complex, real-world videos with multiple interacting agents
and events. Our experiments revealed that, while VLMs show promising zero-shot capabilities, they of-
ten struggle with fine-grained compositional distinctions, particularly in associating the correct agents
with actions over time. The significant performance gap between text-inspired and in-video negation
tests highlights a key challenge: the weakness of current models to reliably bind visual concepts.

In the second part of the thesis, we explored the internal mechanisms that allow VLMs to associate
visual and textual concepts. Through probing activations, we found evidence supporting the existence
of Binding IDs vectors that facilitate the alignment between visual tokens and their textual descriptions.

Together, these contributions advance our understanding of how VLMs perceive, represent, and rea-
son about multi-modal information. As VLMs continue to evolve, improving their ability to represent
and bind concepts compositionally will be essential for achieving robust, generalizable intelligence
across tasks and domains.

Future work should further explore architectural and training strategies that explicitly encourage
compositional representations, as well as develop more nuanced benchmarks that reflect the complexity
of real-world understanding. In doing so, we move closer to building models that reason with the

flexibility and depth of human cognition.
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