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Abstract. Comparing videos by similarity is a central task in modern video
analysis, but its effectiveness depends critically on the chosen representation.
While visual embeddings effectively capture appearance, they often lack seman-
tic abstraction. Recently, Large Language Models (LLMs) have emerged as a
promising way to generate rich textual descriptions, yet the structural proper-
ties they induce in video similarity spaces remain underexplored. We introduce
a graph-based methodology to investigate these properties, systematically com-
paring the structure of similarity graphs derived from visual features, human-
written text, and LLM-generated text. Our framework evaluates how well each
graph preserves semantic consistency, both in immediate neighborhoods (local
cohesion) and across longer paths (global organization). Our analysis reveals a
fundamental trade-off: visual graphs exhibit high local purity but decay rapidly,
whereas LLM-based graphs preserve superior global semantic coherence. We
demonstrate that LLMs build an abstract space that prioritizes deep thematic
links—such as grouping videos by concepts like ’stage performance’ across for-
mal categories—over superficial purity. This structure offers a powerful, seman-
tically organized alternative to the local cohesion of visual models.

1. Introduction
The proliferation of short-form video platforms has led to an unprecedented volume
of user-generated content, creating significant challenges for content retrieval, orga-
nization, and recommendation systems [Nguyen and Veer 2024, Covington et al. 2016,
Davidson et al. 2010]. Measuring video similarity is fundamental to these systems. How-
ever, the very definition of “similarity” is multifaceted, ranging from low-level visual
patterns to high-level thematic concepts. The choice of how to represent a video dictates
the nature of the similarity space and, consequently, the performance of any downstream
application.

Conventional approaches have predominantly relied on visual features
[Wray et al. 2021]. These methods often involve extracting frame-level embed-
dings using pre-trained models, such as those trained on large-scale datasets like
HowTo100M [Miech et al. 2019] or general-purpose vision-language models like
CLIP [Radford et al. 2021]. These frame-level features are then typically aggre-
gated into a single vector to represent the entire video. These representations are
effective at capturing fine-grained visual details but are limited by the “semantic
gap” [Smeulders et al. 2000], where visual proximity fails to capture abstract conceptual



relationships. For example, a video of a soccer goal and a video of a basketball dunk are
visually distinct but belong to the same high-level “sports” category.

An emerging alternative is to use multimodal Large Language Models
(LLMs) to generate descriptive text that summarizes the video’s content, as noted
by [Marafioti et al. 2025] and [Zohar et al. 2025]. By encoding these descriptions us-
ing sentence embedding models [Reimers and Gurevych 2019], it is possible to measure
similarity based on conceptual meaning rather than visual appearance. However, the im-
plications of choosing language over vision extend beyond retrieval accuracy or align-
ment with human judgment. Thus, we raise the following research question: Do visual
and language-based representations induce similarity spaces with fundamentally differ-
ent topological properties? In particular, how do these modalities differ in terms of local
neighborhood cohesion and semantic organization of the video similarity space? This
leads to our central hypothesis: that language-based representations sacrifice strict local
purity, not as a flaw, but to build a more meaningful semantic space connected by narra-
tive bridges—thematic links that transcend rigid categories. Our work aims to structurally
characterize this trade-off.

To answer these questions, this paper introduces a graph-based framework to an-
alyze and compare the structure of video similarity spaces. We construct and compare
three approaches:

• A graph from visual embeddings (CLIP), representing the state-of-the-art visual
approach.

• A graph from LLM-generated text embeddings, representing a scalable language-
based approch.

• A graph from human-written text embeddings, serving as a gold-standard seman-
tic topline approch.

In the experimental analysis, we demonstrate that graphs built from visual fea-
tures exhibit high local neighborhood cohesion. In contrast, graphs derived from lan-
guage show superior global semantic organization, maintaining categorical integrity over
longer, more exploratory paths in the graph. This finding suggests that visual similarity
is an inherently “local” phenomenon, while language semantic similarity operates more
“globally” within the video semantic space. Furthermore, our results empirically validate
that LLM-generated descriptions serve as a highly effective proxy for human annotation,
producing a similarity space with a structural integrity that closely mirrors our human-
annotated topline. In summary, the contributions of this paper are threefold:

• We propose a graph-based framework for the structural analysis and comparison
of video similarity spaces derived from different modalities.

• We identify and empirically characterize a fundamental topological trade-off: vi-
sual embeddings create locally cohesive but globally disorganized graphs, while
language-based embeddings build globally coherent semantic spaces at the cost of
strict local purity.

• We empirically validate that LLMs are a viable and scalable method for creat-
ing semantically robust video representations, capable of replicating the structural
quality of human-level annotation.

The remainder of this paper is organized as follows: Section 2 reviews related
work. Section 3 details our methodology for feature extraction, graph construction, and



evaluation. Section 4 presents our experimental results, followed by a discussion. Finally,
Section 5 concludes the paper and outlines future research directions.

2. Related Work
This section reviews prior work in three key areas relevant to our study: visual-based
methods for video similarity, the use of language to provide semantic context for videos,
and the application of graph-based analysis to understand representation spaces.

2.1. Visual-based Video Similarity

Early video similarity methods relied on the extraction and comparison of visual fea-
tures. Early approaches often relied on hand-crafted features like SIFT or SURF aggre-
gated over frames [Sivic and Zisserman 2003]. The advent of deep learning introduced
new techniques with Convolutional Neural Networks (CNNs) pre-trained on large image
datasets like ImageNet [Deng et al. 2009], thereby becoming the standard for frame-level
feature extraction. These frame embeddings were then typically aggregated through pool-
ing strategies (e.g., mean or max pooling) or sequence models like LSTMs to produce a
single video-level representation [Yue-Hei Ng et al. 2015].

More recently, contrastively trained multimodal models have set a new state of
the art. CLIP [Radford et al. 2021], trained on a massive dataset of image-text pairs, pro-
duces highly robust visual embeddings that align well with natural language concepts. Its
success has spurred the development of video-specific adaptations, which aim to better
capture temporal dynamics [Xu et al. 2021]. Despite their power in matching visual pat-
terns, these methods inherently focus on appearance, objects, and actions. As noted by
Smeulders et al. [Smeulders et al. 2000], they often fall short of capturing the high-level
narrative or abstract theme of a video, a limitation known as the “semantic gap”. Our
work uses CLIP as a strong visual baseline precisely to probe the structural nature of this
gap.

2.2. Language as a Semantic Bridge for Video

Language offers a natural way to bridge the semantic gap by providing high-level and in-
terpretable summaries of video content. The task of video captioning, which aims to auto-
matically generate textual descriptions for videos, has been a central focus of multimodal
research. Early models often followed an encoder-decoder architecture, using CNNs to
encode visual features and RNNs to decode them into text [Venugopalan et al. 2015].

The advent of Large Language Models (LLMs) has shifted this paradigm. Modern
multimodal LLMs, such as LLaVA [Liu et al. 2023] and MiniGPT-4 [Zhu et al. 2023],
combine a pre-trained visual encoder with a powerful LLM. By fine-tuning on instruction-
following datasets, these models can produce detailed, narrative descriptions of vi-
sual content. However, many foundational models carry a significant computational
cost. A recent and highly relevant trend focuses on developing smaller, more efficient
models that retain high performance. An example is the approach proposed in Smol-
VLM [Marafioti et al. 2025] and in Smol-VLM-2 [Zohar et al. 2025], which demon-
strates how to effectively pair a strong vision encoder (like SigLIP) with a compact lan-
guage model (such as Phi-2 or Gemma). This approach yields models that are practical
for large-scale applications while remaining highly capable. In this paper, our choice of



Smol-VLM-2 is motivated by this balance of cost and quality, making it a representative
state-of-the-art model for scalable, semantic video analysis. While these models provide
the raw material for semantic representation, understanding the structure of the resulting
embedding space requires dedicated analytical tools, which leads to graph-based methods.

2.3. Graph-based Representation Analysis

Once data is represented in a high-dimensional space, analyzing its high-dimensional
structure presents significant challenges. Graph-based methods provide a powerful frame-
work for this purpose. By representing data points as nodes and their proximity as edges,
one can transform a set of vectors into a relational structure [Von Luxburg 2007]. K-
nearest neighbor (k-NN) graphs are a common and effective way to construct such struc-
tures from vector embeddings.

Graphs have been widely used for tasks like semi-supervised learn-
ing [Zhu et al. 2003] and clustering. In the context of representation learning, graph
structure analysis can reveal important properties of an embedding space. For instance,
Goldberg and Levy [Goldberg and Levy 2014] provided a deep analysis of the structure
of word embeddings. Our work adopts a similar philosophy, but applies it to the do-
main of video similarity. We use random walks (a fundamental process for studying the
properties of graphs [Lovász 1993]) as a probe to measure the semantic coherence of the
similarity spaces induced by different modalities. In this sense, we can track the category
of nodes visited during these walks and quantify abstract properties like “local cohe-
sion” and “semantic organization”. In our scenario, Local cohesion refers to the extent to
which the immediate neighborhood of a node (i.e., nearby videos in the graph) shares the
same semantic property, such as category. On other hand, semantic organization captures
whether longer paths across the graph preserve such properties, i.e., whether a sequence
of videos visited during a random walk remains semantically consistent. While prior
work has used graphs to analyze embedding spaces, the specific topological nature of
LLM-derived video spaces remains under-explored. In particular, no work has systemati-
cally analyzed their tendency to form thematic clusters that cross categorical boundaries,
a structural property we investigate here.

3. Methodology

Our methodology explores the structural properties of video similarity spaces induced by
different feature modalities. We construct k-nearest neighbor (k-NN) graphs using visual
representations, LLM-generated textual descriptions, and human-annotated text represen-
tations. We then analyze random walks on these graphs to quantify and compare their
ability to preserve semantic coherence at both local and global scales. The entire process
is divided into three main stages: (1) data and feature extraction, (2) graph construction,
and (3) structural evaluation via random walks.

3.1. Data and Feature Extraction

3.1.1. Dataset

We conducted our experiments on the MSR-VTT (Microsoft Research Video to Text) data
set [Xu et al. 2016], a large-scale benchmark for video understanding. For our analysis,



we used the training and validation split (“TrainVal”), which comprises a diverse collec-
tion of 7,010 unique short video clips. Each video in this dataset is assigned to one of 20
distinct categories, such as “music”, “people” ,“sports,” and various other categories as
shown in Table 1. We use these categories as the ground truth for our analysis.

Table 1. Videos Category

Category Quantity Category Quantity

Music 507 Animation 221
People 173 Vehicles/Autos 571
Gaming 332 Howto 403
Sports/Actions 784 Travel 188
News/Events/Politics 355 Science/Technology 246
Education 200 Animals/Pets 443
Tv Shows 222 Kids/Family 387
Movie/Comedy 718 Documentary 112
Food/Drink 458 Cooking 232
Beauty/Fashion 341 Advertisement 117

Total 7010

3.1.2. Feature Modalities

For each of the 7,010 videos, we generated or extracted feature embeddings from three
distinct modalities. The specific models used and the resulting vector dimensions are
detailed below and summarized in Table 2.

Table 2. Summary of Feature Modalities and Embedding Specifications.

Modality Source/Generation Model Embedding Model Dimension

Visual ViT-L/14 (CLIP) (Direct Output) 768
Human-Text Human Annotators distiluse-base-multilingual 512
LLM-Text Smol-VLM-2 distiluse-base-multilingual 512

• Visual Representation (Visual-CLIP): We used the ViT-L/14 CLIP image en-
coder [Radford et al. 2021] to generate visual features. For each video, features
were extracted from 8 uniformly sampled frames and then aggregated via mean-
pooling to produce a single 768-dimensional vector representing the entire clip.

• Human-Annotated Text (Human-Text): We concatenated the 20 ground
truth captions available for each video into a single paragraph. This text
was then encoded using the distiluse-base-multilingual-cased-v2
sentence embedding model [Reimers and Gurevych 2019], generating a dense
512-dimensional vector.

• LLM-Generated Text (LLM-Text): We leveraged the Smol-VLM-2
model [Zohar et al. 2025] to generate a synthetic, narrative description for
each video in our dataset. The model was prompted with a simple instruction:
”Describe in detail what is happening in this video.” The resulting description
was subsequently encoded using the same 512-dimensional sentence embedding
model as the human-annotated text.



To ensure full reproducibility, the complete source code for this study—including
scripts for feature extraction, graph construction, and random walk analysis—is publicly
available on GitHub1.

3.2. Graph Construction

From each of the three feature sets, we constructed a separate similarity graph. Let V =
{v1, v2, . . . , vn} be the set of n = 7, 010 videos. For each modality, the feature vectors are
represented by a data matrix X ∈ Rn×d, where d is the dimensionality of the embedding
space. Let xi denote the i-th row of X, corresponding to the feature vector for video vi.

We define three such matrices: Xvisual, Xhuman, and Xllm. Based on these, we
construct the three graphs:

Gvisual = (V,Evisual) (1)
Ghuman = (V,Ehuman) (2)
Gllm = (V,Ellm) (3)

where the edge set E for each graph is constructed using a k-nearest neighbor (k-NN)
model. Specifically, for each video vi ∈ V , an edge is created to its k most similar videos,
where similarity is determined by the cosine similarity between their corresponding fea-
ture vectors (e.g., between xi and xj for videos vi and vj).

Instead of using an arbitrary k, we determined this parameter dynamically for each
modality. We selected the smallest integer k that ensures the resulting graph is fully con-
nected, guaranteeing that our random walk analysis can explore the entire space without
being trapped in disconnected components. The resulting values of k for each modality
are presented in Table 3. The resulting k-NN graph is made undirected by creating an
edge (vi, vj) if vi is in the k-neighborhood of vj or vice-versa. All edges are unweighted.

Table 3. Dynamically Determined k for Each Graph Modality.

Graph Modality Resulting k for Connectivity

Gvisual 14
Ghuman 4
Gllm 4

3.3. Structural Evaluation via Random Walks

To explore the structural properties of the graphs, we adopt a random walk-based evalu-
ation [Lovász 1993]. A random walk is a stochastic process that traverses the graph by
moving from a vertex to one of its neighbors, chosen uniformly at random. This process
allows us to simulate an exploratory journey through the similarity space.

We measure the global semantic coherence of the random walking using a
metric we call Walk Purity, adapted from the classical purity metric described in
[Manning et al. 2008], applied here to the set of nodes visited during a random walk.
For a given random walk of length l, represented by the sequence of nodes W =

1https://github.com/juliano-yugoshi/languagedrivengraphs.git



(v0, v1, . . . , vl−1), its purity is defined as the fraction of nodes in the walk that belong
to the single most frequent category within that same walk. Formally, for a single walk
W , the purity is:

Purity(W ) =
1

l
max
c∈C

l−1∑
i=0

I(C(vi) = c) (4)

where C is the set of all 20 ground-truth categories, C(vi) is the category of node vi, and
I(·) is the indicator function.

The final purity for a given walk length l is the average Purity(W ) over a large
number of simulations (N = 1000 in our experiments). For each simulation, a starting
node v0 is chosen uniformly at random from the entire set of vertices V . It allows us to
differentiate between local cohesion (high purity for short walks, e.g., l = 2) and global
semantic organization (slower decay of purity as l increases). We compare our results
against a Random Chance baseline, where the purity would be approximately 1/|C| =
1/20 = 0.05.

4. Results

A random walk analysis (Figure 1) reveals the distinct topological signature of each sim-
ilarity graph. The Human-Text graph (Ghuman) defines the benchmark for semantic coher-
ence. The Visual (CLIP) graph (Gvisual), despite its strong local purity at l = 2, shows a
sharp decay, confirming its reliance on non-semantic visual cues. The LLM-Text graph
(Gllm), while exhibiting an intermediate purity score, consistently outperforms the random
baseline, indicating a non-random, semantically coherent structure.

Figure 1. Categorical purity as a function of random walk length (l). The curves
illustrate the distinct topological signatures, with the dashed line (0.05)
representing random chance.

The LLM-Text graph’s intermediate purity score initially seems paradoxical. Al-
though derived from rich descriptive text, its space appears less categorically pure than
the visual one at the most local level (l = 2). We hypothesize this is not a deficit, but
rather evidence of a functional trade-off: the LLM-based representation prioritizes deep
thematic connections over strict, and sometimes ambiguous, categorical labels.



A qualitative inspection of local neighborhoods (Figure 2) provides powerful ev-
idence for this hypothesis. The Visual (CLIP) graphs (left column) consistently exhibit
a dense, convoluted structure—a ”hairball effect”. In contrast, both Human-Text (center)
and LLM-Text (right) graphs are significantly sparser. The critical distinction lies in how
the LLM graph achieves this sparsity. While the Human-Text graph serves as a bench-
mark for categorical purity, the LLM graph selectively builds what we term narrative
bridges, effectively refining or even correcting the dataset’s ground-truth labels.

(a) Neighborhood of a ”Music” video (anchor: video1118).

(b) Neighborhood of a ”People” video (anchor: video2753).

Figure 2. Qualitative comparison of 1-hop neighborhoods. The visualizations re-
veal the core topological trade-off: Visual (CLIP) optimizes for local visual
patterns, Human-Text for categorical purity, and LLM-Text for thematic, nar-
rative connections.

The LLM-generated descriptions themselves reveal the logic behind these con-
nections. For the ”Music” anchor in Figure 2a, which describes a ”live performance on
stage”, its neighbors from other categories are not random. They are videos described
as a ”live music performance” (node 5897, cat: Commercials) and a ”live concert per-
formance” (node 2633, cat: People). The LLM ignores the formal labels and creates
a highly coherent thematic cluster based on the core concept of a stage performance.
The effect is even more nuanced for the ”People” anchor in Figure 2b, whose description
contains the line ”YOU CAN’T HIDE YOUR FEELINGS.” Its neighbors are all videos



depicting ”individuals seated at a table...engaged in a conversation” (e.g., node 1029,
cat: Travel; node 6019, cat: Fashion). Here, the LLM links scenes based on a shared
context of social interaction and intimacy, a theme primed by the anchor’s explicit men-
tion of emotion. This purposeful, cross-categorical linking explains the LLM’s unique
performance: it sacrifices superficial purity for a deeper, more associative semantic orga-
nization, yielding representations that are both robust and inherently interpretable.

Finally, the LLM-generated descriptions themselves reveal the narrative reasoning
producing these connections. The following examples demonstrate how the LLM forges
thematic links across different formal categories.

Thematic Link: ”Stage Performance” (ref. Figure 2a)

Anchor 1118 (Music): ”The video depicts a live performance on
stage, featuring a male singer...holding a microphone. He is ac-
companied by a band...”

Neighbor 5897 (Commercials): ”The video captures a live music
performance featuring a band on stage. The lead singer...holding
a microphone, is the focal point.”

Thematic Link: ”Social Interaction” (ref. Figure 2b)

Anchor 2753 (People): ”...a group of three individuals seated in a
dimly lit room...The scene transitions to a black screen with white
text that reads, ’YOU CAN’T HIDE YOUR FEELINGS.’”

Neighbor 1029 (Travel): ”The video features a series of interactions
between individuals seated at a round table...engaged in a conver-
sation.”

5. Conclusions

In this work, we demonstrated that Large Language Models construct video similar-
ity graphs not on principles of categorical purity, but through the creation of narrative
bridges. Our analysis reveals that LLMs build a topology that prioritizes shared thematic
concepts—such as grouping visually distinct videos under the common theme of a ”stage
performance”—over the dataset’s formal labels. This structure, previously interpreted as
a lack of precision, is instead a functional trade-off.

We establish that this abstract semantic space is particularly valuable for appli-
cations where content discovery and serendipity are critical, such as in recommendation
engines that aim to broaden user taste beyond their immediate interaction patterns. Our
analysis, therefore, offers a clear heuristic for practitioners: deploy the local precision of
visual models for tasks requiring fine-grained visual matching, but leverage the associa-
tive power of LLMs for semantic exploration and recommendation.

Future work should explore hybrid methods that fuse visual and linguistic features
to potentially achieve both local and global coherence. Applying this graph-based anal-
ysis to other modalities, including audio and event transcripts, also offers a path toward
modeling multimodal semantic similarity with even greater fidelity.
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Zohar, O., Farré, M., Marafioti, A., Noyan, M., Cuenca, P., Zakka, C., and Joshua (2025).
SmolVLM-2: Bringing video understanding to every device. Hugging Face Blog.
https://huggingface.co/blog/smolvlm2. Accessed: 2025-06-24.


