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Figure 1: Concept-based Video Similarity estimation (ConViS). We introduce ConViS, a task that
quantifies video similarity along specific semantic concepts (e.g., location), and ConViS-Bench ,
a dataset of video pairs annotated with concept-level similarity scores (1-to-5) and free-form de-
scriptions of similarities and differences. This bridges the gap between prior work focused solely on
global similarity [18, 20, 21] or differences in natural language [4, 32].

Abstract

What does it mean for two videos to be similar? Videos may appear similar when
judged by the actions they depict, yet entirely different if evaluated based on the
locations where they were filmed. While humans naturally compare videos by
taking different aspects into account, this ability has not been thoroughly studied
and presents a challenge for models that often depend on broad global similarity
scores. Large Multimodal Models (LMMs) with video understanding capabilities
open new opportunities for leveraging natural language in comparative video tasks.
We introduce Concept-based Video Similarity estimation (ConViS), a novel task
that compares pairs of videos by computing interpretable similarity scores across a
predefined set of key semantic concepts. ConViS allows for human-like reasoning
about video similarity and enables new applications such as concept-conditioned
video retrieval. To support this task, we also introduce ConViS-Bench, a new
benchmark comprising carefully annotated video pairs spanning multiple domains.
Each pair comes with concept-level similarity scores and textual descriptions of
both differences and similarities. Additionally, we benchmark several state-of-
the-art models on ConViS, providing insights into their alignment with human
judgments. Our results reveal significant performance differences on ConViS,
indicating that some concepts present greater challenges for estimating video
similarity. We believe that ConViS-Bench will serve as a valuable resource for
advancing research in language-driven video understanding.
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1 Introduction

Humans can effortlessly compare pairs of videos, rapidly identifying similarities and differences by
attending to a range of semantic aspects, such as the depicted activity, the people involved, or the
environment. This intuitive comparative ability relies on a rich understanding of events that unfold
across space and time. Cognitive science research confirms this: humans naturally perceive, encode,
and retrieve events along key semantic concepts, selectively attending to particular attributes of
experience [38, 43]. As a result, perceived similarity between two videos is not a fixed quantity, but it
depends on which concepts are being prioritized. For example, two videos may appear highly similar
in terms of the activity being performed, but diverge substantially in the setting or the agents involved
(see Fig. 1, top). This observation motivates a shift from holistic similarity to a more structured,
concept-aware notion of video comparison.

Computational approaches to video similarity have traditionally focused on global similarity metrics,
typically learned by comparing spatio-temporal embeddings [18, 20, 21]. The emergence of Large
Multimodal Models (LMMs) [3, 24, 25, 49, 52] with video understanding capabilities has opened
new possibilities for using natural language to describe and reason about differences between videos.
Prior work has explored this by generating natural language descriptions of video differences, either
through domain-specific cooking concepts [32] or fine-grained, action-specific skill differences [4].
However, these approaches remain limited to narrow domains and are purely descriptive, lacking
structured, quantitative assessments of similarity across semantic concepts. As a result, comparative
video understanding via language remains in its early stages, with existing benchmarks failing to
capture the broad semantic diversity present in real-world scenarios.

To address this gap, we introduce a new task, Concept-based Video Similarity estimation (ConViS).
Inspired by human cognition and grounded in semantic structure, ConViS aims to quantify how
similar two videos are on specific concepts, e.g., the activity, the location, or the order of actions
(see Fig. 1, bottom). ConViS enables concept-specific video understanding, supporting applications
like targeted video retrieval (e.g., same activity with different subjects), anomaly detection based
on particular factors (e.g., unusual object presence or action sequence), and fine-grained model
evaluation by isolating the conceptual sources of failure (e.g., confusing similar-looking scenes
with different actions). Building on the definition of ConViS, we introduce a novel benchmark,
ConViS-Bench, to support model evaluation and foster further research. ConViS-Bench consists of
video pairs spanning a broad range of domains, each annotated by multiple human evaluators with
similarity scores conditioned on multiple semantic concepts and accompanied by textual descriptions.

Alongside introducing a novel dataset associated with the newly proposed task, we extensively
benchmark several recent LMMs to assess their ability in predicting concept-based video similarities.
Our analysis of their relevance to human judgment reveals significant performance differences across
various LMMs on ConViS, highlighting that certain concepts are more challenging for models to
judge in terms of video similarity. For instance, while some models can reliably identify visual
similarities, they consistently struggle with more abstract notions such as the temporal structure of
events, an issue also noted in prior work [2, 23]. Lastly, we demonstrate the utility of concept-aware
similarity in downstream tasks such as concept-conditioned video-to-video retrieval, showing how
ConViS can enable nuanced and interpretable video analysis.

Overall, our contributions are threefold:

• We introduce the ConViS task, a new formulation of video similarity that moves beyond tradi-
tional global scoring and computes interpretable similarity scores across semantic concepts.

• We release ConViS-Bench, a new benchmark dataset with human-annotated similarity judg-
ments across multiple semantic concepts and diverse video domains.

• We conduct an extensive evaluation of state-of-the-art (video- and image-based) models on
ConViS-Bench, analyzing their current strengths and limitations in concept-aware video
comparison.

2 Related Work
Our work is related to previous research on comparing pairs of images and videos using natural
language. We also discuss previous studies aimed at assessing the capabilities of LMMs in several
video understanding tasks.
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Visual Differences in Images. Image change captioning refers to the task of describing the differences
between two images by generating a sentence caption [12, 16, 19, 48]. Recent advancements
in LMMs have enabled the joint analysis and comparison of multiple images [3, 5, 17, 24, 49].
However, benchmarking studies indicate that model performance on multi-image understanding tasks
remains relatively low, especially in tasks involving spatial understanding [31] and fine-grained visual
distinctions [40]. Closely related to our work is [1], which defines a notion of conceptual similarity
between pairs of images. This concept captures high-level relations, even between images that do
not share visually similar elements. Our work tackles a related but more ambitious challenge, as
analyzing videos is inherently harder than comparing images.

Visual Differences in Videos. Traditional approaches comparing videos typically compute a single,
global similarity score [18, 20, 21]. While these methods are practical, the resulting scores are
challenging to interpret. To address this, recent research has shifted towards natural language-based
video differencing [4, 32]. Burgess et al. [4] introduces the task of Video Action Differencing and the
associated VidDiffBench dataset, aimed at identifying subtle differences in how individuals perform
the same action. Their approach focuses on textual descriptions of fine-grained skill variations, rather
than quantifying similarity with explicit scores. Similarly, Nagarajan and Torresani [32] proposes
the Difference Question Answering task through the StepDiff dataset, which targets cooking-related
instructional videos. Here, the model compares two videos of the same procedural step and optionally
ranks videos based on a common reference. While these approaches advance research in video pair
comparison, they are not tailored to support applications that necessitate concept-specific similarity
quantification, such as those discussed in Sec. 1. Moreover, the accompanying datasets are typically
limited to a few domains. In contrast, we advocate the need for datasets and methods that generalize
across a broader range of video types and domains.

Our work is also related to composed video retrieval [15, 42], where a query consists of a reference
video plus a textual modification, and the goal is to retrieve a target video that reflects that modification.
However, our task differs in two principal ways: (i) rather than focusing on retrieving a matching
video, we aim to compute explicit, quantitative similarity scores; and (ii) we support exploration along
multiple conceptual dimensions, enabling comparisons not limited to a single textual modification.

Benchmarking LMMs for videos. The rapid advancement of LMMs have driven a surge in the
number of benchmarks used to evaluate their video understanding capabilities across spatial, temporal,
and semantic dimensions. For instance, MMBench-Video [8], MVBench [26], and VideoVista [27]
assess LMMs’ ability to reason temporally, semantically, and causally across varied video content.
Similarly, Video-MME [10] and Video-MMMU [13] provide full-spectrum evaluations over a wide
range of video domains, durations, and task complexities, with the latter explicitly modeling cognitive
stages such as perception, comprehension, and adaptation. Several benchmarks also probe specific
aspects of video understanding. TempCompass [30] targets fine-grained temporal perception by
constructing videos with identical static content but controlled temporal variations, while Perception-
Test [34] examines high-level reasoning across physical and counterfactual dimensions. Benchmarks
like LVBench [44] and ActivityNet-QA [50] assess long-form video understanding by testing models’
memory and narrative coherence. These benchmarks primarily assess video understanding capabilities
through multi-choice question answering. While this is effective for standardized evaluation, recent
work has shown that such questions are often overly informative, leading to biased evaluations [6, 47].
Furthermore, our focus here is on assessing the ability of different LMMs to capture a set of specific
concepts that cognitive studies [38, 43] have shown to be crucial for human understanding of videos.

3 Concept-based Video Similarity estimation

Humans naturally compare videos by focusing on specific semantic aspects rather than their entire
content. For example, given the top two clips shown in Fig. 1, one viewer may judge them to be
highly similar, as both depict the same action (i.e., side plank), while another viewer may judge them
to be completely different, as the locations vary significantly (i.e., house interior vs. beach). Such
concept-specific video comparison is crucial for applications that require the isolation of individual
concepts, as discussed in Sec. 1.

Formally, let C = {C1, . . . , CK} be a set of predefined concepts, each expressed in natural language
(e.g., main action or location). Given two videos V1, V2 and a concept Ci ∈ C, we define the
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Table 1: Comparing ConViS-Bench with prior work. Video pairs in ConViS-Bench are annotated
by humans with similarity scores across fine concepts and free-form text descriptions of similarities
and differences. †StepDiff provides scores only for a subset of its domain-specific categories.
Dataset Pairs Domains Focus Scores Text Split Avg. duration

StepDiff [32] 6,292 1 5 cooking categories ✓† differences train/test 12.0 s
VidDiffBench [4] 557 5 1 concept (action) ✗ differences test 8.8 s
ConViS-Bench (Ours) 610 16 5 broad concepts ✓ similarities/differences test 28.2 s

concept-based similarity:
s(V1, V2 | Ci) ∈ R (1)

which measures how similar the two videos are to the concept Ci. This formulation forces the
comparison to attend only to details relevant to Ci, ignoring other information.

Since concepts are expressed through natural language, our approach offers two key advantages. The
first aspect is flexibility, allowing users to introduce any semantic dimension without being confined
to a fixed taxonomy. The second is composability, where users can select a set of concepts and assign
non-negative weights λi to each concept. The individual scores can be aggregated into an overall
similarity score:

s(V1, V2) =

K∑
i=1

λi s(V1, V2 | Ci) with
K∑
i=1

λi = 1, (2)

which enables fine-grained control over which aspects drive the final judgment.

Our concept-based formulation bridges two extremes of prior research on video pair comparison.
Traditional global similarity approaches [20, 21] compute an unconditioned score s(V1, V2) (e.g.,
via average-pooled video embeddings), but do not indicate which factors influence the similarity.
Conversely, video differencing techniques describe qualitative differences in natural language [4,
32] without yielding per-concept quantitative scores. By contrast, our formulation provides both
structured conditioning on Ci and interpretable quantitative similarities, facilitating comparisons
and direct evaluation of a model’s alignment on user-defined concepts.

4 The ConViS-Bench Dataset

We seek to advance video similarity estimation by introducing a new dataset that captures the complex,
concept-dependent nature of how humans compare videos. Existing datasets describing video pairs
with language are limited in scope: some focus narrowly on a single concept, such as action [4], while
others are restricted to domain-specific categories, such as ingredients [32] (see Tab. 1). To address
this gap, we introduce ConViS-Bench, a benchmark for multi-concept video similarity estimation.

We follow a structured protocol to build and curate ConViS-Bench (see Fig. 2). ConViS-Bench
contains 610 video pairs drawn from 543 videos, each annotated with human-judged similarity
scores across five general-purpose concepts. In addition to quantitative similarity scores, each
pair is accompanied by free-form descriptions highlighting shared and differing elements, offering
qualitative insight into human reasoning. It covers the broadest range of domains to date, i.e., 16 in
total, significantly more than the 5 covered in [4], and features longer videos on average.

4.1 Collecting and annotating video pairs for ConViS

Here, we outline the key steps involved. Further details about the dataset statistics and the annotation
process are in the Appendix.

Choice of Concepts. Our approach to computing video similarity is based on defining key semantic
concepts. This design is motivated by research in cognitive science showing that memory representa-
tions are organized around semantic and temporal features, and that people update their understanding
of events by comparing such structured elements via mechanisms like prediction error and recursive
reminding [38, 43]. Guided by these findings, we identify five core concepts that reflect how people
naturally interpret events: main action, main subjects, main objects, location, and order of actions.
These constitute the set C as defined in Sec. 3, which is designed to be domain-agnostic, ensuring
consistent estimation of video pair similarity across diverse domains.
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Figure 2: The construction ConViS-Bench. We source videos from FineVideo [9], a large-scale
collection of videos, and perform automatic trimming and pairing. We then collect human ratings
on a 1-to-5 Likert scale across multiple concepts ( main action, main subjects, location,

main objects, order of actions) and free-form tags describing key similarities and differences.
Finally, we systematically curate the data to ensure quality.

Video Collection. As shown in the left part of Fig. 2, ConViS-Bench’s data collection pipeline begins
by identifying an existing dataset to serve as the primary video source. We select the FineVideo
dataset [9], a large-scale collection of YouTube videos that spans a diverse range of human activities.
The dataset is densely annotated, recently compiled, and available under the Attribution (CC-BY)
license. It includes 126 fine-grained categories organized within a two-level taxonomy, comprising 9
coarse-grained categories. However, not all of them are equally informative for assessing similarity
in video content. In particular, some categories, e.g., Mental Health Tips or Poetry Reading, exhibit
limited visual diversity and temporal dynamics, as they predominantly consist of static shots of people
speaking. Since our goal is to analyze visual similarity across semantically grounded dimensions
(i.e., the concepts), we restrict our focus to categories with rich, varied visual content and exhibit
sufficient temporal dynamics. Accordingly, we select a subset of relevant coarse- and fine-grained
categories from FineVideo, as illustrated in Fig. 2. A complete list can be found in the Appendix. As
a result, we include videos from 16 diverse domains, making ConViS-Bench the most semantically
and visually diverse dataset of video pairs to date, as illustrated in Tab. 1.

Video Pairing. In FineVideo [9], the average video length is 4.7 minutes, with each video potentially
containing various shots and events. First, to ensure compatibility, we trim the original videos using
the provided timestamp annotations to isolate clips corresponding to individual events. From this
curated pool, we construct video pairs. To promote diversity, we match videos based on either
semantic similarity (guided by textual descriptions) or visual similarity. To this end, we compute
visual embeddings for the trimmed clips and textual embeddings for their corresponding ground-truth
descriptions, using DINOv2 [33] and Sentence-BERT [37] as the respective encoding methods. We
then form candidate video pairs by selecting those with a high cosine similarity computed considering
a single modality, either video-to-video or text-to-text, but explicitly not both. The rationale behind
this procedure is to ensure that each pair of videos shares certain common patterns while also
exhibiting distinctive elements. Finally, we perform manual filtering and verification, obtaining
610 video pairs that exhibit varying degrees of similarity across the five considered concepts.

Human Annotation. We collect human annotations for all the video pairs, as shown in the center of
Fig. 2. The goal of these annotations is to obtain reliable similarity scores for the concepts in C, along
with textual descriptions highlighting both the similarities and differences between the paired videos.
We collect annotations from a mix of volunteers and paid workers (totaling 150 annotators) recruited
via Prolific, a crowdsourcing platform selected for its demonstrated quality and reliability compared
to existing alternatives [7, 35]. We instruct annotators (all college-educated English speakers) to
evaluate each video pair along the five predefined semantic concepts in C. For each concept, similarity
is rated on a 5-point Likert scale [28], with detailed scoring guidelines provided to ensure clarity and
consistency across annotators. To further promote thoughtful engagement with the task, annotators
must assign at least one similarity tag and one difference tag to each pair, describing specific aspects
in which the videos align or differ.
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Acknowledging that our predefined concepts may not fully encompass all relevant aspects of similarity,
we encourage annotators to introduce new concepts when applicable. Ultimately, only 5.28% of
the annotations involve a new concept, supporting our initial assumption that the predefined ones
adequately capture the key aspects of similarity across videos. The annotation interface, statistics on
inter-annotator agreement, and additional details on this core step are available in the Appendix.

Data Curation. As shown in the right part of Fig. 2, the collected annotations undergo a final curation
process. Specifically, we use the free-form text tags provided by annotators to assess annotation
quality, removing samples containing non-English or irrelevant content, while allowing for correctable
typographical errors. We also flag and manually review annotations submitted in unusually short
timeframes, which may indicate rushed or low-effort responses. As a result, we discard 7.75% of the
original annotations, resulting in a cleaner and more reliable dataset. The final collection contains
video pairs collected from 147 annotators, with an average of 6.2 annotations per pair.

5 Benchmarking Models on ConViS-Bench

A key contribution of this work is a comprehensive evaluation of state-of-the-art models on the
proposed ConViS-Bench benchmark. In this section, we report the results of our experiments.

We first consider ten state-of-the-art LMMs and evaluate their ability to compare videos explicitly
accounting for specific concepts (Sec. 5.1). Then, we analyze different approaches that assess video
similarity based on a global score, (Sec. 5.2). Finally, we assess models on the task of concept-based
video retrieval (Sec. 5.3). All experiments were conducted using up to two NVIDIA H100 GPUs.

5.1 Assessing LMMs performance on Concept-based Video Similarity estimation

In this section, we consider state-of-the-art LMMs and evaluate their capabilities to compare videos
based on specific concepts. We select nine open-source, state-of-the-art models with strong perfor-
mance in video understanding, including mPLUG-Owl3 [49], LLaVA series [24, 51], Qwen-VL
series [3], and InternVL series [5, 52], and the closed source model Gemini (2.0-Flash) [39]. These
models can be prompted with questions explicitly targeting particular aspects of a video. Following
the approach in [4], we provide each model with concatenated frames from both videos in a pair
and ask it to “[...] output a single similarity score between 1 and 5, where 1 means completely
different and 5 means perfectly similar in terms of <concept>”. For Gemini, which natively supports
multi-video within a single prompt, we supply the complete videos. The exact prompt used and
additional implementation details are described in the Appendix. The pre-training data of Gemini is
private, and we do not know if the source data used for our video pairs (i.e., FineVideo) was included.
On the contrary, we know that the training set of InternVL [5] includes it. Nevertheless, we still decide
to include these models in the evaluation to assess their performance on the new task of Concept-
based Video Similarity estimation. We use Spearman’s rank correlation ρ and Kendall’s τ as our
evaluation metrics, following prior work evaluating alignment with human judgment [1, 14, 29]. Both
coefficients take values in [−1,+1] (here reported ×100) with −1 denoting complete disagreement
with human evaluators, and +1 perfect agreement.

Can LMMs judge video similarity conditioned on specific concepts? Table 2 presents the results
of our concept-based evaluation. Unsurprisingly, larger models consistently outperform their smaller
counterparts, with LLaVA-OV-7B achieving the highest correlations overall. Interestingly, certain
concepts, such as order of actions, are inherently more challenging for all models. While some
models perform better on other concepts, such as main objects or location, with LLaVA-OV-7B
scoring above 58/47% in ρ/τ , these correlations with human judgment are nevertheless more difficult
to capture than those related to global assessments. Surprisingly, InternVL models, despite having
seen the evaluation videos during pre-training, struggle to align with human judgments. This indicates
that pre-training with interleaved video-text data alone does not equip models to accurately estimate
similarity concerning specific semantic concepts. Rather than task-specific skill, our results may
reflect how well general-purpose LLMs are compatible with human notions of conceptual similarity.

Does ConViS-Bench challenge models on temporal understanding? To assess whether our
benchmark poses a temporal challenge and how the temporal dimension impacts ConViS, we
repeat the analysis in Tab. 2 while varying the number of input frames per video. As shown in
Fig. 3, models not pre-trained on FineVideo (LLaVA-OV/LLaVA-Video/Qwen2.5-VL), consistently
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Table 2: Alignment performance of LMMs on ConViS-Bench. We report Spearman’s ρ and
Kendall’s τ correlations with human judgment (×100). Top-performing scores are shown in bold,
and second-best scores are underlined, proprietary models in gray.

Main Action Main Subjects Main Objects Location Order of Actions
Model ρ τ ρ τ ρ τ ρ τ ρ τ

mPLUG-Owl3-7B [49] 30.64 25.12 20.59 16.84 28.53 23.47 21.00 17.00 23.11 18.74
LLaVA-OV-0.5B [24] 1.95 1.54 -5.05 -3.91 -4.00 -3.20 5.66 4.59 1.30 0.90
LLaVA-OV-7B [24] 51.76 42.48 48.43 39.14 58.64 48.17 58.94 47.72 41.02 33.31
LLaVA-Video-7B [51] 44.17 36.53 39.81 32.81 45.85 37.96 55.96 46.33 41.25 34.05
Qwen2.5-VL-3B [3] 21.84 18.10 8.62 6.70 15.20 12.61 13.44 11.14 12.79 10.60
Qwen2.5-VL-7B [3] 37.88 31.28 17.53 14.43 26.97 22.26 23.63 19.17 23.85 19.61
InternVL2.5-4B [44] 13.23 10.13 16.71 12.89 14.99 11.71 13.93 10.71 9.88 7.54
InternVL2.5-8B [5] 28.70 22.42 28.60 22.08 25.06 19.40 19.64 15.18 18.15 14.07
InternVL3-8B [52] 40.69 31.31 36.54 27.80 42.50 32.88 45.47 34.98 32.74 24.88
Gemini-2.0-Flash 44.91 34.09 41.16 31.56 38.36 29.21 42.12 34.54 32.36 25.00
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Figure 3: Concept-based video similarity at varying number of input frames. We report the
Spearman’s ρ correlations with human judgement (×100) for different numbers of frames per pair.

suffer from reduced temporal context, with performance dropping sharply as fewer frames are
provided (average drops: −16.36/10.61/21.74%). In contrast, models from the InternVL family,
exposed to FineVideo during pre-training, exhibit remarkably flat performance trends, suggesting
limited reliance on temporal cues. These results indicate a likely memorization effect in these latter
models, as their performance remains stable even with severely reduced temporal input. Furthermore,
we observe that the main action concept benefits the most from additional frames, with gains
of +29.57/19.40/13.56% compared to +16.45/11.37/11.09% for main subjects in Qwen2.5-VL,
LLaVA-OV, and LLaVA-Video. These findings show that ConViS-Bench poses a temporal challenge,
where model performance significantly depends on access to rich temporal context.

5.2 Probing concept focus in global video representations

In this section, we analyze which semantic concepts are implicitly prioritized by models that compute
global video similarity scores. We focus on models that extract global video representations and
compare them in an embedding space, without explicit conditioning on specific concepts. We
categorize these models into three groups based on how they process and compare inputs. ① Video-
to-video approaches like VideoMAE [41] and DINOv2 [33] use unimodal vision encoders and
compute similarity directly in the embedding space. ② Text-to-text approaches first map videos into
text format using different video captioning models [3, 5, 49], and then compare the resulting text
representations in a shared embedding space using Sentence-BERT [37]. ③ Cross-modal approaches
rely on vision-language alignment methods. To compute the similarity between pairs of videos, we
first determine the alignment score of each video with the caption generated from its counterpart
using [49]. The final similarity score for a video pair is obtained by averaging these two alignment
scores. Two alignment metrics are employed: CLIPScore [11], which measures cosine similarity
via contrastive vision-language models, and VQAScore [29], which assesses alignment through
visual question-answering between captions and visual content. For CLIPScore, both CLIP [36]
and InternVideo [45] serve as vision-language encoders. In image-based approaches, a video’s
representation is obtained by averaging the representations of its individual frames.

Do global video representations implicitly align with specific concepts? The semantic concepts
introduced in our ConViS-Bench benchmark enable more detailed and granular analysis and com-
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Table 3: Alignment performance computing global video representations on ConViS-Bench. We
report Spearman’s ρ and Kendall’s τ correlations with human judgement (×100). Video indicates the
use of a video encoder. Best-performing scores are in bold, and second-best scores are underlined.

Model Method Video Main
Action

Main
Subjects

Main
Objects

Location Order of
Actions

ρ/τ ρ/τ ρ/τ ρ/τ ρ/τ

Video-to-video
VideoMAE [41] Cosine ✓ 13.0 / 8.7 23.1 / 15.6 13.2 / 8.8 37.8 / 26.4 15.1 / 10.2
DINOv2 [33] Cosine 33.3 / 22.6 40.9 / 28.6 37.4 / 25.8 57.4 / 41.7 34.6 / 24.0

Text-to-text
mPLUG-Owl3 [49] SBERT [37] ✓ 52.1 / 36.2 45.5 / 31.1 55.1 / 38.9 28.4 / 19.6 49.9 / 34.9
InternVL2.5 [5] SBERT [37] ✓ 39.4 / 27.4 31.2 / 21.4 45.0 / 31.1 29.9 / 20.5 42.0 / 29.5
Qwen2.5-VL [3] SBERT [37] ✓ 42.3 / 29.5 45.4 / 31.7 45.4 / 31.8 38.5 / 26.7 40.9 / 28.4

Cross-modal
CLIP [36] CLIPScore [11] 35.7 / 24.6 39.0 / 27.0 39.0 / 27.1 36.0 / 24.9 30.9 / 21.1
InternVideo [45] CLIPScore [11] ✓ 43.1 / 30.1 54.8 / 38.7 54.5 / 38.5 40.9 / 28.4 40.2 / 28.1
LLaVA-OV [24] VQAScore [29] ✓ 51.1 / 36.1 55.8 / 39.6 58.3 / 41.4 46.5 / 32.3 48.1 / 33.9

parison across models, a distinctive feature of our proposed benchmark. Results in Tab. 3 report the
outcome of our analysis. Among the evaluated models, video-to-video approaches exhibit a stronger
focus on the location concept, with DINOv2 achieving the highest correlation with humans on this
concept (57.4/41.7 of ρ/τ ). This indicates that spatial scene information is more effectively captured
through purely visual representations. However, these models consistently show weaker correlations
in the remaining categories. In contrast, text-to-text models excel at capturing action-related concepts
(44.6/31.0 and 44.3/30.9 of ρ/τ on average for action and main action) but show limited ability to
compare videos with respect to location (32.3/22.3 of ρ/τ on average). Notably, across all model
types, the concepts of order of actions and location consistently yield the lowest correlations with
human judgment. This indicates that existing models, regardless of modality, tend to overlook or
inadequately model spatial context and temporal structure, two key components in understanding
video semantics. Although no single model achieves the highest alignment with human judgments
across all concepts, VQAScore stands out by attaining the highest average correlation overall.

5.3 Concept-conditioned video-to-video retrieval

In this section, we evaluate whether, given an anchor video V and a concept of interest Cj ∈ C, models
can retrieve the most conceptually similar videos from a set of related target videos TV = {Vi}Ni=1.
Importantly, we focus on LMMs, as these methods can be conditioned on specific concepts. Following
standard evaluation protocols [46], we report retrieval performance using recall, precision, and F1
score at rank 1 (R@1, P@1, and F1@1). R@1 measures the percentage of queries for which a
relevant video is retrieved at the top rank, while P@1 denotes the proportion of top-ranked videos
that are truly relevant. The F1@1 score summarizes the trade-off between R@1 and P@1.

To conduct this analysis, we identify as anchors any video V appearing in multiple annotated
pairs within ConViS-Bench, and construct for each anchor a fixed candidate set of four videos,
TV = {Vi}4i=1. To ensure the reliability of these rankings and to assign similarity scores to any
newly included videos, we engage three human annotators to validate or supplement the existing
annotations. We exclude the concept of order of action from this analysis due to challenges in
establishing consistent similarity rankings across video sets, despite robust pairwise annotation
agreement. While temporal ordering is clear in video pairs, aligning actions across sets introduces
ambiguities, e.g., added or missing atomic actions. Empirically, annotators found it significantly
more challenging to agree on consistent partial orderings across sets than within pairs. The result
is a collection of 532 concept-based partial orderings, i.e., some videos may be considered equally
relevant, allowing for ties in the ranking. For each anchor video V and concept Cj , we compute
similarity scores between V and each target video Vi ∈ TV , denoted as s(V, Vi | Cj). These scores
are then used to induce a ranking over TV for each concept.
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Table 4: Concept-based retrieval performance. We report recall, precision, and F1 score at rank 1
(R@1, P@1, F1@1). The random chance baseline is in highlighted in gray.

Model Main Action Main Subjects Main Objects Location
R@1 P@1 F1@1 R@1 P@1 F1@1 R@1 P@1 F1@1 R@1 P@1 F1@1

mPLUG-Owl3-7B [49] 89.8 44.2 54.8 85.2 52.2 59.0 91.0 48.9 56.9 89.6 59.8 66.2
LLaVA-OV-0.5B [24] 73.4 32.3 41.2 69.9 44.1 48.5 74.7 35.9 45.4 85.3 51.2 59.7
LLaVA-OV-7B [24] 84.2 54.8 61.9 82.0 66.4 68.7 81.8 58.8 63.0 80.1 68.7 69.3
LLaVA-Video-7B [51] 88.8 51.1 60.7 86.6 63.1 68.3 88.7 58.2 65.1 78.8 68.4 67.5
Qwen2.5-VL-3B [3] 88.0 42.2 51.8 94.5 51.9 61.6 96.9 41.7 54.4 96.6 55.8 66.6
Qwen2.5-VL-7B [3] 63.9 42.5 46.8 63.5 55.8 54.0 63.5 44.1 47.9 38.5 70.7 47.1
InternVL2.5-8B [5] 58.8 47.6 48.7 57.8 60.2 53.6 58.5 49.9 49.4 55.2 65.0 53.4
InternVL2.5-4B [5] 60.5 44.6 46.5 57.8 55.7 50.6 59.9 47.2 48.4 55.6 59.8 52.0
InternVL3-8B [52] 63.0 58.3 56.4 55.8 66.8 56.0 57.8 59.7 54.5 54.8 71.0 56.5

Random Choice 25.0 34.4 27.8 25.0 44.9 30.4 25.0 50.0 31.5 25.0 36.6 28.4
Average 74.5 46.4 52.6 72.5 57.4 58.9 74.7 49.4 54.6 70.5 63.3 61.1

0

25
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F 1
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1

61.9
68.7
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Figure 4: Retrieval performance. F1@1 score
reported for models discussed in Sec. 5.2, against
LLaVA-OV-7B [24].

Do LMMs retrieve similarly to humans under
conceptual constraints? In Tab. 4 we evaluate
LMMs’ performance on concept-conditioned re-
trieval. Across all models, R@1 consistently
exceeds P@1, indicating that, while they often
retrieve the true relevant video at rank 1, they
also produce more false positives. Performance
varies across concepts: the median P@1 is
higher for location (with InternVL3-8B, LLaVA-
OV-7B, LLaVA-Video-7B and Qwen2.5-VL-7B
achieving P@1 > 68%), while main action
tends to be more challenging, with a mean P@1 of 46.4%. Random choice references a model
that randomly picks one sample. Reported results take into consideration partial ordering. All
evaluated models consistently outperform this random baseline in the F1@1 score, despite some
having a worse precision. This indicates that the model retrieves more relevant samples overall, albeit
including more irrelevant ones. Overall, these results indicate that while current LMMs exhibit some
capabilities, concept-based video-to-video retrieval remains a limitation. In Fig. 4, we compare the re-
trieval performance of the best-performing LMM with that of the models described in Sec. 5.2, which
are not explicitly conditioned on the concept. While these approaches consistently underperform, the
gap is smaller for main objects, where CLIPScore achieves comparable performance, highlighting its
bias toward object-level representations. This further highlights that tailored, concept-aware methods
are essential to complement general-purpose ones for accurate specialized retrieval.

6 Conclusions
We introduced ConViS, a task for structured video similarity estimation, and ConViS-Bench, a novel
human-annotated dataset of video pairs designed to evaluate video similarity along core semantic
concepts, covering the widest range of domains to date. We extensively benchmark models, including
ten state-of-the-art LMMs, on ConViS-Bench, revealing substantial variability in how they align with
human judgments, for the first time, exposing their biases toward particular concepts. By enabling
concept-conditioned evaluation and retrieval, ConViS offers a path towards more interpretable,
controllable, and user-aligned video understanding systems.

Limitations and Future Work. In this work, we focused on a small set of general-purpose concepts
to enable consistent and interpretable comparisons across diverse video domains. While this choice,
grounded in cognitive science, supports broad applicability, it also introduces a limitation: the current
concept set may not capture all domain-specific or fine-grained aspects of video similarity. We believe
the same framework can be extended to incorporate additional concepts, enabling richer analyses
in specialized settings. Moreover, ConViS-Bench currently includes a relatively modest number of
video pairs. Although limited in scale, this is a consequence of prioritizing annotation quality over
quantity. Expanding the dataset, provided quality standards are maintained, would further increase its
value and support broader evaluations.
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NeurIPS Paper Checklist
1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: This work presents a novel task and dataset for assessing the similarity of
videos based on semantic concepts. The task is described in Sec. 3, the dataset is presented
in Sec. 4, and various LMMs are benchmarked in Sec. 5. These are the main claims in the
abstract and the introduction, which are appropriately reflected in the main text.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: The paper contains a “Limitations and Future Work” section (see Sec. 6).
It discusses the limitations of our ConViS-Bench dataset and potential extensions of the
ConViS task.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]

Justification: The paper does not include theoretical results.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Implementation details regarding the benchmarking setup are discussed in
Sec. 5. Furthermore, our code and dataset are released along with this submission and
are considered core contributions of the work, as indicated in the NeurIPS Datasets and
Benchmarks Guidelines. Overall, the paper, code, and dataset contain all the details for
experiment reproducibility.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).
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(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [Yes]
Justification: The dataset and code are considered core contributions of the work and are
publicly available, as described in the paper. The code repository contains all the necessary
information to replicate the reported results.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: Dataset composition and implementation details about the proposed benchmark
are described in depth in Sec. 4 and Sec. 5, respectively.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [No]
Justification: Although our approach allows for multiple evaluations and statistical signif-
icance analyses, we choose not to report these results to remain consistent with related
work [4, 32].
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• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: In Section 5, we explicitly tell which and how many GPU devices were used.
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• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We have carefully inspected the code of ethics, and believe our work conforms
to it.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
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Answer: [Yes]

Justification: The broader impact of the proposed ConViS task and the ConViS-Bench
dataset is described the Appendix.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: The proposed dataset was sourced from an existing, publicly available dataset
that already includes appropriate safeguards. As our work does not involve the release of
high-risk models or data, additional safeguards were not required.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We have properly referenced all the software, data, and related works that
supported the development and validation of ConViS-Bench. Specifically, in Section 4, we
describe how our source of raw videos is the FineVideo dataset [9] (CC-BY 4.0 license). In
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Section 5, we cite all the models used in our experiments. Moreover, we publicly release
our dataset and code.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: The dataset, code, and instructions for running our ConViS-Bench benchmark
are released alongside the manuscript and are available during the reviewing process.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [Yes]
Justification: The Appendix includes the full text of the annotation instructions, screenshots
of the interface, details about the crowdsourcing platform and compensation, as well as a
playable example of the annotation website.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
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Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [Yes]
Justification: The study received IRB approval, which confirmed that the research does not
involve risks to the psycho-physical well-being of participants, nor does it affect their rights
to confidentiality, informed consent, or autonomy in decision-making. These details are
provided in the Appendix.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The method development and manuscript writing in this research do not
involve LLMs as any important, original, or non-standard components.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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Appendix
In this Appendix, we first provide further details about the interface used for the annotation of
ConViS-Bench in Sec. A. In Sec. B, we provide additional statistics and insights about our proposed
dataset. In Sec. C we show the prompts used for the evaluation of the LMMs and in Sec. D we
provide additional implementation details. In Sec. E we extend the experiments provided in the main
paper, and in Sec. F we show additional qualitative examples from ConViS-Bench. Finally, in Sec. G
we discuss the broader impacts of our work, in Sec. H we declare that our institutional review board
approved the present study, and list the licenses and URLs for all external assets used in Section I.

A Annotation interface

In this section, we provide all the details about the human annotation process. We show screenshots
of our interface, a matrix outlining the scoring guidelines, and information about annotator screening
procedures and compensation.

Figure 5: Welcome page of the annotation interface.

As a first step, annotators are asked to accept the use of cookies (see Fig. 5). We do not collect any
personally identifiable information, such as email addresses, names, or nicknames. However, we
keep track of the reviewed samples to ensure that the same annotation pairs are not shown to the
same annotator multiple times. Next, we present an example to illustrate how to complete the task
correctly (see Fig. 6). Finally, Fig. 7 shows the main annotation interface used to carry out the task.
The annotation interface includes task instructions, which can be viewed at any time, as well as
embedded guidelines that appear when hovering over relevant buttons. This appendix also contains a
video demonstrating the interface in use to provide a clearer understanding of the annotation process.
A scoring matrix summarizing these guidelines is also displayed for reference in Tab. 5.

Annotators are screened to ensure they are college-educated and reside in English-speaking countries.
They are compensated at a rate of £8 per hour.

B Additional dataset analysis

Annotation quality assessment. We assess annotation quality by measuring inter-annotator agree-
ment (IAA) using Krippendorff’s α [22]. After removing low-quality samples through our end-stage
curation process, the resulting α scores for each concept are: main subjects (0.244), main action
(0.322), location (0.361), main objects (0.288), and order of actions (0.319). On average, this curation
step improved inter-annotator agreement by 17.5%, highlighting the effectiveness of our quality
control process.
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Figure 6: Provided example in the annotation interface.

Figure 7: Annotation interface.

Statistics on tags. We obtain, on average, 15 textual tags for each video pair. Figure 8 shows
wordclouds of prominent tags for similarities and differences. From these wordclouds, we observe
that most tags relate to actions (e.g., gym, cooking, boxing, fishing), objects (e.g., food, bike, gun),
subjects (e.g., people, gender), or locations (e.g., location, beach, mountain). A smaller portion of
tags describe aspects of time, such as order and speed.

User-defined concepts. Figure 9 reports the frequencies of concepts proposed by annotators beyond
the predefined set. The most commonly added concepts include point of view, skill level, and lighting
condition. However, even the most frequently mentioned concept appears in fewer than 16% of video
pairs, indicating that such additions are relatively sparse. These user-defined concepts highlight
directions for further development of the concept taxonomy.

Domains The videos in ConViS-Bench span 16 distinct categories, as shown in Fig. 10. The
category names are retained from the source dataset [9], where they are grouped into top-level
categories. These include Sports, which encompasses Athlete Workouts, Training Techniques, Game
Highlights, and Match Replays; Lifestyle, which includes Recipe Videos, Gardening Tips, Workout
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Table 5: Scoring guidelines provided in the annotation interface.
Concepts 1 2 3 4 5

Main Action Completely
different types of
action (e.g.,
cooking and sports
domains)

Actions are
different but
related (e.g., both
sports)

Actions are similar
with significant
differences in how
they are carried
out

Actions are
similar with slight
differences in how
they are carried
out

No difference in
the main action
performed

Main Subjects Totally different
cardinality, gender
and age (e.g., a
man and a group
of women)

Different
cardinality but
some similar in
gender or age (e.g.,
a man and a group
of men)

Same cardinality
but significant
difference in age
or gender (e.g., a
man and a boy)

Same cardinality
but minor
difference in age
(e.g., a young
male and a boy)

Extremely similar
(e.g., two young
women in both)

Location Completely
different places

Different but
similar type of
place (e.g., indoor
and outdoor soccer
field)

Similar locations
still with
significant
differences

Similar locations
with slight
differences

Extremely similar
(e.g., rooms with a
similar size and
layout)

Order of Actions Completely
different, or no
sub-actions are in
common

The order of
actions has
significant
changes, and some
missing steps

Some actions are
reordered, with a
few steps missing,
but key steps
remain intact

Minor changes in
the order of
actions

Actions occur in
the same order,
without missing
steps

Main Objects Main objects are
entirely different

A few main
objects are shared,
but most are
different

Most main objects
are similar, with
some not in
common

Minor differences
in main objects
(e.g., color or
shape)

Main objects are
the same or
extremely similar

Figure 8: Wordclouds of collected tags. Visualization of tags for similarities and differences ,
displayed as wordclouds.

Routines, and Destination Guides; Education, consisting of Engineering Projects, Cooking Tutorials,
Documentaries, and DIY & Crafts; and finally, Hobbies & Interests, which covers Knitting, Hiking,
Camping, and Fishing.

Statistics on scores. Figure 12 reports the frequency distribution of the collected similarity scores
for each concept. The distributions vary across concepts, with main objects exhibiting the highest
number of scores equal to 1. Furthermore, Figure 11 shows the inter-correlation matrix between the
scores assigned to different concepts. These results highlight that, according to human annotators,
most visual concepts are not strongly correlated. The only notable exception is the pair main action
and order of action, which exhibit a correlation higher than 80.

C Prompts for LMMs evaluation

Figure 13 illustrates the prompts used to evaluate LMMs on ConViS. These prompts, for all the
concepts, are used in the evaluation setup described in Sec. 5.1.
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D Implementation details

Regarding the specific models used in Sec 5.2, we use DINOv2 [33], CLIP [36], and InternVideo [45]
with a ViT-L/14 backbone, VideoMAE [41] with ViT-L, and Sentence-BERT [37] with the MiniLM-
L6 (i.e., all-MiniLM-L6-v2 variant), which is a widely adopted model for text-to-text semantic
similarity tasks.
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System Prompt
You are an AI designed to compare two videos based on the visual concept of
<concept>.

The input consists of a sequence of concatenated frames: the first half
represents Video 1, and the second half represents Video 2.
Your task is to evaluate how similar these two videos are with respect to the
concept <concept>.
Output a single similarity score between 1 and 5, where 1 means completely
different and 5 means perfectly similar in terms of <concept>.
Do not explain your reasoning. Only output the numerical score.

Figure 13

E Additional experiments

Table 6 reports the performance differences when using a single frame per video instead of the full
sequence of frames. It shows detailed results for all the concepts, with negative values indicating
degraded alignment with human judgments. Tab. 7 reports the extended results across varying
numbers of frames per video, illustrating how human-alignment scales with temporal input.

Table 6: Alignment performance delta when using a single frame per video. We report the
difference (∆) in Spearman’s ρ and Kendall’s τ correlations with human judgement (×100), computed
as the change in performance when models receive a single frame per video instead of N frames. A
negative value indicates performance degradation with fewer frames. A dash (–) indicates that the
correlation could not be computed because the model outputs constant predictions.

Main Action Main Subjects Main Objects Location Order of Actions
Model ∆ρ ∆τ ∆ρ ∆τ ∆ρ ∆τ ∆ρ ∆τ ∆ρ ∆τ

mPLUG-Owl3-7B [49] -6.45 -5.13 -1.86 -1.35 -10.89 -8.85 -11.14 -8.89 +0.57 +0.78
LLaVA-OV-0.5B [24] -3.84 -3.11 +0.62 +0.24 +3.50 +2.79 -6.11 -4.96 +4.39 +3.81
LLaVA-OV-7B [24] -19.40 -16.24 -11.37 -9.05 -20.93 -17.69 -14.88 -11.86 -15.22 -12.36
LLaVA-Video-7B [51] -13.56 -11.96 -11.09 -9.65 -1.96 -2.26 -10.65 -9.45 -15.81 -13.23
Qwen2.5-VL-3B [3] -26.80 -22.22 -10.96 -8.64 -17.98 -14.92 -13.03 -10.80 – –
Qwen2.5-VL-7B [3] -29.57 -24.39 -16.45 -13.53 -17.92 -14.75 -21.96 -17.80 -22.81 -18.75
InternVL2.5-4B [5] +14.88 +11.55 +5.03 +3.87 +17.84 +13.88 +5.82 +4.54 +15.65 +11.93
InternVL2.5-8B [5] -8.91 -7.38 -1.59 -1.71 -1.73 -1.43 +8.70 +6.65 -2.33 -2.06
InternVL3-8B [52] -0.59 -0.09 -3.56 -2.26 +2.93 +3.01 +2.12 +2.10 +1.67 +1.56
Gemini-2.0-Flash [39] -3.57 -2.06 -0.93 -0.62 +9.85 +8.62 +7.01 +5.10 -6.86 -4.59

F Qualitative examples

In this section, we present qualitative examples of video pairs from ConViS-Bench. As shown
in Figures 14 to 18, each example includes two videos with four representative frames per video,
together with concept scores and annotated similarity and difference tags. ConViS-Bench contains
similar video pairs that differ in specific aspects such as location. For example, a young blonde
woman performing the same workout exercise at the seaside and in a park (see 14c), or in an indoor
gym setting (see 14e). Another example features a person crocheting outdoors in a park versus
indoors on a sofa (see 17e). The dataset also includes video pairs with similar location and main
subjects, where the main action differs, e.g., 14d, 16e, and 18e where only the action performed
changes. Other examples show low similarity in the order of actions, even when the overall activity
or context is related. For instance, both videos may show a person interacting with plant leaves, but
in one case a leaf is deliberately detached (see 15e). Finally, some video pairs are nearly identical in
setting and action but differ in the main subjects, such as a male versus female athlete competing in a
track and field event (see 18d).

Additionally, this Appendix includes qualitative examples used for the retrieval evaluation discussed
in Sec. 5.3. These examples are provided in video format to better demonstrate the full temporal
dynamics and allow simultaneous comparison of entire videos.
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Table 7: Alignment performance of LMMs on ConViS-Bench at varying number of frames. We
report Spearman’s ρ and Kendall’s τ correlations with human judgment (×100). Frames indicates
the number of frames per every video in the pair. A dash (–) indicates that the correlation could not
be computed because the model outputs constant predictions.

Model Frames Main Action Main Subjects Main Objects Location Order of Actions
ρ τ ρ τ ρ τ ρ τ ρ τ

mPLUG-Owl37B 16 30.64 25.12 20.59 16.84 28.53 23.47 21.00 17.00 23.11 18.74
mPLUG-Owl37B 8 31.18 25.62 23.15 18.98 29.05 23.95 22.02 17.98 21.43 17.51
mPLUG-Owl37B 4 32.82 27.09 23.19 19.23 33.67 27.92 14.14 11.64 23.73 19.56
mPLUG-Owl37B 2 29.32 24.20 18.69 15.49 25.04 20.77 8.12 6.67 23.81 19.62
mPLUG-Owl37B 1 24.19 19.99 18.73 15.49 17.64 14.62 9.86 8.11 23.68 19.52

LLaVA-OV-0.5B 16 1.95 1.54 -5.05 -3.91 -4.00 -3.20 5.66 4.59 1.30 0.90
LLaVA-OV-0.5B 8 -4.04 -3.32 -8.69 -6.87 0.09 0.06 -1.06 -0.81 -0.32 -0.30
LLaVA-OV-0.5B 4 3.75 3.09 6.52 5.36 10.60 8.74 4.73 3.83 7.02 5.78
LLaVA-OV-0.5B 2 6.12 5.01 -2.59 -2.14 0.35 0.29 -1.58 -1.33 5.66 4.66
LLaVA-OV-0.5B 1 -1.89 -1.57 -4.43 -3.67 -0.50 -0.41 -0.45 -0.37 5.69 4.71

LLaVA-OV-7B 16 51.76 42.48 48.43 39.14 58.64 48.17 58.94 47.72 41.02 33.31
LLaVA-OV-7B 8 47.61 38.94 47.30 38.64 50.23 41.36 57.00 46.10 43.46 35.49
LLaVA-OV-7B 4 44.39 35.87 39.84 32.28 48.68 40.02 57.39 46.55 37.51 30.54
LLaVA-OV-7B 2 35.81 28.96 40.51 33.04 45.06 36.93 50.33 40.90 32.60 26.72
LLaVA-OV-7B 1 32.36 26.24 37.06 30.09 37.71 30.48 44.06 35.86 25.80 20.95

LLaVA-Video-7B 16 44.17 36.53 39.81 32.81 45.85 37.96 55.96 46.33 41.25 34.05
LLaVA-Video-7B 8 44.86 36.97 35.08 28.85 43.71 36.12 54.84 45.16 39.43 32.59
LLaVA-Video-7B 4 46.50 38.42 35.88 29.57 43.76 36.12 53.98 44.54 39.86 32.95
LLaVA-Video-7B 2 37.79 30.95 32.00 26.33 40.88 33.55 48.22 39.33 33.68 27.81
LLaVA-Video-7B 1 30.61 24.57 28.72 23.16 43.89 35.70 45.31 36.88 25.44 20.82

Qwen2.5-VL-3B 16 21.84 18.10 8.62 6.70 15.20 12.61 13.44 11.14 12.79 10.60
Qwen2.5-VL-3B 8 23.34 19.35 16.62 13.75 20.20 16.75 14.27 11.76 8.37 6.91
Qwen2.5-VL-3B 4 20.56 17.06 12.65 10.48 7.09 5.88 13.28 11.00 5.86 4.85
Qwen2.5-VL-3B 2 9.76 8.09 7.51 6.22 8.11 6.73 4.32 3.57 - -
Qwen2.5-VL-3B 1 -4.96 -4.12 -2.34 -1.94 -2.78 -2.31 0.41 0.34 - -

Qwen2.5-VL-7B 16 37.88 31.28 17.53 14.43 26.97 22.26 23.63 19.17 23.85 19.61
Qwen2.5-VL-7B 8 29.13 23.92 16.02 13.21 24.23 20.01 19.59 16.02 20.24 16.64
Qwen2.5-VL-7B 4 26.47 21.83 19.53 16.08 19.75 16.35 18.29 15.03 22.88 18.89
Qwen2.5-VL-7B 2 17.84 14.76 13.99 11.58 10.85 9.00 7.34 6.08 16.01 13.23
Qwen2.5-VL-7B 1 8.31 6.89 1.08 0.90 9.05 7.51 1.67 1.37 1.04 0.86

InternVL2_5-4B 16 13.23 10.13 16.71 12.89 14.99 11.71 13.93 10.71 9.88 7.54
InternVL2_5-4B 8 17.31 13.30 19.95 15.51 21.42 17.05 22.18 17.13 9.98 7.68
InternVL2_5-4B 4 27.58 21.07 28.47 21.70 31.76 24.63 21.47 16.12 19.77 14.99
InternVL2_5-4B 2 27.98 21.34 22.97 17.44 29.00 22.22 22.37 17.10 22.63 17.16
InternVL2_5-4B 1 28.11 21.68 21.74 16.76 32.83 25.59 19.75 15.25 25.53 19.47

InternVL2_5-8B 16 28.70 22.42 28.60 22.08 25.06 19.40 19.64 15.18 18.15 14.07
InternVL2_5-8B 8 22.93 17.68 27.35 20.99 26.67 20.65 32.21 24.96 25.20 19.31
InternVL2_5-8B 4 28.53 21.95 30.41 23.20 32.27 24.89 28.17 21.80 22.98 17.46
InternVL2_5-8B 2 25.30 19.43 27.19 20.53 27.87 21.46 31.65 24.36 21.87 16.46
InternVL2_5-8B 1 19.79 15.04 27.01 20.37 23.33 17.97 28.34 21.83 15.82 12.01

InternVL3-8B 16 40.69 31.31 36.54 27.80 42.50 32.88 45.47 34.98 32.74 24.88
InternVL3-8B 8 45.68 35.26 41.74 31.86 47.25 36.79 49.04 38.08 31.98 24.25
InternVL3-8B 4 48.24 37.23 42.11 31.91 49.65 38.65 53.78 41.75 32.51 24.69
InternVL3-8B 2 41.84 32.43 34.02 26.07 41.49 32.33 52.05 40.44 30.64 23.52
InternVL3-8B 1 40.10 31.22 32.98 25.54 45.43 35.89 47.59 37.08 34.41 26.44

G Broader impacts

The introduction of ConViS and ConViS-Bench presents significant potential for advancing the
interpretability and alignment of models with human judgment in video understanding. By facili-
tating more reliable and human-aligned evaluation of video models, our research contributes to the
development of responsible AI technologies that serve diverse communities and societal needs. We
do not foresee any immediate negative societal impacts resulting from our work. However, there is a
risk that ConViS-Bench may not adequately reflect the video understanding capabilities of models
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in specific tasks or scenarios. We encourage users to carefully consider the intended use cases and
limitations of their models when utilizing ConViS-Bench for evaluation, and to supplement it with
additional benchmarks or domain-relevant assessments where appropriate.

H Institutional review board approvals

The institutional review board (IRB) reviewed and approved this study, concluding that "the research
in question does not involve risks to the psycho-physical well-being of the subjects involved that could
possibly even limit their right to confidentiality, information and autonomy in decision-making.". The
official document is available on request.

I Assets

Table 8 lists URLs and licenses for all the assets used in the paper.

Table 8: List of URLs and licenses for all assets used.
Name URL License

mPLUG-Owl3-7B https://huggingface.co/mPLUG/mPLUG-Owl3-7B-240728 Apache 2.0

LLaVA-OV-7B https://huggingface.co/lmms-lab/llava-onevision-qwen2-7b-ov Apache 2.0

LLaVA-OV-0.5B https://huggingface.co/lmms-lab/llava-onevision-qwen2-0.5b-ov Apache 2.0

LLaVA-Video-7B https://huggingface.co/lmms-lab/LLaVA-Video-7B-Qwen2 Apache 2.0

Qwen2.5-VL-7B https://huggingface.co/Qwen/Qwen2.5-VL-7B-Instruct Apache 2.0

Qwen2.5-VL-3B https://huggingface.co/Qwen/Qwen2.5-VL-3B-Instruct Apache 2.0

InternVL2.5-4B https://huggingface.co/OpenGVLab/InternVL2_5-4B MIT

InternVL2.5-8B https://huggingface.co/OpenGVLab/InternVL2_5-8B MIT

InternVL3-8B https://huggingface.co/OpenGVLab/InternVL3-8B MIT

Gemini-2.0-Flash https://cloud.google.com/vertex-ai/generative-ai/docs/models/gemini/2-0-flash Apache 2.0

VideoMAE https://huggingface.co/MCG-NJU/videomae-large CC BY-NC 4.0

DINOv2 https://huggingface.co/facebook/dinov2-large Apache 2.0

CLIP https://huggingface.co/openai/clip-vit-large-patch14 MIT

InternVideo https://huggingface.co/OpenGVLab/InternVideo1.0 Apache 2

FineVideo https://huggingface.co/datasets/HuggingFaceFV/finevideo CC-BY 4.0
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SCORES main action: 4.9 main subjects: 2.8 main objects: 4.2 location: 4.5 order of actions: 4.1

SIMILARITY TAGS ring, arena, fight, boxing, fighting, competition, boxing match, colour of ring

DIFFERENCE TAGS men, women, gender, camera angles, gender of athletes

(a)

SCORES main action: 4.0 main subjects: 3.0 main objects: 3.0 location: 4.5 order of actions: 3.5

SIMILARITY TAGS flips, indoor, same sport, gymnastics

DIFFERENCE TAGS speed, couple gender, male and female

(b)

SCORES main action: 3.4 main subjects: 4.1 main objects: 2.7 location: 1.9 order of actions: 3.3

SIMILARITY TAGS yoga, movement, exercise, similar exercise, outdoor exercise, bodyweight exercise, hands behind the back

DIFFERENCE TAGS sea, park, chair, beach, location, roadside, raised hands, t-shirt color, used equipment, sport accessories, exercise execution,
multiple exercises, one in a beach and the other on abench

(c)

SCORES main action: 2.5 main subjects: 5.0 main objects: 4.5 location: 5.0 order of actions: 2.0

SIMILARITY TAGS location, yoga mat, dumbbells

DIFFERENCE TAGS exercises, actions performed

(d)

SCORES main action: 4.5 main subjects: 5.0 main objects: 4.0 location: 1.0 order of actions: 4.5

SIMILARITY TAGS fitness, weights, arm workout, upperbody workout

DIFFERENCE TAGS location, elbows direction

(e)

Figure 14: Samples from ConViS-Bench.
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SCORES main action: 2.3 main subjects: 4.0 main objects: 3.3 location: 3.8 order of actions: 2.0

SIMILARITY TAGS pan, egg, eggs, kitchen, location, cooking egg, performing action on egg

DIFFERENCE TAGS raw, stove, tools, action, cooking, main object, main action, stage of cooking, action on the egg, location of action

(a)

SCORES main action: 2.9 main subjects: 4.0 main objects: 3.3 location: 3.6 order of actions: 2.3

SIMILARITY TAGS egg, eggs, bowl, baking, cooking, indoors, egg yolk, food type

DIFFERENCE TAGS salt, whisk, speed, sieve, mixing, recipe, utensils, add sugar, items used

(b)

SCORES main action: 1.4 main subjects: 1.3 main objects: 1.1 location: 3.1 order of actions: 1.1

SIMILARITY TAGS sea, sand, beach, location, outdoors

DIFFERENCE TAGS yoga, action, subjects, activity, sky diving, sport type, main action, number of people

(c)

SCORES main action: 4.9 main subjects: 4.4 main objects: 4.6 location: 2.8 order of actions: 4.3

SIMILARITY TAGS oil, meat, food, steak, cooking, brushing, marinating, seasoning a meat

DIFFERENCE TAGS text, steak, drizzle, outdoor, location, locations, view point, light view, one is more red, cut of the steak, different method of
approach

(d)

SCORES main action: 4.5 main subjects: 4.5 main objects: 4.5 location: 4.2 order of actions: 3.2

SIMILARITY TAGS plant, colour, garden, vase color, leaves in a pot

DIFFERENCE TAGS colour, garden, vase color, leaves in a pot

(e)

Figure 15: Samples from ConViS-Bench.
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SCORES main action: 4.2 main subjects: 3.5 main objects: 4.7 location: 4.8 order of actions: 4.0

SIMILARITY TAGS gym, coach, jumping, rolling, location, back flip, gymnastics, same person, same objects, same location

DIFFERENCE TAGS woman, gender, subject, tutorial, jump type, action timing, actually flips, number or people

(a)

SCORES main action: 2.0 main subjects: 2.7 main objects: 2.0 location: 3.7 order of actions: 1.7

SIMILARITY TAGS pastry, baking, kitchen, cooking, food prep, hands-on activity

DIFFERENCE TAGS apple, apples, dish focus, tools used, action type, rolling pin

(b)

SCORES main action: 4.4 main subjects: 2.9 main objects: 4.1 location: 4.4 order of actions: 4.1

SIMILARITY TAGS arena, boxing, fighting, athletes, same ring, crowded arena

DIFFERENCE TAGS gender, skills, intensity, different gender, different starting points within fight

(c)

SCORES main action: 2.5 main subjects: 2.0 main objects: 4.5 location: 2.5 order of actions: 2.5

SIMILARITY TAGS knife, sharpening

DIFFERENCE TAGS wood, bucket, sawing, soldiers

(d)

SCORES main action: 2.0 main subjects: 5.0 main objects: 1.5 location: 5.0 order of actions: 1.5

SIMILARITY TAGS chief, cooking, location, same person, cutting board, outdoor kitchen

DIFFERENCE TAGS corn, food, order, manner, skillet, ingredients

(e)

Figure 16: Samples from ConViS-Bench.
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SCORES main action: 4.7 main subjects: 3.7 main objects: 5.0 location: 3.7 order of actions: 4.0

SIMILARITY TAGS gym, sports, lifting, barbell, deadlift, leg lift, weightlifting, heavy weights

DIFFERENCE TAGS order, location, no lifts, lighting, extra people, camera angle, audience presence, setting (competition vs practice)

(a)

SCORES main action: 4.5 main subjects: 1.5 main objects: 4.0 location: 4.0 order of actions: 2.5

SIMILARITY TAGS action, training

DIFFERENCE TAGS speed, action object, first one is performed on a wig, second is a complete hair cut (with coloring)

(b)

SCORES main action: 5.0 main subjects: 4.5 main objects: 3.5 location: 3.5 order of actions: 2.5

SIMILARITY TAGS hat, road, running, language

DIFFERENCE TAGS duration, description, video length

(c)

SCORES main action: 4.3 main subjects: 3.3 main objects: 3.3 location: 2.3 order of actions: 2.3

SIMILARITY TAGS male, funnel, senior, pouring, the act of pouring

DIFFERENCE TAGS tools, liquid, blender, location, location one was inside kitchen the other outside

(d)

SCORES main action: 4.0 main subjects: 4.1 main objects: 3.6 location: 2.1 order of actions: 3.6

SIMILARITY TAGS wool, sewing, crochet, needles, knitting, stitching, thread work, crochet hooks, point of view

DIFFERENCE TAGS pink, wool, blue, color, speed, indoor, colors, outdoor, location, wool color, hand speed, ball of yarn, red and green, colour of
thread

(e)

Figure 17: Samples from ConViS-Bench.
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SCORES main action: 4.0 main subjects: 3.1 main objects: 2.8 location: 2.4 order of actions: 3.9

SIMILARITY TAGS workout, footwork, training, exercise, knee tucks, main action, green floor, same workout, syntetic grass floor

DIFFERENCE TAGS place, gender, fitball, setting, location, gym tool, equipment, equipments, prone tucks, floor tucks, gliding discs, gender of
trainers

(a)

SCORES main action: 1.4 main subjects: 1.3 main objects: 1.1 location: 3.1 order of actions: 1.1

SIMILARITY TAGS sea, sand, beach, location, outdoors

DIFFERENCE TAGS yoga, action, subjects, activity, sky diving, sport type, main action, number of people

(b)

SCORES main action: 2.5 main subjects: 2.0 main objects: 2.0 location: 4.0 order of actions: 1.0

SIMILARITY TAGS gym, bars, old man, young guy, exercise type

DIFFERENCE TAGS age, weights, dumbells

(c)

SCORES main action: 4.3 main subjects: 2.7 main objects: 4.0 location: 4.5 order of actions: 4.2

SIMILARITY TAGS track, sport, running, athletics, relay race, before race, running track, track and field, introduce runners, presentation of
athlethes

DIFFERENCE TAGS men, race, women, gender, camera close-up, number of meters, genre of subjects, audience numerosity, sex of participates

(d)

SCORES main action: 2.8 main subjects: 3.8 main objects: 3.4 location: 4.5 order of actions: 2.5

SIMILARITY TAGS location, training, explaining, same person, football pitch, soccer practise, soccer exercises, football training

DIFFERENCE TAGS doing, action, result, ladder, actions, footbal, exercise, ground is same, type of exercise, kicking the ball, use of equipment

(e)

Figure 18: Samples from ConViS-Bench.
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