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Figure 1. Scientific communication formats and their interconnections: The figure illustrates how research knowledge is represented
and shared across multiple formats, including research papers (Docs), presentation slides, conference videos, and explanation videos. These
formats are not isolated; rather, strong semantic and structural connections exist between them. Slides often summarize and visualize key
insights from papers, presentation videos provide verbal and contextual elaboration, and explanation videos further distill the content for
broader understanding. Together, they form a coherent, interconnected network of scientific communication that captures complementary
aspects of the same underlying research.

Abstract

The communication of scientific knowledge has become
increasingly multimodal, spanning text, visuals, and speech
through materials such as research papers, slides, and
recorded presentations. These different representations
collectively convey a study’s reasoning, results, and in-
sights, offering complementary perspectives that enrich un-
derstanding. However, despite their shared purpose, such
materials are rarely connected in a structured way. The ab-
sence of explicit links across formats makes it difficult to
trace how concepts, visuals, and explanations correspond,
limiting unified exploration and analysis of research con-

tent. To address this gap, we introduce the Multimodal
Conference Dataset (MCD), the first benchmark that inte-
grates research papers, presentation videos, explanatory
videos, and slides from the same works. We evaluate a
range of embedding-based and vision–language models to
assess their ability to discover fine-grained cross-format
correspondences, establishing the first systematic bench-
mark for this task. Our results show that vision–language
models are robust but struggle with fine-grained alignment,
while embedding-based models capture text–visual corre-
spondences well but equations and symbolic content form
distinct clusters in the embedding space. These findings
highlight both the strengths and limitations of current ap-



proaches and point to key directions for future research
in multimodal scientific understanding. To ensure repro-
ducibility, we release the resources for MCD at link.

1. Introduction
In contemporary research, scientific communication ex-
tends far beyond traditional written papers. Discoveries and
ideas are now shared through a rich ecosystem of materi-
als—formal manuscripts, visual summaries, recorded pre-
sentations, and explanatory videos—each offering a distinct
perspective on the same body of work. A written paper
captures the complete technical depth, articulating meth-
ods, experiments, and analyses with precision. Visual sum-
maries, such as slides highlight essential insights and il-
lustrate complex ideas through concise design. Recorded
presentations add the researcher’s voice, tone, and empha-
sis, revealing intent and interpretation that are often missing
from written text. Explanatory videos, on the other hand,
take a step toward accessibility, recontextualizing dense sci-
entific content into forms that are easier to grasp and com-
municate to wider audiences. Figure 1 shows these scien-
tific communication formats—papers, slides, presentation
videos, and explanation videos—and indicates their poten-
tial relationships using arrows.

Although these different forms describe the same re-
search, they tend to exist in isolation. The links between
them—how a figure in a paper connects to a slide im-
age [16], or how a spoken explanation corresponds to an
equation—are rarely documented [2, 3, 8, 13, 16, 34]. This
lack of correspondence creates information silos, where
valuable insights conveyed through one medium remain dis-
connected from others. Consequently, searching for, com-
paring, or comprehensively understanding research across
its various representations has become challenging. For stu-
dents, this limits opportunities to learn from complemen-
tary materials; for researchers, it restricts automated anal-
ysis and knowledge discovery; and for systems that aim to
organize or recommend research content, it reduces inter-
pretability and coherence.

Bridging these gaps requires structured alignment across
different research representations.. Establishing meaningful
connections between them can unlock new ways of explor-
ing scientific knowledge, where a concept introduced in a
paper can be directly linked to its visual explanation or a
spoken commentary can guide a reader to the relevant fig-
ure or section. Such integration not only enhances accessi-
bility and understanding but also supports the development
of intelligent systems capable of reasoning across multiple
forms of research communications. Motivated by this vi-
sion, we introduce a unified collection that brings together
these diverse materials and offers a comprehensive view of
how scientific ideas are conveyed, interpreted, and under-
stood across formats.

We introduce the Multimodal Conference Dataset
(MCD), the first benchmark for evaluating fine-grained
correspondences across research papers, slides, pre-
sentation videos, and explanatory videos. Using
MCD, we evaluate six models—embedding-based and
vision–language—across three traversal settings: EV →
PP(explanatory video to paper), S → PP(slide to paper),
and PV → PP(presentation video to paper), covering paper
segments: paragraphs, figures, equations, and algorithms.
The results are analyzed across traversals, model types, and
sizes. Our study provides several key insights. Vision–
language models are robust across modalities, but their
broad generality can make fine-grained alignment challeng-
ing. In embedding-based models, equations/symbolic con-
tent form distinct clusters in embedding space, showing lim-
ited mixing with text and visuals. Despite this, models
achieve effective retrieval. GME-2.2B and InternVL3.5-
38B are demonstrating solid performance in these seg-
ments. Through this comprehensive evaluation, we un-
cover trends and limitations across modalities, highlighting
where models succeed, where they fail, and what challenges
remain for robust cross-format understanding in scientific
communication.

2. Related Work

2.1. Cross-Modal Retrieval

Cross-modal retrieval aims to identify semantically corre-
sponding information across different content types(text,
images, audio, and video) enabling queries in one modal-
ity to retrieve relevant information in another. While
widely studied in general domains such as image–text re-
trieval [1, 10, 25], video–text alignment [12, 21], and vi-
sion–language understanding [15, 17], these approaches
typically focus on broad visual–linguistic content. Re-
cent methods like E5-V [14] adapt multimodal large lan-
guage models (MLLMs) to produce universal embeddings
across modalities via prompt-based representations. At
the same time, GME [36] fine-tunes MLLM retrievers on
large fused-modal datasets to support single-modal, cross-
modal, and fused-modal retrieval. In educational and re-
search contexts, content is highly structured and semanti-
cally dense, combining precise text, abstract visuals, and
spoken explanations. Early work aligned slides with pa-
pers [3, 13], later enhanced with visual cues and sequen-
tial modeling [3]. Research expanded to link presentation
videos with slides [2, 8, 34], integrating speech transcripts,
visual frames, and temporal synchronization [5, 23], as in
the Google I/O dataset [5]. Fine-grained figure–text asso-
ciations were explored [16], but prior work mostly consid-
ers pairwise correspondence. Our work addresses this gap
by enabling comprehensive cross-modal retrieval across pa-
pers, slides, and videos through a unified benchmark.



2.2. AI for Research

The integration of Artificial Intelligence (AI) into the re-
search lifecycle is transforming the creation, communica-
tion, and understanding of scientific knowledge. Tradi-
tionally, researchers manually prepared papers, slides, and
presentations, but large language and multimodal mod-
els now enable automation and augmentation across these
stages [11, 20, 26, 30, 37]. AI-driven systems assist in
summarizing complex papers, generating multimodal rep-
resentations such as slides [4, 11, 22, 27], videos [26, 37],
and posters [30], and linking concepts across textual, visual,
and spoken formats, enhancing efficiency and accessibility.
Recent work has focused on automatic content generation
from research papers. Slide generation models [4, 11, 27]
select key sections, figures, and equations to produce coher-
ent decks, while video generation systems [26, 37] synthe-
size narrated, visual presentations. Poster frameworks [30]
provide concise, visually engaging summaries. Beyond
static outputs, systems such as Paper2Agent [20] trans-
form papers into interactive AI agents that explain meth-
ods, reason about results, and engage in dialogue with users.
Emerging methods also align spoken content in talks with
corresponding regions in papers or slides, enabling high-
lighting of relevant sections during presentations [19]. This
supports audiences in following explanations while navi-
gating materials and maintaining context. Such alignment
reduces cognitive load [24, 38] and improves comprehen-
sion by directing attention to the most pertinent content.
Together, these advances illustrate the role of AI in bridg-
ing modalities, reducing the effort required to prepare re-
search artifacts, and enabling more interactive, multimodal,
and accessible engagement with scientific knowledge. This
convergence of AI and scholarly communication points to
a dynamic, interpretable, and interconnected future for re-
search dissemination.

3. Multimodal Conference Dataset

The Multimodal Conference Dataset (MCD) is a curated
collection of research papers, presentation slides, presen-
tation videos, and explanatory videos that capture multiple
perspectives of the same research work. It is designed to
support the study of how related information is connected
and expressed across these formats. Table 1 presents a
comparison of MCD with existing multimodal academic
datasets.

Data Collection: To construct MCD, we compiled
materials that co-refer to the same research work. The
dataset comprises two sets: the presentation set and an
explanation set. The presentation set consists of pa-
per–slide–presentation video triplets collected from the
NeurIPS 2023 conference. Research papers were re-
trieved from arXiv, while presentation slides and recorded

Dataset Contains Annot. Task

Sl. Doc PV EV Pos

DOC2PPT [11] ✓ ✓ ✗ ✗ ✗ A Slide Gen
Automatic slides generation [4] ✓ ✓ ✗ ✗ ✗ M Slide Gen
SciDuet [28] ✓ ✓ ✗ ✗ ✗ A Slide Gen
Persona-Aware D2S [22] ✓ ✓ ✗ ✗ ✗ A Slide Gen
SlideAVSR [31] ✗ ✗ ✓ ✗ ✗ A+M AVSR
DocVideoQA [32] ✗ ✗ ✓ ✗ ✗ A+M VideoQA
CS-PaperSum [18] ✗ ✗ ✓ ✗ ✗ A Summ.
Paper2Poster [30] ✗ ✓ ✗ ✗ ✓ A Poster Gen
Doc2Present [26] ✓ ✓ ✓ ✗ ✗ A Video Gen
Paper2Video [37] ✓ ✓ ✓ ✗ ✗ A Video Gen
MCD ✓ ✓ ✓ ✓ ✗ A+M Cross Trav

Table 1. Comparison of multimodal academic datasets based on
included formats (Sl.: slides, Doc: documents, PV: presentation
videos, EV: explanatory videos, Pos: posters), annotation type (A:
automatic, M: manual), and supported task.

talks were obtained from the SlidesLive platform, which
archives official conference presentations along with slide
decks used by speakers. The explanation set contains
paper–explanatory video pairs, where explanatory videos
were sourced from the Yannic Kilcher YouTube channel1.
The corresponding papers were downloaded from the links
provided in the video descriptions to ensure that the exact
versions referenced in the explanations were used.

Data Preprocessing: For the presentation set, an-
imated slides—where elements appeared incrementally
across multiple slides-were identified, and only the final
version containing all elements was retained to avoid redun-
dancy. In such cases, the corresponding transcript segments
up to the retained slides were concatenated to preserve the
complete verbal context. Non-content slides, such as ti-
tle, outline, acknowledgement, and closing (e.g., “Thank
You”) slides were removed. After forming paragraph-level
paper segments, segments containing only a single charac-
ter were discarded 3. Additionally, segments categorized
as “abandon” by PDFExtractor were filtered out from
the paragraph set, and overlapping figure and equation el-
ements were handled to ensure that only meaningful tex-
tual and visual components were preserved for subsequent
alignment/retrieval tasks.

Data Statistics: The dataset comprises two primary sub-
sets: the Presentation Set and the Explanation Set. The Pre-
sentation Set consists of 20 paper–slide–presentation video
triplets, where each presentation video has an average du-
ration of approximately 5 minutes. Segmentation is per-
formed at the slide level, with each segment corresponding
to an individual slide and its associated ASR transcript. In
contrast, the Explanation Set includes 15 paper–explanatory
video pairs, with explanatory videos averaging approxi-
mately 40 minutes in duration. For this set, segmentation
follows predefined topic boundaries, and the provided seg-
ments are used directly to preserve coherent thematic units.
Transcripts for all videos across both sets are generated us-

1 https://www.youtube.com/@YannicKilcher/videos
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Figure 2. Statistics of the Explanation and Presentation sets: (a) and (d) show the distribution of algorithms, equations, tables, and
figures in the papers; (b) presents the word cloud generated from ASR transcripts; (e) presents the word cloud generated from slide text
and ASR transcripts; (c) and (f) depict the number of videos per segment category.

ing WhisperX. Table 2 summarizes the dataset, including
the number of papers and slides, as well as the durations of
Explanation Videos (EV) and Presentation Videos (PV).

Figure 2 summarizes the dataset statistics for both sub-
sets. Subfigures (a) and (d) show the distribution of content
types (algorithms, equations, tables, and figures) in the pa-
pers. Subfigures (b) and (e) present frequent words from
the sources (Explanation Set: ASR; Presentation Set: slide
OCR + ASR): the Explanation Set features conversational
terms (e.g., “see,” “right”), while the Presentation Set high-
lights technical terms (e.g., “model,” “data,” “algorithm”).
Subfigures (c) and (f) depict segment counts per video, with
the Explanation Set showing a more uniform distribution
and the Presentation Set containing more videos with over
ten segments.

Count Min Max Avg

Ex. Videos (min.) 15 25.55 72.36 39.77
Slides 20 4 19 10.60
Pres. Videos (min.) 20 2.25 5.33 4.58
Papers (all) 35 9 43 18.2

Table 2. Dataset content overview: counts of papers and slides,
and durations (in minutes) for videos (EV = Explanation Video,
PV = Presentation Video).

Paper Segments: Each research paper comprises di-
verse elements such as text, figures, algorithms, and equa-
tions that collectively convey the study’s content. To sys-
tematically capture these components, we categorized the
paper into four segment types: paragraphs, equations, fig-

ures (including associated captions), and algorithms. Fig-
ures are extracted using PDFFIGURES [6]. Algorithmic
regions are detected with PP-DOCLAYOUT-L [29], from
which bounding boxes are obtained and subsequently pro-
cessed with PADDLEOCR [7] to extract the text. Equations
are identified and recognized using the PDFEXTRACTOR
toolkit2, specifically employing its formula detection and
recognition modules. A preprocessing stage ensures that
extracted equations and figure regions are non-overlapping.
These detected components are then removed from the PDF,
and the remaining text is processed with SCIENCEPARSE3,
which segments the document into structured components
such as abstract, sections, and authors. The paragraph seg-
ments were subsequently obtained from these textual com-
ponents. Figure 3 illustrates the overall extraction pipeline.

Annotation: To establish fine-grained cross-modal cor-
respondence, each source segment—whether a slide, a pre-
sentation video segment (slide + transcript), or an explana-
tory video segment (transcript)—is manually aligned with
its corresponding paper segments. This ensures that all se-
mantically relevant parts of the paper are accurately iden-
tified for every source segment. The dataset contains 15
explanatory videos and 20 presentation videos. The query
set comprises 460 queries containing at least one paragraph,
including 147 with at least one relevant figure, 121 with at
least one relevant equation, and 56 with at least one relevant
algorithm.

2https://github.com/opendatalab/PDF- Extract-
Kit?tab=readme-ov-file

3https://reurl.cc/e62LXL
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Figure 3. Pipeline for extracting paper segments—figures, equa-
tions, algorithms, and paragraphs—from the paper PDF.

4. Cross Linking Across Modalities
4.1. Cross Modal Grounding
We address the task of linking multimodal research
materials—explanatory videos, presentation videos, and
slides—to their corresponding paper content. Each source
provides a distinct perspective on the same work: the ex-
planatory video emphasizes conceptual flow, the presenta-
tion video blends visuals and narration, and the slides con-
vey condensed visual cues.

A research paper comprises multiple elements, includ-
ing paragraphs, figures, equations, and algorithms. Here,
a figure is defined as the visual image along with its as-
sociated captions (tables and their associated captions are
also considered part of the figure). Given a source segment
from any format—explanatory video, presentation video,
or slide—the goal is to establish fine-grained, one-to-many
correspondence with the paper by identifying and ranking
the most relevant elements. Formally, the task is:

f : x → {pi}Ni=1,

where x denotes an input segment from a source modality
and {pi} represents the set of paper elements semantically
related to x. This formulation captures that a single segment
may correspond to multiple paper components conveying
the same underlying concept.

We consider three retrieval settings, each with a dis-
tinct query type. For explanatory videos, the query con-
sists of the transcript of the video segment (EV→PP). For
slides, the query is the slide image (S→PP). For presenta-
tion videos, the query combines both the slide image and
the corresponding transcript (PV→PP). Performance is as-
sessed using NDCG@K for paragraphs, figures, and equa-
tions, which measures how well the ranked paper elements
align with human-annotated relevance judgments. For al-
gorithms, we set a threshold of 0.6 and compute recall to
evaluate retrieval.

4.2. Are MLLMs ready?
We evaluate six models covering embedding-based and
vision–language models (VLMs). The embedding-based
models include E5-V [14], GME (2.2B, 8.2B) [36], and

ColQwen [9]. E5-V produces universal embeddings by
adapting multimodal large language models (MLLMs)
with text-pair training and prompt-based bridging to align
modalities, showing strong performance in image–text and
document retrieval. GME supports single-modal, cross-
modal, and fused-modal retrieval, with 2.2B and 8.2B
variants (with and without instruction). Its large-scale
instruction-based training on fused-modal datasets enables
unified embeddings for text, images, and visual documents,
making it effective for fine-grained correspondence be-
tween source segments and paper elements. ColQwen in-
tegrates multimodal information to produce unified repre-
sentations for cross-modal retrieval.

The VLMs—InternVL-4B, InternVL3.5-38B, and
Qwen2.5-32B—are selected for their strong performance
in OCR and document understanding. InternVL-4B is
lightweight and efficient, InternVL3.5-38B provides high-
quality multimodal comprehension, and Qwen2.5-32B
offers strong visual–linguistic alignment. VLMs appear to
understand individual media in tasks such as summariza-
tion, rephrasing, and question answering. We probe the
depth of this understanding through the task of cross-linking
and cross-grounding. Together, these embedding-based
and VLM approaches enable evaluation across the three
traversal tasks—EV→PP, S→PP, and PV→PP—covering
single-, cross-, and fused-modal retrieval. This setup
ensures that each model’s strengths are leveraged to assess
fine-grained multimodal correspondence in structured
research content.

5. Performance Analysis
In this section, we analyze the retrieval performance of
all models across the three traversal settings—explanatory
video to paper (EV → PP), slides to paper (S → PP), and
presentation video to paper (PV → PP)—and across differ-
ent paper segment types, including paragraphs (par), figures
(fig), equations (eq), and algorithms (algo) (Table 3). Our
analysis is structured along four dimensions: (i) traversal-
specific trends, (ii) embedding-based models, (iii) vision–
language models, and (iv) the effect of model size, provid-
ing a comprehensive assessment of fine-grained multimodal
alignment.

5.1. Across Traversals
Performance varies across the three traversals—EV→PP,
S→PP, and PV→PP—reflecting differences in multimodal
correspondence (Table 3). The S→PP traversal achieves the
highest scores in majority cases due to strong visual–textual
alignment between slides and paper content. Figures and
equations on slides often directly reuse or paraphrase ma-
terial from papers; however, algorithm retrieval remains
challenging for most embedding-based models. In contrast,
EV→PP is the most difficult to traverse. Explanatory video
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Figure 4. Illustrates the performance of embedding-based and VLM-based models across all three traversal settings (EV → PP, S → PP,
PV → PP). NDCG@2 scores are used for paragraphs, figures, and equations. For algorithms, recall is calculated using a threshold of 0.6.

transcripts contain rich narrative language that diverges
from concise paper phrasing, reducing paragraph-level re-
trieval accuracy (≤ 53 NDCG@1 for the best embed-
ding model). However, models such as GME-Qwen2VL-
2B (with instructions) maintain stable figure-level perfor-
mance, suggesting that conceptual anchors in narration aid
alignment. PV→PP combines the strengths of the other
traversals. Slides provide visual grounding, and narration
adds interpretive context. The performance is comparable
to S→PP and exceeds EV→PP in the majority of cases.
Overall, the trend S→PP > PV→PP > EV→PP shows that
retrieval correlates with semantic and structural continu-
ity: clearer alignment supports stronger grounding, whereas
stylistic divergence challenges fine-grained retrieval.

5.2. Embedding-Based Models

Figure 5 visualizes query embeddings—for explanatory
videos (transcripts), slides (images), and presentation
videos (slide + transcript)—alongside candidate embed-
dings of paragraphs, equations, figures, and algorithms
across EV → PP, S → PP, and PV → PP traversals.
Equation embeddings form compact, isolated clusters with
limited mixing with textual and visual embeddings. In
ColQwen, this separation is most pronounced, with equa-
tion clusters almost entirely distinct, indicating strong
modality-specific encoding but weaker cross-modal integra-
tion. E5-V and GME show partial mixing: equation clusters
remain identifiable but slightly overlap with paragraphs and
figures, implying moderately shared semantic space.

Table 3 reports quantitative performance. GME consis-
tently performs strongly across traversals, with the 2.2B
variants outperforming other embedding-based baselines

E5-V GME
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 &
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Figure 5. Visualization of query and candidate embeddings for
representative instances across all three settings: EV → PP, S →
PP, and PV → PP. Zoom in for a better view.

for paragraphs, figures, and equations in most cases (but
struggles with algorithms—unable to find any relevant
matches). Across both the 2.2B and 7B variants, the use
of instruction prompts does not lead to consistent improve-
ments in performance. The GME-7B variant failed to re-
trieve relevant algorithms for S → PP. E5-V shows overall
decent performance, but remains lower than GME in most
cases. ColQwen2-VL has lower paragraph and figure scores
but comparatively better equation retrieval in EV → PP and
S → PP, with moderate performance in PV → PP. Notably,
it achieves perfect scores for all algorithms across all traver-
sals. Figure 4 (top row) presents NDCG@2 scores for all
three models across paper segments.
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Figure 6. The figure presents two qualitative examples illustrating typical VLM failure cases. In the left example, the explanation segment
discusses attention analysis in detail, as described for Candidate 2. However, the VLM assigns a higher similarity score to the abstract,
which offers only a broad overview rather than the fine-grained correspondence expected. Similarly, in the right example, for the slide
image, Candidate 1 provides a fine-grained match that closely aligns with the slide content, whereas Candidate 2 conveys only a general
overview, yet receives a higher score from the VLM.

5.3. Vision Language Models
We evaluate three vision–language models (VLMs)—two
from the InternVL3.5 family (4B and 38B) and one from
Qwen2.5-VL (32B)—along with proprietary Gemini mod-
els. Across most traversal settings, open-source VLMs ex-
hibit lower performance all paragraph and figure retrieval
in to embedding-based methods. This can be attributed
to their inherently broad semantic sensitivity: they are ro-
bust at identifying subtle cross-modal relationships, often
assigning high similarity scores to multiple partially rele-
vant paper segments. While this reflects strong semantic
understanding, it reduces precision of fine-grained segment-
level correspondence, which is central to our task. In other
words, although many candidate segments may be topically
relevant, the task requires exact alignment, and VLMs’ gen-
eralization tendency leads to weaker discrimination among
closely related candidates (see Figure 5).

Interestingly, VLMs perform comparatively better in
equation retrieval, likely due to the structured and symbolic
nature of equations, which provide clearer alignment cues.
The performance of the algorithms is consistently better
than that of embedding-based models. All reported results
for VLMs are based on few-shot inferences. Despite task-
specific prompting and examples emphasizing fine-grained
matching, these models tend to favor coarse semantic re-
trieval, excelling at capturing general relationships but lack-
ing precision in detailed alignment.

In contrast, the closed-source Gemini models (Flash and
Pro) consistently outperform open-source VLMs across all
segment types and traversals. Gemini-2.5 Pro achieves the
strongest overall results, with notable gains in paragraph
and figure retrieval, while Flash offers competitive perfor-
mance at a lower computational cost. Unlike open-source
VLMs, Gemini models strike a better balance between se-
mantic generalization and fine-grained matching, enabling
more accurate retrieval.

Overall, the performance gap highlights a clear distinc-
tion: open-source VLMs are effective at capturing broad

multimodal semantics but struggle with precise ground-
ing, whereas closed-source models demonstrate stronger
fine-grained alignments. Figure 4 (bottom row) shows
the NDCG@2 scores for InternVL-38B, InternVL-4B, and
Qwen-32B(Open-source VLMs) across different paper seg-
ments.

5.4. Effect of Model Size
Within the GME variants 2.2B and 8.2B, an increase in
model size does not consistently translate to improved per-
formance. The 2.2B variant often matches or even sur-
passes the 8.2B model across multiple traversals, indicat-
ing that scaling alone does not guarantee better multimodal
alignments. No clear trend correlating the model size with
the retrieval quality is observed among the embedding-
based methods. Similarly, larger embedding-based models
such as E5-V (8.4B) and GME-8.2B do not exhibit sub-
stantial gains over smaller counterparts like GME-2.2B or
ColQwen2-VL (2.2B). In contrast, among the VLM-based
models, increasing model size leads to significant and con-
sistent improvements, particularly within the InternVL fam-
ily. The performance rise is especially pronounced for
equation retrieval, where the larger models demonstrate
a substantial advantage across all three traversal settings
(EV→PP, S→PP, and PV→PP), highlighting the benefits
of scaling in vision–language architectures.
Overall, these observations indicate that model performance
depends on a combination of traversal type, segment modal-
ity, and model architecture. Embedding-based models tend
to struggle with algorithms, while VLMs struggle with
paragraphs; however, VLMs show notable gains from scal-
ing, particularly for equations. This underscores that ef-
fective fine-grained retrieval relies on both modality align-
ment and model design, shaping performance across papers,
slides, and videos.

6. Conclusion
We introduce the Multimodal Conference Dataset (MCD),
the first benchmark for fine-grained correspondences across



Model Size Par Fig Eq Algo

K=1 K=2 K=3 K=1 K=2 K=1 K=2

Traversal: EV→PP

ColQwen2-VL [9] 2.21B 47.27 41.52 40.37 61.40 63.80 63.16 67.01 12.50
E5-V [14] 8.4B 50.29 49.05 47.50 62 64.40 39.71 50.84 44
GME-Qwen2VL-2B w/o instr. [36] 2.2B 53.64 48.10 46.28 54.39 56.96 57.89 61.75 6.25
GME-Qwen2VL-2B with instr. [36] 2.2B 53.64 50.21 49.70 50.88 55.23 52.63 61.84 6.25
GME-Qwen2VL-7B w/o instr. [36] 8.2B 47.27 44.90 45.18 38.60 45.67 47.37 47.90 62.5
GME-Qwen2VL-7B with instr. [36] 8.2B 50.91 48.19 46.47 47.37 51.30 47.37 53.26 62.5
InternVL3.5-4B [33] 4B 36.29 36.45 34.79 39.34 44.68 61.90 62.39 60
InternVL3.5-38B [33] 38B 39.09 40.72 40.71 47.37 55.12 84.21 86.78 75
Qwen2.5-VL-32B [35] 32B 34.55 37.19 38.98 43.86 48.72 73.68 81.61 100
Gemini-2.5 Flash - 53.64 53.60 53.72 52.63 56.38 73.68 82.36 75
Gemini-2.5 Pro - 62.73 60.84 60.28 71.93 77.89 94.74 88.63 75

Traversal: S→PP

ColQwen2-VL [9] 2.21B 47.88 44.02 45.03 68.18 78.22 50.98 54.21 25
E5-V [14] 8.4B 56.97 54.02 54.80 63.64 70.81 43.14 41.82 0
GME-Qwen2VL-2B w/o instr. [36] 2.2B 58.79 53.58 54.48 75 83.60 68.63 70.54 8.33
GME-Qwen2VL-2B with instr. [36] 2.2B 58.18 54.08 54.76 72.73 81.33 68.63 69.78 12.50
GME-Qwen2VL-7B w/o instr. [36] 8.2B 52.12 50 51.45 77.27 83.01 66.67 66.39 0
GME-Qwen2VL-7B with instr. [36] 8.2B 55.15 52.35 53.89 77.27 85.88 68.63 68.35 0
InternVL3.5-4B [33] 4B 33.33 35.92 37.71 40.91 54.69 50.98 56.97 91.67
InternVL3.5-38B [33] 38B 42.42 44.58 47.55 50.00 62.03 70.59 75.06 91.67
Qwen2.5-VL-32B [35] 32B 46.06 45.60 50.60 59.09 70.01 64.71 73.17 100
Gemini-2.5 Flash - 59.39 57.91 60.68 77.27 86.43 80.39 87.81 100
Gemini-2.5 Pro - 66.06 62.85 64.87 79.55 85.84 90.20 88.40 100

Traversal: PV→PP

ColQwen2-VL [9] 2.21B 46.49 41.16 41.90 47.83 62.91 50.98 54.21 25
E5-V [14] 8.4B 54.05 51.29 53.91 60.87 69.94 47.06 48.49 0
GME-Qwen2VL-2B w/o instr. [36] 2.2B 52.97 48.06 48.57 65.22 76.72 49.02 49.70 4.17
GME-Qwen2VL-2B with instr. [36] 2.2B 55.14 49.24 49.85 67.39 76.15 45.10 48.53 4.17
GME-Qwen2VL-7B w/o instr. [36] 8.2B 55.14 49.39 49.63 69.57 79.70 60.78 61.26 0
GME-Qwen2VL-7B with instr. [36] 8.2B 55.68 49.30 50.02 65.22 78.40 62.75 62.47 4.17
InternVL3.5-4B [33] 4B 46.56 45.88 47.32 59.18 65.12 37.25 38.21 87.50
InternVL3.5-38B [33] 38B 49.73 47.70 48.98 47.83 55.21 75.00 75.00 100
Qwen2.5-VL-32B [35] 32B 44.86 46.39 49.41 52.17 65.05 74.51 80.70 100
Gemini-2.5 Pro - 59.46 58.66 61.20 78.26 81.53 86.27 89.99 100
Gemini-2.5 Flash - 59.46 56.22 57.22 76.09 81.57 82.35 86.06 100

Table 3. Retrieval results for traversals from explanatory video (EV→PP), slides (S→PP), and presentation video (PV→PP) to paper.
Evaluation is performed over paper candidates—including paragraphs (Par), figures (Fig), and equations (Eq)—using NDCG@K, while
for algorithms (Algo), only candidates with a threshold greater than 0.6 are considered, using recall as the metric. All values are reported
in percentage (%).

research papers, slides, presentation videos, and explana-
tory videos. MCD evaluates six embedding-based and vi-
sion–language models across three traversals—EV → PP, S
→ PP, and PV → PP. Vision–language models are robust but
less precise for fine-grained alignment, while embedding-
based models capture text–visual correspondences; equa-
tions and symbolic content form distinct clusters, showing

limited mixing yet remaining retrievable. GME-2.2B and
InternVL3.5-38B perform well. Overall, MCD provides a
unified framework for benchmarking cross-format scientific
retrieval, highlighting model strengths and limitations and
guiding future research in fine-grained correspondence dis-
covery.
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