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A. Benchmark Utility

The core contribution of this benchmark is to enable seam-
less navigation and alignment across different forms of sci-
entific communication—such as research papers, presenta-
tion slides, recorded talks, and explanatory videos—each of
which presents information with a distinct structure, level of
detail, and perspective. While all these media aim to convey
the same underlying concepts, they do so in complemen-
tary ways: papers provide formal rigor and completeness,
slides emphasize key ideas and visual summaries, presen-
tation videos capture the narrative flow and intent of the
speaker, and explanation videos often simplify and reinter-
pret concepts for clarity.

This diversity, while valuable, creates a practical chal-
lenge for learners and researchers: connecting correspond-
ing pieces of information across modalities is non-trivial. A
concept introduced in slides or a presentation video may not
map to a single element, but instead correspond to multiple
components within a paper—for example, a detailed para-
graph, a formal equation, and an associated figure. Simi-
larly, content from explanatory videos may align with com-
plementary parts of the paper that provide intuition, deriva-
tion, or formal grounding. Identifying these one-to-many
correspondences requires both semantic understanding and
fine-grained alignment across modalities.

Additionally, by enabling such fine-grained alignment,
the benchmark can also support the evaluation of paper-
to-slide and paper-to-video generation systems, as well as
the probing of multimodal LLM grounding in scientific do-
mains. It is not intended for end users today, but rather for
evaluating systems that will power such tools.

B. Dataset Details

The dataset consists of 15 explanatory videos and 20 pre-
sentation videos. It includes 142 explanatory video seg-
ments, of which 128 have at least one corresponding rel-
evant paper segment. Additionally, there are 204 slides and
204 presentation video segments, of which 200 have at least
one relevant paper segment. The query set comprises 460
queries, each containing at least one paragraph. Among
these, 147 queries include at least one relevant figure, 121
include at least one relevant equation, and 56 include at least
one relevant algorithm.

B.1. Preprocessing and Data Quality

ASR Transcripts. All video transcripts are generated us-
ing WhisperX, ensuring consistent and high-quality auto-
matic speech recognition across the dataset. To validate
transcription reliability, we performed manual spot-checks
on a sampled subset of videos, observing an accuracy of
greater than 90%.

Slide Content We do not apply explicit OCR to slide im-
ages. Instead, slide-based modalities rely directly on raw
visual inputs. In the S—PP setting, models are provided
with full slide images, requiring them to jointly interpret
visual structure and embedded text. In the PV— PP setting,
slide images are paired with ASR transcripts, enabling com-
plementary use of visual and spoken information.

Timestamp Alignment. Temporal alignment between
video and corresponding content is derived from reliable,
source-specific signals rather than post hoc synchroniza-
tion. For EV—PP, we use explicit topic timestamps pro-
vided in YouTube videos, which segment content into se-
mantically meaningful units. For PV—PP, we leverage
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the native alignment between slides and speech available
in SlidesLive recordings.

B.2. Annotation Details

A pilot study with four annotators on a sampled MCD sub-
set showed complete agreement, indicating that the task
is largely unambiguous in the scientific literature domain.
This high level of agreement is likely due to the structured
and precise nature of scientific content. Based on this obser-
vation, the remainder of the dataset was annotated by a sin-
gle high-quality expert to ensure consistency and efficiency.

While the segment types are clearly defined, special care
was taken to standardize the criteria for determining correct
correspondences, particularly in cases that may appear am-
biguous or partial. In general, annotations are guided by
conceptual relevance rather than strict surface-level match-
ing. For instance, figures in slides are considered aligned
with those in papers even when they are cropped, reformat-
ted, or stylistically modified, provided they convey the same
underlying concept; in such cases, both visual content and
accompanying captions are taken into account. Similarly,
equation alignment does not require exact symbolic equiv-
alence, but instead focuses on whether the expressions rep-
resent the same concept or play an equivalent role in the
explanation. These guidelines facilitate systematic and con-
sistent annotation.

C. Baseline Details

In this section, we discuss the details regarding the baseline
models, both vision language models and embedding-based
models.

All models are evaluated in their default, off-the-shelf
settings without any fine-tuning or parameter modification.
This includes using each model with its standard resolu-
tion, context length, and inference configurations as pro-
vided by their respective implementations. Closed-source
models such as Gemini are also used under their default API
settings

C.1. Embedding-based models

For the embedding-based baselines, ColQwen, E5-V, and
four configurations of GME are evaluated, corresponding to
two model sizes (2.2B and 8.2B), each used with and with-
out instructions. Figure | shows the instruction prompts
used for the GME variants.

For ColQwen and E5-V, when a candidate or query con-
tains fused content (e.g., an image and its caption), similar-
ity scores are computed independently for each component
and the maximum is taken. In contrast, GME uses a single
fused embedding for such multimodal inputs.

All images are provided to the respective model proces-
sors in their original resolution, without any manual resizing
or preprocessing, allowing each model to internally handle

image scaling according to its default pipeline. Image res-
olution can influence embedding quality and retrieval per-
formance; using the native preprocessing of each model
ensures consistency in evaluation and avoids introducing
model-specific biases through external adjustments.

C.2. Vision language models

To encourage fine-grained correspondence, we include key-
words such as “direct” and “fine-grained” in the VLM
prompts. We use all vision-language models in their default
settings, without any additional fine-tuning or parameter
modification. Because supplying all paper segments (e.g.,
paragraphs) often exceeds the model’s maximum context
length—and evaluating segments one by one is computa-
tionally expensive—we provide the model with a subset of
segments at a time. The VLM is instructed to evaluate each
segment in isolation and assign a relevance score. These
scores are then sorted in descending order to compute rank-
based retrieval metrics. Figure 2 shows the prompt used.

Since slide images are provided without explicit OCR,
the retrieval performance of VLMs inherently depends on
their implicit ability to read and interpret textual content
within images. To ensure that the task remains well-posed
and does not disproportionately disadvantage certain mod-
els, we conducted preliminary checks verifying that the
evaluated VLMs can reliably extract and reproduce the tex-
tual content from slides. This ensures that the task primarily
evaluates cross-modal alignment rather than raw text recog-
nition ability.

D. Evaluation Details

For paragraph, figure, and equation retrieval, we report
NDCG@XK to evaluate ranking quality. Algorithm retrieval
is treated separately, as most papers contain at most one
algorithm, making NDCG@1 uninformative (i.e., trivially
100 when the correct item is retrieved).

We instead evaluate algorithm retrieval using recall at a
similarity threshold. Specifically, we sweep thresholds from
0.3 to 0.95 in increments of 0.05 for EV—PP, S—PP, and
PV—PP, and select 0.6 as a stable operating point. Lower
thresholds tend to introduce false positives, while higher
thresholds are overly strict and reduce recall. Precision is
not reported, as most queries have only one relevant algo-
rithm(not all), making recall the more informative metric.
There are cases where queries have a single relevant algo-
rithm, making retrieval effectively binary, which is one of
the reasons we observe extreme values (0 or 100) for algo-
rithms.

D.1. Annotation Granularity

Paper segments are annotated at four levels: paragraphs
(text), figures (image + caption, including tables), equations
(text), and algorithms (text). Queries are defined as ASR



transcripts for explanatory videos, slide images for slides,
and both for presentation videos. .

E. Ablation
E.1. 0-Shot and k-Shot Performance Analysis

From Table 3, we observe that, in most cases, the k-shot
setting outperforms the zero-shot setting. Providing a small
number of input—output examples helps vision—language
models establish finer-grained correspondences. Notably,
improvements are consistent across paragraph, figure, and
equation retrieval. In contrast, the performance gains for
algorithm retrieval are negligible, suggesting that example-
based guidance offers limited additional benefit for this
modality.

F. Additional Dataset Details

Modality Avg (#) Max (#) Min#)
Slides (S) 108.17 476 6
Slide + Transcript (PV) 156.8 582 39
Transcript (EV) 615.84 2759 28

Table 1. Word count statistics across the different content
types(EV, PV, S), showing average, maximum, and minimum
counts.

Category Presentation Set Explanation Set
Algorithm 30 19
Equation 579 135
Image + Caption 107 103
Table + Caption 88 82

Table 2. Distribution of paper segments—algorithms, equations,
images, and tables—across the Presentation and Explanation Sets.
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Par \ Fig \ Eq
=3 | K=1 =2 | K=l

| Algo
K=2 |

Model

Traversal: EV—PP

InternVL3.5-4B (0-shot) [1] 4B | 29.87 3251 3230 | 2558 33.15 | 50.00 47.06 0

InternVL3.5-4B (k-shot) [1] 4B | 36.29 3645 3479 | 39.34 44.68 | 6190 62.39 60
InternVL3.5-38B (0-shot) [1] | 38B | 35.06 32.37 3593 | 34.88 41.89 | 61.11 70.27 | 100
InternVL3.5-38B (k-shot) [1] | 38B | 39.09 40.72 40.71 | 47.37 55.12 | 84.21 86.78 75
Qwen2.5-VL-32B (0-shot) [2] | 32B | 25.00 32.51 34.66 | 18.60 35.08 | 66.67 75.03 | 100
Qwen2.5-VL-32B (k-shot) [2] | 32B | 34.55 37.19 3898 | 43.86 48.72 | 73.68 81.61 | 100

Traversal: S—PP

InternVL3.5-4B (0-shot) [1] 4B | 30.30 33.83 3550 | 4091 54.69 | 50.98 53.45 | 90.48
InternVL3.5-4B (k-shot) [1] 4B | 3333 3592 37.71 | 4091 54.69 | 50.98 56.97 | 91.67
InternVL3.5-38B (0-shot) [1] | 38B | 42.31 43.44 4475 | 42.86 51.58 | 65.52 72.29 | 91.67
InternVL3.5-38B (k-shot) [1] | 38B | 42.42 4458 47.55 | 50.00 62.03 | 70.59 75.06 | 91.67
Qwen2.5-VL-32B (0-shot) [2] | 32B | 43.03 45.19 50.82 | 50.00 66.10 | 62.75 73.20 | 91.67
Qwen2.5-VL-32B (k-shot) [2] | 32B | 46.06 45.60 50.60 | 59.09 70.01 | 64.71 73.17 | 100

Traversal: PV—PP

InternVL3.5-4B (0-shot) [1] 4B | 3892 38.11 40.09 | 47.83 61.01 | 31.37 36.80 | 87.50
InternVL3.5-4B (k-shot) [1] 4B | 46.56 45.88 47.32 | 59.18 65.12 | 37.25 38.21 | 87.50
InternVL3.5-38B (0-shot) [1] | 38B | 48.11 47.04 49.21 | 43.48 5498 | 75.51 75.51 100
InternVL3.5-38B (k-shot) [1] | 38B | 49.73 47.70 4898 | 47.83 55.21 | 75.00 75.00 | 100
Qwen2.5-VL-32B (0-shot) [2] | 32B | 40.54 4532 47.84 | 52.17 65.00 | 74.50 80.00 | 95.65
Qwen2.5-VL-32B (k-shot) [2] | 32B | 44.86 46.39 4941 | 52.17 65.05 | 74.51 80.70 | 100

Table 3. Zero-shot and k-shot retrieval performance for traversals from explanatory video (EV—PP), slides (S—PP), and presentation
video (PV—PP) to paper content. Models are evaluated over paragraph (Par), figure (Fig), and equation (Eq) candidates using NDCG @K,
while algorithm (Algo) retrieval is evaluated using recall over candidates exceeding a similarity threshold of 0.6. Zero-shot rows contain
no in-context examples, whereas one-shot rows incorporate a single in-context demonstration. All values are reported in percentage (%).

PAR
Find the paragraphs that are relevant for the
given text

FIG

Find the figures & tables that are relevant for

the given text
EQ
Find the equations that are relevant for the

given text

ALGO

Find the algorithms that are relevant for the
given text

EV — PP

PAR
Find the paragraphs that are relevant for the
given slide image

FIG

Find the figures & tables that are relevant for

the given slide image
EQ
Find the equations that are relevant for the

given slide image

ALGO

Find the algorithms that are relevant for the
given slide image

S > PP

PAR
Find the paragraphs that are relevant for the
given slide & text

FIG

Find the figures & tables that are relevant for

the given slide & text
EQ
Find the equations that are relevant for the

given slide & text

ALGO

Find the algorithms that are relevant for the
given slide & text

PV — PP

Figure 1. The figure illustrates the instruction prompts used for the GME models across the three traversal settings: EV — PP, S — PP,
and PV — PP.



PROMPT

Your task is to identify how relevant each paper segment is to a given video segment.
Inputs:

e Query: Transcript (EV) | Slide image (S) | Slide Image + Transcript (PV) (any one)
e Candidate:
o Paper Paragraphs: {par_group}

OR

o Paper Segment: consists of a figure & caption: <image>
Caption: {caption_figure}
Fig_id: {fig_id}

OR

o Paper Segment: consists of an algorithm:
{cand_algo_text}
Algo_id: {algo_id}

OR

o Paper Segment: Equations:
{all_eqns}

Instructions:

Determine how relevant each paper segment is to the video segment.

If relevant, briefly explain why.

If not relevant, state that it is not relevant and explain why.

There must be a direct, fine-grained overlap between the video content and the
equation.

Only assign a high score if most of the concepts mentioned in the video appear
explicitly in the equation.

= @9 =

When giving the relevance score consider the paper segment in isolation (do not compare it
with others).

Output Format (strict JSON):

{{

"results": {{"<paper_segment_id_1>": <float_between_0_and_1>, "<paper_segment_id_2>":
<float_between_0_and_1>, ...}},

"explanation": "<few lines summarizing reasoning for the assigned scores>"

i

When giving the relevance score consider the paper segment in isolation (do not compare
with others).

L Provide a score for all input paper segments; do not skip any. )

Figure 2. Prompt used for VLM evaluation. Queries are provided as: transcript (explanatory video), slide (slides), or slide+transcript
(presentation videos). Each query is evaluated against four paper segment types: paragraph, figure, equation, and algorithm.
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