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Abstract

This paper presents an overview of the Med-
GenVidQA 2026 shared task on medical video
question answering, collocated with the 25th
BioNLP workshop at ACL 2026. The shared
task addressed three related sub-tasks of the
medical multimodal (textual and video) ques-
tion answering: (i) multimodal retrieval tasks,
(ii) multimodal answer generation with cita-
tions, and (iii) a visual answer localization task.
The key theme of the stated task is to develop re-
liable multimodal question-answering systems
for consumers and medical professionals by
leveraging generative models. A total of eight
teams participated in the shared task challenges
and submitted a total of forty-three submissions
across all tasks. We performed both automated
and human assessments to evaluate the submis-
sions. This paper describes the tasks, datasets,
evaluation metrics, participation, and baseline
systems for all three tasks. Additionally, we
summarize the techniques and results of the
evaluation of the various approaches explored
by the participating teams. Finally, we discuss
the key findings and implications for the de-
velopment of multimodal medical question an-
swering.

1 Introduction

Recent advances in foundation models have sig-
nificantly improved their ability to process, com-
prehend, and integrate information across multiple
modalities such as text, images, and audio. These
models have achieved superior performance on
tasks that require aligning the modalities to cap-
ture the overall dynamics of the input sources. In
the medical domain, knowledge is often distributed
across a broader range of modalities, including
textual sources such as scientific literature and clin-
ical notes, as well as medical imaging, procedural,
and instructional videos. Textual information of-
ten provides key insights, while visual data offers
fine-grained spatial and temporal details, which are

critical for understanding medical questions that
demand a step-by-step procedure in the answer. De-
spite advances in state-of-the-art multimodal mod-
els, effectively combining heterogeneous knowl-
edge sources remains a challenge, especially in the
medical domain, where information from a single
modality may not be sufficient to provide a com-
prehensive answer.

In the literature, multimodal question-answering
tasks have been studied by incorporating images
and videos as additional modalities alongside lan-
guage. These tasks require understanding infor-
mation across multiple modalities and their inter-
actions to answer questions correctly. Most exist-
ing studies (Pramanick et al., 2024; Zhang et al.,
2023; Liang et al., 2024) focus on open-domain
settings involving videos (Lei et al., 2018, 2019;
Rawal et al.; Zhang et al., 2024), images (Chowd-
hury and Soni, 2025; Tanaka et al., 2023), charts
(Masry et al., 2025; Wu et al., 2024), and tables
(Wang et al., 2024b; Pal et al., 2023). In the medi-
cal domain, image-based question answering has
advanced with the development of neural-based
approaches (Li et al., 2023; Hartsock and Rasool,
2024). There has also been some work on medi-
cal video-based question answering, including the
creation of datasets (Gupta et al., 2023; Gupta
and Demner-Fushman, 2024) and methods (Gupta
et al., 2024a) aimed at better understanding medical
videos and answering instructional questions. In
addition, prior works (Gupta et al., 2025a, 2024b)
have explored generating answers to medical ques-
tions from textual sources, such as scientific litera-
ture, using retrieval-augmented generation-based
approaches to produce answers along with support-
ing citations. However, existing work on video
question answering and multimodal question an-
swering, both in open-domain and medical settings,
lacks several important aspects. First, there is lim-
ited focus on retrieving relevant multimodal infor-
mation sources, particularly combining textual and
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video data in the medical domain. Second, existing
approaches do not fully address generating answers
that jointly consider multiple modalities while also
providing supporting evidence, which is critical for
ensuring reliability and trustworthiness in medical
applications. Third, there is limited work on an-
swering professional-level medical questions from
medical procedural or instructional videos.

To bridge these gaps, we introduced the Med-
GenVidQA 2026 shared task', which aims to ex-
plore and develop efficient algorithms for medical
question answering, considering the multimodal in-
formation (mainly text and videos). In the first task
(multimodal retrieval) of the MedGenVidQA 2026
shared task, participants were asked to develop
systems that retrieve relevant video and PubMed
articles from multimodal sources containing the
answer to the medical query. The second task (mul-
timodal answer generation) aims to generate an
answer that includes attributions from multimodal
sources for each answer sentence. Finally, the third
task (visual answer localization) aims to effectively
localize the visual answer to the given medical or
health-related question in a professional medical
video.

2 MedGenVidQA 2026 Task Descriptions

MedGenVidQA comprises three related subtasks
on video question answering. The illustration of the
tasks is provided in Figure 1, 2, and 3 and details
are as follows:

2.1 Task A: Multimodal Retrieval (MMR)

Given a medical query and a collection of multi-
modal sources, including textual documents and
videos, the task is to retrieve relevant sources that
can support answering the query. This involves
aligning the query to the textual and video sources,
which can serve as the basis for the task of an-
swer generation. There is no requirement to use all
modalities; either text, video, or both can be used.

2.2 Task B: Multimodal Answer Generation
(MAG)

Given a medical query and a collection of multi-
modal sources, including textual documents and
videos, the task is to generate an answer that is
grounded in retrieved evidence from these sources.
The generated response must include explicit attri-
butions, with each sentence supported by cited ref-

"https://medgenvidga.github.io/

"\‘ What surgical approaches are effective for reducing symptoms in adult patients with
\8B/ obstructive sleep apnea? How are they performed?
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Figure 1: Example illustrating MMR task, where given
the question, a retrieval model interacts with the corpus
and is expected to produce the relevant video and docu-
ments as outputs.

erences drawn from the multimodal sources. Sim-
ilar to Task A, the model can use one or more
modalities as needed.

2.3 Task C: Visual Answer Localization
(VAL)

Given a medical query and a video, the task is to
locate the temporal segments (start and end times-
tamps) in the video where the answer to the query
is shown or the explanation is illustrated. This task
assesses the model’s ability to locate the visual
answer in professional, procedure-based medical
videos.

3 Data
3.1 Datasets

We developed textual and video corpora for the
MedGenVidQA 2026 shared task. For the textual
corpus, we used the latest annual baseline snap-
shot of MEDLINE/PubMed that covers the arti-
cles’ abstracts and titles approximately through the
end of 2025%. We provided a pre-processed set of
28,372, 706 PubMed abstracts.

In the video corpus, we focused on includ-
ing both consumer and professional videos. For
consumer-focused videos, we used the MedVidQA
2024 video corpus (Gupta and Demner-Fushman,
2024) of size 48, 605. This collection was devel-
oped by selecting videos from the “Personal Care
and Style,” “Health,” and “Sports and Fitness” cat-
egories of the HowTo100M dataset (Miech et al.,

nttps://ftp.ncbi.nlm.nih.gov/pubmed/
baseline/
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adult patients with obstructive sleep apnea? How are they

What surgical approaches are effective for reducing symptoms in
performed? .

‘ User

Answer with Citations

The heterogeneous etiology of OSA
determines what treatment approach
will be effective in each
patient.  [32386825]. For example,
patients with craniofacial anomalies may
need skeletal surgery, whereas obese
patients may be referred to bariatric
surgery. [32386825]. While Continuous
Positive Airway Pressure (CPAP) is an

effective conservative treatment for
adults with OSA, it often fails due to
poor adherence. [29083619], .... Upper
airway stimulation (UAS) via a unilateral
or bilateral hypoglossal nerve implant
delivers mild electrical impulses to the
genioglossus muscle (an upper airway
dilator), causing tongue protrusion and
relieving airway obstruction.

thAyan7w}. . /

Figure 2: Ilustration of the MAG task, where a model,
given a question, can optionally use the corpus and is
expected to produce an answer supported by sentence-
level citations from relevant documents and videos.

2019), and further filtering instructional videos us-
ing the confidence scores from the instructional
video classifiers developed in the MedVidQA cor-
pus (Gupta et al., 2023). We augment the consumer-
focused video corpus with medical professional
videos from publicly available biomedical videos in
the Open-i platform? associated with peer-reviewed
publications in PubMed Central (PMC). These
videos encompass a broad range of clinically rele-
vant procedural and instructional content intended
for scientific communication and education. We
collected 10, 462 videos, each up to 3 minutes long.
To facilitate multimodal learning, we also extracted
transcripts for those videos using Whisper* with
the t iny model version. The resulting video cor-
pus, combining consumer and medical professional
videos, contains 59, 067 videos. Participants were
asked to use these collections (textual and video)
to retrieve (Task A) and generate (Task B) answers
to a given query.

*https://openi.nlm.nih.gov/
*nttps://github.com/SYSTRAN/
faster-whisper

/‘ How do you perform er i of
\u,/

ginal fistulas in ad d
cancer patients?

|

*;;

VISUAL

Figure 3: Illustration of the VAL task, where, given a
question and a video, the model is expected to predict
the start and end timestamps corresponding to the seg-
ment that serves as the visual answer to the question.

3.1.1 Training Set

For training and developing systems, we provided®
the MedVidQA collections (Gupta et al., 2023)
that consist of 3,010 human-annotated instructional
questions and videos, along with visual answers
from 900 health-related videos. The collection
can support the training and development of all
three tasks, as it includes medical questions, rele-
vant videos (useful for Tasks A and B), and anno-
tated temporal segments (useful for Task C) from
those videos. We also provided the MedAESQA
collection®, comprising 8,427 human-annotated
PubMed documents paired with answers to con-
sumer health questions, where each answer sen-
tence has up to three PubMed citations along with
human-annotated relations with the PubMed docu-
ments in terms of ‘support’, ‘contradict’, ‘neutral’,
and ‘not relevant’. The MedAESQA collection
also provides human-annotated assessments of an-
swer accuracy and relevancy (‘required’, ‘unnec-
essary’, ‘borderline’, and ‘inappropriate’), which
can help develop systems for answer generation
with citations (Task B). Together, MedVidQA and
MedAESQA can be used to develop a multimodal
question-answering system that retrieves relevant
sources and uses them to generate answers with
citations to those sources.

3.1.2 Test Set

Medical professionals on our team developed a new
test set comprising 60 questions, ensuring a balance
between consumer and medical professional needs.
The questions were designed to ensure that both

Shttps://osf.io/pc594/files/osfstorage
®https://osf.io/ydbzqg/files/osfstorage
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textual and video references in the answers con-
tribute to their informativeness and engagement for
both audiences. For example, for the consumer
health question how do I take blood pressure?
Video sources can provide a clear demonstration
of the procedure, including proper cuff placement
and measurement technique, while textual sources
can offer additional guidance on accuracy, recom-
mended practices, and interpretation of readings.
For medical professional questions such as how is
anesthesia intubation performed?, video sources
are essential for illustrating the procedural steps,
whereas textual sources contribute important clini-
cal details, including indications, safety considera-
tions, and potential risks. We used the same set of
60 questions for Tasks A and B.

For Task C, a medical professional on our team
sampled a set of 300 medical professional videos
from Open-i, as discussed in Section 3.1. Each
video was subjected to structured manual annota-
tion to assess whether reasonable, clinically mean-
ingful questions could be posed solely from visual
content. If a video was found to contain a temporal
segment that could be considered a visual answer to
a medical question, the corresponding timestamps
were recorded. This resulted in structured instances
consisting of the question, the associated video, and
the annotated temporal segment. In total, we con-
structed 80 question—video—answer instances for
Task C.

4 Evaluation

4.1 Evaluation Metrics

4.1.1 MMR Evaluation

Participants were asked to retrieve relevant videos
and abstract identifiers (PMIDs) (up to 10) for each
question from both the video and textual corpora.
To evaluate the relevant videos/text, we performed
manual judgments using a pooling strategy on all
system-retrieved videos (1, 963) and PubMed doc-
uments (1, 582). Using a pooling depth of K = 3,
the final relevance pool consisted of 501 textual
documents and 684 videos, with an average of 8.35
documents and 11.4 videos retrieved per topic, re-
spectively. We instructed a total of four assessors
with the following guidelines to assess the rele-
vance of videos and documents:

Evaluating videos for relevance The videos are
judged as being Definitely Relevant, Possibly Rel-
evant, or Not Relevant to the given question. A

video is considered Definitely Relevant if it con-
tains a visual segment that constitutes a complete
visual answer to the question. It is considered Pos-
sibly Relevant if it contains a visual segment that
can be considered a partial/incomplete visual an-
swer to the question. If the visual segments from
the videos do not provide any visual answers to the
question, the video can be marked as not relevant.

Evaluating PubMed documents for relevance
Similar to the video relevance, the documents are
also judged as Definitely Relevant, Possibly Rele-
vant, or Not Relevant to the given question. Defi-
nitely relevant documents should directly answer
the query and contain sufficient information on
their own. Possibly relevant documents provide
partial or related information but require additional
sources to form a complete answer. Not relevant
documents do not contribute useful information for
answering the question.

We evaluated the performance of the video and
document retrieval system in terms of Mean Av-
erage Precision (MAP), Recall @k, Precision@k,
and nDCG metrics with £ = {5,10}. We follow
the t rec_eval’ evaluation library to report the
performance of participating systems.

4.1.2 MAG Evaluation

We used the BioACE (Gupta et al., 2026) evalu-
ation framework® to assess the quality of system-
generated answers. The evaluation focused on two
aspects: completeness and correctness, measured
using an automated approach and the ground-truth
nuggets. Completeness measures how much of
the required information (atomic biomedical facts,
also called ‘nuggets’) is covered in the generated
answer, whereas correctness assesses how well the
generated content aligns with the relevant docu-
ments. In the nugget-based evaluation, nuggets
are first extracted from the generated answer and
then matched with the ground-truth nuggets using
the relaxed matching scheme in BioACE. Preci-
sion (nugget-based correctness) and recall (nugget-
based completeness) are then computed. These
metrics are computed for each topic and then av-
eraged over all questions in the test set to obtain
the final scores. For citation evaluation, we used
the BioACE framework. Specifically, we used
LLaMA-3.3 to assess the relationship between each

"https://github.com/usnistgov/trec_
eval
$https://github.com/deepaknlp/BioACE
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answer sentence and its cited document or video
sources. The model classifies each pair as Supports,
Contradicts, or Neutral. Based on these labels, we
computed citation coverage, citation support rate,
and citation contradiction rate.

4.1.3 VAL Evaluation

Following Gupta et al. (2023); Gupta and Demner-
Fushman (2022), we evaluated the performance of
the VAL task using the following metrics:

Mean Intersection over Union (mIoU): Fora
given question g;, IoU is computed as the ratio of
the intersection area over the union area (Jaccard,
1912) between predicted and ground-truth temporal
visual answer segments. It ranges from Oto 1. A
larger IoU means the predicted and ground-truth
temporal visual answer segments match better, and
IoU = 1.0 denotes an exact match. The mloU is de-
fined as the average temporal loUs for all questions
(N) in the test set. Formally,

i=N
1
mloU = — ; ToU(q;) 1)

IoU @ p is another metric used to evaluate the
performance of the VAL system. It denotes the
percentage of questions for which the predicted
temporal segment has an IoU with the ground-truth
segment greater than p. Formally,

i=N
1
ToUQu = NZs(qi,u),:and 2)
i=1
1, if IoU(q;) > p
iy L) = 3
s(gi- 1) {O, otherwise ©)

We evaluated the submissions by considering
p = 0.3,0.5,0.7. Since IoU@0.7 is the most re-
strictive among these settings, we used IoU @0.7
as the primary metric for ranking the submissions.

4.2 Baseline Systems
4.2.1 MMR Baselines

We developed baseline approaches using a BM25-
based retrieval approach for both textual and video
sources. For textual retrieval, we built an index over
the PubMed corpus. For video retrieval, we con-
structed a separate index from the video transcrip-
tions. Both indices were created using Pyserini’
with default hyperparameters. Given a query, the

‘https://github.com/castorini/pyserini

system first retrieved top-100 relevant documents
and videos independently from the respective in-
dices using BM25, followed by a re-ranking step
to refine the results using a pre-trained re-ranker
model'?. Building on this, we constructed two
monomodal baselines, Text—RR and Video-RR,
in which the top-10 documents after reranking are
retained.

4.2.2 MAG Baselines

We adopted a RAG-based approach as developed
in (Gupta et al., 2025b), which first fine-tuned a
LLaMAZ2-7B (Touvron et al., 2023) model to gener-
ate answers with citations. The fine-tuning datasets
were created from the PLABA (Attal et al., 2023)
collection, which includes questions and relevant
documents, and CHQ-Summ (Yadav et al., 2022),
which contains consumer health questions. Us-
ing the retrieved documents from the MMR base-
line approaches (both unimodal and multimodal),
we developed two unimodal baselines, Text —-RRG
and Video—-RRG. In these settings, the top-10 doc-
uments and videos from the MMR baselines were
fed into the model to generate answers with cita-
tions using the prompts shown in Fig. 4. We also in-
cluded a multimodal baseline, MM-RRG, that com-
bines the top-5 textual and video sources obtained
from the MMR baselines to generate answers with
citations. We observed that video transcripts are of-
ten too long and may exceed the model’s maximum
token limit of 4096. Therefore, in Video—RRG
and MM-RRG, we summarized the transcripts be-
fore feeding them to the model for answer genera-
tion. The prompt used for transcript summarization
is shown in Fig. 5. We generated answers and
summaries both using a sampling-based decoding
strategy with a maximum output length of 350 to-
kens. Decoding was performed at a temperature of
0.7 and with nucleus sampling with p = 0.9.

4.2.3 VAL Baselines

We developed a baseline for the VAL task by
adopting TimeLens (Zhang et al., 2025), a mul-
timodal language model designed for video tem-
poral grounding, built on top of Qwen2.5-VL-7B-
Instruct model (Wang et al., 2024a). TimeLens in-
troduces a simple interleaved textual prefix for time
representation and is trained using a reinforcement
learning with verifiable rewards (RLVR) approach.
The training process employs practical strategies,
including early stopping based on reward saturation

10cross—encoder/ms—marco—MiniLM—L—6—v2
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Team Name Team Affiliations MMR | MAG | VAL

VAJRA-DOMINATORS | Pune Institute of Computer v X X
Technology, India

PRIDE-BOILERS Purdue University Northwest, USA v X X

SEAHAWK Nankai University, China X v v

University of North Carolina
Wilmington, USA

LAMAR-2 Mahidol University, Thailand X X 4

UNCC University of North Carolina X X v
Charlotte, USA

NJUST-KMG Nanjing University of Science and v v v
Technology, China

ADAPT NA X X v

405621 NA X X v

Table 1: Participating teams and their task participation
at MedGenVidQA 2026 shared task. The teams that did
not disclose their affiliations are shown as NA.

and difficulty-aware data sampling. The model was
trained on the TimeLens-100K dataset, specifically
designed for temporal grounding tasks. We utilized
the TimeLens-7B model with its default genera-
tion and video processing settings to generate the
start and end timestamps of the answer, using the
prompt shown in Fig. 6.

We provided the processed datasets and baseline
implementations as a starter kit'! for participants
to build upon their approaches.

5 Participating Teams and Methods

5.1 Participating Teams

We used the Codabench platform to release the
datasets, and for registration, and submissions of
the participating teams. In total, 8 teams from Asia
(India, China, Thailand), and North America (USA)
participated in the MedGenVidQA 2026 shared
task and submitted a total of 46 runs. We have
provided (cf Table 1) the team name, affiliations,
and their participation in MRR, MAG, and VAL
tasks. For Task MRR and MAG, we did not per-
form real-time evaluation on Codabench because
the tasks require expert evaluation of the runs. The
results of all the participating teams for the VAL
task'? are available on the Codabench platform.

5.2 MMR Submissions

5.2.1 Methods

VAJRA-DOMINATORS (Dhaktode et al., 2026) pro-
posed a multi-stage hybrid retrieval approach over
both the textual and video corpus. For document
retrieval, queries were processed to extract med-
ical keywords that were submitted to the NCBI

Uhttps://github.com/medgenvidga/
starter-kit

Phttps://www.codabench.org/
competitions/14015/

PubMed E-utilities (ESearch) API'3 using a se-
quence of fallback strategies, including full-query,
medical keyword-based, and truncated queries,
with results ranked using a normalized scoring
scheme based on an exponential decay function:
Score = 0.5+ 0.49 x e(=747k*0:3) For video re-
trieval, the system combined dense retrieval using a
PubMedBERT bi-encoder (trained with hard nega-
tives) and sparse BM25 search over temporally seg-
mented transcripts. The outputs from both stages
were fused and further refined using a biomedical
cross-encoder for re-ranking, with deduplication
applied at the video level. A T5-based model was
used for query expansion to generate clinical syn-
onyms and improve matching between user queries
and technical content. The overall approach fo-
cused on improving recall while maintaining rele-
vance through re-ranking and query refinement.

PRIDE-BOILERS (Ebinesar et al., 2026) pro-
posed CRAG-MMR, a five-stage multimodal re-
trieval pipeline that addresses the vocabulary mis-
match between lay health queries and clinical
literature. For document retrieval, a BM25 in-
dex was built over the PubMed collection, while
dense retrieval was performed using MedCPT
(ncbi/MedCPT-Article-Encoder) encoders, with
documents represented as 768-dimensional embed-
dings stored in a FAISS index (Douze et al., 2025).
To better capture different aspects of the informa-
tion needed, each query was decomposed into mul-
tiple clinically oriented sub-queries using Gemini
Pro, targeting treatment options, procedures, pre-
vention strategies, and guidelines. In addition, a
Hypothetical Document Embedding (HyDE) (Gao
et al., 2023) based approach was employed, in
which the Gemini Pro generated a synthetic ab-
stract that was encoded and used as an additional
dense query. The resulting BM25, dense, and
HyDE retrieval outputs were combined using the
Reciprocal Rank Fusion (RRF) strategy. For video
retrieval, subtitles from instructional videos were
indexed using both BM25 and SapBERT-based
dense representations. Queries were adapted to
better match the spoken and procedural nature of
video content, and retrieval was performed inde-
pendently over both signals. The results were fused
using the RRF strategy for document retrieval.

Bhttps://www.ncbi.nlm.nih.gov/books/
NBK25497/
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Rank | Team Run/Model | Textual Videos
‘ ‘ MAP R@5 R@10 P@5 P@10 nDCG ‘ MAP R@5 R@10 P@5 P@10 nDCG
Baselines

- Baseline Video-RR - - - - - - 0.5884 0.6067 0.6528 041 0.2217 0.6616

- ‘ Baseline ‘ Text-RR ‘ 0.5404 0.5505 0.5863 0.5133  0.27 0.646 - - — - - -

Participants Systems

1 PRIDE-BOILERS CRAG-MMR | 0.5550 0.5571 0.5866 0.5333 0.2817 0.6532 | 0.5304 0.5478 0.5833 0.3900 0.2100 0.5927
2 NJUST-KMG Runl 0.0167 0.0167 0.0167 0.0200 0.0100 0.0194 | 0.0167 0.0167 0.0167 0.0067 0.0033 0.0167
3 VAJRA-DOMINATORS | Runl 0.0024 0.0024 0.0024 0.0033 0.0017 0.0048 | 0.0167 0.0167 0.0167 0.0033 0.0017 0.0167
Run2 0 0 0 0 0 0 0.0167 0.0167 0.0167 0.0033 0.0017 0.0167

Run3 - - - - - - 0 0 0 0 0 0
Run4 - - - - - - 0.01 0.02 0.02  0.0067 0.0033 0.0141

Table 2: Performance of the participating teams on the MMR task considering the retrieved documents from the
PubMed corpus and videos from the video corpus. Teams are ranked based on their best run using nDCG as the

[Tz

primary metric.
submitted run.

indicates that no results were returned for the corresponding modality (text or video) in the

Systems Correctness Completeness

Auto (All) Auto (10Q) Nugget (10Q) | Auto (All) Auto (10Q) Nugget (10Q)
Text-RRG 0.6122 0.5356 0.8586 0.6578 0.6429 0.4338
Video-RRG 0.5982 0.5188 0.7764 0.5305 0.3482 0.3660
MM—-RRG 0.6224 0.5461 0.7914 0.6324 0.3898 0.4014

Table 3: Performance comparison of baseline systems in terms of answer correctness and completeness on the
MAG task. Automatic evaluation (Auto) using BioACE is reported over all 60 questions, while nugget-based
(Nugget) evaluation was computed on a subset of 10 questions. For comparison between Nugget-based evaluation
and Automatic evaluation, we provide the comparative results on the same set of 10 questions.

Systems Citation Citation Support Citation Contradict
Coverage Rate Rate
Text-RRG 0.6667 0.8170 0.0308
Video-RRG | 0.2221 0.7482 0.0073
MM-RRG 0.3430 0.6863 0.0140

Table 4: Performance comparison of baseline systems
in terms of citation quality using BioACE for the MAG
task.

5.2.2 Results

We have provided the results for the MMR task in
Table 2. The team PRIDE-BOILERS achieved the
best results in retrieving textual documents from
PubMed, with an nDCG of 0.6532. The team also
achieved the highest nDCG score of 0.5927 among
all participants’ submitted runs; however, it was
lower than the baseline video—RR approach. The
baseline approaches show strong performance in
both modalities, demonstrating the effectiveness of
the BM25 followed by the re-ranking strategy over
the LLM-assisted retrieval strategy.

5.3 MAG Submissions

Two teams, SEAHAWK and NJUST-KMG, submit-
ted runs; however, they did not provide any details
about them, and their submissions were incomplete,
so we could not include them.

5.3.1 Results

We have evaluated the baseline runs using BioACE,
and the results of the answer and citation evalua-
tions are reported in Tables 3 and 4, respectively.
For answer evaluation, BioACE provides automatic
assessment based on the relevant literature, as well
as nugget-based assessment, in which the ground-
truth nuggets are used to compute the completeness
and correctness of the generated answer. We con-
structed ground-truth nuggets for 10 questions in
the test set and conducted both nugget-based and
automatic evaluations on this subset, along with
automatic evaluation over the entire test set. The
results show that the multimodal baseline MM-RRG
achieves the highest automatic correctness when
evaluated over all questions, indicating the benefit
of combining relevant textual and video sources.
However, in nugget-based correctness evaluation,
the MM-RRG model performs best; likely because
the nuggets were constructed primarily from tex-
tual sources. Text-RRG obtained the highest
scores across for answer completeness evaluation
on both full and subset evaluations, while Video-
RRG consistently underperforms, particularly on
the 10-question subset. Overall, the results high-
light that while multimodal approaches improve
general answer quality, textual retrieval remains
more reliable for fine-grained factual completeness
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Rank | Team | Run/Model | IoU@0.3 ToU@0.5 IoU@0.7 mloU
Baseline
— | Baseline | TimeLens-7B | 78.75 63.75 4875 61.09
Farticipants Systems

1 [LAMAR-2 | BestRun 93.75 90.00 77.50  79.55
2 | NJUST-KMG | Best Run 92.50 81.25 67.50 7548
3 | 405621 Best Run 60.00 55.00 4750 5078
4 | SEAHAWK Best Run 71.25 52.50 4250 5230
5 | UNCC Best Run 62.50 36.25 2250 42,57
6 | ADAPT Best Run 10.00 10.00 8.75 8.62

Table 5: Performance of the participating teams on the VAL task. Teams are ranked based on their best run using

IoU@Q.7 as the primary metric.

and correctness. To examine the effectiveness of
the BioACE automatic evaluation framework, we
computed rank correlations between Auto (10Q)
and Nugget (10Q) scores using Spearman’s p rank
correlation coefficient. For correctness, the results
show moderate agreement (p = 0.50), indicating
some variation in system ranking. In contrast, com-
pleteness shows perfect agreement (p = 1.0), sug-
gesting strong alignment between automatic and
nugget-based evaluation for answer completeness.

For citation evaluation, we used the BioACE
framework. The results show that Text-RRG
achieves the highest citation coverage and support
rate, while Video—RRG yields the lowest contra-
diction rate. We observed a notable drop in cov-
erage for both Video—-RRG and MM-RRG. This
may be due to the fact that the answer generation
model was fine-tuned to generate citations from
PubMed-style textual documents rather than from
video transcripts.

5.4 VAL Submissions

5.4.1 Methods

LAMAR-2 (Sermsrisuwan et al., 2026) utilizes a
multimodal, multi-stage pipeline designed for pre-
cise temporal localization in medical videos. The
proposed approach begins with parallel audio and
visual extraction. For the audio stream, they extract
16kHz mono audio using FFmpeg and process it
through Qwen3-ASR-1. 7B with a forced aligner
to generate exact word-level transcriptions. For the
visual stream, they used PySceneDetect!* to detect
natural camera cuts and extract individual video
segments, which were then passed to Qwen3-VL
to generate chronological textual descriptions of
the physical actions. Both the word-level tran-
scripts and the scene-by-scene visual context were

“https://www.scenedetect .com/

then temporally aligned and aggregated into a uni-
fied reference dataset for each video. In the final
stage, they fed the raw video file, the user ques-
tion, and this reference transcript and context into
Gemini-3-Flash. They employed a vision-
anchored prompting strategy, instructing the model
to treat the aggregated text purely as background
reference. Rather than relying on textual align-
ment, this instruction explicitly forces the model
to ground its temporal predictions in the physical
movements and procedures directly observed in
the video footage, ultimately outputting the final
starting and ending markers in a structured JSON
format.

The team NJUST-KMG’s (Li and Yang, 2026)
approach to the VAL task began with ASR-based
text extraction, followed by LLM-driven gener-
ation of multi-scale (single- and multi-sentence)
semantic priors, which were fused with dense vi-
sual features. They used dynamic span queries for
boundary regression and optimized the network
using the 1D-GIoU (Rezatofighi et al., 2019) loss.

SEAHAWK (Tian and Dogan, 2026) utilized the
timestamped video transcripts obtained from the
Whisper (Radford et al., 2023) model to use in
their answer localization system. They developed
a retrieval-and-selection pipeline that treats visual
answer localization as segment-level paragraph se-
lection from timestamped video transcripts. Given
a question and a segmented transcript, the system
prompts DeepSeek (Liu et al., 2024) to select a
contiguous range of transcript segments rather than
directly generating timestamps.

UNCC (Demirhan and Zadrozny, 2026) em-
ployed a multi-stage pipeline for the VAL task.
For each video-question pair, the timestamped tran-
script segments were first extracted using GPT-40
Transcribe Diarize, forming a structured
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representation of the video content. Based on the
query, candidate answer intervals were proposed
from these segments. These candidates were then
evaluated and refined using GPT—5. 4, which con-
sidered both the transcript context and sampled key
video frames. The pipeline further applied con-
textual augmentation and consistency-aware span
selection, followed by a final refinement step to de-
termine the start and end timestamps for the output.

5.4.2 Results

The VAL results in Table 5 show that the team
LAMAR-2 achieved the highest IoU performance
across multiple thresholds and the mIOU metric.
It outperformed the baseline systems in terms of
IoU@0.7, increasing from 48.75 to 77.50. Their
strong performance is due to fine-grained modeling
of the modalities (audio, visual), explicitly lever-
aging visual cues rather than relying on textual de-
scriptions of the videos. The team NJUST-KMG
achieved the second-best performance by using
LLM-driven generation of multi-scale (single- and
multi-sentence) semantic priors. The team UNCC
achieved a competitive loU@0.3. However, their
performance declined for strict metrics such as
IoU@0.5 and IoU@(.7. This may be because their
approaches rely on textual candidate generation
and on varying visual cues and temporal align-
ment. The baseline system achieved competitive
performance, with an IoU@0.7 score of 48.75, out-
performing the best approaches from four partici-
pants. We find that approaches that use multimodal
grounding and temporal alignment achieve better
results than those that rely solely on textual descrip-
tions.

6 Discussion

For the MMR task, we found that the BM25-based
approach is a strong method for extracting an ini-
tial set of relevant videos from the PubMed Central
video transcripts. Hybrid approaches that combine
lexical and dense retrieval show improved perfor-
mance. We observed that video collections sourced
from YouTube contain very few relevant videos for
professional queries, particularly those involving
medical procedures. To address this limitation, we
plan to enrich the collection with more specialized
videos and, in future work, explore open retrieval
from a broader range of video sources. We were
also unable to evaluate generative retrieval (Li et al.,
2025) and the joint retrieval setup (video and docu-
ment projection in the unified space) in the current

challenge, and we leave these to future work.

We note that the MAG task received limited par-
ticipation. This is attributed to the complexity of
the MAG task, which requires retrieving and syn-
thesizing textual and video evidence to generate
coherent and informative answers to medical ques-
tions. However, we provide baseline approaches
and evaluation metrics to support further research
on this important and timely task for the research
community. It is to be noted that for the MMR and
MAG baseline approaches, we use video informa-
tion in the form of transcripts, which do not capture
temporal dynamics. Despite this limitation, the
models still achieve competitive performance and
serve as reference points to guide further research
on incorporating and enhancing visual information
in retrieval and answer generation approaches.

The VAL task results show that the majority of
approaches struggle to identify precise video seg-
ments that can be considered as answers. How-
ever, methods that incorporate fine-grained inte-
gration of multimodal information and alignment
tend to achieve better performance, as observed in
some of the submitted runs. Further analysis of the
VAL ground-truth dataset reveals that many anno-
tated segments are relatively long and correspond
to many procedural or instructional steps. The de-
veloped test questions tend to be more general than
focusing on a specific step. In future work, we plan
to design more fine-grained video-centric questions
and annotate shorter, more precise segments to bet-
ter evaluate the models’ ability to localize exact
answer spans.

The results of this shared task highlight several
practical challenges in developing medical multi-
modal question answering. The textual sources
play a critical role in providing reliable answers.
The video information is difficult to use effectively,
even though it provides key information for med-
ical professionals, including procedures and med-
ical education. Specifically for the answer gener-
ation task, synthesizing answers from multimodal
sources and ensuring that they remain attributable
to the corpora is challenging. Moreover, evaluating
multimodal medical question answering systems
remains challenging because it relies on costly and
time-intensive expert annotation. BioACE offers a
useful alternative for efficient evaluation and rank-
ing of system outputs and aligns well with nugget-
based evaluation for completeness, but less so for
correctness.
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7 Conclusion

This paper provides an overview of MedGenVidQA
2026 shared task, organized as part of the BioNLP
2026 workshop. We discussed the tasks, datasets,
evaluation metrics, and baseline systems. We also
provided a summary of the approaches developed
by the participating systems. We observed that
efficient use of multimodal information sources re-
mains challenging for the related tasks. Although
multimodal approaches show promise, they do not
consistently outperform strong textual baselines,
suggesting that current fusion strategies remain lim-
ited. We are optimistic that introducing these tasks,
baseline systems, and datasets will foster research
toward reliable and trustworthy medical question
answering systems for consumers and medical pro-
fessionals.
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Instruction: Write an accurate, engaging, and concise
answer for the given question using only the provided
search results (some of which might be irrelevant) and
cite them properly. Use an unbiased and journalistic
tone. Always cite for any factual claim. When citing
several search results, use [1][2][3]. Cite at least one
document and at most three documents in each sentence.
If multiple documents support the sentence, only cite a
minimum sufficient subset of the documents.
Documents:

{Document 1}

{Document 2 }

{Document 10}
Question : {question}

Figure 4: Prompt used for answer generation with cita-
tions.

Instruction: Write an accurate and concise summary of
the provided document in relation to the given question.
Focus on the information that directly helps answer the
query and ignore irrelevant details. Use an unbiased
and journalistic tone. Base the summary strictly on the
document and do not add external knowledge.
Document: {document}

Question : {question}

Figure 5: Prompt used to summarize the video tran-
script.

Instruction: You are given a full video and the question:
‘{query}’. Locate the single continuous video segment in
the video that best answers the question. Return exactly
one start time and one end time for the most relevant seg-
ment. Choose the shortest segment that contains enough
evidence to answer the question. If multiple candidate
segments exist, return only the best one. If the video does
not contain an answer, return ‘none’. Output exactly in
this format: ‘The answer segment is <start time> - <end
time> seconds’ or ‘none’.

Figure 6: Prompt used to locate the visual answer from
the medical professional video.
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