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Abstract. Following the CMIVQA, MMI-VQA, and M4IVQA challenges
in NLPCC 2023-2025, we introduce the Difficulty-Aware Medical In-
structional Video Question Answering (DA-MIVQA) shared task for
NLPCC 2026. DA-MIVQA extends previous multilingual and multi-
modal medical video benchmarks by explicitly distinguishing questions
according to the type and complexity of evidence required for answering.
Specifically, simple questions can often be answered from subtitle-based
textual cues, whereas complex questions require visual grounding, pro-
cedural understanding, and cross-modal evidence integration. The chal-
lenge contains three tracks: Difficulty-Aware Temporal Answer Ground-
ing in Single Video (DA-TAGSV), Difficulty-Aware Video Corpus Re-
trieval (DA-VCR), and Difficulty-Aware Temporal Answer Grounding
in Video Corpus (DA-TAGVC). The dataset is collected from public
medical instructional channels, covers diverse scenarios such as first aid,
emergency response, rehabilitation, nursing, and general medical edu-
cation, and is manually verified with difficulty annotations. This paper
presents the task motivation, dataset construction, evaluation protocol,
participation overview, competition results, and representative systems
of DA-MIVQA. DA-MIVQA provides a practical benchmark for evaluat-
ing medical instructional video question answering systems under varying
textual, visual, temporal, and procedural reasoning requirements.
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1 Introduction

Recent advances in Al-assisted healthcare have shown promise in clinical and
educational scenarios such as medical imaging, decision support, and procedural
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training [1-3]. Medical instructional videos are increasingly used for acquiring
practical skills in first aid, emergency response, nursing, rehabilitation, and gen-
eral medical education [4-6]. Compared with text alone, such videos demonstrate
medical actions, tool usage, posture transitions, and temporal procedure flows,
providing richer evidence for medical learning and question answering [7-9].

This value has motivated a series of NLPCC shared tasks on medical instruc-
tional video question answering, including CMIVQA 2023 [10], MMIVQA 2024
[11], and M4IVQA 2025 [12]. These tasks have expanded from Chinese medical
video QA to multilingual, multimodal, and multi-hop reasoning settings [13],
with two core directions: temporal answer grounding, which localizes answer-
relevant spans in untrimmed videos, and video corpus retrieval, which identifies
relevant videos from large collections [14, 15].

However, existing benchmarks do not explicitly distinguish questions by the
evidence required for answering in realistic medical scenarios [16, 17]. While some
questions can be answered from subtitles or basic semantic matching, others
require visual grounding, action understanding, object-state recognition, and
procedural context modeling. Thus, difficulty in medical instructional video un-
derstanding should not be defined only by reasoning depth or inference hops,
but also by whether explicit visual evidence is required beyond textual cues.

To address this gap, NLPCC 2026 introduces the Difficulty-Aware Medi-
cal Instructional Video Question Answering challenge, or DA-MIVQA'.
Unlike previous tasks emphasizing language scope, modality coverage, or multi-
hop reasoning, DA-MIVQA evaluates systems according to the evidence struc-
ture required by each question. It divides questions into simple and complex
subsets: simple questions are typically answerable from subtitle-aligned textual
cues or explicit single-source evidence, whereas complex questions require visual
grounding and procedural understanding. This design better reflects real-world
medical use, where users need not only textual hints but also visual evidence
about what to do, where to act, and when a procedure step occurs [18-20].

DA-MIVQA retains the three-track formulation of previous NLPCC shared
tasks while applying difficulty-aware evaluation to each track. DA-TAGSV
requires systems to localize the answer span in a single video; DA-VCR retrieves
the most relevant video from a corpus; and DA-TAGVC first retrieves the
relevant video and then grounds the answer temporally within it. Evaluating all
tracks under simple, complex, and mixed settings enables fine-grained analysis
of robustness across procedural and cross-modal difficulty levels.

The DA-MIVQA dataset is collected from public medical instructional chan-
nels on YouTube and covers scenarios such as first aid, emergency management,
rehabilitation, nursing, and general medical education [21]. Following previous
shared tasks, questions and temporal answers are manually verified by annota-
tors with medical backgrounds, and each question is labeled as simple or complex
according to its required evidence. This annotation helps reveal whether systems
understand visual and procedural content or mainly rely on subtitle matching.

! https://med-m3-dataset.github.io/ for more informaton.
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Table 1. A conceptual comparison of the NLPCC medical instructional video QA
shared tasks.

Task Languages  Multi-modal Chain-of-thought Difficulty-aware
CMIVQA (2023) [10] Chinese X X
MMIVQA (2024) [11] Chinese/English X X
MA4IVQA (2025) [12] Chinese/English X

DA-MIVQA (2026) Chinese/English

DA-MIVQA supports more reliable medical video QA for education, skill
acquisition, emergency guidance, and multilingual knowledge access. It also pro-
vides a benchmark for distinguishing systems that mainly match subtitles from
those that integrate visual, textual, and procedural evidence in medical scenar-
ios. This paper presents an overview of DA-MIVQA, covering its motivation, task
definition, dataset construction, evaluation protocol, participation summary, and
representative systems.

2 Task Introduction

The DA-MIVQA challenge aims to promote medical instructional video question
answering under a difficulty-aware evaluation setting. Different from previous
NLPCC shared tasks that mainly emphasized multilingual understanding, mul-
timodal fusion, or multi-hop reasoning [10-13], DA-MIVQA explicitly evaluates
system performance across questions with different evidence requirements [22,
23]. All questions are categorized into simple and complex subsets. Simple ques-
tions are mainly answerable through subtitle-aligned textual matching or basic
semantic understanding, whereas complex questions require visual grounding,
procedural interpretation, and integration of textual and visual evidence from
medical instructional videos. Following the design paradigm of previous NLPCC
medical video shared tasks, DA-MIVQA contains three tracks: Difficulty-Aware
Temporal Answer Grounding in Single Video, Difficulty-Aware Video Corpus
Retrieval, and Difficulty-Aware Temporal Answer Grounding in Video Corpus.

2.1 Definition of Each Track

The challenge contains three complementary tracks covering temporal localiza-
tion, corpus retrieval, and their joint modeling in medical instructional video
understanding.

Track 1: Difficulty-Aware Temporal Answer Grounding in Single Video (DA-
TAGSV). Given a medical or health-related question and a single untrimmed
medical instructional video, DA-TAGSV requires systems to localize the start
and end timestamps of the answer span. It evaluates fine-grained temporal lo-
calization ability under both subtitle-dominant simple questions and visually
grounded complex questions.
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Fig. 1. The multi-modal features of complex questions in DA-MIVQA.

Track 2: Difficulty-Aware Video Corpus Retrieval (DA-VCR). Given a question
and a large collection of untrimmed medical instructional videos, DA-VCR re-
quires systems to retrieve the most relevant video from the corpus. It evaluates
semantic matching between questions and candidate videos under multilingual
and multimodal conditions, while further comparing retrieval robustness across
simple and complex questions.

Track 3: Difficulty-Aware Temporal Answer Grounding in Video Corpus (DA-
TAGVC). Given a question and a video corpus, DA-TAGVC requires systems
to first retrieve the relevant video and then localize the answer span within it.
This track combines the challenges of DA-TAGSV and DA-VCR, making it more
demanding because retrieval and localization errors may accumulate, especially
for complex questions.

2.2 Evaluation Metrics

Following previous NLPCC medical instructional video shared tasks, DA-MIVQA
adopts task-specific metrics for the three tracks and reports results on simple-
only, complex-only, and mixed subsets [10-12]. This protocol measures not only
overall effectiveness but also robustness under different levels of evidence com-
plexity.

For DA-TAGSYV, evaluation is based on temporal overlap between predicted
and gold answer spans. We adopt Intersection over Union (IoU), mean Intersec-
tion over Union (mlIoU), and R@1, IoU = p, where p € {0.3,0.5,0.7}. The main
ranking metric is mlIoU.

For DA-VCR, evaluation is based on whether the relevant video is ranked
highly in the returned list. We use recall-based metrics R@n with n € {1, 10,100}
and Mean Reciprocal Rank (MRR). The main ranking metric is the Overall
score, computed as the average of R@1, R@Q10, R@100, and MRR.

For DA-TAGVC, evaluation combines retrieval and localization. We report
R@1/mIoU, R@Q10/mIoU, and R@100/mIoU, which reflect localization quality
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under different retrieval depths. The main ranking metric is the Average score,
computed as the mean of these three values.

2.3 Dataset

The DA-MIVQA dataset is collected from public medical instructional channels
on YouTube and covers diverse medical and health-related scenarios, including
first aid, medical emergency management, rehabilitation guidance, nursing prac-
tice, and general medical education [24]. Following previous shared tasks, ques-
tions and temporal answers are manually verified by annotators with medical
backgrounds to ensure annotation quality and medical validity [25]. Each video
may contain multiple question-answer pairs, and each question is associated with
a unique temporal answer span marked by start and end timestamps.

Compared with previous datasets, DA-MIVQA further introduces difficulty
labels, namely simple and complex, according to the type of evidence required
for answering each question. This re-annotation strategy distinguishes subtitle-
dominant matching questions from genuinely multimodal procedural understand-
ing questions [26]. The dataset is divided into training, validation, and test sub-
sets, each containing Chinese and English questions with simple and complex
labels. Overall, DA-MIVQA provides a more fine-grained benchmark for multi-
lingual and multimodal medical instructional video understanding.

Table 2. Statistics of sample counts for the three tracks.

Track Language Complexity Training Set Validation Set Test Set Total

Chinese Simple 2101 362 351 2814

Track 1 Complex 1842 285 339 2466
English  Simple 1273 199 202 1674
Complex 1341 223 219 1783

Chinese Simple 2101 362 394 2857
Complex 1842 285 280 2407

Track 2 b lish  Simple 1273 199 210 1682
Complex 1341 223 234 1798

Chinese Simple 2101 362 394 2857

Track 3 Complex 1842 285 280 2407
English  Simple 1273 199 210 1682
Complex 1341 223 234 1798

3 Baseline

To provide reference points for the proposed DA-MIVQA evaluation, we de-
sign two complementary baselines: a text-only oracle baseline and a multimodal
encoder—decoder baseline. The former estimates how far a system can go using
subtitle information alone, while the latter provides a practical reference for mod-
eling visual evidence, temporal context, and cross-modal interactions. Together,
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these baselines allow us to examine the performance gap between subtitle-based
reasoning and multimodal video understanding under different evidence require-
ments.

3.1 Text-only Oracle Baseline

For the text-only oracle baseline, we use a frozen Qwen3.5-9B [27] model as the
backbone large language model. Only timestamped SRT subtitles are provided
as input, and the model is adapted to DA-MIVQA through task-specific prompts
without updating the backbone parameters. Each instance consists of a question,
the corresponding subtitle sequence, and the expected task-specific output.

For DA-TAGSV, the model predicts the temporal span in the given video that
best supports the answer. For DA-VCR, it identifies the most relevant video from
the candidate corpus based on subtitle-level textual evidence. For DA-TAGVC,
it first infers the relevant video and then predicts the answer-supporting span
within that video. This baseline is not intended as a deployable multimodal
solution, but as an estimate of the upper-bound performance achievable from
subtitles alone.

3.2 Multimodal Encoder—Decoder Baseline

The second baseline adopts a multimodal encoder—decoder framework that jointly
models questions, timestamped subtitles, and visual clips from medical instruc-
tional videos. It is conceptually inspired by cross-modal mutual knowledge trans-
fer for visual answer localization [28], but is adapted to the evidence-aware set-
ting of DA-MIVQA rather than directly reproducing the original model.

The framework first extracts subtitle, question, and visual clip representa-
tions. It then performs multimodal evidence mining to select question-relevant
subtitle spans and video clips, followed by iterative cross-modal reasoning be-
tween textual and visual representations. The resulting multimodal representa-
tion is fed into task-specific decoders for the three tracks: timestamp prediction
for DA-TAGSV, video relevance scoring for DA-VCR, and joint retrieval plus
temporal localization for DA-TAGVC. The model is optimized with localiza-
tion, retrieval, and cross-modal consistency objectives.

Overall, this baseline provides a practical multimodal reference by combining
subtitle cues, visual demonstrations, and temporal evidence within a unified
architecture. Compared with the text-only oracle, it is expected to better handle
complex questions that require visual grounding and procedural understanding.

4 Evaluation Results

In this section, we summarize the participation status and evaluation results of
the NLPCC 2026 shared task on Difficulty-Aware Medical Instructional Video
Question Answering (DA-MIVQA). Following the reporting style of previous
NLPCC shared task overview papers, we present the overall participation overview,



Overview of the NLPCC 2026 Shared Task 1 7

the official rankings of each track, and brief comparative observations across dif-
ferent difficulty settings [10-12].

4.1 Participation Overview

The DA-MIVQA challenge attracted teams from universities, research institutes,
and industry participants interested in multilingual and multimodal medical
video understanding.

For NLPCC 2025 Shared Task 4, a total of 22, 14, 16 teams registered for
Track 1, 2, 3, respectively. During the test phase, 17, 10, and 11 teams submitted
valid results, respectively. In the end, Amazon Inc., Team WuKong, and
BIGC achieved the SOTA for Tracks 1, 2, and 3. In general, the participation
distribution across the three tracks can reflect the relative technical difficulty
of each task setting, especially because DA-TAGVC requires systems to jointly
solve retrieval and temporal grounding under difficulty-aware evaluation.

4.2 Results of Track 1: DA-TAGSV

Track 1, Difficulty-Aware Temporal Answer Grounding in Single Video, evalu-
ates whether a system can accurately localize the temporal answer span in an
untrimmed medical instructional video for a given question. The official ranking
of this track is based on the mloU score, while R@1, IoU = 0.3, R@Q1, IoU =
0.5, and R@Q1, IoU = 0.7 are reported as complementary metrics for detailed
analysis. Table 3 presents the final ranking results for Track 1.

Table 3. Results of Track 1: Difficulty-Aware Temporal Answer Grounding in Single
Video (DA-TAGSV).

Rank Team ID R@1,IoU=0.3 R@1,IoU=0.5 R@1,IoU=0.7 mloU
1 Amazon Inc. 0.5512 0.4007 0.2217 0.3912
2 Karamay 0.5334 0.4110 0.2269 0.3904
3 Ouc_ AT [29] 0.5101 0.3579 0.2146 0.3608
4 Dvoe protiv vetra 0.4946 0.3688 0.2183 0.3606
5 SETAG[30] 0.4116 0.3363 0.1790 0.3089
6 HIIT 0.4191 0.3287 0.1760 0.3079
7 MM-Baseline [28] 0.4265 0.3211 0.1729 0.3068
8 Text-Only Baseline [27] 0.4206 0.3127 0.1441 0.2925
9 BFSU 0.4147 0.3043 0.1153 0.2782
10 Random Pick Method [31] 0.0774 0.0818 0.0403 0.0665

Under the difficulty-aware setting, Track 1 is expected to reveal a clear per-
formance gap between simple and complex questions, because the latter require
more reliable visual grounding and procedural understanding beyond subtitle-
based matching. Compared with simple questions, complex questions in this
track typically place higher demands on identifying medically relevant actions,
body positions, tool usage, and temporal transitions in the video.
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4.3 Results of Track 2: DA-VCR

Track 2, Difficulty-Aware Video Corpus Retrieval, evaluates whether a system
can retrieve the most relevant medical instructional video from a large corpus for
an input question [15]. The official ranking of this track is based on the Overall
score, which summarizes the retrieval quality measured by R@Q1, R@Q10, R@100,
and MRR. Table 4 shows the final ranking results for Track 2.

Table 4. Results of Track 2: Difficulty-Aware Video Corpus Retrieval (DA-VCR).

Rank Team ID R@1 R@10 R@100 MRR  Overall
1 Team Wukong 0.3751 0.4150 0.5189 0.3931 0.4255
2 Chaldeas 0.3559 0.4160 0.5492 0.3537  0.4187
3 DIMA[32] 0.3268  0.4355  0.5260  0.3325  0.4052
4 sun [33] 0.3086  0.3721  0.4442  0.3000  0.3562
5 HDU _Team?2 0.3139  0.3647  0.4447  0.2982  0.3554
6 DSG-1 [34] 0.3192  0.3572  0.4452  0.2964  0.3545
7 MM-Baseline [28] 0.1570  0.1953  0.2046  0.1546  0.1779
8 AC Automation 0.1518  0.1712  0.1704  0.1461  0.1599
9 Text-Only Baseline [27] 0.1465  0.1470  0.1361  0.1375  0.1418
10 Random Pick Method [31]  0.0361  0.0822  0.0962  0.0636  0.0695

Compared with Track 1, Track 2 places greater emphasis on identifying
question-video relevance at the corpus level, and therefore tests the semantic
matching ability of systems under multilingual and multimodal conditions. Un-
der the simple setting, retrieval performance may benefit more from lexical over-
lap and subtitle-level semantic clues, whereas the complex setting is expected to
require stronger modeling of visually grounded procedures and action semantics.

4.4 Results of Track 3: DA-TAGVC

Track 3, Difficulty-Aware Temporal Answer Grounding in Video Corpus, is the
most comprehensive setting in DA-MIVQA because it requires systems to re-
trieve the relevant video and localize the answer span within that video at the
same time. The official ranking of this track is based on the Average score, which
is computed from R@1/mloU, R@Q10/mIoU, and R@100/mIoU. Table 5 provides
the final ranking results for Track 3.

Because retrieval and localization errors may accumulate in this track, its
performance is expected to be lower than that of the first two tracks, especially
on complex questions requiring both correct video selection and accurate visual-
temporal grounding. Therefore, the results of this track are particularly useful for
examining the end-to-end capability of systems in realistic medical instructional
video question answering scenarios.

4.5 Comparative Observations

Across all three tracks, the difficulty-aware setting makes it possible to com-
pare system behavior on text-dominant and visually grounded questions in a



Overview of the NLPCC 2026 Shared Task 1 9

Table 5. Results of Track 3: Difficulty-Aware Temporal Answer Grounding in Video
Corpus (DA-TAGVC).

Rank Team ID R@10,mIoU R@100,mloU R@1,mloU Average
1 BIGC 0.1646 0.2879 0.3660 0.2728
2 UWM 0.1415 0.2727 0.3338 0.2493
3 IIEleven|35] 0.1238 0.2513 0.3566 0.2439
4 UESC 0.1364 0.2551 0.3359 0.2425
5 MedEcho|[36] 0.1490 0.2588 0.3152 0.2410
6 Nsddd[37] 0.1436 0.2129 0.3235 0.2267
7 DesiWen 0.1232 0.2351 0.3159 0.2248
8 MM-Baseline [28] 0.1028 0.2572 0.3082 0.2228
9 Text-Only Baseline [27] 0.0885 0.2415 0.2853 0.2051
10 Random Pick Method [31] 0.0454 0.0872 0.0673 0.0666

more fine-grained manner. The expected comparison between Simple Only and
Complex Only results can help reveal whether a model mainly relies on sub-
title matching or can truly integrate textual, visual, and procedural evidence.
In particular, if a system maintains relatively stable performance across the
two difficulty subsets, it may indicate stronger robustness in handling medi-
cally grounded multimodal reasoning. By contrast, a large performance drop
from simple to complex questions would suggest that current methods still have
limitations in visual grounding, action understanding, and temporal procedural
modeling for medical videos.

5 Conclusion

In this paper, we presented an overview of the NLPCC 2026 shared task on
Difficulty-Aware Medical Instructional Video Question Answering (DA-MIVQA),
which extends the CMIVQA, MMIVQA, and M4IVQA research line toward a
more fine-grained and practically grounded evaluation setting. Unlike previous
benchmarks that mainly focused on language coverage, modality expansion, or
multi-hop reasoning, DA-MIVQA distinguishes questions according to the type
of evidence required for answering. Simple questions are mainly answerable from
subtitle-aligned textual cues, whereas complex questions require visual ground-
ing, procedural understanding, and cross-modal evidence integration.

The challenge consists of three tracks: Difficulty-Aware Temporal Answer
Grounding in Single Video, Difficulty-Aware Video Corpus Retrieval, and Difficulty-
Aware Temporal Answer Grounding in Video Corpus. Together, they evaluate
temporal localization, corpus retrieval, and end-to-end retrieval-grounding abil-
ity in multilingual and multimodal medical instructional video scenarios. Built
from public medical instructional videos and enriched with difficulty annota-
tions, DA-MIVQA provides a practical benchmark for distinguishing systems
that mainly rely on subtitle matching from those that can integrate textual,
visual, and procedural evidence. We hope this challenge will encourage future
research on difficulty-aware medical video understanding and support more ro-



10

S. Liu et al.

bust medical question answering systems for education, emergency guidance,
rehabilitation training, and cross-lingual knowledge access.
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