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Abstract

Current video benchmarks for multimodal
large language models (MLLMs) focus on
event recognition, temporal ordering, and long-
context recall, but overlook a harder capabil-
ity required for expert procedural judgment:
tracking how ongoing interactions update the
procedural state and thereby determine the cor-
rectness of later actions. We introduce SiMing-
Bench, the first benchmark for evaluating this
capability from full-length clinical skill videos.
It targets rubric-grounded process-level judg-
ment of whether interaction-driven state up-
dates preserve procedural correctness across
an entire workflow. SiMing-Bench is instanti-
ated with SiMing-Score, a physician-annotated
dataset of real clinical skill examination videos
spanning cardiopulmonary resuscitation, au-
tomated external defibrillator operation, and
bag-mask ventilation, each paired with a stan-
dardized step-wise rubric and dual-expert la-
bels. Across diverse open- and closed-source
MLLMs, we observe consistently weak agree-
ment with physician judgments. Moreover,
weak performance on rubric-defined intermedi-
ate steps persists even when overall procedure-
level correlation appears acceptable, suggest-
ing that coarse global assessment substantially
overestimates current models’ procedural judg-
ment ability. Additional analyses with binary
step judgment and step-aligned clips indicate
that the bottleneck is not merely fine-grained
scoring or temporal localization, but modeling
how continuous interactions update procedural
state over time.

1 Introduction

Can multimodal large language models (MLLMs)
track interaction-driven world evolution in video?
Although MLLMs are increasingly studied as
world models (Ge et al., 2024; Sreeram et al., 2025),
it remains unclear whether they can follow how in-
teractions drive a scene from one state to the next

†Corresponding authors.

over time. Evaluating this ability requires testing
whether a model can infer how each action up-
dates the current scene and constrains what can
happen next (Chi et al., 2025). Clinical skill as-
sessment1 is where this ability becomes directly
judgeable. In this task, expert examiners determine
from video whether a trainee is performing a proce-
dure correctly by interpreting how interactions with
instruments, the patient, and the surrounding envi-
ronment unfold over time. In suturing, for example,
a stitching motion may look correct in isolation,
yet an examiner can still rule the procedure invalid
if the wrong instrument was used or the steps oc-
curred out of order. At the scale of medical training
and licensing, automating even part of this expert
judgment could remove millions of hours of man-
ual review while turning the same judgments into
scalable, fine-grained feedback for clinical training.

However, current MLLM evaluations still mainly
assess perception, event understanding, or tempo-
ral organization, rather than whether unfolding in-
teractions update procedural states that determine
later-step validity (as shown in Table 1). General
video benchmarks such as E.T.Bench (Liu et al.,
2024) and MVBench (Li et al., 2024b) evaluate
what happens, in what order, and for how long,
but do not test whether earlier interactions alter
the conditions for subsequent steps to be correct,
feasible, or clinically valid. Medical video bench-
marks such as Surgpub-video (Li et al., 2025b) and
SurgVLM (Zeng et al., 2025) extend evaluation
to domain-specific perception, yet still focus on
localized findings or instrument-level recognition,
rather than interaction-conditioned procedural cor-
rectness. Spatial reasoning benchmarks (Li et al.,
2025a; Yang et al., 2025), such as ViewSpatial and
MMSI, further test positions, viewpoints, and 3D
structure, but not whether action-induced scene
changes constrain the validity of subsequent ac-

1More details in Appendix A
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Q：What tool is used for cutting tissue in the
surgical procedure?
A：Surgical scissors are used for cutting tissue.

You are a professionally trained clinician and clinical skills examiner. Please strictly follow the provided rubric and
score each procedural step individually based on the full-workflow video content.......

+

4 points ... 5 points ... 3 Points

Q：Where did I find the grey T-shirt in this shop?
A：The place can be viewed in 230.8 - 250.3
seconds.

3D Video Grounding Ego-Centric Orientation

Interaction-centric Step-wise Annotation Full-workflow Video
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Scoring
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Instruction

Step-level
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Figure 1: Comparison between SiMing-Bench and prior video benchmarks. (a) SiMing-Bench is built on full-
workflow clinical skill videos and paired with expert-defined rubrics and step-wise scores, enabling evaluation
of whether models can track continuous interactions throughout an entire procedure and make process-level
procedural judgments. (b)(c) Existing benchmarks mainly evaluate localized video understanding, such as instrument
recognition, temporal localization, and spatial reasoning.

tions in an ongoing procedure.
To address this gap, we introduce SiMing-

Bench, the first benchmark built on clinical skill
videos to test whether MLLMs can judge proce-
dural correctness from continuous interactions in
real-world environments2. It requires models to
track interaction-driven state updates and make
rubric-grounded procedural judgments over an en-
tire workflow. SiMing-Bench is built on SiMing-
Score, a manually annotated dataset of 200 full-
length clinical skill videos spanning three skill cat-
egories, with a total duration of approximately 563
minutes and an average duration of 168.9 seconds
per video. Each video preserves an entire workflow
within a single scene. As shown in Figure 1 (a), col-
lected from medical student examinations at three
hospitals, the videos capture sustained interactions
among the trainee, medical instruments, the patient,
and the surrounding environment over time. Two
physicians independently scored each video using
standardized assessment forms, yielding step-level
textual scoring criteria, ordinal ratings for multiple
procedural steps, and an overall performance score.

2The project is available at SiMing-Bench.

Given a full video and its scoring rubric, the task is
to predict a discrete score for each predefined step
as well as an overall score on the same scale used
by human raters. Evaluation is conducted at two
levels, with Pearson correlation(PLCC) and Spear-
man correlation(SRCC) measuring overall-score
consistency and quadratically weighted Cohen’s κ
measuring step-level consistency.

Across 12 MLLMs with reported main results,
we observe a persistent gap between model judg-
ment and expert assessment. On overall procedure
scoring, the highest observed PLCC is only 0.158,
while still yielding zero step-level weighted Co-
hen’s κ. In contrast, physician-physician agree-
ment reaches 0.871 PLCC on overall scores and
0.732 Cohen’s κ on step-level labels. This large gap
shows that current MLLMs still struggle to convert
continuous interactions in clinical videos into reli-
able procedural judgment. Moreover, weak overall-
score correlation can coexist with near-zero agree-
ment on rubric-defined intermediate steps, indicat-
ing that coarse global assessment substantially over-
estimates current models’ process-level understand-
ing. Additional diagnostic analyses further show
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Benchmark Domain IC FV SA IPJ Major Evaluation Target

MVBench (Li et al., 2024b) General Video ✗ ✗ ✗ ✗ Temporal Understanding
Video-MME (Fu et al., 2025) General Video ✗ ✗ ✗ ✗ Compositional Video Understanding
LVBench (Wang et al., 2025a) General Video ✗ ✗ ✗ ✗ Long Video Understanding
EgoTempo (Plizzari et al., 2025) Egocentric Video ✗ ✗ ✗ ✗ Egocentric Temporal Understanding
OmniMMI (Wang et al., 2025c) Streaming Video ✓ ✗ ✗ ✗ Streaming Video Understanding
ScaleLong (Ma et al., 2025) Long Video ✗ ✓ ✗ ✗ Long-video Understanding
SurgVLM (Zeng et al., 2025) Medical Video ✗ ✗ ✗ ✗ Surgical Video Understanding
Surgpub-video (Li et al., 2025b) Medical Video ✓ ✗ ✗ ✗ Surgical Video Understanding

SiMing-Bench Clinical Skill Video ✓ ✓ ✓ ✓ Interaction-driven State Validity Judgment

Table 1: Comparison between SiMing-Bench and prior video benchmarks. IC denotes interaction-centric design,
FV denotes full-workflow video, SA denotes step-wise annotation, and IPJ denotes interaction-driven procedural
judgment. Together, these properties distinguish SiMing-Bench from prior benchmarks by enabling direct evaluation
of interaction-driven state validity judgment in long, interaction-rich clinical workflows.

that this limitation is not resolved by simplifying
the task. Under binary correctness judgment, the
strongest observed result reaches only 0.132 MCC.
Under manually segmented step-aligned clips, the
highest observed step-level κ reaches only 0.075.
Together, these results show that current MLLMs
remain limited as world models because they do
not yet reliably turn evolving interaction states into
explicit judgments about procedural validity.

In summary, our main contributions are three-
fold. First, we introduce SiMing-Bench, the first
benchmark built on clinical skill videos to test
whether MLLMs can judge procedural correctness
from continuous interactions. It targets a miss-
ing capability in current video evaluation, namely
process-level judgment over long, interaction-rich
procedures. Second, we formulate this problem as
a multi-granularity assessment task and construct
SiMing-Score, a manually annotated dataset of
200 full-length videos across three clinical skill
categories. Each video is independently scored
by two physicians with step-level scoring criteria,
ordinal ratings, and an overall score. Third, exper-
iments on diverse MLLMs reveal a persistent gap
between model scoring and expert judgment. Fur-
ther analyses show that this gap is not resolved by
simplifying score granularity or temporal localiza-
tion, suggesting a deeper limitation in how current
MLLMs model interaction-driven procedural state.

2 Related Work

2.1 Video Understanding Benchmarks

Recent benchmarks have broadened MLLM evalu-
ation for video understanding from event compre-
hension to temporal reasoning, long-context mod-
eling, streaming perception, and open-ended multi-
modal understanding. Comprehensive benchmarks

such as MVBench (Li et al., 2024b) and Video-
MME (Fu et al., 2025) assess event recognition
and multimodal comprehension across diverse do-
mains, while LVBench (Wang et al., 2025a) and
EgoTempo (Plizzari et al., 2025) emphasize long-
video understanding and fine-grained temporal rea-
soning. OmniMMI (Wang et al., 2025c) and Scale-
Long (Ma et al., 2025) further extend evaluation to
streaming and hierarchical settings. Medical video
benchmarks such as SurgVLM (Zeng et al., 2025)
and Surgpub-video (Li et al., 2025b) move beyond
frame-level recognition toward broader surgical
intelligence. However, as shown in Table 1, exist-
ing benchmarks mainly focus on event recognition,
temporal reasoning, or long-context understand-
ing, rather than on whether continuous interactions
progressively update scene states in ways that de-
termine procedural correctness in subsequent steps
throughout long workflows.

2.2 MLLMs for Video Understanding

Recent video MLLMs have shifted from video-
adapted extensions to unified multimodal mod-
els with stronger long-context and spatiotem-
poral reasoning. LLaVA-Video (Zhang et al.,
2024) and LLaVA-OneVision (Li et al., 2024a)
extend general-purpose MLLMs to open-ended
video understanding, while InternVL3.5 (Wang
et al., 2025b), Qwen3-VL (Bai et al., 2025),
Molmo2 (Clark et al., 2026), TimeSuite (Zeng
et al., 2024), LLaVA-MR (Lu et al., 2024), and
ReMoRa (Yashima et al., 2026) further improve
long-context perception, grounding, temporal lo-
calization, and long-video modeling. Despite these
advances, existing video MLLMs are still primarily
optimized to understand what happened in a video,
where it occurred, and how events unfold over
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time. They are less explicitly designed to judge
whether continuous interactions progressively up-
date the scene state in ways that determine the
correctness, feasibility, or validity of subsequent
actions in a long procedure. This gap is closely
related to recent vision-language world modeling
studies (Ge et al., 2024; Chen et al., 2025), which
move beyond event recognition toward modeling
state transitions, action consequences, and tem-
porally structured future evolution. However, it
remains unclear whether current MLLMs can ro-
bustly track interaction-driven world-state updates
for fine-grained procedural judgment, or instead
rely on superficial sequential regularities in ob-
served state changes.

3 SiMing-Bench

SiMing-Bench studies whether an MLLM can as-
sess procedural correctness from a complete clin-
ical skill video under an expert-defined scoring
rubric. Unlike conventional video understanding
tasks that ask what happened in a clip, the task
requires mapping a long-form procedure to rubric-
aligned judgments over clinically meaningful steps.
Each step corresponds to a temporally extended in-
teraction segment rather than a single visual event,
and its correctness depends on whether the pre-
ceding interactions have established the procedural
conditions required for the current action. The
model must therefore evaluate the procedure as
an evolving interaction process, rather than as a
collection of isolated observations.

3.1 Task Definition

We formulate this setting as a structured prediction
problem over long-form videos. Given a complete
clinical skill video V = {Vt}Tt=1, and a step-wise
rubric R = {ri}Ni=1, the task requires a model Fθ

predicting a sequence of step-level scores:

ŝ = {ŝi}Ni=1 = Fθ(V,R).

where Vt denotes the visual observation at time step
t, ri specifies the scoring criteria and point rules
for step i. Here, each ŝi ∈ Yi is a discrete score for
step i, and Yi is the valid score set defined by the
rubric for that step. The overall procedure score
is obtained by aggregating the predicted step-level
scores:

ŷ =

N∑

i=1

ŝi,

Skill Avg. Duration #Rubric Steps

CPR 85.6 s 19
AED 50.2 s 9
BMV 33.1 s 5

Total videos 200
Total duration 563 min
Avg. duration per sample 168.9 s
Total rubric steps 33

Table 2: Dataset statistics of SiMing-Bench. Each video
contains a complete assessment including CPR, AED,
and BMV, rather than a single isolated skill. We report
the average duration and rubric steps for each skill, to-
gether with the overall dataset scale after quality control.

Metric Value

Overall-score agreement (PLCC) 0.871
Step-level agreement (Cohen’s κ) 0.732
Step instances requiring adjudication 65 (0.98%)
Videos excluded during curation 33

Table 3: Annotation agreement and curation statistics
before adjudication.

where ŷ denotes the predicted total score for the
full procedure.

3.2 Dataset Curation
Data source and collection. SiMing-Score is cu-
rated from real clinical skill assessment videos of
medical students at three hospitals, forming, to our
knowledge, the first full-length clinical skill video
benchmark for rubric-grounded procedural assess-
ment. Videos were collected in standardized train-
ing and examination settings, where students per-
formed complete procedures under expert-defined
protocols rather than expert demonstrations.

We collected 233 videos in total, each covering
cardiopulmonary resuscitation (CPR), automated
external defibrillator (AED) operation, and bag-
mask ventilation (BMV), with average durations of
85.6s, 50.2s, and 33.1s, respectively. After quality
control, the dataset contains approximately 563
minutes of video, averaging 168.9s per sample.
Each video records one complete attempt within a
single testing scene, preserving the full procedural
trajectory rather than isolated clips or manually seg-
mented events. Detailed statistics are provided in
Table 2. The data collection and research protocols
were approved by the Institutional Review Board
(IRB)3.

Because the performers are students in authen-
tic assessments, the videos naturally contain clin-

3More details in Appendix H
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ically meaningful variation in procedural quality,
including incorrect ordering, incomplete execution,
unstable coordination, and other deviations that af-
fect rubric-based scoring. Thus, correctness must
be judged from the full interaction process rather
than assumed. The three skill categories instantiate
complementary forms of long-horizon procedural
interaction4.

For each skill, expert rubrics define clinically
meaningful sub-steps and explicit execution re-
quirements, including action order, continuity, de-
vice handling, safety constraints, and coordination
quality. All recordings were obtained under stan-
dardized examination conditions, with fixed proto-
cols, comparable room layouts, and clear visibility
of rubric-relevant interactions among the trainee,
patient simulator, and instruments.

Physician Rubrics and Dual-Expert Annotation.
Each skill category is paired with a standardized
step-wise scoring rubric used in real clinical skill
examinations, with full details provided in Ap-
pendix B. Developed by physicians for procedural
assessment, these rubrics decompose each task into
predefined sub-steps with explicit scoring criteria,
ensuring that labels reflect expert judgments of pro-
cedural correctness rather than free-form descrip-
tions or proxy supervision.

Two clinically trained physician annotators5 in-
dependently review each full-length video and
score every predefined step according to the rubric-
defined requirements. The overall procedure score
is obtained by aggregating these step-level scores
under the rubric-specific scoring scheme. Thus,
each sample contains dual-expert, rubric-aligned
step annotations and a total score grounded in the
full interaction process.

Quality control and adjudication. Quality con-
trol was conducted during both video curation and
annotation. At the data level, we retained only
videos with complete procedural coverage and
clear visibility of rubric-relevant interactions, ex-
cluding recordings that were insufficient for rubric-
based assessment due to interruption, severe occlu-
sion, or incomplete capture. Procedurally incorrect
or low-quality student performances were retained,
as they are intrinsic to real clinical skill assessment

4Appendix A.1 provides detailed descriptions of CPR,
AED operation, and BMV, including their procedural charac-
teristics and representative action sequences.

5More details in Appendix C

and essential for evaluating rubric-grounded proce-
dural judgment.

At the annotation level, two physicians first
independently reviewed each full-length video
and assigned step-level scores using the official
rubric. Discrepant step labels were then jointly
re-examined and resolved step by step through ad-
judication. The final consensus labels were used to
derive the overall procedure score. Inter-annotator
agreement before adjudication is reported in Ta-
ble 3. Overall, 65 step instances (0.98%) across
31 videos (15.5%) required adjudication, and 33
videos were excluded because the recordings were
insufficient for rubric-based assessment.

SiMing-Bench provides dense expert annota-
tions. Across 200 videos, it yields 6,600 step-
level procedural judgments and 13,200 indepen-
dent physician step-level scores before adjudica-
tion. Despite its focused scale and procedure cover-
age, it offers a rigorous diagnostic setting for state-
conditioned procedural judgment beyond ordinary
video QA or coarse action recognition. SiMing-
Bench is being actively expanded through ongoing
data collection. Details of the expansion plan are
provided in Appendix I.

3.3 Evaluation
We evaluate MLLMs on SiMing-Bench under a
rubric-grounded prompting protocol, where each
structured clinical scoring rubric is converted into
a textual prompt and the model predicts step-level
scores for the full procedure. Because clinical skill
assessment requires both global judgment over the
entire procedure and local judgment over clinically
meaningful sub-steps, we evaluate model perfor-
mance at two complementary levels.
Overall-score consistency. We first measure
whether model predictions agree with expert judg-
ments on the quality of the complete procedure.
Let ŷ and y denote the predicted and expert overall
scores, respectively. We report Pearson correla-
tion(PLCC) and Spearman correlation(SRCC) over
the evaluation set. PLCC measures agreement in
absolute scoring tendency, while SRCC measures
whether the model preserves the expert ranking of
procedural quality across samples. The formula-
tions are provided in Appendix E.1.
Step-level consistency. We further measure
whether the model agrees with experts on the cor-
rectness of individual procedural steps. Since step-
level ratings are ordinal rather than interval-scaled,
we evaluate agreement using quadratic weighted
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Models Parameters PLCC SRCC Cohen’s κ MCC P R F1

Open-source Video-MLLMs

LLaVA-Video (Zhang et al., 2024) 7B 0.104 -0.095 0.033 -0.033 0.157 0.135 0.145
LLaVA-Video (Zhang et al., 2024) 72B -0.047 -0.015 0.044 0.039 0.207 0.369 0.266
LLaVA-OneVision (Li et al., 2024a) 7B 0.038 0.123 0.038 0.029 0.145 0.059 0.084
Qwen3-VL (Bai et al., 2025) 30B 0.037 0.099 -0.010 0.043 0.174 0.659 0.276

Omni-MLLMs

Qwen3-Omni (Xu et al., 2025) 30B -0.002 0.011 0.000 0.000 0.183 1.000 0.310
GPT-4o (OpenAI, 2024) – 0.158 0.169 0.000 -0.023 0.156 0.070 0.097

Medical Video-MLLMs

UniMed-VL (Ning et al., 2025) 14B -0.035 -0.053 -0.006 0.053 0.257 0.107 0.152
MedGemma (Sellergren et al., 2025) 27B -0.059 -0.074 0.007 0.028 0.201 0.393 0.266
MediX-R1 (Mullappilly et al., 2026) 30B -0.046 -0.058 -0.048 -0.039 0.176 0.461 0.254

Commercial MLLMs

Doubao-1.6-Vision (ByteDance, 2025) 230B -0.055 -0.034 0.037 -0.031 0.150 0.081 0.105
Gemini-3 Pro (Google, 2025) – 0.022 -0.116 0.018 -0.020 0.157 0.106 0.126
GPT-5.2 (OpenAI, 2025) – -0.053 0.016 0.048 0.132 0.212 0.909 0.344

Table 4: Main results on SiMing-Bench. We evaluate diverse MLLMs under the rubric-grounded full-video setting
at both the overall-score and step levels. MCC, Precision, Recall, and F1 are additionally reported for binary step
correctness judgment (more details in Section 4.3).

Cohen’s κ. Both expert and predicted step scores
are mapped to four ordered categories, correspond-
ing to fully correct, basically correct with minor
issues, clearly deficient, and severely incorrect or
failed. This metric penalizes larger disagreements
more heavily and is therefore appropriate for rubric-
based procedural assessment. Implementation de-
tails are provided in Appendix E.2.

Unless otherwise specified, overall-score met-
rics are computed against the expert consensus
score, and step-level agreement is computed over
all rubric-defined steps in the evaluation set.

4 Experiments

4.1 Experimental Settings

Baseline models. To comprehensively evaluate
model performance on SiMing-Bench, we compare
a diverse set of representative baselines spanning
general-purpose open-source Video-LLMs (Zhang
et al., 2024; Li et al., 2024a; Bai et al., 2025),
omni-modal large models (Xu et al., 2025; OpenAI,
2024), medical-domain MLLMs (Ning et al., 2025;
Sellergren et al., 2025; Mullappilly et al., 2026),
and commercial proprietary MLLMs (ByteDance,
2025; Google, 2025; OpenAI, 2025). This selec-
tion allows us to assess procedural understanding
ability across models with different architectures

and domain specialization6.

4.2 Main Results Analysis

Current MLLMs fail to achieve expert-aligned
process-level judgment. Table 4 shows that
all evaluated models perform poorly on SiMing-
Bench, with uniformly weak agreement with ex-
pert ratings at both the overall-score and step levels.
The highest observed overall-score result reaches
only 0.158 PLCC and 0.169 SRCC, while yield-
ing zero step-level κ. Among open-source models,
LLaVA-OneVision achieves the highest SRCC, but
no model produces consistent gains across eval-
uation levels. The dominant pattern is therefore
not isolated weakness in particular systems, but a
systematic failure to convert long-horizon interac-
tion history into expert-aligned, rubric-grounded
process-level judgment. This failure also does not
diminish reliably with scale: performance does
not improve monotonically, and both open- and
closed-source systems remain well below expert
agreement under zero-shot evaluation.

Overall-score agreement masks failures in
step-level procedural assessment. A central
finding is the persistent mismatch between overall-
score consistency and step-level consistency. GPT-

6Our main experiments focus on zero-shot, rubric-
conditioned MLLM evaluation. We discuss alternative ap-
proaches that require task-specific adaptation in Appendix F.
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Models PLCC SRCC Cohen’s κ

LLaVA-Video-7B -0.150 (-0.254) -0.170 (-0.075) 0.009 (-0.024)
LLaVA-Video-72B 0.057 (+0.104) 0.098 (+0.113) -0.003 (-0.047)
LLaVA-OneVision 0.000 (-0.038) 0.000 (-0.123) 0.000 (-0.038)
Qwen3-VL 0.135 (+0.098) 0.125 (+0.026) 0.000 (+0.010)

Qwen3-Omni 0.092 (+0.094) 0.110 (+0.099) 0.075 (+0.075)

GPT-4o -0.018 (-0.176) 0.004 (-0.165) 0.019 (+0.019)

UniMed-VL 0.084 (+0.119) 0.061 (+0.114) 0.016 (+0.022)

MedGemma 0.030 (+0.089) 0.079 (+0.153) 0.002 (-0.005)

MediX-R1 0.108 (+0.154) 0.121 (+0.179) 0.010 (+0.058)

Doubao-1.6-Vision 0.055 (+0.110) 0.032 (+0.066) 0.006 (-0.031)

Gemini-3 Pro 0.331 (+0.309) 0.296 (+0.412) 0.015(-0.003)

GPT-5.2 0.147 (+0.200) 0.157 (+0.141) 0.011 (-0.037)

Table 5: Comparison between the full-video setting
and the step-aligned clips setting on PLCC, SRCC and
Cohen’s κ. Improvements are highlighted with red
backgrounds.
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Figure 2: Comparison between the full-video setting and
the step-aligned clip setting. Each dumbbell connects
the same model under the two evaluation settings.

4o, for example, achieves the strongest correlation
with expert overall scores, yet fails to obtain pos-
itive agreement on rubric-defined steps. Similar
discrepancies appear across other models. This in-
dicates that weak agreement at the full-procedure
level can arise without correct judgment of the in-
termediate interactions that determine procedural
validity. Current models may capture coarse signals
about global procedure quality while still failing to
identify which earlier interactions changed the pro-
cedural state and why later actions became correct
or incorrect. This result directly supports the multi-
granularity design of SiMing-Bench: evaluating
only the overall score would substantially overesti-
mate current models’ ability to perform expert-like
process-level assessment.

Neither scale nor medical specialization re-
solves the underlying failure. Increasing
model scale does not reliably improve performance
on SiMing-Bench. For example, larger model
variants(LLaVA-Video) do not consistently yield
higher agreement across metrics, and larger com-
mercial models also remain near zero in agreement.
Medical-domain models likewise fail to show a
consistent advantage. UniMed-VL, MedGemma,
and MediX-R1 remain near or below zero on the
reported metrics, indicating that medical specializa-
tion alone is insufficient for rubric-grounded proce-
dural assessment. This is consistent with the task
design of SiMing-Bench, which does not primarily
test recognition of medical objects or terminology,
but whether a model can represent how continu-
ous interactions update procedural conditions and
determine the validity of subsequent actions.

SiMing-Bench therefore exposes a concrete,
interaction-centered world-modeling challenge for
current video MLLMs: they do not reliably infer
how earlier interactions reshape the conditions un-
der which later actions become correct, incorrect,
feasible, or invalid.

4.3 Diagnostic Analysis of Step-level Failure

To diagnose the source of step-level failure, we
conduct two additional analyses that separately re-
duce the difficulty of score assignment and tempo-
ral evidence search. To further examine whether
the observed performance gap can be attributed
to alternative factors beyond interaction-grounded
procedural state modeling, we provide additional
diagnostic analyses in Appendix G.

Binary correctness judgment does not resolve
the failure. We first simplify step-level evaluation
from ordinal scoring to binary correctness classi-
fication, where the model only decides whether
each interaction step is correctly performed. This
removes the need to map visual evidence to fine-
grained score levels and isolates a more basic capa-
bility, judging whether a clinically meaningful in-
teraction satisfies the procedural requirement. Per-
formance nevertheless remains weak across all met-
rics7. As shown in Table 4, most models achieve
MCC values close to zero, and some are nega-
tive; even the highest observed MCC is only 0.132.
Moreover, some seemingly stronger F1 scores are

7Appendix E.3 details the Binary Error-detection Metrics.
To evaluate whether models can identify incorrect procedural
execution, erroneous steps are treated as the positive class
when computing Precision, Recall, F1, and MCC.
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Figure 3: Comparison between the full-video setting and the step-aligned clips setting on binary step judgment. For
each model, we report MCC and F1 under both settings.

driven by heavily biased prediction behavior rather
than reliable step discrimination. For example,
Qwen3-Omni attains perfect recall but extremely
low precision and zero MCC, indicating a strong
tendency to predict most steps as incorrect. This
suggests that the bottleneck is not merely fine-
grained score assignment, but the underlying ability
to distinguish correct from incorrect interactions.

Step-aligned temporal localization yields only
limited gains. We next evaluate models on manu-
ally segmented step-aligned clips, where each in-
put contains only a short clip and the correspond-
ing step requirement. This removes the need to
search over the full procedure for relevant evidence.
Figure 2 illustrates that while some models show
modest improvement in overall-score correlations,
step-level agreement remains extremely weak. As
shown in Table 5, κ stays near zero for almost all
models, with the highest observed value reaching
only 0.075. Binary correctness evaluation shows
a similar pattern. Figure 3 shows that, although
step segmentation improves performance for some
models, the gains remain limited and often coexist
with strong positive prediction bias. These results
indicate that long-horizon temporal search is only
part of the challenge. Even when relevant evidence
is pre-localized, current MLLMs still struggle to
judge whether the observed interaction satisfies the
procedural criterion.

Taken together, these diagnostic analyses show
that the main bottleneck is neither fine-grained
score mapping alone nor temporal localization
alone. Instead, current MLLMs fail at the more

fundamental problem of converting observed in-
teractions into expert-aligned procedural judg-
ment, consistent with a broader failure to main-
tain interaction-updated procedural state over the
course of a procedure.

5 Conclusion

We introduce SiMing-Bench, a benchmark for eval-
uating expert-aligned process-level judgment from
full-length clinical skill videos. Beyond event
recognition or long-context recall, SiMing-Bench
tests whether MLLMs can model how ongoing in-
teractions update procedural conditions and thereby
determine the correctness of later actions. Across
overall-score, step-level, binary judgment, and
step-aligned clip settings, current MLLMs consis-
tently show weak agreement with physician ex-
perts. Moreover, weak performance on rubric-
defined intermediate steps persists even when over-
all procedure-level correlation appears acceptable,
suggesting that coarse agreement substantially over-
estimates true procedural assessment ability. The
limited gains from binary simplification and pre-
localized clips further indicate that the core bottle-
neck is not merely scoring difficulty or temporal
evidence search, but interaction-grounded procedu-
ral state modeling. We hope SiMing-Bench encour-
ages future multimodal systems to move beyond
event recognition toward expert-aligned judgment
over continuously evolving real-world processes.
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Limitations

SiMing-Bench focuses on clinical skill assessment
in standardized educational examination settings.
This design provides high-quality rubric-grounded
supervision and controlled procedural comparisons,
but it does not cover the full variability of real
clinical practice, where patient conditions, environ-
ment, team coordination, and unexpected events
may be substantially more complex. Our conclu-
sions should therefore be interpreted as evidence
of a core failure in process-level procedural judg-
ment under structured assessment, rather than as a
complete characterization of video understanding
in all clinical environments.

The benchmark currently covers three clinical
skill categories, including cardiopulmonary resus-
citation, automated external defibrillator operation,
and bag-mask ventilation. These tasks were cho-
sen because they involve long-form, interaction-
dependent procedures with expert-defined rubrics,
but they do not exhaust the space of clinical proce-
dural reasoning. Our findings should therefore be
interpreted as evidence about interaction-grounded
procedural judgment in structured clinical skill as-
sessment, rather than as a complete characteriza-
tion of MLLM world modeling across all proce-
dural domains. Other settings, such as surgery,
bedside examination, multi-actor team procedures,
or non-medical assembly tasks, may involve dif-
ferent objects, temporal dependencies, interaction
structures, and sources of uncertainty.

Our evaluation is also rubric-grounded by design.
This is a strength for standardized assessment, but
it means that the benchmark emphasizes agreement
with expert scoring protocols rather than all possi-
ble forms of clinical reasoning. In particular, suc-
cessful performance on SiMing-Bench would not
by itself imply broader competence in diagnosis,
treatment planning, or open-ended clinical decision
making.

Finally, although we include diagnostic analy-
ses with binary judgment and step-aligned clips,
these experiments do not fully disentangle all pos-
sible sources of model failure. The observed per-
formance gaps are consistent with a limitation in
interaction-grounded procedural state modeling,
but future work is still needed to more explicitly
probe memory, localization, causal attribution, and
latent world-state tracking in long-form multimodal
reasoning.

Ethical Considerations

This work studies MLLMs in the context of clini-
cal skill assessment, a domain in which errors can
have educational and safety implications. SiMing-
Bench is intended strictly as a research benchmark
for evaluating process-level multimodal reasoning.
It is not designed or validated for direct deploy-
ment in medical education scoring, competency
certification, or clinical decision support without
substantial additional validation, oversight, and reg-
ulatory review.

The dataset is curated from standardized clinical
skill training and examination scenarios involving
medical students. The data collection and research
use protocols were reviewed and approved by the
Institutional Review Board (IRB)8 of the partici-
pating institution. Because the videos concern edu-
cational assessment in a medically themed setting,
careful handling of privacy and institutional permis-
sions is essential. Data collection, storage, annota-
tion, and release should comply with the relevant
institutional review, consent, and de-identification
requirements applicable to the participating sites.
Any public release should avoid personally iden-
tifying information and should preserve only the
information necessary for benchmark evaluation.

A further ethical risk is overinterpretation of
model capability. Since the benchmark measures
rubric-grounded procedural judgment, strong per-
formance would not imply that a model is safe
for real patient-facing use. Conversely, weak per-
formance should not be misread as a judgment
about student competence outside the specific scor-
ing rubric and examination context. We there-
fore frame all results as model-evaluation findings
rather than educational or clinical decisions about
individuals.

Finally, the benchmark may contribute to future
automated assessment tools, which creates both
opportunity and risk. Such systems could support
training and feedback, but they could also amplify
annotation biases, institutional scoring conventions,
or unjustified trust in model outputs. For this rea-
son, any downstream use should preserve human
expert oversight, make scoring criteria transparent,
and treat model outputs as assistive rather than au-
thoritative.

8More details in Appendix H
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A Clinical Skill Assessment

A.1 What is clinical skills assessment?

Clinical skills assessment refers to performance-
based approaches in medical education used to
evaluate whether learners can integrate commu-
nication, knowledge, technical skills, and clinical
reasoning in practice-relevant tasks (Epstein and
Hundert, 2002). Rather than assessing only what
learners know, such assessment is commonly un-
derstood as targeting higher levels of performance
beyond knowledge alone (Miller, 1990). One of
the most widely used formats for this purpose
is the Objective Structured Clinical Examination
(OSCE) (Khan et al., 2013), which has become
widely adopted in both undergraduate and post-
graduate clinical education. In an OSCE, learn-
ers rotate through a series of stations organized
around specific clinical tasks, with predefined scor-
ing approaches and standardized administration
procedures intended to improve the structure and
objectivity of clinical performance assessment. In
our study, we focus on procedural clinical skills
in emergency care, specifically cardiopulmonary
resuscitation (CPR), automated external defibril-
lator (AED) operation, and bag-mask ventilation
(BMV). As shown in Figure 4, we present multi-
frame examples of these skills to illustrate how
each procedure unfolds over time through a se-
quence of coordinated actions. These skills are
highly structured, time-sensitive, and interaction-
intensive, requiring learners to complete a full se-
quence of clinically meaningful actions rather than
isolated subtasks. This processual nature makes
them well suited for evaluating fine-grained proce-
dural competence, including step-wise execution
quality, action ordering, and consistency across the
entire workflow.

A.2 Why is it important?

Clinical skills assessment is important for at least
three reasons. First, it is closely tied to patient
safety and quality of care, as medical training must
ultimately ensure that learners can translate knowl-
edge into safe and effective clinical practice rather
than merely reproduce factual information in writ-
ten examinations (Walton et al., 2011). Second, it
addresses a fundamental limitation of written tests.
As emphasized in the classic framework of clinical
competence, written examinations mainly assess
whether learners “know” or “know how,” whereas
clinical skills assessments are better suited to eval-

uating whether learners can actually demonstrate
performance in practice, namely whether they can
“show how” and, to some extent, “do” (Miller,
1990). This distinction is particularly important
in medical education, where the ultimate goal is
not merely knowledge retention, but the ability to
function effectively in authentic clinical encoun-
ters (Harden et al., 1975). Third, clinical skills
assessment supports not only individual learner de-
velopment but also the continuous improvement
of the curriculum and the assessment program it-
self. Contemporary medical education increasingly
views assessment as a programmatic process that
informs feedback, guides learning, and provides
evidence for improving educational design at the
program level (Van Der Vleuten and Schuwirth,
2005).

A.3 What challenges does it face?
Clinical skills assessment faces several persistent
challenges. First, it is resource-intensive, partic-
ularly when implemented in the form of OSCEs.
OSCEs are widely recognized as difficult to or-
ganize, requiring substantial human and material
resources and often involving greater time and cost
than traditional or less structured assessment for-
mats (Cusimano et al., 1994). Second, scoring
consistency remains limited despite the standard-
ized design of OSCEs. Although OSCEs were
developed to improve the structure and objectiv-
ity of clinical performance assessment, examiner
judgments may still be affected by contextual fac-
tors, examiner examinee interactions, and differ-
ences among examiners, indicating that standard-
ization does not fully eliminate scoring variabil-
ity (Chong et al., 2017). Third, examiner severity
may vary over the course of an examination. Tem-
poral variation in OSCE scoring has been observed,
including differential rater function over time and
greater leniency at the beginning of an examina-
tion (McLaughlin et al., 2009; Hope and Cameron,
2015). This suggests that examiner severity may
shift systematically even within the same assess-
ment session, introducing an additional source of
rating variability beyond case content or candidate
performance alone.

Recent advances in large language models
(LLMs) (Xie et al., 2023, 2024) have substantially
improved general reasoning and language under-
standing capabilities. Building on these advances,
multimodal large language models (MLLMs) have
shown strong potential for interpreting multimodal
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Cardiopulmonary Resuscitation

Automated External Defibrillator Operation

Bag-Mask Ventilation

Figure 4: Multi-frame examples of the three emergency care skills considered in this study are shown: cardiopul-
monary resuscitation (CPR), automated external defibrillator (AED) operation, and bag-mask ventilation (BMV).
The figure illustrates how each procedure unfolds as a temporally ordered sequence of coordinated actions, high-
lighting the highly structured and interaction-intensive nature of these tasks.

inputs across a wide range of domains (Huang
et al., 2025; Xie et al., 2025; Wang et al., 2023;
Zhang et al., 2023; Huang et al., 2026). In clinical
settings, these capabilities create new opportuni-
ties for automated skill assessment, where MLLMs
hold promise for providing scalable and consis-
tent evaluation of procedural performance. Such
systems therefore offer a promising direction for re-
ducing assessment costs and mitigating variability
in human scoring.

B Physician-Defined Scoring Rubric

Each clinical skill category is paired with an offi-
cial physician-defined scoring rubric used in stan-
dardized clinical skill examinations. As shown in
Figure 5, the rubric decomposes the full procedure
into clinically meaningful sub-steps and specifies,
for each step, the maximum score and the scoring
criteria. The resulting annotations are therefore
rubric-grounded judgments of procedural correct-
ness rather than free-form descriptions. Across
the three skill categories, the benchmark contains

33 rubric-defined steps in total: 19 for CPR, 9 for
AED, and 5 for BMV. The complete set of rubric
items is shown in Figure 6, Figure 7 and Figure 8.
As reported in the main paper, each video contains
the complete workflow covering all three skills.
The step-level labels are assigned independently
by two clinically trained physician annotators ac-
cording to the rubric and then adjudicated when
disagreements occur.

C Privacy and Annotation

The student videos were collected in the context
of routine clinical skills training and assessment
rather than through open recruitment. During data
collection, students wore surgical caps and masks
throughout video recording, and facial regions in
the collected videos were additionally masked to
further protect identity information. In addition,
personally identifying information in the scoring
forms, including names, institutional affiliations,
and student ID numbers, was masked.

Both annotators are physicians from the collabo-
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心肺复苏
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动作：张开双手，头向上、下、左、右环
顾一周
口述：评估现场环境安全（1），做出警示
动作（1）

动作：跪在患者右侧，左膝对齐患者肩
膀，右膝张开与施救者肩膀同宽、轻拍患
者双肩（1），并大声呼唤“你还好吗？”
（1），观察患者反应（2）

动作：指定附近一名同事
启动应急反应系统，向周围人求助，拨打
120（2），获取AED（2）

2.0

4.0

4.0

1.0

3.0

4.0

.

.

.

.

.

.

.

.

.

2.0

4.0

4.0

1.0

3.0

4.0

Detailed Score Report for the 2025-09-24 Standardized Residency 
Pre-Job Clinical Skills Examination

Examination
Standardized Residency
Pre-Job Clinical Skills

Examination

Examination
Time

Station Cardiopulmonary
Resuscitation (CPR) Student

Room Student ID

Examiner Scoring Time

Scoring Sheet Cardiopulmonary Resuscitation (CPR) + AED + Bag-Valve-Mask Ventilation

Primary Scoring Item Secondary Scoring Item Score
Awarded

Maximum
Score Details

Action: Extend both arms and visually scan the
surroundings in all directions—up, down, left, and right.
Verbalization: Assess scene safety (1 point) and make
an alert/warning gesture (1 point).

Action: Kneel on the patient’s right side, with the left
knee aligned with the patient’s shoulder; keep the right
knee at the same width as the rescuer’s shoulder. Gently
tap both of the patient’s shoulders (1 point), loudly call
out, “Are you okay?” (1 point), and observe the patient’s
response (2 points).

Action: Direct a nearby colleague to activate the
emergency response system, call for help from
bystanders, dial 120 (2 points), and obtain an AED (2
points).

CPR

Figure 5: Representative example of the physician-defined scoring rubric in SiMing-Bench. The left panel presents
the original Chinese examination form, and the right panel presents its English-translated version. English transla-
tions are provided for readability; the original Chinese rubrics are used as model inputs in the main experiments.

rating hospital involved in data collection, with sub-
stantial experience in clinical teaching and skills ex-
amination. Prior to formal annotation, they jointly
participated in the development and refinement of
the rubric. All videos were annotated indepen-
dently. No crowdsourcing platform was used.

D Experimental Settings

D.1 Prompts

To ensure a fair and consistent comparison across
all models, we employed a standardized evalua-
tion protocol, where each model was evaluated
in a single run under the same prompting setup.
For each task type, we used a unified prompt tem-
plate, modifying only the task-specific instructions
and expected output formats when necessary. This
design minimizes prompt-induced variation and
helps ensure that observed performance differences
are attributable to the models themselves rather
than to differences in prompt construction. The
four prompt templates correspond to the four eval-
uation settings studied in the paper: full-video
step-wise scoring(Figure 9), full-video step-wise
error detection(Figure 10), step-aligned clip scor-
ing(Figure 11), and step-aligned clip error detec-
tion(Figure 12). Taken together, these four tem-
plates form a controlled prompt suite for the main
and diagnostic experiments, enabling a more inter-
pretable analysis of whether current MLLMs fail
because of scoring granularity, temporal localiza-
tion, or deeper limitations in converting continuous

Models Frames

LLaVA-Video 64
LLaVA-OneVision 64
Qwen3-VL 64
Qwen3-Omni 60
GPT-4o 50
UniMed-VL 30
MedGemma 30
MediX-R1 30
Doubao-1.6-Vision 240
Gemini-3 Pro 120
GPT-5.2 50

Table 6: The evaluated models and the number of input
frames used for each model.

interaction processes into expert-aligned procedu-
ral assessments.

D.2 Temporal Sampling Density

For each model, we used its official default infer-
ence settings. For models that do not natively sup-
port video input, we uniformly sampled frames
from each video according to the maximum num-
ber of frames allowed by the model. The number
of input frames used for each model is reported in
Table 6.

Our full-video evaluation follows the frame bud-
get supported by each model. For example, LLaVA-
Video uses 64 uniformly sampled frames, while
GPT-4o and GPT-5.2 use 50 frames. Since each
input video contains a complete CPR–AED–BMV
workflow with an average duration of 168.9 sec-
onds, full-video sampling provides a sparse tempo-
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ral view of the procedure.

The 168.9-second duration refers to the complete
assessment sample rather than CPR alone. The
average durations of CPR, AED, and BMV are
85.6, 50.2, and 33.1 seconds, respectively. Thus,
the effective sampling density differs across skills.
Sparse sampling can be limiting for temporally
dense CPR criteria, such as compression rhythm,
rate, depth, and continuity.

The step-aligned clip setting partially reduces
this limitation. In this setting, each input contains
a manually localized clip for the target rubric step,
while using the same model-specific frame budget.
Based on the average skill durations and the num-
ber of rubric steps, the average step-level temporal
window is approximately 5.12 seconds across all
skills, with CPR, AED, and BMV corresponding
to 4.51, 5.58, and 6.62 seconds per step on aver-
age, respectively. Under a 50-frame budget, this
corresponds to an effective sampling density of ap-
proximately 9.77 FPS on average, and 11.10 FPS
for CPR steps, compared with only 0.30 FPS over
the full 168.9-second video and 0.58 FPS over the
average 85.6-second CPR segment. For LLaVA-
Video with 64 frames, the corresponding densities
are approximately 12.50 FPS on average and 14.21
FPS for CPR steps, compared with 0.38 FPS over
the full video and 0.75 FPS over the CPR segment.
Thus, step-aligned clips substantially increase the
effective frame density around the relevant action
and remove the need to search over the entire pro-
cedure.

As shown in Table 5, however, step-level agree-
ment remains weak under this setting. This sug-
gests that sparse full-video sampling is not the pri-
mary factor behind the weak step-level agreement.
As discussed in Section G.3, the weak performance
on AED and BMV further suggests that the diffi-
culty is not limited to CPR items requiring high-
frequency motion estimation, since many AED and
BMV steps involve action order, device handling,
safety checks, airway preparation, and continuity
of care.

Future work should evaluate denser video in-
puts, motion-aware encoders, and hybrid pipelines
that combine temporal action analysis with rubric-
conditioned procedural judgment.

E Metric

E.1 Overall-score Consistency

Formally, given expert overall scores {xi}ni=1 and
model-predicted overall scores {yi}ni=1, Pearson
correlation is computed as

rp =

∑n
i=1(xi − x̄)(yi − ȳ)√∑n

i=1(xi − x̄)2
√∑n

i=1(yi − ȳ)2
. (1)

where x̄ and ȳ are the sample means of expert and
predicted scores, respectively.

Let ui = rank(xi) and vi = rank(yi) denote
the ranks of expert and predicted overall scores.
Spearman correlation is then computed as

rs =

∑n
i=1(ui − ū)(vi − v̄)√∑n

i=1(ui − ū)2
√∑n

i=1(vi − v̄)2
, (2)

where ū and v̄ are the mean ranks of {ui}ni=1 and
{vi}ni=1, respectively.

E.2 Step-level scoring consistency

To improve the interpretability of the score-to-
category conversion, we adopt a rubric-aligned
mapping scheme. Let smax denote the maximum
score for a procedural step, d the number of de-
ducted points, and s = smax − d the resulting raw
score. The ordinal label g(s) is defined as

g(s) =





3, d = 0,

2, 0 < d ≤ 1 and s > 0,

1, 1 < d < smax,

0, s = 0.

(3)

This mapping follows the logic of the original clin-
ical rubric: label 3 corresponds to fully correct
execution, label 2 to execution with only a minor
deduction, label 1 to clearly deficient execution
with partial credit retained, and label 0 to severely
incorrect or failed execution. Given these ordi-
nal labels, we compute quadratically weighted
Cohen’s κ to measure agreement between expert
annotations and model predictions. Let Oij denote
the observed proportion of samples assigned to ex-
pert label i and model label j, and let Eij denote
the corresponding expected proportion under statis-
tical independence. With K = 4 ordinal categories,
the quadratic weight is defined as

wij =
(i− j)2

(K − 1)2
. (4)
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The weighted observed disagreement and expected
disagreement are given by

Do =
K−1∑

i=0

K−1∑

j=0

wijOij , (5)

and

De =
K−1∑

i=0

K−1∑

j=0

wijEij . (6)

The final quadratically weighted Cohen’s κ is com-
puted as

κ = 1− Do

De
. (7)

A higher κ indicates stronger agreement between
model predictions and expert ratings on ordered
step-level judgments, while assigning larger penal-
ties to disagreements that are farther apart on the
ordinal scale.

E.3 Binary Error-detection Metrics

For the binary step judgment setting, the prompt
asks the model to output a correctness indicator
for each rubric step, where 1 denotes that the step
is correctly performed and 0 denotes that the step
contains an error. For metric computation, we con-
vert this correctness indicator into an error indica-
tor by label inversion, such that erroneous steps
are treated as the positive class. Specifically, if
ci ∈ {0, 1} denotes the model-predicted correct-
ness label for step i, we define the corresponding
error label as ei = 1− ci. The same conversion is
applied to the expert correctness labels. All binary
metrics are then computed between the predicted
error labels and the expert error labels.

This convention is intentional. Clinical skill as-
sessment is primarily concerned with detecting in-
correct or unsafe procedural execution, rather than
confirming the majority of correctly performed
steps. We therefore report Precision, Recall, F1,
and Matthews correlation coefficient (MCC) under
this error-positive convention. Under this conven-
tion, high recall indicates that the model detects
most erroneous steps, while low precision indicates
that many steps flagged as erroneous are in fact
correct. This also prevents the binary metrics from
being dominated by the majority class of correctly
performed steps.

F Future Directions: From Task-Specific
Video Understanding to Expert-aligned
Process-level Judgment

Task-interface mismatch. Our main experi-
ments focus on zero-shot, rubric-conditioned
MLLM evaluation, where a model receives a
full-workflow clinical skill video together with a
natural-language expert rubric and predicts step-
level ordinal scores as well as an overall proce-
dure score. This formulation differs from the stan-
dard interfaces of many task-specific video under-
standing and world-modeling approaches. Tem-
poral action localization models typically predict
temporal boundaries and action categories (Zhang
et al., 2022). Action-recognition models, including
SlowFast-style video backbones, usually predict
action labels from clips or videos (Feichtenhofer
et al., 2019). World-modeling methods often focus
on predicting future states, modeling state transi-
tions, or reasoning about action-conditioned con-
sequences (Hafner et al., 2023; Bruce et al., 2024).
These outputs are related to procedural video anal-
ysis, but they do not directly correspond to rubric-
conditioned step-level ordinal scores.

This interface mismatch is not merely a repre-
sentational inconvenience. It reflects a shift from
recognizing procedural events to judging their state-
conditioned validity. In SiMing-Bench, procedural
correctness is not determined by action identity
alone, but by whether an observed interaction sat-
isfies an expert-defined criterion under the proce-
dural state induced by preceding interactions. For
example, recognizing that a trainee attaches AED
pads is insufficient, since the step may be scored
differently depending on whether earlier require-
ments, such as device preparation, patient exposure,
and safety checks, have been properly completed.
Similarly, detecting chest compression does not by
itself determine whether the action satisfies rubric
criteria involving hand position, depth, rhythm, re-
coil, and continuity. Thus, SiMing-Bench requires
models to go beyond descriptive video understand-
ing and perform normative, rubric-grounded proce-
dural judgment over temporally evolving interac-
tions.

Relevance to interaction-grounded procedural
state tracking. Although these approaches can-
not be directly applied to the current SiMing-Bench
formulation without task-specific adaptation, they
remain relevant to the underlying capability studied
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in this work. SiMing-Bench operationalizes one
concrete aspect of video world modeling: whether
a model can track how continuous interactions up-
date procedural conditions and use the updated
state to judge the validity of later actions. Existing
approaches may therefore provide useful diagnos-
tic lenses and architectural ingredients for studying
and improving this capability.

Temporal localization methods may help iden-
tify where rubric-relevant evidence occurs in a long
procedure. Action-recognition models and video
backbones may provide stronger visual represen-
tations for recognizing fine-grained procedural ac-
tions and execution quality. World-modeling meth-
ods may support explicit modeling of how each
interaction changes the procedural state and con-
strains subsequent actions. These directions sug-
gest that future MLLMs may benefit from mech-
anisms that combine long-horizon evidence local-
ization, fine-grained procedural perception, and
explicit state-update modeling. Therefore, these
approaches should be viewed not as direct replace-
ments for the zero-shot MLLM formulation eval-
uated in our main experiments, but as promising
routes for strengthening interaction-grounded pro-
cedural state tracking in future rubric-grounded
assessment systems.

G Supplemental Diagnostic Analyses

The main experiments show that current MLLMs
achieve weak agreement with physician scores in
rubric-grounded clinical skill assessment, espe-
cially at the step level. This section provides addi-
tional diagnostic analyses to examine whether the
observed gap can be attributed to several alterna-
tive factors, including missing medical knowledge,
rubric-text complexity, lack of explicit reasoning,
fine-grained domain perception, label imbalance,
statistical uncertainty, and score-prior baselines.

These analyses are not intended to isolate a
single exclusive cause of failure. Instead, they
test whether reducing specific sources of difficulty
leads to substantial and consistent improvements.
Across the diagnostic settings, model performance
improves only in limited and model-dependent
cases, while step-level agreement remains weak.
This pattern suggests that the gap is not fully ex-
plained by any single confounder, and is more
consistent with difficulty in converting observed
clinical interactions into rubric-defined procedural
judgments.

Model PLCC SRCC Cohen’s κ

Medical-knowledge-enhanced prompt

LLaVA-Video-7B 0.020 0.029 0.005
LLaVA-Video-72B 0.046 0.060 0.013
LLaVA-OneVision -0.079 -0.147 -0.011
Qwen3-VL -0.028 -0.006 0.058
Qwen3-Omni -0.175 -0.150 -0.004
GPT-4o 0.019 0.066 0.008
UniMed-VL -0.022 0.054 0.008
MedGemma 0.019 0.018 -0.011
MediX-R1 -0.048 -0.047 -0.037
Doubao-1.6-Vision 0.134 0.157 0.010
Gemini-3 Pro 0.149 0.088 0.027
GPT-5.2 0.141 0.178 0.016

Rubric-simplified prompt

LLaVA-Video-7B -0.002 0.024 0.012
LLaVA-Video-72B 0.010 0.044 0.013
LLaVA-OneVision -0.016 0.005 0.022
Qwen3-VL -0.116 0.044 -0.003
Qwen3-Omni -0.016 -0.050 0.004
GPT-4o 0.123 0.080 0.034
UniMed-VL -0.055 -0.089 0.015
MedGemma -0.015 -0.039 0.022
MediX-R1 -0.182 -0.233 -0.021
Doubao-1.6-Vision -0.011 0.018 0.001
Gemini-3 Pro -0.039 -0.013 0.015
GPT-5.2 0.148 0.194 0.019

Table 7: Diagnostic results for medical-knowledge-
enhanced and rubric-simplified prompting. Additional
clinical background and simplified rubrics produce lim-
ited and model-dependent changes in overall-score cor-
relation, while step-level agreement remains close to
zero across models.

G.1 Medical Knowledge and Rubric
Understanding

One possible explanation for the weak results is
that MLLMs lack the medical knowledge needed
to interpret clinical skill videos. Another is that
physician-defined rubrics are linguistically com-
plex, making it difficult to map textual criteria to
visual evidence. To examine these factors, we intro-
duce two controlled prompting variants. Figure 14
and 15 show the prompt used in this setting.

Medical-knowledge-enhanced prompting. We
prepend concise clinical background to the orig-
inal scoring instruction. The added information
summarizes the purpose of each procedure, key
observable cues, and common failure modes. The
video input, step-wise rubric, and scoring protocol
are unchanged. This setting reduces the need to
recall external clinical knowledge while preserv-
ing the requirement to judge whether the observed
execution satisfies the rubric.
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Rubric-simplified prompting. We rewrite the
physician-defined rubric into shorter and more op-
erational criteria while preserving the original scor-
ing semantics. The simplified rubric removes re-
dundant phrasing and makes the expected visual
evidence more explicit. The video input and scor-
ing protocol remain unchanged. This setting tests
whether reducing rubric-comprehension difficulty
improves assessment performance.

We compare these prompting variants against
the original full-video, full-rubric setting reported
in the main experiments. Table 7 shows that
neither intervention leads to consistent improve-
ment across models. With medical-knowledge-
enhanced prompting, a few recent proprietary mod-
els obtain modest positive overall-score correla-
tions, such as Gemini-3 Pro, GPT-5.2, and Doubao-
1.6-Vision, but several other models remain near
zero or negative. Rubric simplification shows
an even more mixed pattern: GPT-5.2 improves
in overall-score correlation, whereas many open-
source and medical-domain models do not show
reliable gains. Across both settings, step-level Co-
hen’s κ remains close to zero for almost all models,
with the highest values still indicating weak agree-
ment. These results suggest that missing medical
knowledge and rubric-text complexity may con-
tribute to the task difficulty, but reducing these fac-
tors alone does not resolve the core failure in pro-
ducing expert-aligned, step-level procedural judg-
ments.

G.2 Explicit Reasoning Prompting
Another possible explanation is that the orig-
inal zero-shot prompt requires complex multi-
constraint rubric following. We therefore evaluate
whether explicit reasoning prompts improve per-
formance under the full-video setting with the full
rubric.

We consider two prompting variants. The first
is a generic reasoning prompt, where the model
is instructed to reason step by step before assign-
ing scores. The second is a state-aware reasoning
prompt tailored to SiMing-Bench. For each rubric-
defined step, the model is asked to identify: (1)
the procedural condition required by the rubric, (2)
the observed interaction, (3) the procedural state
update induced by the interaction, and (4) whether
the updated state satisfies the rubric criterion. This
prompt encourages the model to organize its pre-
diction around interaction-induced state changes
rather than isolated action recognition. Figure 16

Full Video + Full Rubric + Generic Reasoning

Model PLCC SRCC Cohen’s κ

LLaVA-Video-7B 0.052 0.035 0.077
LLaVA-Video-72B 0.106 0.097 0.137
LLaVA-OneVision -0.019 -0.043 -0.037
Qwen3-VL -0.071 -0.026 0.002
Qwen3-Omni 0.034 0.046 0.037
GPT-4o -0.121 -0.058 0.017
UniMed-VL -0.081 -0.095 0.005
MedGemma 0.104 0.122 0.014
MediX-R1 0.037 -0.064 -0.039
Doubao-1.6-Vision -0.075 -0.019 -0.024
Gemini-3 Pro 0.091 0.079 0.028
GPT-5.2 0.129 0.114 0.034

Full Video + Full Rubric + State-aware Reasoning

Model PLCC SRCC Cohen’s κ

LLaVA-Video-7B 0.115 0.081 0.126
LLaVA-Video-72B 0.049 0.057 0.013
LLaVA-OneVision 0.117 0.083 -0.036
Qwen3-VL 0.176 0.214 0.019
Qwen3-Omni -0.175 -0.105 -0.023
GPT-4o -0.074 -0.055 0.018
UniMed-VL -0.001 -0.022 0.008
MedGemma -0.089 -0.084 -0.003
MediX-R1 0.133 0.192 -0.043
Doubao-1.6-Vision 0.081 0.156 0.010
Gemini-3 Pro -0.001 -0.009 0.017
GPT-5.2 0.146 0.155 0.035

Table 8: Diagnostic results with explicit reasoning
prompts under the full-video and full-rubric setting.
State-aware reasoning improves overall-score correla-
tion for some models, but the gains are not consistent
across models. Step-level agreement remains weak un-
der both prompting variants.

and 17 shows the prompt used in this setting.
As shown in Table 8, generic reasoning does

not reliably improve performance across models.
Although a few models obtain modest positive
overall-score correlations, the results remain gen-
erally weak and unstable. For example, GPT-5.2
achieves the highest PLCC under generic reasoning,
while MedGemma obtains the highest SRCC; how-
ever, both correlations are still low. Similarly, the
relatively higher step-level agreement of LLaVA-
Video (72B) under generic reasoning remains lim-
ited, with Cohen’s κ reaching only 0.137.

State-aware reasoning leads to clearer gains for
some models, particularly in overall-score corre-
lation. Qwen3-VL improves substantially from
negative or near-zero correlation under generic
reasoning to 0.176 PLCC and 0.214 SRCC with
state-aware reasoning. Similar improvements
are observed for LLaVA-Video (7B), LLaVA-
OneVision, MediX-R1, Doubao-1.6-Vision, and
GPT-5.2. However, the effect is not consistent:
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Skill Mean κ Best κ Top-3 κ MCC F1

CPR 0.014 0.063 0.044 0.007 0.157
AED 0.029 0.097 0.068 0.007 0.174
BMV 0.013 0.230 0.114 0.007 0.207

Table 9: Skill-wise diagnostic results across CPR, AED,
and BMV. Agreement remains weak across all three
skills, suggesting that the observed failure is not limited
to CPR-specific fine-grained perception.

several models, including LLaVA-Video (72B),
Qwen3-Omni, MedGemma, and Gemini-3 Pro, per-
form worse under the state-aware prompt.

More importantly, explicit reasoning does not
close the step-level judgment gap. Even when state-
aware reasoning improves overall-score correlation,
Cohen’s κ remains low for most models, and the
best step-level agreement across both prompting
variants is only 0.137. This suggests that explicitly
asking models to reason about procedural condi-
tions and state updates can sometimes help coarse
score prediction, but it does not reliably enable fine-
grained, expert-aligned step-level assessment. The
persistent weakness at the step level suggests that
the bottleneck is not merely a matter of eliciting
longer reasoning traces. Rather, the results are con-
sistent with a difficulty in grounding observed inter-
actions in evolving procedural states and applying
rubric-defined correctness criteria consistently.

G.3 Skill-wise Analysis

A further concern is that the observed failure may
primarily reflect fine-grained domain perception,
especially for CPR steps that require estimating
compression depth, rhythm, or hand placement
from imperfect video observations. Clinical skill
assessment indeed requires fine-grained perception,
and we do not treat perception and procedural judg-
ment as fully separable. However, if CPR-specific
perceptual difficulty were the dominant source of
failure, substantially stronger and more consistent
agreement would be expected on AED and BMV,
where many steps involve device handling, safety
checks, airway preparation, mask positioning, and
action order rather than precise physical measure-
ment.

To examine this, we report skill-wise results
across CPR, AED, and BMV. For each skill, we
report the mean, best, and top-3 average weighted
Cohen’s κ across evaluated models, together with
binary error-detection MCC and F1 computed by
treating incorrect steps as the positive class.

Skill Corr. Incorr. Corr. Rate Incorr. Rate

CPR 3249 551 85.5% 14.5%
AED 1352 448 75.1% 24.9%
BMV 772 228 77.2% 22.8%
Overall 5373 1227 81.4% 18.6%

Table 10: Label distribution in the binary step judgment
setting. Incorrect steps are treated as the positive class.

Table 9 shows weak agreement across all three
skills. The mean Cohen’s κ remains close to zero
for CPR, AED, and BMV, and the binary MCC
is also near zero across the three procedures. Al-
though BMV reaches a higher best κ than CPR and
AED, this improvement is not reflected in the mean
score, and even the top-3 average remains low. The
F1 scores also remain modest across skills, indicat-
ing limited error-detection performance when in-
correct steps are treated as the positive class. This
pattern suggests that the failure is not confined
to CPR items requiring fine-grained physical esti-
mation. Models also struggle on AED and BMV,
where many judgments depend on whether prior in-
teractions have established the required procedural
conditions.

G.4 Label Distribution in Binary Step
Judgment

We analyze the label distribution in the binary step
judgment setting, where incorrect steps are treated
as the positive class for precision, recall, and F1.
This analysis clarifies how class imbalance affects
the reported metrics.

As shown in Table 10, the dataset is moderately
skewed toward correct steps, with an overall incor-
rect rate of 18.6%. This imbalance motivates the
use of MCC and Cohen’s κ, rather than accuracy
alone. It also helps interpret model behavior: high
recall can result from over-predicting errors, while
low recall indicates a bias toward marking steps
as correct. For example, Qwen3-Omni achieves
perfect recall but near-zero MCC, reflecting an
error-prediction bias, whereas several other mod-
els miss most incorrect steps. Thus, the binary
results should be interpreted through balanced met-
rics. The low MCC values indicate that models
still fail to reliably distinguish correct from incor-
rect procedural executions, even after ordinal rubric
scoring is reduced to binary error detection.
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Model PLCC 95% CI p-value

GPT-4o 0.158 [0.020, 0.290] 0.025
LLaVA-Video-7B 0.104 [-0.035, 0.239] 0.143
LLaVA-Video-72B -0.047 [-0.185, 0.092] 0.509

Table 11: Statistical reliability of representative overall-
score PLCC results. Confidence intervals are computed
using Fisher’s z transformation over 200 evaluation
videos. The p-value tests whether each PLCC is sig-
nificantly different from zero.

G.5 Statistical Reliability of Overall-score
Correlations

Because overall-score correlations are computed
over a finite evaluation set, small PLCC differences
should not be over-interpreted as reliable pairwise
model rankings. We compute 95% confidence in-
tervals using Fisher’s z transformation over the
200 evaluation videos and test whether each PLCC
differs from zero.

Table 11 shows that GPT-4o obtains a small but
statistically non-zero correlation with expert over-
all scores, whereas the selected LLaVA-Video re-
sults are not significantly different from zero. How-
ever, the confidence intervals are wide and overlap-
ping. These results should therefore be interpreted
as evidence of weak overall-score agreement, rather
than as statistically reliable pairwise superiority
among models. The main conclusion is that all
evaluated MLLMs remain far from expert-level
agreement, particularly at the step level.

G.6 Video-free Rubric-prior Controls

To contextualize the MLLM results, we add three
video-free rubric-prior controls. These controls do
not observe the input video and make fixed pre-
dictions only from the valid score range of each
rubric item. Specifically, Rubric-min always pre-
dicts the minimum score allowed by each rubric
item, Rubric-max always predicts the maximum
score, and Rubric-mean predicts the midpoint of
the allowed score range. The predicted scores
are then evaluated using the same step-level score
mapping and binary error-detection protocol as the
MLLMs. In the binary setting, we treat an incor-
rect step, i.e., any step with score deduction, as the
positive class. Since these fixed predictions have
zero variance at the overall-score level, PLCC and
SRCC are undefined. We therefore report weighted
Cohen’s κ for step-level agreement, together with
MCC, precision, recall, and F1 for binary error
detection.

Method κ MCC P R F1

Rubric-min 0.000 0.000 0.186 1.000 0.314
Rubric-mean 0.060 0.000 0.186 1.000 0.314
Rubric-max 0.000 0.000 0.000 0.000 0.000

Table 12: Performance of video-free rubric-prior con-
trols. These controls predict fixed scores from rubric
score ranges without observing the video. Incorrect
steps are treated as the positive class in binary error
detection.

Table 12 shows that rubric priors alone pro-
vide little agreement with physician annotations.
Rubric-min and Rubric-max obtain zero weighted
κ, while Rubric-mean yields only a small non-
zero κ of 0.060. This is far below the physician-
physician step-level agreement of 0.732, indicating
that SiMing-Bench is not inherently unmeasurable,
but cannot be solved by fixed rubric-range priors.

The binary metrics further reveal the effect of
label imbalance. Rubric-min and Rubric-mean
mark every step as incorrect because their pre-
dicted scores are below the maximum score for
each rubric item. This gives perfect recall by con-
struction, but precision is only 0.186, matching
the incorrect-step rate, and MCC remains 0.000.
Rubric-max always predicts full credit and there-
fore never detects an incorrect step. These results
show that high recall or non-trivial F1 can arise
from degenerate prediction priors, whereas MCC
and κ better reflect genuine step-level discrimina-
tion.

Taken together, these controls separate two is-
sues that would otherwise be conflated: physician-
physician agreement shows that experts can apply
the rubric consistently, yet rubric and label priors
alone provide almost no discriminative signal. The
remaining gap therefore points to a substantive lim-
itation in current MLLMs’ interaction-grounded
procedural judgment in videos.

H Extended Ethical Considerations

This work uses video data collected from real clini-
cal skill examinations involving medical students.
The data collection and research use protocols were
reviewed and approved by the Institutional Review
Board (IRB) of the participating institution. All
data were collected under institutional oversight
in standard clinical training and examination set-
tings and were used solely for education, training,
and research purposes. All data were handled un-
der approved ethical procedures, with appropriate
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measures for privacy protection, controlled access,
and research-only use. A screenshot of the IRB
approval document is provided in Figure 13.

I Ongoing Expansion of SiMing-Bench

SiMing-Bench is currently instantiated with three
emergency-care skills, namely cardiopulmonary re-
suscitation (CPR), automated external defibrillator
(AED) operation, and bag-mask ventilation (BMV).
This design provides a controlled setting for evalu-
ating rubric-grounded procedural judgment under
standardized clinical examination conditions. How-
ever, the current instantiation does not exhaust the
broader space of clinical skill assessment. To im-
prove procedural coverage while preserving the
core evaluation principle of SiMing-Bench, we
are expanding the benchmark to additional clinical
skill examination videos.

The ongoing expansion includes suture removal,
lumbar puncture, abdominal paracentesis, and tho-
racentesis. As illustrated in Figure 18, these pro-
cedures extend the current emergency-care work-
flow to a broader set of wound-care and invasive
puncture-based skills. They introduce different
anatomical sites, instruments, sterile-field require-
ments, localization strategies, tissue- or cavity-
related interactions, and post-procedure handling.
At the same time, they retain the same assessment
structure as the current benchmark: each video
records a complete student-performed clinical skill
examination, each procedure is governed by an
expert-defined step-wise rubric, and procedural cor-
rectness must be judged from how earlier interac-
tions establish, maintain, or violate the conditions
required by later steps.

Suture removal emphasizes wound inspection,
disinfection, instrument selection, suture cutting,
removal, and final wound handling. Its correct-
ness depends on whether the local wound state
and instrument-tissue interactions are handled ap-
propriately throughout the procedure, rather than
on isolated recognition of a single manipulation.
Lumbar puncture introduces patient positioning,
sterile preparation, anatomical landmark identi-
fication, puncture execution, sample-related han-
dling, and post-procedure care. This procedure
requires tracking whether positioning, aseptic op-
erations, and landmark-dependent actions are per-
formed in the correct order and under the required
procedural conditions. Abdominal paracentesis
involves pre-procedure preparation, puncture-site

localization, sterile-field maintenance, needle or
catheter manipulation, fluid-related handling, and
post-puncture management. Correctness therefore
depends on whether earlier preparation and local-
ization steps establish the conditions for safe and
valid puncture-related actions. Thoracentesis sim-
ilarly requires patient positioning, puncture-site
identification, sterile preparation, controlled instru-
ment insertion, drainage-related operations, and
post-procedure handling, where local actions must
be interpreted with respect to the evolving anatom-
ical, aseptic, and instrument-use state.

Importantly, these additional procedures are in-
tended to expand the diversity of SiMing-Bench
rather than change its evaluation target. Across
both the current and expanded settings, SiMing-
Bench is not designed to test broad medical knowl-
edge in isolation. Instead, it focuses on whether a
model can use the full interaction history to deter-
mine whether each rubric-defined action is proce-
durally valid under the evolving examination state.
The expanded procedures therefore preserve the
same core properties as the current benchmark: full-
workflow videos, standardized clinical examination
settings, physician-defined step-wise rubrics, and
expert annotation of procedural correctness.

The expanded data are not included in the exper-
iments reported in the current version. We describe
them here to clarify the intended scope and devel-
opment trajectory of SiMing-Bench. Accordingly,
the current results should be interpreted as evidence
about interaction-grounded procedural judgment
within structured emergency-care skill assessment,
while the ongoing expansion is expected to sup-
port broader evaluation across a more diverse set
of clinical procedures in future releases.
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CPR Step-wise Rubric

CPR 19 steps | 58 points

CPR_01
Action: Spread both hands and look up, down, left, and right to survey the surroundings. Verbalization: Assess scene
safety (1) and perform a warning gesture (1).

CPR_02
Action: Kneel on the patient's right side. Align the rescuer’s left knee with the patient’s shoulder and keep the
right knee shoulder‑width apart. Gently tap both shoulders of the patient (1), loudly ask 'Are you okay?' (1), and
observe the patient’s response (2).

CPR_03
Action: Designate a nearby colleague. Activate the emergency response system, ask people nearby for help, call
emergency services (120) (2), and retrieve an AED (2).

CPR_04
Simultaneously assess breathing and pulse: Use two or three fingers to slide into the groove between the trachea and
the neck muscle to palpate the carotid pulse (5–10 seconds). At the same time observe the patient’s chest to
determine breathing (5–10 seconds). If the duration is less than 5 seconds or more than 10 seconds, award 1 point.

CPR_05
Action: Open the patient's clothing and observe chest movement obliquely. Use the pads of the index and middle
fingers to check the carotid pulse on the same side for at least 5 seconds but no more than 10 seconds.
Verbalization: '1001, 1002…1007, 1008'. State that the patient has no breathing and no carotid pulse, place the
patient in the resuscitation position, and start CPR immediately. Verbalization: The patient has cardiac and
respiratory arrest; start CPR immediately.

CPR_06
The rescuer stands beside the patient and ensures the patient lies supine on a firm, flat surface.

CPR_07
Action: Remove the pillow, loosen the patient’s clothing, and fully expose the chest.

CPR_08
Action: Place the heel of one hand on the center of the patient's chest at the lower half of the sternum (2). Place
the heel of the other hand on top of the first hand, straighten both arms, position shoulders directly above the
hands, and press vertically downward using upper body weight and arm strength (2).

CPR_09
Action: Compression position and posture: place the heel of one hand at the intersection of the nipple line and the
sternum, the other hand on top of the first, arms straight, shoulders directly above the hands. Compression rate:
100–120 per minute (30 compressions delivered within 15–18 seconds).

CPR_10
Compression: release-to-compression ratio 1:1 ensuring full chest recoil; observe patient response during
compressions. Verbalization: '01,02,03…26,27,28,29,30'. Compression depth: 5–6 cm (at least 23 of the 30
compressions meet the standard).

CPR_11
Allow the chest wall to fully recoil (at least 23 of 30 compressions meet this standard).

CPR_12
Minimize interruptions (no more than 10 seconds).

CPR_13
Perform 30 compressions (one cycle), then begin rescue breathing.

CPR_14
Action: Place one hand on the patient’s forehead and push backward to tilt the head. Lift the chin with the other
hand (head‑tilt–chin‑lift). Make the line between the mandibular angle and the earlobe vertical to the ground (2
points). If not vertical award 1 point; if airway not opened award 0.

CPR_15
Action: Turn the patient's head to one side and check the oral cavity. Verbalization: No foreign bodies and no
dentures. Remove visible or reachable foreign bodies or secretions and remove removable dentures.

CPR_16
Action: The rescuer uses the thumb and index finger of the left hand to pinch the patient’s nose and covers the
patient’s mouth with their own mouth to deliver ventilation.

CPR_17
Action: Take a calm breath and deliver ventilation lasting more than 1 second while observing chest rise (2).
Release the nose after ventilation (1).

CPR_18
Action: Deliver two successful ventilations.

CPR_19
Action: Perform a compression-to-ventilation ratio of 30:2 for five cycles.

2 pts

4 pts

4 pts

4 pts

1 pts

1 pts

1 pts

4 pts

5 pts

5 pts

5 pts

5 pts

5 pts

2 pts

1 pts

2 pts

3 pts

2 pts

2 pts

Figure | Step-wise rubric for CPR in the BLS clinical skills evaluation. Each card includes the step ID, a condensed description,

and maximum points.Figure 6: Standardized CPR rubric defined by physicians and used for step-level annotation in our benchmark.
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AED Step-wise Rubric

AED 9 steps | 30 points

AED_01
After obtaining the AED, use it immediately (4) and instruct others to continue CPR (2).

AED_02
Action: Open the AED cover and power it on; the device shows power connection indication and voice prompts.

AED_03
Action: Follow AED voice prompts and place electrode pads correctly. Right pad: below the right clavicle on the
right side of the sternum. Left pad: lateral to the left nipple near the mid‑axillary line, with the upper edge
below the left nipple.

AED_04
Insert the electrode pad connector.

AED_05
Action: During AED analysis do not touch the patient. Loudly say 'Everyone stand clear' (2) and perform a warning
gesture (2).

AED_06
When AED advises shock: loudly say 'Everyone stand clear' (2), perform a warning gesture (1), visually scan from
head to toe to confirm no one is touching the patient, then press the shock button (1).

AED_07
Action: After shock delivery immediately start CPR again. Verbalization counting '01…30'. Compression depth 5–6 cm
with at least 23 of 30 compressions meeting the standard.

AED_08
Continue CPR.

AED_09
Action: Use AED in the correct sequence (power on → attach pads and connect → analysis → defibrillation → continue
CPR).

Figure | Step-wise rubric for AED in the BLS clinical skills evaluation. Each card includes the step ID, a condensed description,
and maximum points.
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Figure 7: Standardized AED rubric defined by physicians and used for step-level annotation in our benchmark.

BVM Step-wise Rubric

BVM 5 steps | 12 points

BVM_01
Action: Pick up the bag‑valve mask and stand at the patient's head side to provide ventilation.

BVM_02
Action: Correctly position the bag‑valve mask with the tip pointing toward the forehead and the base resting on the
jaw.

BVM_03
Action: Use the CE technique to fully open the airway: thumb and index finger form a 'C' on the mask to seal it, the
other three fingers form an 'E' lifting the mandible. Make the line between the mandibular angle and earlobe
vertical to the ground (2). If not vertical award 1; if airway not opened award 0.

BVM_04
Action: Slowly squeeze the bag to ventilate, observe chest rise, then release the bag allowing passive exhalation as
the chest recoils (about 2–3 seconds).

BVM_05
Action: Ventilation frequency 10 breaths per minute (one breath every 6 seconds).

Figure | Step-wise rubric for BVM in the BLS clinical skills evaluation. Each card includes the step ID, a condensed description,

and maximum points.
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Figure 8: Standardized BMV rubric defined by physicians and used for step-level annotation in our benchmark.
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Step-wise BLS Assessment Prompt

You are an expert OSCE examiner for Basic Life Support (BLS) / CPR / AED / BVM.

## Your Job
 

Given uniformly sampled video frames with timestamps and a step-wise rubric, assign a score for EACH rubric step.
 ## Critical Scoring Rules
Visual evidence only
use ONLY the provided frames and timestamps. Do not guess or assume actions happened off-camera.
Per-step scoring
if the step is clearly and correctly performed, give full points (max_points). If partially performed or unclear, give
an intermediate integer score. If missing, incorrect, unsafe, out of order, or not verifiable, give 0.
Integer range
the score must be an integer in [0, max_points]. If max_points is not an integer, round DOWN the allowed maximum to the
nearest integer.
Sub-requirements
if a step includes multiple required parts, award full points only when ALL required sub-parts are satisfied and visible
or confirmable.
Order and mapping
output exactly one item per rubric step. step_id must match the rubric exactly, and the original rubric order must be
preserved.
Unverifiable steps
if a step cannot be confirmed from the frames because of occlusion, camera angle, or low confidence, score it as 0, not
unknown.
 ## Output Constraints
Output ONLY one JSON object. No markdown. No explanations. No extra keys.
Do not include comments, rationale, confidence, or any text outside the JSON.
 ## Prompt Assembly
The final prompt includes the schema instruction, the step-task instruction, the segment duration, sampled frame timestamps,
video metadata, and the rubric step to score.
 
Dynamic fields:
- Video ID: <video_id>
- View angle: <view_angle>
- Segment duration: <video_time> seconds
- Sampled frames at: <frame_time_str>
 ## Rubric Step Input
{
"step_id": "<exact rubric step id>",
"step_name": "<step name>",
"max_points": <number>,
"criteria": "<step description or requirements>"
}
 ## Final Reminder
Remember: output ONLY one JSON object.

Figure | Prompt template for scoring a single BLS rubric step from sampled video frames. The examiner uses only visible

evidence and outputs one strict JSON object for the target step.Figure 9: Prompt template for full-video step-wise scoring.
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Step-wise Error Detection Prompt

You are an expert clinical skills examiner for Basic Life Support (BLS), CPR, AED, and BVM assessment.
 
## JSON Schema
{
"video_id": "<string>",
"view_angle": "<string>",
"model_score": {
"steps": [
{"step_id": "<string>", "score": <integer>}

## Task Objective
}

 You will review uniformly sampled video frames and a step-wise rubric. Your task is not to assign points. Instead, determine
whether each rubric step contains an error.

## Binary Label Meaning
 score = 1 means no error: the step is correctly performed and the key evidence is clearly visible.
score = 0 means has error: the step is missing, incorrect, unsafe, out of order, or cannot be verified.

## Evidence Rules
 Use only the visible evidence in the provided frames and timestamps.
Do not infer that an action occurred off-camera.
If the visual evidence is insufficient to confirm correct completion, output 0.
Treat unverifiable steps as errors.

## Output Requirements
 score must be either 0 or 1.
score is an error flag, not a point score.
You must output exactly one item per rubric step.
step_id must match the rubric exactly, and the original rubric order must be preserved.
Do not output explanations, comments, confidence, markdown, or extra keys.

## Prompt Assembly
 The final prompt includes the schema instruction, task instruction, segment duration, sampled frame timestamps, rubric steps,
video ID, and view angle.

Dynamic fields:
- Video ID: <video_id> 
- View angle: <view_angle>
- Segment duration: <video_time> seconds
- Sampled frames at: <frame_time_str>

## Rubric Input
 {
"steps": [
{"step_id": "<string>", "step_name": "<string>", "max_points": <number>}

}

## Final Reminder
 Judge only whether each step has an error. Output one JSON object only.

Figure | Prompt template for binary error detection on each BLS rubric step. The model evaluates each step using visible
evidence only and outputs one strict JSON object.Figure 10: Prompt template for full-video step-wise error detection.
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Video Clips Scoring Prompt

You are an expert OSCE examiner for Basic Life Support (BLS), CPR, AED, and BVM.
 ## JSON Schema
{
"step_id": "<string>",
"score": <integer>
}
 ## Schema Rules
step_id must match the given step exactly.
score must be an integer in [0, floor(max_points)].
Do not add any extra keys.
 ## Task Objective
Given uniformly sampled video frames with timestamps and a step-wise rubric, assign a score for the target rubric step.
 ## Critical Scoring Rules
Visual evidence only
use ONLY the provided frames and timestamps. Do not guess or assume actions happened off-camera.
Per-step scoring
if the step is clearly and correctly performed, give full points (max_points). If partially performed or unclear, give an
intermediate integer score. If missing, incorrect, unsafe, out of order, or not verifiable, give 0.
Integer range
the score must be an integer in [0, max_points]. If max_points is not an integer, round DOWN the allowed maximum to the nearest
integer.
Sub-requirements
if a step includes multiple required parts, award full points only when ALL required sub-parts are satisfied and visible or
confirmable.
Unverifiable steps
if a step cannot be confirmed from the frames because of occlusion, camera angle, or low confidence, score it as 0, not unknown.
 ## Output Constraints
Output ONLY one JSON object. No markdown. No explanations. No extra keys.
Do not include comments, rationale, confidence, or any text outside the JSON.
 ## Prompt Assembly
The final prompt includes the schema instruction, the task instruction, the segment duration, sampled frame timestamps, video metadata,
and the rubric step to score.
 
Dynamic fields:
- Video ID: <video_id>
- View angle: <view_angle>
- Segment duration: <video_time> seconds
- Sampled frames at: <frame_time_str>
 ## Rubric Step Input
{
"step_id": "<exact rubric step id>",
"step_name": "<step name>",
"max_points": <number>,
"criteria": "<step description or requirements>"
}
 ## Final Reminder
Rubric step to score: ONLY this step. Output one JSON object only.

Figure | Prompt template for scoring one BLS rubric step from sampled video frames. The model uses only visible evidence and outputs one
strict JSON object for the target step.Figure 11: Prompt template for step-aligned clip scoring.
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Video Clips Error Detection Prompt
 

You are an expert OSCE examiner. This is an error detection task for a single rubric step.

## JSON Schema
{
"model_score": {
"steps": [

"step_id": "<STEP_ID>",
"has_error": <0_or_1>

}
 ## Schema Rules
step_id must match the given step exactly.
has_error must be an integer and must be either 0 or 1.
Do not output score, points, max_points, or similar fields.
Do not add any extra keys.
 ## Task Objective
Judge whether this one rubric step contains an error based ONLY on the visual evidence in the frames.
 ## Label Definition
has_error = 1: the step is missing, incorrect, unsafe, performed in the wrong order, or not supported by the visual evidence.
has_error = 0: the step is clearly and correctly performed, and the evidence is visible in the frames.
 ## Decision Rules
Base the decision strictly on visible evidence in the frames.
Do not assume actions that are not visible.
If the step is clearly performed correctly, output has_error = 0.
If the step is clearly wrong or missing, output has_error = 1.
 ## Output Constraints
This is NOT a scoring task. Do not output score, points, or max_points.
Output ONLY one JSON object.
No markdown.
No explanations.
No extra text.
 ## Prompt Assembly
The final prompt includes the schema instruction, the task instruction, segment metadata, sampled frame timestamps, and the rubric step to
classify.
 
Dynamic fields:
- Video ID: <video_id>
- View angle: <view_angle>
- Segment duration: <video_time> seconds
- Sampled frames at: <frame_time_str>
 ## Rubric Step Input
{
"step_id": "<exact rubric step id>",
"step_name": "<step name>",
"criteria": "<step description or requirements>"
}
 ## Final Reminder
Classify ONLY this step. Output one JSON object only.

Figure | Prompt template for binary error detection on one BLS rubric step. The model uses visible evidence only and outputs one strict
JSON object with a has_error flag.Figure 12: Prompt template for step-aligned clip error detection.
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Approval Document of the Ethics Committee of
Wuhan University School of Medicine

Approval No

Project Title: Application of Simulation Teaching in Nursing
Undergraduate and Graduate Education

Description of
the Research

Content,
Significance,
and Related
Information:

This project aims to address the existing problems
in simulation teaching. Based on the Healthcare
Simulation Standards of Best Practice and the
curriculum training content of the National League
for Nursing in the United States, simulation teaching
will be implemented in student-centered nursing
education. The project will compare the effects of
simulation teaching under different fidelity
scenarios, observe the influence of different
facilitation and feedback methods on simulation
learning outcomes, and construct simulation
teaching methods suitable for China’s national
context and consistent with simulation theory,
followed by application and evaluation of their
effectiveness.

Applicant Unit Principal
Investigator

Opinion of the Medical Ethics Committee:

After review, this project is found to
be in compliance with relevant
regulations and is approved to
proceed.

Figure 13: Screenshot of the IRB approval document.
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Medical Knowledge Enhanced Prompt

You are a strict and professional medical OSCE examiner. Score all given BLS procedure steps one by one according to the

video content.

## Dynamic fields

The current assessment video_id is <video_id>.

The current view_angle is <view_angle>.

The video duration is approximately <video_time> seconds.

The input is represented by uniformly sampled video frames, with timestamps: <frame_time_str>.

This request requires scoring <N> steps in one pass.

## Medical background block

MEDICAL_BACKGROUND = """

Medical background description:

This video is a BLS OSCE skills examination. It mainly includes three parts: cardiopulmonary resuscitation, AED use, and

bag-valve-mask ventilation.

1. Cardiopulmonary resuscitation:

Focus on scene safety assessment, patient responsiveness assessment, calling for help and obtaining an AED, assessing

breathing and carotid pulse within 5-10 seconds, chest compression location, rate, depth, recoil, interruption time, airway

opening, and rescue breathing. High-quality CPR usually requires correct hand position, straight arms, vertical downward

compression, a rate of about 100-120/min, a depth of about 5-6 cm, and minimal interruptions.

2. AED:

Focus on whether the AED is used promptly after it is obtained, whether it is powered on, whether pad placement is correct,

whether the connector is attached, whether everyone is warned and confirmed clear during analysis and shock delivery, and

whether CPR is resumed immediately after shock. No one should touch the patient during AED analysis or shock delivery.

3. Bag-valve-mask ventilation:

Focus on whether the rescuer is positioned at the patient's head side, whether the mask orientation and placement are

correct, whether the CE technique is used to secure the mask and lift the jaw, whether the airway is adequately opened,

whether visible chest rise and natural recoil occur after squeezing the bag, and whether the ventilation rate is

appropriate.

Note:

The medical background is only used to help interpret the rubric. Final scoring must strictly follow the given rubric and

visible evidence in the video, and must not add new scoring requirements.

""".strip()

## Prompt setting

Below is the original physician-defined rubric. Please score strictly according to these steps:

## Rubric input

{

  "total_steps": <N>,

  "steps": [

    {

      "step_id": "CPR_01",

      "task": "CPR",

      "step_name": "<full step description from the original physician rubric>",

      "max_points": <number>

    }

  ]

}

## General scoring rules

1. Score every step listed in the rubric.

2. Score each step independently; do not count performance from other steps toward the current step.

3. Each step can receive partial credit. If only part of the rubric requirement is completed, assign a score between 0 and

   max_points according to the visible completion level.

4. If the rubric explicitly specifies sub-item points, add the sub-item points as much as possible. If no sub-item points

   are specified, estimate the step score by the overall completion quality.

5. The score must not exceed max_points. When evidence is ambiguous, choose the lower score consistent with the visible

   evidence.

6. If the video only shows preparation but not the key completion evidence, do not award full points.

7. If a step is completely invisible in the sampled frames, assign 0 or a very low score.

## Strict output requirements

Output exactly one valid JSON object. Do not output Markdown, do not explain, and do not output reasoning.

score must be a numeric value; each step_id must appear exactly once.

Score only actions that are clearly visible in the video frames and supported by continuous visual evidence.

If the action is not visible, occluded, insufficiently supported, or cannot be confirmed, treat it as incomplete or

low-scoring. Do not infer missing actions from procedural common sense.

## Output JSON

{

  "model_score": {

    "steps": [

      {"step_id": "CPR_01", "score": 0.0},

      {"step_id": "CPR_02", "score": 0.0}

    ]

  }

}

## Final instruction

Output scores for all steps in one pass. The output must include <step_id_list>, and each step_id may appear only once.

Each score must be between 0 and the corresponding max_points, and may be an integer or a half-point increment.

Reminder: output JSON only. Do not explain. Do not output reasoning.

Figure | Prompt template for BLS all-step scoring with medical background knowledge. The background clarifies CPR, AED, and

BVM concepts, but final scores remain constrained by rubric criteria and visible video evidence.Figure 14: Prompt template for the medical-knowledge-enhanced setting. The prompt prepends concise clinical
background to the original scoring instruction while keeping the video input, step-wise rubric, and scoring protocol
unchanged.
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Simplified Rubric All-Steps Prompt

You are a strict and professional medical OSCE examiner. Score all given BLS procedure steps one by one according to the

video content.

## Dynamic fields

The current assessment video_id is <video_id>.

The current view_angle is <view_angle>.

The video duration is approximately <video_time> seconds.

The input is represented by uniformly sampled video frames, with timestamps: <frame_time_str>.

This request requires scoring <N> steps in one pass.

## Prompt setting

Below is the simplified operational rubric. It preserves the original scoring meaning and max_points, but the wording is

shorter and clearer.

Please score strictly according to these steps:

## Rubric input

{

  "total_steps": <N>,

  "steps": [

    {

      "step_id": "CPR_01",

      "task": "CPR",

      "step_name": "<simplified operational requirement>",

      "max_points": <number>

    }

  ]

}

## General scoring rules

1. Score every step listed in the rubric.

2. Score each step independently; do not count performance from other steps toward the current step.

3. Each step can receive partial credit. If only part of the rubric requirement is completed, assign a score between 0 and

   max_points according to the visible completion level.

4. If the rubric explicitly specifies sub-item points, add the sub-item points as much as possible. If no sub-item points

   are specified, estimate the step score by the overall completion quality.

5. The score must not exceed max_points. When evidence is ambiguous, choose the lower score consistent with the visible

   evidence.

6. If the video only shows preparation but not the key completion evidence, do not award full points.

7. If a step is completely invisible in the sampled frames, assign 0 or a very low score.

## Strict output requirements

1. Output exactly one valid JSON object. Do not output Markdown, do not use ```json fences, and do not explain.

2. This task is scoring, not binary correctness judgment; score must be a numeric value, not a 0/1 class label.

3. For every step_id in the rubric, output exactly one corresponding score.

4. Each score must be between 0 and the corresponding max_points, and may be an integer or a half-point increment.

5. Score only from actions that are clearly visible in the video frames and supported by continuous visual evidence.

6. If the action is not visible, occluded, insufficiently supported, or cannot be confirmed, treat it as incomplete or

   low-scoring. Do not infer missing actions from procedural common sense.

7. Do not output reasoning and do not add extra fields.

## Output JSON

{

  "model_score": {

    "steps": [

      {"step_id": "CPR_01", "score": 0.0},

      {"step_id": "CPR_02", "score": 0.0}

    ]

  }

}

## Final instruction

Output scores for all steps in one pass.

The output must include the following step IDs, and each step_id may appear only once: <step_id_list>

Each score must be between 0 and the corresponding max_points, and may be an integer or a half-point increment.

Reminder: output JSON only. Do not explain. Do not output reasoning.

Figure | Prompt template for BLS all-step scoring with a simplified operational rubric. The prompt keeps the scoring meaning

and max_points while using shorter, clearer step descriptions.Figure 15: Prompt template for the rubric-simplified setting. The prompt rewrites the physician-defined rubric into
shorter, more operational criteria while preserving the original scoring semantics.
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CoT Generic BLS Scoring Prompt

You are a professional medical OSCE examiner. Your task is to score the BLS procedure in the video according to the given

rubric.

## Dynamic fields

The current assessment video_id is <video_id>.

The view_angle is <view_angle>.

The video lasts for <video_time> seconds. Several frames are uniformly sampled from the video.

The sampled frame timestamps are: <frame_time_str>.

## Rubric input

{

  "total_steps": <number>,

  "steps": [

    {

      "step_id": "CPR_01",

      "step_name": "<step name>",

      "max_points": <number>,

      "allowed_scores": [0.0, 0.5, 1.0, "..."]

    }

  ]

}

## General scoring rules

1. Score each rubric step independently.

2. The score for each step must be between 0 and max_points.

3. Use only valid scores listed in allowed_scores for each step.

4. Base the score only on clearly visible evidence in the video frames.

5. If the action is not visible, unclear, blocked, or cannot be confidently verified, assign 0 for that step.

6. Do not give credit for actions that are only implied but not visible.

7. Do not assign a score greater than max_points.

8. Before finalizing, check every step and correct any score that exceeds max_points.

## Important output rules

- All reasoning fields must be written in English.

- The final output must be a single valid JSON object.

- Do not output Markdown or wrap the JSON in code fences.

- Do not output any text before or after the JSON object.

## Generic CoT instruction

For each rubric step, reason briefly before assigning the score.

For every step, output:

- step_id

- reasoning: one or two short sentences explaining the visible evidence and why it supports the assigned score

- score: the final score

## Output JSON format

{

  "video_id": "<string>",

  "view_angle": "<string>",

  "model_score": {

    "steps": [

      {

        "step_id": "CPR_01",

        "reasoning": "Brief evidence-based reasoning for this score.",

        "score": 1.0

      }

    ]

  }

}

## Final check

You must output exactly <N> step results, one for each rubric step.

The step order should follow the rubric order.

The output JSON must contain video_id = "<video_id>" and view_angle = "<view_angle>".

Figure | Prompt template for BLS all-step scoring with concise evidence-reasoning fields. The model reviews uniformly

sampled video frames, scores each rubric step, and returns one JSON object.Figure 16: Prompt template for the generic reasoning setting, where the model is instructed to reason step by step
before assigning rubric scores.
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State-Aware CoT BLS Scoring Prompt

You are a professional medical OSCE examiner. Your task is to score the BLS procedure in the video according to the given

rubric.

## Dynamic fields

The current assessment video_id is <video_id>.

The view_angle is <view_angle>.

The video lasts for <video_time> seconds. Several frames are uniformly sampled from the video.

The sampled frame timestamps are: <frame_time_str>.

## Rubric input

{

  "total_steps": <number>,

  "steps": [

    {

      "step_id": "CPR_01",

      "step_name": "<step name>",

      "max_points": <number>,

      "allowed_scores": [0.0, 0.5, 1.0, "..."]

    }

  ]

}

## General scoring rules

1. Score each rubric step independently.

2. The score for each step must be between 0 and max_points.

3. Use only valid scores listed in allowed_scores for each step.

4. Base the score only on clearly visible evidence in the video frames.

5. If the action is not visible, unclear, blocked, or cannot be confidently verified, assign 0 for that step.

6. Do not give credit for actions that are only implied but not visible.

7. Do not assign a score greater than max_points.

8. Before finalizing, check every step and correct any score that exceeds max_points.

## State-aware CoT instruction

For each rubric-defined step, do not score immediately. First analyze the procedural state in a structured way.

For every step, output:

- step_id

- required_condition: what condition must be established before this step can be judged correct

- observed_interaction: what action or interaction is clearly visible in the video frames

- state_update: how the observed interaction changes the procedural state

- rubric_alignment: whether the updated state satisfies the rubric criterion

- score: the final score

## Output JSON format

{

  "video_id": "<string>",

  "view_angle": "<string>",

  "model_score": {

    "steps": [

      {

        "step_id": "CPR_01",

        "required_condition": "The required procedural condition for this step.",

        "observed_interaction": "The visible action or interaction in the video frames.",

        "state_update": "How the procedural state changes after this interaction.",

        "rubric_alignment": "Whether the state satisfies the rubric criterion.",

        "score": 1.0

      }

    ]

  }

}

## Rules

- Each text field must be concise, preferably one short sentence.

- Do not write long chain-of-thought paragraphs.

- For each rubric step, output exactly one corresponding item in model_score.steps.

- The step_id values must exactly match the rubric step_id values.

- Do not add any step that is not in the rubric.

## Final check

You must output exactly <N> step results, one for each rubric step.

The step order should follow the rubric order.

The output JSON must contain video_id = "<video_id>" and view_angle = "<view_angle>".

Figure | Prompt template for state-aware BLS all-step scoring. The model first describes procedural state changes for each

rubric step, then assigns a score supported by visible video evidence.Figure 17: Prompt template for the state-aware reasoning setting, where the model is guided to organize its prediction
around rubric conditions, observed interactions, interaction-induced state updates, and state-conditioned correctness.
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Figure 18: Multi-frame examples of the additional clinical skills under ongoing expansion, including suture removal,
lumbar puncture, abdominal paracentesis, and thoracentesis. These procedures broaden the procedural coverage
of SiMing-Bench from emergency resuscitation skills to wound-care and invasive puncture-based examinations,
introducing more diverse instruments, anatomical regions, sterile operations, and interaction-dependent error modes
while preserving the benchmark’s focus on full-workflow, rubric-grounded procedural correctness from continuous
interactions.
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