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Abstract
This work addresses the temporal ordering task
of clinical frames in the Basic Life Support
(BLS) subset of ClinSkillQA. A two-stage hy-
brid pipeline based on Qwen2-VL-2B-Instruct
in a zero-shot configuration is proposed. In
Stage 1, each image is processed independently
to extract factual visual evidence, which is then
transformed, using deterministic rules, into a
structured representation. In Stage 2, ordering
is formulated as an ordinal scoring task over
procedural stages, with ties broken using PCA
applied to multimodal embeddings. Evalua-
tion followed the official benchmark protocol,
considering Task Accuracy, Pairwise Accuracy,
and BERTScore. In the test phase, the system
achieved Task Accuracy = 0.17, Pairwise Mi-
cro Accuracy = 0.60, and BERT F1 = 0.71,
with complete coverage in both predictions and
rationales. The results demonstrate an inter-
pretable and reproducible foundation, although
challenges in fine-grained temporal discrimina-
tion remain.

1 Introduction

Clinical skills assessment is a central component
of medical training because it evaluates not only
declarative knowledge but also the accurate and
sequential execution of procedures according to
predefined standards. Instruments such as the Ob-
jective Structured Clinical Examination (OSCE)
support structured assessment of clinical compe-
tence, but their large-scale implementation remains
limited by time, infrastructure, and expert availabil-
ity (Issenberg et al., 2005; Vermylen et al., 2025).
In this context, evidence from simulation-based
education and deliberate practice has shown that
repeated procedural training improves skill acquisi-
tion and retention, particularly in critical scenarios
such as resuscitation and basic life support (BLS),
where both action quality and procedural order are
essential (Khanghahi and Azar, 2018; Panchal et al.,
2020; McGaghie et al., 2011).

The digitalization of training environments and
the growing availability of image and video data
have created opportunities for automated support
in clinical skills assessment. Large multimodal
models are especially relevant because they can
integrate visual and textual information for clinical
image interpretation, guided analysis, and feed-
back generation (Li et al., 2023; Liu et al., 2023;
OpenAI, 2024). However, most biomedical multi-
modal benchmarks, including VQA-RAD, SLAKE,
and PMC-VQA, focus mainly on visual question
answering over static medical images (Lau et al.,
2018; Liu et al., 2023). Although these resources
have advanced medical multimodal AI, they do not
explicitly evaluate temporal progression, procedu-
ral state transitions, or the reconstruction of ordered
clinical actions. Similar limitations persist in video-
based assessment of surgical and procedural skills,
where temporal granularity, generalization, and re-
liable interpretation remain challenging (AlSaad
et al., 2024; Hartsock and Rasool, 2024; Liu et al.,
2021; Seenivasan et al., 2022; Zhang et al., 2024).

The ClinSkillQA 2026 challenge addresses this
gap by formulating clinical-skill understanding as
a frame-ordering and explanation task. Given shuf-
fled keyframes extracted from videos of student-
performed clinical procedures, the system must
reconstruct the correct sequence of actions and
provide rationales aligned with expert reasoning
(Huang et al., 2026). This setting moves beyond
isolated visual recognition, requiring models to in-
fer precedence relationships between procedural
states while generating explanations that can sup-
port formative feedback. Accordingly, the bench-
mark evaluates both ordering performance, using
sequence-level and pairwise accuracy, and rationale
quality, using BERTScore and an LLM-as-judge
strategy based on G-Eval (Zhang et al., 2024; Li
et al., 2023; Huang et al., 2026).

In this work, we present our participation in Clin-
SkillQA through a two-stage multimodal frame-
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work for ordering BLS clinical keyframes and
generating verifiable rationales. The proposed ap-
proach combines structured visual evidence extrac-
tion, ordinal procedural scoring, and latent-space
tie-breaking to handle ambiguities between visu-
ally similar states. Beyond reporting challenge
performance, this study analyzes the potential and
limitations of multimodal models for procedural
assessment tasks requiring temporal reasoning, ex-
planatory consistency, and alignment with clinical
expert criteria.

2 Background

Clinical skills assessment is a central component of
medical education, since professional competence
depends not only on declarative knowledge but also
on the accurate, timely, and sequential execution
of procedures. Evidence from simulation-based
education shows that high-fidelity simulation, de-
liberate practice, competency-based training, and
structured observational tools such as Direct Obser-
vation of Procedural Skills (DOPS) can support the
acquisition and assessment of procedural compe-
tence. These findings highlight the need to evaluate
not only whether a clinical action is performed,
but also whether it follows the appropriate pro-
cedural order and fidelity (Issenberg et al., 2005;
Khanghahi and Azar, 2018; McGaghie et al., 2011;
Vermylen et al., 2025).

Recent advances in multimodal large language
models (MLLMs) and vision-language models
(VLMs) have expanded the possibilities for au-
tomating clinically relevant visual-textual reason-
ing tasks. In healthcare, these models have been
increasingly applied to image understanding, clin-
ical assistance, report generation, visual question
answering, and multimodal decision support. Nev-
ertheless, most medical VQA benchmarks and med-
ical VLMs remain centered on single-image reason-
ing or localized diagnostic contexts, particularly in
radiology. Even procedure-oriented datasets, such
as those developed for surgical VQA, tend to em-
phasize scene understanding or question answer-
ing rather than reconstructing a coherent tempo-
ral sequence of actions from shuffled visual obser-
vations. Similarly, conversational biomedical as-
sistants demonstrate the feasibility of open-ended
multimodal interaction, but they do not directly ad-
dress procedural ordering from fragmented visual
evidence (AlSaad et al., 2024; Hartsock and Ra-
sool, 2024; Lau et al., 2018; Zhang et al., 2024;

Seenivasan et al., 2022; Li et al., 2023).

ClinSkillQA addresses this gap by formulating
clinical-skill understanding as a frame-ordering
task over shuffled keyframes. In this setting, mod-
els must arrange frames into a coherent sequence of
clinical actions and generate explanations that jus-
tify the predicted order. The benchmark includes
200 sets of shuffled keyframes from three types of
clinical-skills videos, each accompanied by refer-
ence orderings and expert-annotated rationales. Its
evaluation is explicitly dual, combining ordering
metrics, namely Task Accuracy and Pairwise Ac-
curacy, with explanation-quality metrics based on
BERTScore and an LLM-as-a-Judge scheme using
G-Eval (Huang et al., 2026).

Against this background, a two-stage generative
vision-language framework provides a suitable re-
sponse to the task. By separating per-frame visual
evidence extraction from cross-frame procedural
reasoning, the proposed approach first captures ob-
servable and reusable cues from each image and
then uses them to infer the most coherent clinical
sequence and generate set-level rationales. This
decomposition aligns with the evaluation structure
of ClinSkillQA and connects recent progress in
multimodal artificial intelligence with the need for
scalable, structured, and procedure-faithful clinical
skills assessment.

3 System Overview

The proposed system addresses the ClinSkillQA
frame-ordering task as a two-stage hybrid pipeline
for Basic Life Support (BLS) procedural sequences.
Each input sample contains an unordered set of
four or six clinical frames, and the objective is to
infer the most plausible procedural order from vi-
sual evidence. As shown in Figure 1, the system
combines frame-level semantic evidence extraction
with sample-level ordinal ranking and tie resolu-
tion.

The pipeline as shown in Figure 1, be-
gins by loading the benchmark input file,
BLS_input.json, and resolving the relative im-
age paths to their corresponding disk locations.
This step creates a frame-level index containing the
sample_id, frame_id, and image path, allowing
frames to be processed independently in the first
stage and later regrouped by sample for sequence
prediction.
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3.1 Stage 1

In the first stage, each frame is analyzed indepen-
dently using Qwen2-VL-2B-Instruct (Wang et al.,
2024). The model is prompted to produce a short
factual description limited to visible content, avoid-
ing speculation and explicit temporal reasoning.
The prompt requests three to five bullet points de-
scribing observable cues such as hand placement,
body posture, chest exposure, clothing condition,
and visible equipment.

The generated text is converted into a struc-
tured intermediate representation through deter-
ministic post-processing rules. This representa-
tion includes detected entities, detected actions, a
coarse procedural state, key visual evidence, un-
certainty flags, and a short caption summary. The
procedural state is inferred from lexical cues in
the description: for instance, references to CPR or
active compression are mapped to compressions,
hands placed on the chest without clear downward
motion to position_hands, and clothing opening
or thorax exposure to expose_chest. When the
evidence is insufficient, the frame is labeled as
other_or_unclear. All outputs are cached at the
frame level to avoid redundant inference.

Rather than producing the final order directly,
Stage 1 provides an interpretable semantic layer
that summarizes the visual content of each frame.
This evidence is later used as auxiliary guidance
for ranking and as the basis for textual rationales.

3.2 Stage 2

In the second stage, the same vision-language
model is used under a constrained ordinal scoring
formulation. Each frame receives a single score
from 0 to 5, corresponding to the following
procedural states: 0=approach, 1=prepare,
2=expose_chest, 3=position_hands,
4=compressions, and 5=check_or_adjust.
The model receives the image and a prompt requir-
ing a single-digit answer, with the Stage 1 caption
optionally appended as a hint. This converts frame
ordering into ordinal state estimation, which is
more stable than direct pairwise comparison.

The predicted score is automatically parsed from
the model output. If no valid digit is obtained, the
system performs a stricter retry; if parsing still fails,
a conservative fallback score is assigned. Frames
are then grouped by sample and sorted in ascending
order according to their predicted procedural score.

Because multiple frames may receive the same

score, the pipeline applies an embedding-based tie-
breaking step. For tied frames only, hidden-state
representations are extracted from the multimodal
model, averaged into one vector per image, and
projected onto a one-dimensional axis using Princi-
pal Component Analysis (PCA). Frames within the
tied group are then ordered according to their PCA
projection values. The final sequence is obtained
by concatenating the ordered groups from lower to
higher procedural stages.

For each sample, the system exports the pre-
dicted frame order together with an auxiliary ratio-
nale derived from the Stage 1 evidence. In this way,
the framework integrates frame-level visual ground-
ing, ordinal procedural ranking, and interpretable
evidence traces for each prediction.

4 Experimental Setup

Experiments were conducted on the Basic Life
Support (BLS) subset of ClinSkillQA, using
the temporal ordering task over shuffled clini-
cal frames. The benchmark was loaded from
BLS_input.json, and a frame-level index was cre-
ated with sample_id, frame_id, and the corre-
sponding absolute image path. The final processed
set included 200 samples: 150 samples with four
frames and 50 samples with six frames, with no
missing images after path verification.

The implementation was executed on Kaggle
using PyTorch and Transformers with CUDA
support on a Tesla T4 GPU. The base model
was Qwen/Qwen2-VL-2B-Instruct, loaded in
float16 when GPU acceleration was avail-
able. All experiments were performed in a
zero-shot setting, without task-specific fine-tuning,
and deterministic decoding was used by setting
do_sample=False.

In Stage 1, each image was processed indepen-
dently to generate a factual description of visible
clinical evidence. These outputs were then con-
verted through lexical rules into a structured rep-
resentation containing detected entities, actions,
procedural state, key evidence, a short summary,
and uncertainty markers. In Stage 2, the same
model assigned each frame an ordinal score from 0
to 5, representing the expected progression of the
BLS procedure. Frames within each sample were
ordered according to this score, while ties were
resolved using PCA over multimodal embeddings
extracted from the model’s last hidden layer.

For development and debugging, a DEV subset
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of 10 samples was used, whereas the final run was
performed on the complete BLS set. Intermediate
and final outputs were stored in JSONL format,
including the predicted sequence for each sample,
denoted as pred_order, and a textual rationale
derived from the Stage 1 evidence.

Following the official ClinSkillQA protocol,
evaluation considers both ordering and explanation
quality. Ordering performance is assessed using
Task Accuracy, which measures exact sequence
prediction, and Pairwise Accuracy, which evalu-
ates correctly ordered adjacent pairs. Explanation
quality is evaluated using BERTScore and an LLM-
as-a-judge scheme based on G-Eval. Thus, the
experimental setup produces both sequence predic-
tions and textual rationales aligned with the official
challenge format.

5 Results

Table 1 summarizes the visible test-phase leader-
board results for the ClinSkillQA benchmark, in-
cluding the position achieved by VerbaNexAI Lab.
Our system ranked fourth among the eight visible
teams, obtaining an overall score of 37.96. At the
ordering level, the method achieved a Task Accu-
racy of 0.17 and a Pairwise Micro Accuracy of
0.60. This indicates that the system was able to
capture some local temporal relationships between
frames, but still struggled to recover the complete
procedural sequence exactly.

System Metric Rank
Score

Highest visible system 71.43 1/8
VerbaNexAI Lab 37.96 4/8

Task Accuracy
Highest visible system 0.63 1/8
VerbaNexAI Lab 0.17 4/8

Pairwise Micro Accuracy
Highest visible system 0.86 1/8
VerbaNexAI Lab 0.60 4/8

BERT F1
Highest visible system 0.79 1/8
VerbaNexAI Lab 0.71 4/8

Table 1: Compact summary of VerbaNexAI Lab perfor-
mance in the visible test-phase leaderboard.

For explanation quality, the system obtained
BERT Precision = 0.74, BERT Recall = 0.68, and
BERT F1 = 0.71. In addition, both Predicted Cover-
age and Rationale Coverage reached 1.0, showing

that the pipeline generated complete predictions
and rationales for all evaluated samples. Compared
with the highest visible BERT F1 value of 0.79, the
semantic quality of the generated explanations was
relatively competitive.

The main performance gap was therefore concen-
trated in temporal ordering rather than in rationale
generation. While the best visible systems reached
substantially higher Task Accuracy and Pairwise
Micro Accuracy, our method showed a larger drop
in exact sequence reconstruction. This suggests
that the proposed zero-shot ordinal scoring strategy
can identify partial procedural progression, but re-
mains limited when distinguishing visually similar
or contiguous BLS states.

Overall, the results show that the proposed
framework can generate interpretable evidence
traces and complete rationales, but accurate frame
ordering remains the main bottleneck. Future im-
provements should therefore focus on strengthen-
ing temporal discrimination, reducing ambiguity
between adjacent procedural states, and improving
the tie-resolution mechanism used when frames
receive similar ordinal scores.

6 Conclusion

This work presented a two-stage hybrid architec-
ture for ordering clinical frames in the BLS subset
of ClinSkillQA. The framework combines visual
evidence extraction, ordinal procedural scoring,
and embedding-based tie resolution to generate
both sequence predictions and interpretable ratio-
nales. The results show that the system produced
complete predictions and explanations for all eval-
uated samples. However, its main limitation was
the exact reconstruction of procedural sequences,
especially when adjacent clinical states were vi-
sually similar. This suggests that isolated visual
recognition is not sufficient for robust procedural
ordering. Overall, the study highlights the poten-
tial of evidence-driven vision-language reasoning
for interpretable clinical skills assessment, while
also showing the need for stronger temporal mod-
eling to better distinguish fine-grained procedural
transitions.
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.1 Fine-grained Error Analysis
A qualitative inspection of the ordering behavior
suggests that the main difficulty was associated
with visually adjacent BLS states rather than with
completely unrelated procedural phases. This inter-
pretation is consistent with the difference between
Pairwise Micro Accuracy and Task Accuracy: the
model captured some local frame relationships, but
local ambiguities accumulated and affected exact
sequence recovery.

The most challenging transitions in BLS are
those in which adjacent procedural states share sim-
ilar visual cues. Early frames may show the rescuer
approaching or preparing the scene without clear
evidence of a specific procedural action. Similarly,
chest exposure and hand positioning may overlap
visually, since the chest can become visible be-
fore, during, or immediately after hand placement.
The transition between hand positioning and active
compressions is also difficult in static keyframes
because the presence of hands on the chest does
not necessarily indicate whether compression has
already started. Likewise, compression and adjust-
ment phases may share similar body posture when
the rescuer pauses, corrects hand position, or re-
sumes the maneuver.

These ambiguities help explain why the system
could generate complete rationales while still fail-
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ing to recover the exact sequence. The extracted
visual evidence was often sufficient to describe rele-
vant elements in the scene, but not always sufficient
to discriminate fine-grained temporal transitions
between adjacent BLS states. Therefore, the main
limitation of the current framework lies in convert-
ing local visual evidence into a globally correct
procedural order. This finding also supports the
role of the PCA-based tie-breaking mechanism as a
local ambiguity-resolution step for frames assigned
to similar or tied procedural stages, rather than as a
complete solution to temporal reasoning.

.2 Limitations of the Approach
The proposed approach has several limitations.
First, the system was evaluated in a zero-shot set-
ting, without task-specific fine-tuning, which likely
constrained its ability to distinguish visually sim-
ilar frames belonging to nearby procedural states.
Second, the Stage 1 representation depends on rule-
based extraction from short generated descriptions,
so relevant cues may be missed when the model ex-
presses the same evidence using unexpected word-
ing. Third, the Stage 2 formulation reduces tem-
poral reasoning to a discrete ordinal scale, thereby
improving stability but potentially oversimplify-
ing subtle transitions between adjacent clinical ac-
tions. In addition, the PCA-based tie-breaking strat-
egy is only an approximate solution, since a one-
dimensional projection does not explicitly model
temporal dependencies among frames. Finally, the
current experiments focused only on the BLS sub-
set, so the generalizability of the proposed pipeline
to other clinical procedures remains to be validated.
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Figure 1: Outline of the proposed model.
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