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Abstract

Vision-Language Models (VLMs) show im-
mense promise in medicine, yet surgical scene
understanding remains formidable due to com-
plex visual obstructions and rigorous multi-
step clinical logic. Standard Supervised
Fine-Tuning (SFT) imparts domain knowl-
edge, but we identify a critical flaw—the
“Reasoning Collapse” phenomenon: during
answer-only SFT, models progressively lose
explicit step-by-step reasoning capabilities, re-
gressing into “black boxes” that generate un-
interpretable shortcut answers—a severe risk
for clinical traceability. Constructing high-
quality Chain-of-Thought (CoT) datasets to
mitigate this is prohibitively expensive in the
surgical domain. We propose SurgMind-
R1, a surgical VLM with a three-stage train-
ing pipeline. We construct Cholec-Think, a
reasoning-enhanced dataset combining expert
and VLM-assisted CoT annotations; apply
domain-adaptive SFT and reasoning-enhanced
SFT on Cholec-Think to internalize surgical
logic; and introduce Reinforcement Learn-
ing via Group Relative Policy Optimization
(GRPO) with rule-based rewards to enforce
structured thinking paths and eliminate reason-
ing collapse. On SurgLite-Bench, our compre-
hensive benchmark, SurgMind-R1 significantly
outperforms state-of-the-art VLMs on complex
inference tasks. It internalizes structured think-
ing, maintaining high accuracy in a direct no-
think mode that resolves the high-latency bottle-
neck of reasoning models for real-time clinical
applications, and exhibits strong zero-shot out-
of-distribution (OOD) generalization across un-
seen surgical scenarios and novel tasks, paving
the way for transparent, trustworthy computer-
assisted interventions. The code, benchmark,
and models will be available at https://
github.com/YifanLuo0103/SurgMind-R1.

* Corresponding author.

1 Introduction

Vision-Language Models (VLMs) have achieved
remarkable success in general-domain multimodal
understanding through large-scale pretraining and
Supervised Fine-Tuning (SFT) (OpenAI et al.,
2024; Team et al., 2024; Bai et al., 2023). Extend-
ing these models to medicine is highly promising,
yet clinical decision-making requires not only per-
ception but also reliable multi-step reasoning. The
central challenge is therefore to adapt VLMs from
shallow visual recognition to trustworthy medical
inference.

Among medical applications, surgical scene un-
derstanding is especially challenging because pro-
cedures unfold in dynamic environments with am-
biguous anatomies, unstable illumination, smoke,
blood, and severe tool–tissue occlusion. As a
result, tasks such as surgical phase recognition,
instrument–tissue interaction modeling, and criti-
cal view of safety assessment cannot be solved by
simple visual matching alone, but require robust
spatiotemporal reasoning over the surgical work-
flow.

SFT is the dominant paradigm for adapting foun-
dation models to medical imaging (Moor et al.,
2023; Zhang et al., 2023; Li et al., 2025), and re-
cent surgical VLMs largely follow this strategy.
However, answer-only SFT encourages shortcut
learning, causing the model to align inputs directly
to labels instead of learning transferable multi-step
logic. Although Chain-of-Thought (CoT) prompt-
ing can improve reasoning (Wei et al., 2022), con-
structing high-quality surgical CoT data is pro-
hibitively expensive because it requires clinically
valid, expert-level annotation.

More critically, we observe that standard surgi-
cal SFT can induce “Reasoning Collapse”: power-
ful general-domain VLMs progressively lose their
explicit step-by-step reasoning ability and regress
to shortcut-style answer generation. The resulting
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Figure 1: Overview of SurgMind-R1. The proposed three-stage pipeline, consisting of two SFT stages and one RL
stage, progressively acquires surgical knowledge, restores explicit reasoning, and consolidates reasoning robustness.

outputs are often empty, truncated, or structurally
unstable, undermining interpretability and clinical
traceability. In surgery, where transparency and
decision justification are essential, such collapse
makes the model difficult to trust.

To address these challenges, we propose
SurgMind-R1, a surgical VLM trained with a
three-stage pipeline, shown in Fig. 1, to acquire do-
main knowledge while preserving explicit reason-
ing. We first build Cholec-Think from Cholec80
(Twinanda et al., 2017) and CholecT45 (Nwoye
et al., 2022) by combining expert annotations with
rigorously filtered VLM-assisted CoT generation.
Stage 1 performs domain-adaptive SFT for surgi-
cal knowledge acquisition, Stage 2 uses reasoning-
enhanced SFT to recover explicit surgical reason-
ing, and Stage 3 applies GRPO (Shao et al., 2024)
with rule-based rewards to stabilize reasoning qual-
ity and improve answer accuracy.

To evaluate SurgMind-R1, we construct
SurgLite-Bench, a multimodal surgical bench-
mark spanning 4 surgical scenarios and 5 tasks
from tool recognition to critical view of safety
assessment. In the hardest task, strict surgical
triplet recognition, SurgMind-R1 outperforms
the strongest zero-shot general-domain baseline
by 22.82% and the strongest fine-tuned model
by 8.53%. In other tasks, SurgMind-R1 out-
performs the strongest zero-shot baseline by
12.49%–51.02% and the strongest fine-tuned

model by 9.79%–15.26%. It also demonstrates
robust zero-shot OOD generalization, and, through
ablation studies, shows that the three-stage pipeline
effectively prevents reasoning collapse.

In summary, our main contributions are as fol-
lows:

1. We propose SurgMind-R1, a novel vision-
language model for the surgical domain. Evaluated
on our challenging surgical benchmark, SurgMind-
R1 achieves state-of-the-art performance across
multiple complex inference tasks. Notably, it in-
ternalizes surgical logic to maintain high accuracy
in a low-latency no-think mode and demonstrates
strong zero-shot out-of-distribution generalization.

2. We establish SurgLite-Bench, a multimodal
surgical benchmark including 4 surgical scenar-
ios and 5 tasks, ranging from fundamental visual
perception and temporal analysis to high-level rea-
soning.

3. We identify a critical limitation in traditional
SFT for VLMs: the “Reasoning Collapse” phe-
nomenon, where models progressively lose their
explicit step-by-step reasoning capabilities and
regress to generating uninterpretable shortcut an-
swers. We define indicators to quantify reasoning
collapse and demonstrate through experiments that
our training pipeline effectively addresses this is-
sue.
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2 Related Work

2.1 Vision-Language Models in Surgery

General Vision-Language Models (VLMs), such as
CLIP (Radford et al., 2021) and BLIP-2 (Li et al.,
2023b), have achieved advanced natural image-
text understanding through large-scale pretraining.
However, they often struggle with domain-specific
tasks like medical reasoning due to the signifi-
cant domain gap. The rise of large-scale VLMs
has driven numerous domain-specific adaptations
in the medical field. Systems like LLaVA-Med
(Li et al., 2023a) and others (Chen et al., 2024c)
have achieved significant results in radiology vi-
sual question answering (VQA) and related diag-
nostic tasks. In the surgical domain, recent studies
have systematically evaluated the potential of large
VLMs for surgical artificial intelligence (Rau et al.,
2025). Furthermore, comprehensive efforts have
been made to construct large-scale surgical multi-
modal databases, such as SurgVLM-DB, alongside
systematic evaluation benchmarks like SurgVLM-
Bench (Zeng et al., 2025), to facilitate the develop-
ment of surgical intelligence.

2.2 Surgical Scene Understanding

Surgical scene understanding is crucial for
computer-assisted interventions. Recent advance-
ments have demonstrated excellent performance
in endoscopic scenes using grounded multimodal
large language models (Wang et al., 2026) and
comprehensive evaluation frameworks (Liu et al.,
2025b). However, these models often lack an ex-
plicit reasoning process, acting as “black boxes”
that directly output answers. While effective for
basic perception, using Supervised Fine-Tuning
(SFT) on final answer labels remains the dominant
strategy for tailoring large models to the medical
domain (Zambrano Chaves et al., 2025; Chen et al.,
2024a). Recent research highlights a critical limita-
tion of this approach: while SFT primarily encour-
ages “memorization” of the training data, reinforce-
ment learning (RL) can significantly help models
“generalize” to unseen scenarios (Chu et al., 2025).
This motivates the need to move beyond simple
SFT for complex surgical reasoning.

2.3 Reasoning and RL in Foundation Models

Enhancing the reasoning capabilities of foundation
models has become a focal point of recent research.
Techniques such as Reinforcement Learning from
Human Feedback (RLHF) (Sun et al., 2024) and

Direct Preference Optimization (DPO) (Rafailov
et al., 2023) have been widely adopted to align
models with human intent. In the medical domain,
complex reasoning has been shown to improve
medical problem-solving capabilities, which can
significantly benefit from reinforcement learning
(Chen et al., 2024b). Consequently, recent works
have introduced RL-driven medical VLMs, such
as Med-R1 (Lai et al., 2026) and MedVLM-R1
(Pan et al., 2025), using GRPO with rule-based
accuracy rewards to incentivize diagnostic reason-
ing in general medical and radiology VQA. In the
surgical domain, Surgery-R1 (Hao et al., 2025) ap-
plies GRPO to Surgical Visual Question Localized
Answering (Surgical-VQLA), coupling format con-
straints with spatial bounding-box grounding and
answer rewards. Distinct from these approaches,
our work targets fine-grained surgical scene com-
prehension—encompassing instrument identifica-
tion, workflow phase recognition, and structured
action triplet deduction—via a multi-component
reward. Crucially, beyond reward-driven policy
optimization, we identify and formulate the criti-
cal “Reasoning Collapse” phenomenon in surgical
VLMs under standard SFT, resolving it via our
three-stage training pipeline to ensure verified clin-
ical reasoning paths while supporting low-latency
internalized logic.

3 Methods

3.1 Overview

SurgMind-R1 follows a three-stage training
pipeline that first adapts a general VLM to surgi-
cal visual understanding, then restores explicit rea-
soning, and finally consolidates reasoning robust-
ness. In Stage 1, the model is fine-tuned on stan-
dard surgical question-answer data from Cholec80
(Twinanda et al., 2017) and CholecT45 (Nwoye
et al., 2022) to acquire domain knowledge. Since
this answer-only SFT induces Reasoning Collapse,
Stage 2 further trains the model on Cholec-Think, a
compact Chain-of-Thought (CoT) (Wei et al., 2022)
dataset designed to recover step-by-step surgical
reasoning. Stage 3 applies Group Relative Policy
Optimization (GRPO) (Shao et al., 2024) with rule-
based format and accuracy rewards, encouraging
the model to preserve structured reasoning while
improving clinically grounded predictions.
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3.2 Dataset
3.2.1 Train Set
Our experimental framework is built upon two
widely recognized endoscopic video datasets for la-
paroscopic cholecystectomy: Cholec80 (Twinanda
et al., 2017) and CholecT45 (Nwoye et al., 2022).
The Cholec80 dataset consists of 80 surgical videos
performed by 13 surgeons. We utilize frames ex-
tracted at 1 fps, which are annotated for two pri-
mary tasks: surgical instrument presence detection
(7 instrument classes) and surgical phase recogni-
tion (7 phase classes). The CholecT45 dataset, a
subset of Cholec80 comprising 45 videos, is dedi-
cated to the more complex task of surgical action
triplet recognition. It provides fine-grained annota-
tions for <instrument, verb, target> relations
at 1 fps, encompassing 6 instruments, 10 verbs,
and 15 anatomical targets, which combine into 100
unique action triplets. This task demands a compre-
hensive spatiotemporal observation of the surgical
scene to locate active instruments and correctly
associate their actions with specific anatomical tar-
gets.

We apply video-level de-duplication and split-
ting to avoid leakage between overlapping
Cholec80 and CholecT45 videos. More details
on the dataset split are provided in Appendix A.1.

3.2.2 Cholec-Think Construction
To endow the model with explicit reasoning capa-
bilities, we constructed a novel reasoning-enhanced
dataset, Cholec-Think. Building upon the raw
frames and annotations from the training splits of
Cholec80 and CholecT45, Cholec-Think bridges
the semantic gap between the task query and
the final answer by introducing structured Chain-
of-Thought (CoT) (Wei et al., 2022) reasoning
steps. It combines expert-curated reasoning paths
with VLM-assisted generation and manual clini-
cal screening, yielding 1,200 balanced reasoning
samples for tool & phase and triplet tasks. More
details on the construction process are provided in
Appendix A.2.

3.3 SurgLite-Bench
To comprehensively evaluate the capabilities of
SurgMind-R1 and provide an efficient, lightweight
evaluation tool for surgical vision-language mod-
els, we propose SurgLite-Bench, a compact, mul-
timodal surgical benchmark characterized by its
cross-domain and cross-task nature. Existing med-
ical VLM benchmarks predominantly focus on

SurgLite-Bench
4 Surgical Scenarios 

5 tasks
89k Frames

Figure 2: Statistics of SurgLite-Bench. The benchmark
covers 4 surgical scenarios and 5 tasks spanning hierar-
chical levels from fundamental visual perception to deep
logical reasoning. Its distribution across datasets and
tasks provides a compact yet diverse evaluation testbed
for both in-domain performance and OOD generaliza-
tion.

static radiological images (e.g., X-rays, MRI) or
simple visual question answering, lacking the dy-
namic complexity and rigorous logical deduction
required in surgical environments. SurgLite-Bench
addresses this gap by integrating 6 publicly avail-
able datasets, encompassing 4 distinct surgical sce-
narios and 5 diverse tasks. With a moderate scale
of 89,659 annotated frames, it is specifically de-
signed to facilitate lightweight deployment and effi-
cient evaluation of surgical VLM capabilities. The
benchmark statistics are summarized in Fig. 2.

To systematically assess the model’s cognitive
capabilities, the tasks in SurgLite-Bench are hier-
archically structured into three levels of increasing
complexity. 1. Fundamental Visual Perception
evaluates the model’s ability to identify basic sur-
gical elements, specifically through Tool Recog-
nition on the Cholec80 dataset. 2. Temporal and
Action Understanding assesses the capability to an-
alyze surgical workflows and fine-grained actions,
encompassing Phase Recognition on Cholec80
(Twinanda et al., 2017) (Laparoscopic Cholecystec-
tomy) and AutoLaparo (Wang et al., 2022) (Laparo-
scopic Hysterectomy), as well as Gesture Recogni-
tion on the JIGSAWS (Yixin Gao and Hager, 2014)
(Robot-Assisted Surgical Skill Assessment) and
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SAR-RARP50 (Psychogyios et al., 2024) (Robot-
Assisted Radical Prostatectomy) datasets. 3. Deep
Logical Reasoning challenges the model with tasks
requiring multi-step deduction and spatiotemporal
association, including Surgical Triplet Recognition
on the CholecT45 (Nwoye et al., 2022) dataset and
Critical View of Safety (CVS) Assessment on the
Endoscapes (Mascagni et al., 2025) dataset.

By spanning across familiar domains (cholecys-
tectomy) and entirely unseen domains (hysterec-
tomy, prostatectomy, robotic surgery), SurgLite-
Bench provides a rigorous testbed not only for in-
domain task accuracy but also for zero-shot out-
of-distribution (OOD) generalization, ensuring that
our model is evaluated on its true clinical reasoning
capabilities rather than mere dataset memorization.

3.4 Training Pipeline

3.4.1 Stage 1 & 2: Supervised Fine-Tuning
(SFT)

The foundation of SurgMind-R1 is built upon the
Qwen2.5-VL-7B-Instruct (Bai et al., 2025b) ar-
chitecture. The SFT process is divided into two
sequential phases to progressively inject domain
knowledge and reasoning capabilities.

Stage 1: Surgical Knowledge Acquisition (SFT)
fine-tunes the base model using standard question-
answer pairs derived from the Cholec80 and
CholecT45 datasets. The primary objective here
is to adapt the general-purpose VLM to the spe-
cific visual and semantic distribution of the surgical
domain, enabling it to accurately recognize basic
instruments, phases, and actions.

However, as demonstrated in our ablation stud-
ies, models fine-tuned solely via this standard SFT
suffer from a severe reasoning collapse—they pro-
gressively lose their explicit thinking capabilities,
reverting to direct, uninterpretable answer genera-
tion. To counteract this, we introduce Stage 2: Rea-
soning Recovery (SFT), where the model is fine-
tuned using the 1,200 instances from the Cholec-
Think dataset. By learning from explicit CoT data,
the VLM successfully reactivates its surgical log-
ical thinking, outputting a step-by-step reasoning
process before arriving at the final diagnosis. No-
tably, our empirical results reveal that fine-tuning
with a small number of high-quality CoT samples
is sufficient to fully restore the model’s structural
reasoning capabilities. This finding is particularly
significant, as it provides a practical solution to the
severe scarcity and prohibitive annotation costs of

medical CoT datasets.
Despite these advancements, SFT possesses in-

herent limitations. Even with CoT data, SFT mod-
els tend to memorize task-specific shortcuts and
superficial correlations rather than acquiring robust,
generalizable reasoning skills. This restricts their
domain transferability and leaves the reasoning pro-
cess susceptible to hallucinations when faced with
edge cases.

3.4.2 Stage 3: Reinforcement Learning
To overcome the limitations of SFT, enhance rea-
soning robustness, and ensure the generation of ex-
plicit thought processes, we introduce Stage 3: Ro-
bustness Consolidation (RL) based on Reinforce-
ment Learning, utilizing a subset of the surgical
data (Cholec-GRPO).

1) Group Relative Policy Optimization
(GRPO)

We adopt the Group Relative Policy Optimiza-
tion (GRPO) (Shao et al., 2024) algorithm to fine-
tune the model. Unlike Proximal Policy Optimiza-
tion (PPO) (Schulman et al., 2017), which requires
an auxiliary value model (critic) that is often the
same size as the policy model, GRPO estimates the
baseline directly from a group of sampled outputs.
This eliminates the memory overhead of the critic
model, making it highly efficient for large-scale
VLMs.

Specifically, for each input prompt x, GRPO
samples a group of G outputs {y1, y2, . . . , yG}
from the current policy πθ. The objective function
is formulated to maximize the expected advantage
while penalizing deviations from the reference pol-
icy πref (which is initialized as the Stage 2 SFT
model) via Kullback-Leibler (KL) divergence. The
GRPO objective is defined as:

JGRPO(θ) = Ex,{yi}Gi=1

[
1

G

G∑

i=1

(
min

(
ρiÂi, clip(ρi, 1− ϵ, 1 + ϵ)Âi

)

−βDKL(πθ ∥πref))] , ρi =
πθ(yi|x)
πθold(yi|x)

.

(1)
where the expectation is taken over x ∼ P (x)

and {yi}Gi=1 ∼ πθold(y|x), ρi is the importance
ratio, ϵ is the clipping hyperparameter, β is the KL
penalty coefficient, and Âi is the relative advantage
of the i-th output within the group. The advantage
Âi is computed by standardizing the rewards ri
obtained by each output in the group:

Âi =
ri − mean({r1, . . . , rG})

std({r1, . . . , rG})
(2)
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This group-based standardization ensures that
the model learns to favor the relatively better rea-
soning paths among its own generated candidates,
promoting continuous self-improvement without
relying on an external critic.

2) Reward Function
Format Reward. We design a rule-based for-

mat reward to enforce strict adherence to the pre-
defined response structure. A response is rewarded
only when it follows the required <think> ...
</think> <answer> ... </answer> template,
ensuring that the model consistently exposes an
explicit reasoning path before producing the final
answer.

Accuracy Reward. We further introduce an ac-
curacy reward to evaluate the factual correctness
of the prediction extracted from the <answer> tag.
This reward is computed against the ground-truth
surgical labels and provides task-aware supervi-
sion for both tool & phase recognition and surgical
triplet recognition, allowing GRPO to optimize not
only structural compliance but also clinical predic-
tion quality.

The specific reward function is provided in Ap-
pendix B.

4 Experiments

4.1 Experimental Setup

Our SFT training is based on the LLaMA-Factory
(Zheng et al., 2024) framework. For the Super-
vised Fine-Tuning (SFT) stages (Stage 1 and Stage
2), we employed Low-Rank Adaptation (LoRA)
(Hu et al., 2022). For the Reinforcement Learn-
ing stage (Stage 3), we applied Group Relative
Policy Optimization (GRPO) (Shao et al., 2024)
also using LoRA. More details on compute and
hyperparameters are provided in Appendix D.1 and
Appendix D.3.

4.2 Main Results: Comparison with
State-of-the-Art

Experimental Setup. To rigorously assess
the model’s performance on in-domain surgical
scene understanding, we conducted evaluations
on the designated test splits of the Cholec80
and CholecT45 datasets, which constitute the in-
domain subset of our proposed SurgLite-Bench.
The evaluation encompasses both observational
tasks (Tool Recognition) and comprehension tasks
(Phase Recognition, Surgical Triplet Recognition).
The test sets comprise a total of 20,098 frames

for the Cholec80 tasks and 19,105 frames for the
CholecT45 triplet task.
Evaluation Metrics. We designed strict evalua-
tion criteria to ensure clinical reliability. For the
Tool and Phase Recognition tasks, we use Accu-
racy as the primary metric. A prediction is consid-
ered correct only if it achieves an exact match with
the ground truth: the predicted list of tools must
contain the exact same items as the label, and the
predicted surgical phase must be identical to the
ground truth.

For the highly complex Surgical Triplet Recog-
nition task, we employ five distinct granularities of
evaluation to comprehensively measure the model’s
reasoning capabilities:

1. Strict Triplet Accuracy: The prediction is cor-
rect only if the number of predicted triplets
matches the ground truth, and the content of
all triplets is completely identical. This is an
extremely challenging metric that demands
perfect scene comprehension.

2. Relaxed Triplet Accuracy: The prediction is
considered correct if at least one predicted
triplet exactly matches a ground truth triplet.

3. Component Accuracy (Instrument / Verb /
Target): We independently evaluate the three
components of the triplets, contributing three
distinct metrics. A prediction is correct if
the number of predicted triplets matches the
ground truth, and the set of the specific com-
ponent exactly matches the ground truth set.

Results Analysis. As shown in Table 1, SurgMind-
R1 consistently outperforms both zero-shot general-
domain VLMs and the fine-tuned 7B baseline
across surgical scene understanding tasks. On the
core triplet metrics, it improves over the strongest
zero-shot baseline by 22.82% in strict accuracy
and 51.02% in relaxed accuracy, while also sur-
passing the SFT baseline by 8.53% and 15.06%,
respectively. The gains extend to tool and phase
recognition, indicating that the proposed training
pipeline substantially improves both fine-grained
interaction reasoning and broader surgical work-
flow comprehension.
Performance: Think vs. No-Think. As observed
in Table 1, both the explicit reasoning (think) mode
and direct (no-think) mode achieve competitive
state-of-the-art results across all tasks. We em-
phasize that the core clinical value of the think
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Model Strict Triplet Relaxed Triplet Instrument Verb Target Tool Phase

Zero-shot VLMs

LLaVA-1.5-7B (Liu et al., 2023) 3.21 4.70 11.15 5.78 11.10 0.01 3.58
Llama-4-Scout-17B-16E 1.17 2.91 9.17 4.17 3.20 2.04 1.52
InternVL3-8B (Zhu et al., 2025) 6.82 14.16 24.78 10.95 21.33 25.08 30.25
Qwen2.5-VL-3B-Instruct (Bai et al., 2025b) 2.85 5.70 3.35 3.76 3.93 5.60 28.44
Qwen2.5-VL-7B-Instruct (Bai et al., 2025b) 4.45 13.81 14.07 9.18 8.13 21.24 38.28
Qwen2.5-VL-72B-Instruct (Bai et al., 2025b) 7.30 21.60 19.45 12.76 9.23 12.24 35.72

Fine-tuned VLM

Qwen2.5-VL-7B-Instruct (SFT) 21.59 57.56 47.35 39.21 23.90 57.86 56.71

SurgMind-R1 (think) 29.83 72.62 59.11 48.94 33.08 67.54 69.21
SurgMind-R1 (no-think) 30.12 72.38 62.25 49.00 33.82 73.12 70.88

Table 1: Performance comparison of different models on surgical video understanding tasks. All metrics are reported
as percentages (%).

Mode Avg. Inference Time (ms) Avg. Output Tokens

Think 166.03 359.21
No-Think 88.53 17.30

Table 2: Inference efficiency comparison between think
and no-think modes.

mode lies in its explicit transparency, interpretabil-
ity, and decision traceability—providing clinicians
with verifiable step-by-step rationales behind high-
stakes intraoperative deductions rather than merely
aiming to dominate every metric. Conversely, the
high accuracy of the no-think mode reveals that
SurgMind-R1 successfully internalizes structured
clinical logic into its model weights through our
three-stage pipeline. Across most surgical tasks,
no-think mode exhibits slightly higher or compara-
ble accuracy compared to think mode. This is pri-
marily because direct answer generation effectively
bypasses the potential variance and minor error
accumulation inherent in multi-token autoregres-
sive CoT verbalization, relying instead on the inter-
nalized clinical logic embedded within the model
weights. This observation is consistent with recent
findings showing that explicit Chain-of-Thought
prompting can degrade accuracy or introduce rea-
soning noise (Liu et al., 2025a; Sadanandan and Be-
hzadan, 2026). Meanwhile, think mode maintains
strong performance across all evaluations while
providing explicit deductive paths.
Efficiency and Latency: Think vs. No-Think.
We measured the average inference latency per sam-
ple and the average generated token count across
the full test set under identical hardware conditions.
As shown in Table 2, compared with the explicit
think mode, the no-think mode reduces the aver-

age inference time by 46.68% (from 166.03 ms to
88.53 ms per sample) and decreases the average
output length by 95.18% (from 359.21 to 17.30
tokens). Combined with its comparable task per-
formance in Table 1, this efficiency gain confirms
that SurgMind-R1 internalizes surgical reasoning
logic, substantially reducing generation overhead
and making it suitable for latency-sensitive surgical
deployment.

4.3 Out-of-Distribution Generalization

Experimental Setup. To rigorously evaluate the
zero-shot out-of-distribution (OOD) generalization
capabilities of SurgMind-R1, we leverage the OOD
subset of our proposed SurgLite-Bench. This sub-
set spans entirely unseen surgical scenarios and
novel task definitions that the model never encoun-
tered during its training on laparoscopic cholecys-
tectomy data. Specifically, the OOD evaluation
includes four distinct datasets: (1) AutoLaparo
(Wang et al., 2022), which tests Phase Recogni-
tion in a different surgical domain (Laparoscopic
Hysterectomy); (2) SAR-RARP50 (Psychogyios
et al., 2024), which introduces a novel, fine-grained
Gesture Recognition task in Robot-Assisted Radi-
cal Prostatectomy; (3) JIGSAWS (Yixin Gao and
Hager, 2014), which tests Gesture Recognition in
Robot-Assisted Surgical Skill Assessment; and (4)
Endoscapes (Mascagni et al., 2025), which chal-
lenges the model with a highly complex clinical
reasoning task: Critical View of Safety (CVS) As-
sessment.
Evaluation Metrics. Given the inherent class im-
balance prevalent in surgical datasets, we adopt
metrics that provide a balanced view of model per-
formance across all classes. For AutoLaparo, SAR-
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AutoLaparo SAR-RARP50 JIGSAWS Endo CVS

Model Acc Macro Acc Macro F1 Acc Macro Acc Macro F1 Acc Macro Acc Macro F1 Mean Acc

LLaVA-1.5-7B 8.89 13.24 0.0699 16.23 12.61 0.0938 5.23 7.54 0.0209 35.45
Llama-4-Scout-17B-16E 4.85 13.04 0.0325 29.12 14.54 0.0668 10.57 7.63 0.0306 0.00
InternVL3-8B 23.65 14.43 0.0963 26.90 15.06 0.0987 6.73 8.72 0.0448 79.16
Qwen2.5-VL-3B-Instruct 18.96 13.86 0.1049 21.76 14.14 0.1107 9.58 6.63 0.0377 43.55
Qwen2.5-VL-7B-Instruct 18.08 11.51 0.0791 27.89 15.03 0.1160 11.14 7.93 0.0597 60.41
Qwen2.5-VL-72B-Instruct 16.78 10.68 0.0803 30.29 17.09 0.1243 12.48 7.15 0.0563 78.12

SurgMind-R1 24.99 15.89 0.1502 31.87 20.28 0.1965 20.31 13.37 0.1163 76.40

Table 3: Zero-shot OOD evaluation on unseen surgical scenarios and novel tasks across different baselines.

RARP50, and JIGSAWS, we report Overall Accu-
racy, Macro Accuracy, and Macro F1 score. For
the Endoscapes CVS assessment, which evaluates
three specific safety criteria, we report the Mean
Criterion Accuracy across the three criteria.
Results Analysis. As shown in Table 3, SurgMind-
R1 shows strong zero-shot generalization across
unseen surgical domains and task definitions. It
achieves the best overall results on AutoLaparo,
SAR-RARP50, and JIGSAWS, with especially
clear gains on JIGSAWS where accuracy improves
by 7.83% over the strongest baseline. On the more
demanding Endoscapes CVS task, SurgMind-R1
remains competitive despite being slightly below
InternVL3-8B and Qwen2.5-VL-72B, suggesting
that the proposed reasoning-enhanced training im-
proves transferability while preserving robust per-
formance on complex clinical reasoning tasks.

4.4 Ablation Study
To validate the effectiveness of our proposed three-
stage training pipeline, we conducted an ablation
study comparing models at different developmental
stages: the base Qwen2.5-VL-7B model (Bai et al.,
2025b), Stage 1 (Domain-adaptive SFT), Stage 2
(Reasoning-enhanced SFT), and Stage 3 (GRPO).
Crucially, to observe the phenomenon of reason-
ing collapse and recovery, all models in this abla-
tion study were explicitly prompted to output their
step-by-step reasoning process before providing
the final answer.
Reasoning Collapse Quantitative Indicators. To
make this phenomenon measurable, we quantify
reasoning collapse with three complementary indi-
cators:

1. Empty Reasoning Rate (ERR) measures
the proportion of outputs that preserve the
<think></think> structure but contain no ef-
fective reasoning content inside the tags.

2. Incomplete Think-Tag Rate (ITR) measures

the proportion of outputs from which a com-
plete <think>...</think> span cannot be ex-
tracted due to missing or malformed tags.

3. Out-of-Tag Residue Rate (OTR) measures the
proportion of outputs that still contain non-
empty residual text after removing complete
<think> and <answer> blocks, indicating that
the answer or intermediate content has es-
caped the prescribed structure. Together, these
three indicators characterize reasoning col-
lapse from the perspectives of content empti-
ness, structural corruption, and format insta-
bility.

Results Analysis: Performance Evolution. As
shown in Table 4, each stage contributes to the final
performance. Stage 1 provides the main domain
adaptation gain, improving strict and relaxed triplet
accuracy by 15.55% and 41.82% over the base
model, while Stage 2 further improves these met-
rics by 7.58% and 12.90% through explicit CoT
supervision. Stage 3 brings the best overall rea-
soning performance, ultimately outperforming the
base model by 23.79% in strict triplet accuracy
and 56.88% in relaxed triplet accuracy. The slight
drop in tool recognition from Stage 2 to Stage 3
suggests that excessive reasoning may be less ben-
eficial for purely perceptual tasks, but the overall
trend confirms the complementary roles of domain
adaptation, reasoning recovery, and RL-based con-
solidation.
Reasoning Collapse Across VLM Backbones. To
investigate whether reasoning collapse is specific
to a certain model or represents a broader failure
mode in surgical adaptation, we evaluated addi-
tional VLM backbones alongside their answer-only
SFT variants. As shown in Table 5, all evaluated
architectures exhibit marked reasoning degradation
following answer-only SFT. In particular, smaller-
scale models (e.g., Qwen2.5-VL-3B) and certain
architectures (e.g., LLaVA-1.5-7B) suffer a com-
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Method Strict Triplet Relaxed Triplet Instrument Verb Target Tool Phase

Qwen2.5-VL-7B (Baseline) 6.04 15.74 24.17 11.73 13.84 25.41 24.29
Stage 1 (SFT) 21.59 57.56 47.35 39.21 23.90 57.86 56.71
Stage 2 (+ CoT SFT) 29.17 70.46 57.75 48.44 32.35 68.70 65.52
Stage 3 (+ RL), SurgMind-R1 29.83 72.62 59.11 48.94 33.08 67.54 69.21

Table 4: Ablation study of different training stages on the 7B model. All metrics are reported as percentages (%).

Model ERR↓ ITR↓ OTR↓ Avg. Words

InternVL3-8B 0.00 0.00 2.99 114.6
InternVL3-8B (SFT) 7.98 0.00 5.64 74.7

LLaVA-1.5-7B 0.00 76.93 83.43 23.4
LLaVA-1.5-7B (SFT) 0.00 100.00 100.00 4.3

Qwen2.5-VL-3B 0.00 6.25 6.40 119.1
Qwen2.5-VL-3B (SFT) 0.00 100.00 100.00 4.4

Qwen2.5-VL-7B 0.00 2.79 2.97 127.1
Qwen2.5-VL-7B (SFT) 19.93 3.69 28.79 59.3

Table 5: Quantitative analysis of reasoning collapse
across different VLM baselines and corresponding
answer-only SFT versions. ERR, ITR, OTR are reported
as percentages (%).

plete loss of explicit reasoning, where ITR and
OTR reach 100.00% and the average output length
drops to ∼4 words (collapsing entirely into direct
shortcut answers). Larger models also show severe
structural degradation. These findings substantiate
that reasoning collapse is a cross-backbone vulner-
ability under standard answer-only SFT.
Results Analysis: Resolving Reasoning Collapse.
As shown in Table 6, answer-only SFT clearly in-
duces reasoning collapse: Stage 1 sharply increases
empty reasoning and out-of-tag residue, with OTR
reaching 28.79%. Stage 2 largely repairs this behav-
ior, reducing ERR and ITR to 0.00% and OTR to
1.09%, indicating that a compact set of high-quality
CoT samples can restore stable reasoning structure.
Stage 3 further eliminates the remaining residue
and keeps all collapse indicators at 0.00%, showing
that GRPO consolidates both format compliance
and robust reasoning behavior. Furthermore, be-
yond format compliance, we conducted a manual
evaluation by a medical expert on generated ratio-
nale quality, confirming substantial gains in clinical
correctness, structural completeness, and hallucina-
tion reduction (detailed in Appendix C.3).

5 Conclusion

In this work, we introduce SurgMind-R1, a novel
vision-language model designed to tackle the com-
plexities of surgical scene understanding. We iden-

Method ERR↓ ITR↓ OTR↓
Qwen2.5-VL-7B (Baseline) 0.00 2.79 2.97
Stage 1 (SFT) 19.93 3.69 28.79
Stage 2 (+ CoT SFT) 0.00 0.00 1.09
Stage 3 (+ RL), SurgMind-R1 0.00 0.00 0.00

Table 6: Quantitative analysis of reasoning collapse
across different training stages on the 7B model. All
metrics are reported as percentages (%).

tify a critical bottleneck in adapting foundational
VLMs to the medical domain: the “Reasoning Col-
lapse” phenomenon induced by standard SFT. To
overcome this, we propose a robust three-stage
training pipeline. By first adapting the model to
the surgical domain, then explicitly enforcing struc-
tural reasoning through our newly curated Cholec-
Think dataset, and finally elevating the logical de-
duction quality with GRPO, we effectively address
reasoning collapse. Evaluated on our newly estab-
lished multimodal surgical benchmark, SurgLite-
Bench, SurgMind-R1 achieves state-of-the-art per-
formance on complex inference tasks such as surgi-
cal triplet recognition. Crucially, the model demon-
strates the ability to deeply internalize structured
surgical thinking, maintaining high accuracy even
in the low-latency no-think mode without explicit
reasoning outputs. Furthermore, it exhibits strong
zero-shot out-of-distribution generalization across
entirely unseen surgical scenarios and novel tasks.
Our work provides a practical paradigm for de-
veloping transparent, reliable, and interpretable
medical AI, bridging the gap between foundation
models and trustworthy computer-assisted surgical
interventions.

Limitations

This study has several limitations. The training data
is primarily derived from laparoscopic cholecys-
tectomy; although SurgLite-Bench includes OOD
evaluation across other surgical scenarios, broader
validation on more diverse procedures, institutions,
imaging devices, and patient populations is still
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required. Cholec-Think is a compact reasoning
dataset constructed through a hybrid expert and
VLM-assisted annotation pipeline. Although all
reasoning chains are manually screened, the dataset
may still contain annotation bias or omit rare but
clinically important reasoning patterns. The cur-
rent formulation mainly evaluates frame-level or
sparsely sampled visual understanding, and there-
fore does not fully capture long-horizon temporal
dependencies in continuous surgical videos. In
addition, the rule-based GRPO rewards and exact-
match evaluation protocols improve controllability
and reproducibility, but they may under-reward se-
mantically correct answers with alternative word-
ing or equivalent clinical interpretations. Accord-
ingly, SurgMind-R1 should be regarded as a re-
search prototype for transparent surgical reasoning
rather than a deployable clinical decision-making
system without further prospective validation.

Ethical Considerations

This work is intended for research on surgical
vision-language reasoning and is not designed or
validated for direct clinical decision-making. All
visual data used in this study are drawn from pub-
licly available surgical datasets and are used in
accordance with their original access conditions,
anonymization procedures, licenses, and terms of
use. We do not collect new patient-identifying
information. The physician-provided reasoning an-
notations were created with informed consent for
research use. Although SurgMind-R1 improves
transparent surgical reasoning, its predictions may
still be affected by dataset bias, limited procedural
diversity, and domain shift; therefore, any clinical
use would require prospective validation, institu-
tional approval, and oversight by qualified medical
professionals.
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A Dataset

A.1 Dataset Split
Since the visual data of CholecT45 originates from
a subset of Cholec80, we implemented a strict de-
duplication protocol to prevent data leakage and
redundant training. Specifically, we removed the
45 overlapping videos from Cholec80, resulting in
a disjoint set of 35 videos exclusively for Cholec80
tasks and 45 videos for CholecT45 tasks. The uni-
fied dataset was then partitioned at the video level
following a 7 : 1 : 2 ratio, as summarized in Ta-
ble 7.

Split CholecT45 Cholec80 Total

Train 31 25 56
Validation 5 3 8
Test 9 7 16

Total 45 35 80

Table 7: Video-level dataset split after de-duplication.

A.2 Cholec-Think Construction
To overcome the prohibitively high cost of dense
medical annotations, Cholec-Think was developed
using a scalable hybrid pipeline: a small seed set
of expert-curated reasoning paths was combined
with large-scale VLM-assisted generation using
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Task Stratum Samples

Tool & phase Video ID 600

Triplet 0 triplets 100
Triplet 1 triplet 250
Triplet 2 triplets 150
Triplet ≥ 3 triplets 100

Total – 1,200

Table 8: Sampling strategy for Cholec-Think construc-
tion.

gemini-3.1-pro-preview. Three professional
physicians from collaborating hospitals each wrote
reasoning paths for 20 images in Cholec-Think. For
example, in the instrument and phase identification
tasks, the reasoning process includes Anatomical
Identification, Instrument Identification, specific
instrument localization, Action Analysis, Phase
Determination, and Conclusion. In the surgical
triplet (tool, action, target) identification task, the
reasoning process includes Tool Identification, Tar-
get Identification, Action Identification, and Con-
clusion for each triplet. All generated reasoning
chains were subsequently screened by physicians
for clinical validity and logical coherence, and the
physicians were allowed to revise the generated
CoT when necessary. The physicians provided in-
formed consent for their annotations to be used for
research, and the source images were drawn only
from publicly available anonymized datasets.

To ensure the reasoning dataset is representative
and balanced across different levels of scene com-
plexity, we employed a stratified sampling strategy
to select 1,200 images from the training sets. The
sampling design is summarized in Table 8. Within
each stratum, frames are sampled via a round-robin
schedule across distinct video IDs to ensure even
coverage across different surgical cases and sur-
geons while preventing sample over-representation
from longer videos.

For Stage 3 reinforcement learning, Cholec-
GRPO follows the same stratified sampling strategy
and contains 1,200 non-overlapping samples drawn
from the training set.

B Reward Functions in GRPO

The GRPO stage uses a rule-based reward com-
posed of a format reward and a surgical accuracy

reward:

R(y, y⋆) = Rfmt(y) +Racc(y, y
⋆), (3)

where y is the model output and y⋆ is the
ground-truth answer. Let Yfmt denote the set
of outputs that strictly follow the required
<think>...</think><answer>...</answer>
reasoning-answer structure. The format reward is
defined as:

Rfmt(y) =

{
1, y ∈ Yfmt,

0, y /∈ Yfmt.
(4)

Let F1(A,B) = 2|A∩B|/(|A|+|B|) denote the
set-level F1 score between the predicted set A and
the ground-truth set B. For the tool & phase task,
the answer is parsed as [tool1, ...]; [phase].
Given predicted tools T̂ , ground-truth tools T , pre-
dicted phase p̂, and ground-truth phase p, the accu-
racy reward is:

Rtool&phase
acc =

1

2
F1(T̂ , T ) +

1

2
I[p̂ = p]. (5)

For the triplet task, the answer is parsed as a set
of triplets [instrument, verb, target]. Let
Ĝ and G be the predicted and ground-truth triplet
sets, and let Î , V̂ , Ĉ and I, V, C denote the corre-
sponding instrument, verb, and target component
sets. The accuracy reward is:

Rtriplet
acc =

1

2
F1(Ĝ,G) +

1

6
F1(Î , I)

+
1

6
F1(V̂ , V ) +

1

6
F1(Ĉ, C).

(6)

Thus, the triplet reward jointly measures exact
triplet-level correctness and partial component-
level correctness, while the tool & phase reward
balances multi-label tool recognition with exact
phase matching.

C Additional Results

C.1 Extended Baseline and Variants
Comparisons

To provide a comprehensive benchmark compari-
son, we extended our evaluation to include the re-
cent foundation model Qwen3-VL-8B-Instruct, as
well as CoT-prompted (think mode) variants of gen-
eral zero-shot VLMs (LLaVA-1.5-7B, InternVL3-
8B, Qwen2.5-VL-3B, and Qwen2.5-VL-7B). In the
think mode setting, zero-shot models were explic-
itly instructed to produce step-by-step reasoning
prior to generating answers.

17139



Model Strict Triplet Relaxed Triplet Instrument Verb Target Tool Phase

Zero-shot VLMs

LLaVA-1.5-7B 3.21 4.70 11.15 5.78 11.10 0.01 3.58
LLaVA-1.5-7B (think) 3.83 5.62 10.30 6.28 10.24 0.00 2.21
Llama-4-Scout-17B-16E 1.17 2.91 9.17 4.17 3.20 2.04 1.52
InternVL3-8B 6.82 14.16 24.78 10.95 21.33 25.08 30.25
InternVL3-8B (think) 2.45 6.96 21.63 5.23 12.08 19.15 19.92
Qwen2.5-VL-3B-Instruct 2.85 5.70 3.35 3.76 3.93 5.60 28.44
Qwen2.5-VL-3B-Instruct (think) 2.36 4.31 11.33 6.60 4.56 11.06 26.92
Qwen2.5-VL-7B-Instruct 4.45 13.81 14.07 9.18 8.13 21.24 38.28
Qwen2.5-VL-7B-Instruct (think) 6.04 15.74 24.17 11.73 13.84 25.41 24.29
Qwen2.5-VL-72B-Instruct 7.30 21.60 19.45 12.76 9.23 12.24 35.72
Qwen3-VL-8B-Instruct 8.45 19.64 20.26 13.63 11.78 16.16 18.40

Fine-tuned VLM

Qwen2.5-VL-7B-Instruct (SFT) 21.59 57.56 47.35 39.21 23.90 57.86 56.71

SurgMind-R1 (think) 29.83 72.62 59.11 48.94 33.08 67.54 69.21
SurgMind-R1 (no-think) 30.12 72.38 62.25 49.00 33.82 73.12 70.88

Table 9: Extended performance comparison including recent SOTA models and zero-shot CoT-enabled variants on
surgical video understanding tasks. All metrics are reported as percentages (%).

Model Structure Completeness↑ Anatomical Accuracy↑ Action Accuracy↑ Coherence↑ Hallucination Rate (%)↓
Qwen2.5-VL-7B (Baseline) 2.76 1.50 1.72 2.96 18.0
Stage 1 (SFT) 1.76 2.85 2.93 2.54 28.0
Stage 2 (+ CoT SFT) 4.28 3.44 3.62 3.88 16.0
Stage 3 (+ RL), SurgMind-R1 4.33 3.40 3.62 4.13 5.0

Table 10: Manual evaluation of surgical rationale quality across training stages.

As summarized in Table 9, Qwen3-VL-8B-
Instruct (Bai et al., 2025a) achieves the highest
strict triplet accuracy (8.45%) among all zero-shot
baselines, yet still falls far short of domain-adapted
SurgMind-R1 (30.12%), highlighting that scaling
general-domain pretraining alone is insufficient for
nuanced surgical spatiotemporal reasoning. More-
over, prompting general-purpose VLMs for explicit
CoT does not consistently yield improvements;
on certain fine-grained tasks (e.g., InternVL3-8B
and Qwen2.5-VL-3B on phase and triplet recogni-
tion), prompting for explicit rationales even leads to
slight performance drops due to domain mismatch
and visual hallucinations. In contrast, SurgMind-
R1 achieves consistent state-of-the-art accuracy
across both think and no-think modes, demonstrat-
ing the critical efficacy of our structured three-stage
training pipeline.

C.2 Qualitative Analysis of Reasoning
Collapse

Figure 3 provides qualitative examples of reasoning
collapse and its resolution across different training
stages.

The base Qwen2.5-VL model often produces
incorrect reasoning because it lacks sufficient sur-
gical domain knowledge. After Stage 1 domain-
adaptive SFT, the model becomes better aligned
with surgical labels but tends to rely on shortcut pat-
terns, resulting in empty, truncated, or structurally
unstable reasoning. Stage 2 reasoning-enhanced
SFT restores explicit step-by-step reasoning, but
the generated rationales may still contain halluci-
nated or clinically inconsistent intermediate steps.
In contrast, SurgMind-R1 produces accurate and
clinically coherent reasoning after GRPO, showing
that the final stage not only improves format com-
pliance but also consolidates the quality of surgical
reasoning.

C.3 Manual Evaluation of Rationale Quality

To verify that the recovery of explicit reasoning
structure corresponds to genuine clinical reason-
ing quality rather than superficial template match-
ing, we conducted a blind evaluation of generated
rationales across different training stages by one
medical expert with clinical domain backgrounds.
Evaluation Protocol. We randomly sampled
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Question:
Find all instruments in the image of laparoscopic 
cholecystectomy. For each instrument, provide the 
action it is performing and the tissue it is performing
the action on. ...Return a triplet in the format: 
[instrument, verb, target]. ...

Answer:
[grasper, retract, gallbladder]

Reasoning:
…The gallbladder is being dissected from the
surrounding tissues, which include the cystic plate, 
cystic duct, and cystic artery. …

Answer:
[grasper, dissect, gallbladder; cystic plate; cystic duct; 
cystic artery]

Reasoning:
[grasper, retract, gallbladder]; [grasper, null, null]

Answer:
[grasper, retract, gallbladder]

Reasoning:
…Target Identification: The instrument's jaws are 
firmly clamped onto the edge of a large, dark 
red/brown organ structure located superiorly and to 
the right of the central focus. Anatomically, within the
context of a cholecystectomy, this solid organ with a 
smooth surface and liver-like coloration is the liver…

Answer:
[grasper, retract, liver]

Reasoning:
… Target Identification: The instrument is interacting 
with a large, bulbous, yellowish-pink structure located 
centrally in the view. This structure is distinct from the 
dark red liver tissue visible on the right and the yellow
fatty tissue on the left. Anatomically, this sac-like organ 
with a fatty wall is the gallbladder, specifically the body 
or infundibulum area. …

Answer:
[grasper, retract, gallbladder]

Qwen2.5-VL-7B-Instruct

Stage 1 (SFT)

Stage 2 (+ CoT SFT)

SurgMind-R1 (+ RL)

Reasoning
collapse!

Triplet Recognition

Tool and Phase Recognition

Question:
Find all tools in the image of laparoscopic 
cholecystectomy. ...Determine the surgical phase of 
the image. ... Return tools and phase answer in the 
format: [tool1, ...]; [phase].

Answer:
[null]; [Calot Triangle Dissection]

Reasoning:
… The gallbladder appears to be under tension, being 
lifted or pulled away from the liver bed. This
movement is characteristic of the initial mobilization 
phase where the gallbladder is separated from the 
liver and surrounding adhesions. This activity is 
distinct from the dissection of Calot's triangle or the 
final removal of the organ. Consequently, the surgical 
phase is identified as [Gallbladder Dissection].…

Answer:
[null]; [Gallbladder Dissection]

Reasoning:
… The surgical phase provided is "Calot Triangle 
Dissection." This stage involves clearing the fibro -fatty 
tissue around the neck of the gallbladder to identify the
cystic duct and cystic artery. Since the gallbladder is 
still attached to the liver bed and the structures have 
not yet been dissected or clipped, the procedure is 
clearly in the dissection phase. The absence of tools in
this frame is common during inspection or minor
pauses for the surgeon to assess the anatomy.…

Answer:
[null]; [Calot Triangle Dissection]

Stage 2 (+ CoT SFT)

SurgMind-R1 (+ RL)

Reasoning:
…
Grasper: …it is not clearly visible in this image.
Bipolar: …it is not visible here.
…
The gallbladder is being retracted, which is a step in 
the Gallbladder Retraction phase of laparoscopic 
cholecystectomy.

Answer:
[grasper, bipolar, hook, scissors, clipper, irrigator, 
specimenbag, null]; [Gallbladder Retraction]

Reasoning:
No text was output.

Answer:
[grasper]; [Preparation]

Qwen2.5-VL-7B-Instruct

Stage 1 (SFT)
Reasoning 
collapse!

Figure 3: Qualitative examples of reasoning collapse and recovery across training stages.

100 cases from the in-domain test set. For each
case, the rationales generated by four models—
Baseline (Qwen2.5-VL-7B), Stage 1 (Domain-
adaptive SFT), Stage 2 (Reasoning-enhanced SFT),
and SurgMind-R1 (Stage 3 RL)—were evaluated
across five clinically motivated dimensions:

1. Reasoning Structure Completeness (1–5
scale): Evaluates whether the generated ra-
tionale systematically covers the necessary
clinical deduction steps (e.g., anatomical iden-
tification and action analysis).

2. Anatomical Reasoning Accuracy (1–5
scale): Measures the factual correctness of
anatomical identification and spatial refer-

ences.

3. Action Reasoning Accuracy (1–5 scale): As-
sesses the validity of instrument-tissue inter-
action modeling and procedural action deduc-
tion.

4. Reasoning Coherence (1–5 scale): Assesses
the internal logical consistency between inter-
mediate observational deductions and the final
conclusion.

5. Hallucination Rate (%): Measures the pro-
portion of generated rationales that contain
non-existent anatomical structures, phantom
surgical instruments, or fabricated procedural
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events.

Results Analysis. As reported in Table 10, al-
though Stage 1 SFT improves basic anatomical
and action accuracy over the zero-shot baseline, its
reasoning structure completeness and coherence
drop noticeably, accompanied by an elevated hal-
lucination rate of 28.0% (consistent with the rea-
soning collapse). Stage 2 reasoning-enhanced SFT
restores explicit structural completeness to 4.28
and boosts anatomical and action reasoning accu-
racy to 3.44 and 3.62, respectively. Finally, Stage
3 GRPO consolidates reasoning robustness by im-
proving logical coherence to 4.13 and drastically
reducing the hallucination rate from 16.0% to 5.0%.
These findings provide empirical confirmation that
our training pipeline restores meaningful clinical
reasoning capability rather than superficial format
adherence.

D Reproducibility

D.1 Compute
All experiments were conducted on a worksta-
tion equipped with two NVIDIA A800 (80GB)
GPUs. The approximate computational budget was
15 GPU-hours for Stage 1 SFT, 1 GPU-hour for
Stage 2 CoT SFT, and 24 GPU-hours for Stage 3
GRPO, resulting in a total training budget of 40
GPU-hours.

D.2 Framework Versions
The main software dependencies include PEFT
0.17.1, Transformers 4.57.1, PyTorch 2.4.0+cu124,
Datasets 4.0.0, and Tokenizers 0.22.2. The GRPO
training stage was implemented using the open-r1-
multimodal framework.

D.3 Hyperparameters
The detailed parameters and hyperparameters for
the three training stages are summarized in Ta-
bles 11–13.

E Artifact Licenses and Privacy

E.1 Artifact Licenses and Terms of Use
All public datasets utilized in this work are sub-
ject to their respective original licenses and terms
of use. Our derived artifacts, including SurgLite-
Bench and Cholec-Think, are developed strictly for
academic research purposes and are distributed in
full compliance with the access and licensing con-
ditions of the underlying datasets. The accompany-
ing codebase, model checkpoints, and annotation

files are provided with detailed documentation and
appropriate licensing terms specifying permissible
non-commercial research use.

E.2 Privacy and Data Anonymization
This study uses publicly available endoscopic
and surgical video datasets and does not collect
new patient-identifying information. The original
datasets are used in accordance with the anonymiza-
tion procedures, access conditions, and terms of
use specified by their respective providers. The
data used in this work consist of surgical visual
scenes and task annotations; they do not include
user-generated text or offensive content.
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Parameter Value Parameter Value

Cutoff length 1024 Max image pixels 589,824
LoRA rank 16 LoRA alpha 32
LoRA dropout 0.05 Learning rate 5e-5
LR scheduler Cosine Warmup ratio 0.03
Epochs 1 Train batch size / device 8
Gradient accumulation 4 Eval batch size / device 2
Dataloader workers 4 Precision bfloat16

Table 11: Parameters and hyperparameters for Stage 1: domain-adaptive SFT.

Parameter Value Parameter Value

Validation split 0.1 Seed 42
Cutoff length 2048 Max image pixels 589,824
LoRA rank 32 LoRA alpha 64
LoRA dropout 0.05 Learning rate 1e-4
LR scheduler Cosine Warmup ratio 0.03
Epochs 6 Train batch size / device 4
Eval batch size / device 4 Gradient accumulation 4
Dataloader workers 4 Precision bfloat16

Table 12: Parameters and hyperparameters for Stage 2: reasoning-enhanced CoT SFT.

Parameter Value Parameter Value

Max prompt length 1024 Max completion length 1024
Train batch size / device 4 Gradient accumulation 1
Training steps 300 Generations per prompt 4
Max image pixels 401,408 Min image pixels 3,136
LoRA rank 16 LoRA alpha 32
LoRA dropout 0.05 Learning rate 1e-6
Optimizer AdamW Precision bfloat16

Table 13: Parameters and hyperparameters for Stage 3: GRPO training.
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