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Abstract. We introduce the Surgical Action Planning (SAP) task for
cholecystectomy procedures, which generates future action plans from vi-
sual inputs to address the absence of intraoperative predictive planning
in current intelligent applications. SAP shows great potential for en-
hancing intraoperative guidance and automating procedures. However,
it faces challenges such as understanding instrument-tissue relationships
and tracking surgical progress. Large Language Models (LLMs) show
promise in understanding surgical video content but remain underex-
plored for predictive decision-making in SAP, as they focus mainly on
retrospective analysis. Challenges like data privacy, computational de-
mands, and modality-specific constraints further highlight significant
research gaps. To tackle these challenges, we introduce LLM-SAP, a
Large Language Model-based Surgical Action Planning framework that
predicts future actions and generates text responses by interpreting nat-
ural language prompts of surgical goals. The text responses potentially
support surgical education, intraoperative decision-making, procedure
documentation, and skill analysis. LLM-SAP integrates two novel mod-
ules: the Near-History Focus Memory Module (NHF-MM) for model-
ing historical states and the prompts factory for action planning. We
evaluate LLM-SAP on our constructed CholecT50-SAP dataset using
models like Qwen2.5 and Qwen2-VL, demonstrating its effectiveness in
next-action prediction. Pre-trained LLMs are tested in a zero-shot set-
ting, and supervised fine-tuning (SFT) with LoRA is implemented. Our
experiments show that Qwen2.5-72B-SFT surpasses Qwen2.5-72B with
a 19.3% higher accuracy. The source code and dataset are available
at https://github.com/XuMengyalAmy/SAP.
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1 Introduction

In Robot-assisted Minimally Invasive Surgery (RMIS), current intelligent appli-
cations, such as surgical workflow recognition [9], instrument segmentation [1,20],
action recognition [3,11], and medical question-answering [2, 16|, primarily fo-
cus on retrospective analysis rather than future decision-making. While valuable
for procedure analysis, they lack the ability to support intraoperative future
decision-making, underscoring the need for our Surgical Action Planning (SAP)
task, a forward-looking framework. Our SAP streamlines complex procedures
by decomposing them into discrete actions, and generates long-horizon sequen-
tial action plans from visual inputs, enabling the achievement of user-defined
objectives.

Large language models (LLMs) [23] have shown impressive reasoning capa-
bilities, enabling applications such as question answering [7], machine transla-
tion [17], and information extraction [8]. Building on this foundation, recent
advancements in Large Language Models (LLMs) and Vision Language Mod-
els (VLMs) have demonstrated significant potential for understanding surgical
video content, yet their application in future decision-making remains underex-
plored. For instance, while LLMs have been leveraged to refine and enrich surgi-
cal concepts through hierarchical knowledge augmentation [21], these approaches
primarily focus on retrospective analysis and comprehension rather than pre-
dictive planning. LLMs show great promise for the SPA task. Their ability to
jointly align visual inputs with language prompts, parse complex scenes, ground
language goals in visual contexts, and generate step-by-step plans makes them
well-suited for SPA, as evidenced by their success in daily planning tasks like
daily activities [4,6, 10]. Meanwhile, interpretable text analysis from LLMs can
be utilized for surgical education prior to operations, providing decision support
and assistance during critical intraoperative phases. It offers recommendations
to surgeons, helps document and summarize surgical procedures, and serves as
a valuable tool for postoperative skill analysis and improvement.

Additionally, fine-tuning LLMs on private data addresses data privacy con-
cerns and enables task-specific customization, unlike zero-shot inference which
relies on pre-trained language models and risks exposing sensitive information.
However, fine-tuning large models is challenging due to their parameter sizes
and resource demands. To address these limitations, efficient fine-tuning meth-
ods, such as supervised fine-tuning (SFT) [18], have been developed to reduce
computational costs while maintaining performance.

The contributions of our work can be summarized as follows:

— We introduced the Surgical Action Planning (SAP) task for cholecystectomy
procedures, which generates future surgical action plans from visual inputs,
focusing on forward-looking decision-making rather than retrospective anal-
ysis.

— We developed the Large Language Models-based Surgical Action Planning
framework (LLM-SAP) that predicts future actions by integrating two inno-
vative modules: the Near-History Focus Memory module (NHFM) for mod-
eling historical states, and the prompts factory for generating action plans.
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— We offered a flexible solution for customizing the zero-shot and fine-tuning
capabilities of both LLMs and VLMs by thoughtfully designing the process-
ing of visual observations, enabling the adaptation to both modalities.

— We introduce Relaxed Accuracy (ReAcc), a novel evaluation metric that
adopts a flexible approach to assess action forecasting. By flexibly consid-
ering action forecasting successful if they occur within the current or sub-
sequent one step, ReAcc accounts for the dynamic and adaptive nature of
surgical actions.

— We evaluate the effectiveness of the LLM-SAP framework on our constructed
CholecT50-SAP dataset, derived from the CholecT50 dataset [13], for sur-
gical action planning. The evaluation involves testing with state-of-the-art
(SOTA) LLM and VLM models, including Qwen2.5 and Qwen2-VL, under
both zero-shot and fine-tuning experimental settings.

2 Methods

2.1 Surgical action planning (SAP) task definition

In SAP, the model generates an action plan A = {ay,...,a;} by leveraging two
key inputs: a visual history H and a user-defined goal GG, aiming to transition
the current state to the desired goal within a planning horizon of T" steps. The
visual history H, represented as a sequence of video clips {v1, ..., v}, captures
the progression toward the goal over time. Meanwhile, the goal G is expressed
as a natural language description, such as “Provide analysis and the next action
for laparoscopic cholecystectomy.” Each action a; in the plan corresponds to a
categorical label within a set of C' possible actions.

2.2 Our LLM-SAP

By breaking down complex surgical procedures into a fixed closed set of actions,
we develop the LLM-SAP to predict the next action and link these actions into
long-horizon action chains, powered by advanced LLMs (see Fig. 1). LLM-SAP
has versions: one processes text descriptions of visual history, while the other
directly analyzes visual history. Both are guided by action-planning prompts.
By leveraging domain knowledge and prompts, the system generates a response
in a structured format. The following sections will provide further details.

Near-history focus memory module (NHFM) Previous studies on history
understanding for VLM-based planners generally rely on a combination of histor-
ical action labels and their associated frames to understand the historical state.
Hy = VLM{(fi,a;) | i = 1,...,t},Prompt). However, incorporating lengthy
action histories can overwhelm the planning process, often resulting in reduced
performance [4,19]. In surgical settings, the next action is determined by the cur-
rent tissue state and the procedure’s dynamic progression, rather than adhering
to a rigid sequence of past actions. To address this limitation, we introduce an
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Fig. 1. The architecture of our LLM-SAP. It is developed to predict the next surgical
action and form long-horizon action chains by breaking procedures into a fixed set of
actions, powered by advanced LLMs. LLM-SAP has two versions: a text-based LLM
planning model that utilizes the text descriptions of the visual history in IndirNHFM,
and a VLM planning model that uses visual history directly in DirNHFM, both guided
by the action planning prompt. The data flow of these two versions is indicated by
the pink and yellow lines, respectively. Given the surgical domain knowledge base and
action planning prompts like “What’s the next action?” LLMs analyze the history
memory state to understand the surgical progress and generate structured responses,
including progress assessment, safety considerations, and future action recommenda-
tions.

enhanced history state understanding approach to build the Historical Memory
Module (HMM) that emphasizes a compact summary of past actions for the
distant history while focusing on detailed information from the near history.

Direct visual observation for creating NHFM (DirNHFM): a; for
time steps 1 to t — 1 encapsulates a compact representation of distant histori-
cal actions (action labels only), while (v, a;) captures the detailed near history
through the current video frame v; and its associated action label a;. Addition-
ally, Prompt refers to the overarching prompt supplied to the VLM. It can be
formulated as Equation 1. The details of the Prompt design will be introduced
in the next section.

Apinarm = VEM({a; | i =1,...,¢t — 1}, (v4, a¢), Prompt) (1)

Indirect visual observation for creating NHFM (IndirNHFM): To
address the limitation of LLMs that do not support visual frames as input, we
propose an indirect approach leveraging visual observations for HMM creation.
Specifically, we use the VLM to process visual frames and generate descriptive
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captions. These captions serve as text-based input for LLMs unable to process
visual data directly, enabling our framework to adapt to such LLMs (see Equa-
tion 2 and 3).

Cy = VLM (v, DCPrompts) (2)

Amairngrm = LLM({a; |i=1,...,t — 1}, (Cy, at), Prompt) (3)

Prompts factory for generating action plans Fig. 1) shows the prompts
factory, including (1) Descriptive captions prompts (DCPrompts) To generate
descriptive captions using the VLM , we employ the following prompt: “You are
a professional surgical analysis assistant specializing in laparoscopic cholecystec-
tomy. Your task is to generate detailed descriptions of the video frame provided,
focusing on anatomical structures, tool manipulation, key surgical steps, and en-
vironmental features.” (2) Action planning prompts (APPrompts): Firstly, sur-
gical domain knowledge base is build based on surgical process, safety protocol,
and action description. Next, the APPrompts include “Based on the provided
Surgical Domain Knowledge Base, Descriptions of near frames and the current
state (IndirNHFM) OR Video frames provided (DirNHFM), Previous actions,
Last action, you need to provide the following: progress assessment, safety
constiderations, ready-to-execute actions: Provide three actions. For each
action, provide a rationale explaining why it is ranked in that order.”

Zero-shot and supervised fine-tuning Building on our carefully designed
historical memory module, we begin by evaluating the performance of open-
source models in surgical action planning. Given that even current advanced
models struggle with such tasks, our goal is to enhance the performance of
open-source models in this domain. Based on prior efforts, we adopt a distillation-
based approach to generate high-quality data from stronger models. In particu-
lar, we leverage GPT-40, which has demonstrated exceptional performance, to
generate fine-tuning data. In total, we obtain 118 samples for fine-tuning data
(63 for IndirNHFM and 55 for DirNHFM).

2.3 Implementation details

We used Llama-Factory [24] to fine-tune the large language models (LLM and
VLM) with LoRA [5]. we conducted training over 50 epochs. The fine-tuning
of all LLMs was performed on 8 NVIDIA A800 GPUs, using a learning rate of
le — 4 and a batch size of 8.

3 Experiments and results

Dataset Our constructed CholecT50-SAP dataset is derived from the CholecT50
dataset [13], which consists of 50 cholecystectomy surgical procedures. We grouped
consecutive frames sharing the same action into action clips in CholecT50-SAP
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(see Fig. 2). The action labels include {Aspiration, Coagulation, Dissection, Tis-
sue Retraction, Vessel Clipping}. We focus on the video segments encompassing
“Calot’s triangle dissection, duct and vessel clipping, and dissection from the
liver bed" as the context for implementing action planning. The 50 chosen video
segments have an average duration of 6.36 minutes each. Including 5 historical
action clips, these 50 video segments from cholecystectomy procedures comprise
a total of 225 samples. The dataset was split into training (35 videos, 168 sam-
ples) and testing (15 videos, 57 samples) sets, following [14].

Action planning context: average 6.19 minutes

The beginning Sl‘dew"‘dUWlO the right (Calot's triangle dissection, duct and vessel clipping, and dissection from the liver bed)

of surgery

The end of surgery
Fig. 2. Example of the CholecT50-SAP dataset we constructed.

Metrics We report the sample and video-level accuracy under standard and
relaxed conditions. Sample-level accuracy (SLAcc): The standard SLAcc
requires the predicted next action @; to exactly match the ground truth action
a; at each time step. On the other hand, Top-2 and Top-3 SLAcc evaluate the
proportion of samples in which the true action label a; for the future video clip
is included among the top two or three predictions, respectively. Video-level
accuracy (VLAcc): We report VLAcc to evaluate the model’s performance
on individual surgical patients. This is calculated by averaging the mean of
SLAcc across all surgical patients. Relaxed accuracy (ReAcc): Our proposed
ReAcc adopts a more flexible evaluation approach, motivated by the need to
account for the dynamic nature of surgical actions. It considers future action
recommendations successful if the model’s suggested actions a; occur within the
current step or the subsequent one-step {a;, a;+1} (G; € {a;, a;+1}), aligning with
the variability and adaptability required in surgical procedures.

Action planning results Building on an LLM-based planning framework, we
employ multiple state-of-the-art (SOTA) LLM (Qwen2.5) and VLM (Qwen2-VL)
to predict the probable next action. In addition to the zero-shot experiments,
we also conduct the supervised fine-tuning (SFT) approach [18] (see Table 1).
We also provided comparative results from existing models under the supervised
fine-tuning, such as AntGPT [22], Most Prob [15], and Probabilistic Sequence
(PS) [12]. In the zero-shot setting, these baseline models fail to generate valid
outputs because their predictions cannot be properly mapped back to the action
labels.

The analysis of the experimental results can be summarized as follows: (1) In-
dirNHFM vs. DirNHFM: In zero-shot experiments, Qwen2.5-72B achieves a
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Table 1. Comparison of performance across different methods on the CholecT50-SAP
dataset, with the best results highlighted in bold.

Standard Condition ‘ Relaxed Condition
Models HMM SLAcc | VLAcc | Re SLAcc | Re VLAcc
Topl Top2 Top3 Topl Top2 Top3 | Topl Top2 Top3 Topl Top2 Top3
Zero-Shot
Qwen2.5-32B 45.61 63.16 66.67 53.42 62.48 64.65|67.44 95.35 97.67 78.97 97.38 98.33

IndirNHFM 67.44 83.72 97.67 78.97 89.21 99.05

72.09 88.37 90.70 82.48 93.45 95.24

Qwen2.5-72B 5.61 59.65 66.67 53.42 59.31 64.65
Qwen2-VL DirNHFM 40.35 57.89 68.42 48.37 56.37 66.32

Supervised Fine-Tuning

AntGPT [22] - 1910 - - 1920 - - 3317 - - 2976 - -
Most Prob [15] - 49.25 - - 4486 - - |e281 - - 5933 - -
PS [12] - 4815 - - 4670 - - |65.28 - - 6026 - -

'wen2.5- -SFT 5. . . 53. .05 B B 93. B € 93.33 98.33
2.5-72B ] 45.61 78.95 80.70 53.42 80.05 82.27|67.44 93.02 97.67 78.97 93.33 98.33
Qwen2.5-32B-sFT [ndirNHFM 45 61 78.95 85.96 53.42 83.05 87.89|67.44 95.35 97.67 78.97 96.67 98.33

Qwen2-VL-72B-SFT DirNHFM 47.37 54.39 68.42 54.31 58.55 65.98‘60.47 74.42 90.70 67.30 83.25 94.76

(a) Action planning results

Qwen2-VL

Dissection. . Vessel Clipping v é N Vessel Clipping; Dissectiof Dissection_
CoagulatignTa o e Dissection Tissue Retraction) essel Clipping

Tissue Relract l Aspiration oagulatiort
&L &

Aspiration

ection . a s Dissection 3

Vessel Clipping v I Vessel Clipping e Vessel Clipping.
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Progress Assessment

The current surgical progress indicates that the gallbladder is being effectively retracted to enhance visibility of Calot's triangle. However,

the critical structures, namely the cystic duct and cystic artery, remain obscured by connective tissue and fat. The previous actions suggest
afocus on vessel clipping and dissection, but the last action of tissue retraction indicates that the procedure is still in the preparatory phase
for dissection. Overall, the visibility is acceptable, but further dissection is necessary to achieve the Critical View of Safety (CVS). '

Safety Considerations

There are several safety considerations at this stage:

1. **Visibility**: The obscured view of the cystic duct and artery poses a risk of inadvertent injury to surrounding structures if dissection is
not performed carefully.

2. **Tissue Handling**: Care must be taken to avoid excessive force during dissection to prevent tearing or bleeding, especially near

vascular structures.

3. **Hemostasis**: Although there is currently no evidence of bleeding, continuous monitoring for hemostasis is essential as dissection

Ready-to-Execute Actions

1. **Dissection**: This action is ranked highest as it is necessary to clear the connective tissue and fat obscuring Calot's triangle. The
current state indicates readiness for this step, as the gallbladder is already retracted, providing a clear path for dissection.

2. **Vessel Clipping**: This action is ranked second because once the cystic duct and artery are identified through dissection, securing
them with clips will be crucial. However, it cannot be executed until the structures are adequately exposed.

3. **Coagulation**: This action is ranked third as it may be required during dissection to control any minor bleeding that could arise from
the manipulation of tissues. While important, it is contingent upon first achieving a clear view of the anatomical structures.

Fig. 3. (a) Action planning results visualization. White text displays the planning
results, showing the Top 3 future action predictions in order. X indicates incorrect
prediction. The text with a green background color indicates the ground truth actions.
(b) Example of the text response used to derive the action planning answer.

standard top-1 SLAcc of 45.61% and VLAcc of 53.42% with IndirNHFM, outper-
forming Qwen2-VL with DirNHFM by 5.26% (45.61% vs. 40.35%) in SLAcc and
5.05% (53.42% vs. 48.37%) in VLAcc. This indicates that indirect visual observa-
tion better captures contextual nuances, potentially due to richer textual repre-
sentations. (2) Zero-Shot vs. SFT: Qwen2.5-72B-SFT outperforms Qwen2.5-
72B, achieving 19.3% higher standard top-2 SLAcc (78.95% vs. 59.65%), 20.74%
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higher standard top-2 VLAcc (80.05% vs. 59.31%), 9.3% higher relaxed top-2
SLAcc (93.02% vs. 83.72%), and 4.12% higher relaxed top-2 VLAcc (93.33% vs.
89.21%). This demonstrates that SFT significantly boosts model performance for
SAP by leveraging task-specific data. (3) Qwen2.5-32B-SFT (best model) vs
others: Although Qwen2-VL-72B-SFT achieves the best standard top-1 SLAcc
of 47.37 and VLAcc of 54.31, Qwen2.5-32B-SFT demonstrates strong overall per-
formance across all metrics, with 44.3% higher standard top-2 SLAcc (78.95%
vs. 54.39%), 41.8% higher standard top-2 VLAcc (83.05% vs. 58.55%), 28.1%
higher relaxed top-2 SLAcc (95.35% vs. 74.42%), and 16.2% higher relaxed top-
2 VLAcc (96.67% vs. 83.25%). (4) Our LLM-based methods yield more flexible
outputs and text-based justifications than existing models. Fig. 3(a) presents the
action planning results for different LLMs and Fig. 3(b) shows the interpretable
reasoning processes for a single sample.

Ablation experiments on HMM creation We conducted ablation stud-
ies on the Historical Memory Module (HMM), as shown in Fig. 4. (i) with an
image from near history, along with the last previous action: {f, a;};
(ii) with only near history: C; or v; (iii) with near history and its asso-
ciated action: (v, a;); (iv) with previous action labels and near history:
{a1,...,a1-1}, (vs,ar). The comparison between settings (ii) and (iv) highlights
the importance of previous action labels in modeling historical states. Among
the four HMM creation methods, setting (iv) demonstrates the best results.
Therefore, we adopt setting (iv) as the default method for creating the HMM.

90.00
80.00
70.00

g 60.00 @: fo a
g 50,00 (iD:ve
< (iii): vy, ay
40.00 .
():{ay, ... a1}, (ve, a)
30.00
20.00
Topl Topl Topl Topl
SLAcc. VLAcc SLAcc VLAcc
Standard Condition Relaxed Condition

Qwen2-VL

Fig. 4. Ablation experiments on HMM creation based on Qwen2-VL.

4 Conclusion

We introduce the Surgical Action Planning (SAP) task in computer-assisted
surgery, generating future action plans from visual inputs with a focus on forward-
looking decision-making. This task has immense potential to enhance intraop-
erative guidance and procedural automation. Key challenges such as complex
instrument-tissue relationships, temporal dependencies, progress tracking, and
data privacy concerns have hindered progress in the SAP task. To address these
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challenges, we propose the LLM-SAP framework leveraging large language mod-
els to predict actions and provide interpretable responses by integrating our pro-
posed NHF-MM and prompts factory. Evaluated on our constructed CholecT50-
SAP dataset using state-of-the-art models such as Qwen2.5 and QwenVL, LLM-
SAP demonstrated effectiveness in recommending future actions while effectively
addressing data privacy through SFT. Future work: To enhance LLM-SAP, we
will leverage reasoning-based LLMs to use text responses from earlier steps as
input for subsequent steps, enabling prior-conditioned and continuous planning
while highlighting differences in structured outputs. Additionally, we aim to ex-
pand the framework to support more procedures and robotic integration.
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