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Abstract

Objective: To enhance the generalization and transferability of visual-language models 
(VLMs) pre-trained with extensive clinical data for surgical phase recognition (SPR) 
and workflow analysis tasks, this paper proposes Atomic Language-Guided Few-Shot 
Surgical Phase Recognition (ALF-Surg), a lightweight framework designed for efficient 
adaptation of VLMs to diverse procedures and clinical sites under few-shot settings. 
Methods: We leverage the rich medical knowledge contained in large language models 
to transform high-level annotations into vision-based atomic action descriptions, thereby 
injecting rich spatiotemporal cues and instrument-tissue interaction semantics. A fine-
grained multimodal fusion module is applied to jointly encode vision–language features, 
forming stable and discriminative atomic-level and class-level prototypes. Furthermore, 
we propose a multi-level multimodal matching strategy, which performs video-video and 
video-text alignment at both atomic and phase levels to ensure robust decision-making. 
Results: ALF-Surg was extensively evaluated on three multi-institutional and multi-
procedure datasets, including Cholec80, BernBypass70, and StrasBypass70. Compared 
with zero-shot transfer, ALF-Surg achieves significant accuracy improvements using 
only eight labeled frames per class (1-shot gains of +13.65%, +30.00%, and +35.03%, 
respectively). Compared with state-of-the-art few-shot baselines, ALF-Surg consistently 
establishes new performance records across these datasets. Conclusion: Experimental 
results demonstrate that ALF-Surg achieves robust SPR with minimal supervision across 
diverse surgical settings.

Keywords: Vision–language pre-training, Few-shot learning, Surgical video analysis

Highlights

● Leverages large language model-driven atomic descriptions to inject fine-grained temporal and interaction semantics into phase 
labels.

● Proposes a multi-level multimodal matching strategy to align video-text representations at both atomic and class levels.
● Enables efficient few-shot adaptation to diverse surgical procedures and clinical sites with minimal annotation costs.
● Establishes new state-of-the-art performance in few-shot learning on three multi-institutional datasets, demonstrating robust 

cross-domain generalization.

1 INTRODUCTION

The rapid development of surgical computer vision has greatly 
facilitated the emergence of intelligent operating rooms and 

artificial intelligence-assisted surgical systems [1, 2]. Recent 
research has evolved from task-specific models tailored to sin-
gle surgical procedures or institutions toward more generaliz-
able frameworks capable of handling diverse surgical scenes 
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and tasks [3-5]. Such generalization capability is crucial for the 
practical deployment of intelligent surgical systems across dif-
ferent hospitals and surgical procedures.

Surgical phase recognition (SPR) serves as a fundamental 
component in surgical workflow analysis, enabling real-time 
assessment of surgical progress, skill evaluation, and in- 
traoperative decision support [6, 7]. Despite promising ad- 
vances, current SPR models still face two major limitations 
that hinder clinical deployment. First, existing methods typi-
cally rely on single-center datasets and task-specific architec-
tures. Due to variations in surgical styles, patient anato- 
mies, and recording conditions across hospitals, these models 

often fail to generalize to unseen domains, as shown in  
Figure 1A.

Second, most current SPR models rely on discrete phase 
labels for supervision. These labels encode limited semantic 
information, whereas each surgical phase involves highly  
complex procedures. For example, in cholecystectomy, the 
“Calot’s Triangle Dissection” phase requires first using forceps 
to retract the gallbladder and expose Calot’s triangle, then sep-
arating the connective tissue around the gallbladder plate and 
cystic duct, clarifying the anatomical relationship between the 
cystic duct and cystic artery, avoiding collateral damage, and 
preparing for subsequent clamping, as shown in Figure 1B, 1C.

Figure 1. Motivation for atomic language-guided surgical phase recognition. (A) Traditional single-center model training and transfer; (B) 
Traditional class labels lack semantic depth; (C) An LLM analyzes phase labels to generate atomic-level descriptions. LLM, large language 
model.
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Few-shot learning is an effective solution to the domain trans-
fer problem in surgical tasks [8, 9]. By fine-tuning large- 
scale visual-language pre-trained models (VLPMs), such as 
Contrastive Language–Image Pre-training (CLIP), Surgical 
Vision–Language Pre-training (SurgVLP), and Ophthalmic 
Surgical Video–Language Pre-training, on a small number of 
labeled samples, rapid model adaptation can be achieved while 
reducing annotation costs [10-12]. Based on advances in few-
shot image classification, many existing methods employ a 
metric-based meta-learning paradigm by learning a transfer-
able embedding space and a similarity function to measure the 
distance between query and support samples [13, 14]. The key 
is how to learn discriminative and transferable representations 
in complex surgical workflows.

To bridge the substantial domain gap between natural and sur-
gical scenarios, recent efforts have focused on developing 
domain-specific visual-language models (VLMs). In the surgi-
cal field, SurgVLP represents a milestone toward foundation 
models for surgery [11]. It constructs a large-scale multimodal 
dataset (Surgical Video Lecture Pre-training dataset) from 
publicly available surgical video lectures and generates syn-
chronized textual transcripts via automatic speech recognition 
systems. SurgVLP also introduces a multi-view contrastive 
objective that aligns video clips with corresponding textual 
descriptions, enabling the learning of temporally coherent, 
cross-modal embeddings. Similarly, Ophthalmic Surgical 
Video–Language Pre-training, which targets ophthalmic sur-
gery, utilizes surgical videos from YouTube and automatic 
speech recognition-based transcribed texts and designs multi-
ple training objectives to capture hierarchical and fine-grained 
representations [12]. These domain-specific VLMs have dem-
onstrated zero-shot and few-shot transfer capabilities in vari-
ous surgical visual-language tasks, including text-based video 
retrieval, temporal activity localization, video caption genera-
tion, and instrument recognition.

To enhance the representational capabilities of few-shot mod-
els, researchers are increasingly incorporating multimodal 
cues as complementary information [15-19]. For example, Tip-
Adapter utilizes cached image and text embedding key-value 
pairs to construct a non-parametric dual-cache model, achiev-
ing zero-shot or few-shot transfer without additional backprop-
agation [20]. Similarly, in medical image processing, Linear 
Probing (LP)+Text fuses textual priors with visual prototypes 
to learn an enhanced prototype composed of both visual and 
textual information [21]. While these methods demonstrate sig-
nificant potential, they are primarily designed for static image 
classification or short video clips and are not suitable for tasks 
such as SPR, which involve complex visual dynamics and 
sophisticated tool-tissue interactions.

To overcome these limitations, this paper proposes a novel 
framework, Atomic Language-Guided Few-Shot Surgical 
Phase Recognition (ALF-Surg). ALF-Surg is a lightweight 

adaptive framework. As shown in Figure 2, this framework 
performs few-shot transfer based on a frozen VLPM, enabl- 
ing the base model to generalize across procedures and insti-
tutions with minimal supervision and training costs. Second, 
to go beyond traditional label semantics, we leverage a large 
language model (LLM) to introduce an atomic language-guid-
ed supervision mechanism. Surgical phases consist of a series 
of atomic actions that collectively define the surgical intent. 
Therefore, each phase can be decomposed into atomic descrip-
tions (e.g., “expose the cystic duct” and “dissect Calot’s trian-
gle”), providing a richer and more structured linguistic foun- 
dation, as shown in Figure 1C. Simultaneously, a fine-grained 
multimodal fusion module integrates textual and visual fea-
tures at the atomic level to construct modality-aligned category 
prototypes. To ensure robust few-shot matching, we also pro-
pose a multi-level multimodal matching module that performs 
complementary video-video and video-text matching at both 
the atomic and class levels. Validated using three datasets 
from different institutions—Cholec80, BernBypass70, and 
StrasBypass70—containing different surgical procedures (lap-
aroscopic cholecystectomy and gastric bypass surgery), ALF-
Surg achieves state-of-the-art (SOTA) performance by fully 
decomposing and aligning surgical phases, significantly im- 
proving the model’s generalization and transfer capabilities in 
the field of SPR [22, 23].

In summary, this study makes three main contributions. First, 
we propose ALF-Surg, a novel, lightweight, and adaptive 
framework for SPR that is designed to transfer visual-language 
models to new surgical domains with minimal supervision. 
Second, the proposed fine-grained multimodal fusion module 
and multi-level multimodal matching module jointly encode 
atomic-level text and visual embeddings to construct semanti-
cally aligned prototypes and perform complementary video-
video and video-text matching at the atomic and class  
levels. Third, validation results on three datasets involving  
different institutions and procedures, including Cholec80, 
BernBypass70, and StrasBypass70, demonstrate that ALF-
Surg achieves SOTA performance in both model transfer and 
generalization.

2 MATERIALS AND METHODS

2.1 Overview

2.1.1 Problem definition

The goal of few-shot SPR transfer is to adapt a pre-trained 
vision–language model to new surgical procedures or institu-
tions using only a limited number of labeled samples. Formally, 
the target institution provides a small set of labeled examples 
covering N surgical phases, which is referred to as the support 
set. Each sample corresponds to a short video chunk (e.g., four 
or eight consecutive frames) that captures coherent temporal 
and contextual cues within a phase, and each phase contains K 
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such chunks. During inference, the model classifies unlabeled 
query videos by matching them to the prototypes derived from 
the support set, without extensive retraining or annotation.

2.1.2 Overall framework

As shown in Figure 2, the proposed ALF-Surg framework con-
sists of three main parts: surgical phase text anatomy, a fine-
grained multimodal fusion module, and a multi-level multi-
modal matching module. First, we leverage the rich prior 
knowledge of LLMs to decompose coarse surgical phase labels 
into a series of atomic-level textual descriptions. These textual 
descriptions are encoded by a frozen text backbone to obtain 
atomic text embeddings. Simultaneously, the frozen visual 
backbone extracts frame-wise visual features from the surgical 
video. Next, in the fine-grained multimodal fusion module, 
visual and textual embeddings are jointly fused to construct 
multi-level prototypes that encode both atomic and class-level 
semantics. Finally, in the multi-level multimodal matching 
module, query video representations are compared against sup-
port prototypes at both the atomic and class levels, performing 
complementary video-video and video-text matching to ensure 
robust recognition under few-shot conditions. In addition, four 
adaptive gating mechanisms are introduced throughout the 
framework to dynamically regulate the contribution of each 
module.

2.2 Surgical phase text anatomy

With the advancement of LLMs, it has become possible to 
leverage their rich domain knowledge to automatically de- 
compose phase labels into a sequence of atomic, semantically 
explicit surgical actions. To achieve this, we designed a set of 
task-specific prompts that guide the LLM to expand each surgi-
cal phase label into a sequence of clinically valid atomic steps 
strictly aligned with standard surgical guidelines. Finally, each 
atomic description is encoded through the frozen text encoder, 
producing a set of textual embeddings (Figure 2). These gener-
ated descriptions and their pre-computed embeddings remain 
fixed during training to ensure the reproducibility of our 
framework:

, , ..., , r RE e e e e1 2 j j
D

!=a " ,                                                   (1)

where j denotes the number of atomic textual descriptions for a 
given phase, and D denotes the embedding dimension.

2.3 Fine-grained multimodal fusion module

The fine-grained multimodal fusion module performs atomic 
vision-language fusion. Given the atomic-level text descrip-
tions Ea and the frame-wise visual features Ft={ f1,f2,…,ft}, the 
goal of the atomic vision–language fusion module is to align 

Figure 2. Overview of the proposed ALF-Surg framework. It mainly consists of surgical phase text anatomy, a fine-grained multimodal fu-
sion module, and a multi-level multimodal matching module. ALF-Surg, Atomic Language-Guided Few-Shot Surgical Phase Recognition; LLM, 
large language model; MLP, multilayer perceptron; CE, cross-entropy; Info-NCE, information noise-contrastive estimation; Cos-Sim, cosine 
similarity.
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the fine-grained semantics between surgical actions described 
by atomic language and visual patterns observed in video 
frames and to construct robust atomic-level multimodal repre-
sentations for subsequent prototype generation and matching. 
As illustrated in Figure 2, we adopt a cross-attention-based 
fusion strategy to achieve this correspondence. Specifically, 
each atomic textual embedding ej is treated as a query that 
attends to all frame-wise visual features ft, which serve as the 
key and value. Through this operation, we obtain a set of atten-
tion weights j

tw  that quantify the temporal relevance of each 
frame to the atomic query and a multimodal fused representa-
tion V ( j) that integrates visual information guided by the atomic 
textual semantics:
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where W is a learnable linear layer, d  is the scaling factor, and 
τ is the temperature parameter.

To further assess the reliability of each atomic-visual pair, we 
concatenate V ( j) and ej and feed the result into a lightweight 
multilayer perceptron to obtain a presence score p( j)∈[0,1]. This 
score measures the confidence that the corresponding atomic 
action is visually manifested in the given clip. In subsequent 
modules, p( j) serves as a soft reliability indicator that adaptively 
modulates the contribution of each atomic prototype during 
prototype fusion and final classification.

In parallel, we perform temporal pooling over Ft to obtain a 
chunk-level visual representation Vchunk, which captures the 
overall appearance and contextual background of the surgical 
phase.

2.4 Atomic-level prototype construction

We construct atomic-level prototypes based on p( j), V ( j), and Ea. 
These prototypes aggregate the semantic and visual evidence 
of the same atomic concept from support data. We adopt a pres-
ence-weighted aggregation strategy that accounts for the reli-
ability of each support instance. Specifically, for a given atomic 
operation 𝑎 and its K support samples in each phase, we first 
compute the visual prototype Protoavis , which is a weighted 
average of the multimodal fusion representations, with the 
presence score serving as the soft confidence weight:
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This aggregation ensures that more reliable instances contrib-
ute more strongly to the prototype.

However, in the early stages of model training, visual evidence 
may be unreliable due to poor visual-text alignment, resulting 
in low presence scores. To mitigate this cold-start issue, we 
introduce a textual fallback mechanism that adaptively inte-
grates the atomic textual embedding Ea into the prototype rep-
resentation. The final atomic-level prototype is defined as 
follows:
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where gate1 is a sigmoid-based adaptive coefficient controlled 
by the average presence score over the K support samples, and 
α and b are learnable parameters, as shown in Figure 3A.

As training progresses and visual alignment improves, gate1 
gradually approaches 1, allowing the prototype to shift toward 
the visual representation Protoavis . The resulting atomic proto-
type combines the advantages of both modalities: text embed-
dings provide a semantic foundation and robustness to domain 
variations, while visual features ensure sensitivity to surgical 
appearance and procedural variations.

2.5 Class-level prototype construction

The class-level prototype serves as the final category reference 
during inference. A reliable prototype should simultaneously 
provide semantic interpretability, visual discriminability, and 
robustness against noise or missing evidence. To achieve this 
goal, we construct class-level prototypes using a dual-path 
fusion scheme with an adaptive gating mechanism.

2.5.1 Semantic-driven path

Given the set of atomic-level prototypes Protoa belonging to 
surgical phase C, we aggregate them into a semantic class 
prototype:
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where AC denotes the atomic concepts corresponding to phase 
C. This aggregation preserves the fine-grained semantics intro-
duced by LLM-derived atomic descriptions.

2.5.2 Visual-driven path

In parallel, we construct a visual class prototype by averaging 
the chunk-level visual embeddings Vchunk from the K-shot sup-
port set:
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This path captures the global visual environment of the surgi-
cal phase, providing strong discriminative cues and supple-
menting atomic semantics.

2.5.3 Adaptive fusion via reliability-aware gating

Using only atomic aggregation may reduce discriminative 
power when visual evidence is weak or atomic descriptions are 
insufficient, while using only visual aggregation may weaken 
semantic alignment capabilities across domains. To address 
this, we design a learnable adaptive gating system to dynami-
cally fuse the two types of information, as shown in Figure 3B:
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where gate2 represents the gating mechanism, and p
_
C , cover-

ageC, and var(pC) represent the three gating inputs. p
_
C  re- 

presents the average presence score of all atomic concepts in 
phase C across the K-shot support samples, reflecting the over-
all visual support for semantic evidence. A high value indicates 
that the atomic actions have strong visual evidence and are 
more likely to resemble visual prototypes. coverageC represents 
the proportion of atomic concepts whose presence scores 
exceed the threshold τ=0.5. If only a small number of atomic 

concepts are detected (low coverageC), more reliance should be 
placed on global visual cues. var(pC) represents the variance. 
High variance indicates inconsistent evidence, and caution 
should be exercised when fusing the two types of information. 
For instance, in challenging surgical scenarios in which the 
field of view is obscured by smoke, bleeding, or lens blurring, 
the visual evidence becomes unstable (indicated by high 
var(pC) or low p

_
C ). In such cases, gate2 automatically priori-

tizes the stable, domain-agnostic textual atomic prototypes 
over unreliable visual features to maintain robust recognition. 
The multilayer perceptron learns the nonlinear interactions 
among these factors, enabling gate2 to dynamically adjust 
according to different domains, surgical styles, and support set 
quality to construct reliable class-level prototypes ProtoC.

2.6 Multi-level multimodal matching

In few-shot learning scenarios, traditional methods typically 
rely on distance metrics between visual features for matching, 
neglecting the high-value semantic information contained in 
textual descriptions. This is especially true in surgical videos, 
where visual features in different surgical phases may be simi-
lar, but their semantic behaviors can be drastically different. To 
fully utilize visual-linguistic cues, ALF-Surg employs video-
video and video-text matching at both the atomic and class 
levels.

Figure 3. Adaptive gating mechanisms. (A) Gate 1: Atomic-level prototype construction; (B) Gate 2: Class-level prototype construction; (C) 
Gate 3: Atomic-level score fusion; (D) Gate 4: Class-level score fusion. Proto, prototype.
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2.6.1 Atomic-level matching

At the atomic level, ALF-Surg matches the query video with all 
atomic concepts associated with that category. The model com-
putes similarity in both video-video and video-text matching 
modalities and then fuses them using a self-adjusting gate 
(gate3) to obtain atomic-level logits, as shown in Figure 3C.

Given a query sample, we first obtain its fused visual represen-
tation ( )a

queryV  through atomic vision–language fusion. Then, we 
calculate its similarity to each atomic-level prototype. Simi- 
larly, we measure the alignment between the query video and 
the atomic textual embedding using cosine similarity:

cos ( ,Proto ), cos ( , )s V s V E( ) ( )
a
vv
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a a
vt
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a

a= =                           (8)

where cos denotes the cosine similarity function. For simpli- 
city, the normalization operator has been omitted. Scores savv  
and savt  reflect whether the query video visually contains fine-
grained operation patterns represented by atomic-level proto-
types, enabling the model to supplement the visual scene with 
atomic-level descriptions. These two scores are then fused 
using a self-adjusting gating system (gate3) based on the sup-
port set:
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gate3 is primarily determined by three factors. p
_
a  represents 

presence strength; a higher average presence score for the 
atomic element in the support set indicates more credible visual 
evidence. 1

maxK wz ( )

k,t
a

l
k

a =r /  represents attention concentration, 
where w ( )k,ta  represents the attention weight at frame t when  
processing the k-th sample. If the maximum attention value is 
concentrated on stable frames, the model consistently finds  
the key operation. Finally, 1

cos ,Proto )c K V( ( ) vis
a k

a

k
a=r /  represents  

prototype consistency, measuring the degree of consistency 
between the visual representations of the same atomic element 
across the K support samples and its atomic-visual prototype. 
These three metrics are combined into support_confa through a 
weighted product and mapped to [0, 1]. λ is used to control 
whether p

_
a  or 

_
ca  is weighted more heavily. This self-regulat-

ing gating design measures the reliability of the atomic-level 
prototype and reduces the adverse effects of noisy or inconsis-
tent atomic cues on the final category prediction.

2.6.2 Class-level matching

At the class level, the model integrates two complementary 
sources of information to determine the final classification: 

aggregated atomic logits ( )A
Cs  and class-level video-video simi-

larity scores.

Specifically, the video-video matching score is calculated as 
the cosine similarity between the chunk-level visual represen-
tation of each query video and the class-level prototype: 

cos ( ,Proto )s V( ) query

C
B

chunk C=                                                          (10)

This similarity captures the global phase context, including 
scene layout, dominant surgical tools, and motion patterns. 
Subsequently, we obtain the final category logits by fusing ( )A

Cs  
with ( )B

Cs :
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The design of gate4 also incorporates three complementary 
metrics to control whether to place more trust in atomic- 
level results or to rely more on global visual features during 
fusion, as shown in Figure 3D. p

_
q  represents the mean pres-

ence score of the query sample for each atomic concept. 
Additionally, we calculate the entropy of the atomic matching 
scores of the query sample ( )aH s . Low entropy indicates that 
the model is confident in the results of some atomic opera- 
tions and that atomic-level results can provide clear discrimi-
native signals. support_confmean represents the reliability of  
the atomic prototype in the support set, obtained by averaging 
support_confa. The fused class-level logits are converted into 
posterior probabilities via a temperature-scaled softmax:

( query) Softmax( )P C | S /C x=                                               (12)

2.6.3 Video-text matching

To further enhance the model’s visual-text alignment and pro-
totype construction capabilities, we introduce class-level vid-
eo-text matching via an information noise-contrastive estima-
tion (Info-NCE) contrastive objective during training. Given a 
query visual representation and the set of class-level textual 
embeddings T 1

C
C
N
=

" , , we compute the similarity score and  
then calculate the Info-NCE loss, as shown in Figure 2:

cos ( , ), L log

exp( / )

exp ( / )
s V T

s

squery

1

C
vt

chunk

C
vt

C

N
y
vt

C
vt

vt

vt
= = -

x

x

=

/
                  (13)

where y denotes the ground-truth surgical phase of the query 
sample, and τvt is a learnable temperature. By bringing positive 
sample pairs ( , )V Tquery

chunk
y  as close as possible, this objective 

helps distinguish the visual representation of the query from 
erroneous category descriptions.
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L L L Lvv vv vt vt me me= + +m m m                                                 (16)

2.8 Datasets and metrics

We evaluate ALF-Surg on three widely used laparoscopic sur-
gery datasets: Cholec80, BernBypass70, and StrasBypass70. 
Cholec80 contains 80 videos of laparoscopic cholecystectomy. 
Each video is annotated by expert surgeons with seven pre-
defined surgical phases. BernBypass70 and StrasBypass70 are 
laparoscopic Roux-en-Y gastric bypass surgery datasets. 
BernBypass70 includes 70 videos (average duration: 73±20 
min) with 8 annotated surgical phases, collected at the 
University Hospital of Bern, whereas StrasBypass70 contains 
70 videos (average duration: 111±33 min) with 10 annotated 
surgical phases, captured at the University Hospital of 
Strasbourg. Following common practice in prior studies, we 
adopt the official data splits for all datasets to ensure fair com-
parison and reproducibility [22, 23].

2.9 Training and inference

We build our framework upon SurgVLP, a publicly available 
vision–language foundation model pre-trained on large-scale 
surgical video lectures. To preserve the pre-trained surgical 
prior and reduce computational overhead, the visual encoder 
and text encoder are kept frozen during both training and in- 
ference. During training, a chunk of eight consecutive frames 
is treated as one support sample. For each episode, we random-
ly sample K-shot chunks for each of the N surgical phases. 
During inference, the model performs dense frame-wise pre-
diction on the complete test videos. ALF-Surg is trained end-
to-end on a single NVIDIA RTX 5090 graphics processing 

2.7 Loss function

To optimize the proposed ALF-Surg, we supervise it using 
three objectives: classification accuracy, multimodal align-
ment, and temporal decoupling. After obtaining the prediction 
results P(C | query), we apply a standard cross-entropy loss:

L ( , ( | query))y P Cvv = t                                                                     (14)

where yt  is the surgical phase label. The Info-NCE loss used for 
class-level video-text matching is denoted as Lvt.

The atomic descriptions generated by the LLM typically do not 
have an explicit supervisory relationship with the frames con-
tained in each phase. Ideally, different atomic concepts should 
focus on different points in time within the video. To facilitate 
this temporal decoupling, we introduce a mutual exclusion loss 
on the attention maps generated by the atomic vision–language 
fusion module, as shown in Figure 4. Given the attention dis-
tributions , , ...,w w w(1) (2) ( )

t t t
J" , for the J atomic concepts, we 

compute the pairwise cosine similarity:

L cos ( , )w w( ) ( )
me

i j

i j
( 1)
1

J J=
!

-
/                                                (15)

Minimizing this loss penalizes excessive overlap between 
atomic attention maps, thus compensating for the lack of 
explicit frame-level supervision in atomic descriptions.

The final loss is a weighted combination of the above terms, 
where the balancing weights are determined empirically via 
grid search on the validation set (λvv=1.0, λvt=0.3, λme=1.0):

Figure 4. Visualization of the temporal decoupling mechanism via the mutual exclusion loss. Minimizing the similarity values of high-value 
off-diagonal elements in the similarity matrix, indicated by red dashed boxes, reduces semantic conflicts and enforces a temporally orthogonal 
distribution of atomic attention.
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Table 1. Comparison of different methods using accuracy and F1 score (Acc%/F1%) on the three datasets
Method Shot setting Cholec80 Acc%/F1% StrasBypass70 Acc%/F1% BernBypass70 Acc%/F1%
CLIP 0 30.80/13.10 16.90/5.50 14.80/4.10
SurgVLP 0 34.70/24.40 10.80/6.90 11.40/7.20
RN50 Full 91.20/81.00 82.50/71.10 74.50/42.40
Linear-Probe (MICCAI2024) 1 35.48/21.15 32.15/27.96 24.33/19.48

4 40.43/29.49 42.21/37.45 32.35/27.85
8 44.02/32.66 46.40/40.52 37.62/29.84

LP+Text (MICCAI2024) 1 33.60/22.26 30.83/26.39 23.63/18.52
4 40.16/28.49 37.69/33.01 30.01/26.97
8 42.51/32.36 42.61/37.79 37.71/29.10

CLIP-Adapter (IJCV23) 1 31.79/22.42 23.73/16.02 25.48/22.71
4 38.06/28.42 39.43/31.89 29.43/26.78
8 38.89/30.03 44.26/38.32 37.12/30.62

Tip-Adapter-F (ECCV2022) 1 35.32/24.97 28.82/24.01 22.25/18.67
4 40.84/30.25 36.09/26.95 29.25/24.75
8 46.43/37.64 37.88/31.40 34.44/28.76

Proto-CLIP (IROS2024) 1 31.48/20.44 29.43/26.85 27.88/24.93
4 38.34/23.07 31.86/23.62 28.07/28.89
8 40.92/31.63 30.13/25.18 30.16/29.46

2SFS (CVPR2025) 1 35.91/32.21 31.27/26.40 27.44/19.65
4 49.34/40.34 45.80/37.96 41.42/27.78
8 50.30/43.42 49.37/41.26 41.35/28.78

ALF-Surg 1 48.35/39.36 45.83/36.58 41.40/26.48
4 49.31/40.48 49.16/39.40 42.90/27.73
8 50.59/41.37 50.73/40.43 43.18/28.21

Note: For each K-shot setting, results are averaged over three support sets. Bold values indicate the best results, and underlined values indicate 
the second-best results. Acc, accuracy; F1, F1 score; CLIP, Contrastive Language–Image Pre-training; SurgVLP, Surgical Vision–Language Pre-
training; RN50, ResNet-50; LP, linear probe; Proto-CLIP, a prototypical-network-based method built on CLIP; MICCAI, Medical Image Com-
puting and Computer Assisted Intervention; IJCV, International Journal of Computer Vision; ECCV, European Conference on Computer Vision; 
IROS, IEEE/RSJ International Conference on Intelligent Robots and Systems; CVPR, Conference on Computer Vision and Pattern Recognition; 
2SFS, Two-Stage Few-Shot Adaptation.

unit using the AdamW optimizer with an initial learning rate 
of 1×10−4. Consistent with prior literature, we report accuracy 
and F1 score computed on frame-level predictions. All results 
are averaged over three random support sets for robustness.

3 RESULTS

3.1 Comparison with SOTA models

We compare ALF-Surg with three representative types of 
methods from different perspectives: zero-shot transfer using 
VLPMs, fully supervised models, and few-shot adaptation 
methods. For a fair comparison, the number of support samples 
is kept consistent across all few-shot settings. Specifically, 
1-shot, 4-shot, and 8-shot correspond to 8, 32, and 64 frames, 
respectively, matching our chunk-based sampling strategy.

According to the results in Table 1, although CLIP benefits 
from massive image-text pre-training, its direct transfer to sur-

gical domains yields limited performance due to substantial 
domain and semantic gaps. SurgVLP introduces surgery-spe-
cific prior information, but its zero-shot performance is still 
insufficient for surgical phase inference. ResNet-50 represents 
the SOTA model trained in a fully supervised manner on each 
dataset, providing a strong upper bound.

Linear Probe trains a linear classifier using image features  
[21]. LP+Text enhances LP through text embeddings, slightly 
improving generalization by introducing semantic priors [21]. 
CLIP-adapter cleverly balances pre-trained general knowledge 
and downstream task-specific knowledge by adding a light-
weight residual feature adapter [15]. The core idea of Tip-
Adapter is to build a feature cache from support samples and 
efficiently fuse support-set knowledge with the pre-trained 
CLIP model through feature retrieval [20]. Unlike our method, 
a prototypical-network-based method built on CLIP constructs 
image prototypes and text prototypes separately [24]. During 
classification decisions, query samples are used to simultane-
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ously calculate similarities with both prototypes and obtain the 
final results through weighted fusion. Two-Stage Few-Shot 
Adaptation focuses on the performance degradation of VLMs 
when facing new categories and proposes a two-stage adapta-
tion method [25]. The first stage learns a feature extractor that 
generalizes well to both base and new categories, while the  
second stage trains a linear classifier, achieving significant 
improvements over zero-shot transfer.

Across all datasets and shot settings, ALF-Surg consistently 
achieves the best performance, establishing a new SOTA for 
few-shot SPR. Our model leverages LLM-derived atomic-level 
procedural descriptions and constructs multi-level prototypes. 
The proposed multi-level multimodal matching enables the 
model to jointly utilize fine-grained atomic cues, global phase-
level visual context, and structured video-text correspondence. 
Specifically, compared with the zero-shot transfer performance 
of the base model SurgVLP, ALF-Surg achieves significant 
improvements on all three datasets [11]. With only one shot, the 

model achieves improvements of 13.65%/14.96% in accuracy 
and F1 score on Cholec80 (35.03%/29.68% on StrasBypass70 
and 30.00%/19.28% on BernBypass70). Compared with other 
few-shot methods, ALF-Surg requires only a small number of 
labeled samples (1-shot), achieving a performance improve-
ment of 12.44%/7.15% over Two-Stage Few-Shot Adaptation, 
the second-best method on Cholec80 [25]. On the more chal-
lenging BernBypass70 dataset, ALF-Surg improves over 
Proto-CLIP, the second-best method on this dataset, by 
13.52%/1.55% [24].

3.2 Analysis of network components

To better understand the contribution of each module in ALF-
Surg, we conduct comprehensive ablation studies on the 
Cholec80 and BernBypass70 datasets. We progressively dis-
able or enable different components in prototype construction 
and multimodal matching, forming seven variant configura-
tions, as shown in Table 2. These ablation experiments pri- 

Table 2. Ablation study of model modules on the Cholec80 and BernBypass70 datasets
SurgVLP 0-Shot Cholec80: 34.70/24.40 BernBypass70: 11.40/7.20

Atomic-Proto
Matching Lme

Class-level Atomic-level
vv vt vv vt

1 √
2 √ √
3 √ √
4 √ √ √
5 √ √ √ √
6 √ √ √ √ √
7 √ √ √ √ √ √

Cholec80
Shot 1 4 8
1 35.66/28.06 38.88/31.92 40.67/33.74
2 37.60/30.30 43.56/36.02 45.84/38.17
3 41.88/36.16 43.86/37.87 44.72/38.94
4 45.84/36.97 47.68/38.58 49.03/39.80
5 48.91/38.32 47.85/39.91 49.93/41.29
6 48.15/39.25 49.44/40.21 49.95/40.97
7 48.35/39.36 49.31/40.48 50.59/41.37

BernBypass70
Shot 1 4 8
1 21.97/15.61 31.45/21.84 34.09/23.42
2 22.18/15.31 31.25/21.62 33.87/23.18
3 35.47/23.93 40.57/26.80 41.92/27.53
4 37.11/24.51 40.54/26.77 41.51/27.43
5 36.71/24.09 39.93/26.51 40.49/27.12
6 40.15/25.80 41.60/27.02 42.24/27.71
7 41.40/26.48 42.90/27.73 43.18/28.21
Note: Values are reported as Acc%/F1%. Acc, accuracy; F1, F1 score; SurgVLP, Surgical Vision–Language Pre-training; Atomic-Proto, atomic-
level prototype; vv, video-video matching; vt, video-text matching. √ indicates that the module is used. Shot 0 indicates zero-shot transfer.
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marily evaluate the role of atomic-level prototypes, the effec-
tiveness of multi-level matching, the contribution of text align-
ment, and the importance of the mutual exclusion loss.

When class-level prototypes are constructed solely from visual 
blocks without any atomic semantic guidance (Settings 1 and 
2), the model shows only modest improvements on Cholec80 
but more noticeable gains on BernBypass70 compared with the 
zero-shot SurgVLP baseline. Nevertheless, the performance 
remains lower than that of settings incorporating atomic 
semantic guidance, indicating that holistic visual cues alone 
are insufficient for robust recognition across datasets. This 
indicates that, with a small number of samples, relying solely 
on holistic visual cues is insufficient to distinguish different 
surgical phases. Introducing atomic semantic information sig-
nificantly improves model performance (Setting 3), validating 
the necessity of decomposing high-level surgical phases into 
LLM-derived atomic steps. Atomic-level representations ex- 
plicitly encode “what to do”, “how to do it”, and “what tools to 
use”, providing fine-grained procedural cues and significantly 
enhancing prototype distinguishability. When combined with 
atomic-level matching (Settings 5 and 6), the robustness of rec-
ognition is further enhanced. The query video is matched not 
only with the overall representation but also with atomic opera-
tions, thereby enabling the differentiation of visually similar 
but functionally different phases. Adding video-text matching 
as an auxiliary alignment constraint generally improves or 
maintains competitive performance in most comparisons 
(Settings 1–2, 3–4, and 5–6), although the gains are not uni-
form across all datasets, shot settings, and metrics. Similarly, 
the transition from Setting 6 to Setting 7 generally supports the 
usefulness of the mutual exclusion loss, while some individual 
indicators show limited or no improvement. By encouraging 
different atomic concepts to attend to distinct temporal regions, 
the model avoids collapsing multiple atomic descriptions onto 

the same frames. Nevertheless, its effectiveness may be limited 
in complex scenarios in which atomic actions heavily overlap 
or lack clear visual boundaries.

Overall, the ablation experiments demonstrate that atomic-lev-
el semantics are crucial for modeling fine-grained differences 
in surgical procedures. Multi-level multimodal matching lever-
ages the complementary advantages of atomic-level evidence 
and global visual context, forming a cohesive system in con-
junction with the mutual exclusion loss. This significantly 
improves model transferability to different institutions and  
surgical procedures using only a small number of labeled 
samples.

3.3 Analysis of pre-trained VLMs

To verify the effectiveness of ALF-Surg, we further investiga- 
te the performance of different pre-trained VLMs, including 
SurgVLP, Hierarchical Video-Language Pretraining (HecVL), 
and Procedure-Aware Surgical Video-Language Pretraining 
with Hierarchical Knowledge Augmentation (PeskaVLP), as 
frozen encoders on the few-shot SPR task [26, 27]. As shown 
in Figure 5, PeskaVLP achieves the strongest zero-shot per- 
formance, followed by HecVL and SurgVLP. By replacing the 
frozen encoder and retraining the model, ALF-Surg further 
improves its recognition accuracy on the three datasets. 
Replacing SurgVLP with HecVL yields substantial perfor-
mance: 54.93% on Cholec80, 54.86% on StrasBypass70, and 
45.09% on BernBypass70 in the 8-shot setting. Compared with 
HecVL zero-shot transfer, these results correspond to gains of 
+13.23% (Cholec80), +27.96% (StrasBypass70), and +22.29% 
(BernBypass70). Interestingly, the improvements obtained 
with PeskaVLP are more moderate than those obtained with 
HecVL. This is expected, as PeskaVLP models the temporal 

Figure 5. Comparative experiments on the impact of different VLMs on three datasets. Values are reported as accuracy (%). VLM, vision–
language model; SurgVLP, Surgical Vision–Language Pre-training; HecVL, Hierarchical Video-Language Pretraining; PeskaVLP, Procedure-
Aware Surgical Video-Language Pretraining with Hierarchical Knowledge Augmentation.
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hierarchy during pre-training and is trained using a large num-
ber of multi-scale video-text pairs, similar to ALF-Surg.

3.4 Analysis of the number of input video frames

ALF-Surg treats eight consecutive frames as a single sample 
by default. To further understand the impact of temporal gra- 
nularity, we conduct experiments using video clips of four and 
16 frames. As shown in Table 3, the model still maintains good 
performance when the video clip length is reduced to four 

gical phases. First, it should be noted that, due to differences in 
surgical complexity and anatomical exposure, the duration of 
each phase varies greatly, resulting in significant inter-class 
imbalance in the data distribution. Benefiting from atomic-lev-
el language guidance and multi-level prototype construction, 
ALF-Surg effectively encodes distinct functional semantics 
embedded in each phase and pulls query representations closer 
to their corresponding prototypes. Consequently, the learned 
feature manifolds demonstrate more compact intra-class clus-
tering and clearer inter-class margins, confirming enhanced 

Table 3. Performance comparison using different numbers of input video frames
Frames Shots Cholec80 Acc%/F1% StrasBypass70 Acc%/F1% BernBypass70 Acc%/F1%
4 1 45.31/38.25 47.89/39.01 41.30/27.46

4 48.35/41.30 50.38/40.55 44.56/29.35
8 49.57/41.93 51.53/41.41 45.48/30.14

8 1 48.35/39.36 45.83/36.58 41.40/26.48
4 49.31/40.48 49.16/39.40 42.90/27.73
8 50.59/41.37 50.73/40.43 43.18/28.21

16 1 46.87/37.87 41.27/34.47 39.24/24.85
4 49.10/39.72 44.12/35.76 39.86/26.38
8 50.22/40.41 45.27/36.47 39.68/26.44

Note: Values are reported as Acc%/F1%. Acc, accuracy; F1, F1 score. Frame indicates the number of consecutive input frames per sample. Shot 
indicates the number of support samples per class.

Figure 6. Visualization of the t-SNE distributions of SurgVLP and ALF-Surg on 
the test sets of the Cholec80 and StrasBypass70 datasets. (A) Cholec80; (B) Stras-
Bypass70. t-SNE, t-distributed stochastic neighbor embedding; SurgVLP, Surgical Vi-
sion–Language Pre-training; ALF-Surg, Atomic Language-Guided Few-Shot Surgical 
Phase Recognition.

frames. Conversely, increasing it to 16 frames 
leads to a performance drop, especially on  
the more challenging StrasBypass70 and 
BernBypass70 datasets. ALF-Surg uses atom-
ic-level text descriptions, and these operations 
are typically completed within a very short 
time window. Therefore, even short clips con-
tain enough information to enable reliable 
atomic-level matching, prototype alignment, 
and other processes. Extending the length of 
video clips to 16 frames or longer can result 
in excessive temporal coverage. In this case, 
unique atomic cues are diluted by irrelevant  
or mixed contextual information, reducing the 
focus on frames that truly express atomic 
semantics and thus degrading model perfor- 
mance.

4 DISCUSSION

4.1 Visualization of prototype similarity

To further analyze our model, we visualize the 
embedding spaces learned by the baseline 
model (SurgVLP) and our method on the 
Cholec80 and StrasBypass70 datasets. As 
illustrated in Figure 6, ALF-Surg significant-
ly enhances feature discrimination across sur-
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discriminative ability and knowledge adaptation to the down-
stream task.

4.2 Visualization of atomic-level matching

To further demonstrate ALF-Surg’s ability to perceive atomic-
level operations in different phases, we visualize the atomic-
level video-video matching results. In Figure 7, we present  
an example from the clip-cutting phase of laparoscopic chole-
cystectomy. Clinically, this stage requires first using clips to 
close the exposed cystic duct and cystic artery to prevent bile 
and other fluids from leaking out, followed by cutting to facili-
tate subsequent gallbladder removal. The visualization demon-
strates that ALF-Surg progressively retrieves these atomic 
operations in temporal order through explicit alignment 
between atomic-level prototypes and frame-level features. This 
indicates that the model successfully captures fine-grained 
interaction semantics rather than relying solely on global 
context.

4.3 Prompt design

To fully leverage the rich prior knowledge embedded in  
LLMs, such as GPT-4o, we convert high-level surgical phase 
names into fine-grained, temporally ordered atomic action 
descriptions. Specifically, to mitigate potential ambiguity and 

temporal overlap, we enforce a strict “temporal order” rule and 
limit the output to “visual-only actions”. This guides the LLM 
to produce distinct, non-overlapping steps that strictly follow 
the surgical workflow, thereby reducing semantic confusion 
during the alignment process. The complete prompt used in  
our work is provided below:

System Role: You are a medical domain expert specialized  
in laparoscopic cholecystectomy. You will generate detailed, 
visual, and temporally ordered atomic action descriptions for 
each surgical phase in the Cholec80 dataset.

Task: Given a phase label and its corresponding frequently 
used instruments and anatomical targets, decompose the phase 
into an ordered list of 2–4 atomic action descriptions that reflect 
realistic laparoscopic surgical actions.

Rules: Temporal order: Write atomic actions from the begin-
ning to the end of the phase. Visual-only actions: Describe  
only what can be directly observed in the laparoscopic video 
feed. Include instruments and targets: Every atomic action 
must mention the relevant instruments and targets. No unnec-
essary details: Omit texture, color, or emotional descriptions 
unless visually critical. Concise and precise: Each atomic 
action should contain fewer than 20 words. Output Format: 
“Phase Label”: “<phase name>”, “Atomic Actions”: [“<first 

Figure 7. Visualization of atomic-level matching. The yellow arrows and circles indicate the exposed cystic duct and cystic artery. Sa denotes 
the atomic-level video-video matching score.
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atomic action description>”, “<second atomic action descrip-
tion>”, “<third atomic action description>”].

5 CONCLUSION

In summary, we present ALF-Surg, a lightweight framework 
designed to enhance the few-shot transferability of vision–lan-
guage models for SPR. By harnessing the medical knowledge 
within LLMs to generate atomic-level action descriptions and 
by employing a multi-level matching strategy, our method ro- 
bustly captures complex spatiotemporal dynamics and instru-
ment-tissue interactions. This design effectively bridges the 
semantic gap present in conventional supervision, enabling the 
model to generalize well even with minimal annotated data. 
Extensive evaluations on three multi-center datasets (Cholec80, 
StrasBypass70, and BernBypass70) confirm that ALF-Surg 
significantly surpasses zero-shot baselines and establishes new 
SOTA performance in few-shot settings. By enabling rapid 
model adaptation with low annotation costs, our framework 
provides a scalable path toward real-world deployment and 
holds great promise for the future of computer-assisted in- 
tervention.
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