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Abstract. Accurate surgical phase recognition is crucial for computer-
assisted interventions and surgical video analysis. Annotating long sur-
gical videos is labor-intensive, driving research toward leveraging unla-
beled data for strong performance with minimal annotations. Although
self-supervised learning has gained popularity by enabling large-scale pre-
training followed by fine-tuning on small labeled subsets, semi-supervised
approaches remain largely underexplored in the surgical domain. In this
work, we propose a video transformer-based model with a robust pseudo-
labeling framework. Our method incorporates temporal consistency reg-
ularization for unlabeled data and contrastive learning with class proto-
types, which leverages both labeled data and pseudo-labels to refine the
feature space. Through extensive experiments on the private RAMIE
(Robot-Assisted Minimally Invasive Esophagectomy) dataset and the
public Cholec80 dataset, we demonstrate the effectiveness of our ap-
proach. By incorporating unlabeled data, we achieve state-of-the-art per-
formance on RAMIE with a 4.9% accuracy increase and obtain compara-
ble results to full supervision while using only 1/4 of the labeled data on
Cholec80. Our findings establish a strong benchmark for semi-supervised
surgical phase recognition, paving the way for future research in this
domain. Code is available at https://github.com/IntraSurge/SemiVT-
Surge.

Keywords: Surgical Phase Recognition - Semi-supervised Learning -

Video Transformer

1 Introduction

Surgical phase recognition is used in computer-assisted surgery systems to clas-
sify each frame from surgical video footage into different stages of a surgical
procedure. It supports context-aware assistance and decision support, enhances
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workflow efficiency, facilitates postoperative analysis, surgeon performance eval-
uation, and identification of problematic phases [I7]. It remains a high-level un-
derstanding task, presenting significant challenges as the model must distinguish
between similar semantics across different phases of a procedure.

Transformers have become increasingly popular in surgical phase recogni-
tion, with tailored attention mechanisms to enhance spatio-temporal modeling.
SKiT [16] introduced critical pooling to record key information and self- and
cross-attention for feature fusion. Label-Guided Teacher [I0] incorporated la-
bels as extra supervision via cross-attention to refine feature representations.
To better capture temporal dynamics of video data, researchers have recently
shifted to video-based models, instead of relying on per-frame feature extraction.
Surgformer [26] enhanced TimeSformer [5] with Hierarchical Temporal Atten-
tion to improve spatio-temporal feature capture, while MuST [I8] proposed a
multi-scale Transformer that captures short-, mid-, and long-term dependencies.

Annotating surgical phases is labor-intensive, requiring a surgical expert to
watch the full procedure and annotate key intervals. To reduce supervision,
self-supervised learning has gained traction, leveraging large surgical datasets
for pretraining before fine-tuning on downstream tasks such as phase recogni-
tion and semantic segmentation [T 4IT2T3] , demonstrating promising results.
Surgery-specific pretraining has been shown to improve performance, whereas
cross-surgery pretraining may even underperform compared to models trained
on general computer vision datasets [I]. Given the procedure-specific nature of
surgical phases, semi-supervised learning offers a promising way to leverage un-
labeled data from the same surgery and reduce annotation effort. However, it
remains underexplored in surgical phase recognition, with only a few studies
addressing its potential. SurgSSL [19] introduced a two-stage semi-supervised
approach with visual and temporal consistency as regularization and pseudo-
labeling for refinement, while FedCy [I4] applied semi-supervised learning in
a federated setting using temporal cycle consistency and contrastive learning
for multi-center data. Both methods, developed early on, were based on simple
convolutional neural networks.

Beyond surgical applications, semi-supervised learning has been widely ex-
plored in image and short-term video tasks. FixMatch [20] introduced consis-
tency regularization with weak and strong augmentations for image classifica-
tion, while Mean Teacher [2I] demonstrated the effectiveness of an exponen-
tial moving average (EMA) strategy for semi-supervised learning. More recent
advances [8124125] have further refined augmentation strategies and temporal
modeling for short-term action recognition tasks, yet their applicability to long-
duration tasks like surgical phase recognition remains unexplored. Contrastive
learning is well-established for learning discriminative representations. In su-
pervised settings, it has proven effective for surgical phase recognition [I0]. In
semi-supervised medical image classification and segmentation, class prototypes
have been used to structure the feature space around class-specific embeddings
[31T], improving learning with pseudo-label guidance, which inspired our work.



Semi-Supervised Video Transformer for Surgical Phase Recognition 3

Weak Contrastive Learning with Prototypes
augmenlahon
—p
P:\

Initialize
Current frame

< near pest frames Zroovees, [ ek dok
Strong * % % ¥
\ MS upda(e( Lrricy upda|e< Leyi-
Past

fu fi
Current frame
+ random past frames

Filter with threshold

Pseudo-
—_ Labeled
Phases

lassifier
D,

H
4

Unlabeled temporal consistency
regularization

A — pull

” ® o A — push
k=3 = A
s e | 7 °a ’g K prototype

_ »
2 &< Phases I ) A labeled
2
i Current frame O unlabeled

+ near past frames. Embedding

(b)

Fig. 1. Overview of the proposed method: (a) overall training process with temporal
consistency regularization, as detailed in Section and (b) contrastive learning with
class prototypes, as detailed in Section [2.3]

In this work, we explore the potential of semi-supervised learning for surgical
phase recognition using a video transformer model. An overview of our approach
is provided in Fig. |1} The training procedure involves two key components: (a)
long- and short-term frame sampling for weak and strong augmentations during
pseudo-labeling to improve temporal consistency; and (b) contrastive learning
with class prototypes to regularize the feature space using both labeled and
pseudo-labeled data, with prototypes continuously updated to refine feature em-
beddings. We demonstrate the superiority of our method over state-of-the-art
approaches through comprehensive experiments on two datasets.

2 Methods

2.1 Overview of the training strategy

In this work, we address the problem of online surgical phase recognition, a video
classification task that predicts the surgical phase Y; of the current frame from
video input I;. Given a video stream I = {I; }5‘:1 up to time ¢, we aim to learn
a mapping My such that My(I;) ~ Y, where Y; € {1,...,C} represents the sur-
gical phase at time ¢ and C is the total number of phases. We use TimeSformer
[5] as the video encoder E, which extracts spatiotemporal features f; = E(I;).
Here, f; is the class token with a feature embedding size of 768. The input
consists of T' = 16 frames, including the current frame and 15 past frames. A
classifier D, implemented as a linear layer, predicts the phase probability distri-
bution Y; = D(f;). 6 denotes model parameters. The success of this task relies
on training a robust encoder E for high-quality feature representations. The
training begins with a warm-up on labeled data using a standard cross-entropy
loss Lgyp, followed by semi-supervised training with both labeled and unlabeled
data, where the supervised loss Lgy;, is still applied to the labeled data, while ad-
ditional losses are introduced. Specifically, the temporal consistency loss Lgeg is
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applied solely to the unlabeled data (see Section for details). The contrastive
losses L.y and Lmyip, regularize the feature embeddings using updated class
prototypes with both labeled and unlabeled data (see Section for details).
The total loss Liotar is the sum of these individual losses. For a detailed descrip-
tion of the full workflow, refer to Algorithm

Algorithm 1 Workflow of Our Proposed Method
Require: Labeled dataset S, unlabeled dataset U
Warm-up: Train Es, Ds with Lsyp to initialize 6g,5,0p,s.
Teacher Init: Set GE,T — QE,S70D,T — 9D,S~
Prototypes Initialization: mean features from labeled dataset: C < {u.}S,
where p. = ﬁ > Normalize(Es(If))
while iteration < max iteration do

Sample mini-batches By, from S and By from U
for (I,Yr) € Br do

Y] + Ds(Es(IL)) > Student prediction
Lsup <+ CE(Y, Y1) > Supervised loss
fr < Normalize(Es(IL)) > Feature embedding

Ly < TripletLoss(fz,Cyy, {Ck } ey, )
Update prototypes: Cy, < nCy, + (1 —n)fL

end for

for Iy € By do
It < StrongAugment(Iv) > Strong augmentation
Iy + WeakAugment([y7) > Weak augmentation
Y(.s < Ds(Es(I)) > Student prediction
Y(r < Dr(Er(I7)) > Teacher prediction
fu < Normalize(Er (1)) > Feature embedding

Filter F < {(fv,Y?0.s, Yo, r)| max(Y{; r) > 8} > High-confidence subset only
for (fU,Ys,YT) € Fdo
Ly + TripletLOSS(fU, Carg max Yr {Ck}k#arg max YT)

Lgeg < CE(Ys, Yr) > Temporal Consistency Regularization
Update prototypes: Cy;. < nCyy + (1 — 1) fu
end for
end for

Aggregate losses: Liotal < Lsup + LReg + Lmvi-u + LviL

Update student: 0g s,0p,5 < 0 — Vg Liotal

Update teacher: 0g,7,0p,1 <+ afr + (1 — a)fs > EMA
end while
return 0g,7,0p 1

2.2 Temporal Consistency Regularization

Our semi-supervised learning approach enforces consistency between differently
augmented views of unlabeled data using a teacher-student architecture. The stu-
dent model is shared across both labeled and unlabeled batches, and during train-
ing, the student model receives updates via gradients, while the teacher model
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is updated using EMA. Considering the nature of surgical phase recognition,
temporal sampling itself serves as a natural augmentation strategy, enabling the
model to learn robust representations across different temporal contexts. Given
an unlabeled batch By, each sample Iy € By undergoes two augmentations:
a weakly augmented view I}¥ = WeakAugment([;7), which preserves short-term
temporal context by including the processing frame and its preceding T — 1
consecutive frames, and a strongly augmented view I, = StrongAugment (I ),
which enforces long-term temporal alignment by randomly selecting T'— 1 frames
from the full video history. Further details on the augmentation process can be
found in Section The student model predicts Y{; 3 = Ds(Es(I{;)), while the
teacher model, predicts Y{; = Dr(E7(If})). To ensure reliable pseudo-labeling,
we introduce a confidence-based selection mechanism: only samples where the
maximum predicted class probability exceeds a predefined threshold § contribute
to the unsupervised loss. Formally, the loss is defined as

1
Ly =~ Z I (max(Yy,r) > 6) CE(Y, s, Yir.r), (1)
NU ) ) )
Iy eBy

where I(-) is the indicator function that equals 1 when the confidence thresh-
old is met, filtering out uncertain pseudo-labels, and CE denotes the standard
cross-entropy loss. This dual-stream approach, coupled with confidence-based se-
lection, facilitates effective feature learning while reducing the influence of noisy

pseudo-labels.

2.3 Contrastive Learning with Prototypes

Our method integrates semi-supervised learning with contrastive prototype align-
ment to regularize the feature embedding space. We employ triplet margin loss,
computed in Euclidean space, to structure the embedding space by enforcing a
margin between positive and negative samples. Normalizing the features ensures
that distance measurements remain consistent and robust, thereby enhancing
class separability. Class-specific prototypes are initialized as cluster centroids in
a normalized feature space computed from labeled data with warmed-up model.
These prototypes evolve through EMA updates during training. Unlabeled sam-
ples contribute only when teacher-generated pseudo-labels exceed a confidence
threshold 4, filtering out unreliable labels as described in Equation [T}

The prototype-anchored triplet loss enforces discriminative feature learning
by pulling samples toward their class prototype while repelling them from neg-
ative prototypes:

k
*Ctri = Imax (d(f7 Cy) —d <f7 % cheg,i> + m, 0) ) (2)
i=1

where d(-,-) denotes the Euclidean distance, m is the margin (empirically
set to 0.3), and the negative prototype Cpeg is computed as the average of the
k hardest negative prototypes, with k = 3 selected as the nearest negative pro-
totypes to the feature f. For labeled data, positive and negative prototypes are
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selected based on the ground truth labels, while for unlabeled data, they are
determined according to the pseudo-labels generated by the teacher model Y.

2.4 Implementation details

We use the TimeSformer [5] model, initialized with pre-trained weights from the
Kinetics-400 dataset [15], which has been shown to accelerate convergence. Video
frames are pre-extracted at 1fps, and resized to 256 x 256. We first warm up with
training only on labeled data for 3 epochs, and perform semi-supervised training
for another 12 epochs. Data augmentation is performed using the AutoAugment
library [6], with a strong augmentation configuration of 'rand-m9-n5-mstd0.8-
incl’. For weak augmentation, we apply random cropping, normalization, ran-
dom rotation, and random crop. All models are trained with a batch size 16 on
a single NVIDIA H100 GPU, with a SGD optimizer using a momentum of 0.9
and a weight decay of 0.001. For each setting, the basic learning rate is set to
0.005, and halved at epoch 8 and 12. The confidence threshold § was emperically
chosen as 0.6 for RAMIE dataset and 0.8 for Cholec80. The EMA update rules
are detailed in Algorithm |1} with the EMA parameters for updating both the
teacher model and prototypes set to « = n = 0.9.

3 Experiments and results

Datasets. Cholec80 [22]: This dataset consists of 80 cholecystectomy surgery
videos, each annotated with 7 distinct surgical phases. The dataset is divided into
official training and test sets, with each containing 40 videos. For experiments
with reduced annotated data, we randomly sample a subset of the training set
as labeled data, while treating the remaining videos as unlabeled.

RAMIE [2]: The RAMIE dataset is a private dataset consisting of 27 labeled
Robot-Assisted Minimally Invasive Esophagectomy videos. The dataset is split
into 14 videos for training, 4 for validation, and 9 for testing, with annotations for
13 surgical phases. Compared to cholecystectomy, RAMIE surgery exhibits more
complex temporal dynamics, with phase repetitions and increased variability in
phase sequences. The unlabeled data is drawn from the same collection, with 20
videos randomly selected from a pool of 70 available unlabeled videos.

Evaluation details and metrics. Our model is evaluated in an online man-
ner, sliding through the video with a window size of T' = 16 to generate frame-
wise predictions. The evaluation metrics include widely-used benchmark metrics:
video-level Accuracy, phase-level Precision, phase-level Recall, phase-level Jac-
card, and phase-level F1 score, implemented with the code from [9]. Mean =+
standard deviation is computed across videos in the test set.

Ablation studies. We conduct ablation studies to assess the effectiveness of
each component during training. Among these, the results for supervised learn-
ing and Temporal Consistency Regularization (TCR) can be compared to the
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Table 1. Ablative testing results on RAMIE and Cholec80 datasets. Sup. indicates
supervised training with labeled data only. TCR represents the use of Temporal Con-
sistency Regularization, CLP represents the inclusion of Contrastive Learning with
Prototypes, and TCN represents the addition of TeCNO’s causal TCN. A checkmark
(v') indicates the presence of an attribute, while (-) denotes its absence.

RAMIE Cholec80 (20 labeled training)
Accuracy ~ Precision Recall Jaccard  Accuracy  Precision Recall Jaccard
- - 787+42 797+£4.0 T747+52 609+ 43 843 +10.7 81.4£9.0 79.0+ 9.4 658+ 13.2
- - 804+33 798+34 75.6+49 622+39 87.0+6.6 83.7+83 829468 70.7+10.2
v - 819+29 806+38 789437 649434 89.6+70 86.5+80 86.5+6.3 759+ 10.7
v v 834+ 3.781.6 +3.478.8+ 3.866.1+ 3.190.4+ 7.088.4 + 7.286.5+ 7.477.5+ 11.3

Sup. TCR CLP TCN

ENENENEN
ENENEN

popular semi-supervised learning method, FixMatch [20], which highlights the
effectiveness of our temporal regularization.

With the addition of Contrastive Learning with Prototypes (CLP), we ob-
serve a more significant improvement. Since surgical phase recognition is essen-
tially a classification task, introducing greater contrast between classes proves
to be highly beneficial. This serves as a regularization method within the em-
bedding space.

Our video transformer model can function independently by processing the
current frame along with past frames, inherently capturing temporal dynamics.
TeCNO [7], widely used as a classification head in surgical phase recognition,
is particularly common in self-supervised model evaluations. To assess its im-
pact, we integrate TeCNQ'’s causal TCN, where our model functions as a spatio-
temporal feature extractor. This distinguishes it from approaches that rely solely
on frame-wise feature extraction. The results demonstrate that TeCNO further
improves performance, as it excels at capturing long-term temporal dependen-
cies. Results are shown in Table [I] and qualitative results and F1 across phases
on both datasets can be found in Figure [2] and Figure

Cholec80 - Case 46 F1 across phases on Cholec80
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—— TCR+CLP+TCN
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Fig. 2. Cholec80: Qualitative result (left) and mean F1 scores across phases (right).

State-of-the-art Comparison. We compare our method to state-of-the-art
approaches on both datasets. Given the limited research on semi-supervised
learning for surgical phase recognition, we also evaluate self-supervised meth-
ods, including self-pretrained models with a temporal module based on TeCNO
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Fig. 3. RAMIE: Qualitative result (left) and mean F1 scores across phases (right).

[7]. The results are shown in Table [2l EndoFM [23] was trained using DINO
on over 33,000 endoscopic video clips, and SurgeNetXL [I3] was trained on
4,711,024 frames from 23 surgical procedures. Compared to these two large-
scale self-pretraining approaches, our model outperforms both, achieving a 3%
and 0.9% accuracy increase, respectively, while using significantly less surgery-
specific unlabeled data. We also explored the use of additional unlabeled videos
(beyond 20) on the RAMIE dataset, but did not observe further improvements
in performance, which warrants further investigation. On the Cholec80 dataset,
[1] reported an F1 score of 67.4 + 4.9 using 5 labeled videos for training. Our
method achieves comparable results. Endovit [4] reported an accuracy of 84.68
=+ 1.25 using 8 labeled videos, while our method performed similarly with only 5
labeled videos. Since these papers did not provide additional evaluation metrics,
they are excluded from Table [3] As shown in Table [3] our method outperforms
the semi-supervised SurgSSL [19] and matches the full supervision TeCNO per-
formance on Cholec80, using only 1/4 of the labeled data.

Table 2. Comparison with state-of-the-art methods on RAMIE dataset.

Supervision

Method Type Accuracy (%) Precision (%) Recall (%) Jaccard (%)
TeCNO [7] Fully supervised 785+40 739+46 73.6+51 583+4.8
FixMatch [20] Semi-supervised 792+ 41 80.0+41 T755+56 61.8+48

EndoFM [23]  Self-supervised pretraining 80.4 £3.3  79.0 £29 74.6+56 619+ 4.7
SurgeNetXL [13] Self-supervised pretraining 82.5 + 3.7 794 +39 T787+39 648 +£4.1
Ours Semi-supervised 83.4 + 3.7 81.6 + 3.4 78.8 & 3.8 66.1 & 3.1

4 Conclusion

In this work, we propose a semi-supervised framework for surgical phase recogni-
tion with a video transformer model. By incorporating long-short term temporal
sampling and dynamic contrastive learning with class prototypes, our method ef-
fectively leverages unlabeled videos, demonstrating strong performance on both
the Cholec80 and RAMIE datasets. Future work can explore better pseudo-label
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Table 3. Comparison with state-of-the-art methods on the Cholec80 dataset.

Supervision  Labeled

Method Type Videos Accuracy (%) Precision (%) Recall (%) Jaccard (%)
TeCNO [7] Fully supervised 40 88.6 78 86.5+7.0 87.6£6.7 75169

SurgSSL [19] Semi-supervised 20 87.0 £ 74 84.2 £89 852+ 11.1 70.5 £ 126
Ours P 90.4 + 7.0 88.4 + 7.2 86.5 + 7.477.5 + 11.3
SurgSSL [19] Semi-supervised 10 85.0 £ 7.7 83.3 £83 83.1+£12.3 68.0+£ 13.5
Ours 88.8 + 6.5 85.0 + 7.8 86.2 + 6.1 74.5 + 10.4
SurgSSL [19] Semi-supervised 5 83.2 £ 7.7 81.8 £9.9 81.6 £12.3 65.6 £ 14.8
Ours p 85.3 + 7.6 84.2 &+ 7.6 81.5 + 7.8 69.2 + 10.3

filtering to enhance performance on underrepresented classes, evaluate its effec-
tiveness in federated learning, and analyze clinical relevance and failure cases for
further improvements.
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