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A. Surgical Background

In contrast to traditional open surgery (not the target of our
work), which entails extensive tissue disruption via large
incisions and relies on direct visual inspection by the sur-
geon (i.e., no cameras are used), modern surgical practices
predominantly employ minimally invasive techniques (the
target of our work). These techniques involve the insertion
of slender instruments, including one that is a camera, into
the patient’s body through small incisions.

To control the instruments from outside the patient’s
body, there are two variants: robotic-assisted surgery
(called “robotic” in our manuscript) and non-robotic
laparoscopy (called “non-robotic” in our manuscript).
Robotic-assisted surgery involves a surgeon sitting on a
console and controlling (with joysticks) several robotic
arms that hold and steer the instruments inside the patient.
In contrast, non-robotic (also known as traditional or con-
ventional) laparoscopy requires the surgeon to directly hold
and steer the laparoscopic hand-held instruments (i.e., no
robotic arms involved).

B. Data Curation Details

This section details our data curation pipeline and presents
the procedure diversity and distribution of LEMON (Fig. 1).
From an initial pool of 18K raw videos, our video classifica-
tion filtering retained 6617. Subsequent trimming and pre-
processing removed 66 hours of non-surgical footage, yield-
ing the final LEMON dataset of 4194 videos (938 hours).

B.1. Video Classification
Video summarization. To improve the efficiency of anno-
tating surgical and non-surgical videos, we obtained 4×4-
image video storyboards (i.e., a single image containing a
collage of key video frames) for all the collected videos
using the method described in [11]. Storyboards enabled
us to quickly determine whether a video contained substan-
tial surgical footage, thereby avoiding the need for complex
analysis on the entire sequence.
Video storyboard classification. We manually annotated
a dataset comprising 2160 surgical and 1910 non-surgical
storyboards. The annotation criterion adopted for label-
ing a storyboard as surgical was that at least 50% of the
key frames contained shots from a surgical camera; specifi-
cally, open surgery videos were categorized as non-surgical.
To classify the rest of the collected videos, we trained a
ResNet18 [13]. To ensure the accuracy of the inference

Table 1. Performance of the video storyboard classification models
across five folds.

Fold F1-score (%) Accuracy (%) Precision (%) Recall (%)

Fold 0 94.42 94.50 95.88 93.00
Fold 1 93.60 93.50 92.23 95.00
Fold 2 93.89 93.75 91.87 96.00
Fold 3 96.50 96.50 96.50 96.50
Fold 4 95.36 95.50 98.40 92.50

Average 94.75 94.75 94.98 94.60
Std Dev 1.10 1.16 2.66 1.57

results, we manually reviewed all the videos classified as
surgical.
Performance of video storyboard classification models.
We trained five video storyboard classification models (dif-
ferent data splits) to categorize the videos as either surgical
or non-surgical. Each fold was split into training, valida-
tion, and testing sets with ratios of 0.8, 0.1, and 0.1, respec-
tively. The average F1-score of the video storyboard clas-
sification models was 94.75% ± 1.1. The results for each
cross-validation fold are shown in Table 1.

B.2. Video Selection and Trimming

Frame classification. A ResNet18 [13] was trained for
the surgical/non-surgical video frame classification task. To
produce the annotations, the videos were sampled at one
frame per second (fps). We annotated 7967 frames, 5481 of
which turned out to be surgical and 2486 non-surgical.
Video trimming. Most online videos contain introductory
and conclusion slides. Experimentally, we found that the
start and end of the surgical footage can be reliably iden-
tified by finding the first and last three consecutive frames
classified as surgical by our surgical frame classifier (sam-
pling the video at 1 fps). Therefore, this is the approach
we used to discard the non-surgical parts at the beginning
and end of the collected videos. The resulting videos were
manually quality checked.
Performance of frame classification models. We trained
five frame classification models to classify a video frame
as either surgical or non-surgical. Each model of the five
was trained in a different training-validation-testing split of
the data, with a split rate of 0.8, 0.1, and 0.1. As shown
in Table 2, the average F1-score of the frame classification
models was 95.64%± 0.94.
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Figure 1. Diversity and procedure prevalence in LEMON. Representative samples from various procedures, demonstrating the diverse
range of cases in our curated dataset (left, right). Distribution of surgical frames by procedure type (center).

B.3. Video Preprocessing
We use our trained frame classifier to detect and remove
the intraoperative non-surgical frames. Additionally, we
manually annotated 2719 surgical frames with 4584 non-
surgical bounding-box instances and trained a YOLOv8
Nano model [20] to detect and obliterate the non-surgical
content in surgical frames. The positions of the non-surgical
content bounding boxes that have been obliterated from the
video frames in LEMON are provided in a JSON file for
those researchers who wish to know where the coordinates
of the non-surgical information (e.g., UI elements contain-
ing instrument names) are located in the original frames.
After this process, we manually quality controlled all the
remaining curated videos.
Performance of non-surgical content detection models.
We trained five non-surgical content detection models to de-
tect and obliterate non-surgical regions in surgical video
frames. Each model was trained on a different training-
validation-testing split of the data, with a split ratio of 0.8,
0.1, and 0.1, respectively. The average mAP50 of the five
models was 79.29%± 3.4, and the average mAP50-95 was
66.18%±2.98. The results for all the cross-validation folds
are shown in Table 3.

B.4. Video Annotation
For the surgery type, a video is considered to be robotic
if the video title includes any of the following keywords:
Robotic, Robot, Robo, Hugo, Versius, Senhance, Teler-
obotic, Console, and da Vinci. The search for these terms in
the video titles was case-insensitive. The remaining videos,
with titles that do not include any of these keywords, were
manually verified to ensure that they are manual surgical
procedures. For the surgical procedure type, we cross-

Table 2. Performance of frame classification models across five
folds.

Fold F1-score (%) Accuracy (%) Precision (%) Recall (%)

Fold 0 94.65 94.85 98.37 91.21
Fold 1 96.43 96.48 97.93 94.98
Fold 2 96.53 96.61 98.69 94.47
Fold 3 94.44 94.60 97.33 91.71
Fold 4 96.15 96.23 98.17 94.22

Average 95.64 95.75 98.10 93.32
Std Dev 0.94 0.88 0.49 1.39

reference the video titles with the predefined list of proce-
dures. When exact title matches are not found, we lever-
age the capabilities of the ChatGPTv4 API to perform a
more nuanced analysis, incorporating a customized prompt
as shown in Fig. 2. All annotations were manually quality
controlled.

After curation, the final LEMON dataset consisted of
4194 surgical videos across 35 distinct procedure types,
with 94% in 1280 × 720 resolution and the remaining 6%
in varied resolutions, the smallest being 640× 480 pixels.

B.5. Curation Precision Strategy
To ensure high precision during dataset curation, we en-
forced strict filtering criteria. We utilized an ensemble of
five models derived from 5-fold cross-validation for our
three curation components: video storyboard classification,
video frame classification, and non-surgical region detec-
tion. During inference, each model applied a confidence
threshold of 70%. Final predictions were determined via
majority voting (for storyboard and frame classification)
and non-maximum suppression (for region detection). This



You are a highly knowledgeable assistant specializing in surgical procedures and medical terminology.
Your expertise includes identifying and categorizing surgical interventions based on clinical

descriptions and procedural contexts.
Here is a list of 35 possible surgical procedure types: pancreatectomy, pancreaticoduodenectomy,

splenectomy, ampullectomy, hepatectomy, nephrectomy, low anterior resection, colectomy,
abdominoperineal resection, pulmonary lobectomy, hartmanns, prostatectomy, gastric bypass, duodenal
switch, gastrectomy, small bowel resection, hernia repair, ulcer repair, cholecystectomy,
appendectomy, ileocolic resection, cecectomy, myomectomy, hysterectomy, nissen fundoplication,
adrenalectomy, thymectomy, rectopexy, adhesiolysis, esophagectomy, cystectomy, jejunostomy,
ileorectal anastomosis, kidney transplant, vaginectomy.

Based on the description of the surgical video: <video title>, determine the most likely procedure type
from the list. Focus on matching the description to the procedure type that best aligns with the
terminology and context provided.

Figure 2. ChatGPT prompt employed to match video titles to procedure types. The title of the video to be matched is inserted where the
<video title> tag is located.

rigorous approach proved highly effective: our final review
confirmed that the pipeline achieved 100% precision at the
video level and > 99.9% precision at the frame level.

For the annotation verification, we confirmed that
the automated pipeline generated procedure-type labels
(e.g., thymectomy, cystectomy) with 95.2% accuracy, and
surgery-type labels (e.g., robotic, non-robotic) with 97.6%
accuracy. The experts subsequently corrected all identified
errors.

B.6. Human Effort
We provide a detailed breakdown of manual effort (in
person-hours). The curation workload comprises labeling
4K storyboards (3 h) and 8K frames (3 h), followed by
annotating 2719 surgical frames with 4584 non-surgical
bounding boxes (10 h). The most extensive process in-
volved manually reviewing LEMON videos, which were
previously curated by models trained on the initial annota-
tions, to confirm surgical content and remove artifacts such
as out-of-body views (72 h), and finally verifying video an-
notations for surgery and procedure types (18 h).

B.7. Data Quality and Reliability
To validate LEMON’s labels, two researchers (Chengan
Che and Chao Wang) independently annotated a stratified
random subset of 500 videos (>10%), balanced across 35
procedure types. We achieved a Cohen’s Kappa of 0.97 for
procedure types and >0.99 for surgery types, confirming ro-
bust label reliability. This high agreement reflects the clear
visual distinctiveness of the procedures and the rich original
metadata provided by verified medical professionals.

C. LemonFM Pretraining
C.1. Pretraining Details
For LemonFM pretraining, we trained on an Ubuntu 22.04.5
LTS node with eight NVIDIA V100 GPUs (32GB each), us-
ing a batch size of 24 per GPU under PyTorch 2.5.1+cu124

(CUDA 12.4). We employed AdamW as the optimizer with
a teacher temperature of 0.04, fp16 precision, an initial
learning rate of 5e-4 (after warm-up), a minimum learn-
ing rate of 1e-6, and a random seed of 30. The model was
trained for 60 epochs, including 10 warm-up epochs. This
number of epochs enables the model to converge and sta-
bilize its training loss on our dataset and pretext task. The
model with the lowest training loss was selected as the final
model.

C.2. Augmented Distillation Design Choices

Cosine Similarity vs. L2 distance. We use cosine sim-
ilarity for neighbor mining, following standard SSL prac-
tice (e.g., SwAV [4], NNCLR [9]). We validate this choice
against L2 (Euclidean) distance using a k-NN evaluation for
phase recognition, where labels are predicted by a majority
vote over the 20 nearest training-set neighbors. To isolate
the impact of the distance metric, these experiments were
conducted using a ConvNeXt-L [22] backbone pretrained
with the vanilla DINO method [5], excluding our proposed
surgical augmentations. Results show that cosine similar-
ity significantly outperforms L2 distance, yielding accuracy
gains of 4 pp (71.3 to 75.3) on AutoLaparo and 3.5 pp (66.8
to 70.3) on Cholec80.
Sensitivity to augmented distillation threshold. We fur-
ther analyze the impact of the cosine distance threshold for
our augmented distillation (Fig. 4 in the main manuscript).
To perform this assessment in a computationally efficient
manner, we employ a ConvNeXt-S backbone. Linear prob-
ing on AutoLaparo phase recognition yields Acc/F1 scores
of 72.9/63.2 (1.5×), 73.4/63.7 (3×), and 72.6/63.0 (6×).
Similarly, Cholec80 phase recognition yields Acc/F1 scores
of 72.2/65.2 (1.5×), 73.6/66.7 (3×), and 72.7/65.2 (6×).
These results confirm that our 3× threshold is near-optimal.
Qualitatively, a stricter 1.5× threshold selects too few cross-
video neighbors (reducing diversity), while a looser 6×
threshold admits dissimilar, noisy views that slightly de-



Table 3. Performance of bounding box detection models across
five folds.

Fold Images Instances Precision Recall mAP50 mAP50-95

Fold 0 272 447 74.79 77.63 75.50 62.00
Fold 1 272 438 70.73 77.40 76.36 61.79
Fold 2 272 509 83.34 79.60 84.89 68.56
Fold 3 272 422 75.27 83.69 80.31 68.98
Fold 4 272 496 81.32 81.45 82.58 68.65

Average – – 77.09 79.94 79.29 66.18
Std Dev – – 4.41 2.33 3.40 2.98

grade performance.

D. Downstream Task Details
In this section, we provide details on the datasets used for
evaluating each downstream task, including their respec-
tive data splits, as well as training configurations for linear
probing and full fine-tuning settings. The experiments were
conducted on an Ubuntu 22.04.5 LTS node equipped with
an Intel IceLake Xeon CPU (72 vCPUs) and two NVIDIA
A100 GPUs (each with 80 GB of memory), using PyTorch
2.5.1+cu124 (CUDA 12.4).

D.1. Data Splits
Surgical phase recognition. For AutoLaparo, we followed
the standard split of ten training videos, four for valida-
tion, and seven for testing [29]. For M2CAI16, we fol-
lowed the data splits in [15, 19, 28], dividing the dataset
into 27 training videos and 14 testing videos, respectively.
For Cholec80, we adopted the data splits in [7, 16, 21, 28],
allocating 40 videos for training, eight for validation, and
32 for testing.
Surgical tool presence detection. For GraSP, we adopted
the data splits specified in [2], with four videos for train-
ing, four for validation, and five for testing. The data split
for Cholec80 is identical to those employed in the surgical
phase recognition task.
Surgical action recognition. For CholecT50, we followed
the formal data split as proposed in [25].
Surgical semantic segmentation. For CholecSeg8k, we
followed previous works [12, 14] and used 75% of the
videos for training and 25% of the videos for testing (videos
12, 20, 48 and 55).

D.2. Linear Probing
We used the teacher model from LemonFM as our back-
bone. The images were resized to 224 × 224 for all down-
stream tasks. The downstream models with linear heads
were trained with a batch size of 512, an initial learning
rate (LR) of 1e-3, the AdamW optimizer, a random seed of

Table 4. Video-level linear probing results. Performance of
LemonFM is compared against SurgeNetXL across three surgical
datasets. Metrics are reported as Accuracy/F1-score.

Method AutoLaparo Cholec80 M2CAI16

SurgeNetXL [14] 74.0/50.7 73.4/51.9 64.5/42.9
LemonFM 76.9/53.8 75.1/52.7 66.7/44.1

30, and cross-entropy loss. An early stopping criterion was
applied, stopping training after 10 epochs if the validation
loss shows no improvement.

Furthermore, we report video-level linear probing results
to compare LemonFM against SurgeNetXL, a leading sur-
gical foundation model (Table 4).

D.3. Full Fine-tuning
We used the teacher model from LemonFM as our back-
bone. The images were resized to 224 × 224 for all down-
stream tasks. The downstream models were trained with a
batch size of 112, an initial learning rate (LR) of 1e-4, the
AdamW optimizer, a random seed of 30, and cross-entropy
loss. We used five-fold cross-validation for 50% shot fine-
tuning. An early stopping criterion was applied, stopping
training after 10 epochs if the validation loss shows no im-
provement.
Surgical phase recognition. To compare with other spe-
cialist models that are specifically tailored for this task, we
adopt the video-level accuracy and Jaccard in the full fine-
tuning setting. The accuracy for a video is computed by
dividing the number of frames whose class has been cor-
rectly predicted by the total number of frames. The overall
accuracy for a dataset is defined as the mean accuracy value
over all videos, henceforth referred to as video-level accu-
racy [16–18, 21]. The Jaccard is computed for each class
and video, then averaged: first within videos, and secondly
across classes [16–18, 21].

During training, we utilized a TCN [7] head and
followed the two-stage training approach outlined in
TeCNO [7]. In the first stage, we trained the backbone with
a linear head to perform frame-wise classification without
temporal context. Then, we employed the TCN head to in-
corporate temporal information of the extracted features for
predictions. The default TCN configuration was used, con-
sisting of two stages, each containing nine layers. The TCN
head was trained using the Adam optimizer with an initial
learning rate of 5e-3 for 70 epochs to ensure sufficient train-
ing. The checkpoint with the lowest validation loss was se-
lected as the optimal checkpoint.

D.4. Computational Cost Comparison
We analyze the computational efficiency of our method
compared to previous state-of-the-art baselines in Table 5.



Table 5. Computational cost analysis. Inference and training times
are measured in milliseconds (ms). Memory usage is reported in
Megabytes (MB).

Model Inference Training Acc (%)
Time GPU Time GPU

Endo-FM [30] 6.9 221 50.4 891 51.5
EndoViT [3] 6.7 215 47.8 874 45.4
SurgeNet [14] 12.7 157 61.7 941 68.8
GSViT [26] 22.4 56 105.8 178 22.0
LemonFM (CN-B) 7.8 194 54.8 1068 74.7
LemonFM (CN-L) 8.9 387 58.7 1782 76.4

To support diverse computational constraints, we provide
LemonFM with two backbone variants: ConvNeXt-Base
and ConvNeXt-Large, both of which will be publicly re-
leased.

All measurements were conducted on an NVIDIA A100
GPU using 224 × 224 images in FP16 precision. Met-
rics include inference time (per image), training time (per
step with batch size 8), peak GPU memory usage, and
linear probing accuracy on AutoLaparo phase recognition.
While strictly lightweight baselines like EndoViT achieve
the lowest inference latency (6.7 ms), they suffer from lim-
ited representational capacity (45.4% accuracy). In con-
trast, our LemonFM (CN-Base) maintains highly compet-
itive efficiency (7.8 ms inference) while delivering a sub-
stantial performance leap of nearly 30 percentage points
(74.7%). Even our larger variant (CN-Large) remains ef-
ficient (8.9 ms) while further pushing accuracy to 76.4%.
This demonstrates that LemonFM achieves significant per-
formance gains while maintaining practical computational
efficiency suitable for real-time applications.

E. Evaluation of LemonFM-Vid

To evaluate the performance of our video classifier,
LemonFM-Vid, we split the LEMON dataset by videos,
with 3369 videos for training and 825 videos for testing.
Our vanilla LemonFM was trained on all the LEMON
frames; therefore, to evaluate the video classification per-
formance fairly, we trained a new LemonFM model from
scratch using only the frames of the 3369 videos in the train-
ing set that are accessible to all other classifiers in the com-
parison.

F. Dataset and Licensing

We adhere to the same practices as other datasets created
from YouTube and various sources on the Web, such as
ImageNet [8], Kinetics [6], YouTube-VIS [32], YouTube-
8M [1], Insect-1M [24], Moments-in-Time [23], Tai-Chi-
HD [27], HD-Villa-100M [31], and AVSpeech [10]. Specif-
ically, we publicly release the dataset metadata, the list of

original YouTube video IDs, and our corresponding annota-
tions under the Creative Commons Attribution 4.0 Interna-
tional (CC BY 4.0) license. The copyright of the raw videos
remains with their original creators.

To facilitate reproducibility, verified researchers at aca-
demic institutions can directly request access to the curated
LEMON video files for non-commercial research purposes,
subject to a strict data access agreement. Furthermore, we
provide an online form for original YouTube video authors
to explicitly opt out and request the removal of their content
from our dataset.
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