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Abstract—Recent advances in surgical robotics and computer
vision have greatly improved intelligent systems’ autonomy
and perception in the operating room (OR), especially in
endoscopic and minimally invasive surgeries. However, for
open surgery, which is still the predominant form of surgi-
cal intervention worldwide, there has been relatively limited
exploration due to its inherent complexity and the lack of
large-scale, diverse datasets. To close this gap, we present Open-
Surgery, by far the largest video—text pretraining and evaluation
dataset for open surgery understanding. OpenSurgery consists
of two subsets: OpenSurgery-Pretrain and OpenSurgery-EVAL.
OpenSurgery-Pretrain consists of 843 publicly available open
surgery videos for pretraining, spanning 102 hours and encom-
passing over 20 distinct surgical types. OpenSurgery-EVAL
is a benchmark dataset for evaluating model performance in
open surgery understanding, comprising 280 training and 120
test videos, totaling 49 hours. Each video in OpenSurgery is
meticulously annotated by expert surgeons at three hierar-
chical levels of video, operation, and frame to ensure both
high quality and strong clinical applicability. Next, we propose
the Hierarchical Surgical Knowledge Pretraining (HierSKP)
framework to facilitate large-scale multimodal representation
learning for open surgery understanding. HierSKP leverages
a granularity-aware contrastive learning strategy and enhances
procedural comprehension by constructing hard negative sam-
ples and incorporating a Dynamic Time Warping (DTW)-based
loss to capture fine-grained temporal alignment of visual
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semantics. Extensive experiments show that HierSKP achieves
state-of-the-art performance on OpenSurgegy-EVAL across mul-
tiple tasks, including operation recognition, temporal action
localization, and zero-shot cross-modal retrieval. This demon-
strates its strong generalizability for further advances in open
surgery understanding.

Index Terms—Multimodal pretraining, dataset, cross-modal
alignment, open surgery, surgical scene understanding.

I. INTRODUCTION

S SURGICAL robotic platforms like the Da Vinci®

system continue to advance in sophistication, there is
a growing interest in incorporating enhanced intelligence
into operating room (OR) environments [19], [25], [44].
Advances in computer vision have significantly enhanced
the ability of robotic systems to autonomously perceive and
adapt to the complexities of surgical environments. In recent
years, numerous studies have focused on endoscopic and
microscopic surgeries, demonstrating the potential of deep
learning in enhancing autonomous capabilities. These
advances span various tasks, including surgical workflow
analysis [20], [44], [49], instrument and anatomical structure
segmentation [15], [31], [38], and depth estimation [53],
among others.

However, the majority of surgical procedures worldwide are
still performed as open surgeries without the aid of minimally
invasive camera systems [7], [37], and the successful develop-
ment and application of computer vision techniques in open
surgery have remained limited. Open surgical videos capture
intricate interactions among multiple operators and surgical
instruments, accompanied by significant variation in operative
environments, which present more complex and dynamic
visual scenes compared to the more constrained and structured
imagery of minimally invasive procedures. The development
of computer vision techniques for open surgery has been
further hindered by the absence of large, diverse datasets
[8]. In contrast, dataset curation for endoscopic surgery is
relatively simpler, as the routine clinical use of intracorporeal
fiber-optic cameras enables rapid and high-quality video acqui-
sition. However, video recording is not a standard practice
in open surgery, making data collection and curation signif-
icantly more challenging. Previous studies [13], [55] have
been limited to small datasets generated in simulated open
surgical settings, which lack the complexity of real-world
cases, or have relied on specialized equipment such as instru-
mented gloves that may not be applicable in actual clinical
environments. A large, diverse, and representative dataset is
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essential for enabling the development of Al models that can
effectively adapt to the complex and variable surgical scenes
encountered in open procedures.

To address this challenge, we introduce OpenSurgery, a
large-scale and expert-annotated video—text pretraining and
evaluation dataset designed to advance the understanding
of open surgery. The main advantages of OpenSurgery
include:

e Largest scale and diversity: To the best of our
knowledge, OpenSurgery is currently the largest and most
comprehensively annotated video-text pretraining and
evaluation dataset available for open surgery understand-
ing. OpenSurgery consists of two subsets: OpenSurgery-
Pretrain and OpenSurgery-EVAL. OpenSurgery-Pretrain
contains 843 publicly available open surgery videos
collected from YouTube, with a total duration of 102
hours. Additionally, OpenSurgery-Pretrain encompasses
the greatest diversity of surgical types, including over
20 different surgeries such as anal sphincterotomy, rad-
ical neck dissection, branchial fistula, and so on. The
videos span a 15-year period and originate from more
than 50 countries, capturing a wide spectrum of clini-
cal practices and reflecting the global diversity of open
surgical procedures. OpenSurgery-EVAL is currently
the largest benchmark for open surgery understanding.
OpenSurgery-EVAL supports multiple tasks, including
operation recognition, temporal action localization, and
cross-modal retrieval. Its training set consists of 280
videos with a total duration of 35 hours, while the test
set includes 120 videos totaling 14 hours. The large scale
and broad diversity of OpenSurgery ensure its superiority
for advancing the understanding of open surgery.

o Hierarchically structured, fine-grained annotation:
We provide meticulously designed hierarchical annota-
tions at the video-level, operation-level, and frame-level,
effectively supporting the training of models tailored
to specific challenges. This annotation framework is
designed to facilitate a multifaceted understanding of
open surgery while enhancing the usability and inter-
pretability of the dataset.

e High-quality annotations by expert surgeons: The
annotation process of OpenSurgery was undertaken by
expert surgeons and comprised a comprehensive set of
procedures, including but not limited to the standard-
ization of operation label definitions, video filtering,
localization annotations, and secondary validation. The
quality and professionalism of OpenSurgery are ensured
through expert-level annotation conducted by highly
experienced surgical professionals.

We further propose the Hierarchical Surgical Knowledge
Pretraining (HierSKP) framework to enable large-scale multi-
modal representation learning for open surgery understanding.
The advantages of HierSKP reside in two key aspects. First,
we propose a granularity-wise learning strategy to effectively
exploit the hierarchical surgical knowledge embedded within
the dataset. We perform contrastive learning at three levels
of granularity (video, operation, and frame levels) for each
type of hierarchical video—text pair. Second, we enhance
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the model’s semantic understanding of surgical procedures
by enforcing temporal alignment using a Dynamic Time
Warping [28], [29] (DTW)-based loss function. Specifically,
we construct pairs of video sequences and introduce hard
negative samples by reversing the temporal order of one
sequence within each pair. Finally, a dynamic time warping
(DTW)-based loss function is applied to learn fine-grained
temporal correspondences between videos, facilitating seman-
tic alignment of visual features and improving procedural
understanding during the pretraining phase.

The contributions of this paper are summarized as follows:

e We present OpenSurgery, currently the largest pretraining
and evaluation dataset for open surgery understanding.
The OpenSurgery-Pretrain subset contains 843 videos
with a total duration of 102 hours. The OpenSurgery-OR
subset comprises 280 training videos spanning 35 hours
and 120 test videos totaling 14 hours.

e We propose HierSKP, a pretraining framework designed
to facilitate the learning and understanding of surgical
knowledge through hierarchical contrastive learning and
temporal alignment using a DTW-based loss function.

e We conduct extensive experiments to show that HierSKP,
after being pretrained on OpenSurgery-Pretrain, achieves
state-of-the-art transferability and visual representation
capabilities across various downstream surgical scene
understanding tasks in OpenSurgery-EVAL, including
operation recognition, temporal action localization, and
cross-modal retrieval.

II. RELATED WORK
A. Surgical Video-Language Pretraining

Numerous studies have demonstrated the effectiveness of
learning visual representations through natural language super-
vision provided by associated text descriptions [1], [46],
[52]. These approaches typically employ contrastive learning
techniques [34] to align video clips or images with their
corresponding narrations or captions. Similarly, in the surgical
domain, recent works have begun curating large-scale mul-
timodal datasets in areas such as endoscopic [50], [51] and
ophthalmic surgeries [18] to facilitate vision-language pertain-
ing. In [51], speech from surgical video lectures is transcribed
to construct a video-text pretraining dataset for endoscopic
surgery. PeskaVLP [50] integrates language supervision with
visual self-supervision and employs temporal alignment to
effectively facilitate cross-modal understanding of surgical
procedures. OphNet [18] is a large-scale video benchmark with
expert annotations for advancing ophthalmic surgical workflow
understanding. However, for open surgeries, which remain the
most widely performed type of surgery worldwide, there is
still no dedicated dataset for pretraining and downstream task
evaluation.

B. Surgical Workflow Recognition

Methods originating from the broader domain of video
content analysis are increasingly being adapted and integrated
into the field of surgery [2], [26], [49]. Comprehensive sur-
gical workflow recognition includes both phase recognition
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and operation recognition. Although both focus on detecting
surgical events, they operate at different temporal resolutions,
capturing events at varying levels of granularity. SV-RCNet
[20] introduced an end-to-end framework by combining
Residual Networks (ResNets) [17] for spatial feature extrac-
tion with LSTMs to model temporal dynamics. Building
on this, Gao et al. [11] enhanced sequence modeling by
integrating a tree search algorithm into the LSTM structure,
allowing the network to leverage future contextual infor-
mation. TMRNet [21] proposed a non-local bank operator
to establish connections between the current frame and
LSTM-generated features. With the successful application of
Transformers [42] in the field of computer vision, surgical
workflow recognition has also witnessed related innovations.
OperA [5] focuses on anticipating future phases. Trans-SVNet
[12] aimed to overcome the limitations of TCNs highlighted in
TeCNO [4] by incorporating Transformers to enable multiscale
temporal feature fusion. Overall, gaining a comprehensive
understanding of the surgical workflow demands a thorough
analysis of its temporal, spatial, and contextual aspects.

III. DATASET CONSTRUCTION

In this section, we detail the construction of our dataset,
which involved rigorous data collection and annotation pro-
cesses. The dataset is derived from the Annotated Videos of
Open Surgery (AVOS) [14], a collection of videos sourced
from YouTube to mitigate privacy concerns while capturing
a diverse range of open surgical procedures. To accurately
reflect the complexity of open surgeries, we conducted com-
prehensive, hierarchical annotations at the video, operation,
and frame levels. These annotations were performed by a
dedicated team of surgeons to ensure both accuracy and
clinical relevance.

A. Dataset Collection and Preprocessing

1) Dataset Collection: Our data is sourced from the Anno-
tated Videos of Open Surgery (AVOS) [14], which includes
1,997 videos covering 23 types of open surgical procedures,
uploaded to YouTube from 50 countries over a span of 15
years. The AVOS dataset provides YouTube links for all
videos and includes annotations of commonly used surgical
instruments for 343 of them. However, the majority of the
videos remain unannotated and lack hierarchical and rich
textual annotations.

2) Dataset Preprocessing: Some of the video links pro-
vided by the AVOS dataset are no longer accessible, and
several videos lack descriptions of the surgical content, mak-
ing it difficult to determine the type of surgery and posing
challenges for subsequent annotation. Therefore, during the
preprocessing stage, we filtered out videos with invalid links
or missing surgical descriptions, ultimately collecting 1,243
videos to form our dataset. We then randomly selected 843
of these videos to construct our open surgery pretraining
dataset, OpenSurgery-Pretrain, and used the remaining 400
videos to build our open surgery understanding benchmark,
OpenSurgery-EVAL. Although the videos used in our work
originate from publicly available YouTube sources, they were
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manually screened during the construction of the AVOS
dataset, and we further performed an additional round of
manual verification during our annotation process. As a result,
all videos included in our datasets are high-quality clips that
have undergone multiple stages of human screening.

B. Hierarchical Annotation

As shown in Fig. 1, we performed hierarchical annotations
on the dataset at three levels: video-level, operation-level, and
frame-level. The video-level annotation provides an abstract
of the entire video, introducing the type of surgical procedure.
The operation-level annotation describes individual video seg-
ments; we defined 13 types of surgical operations and assigned
a corresponding operation label to each segment. The frame-
level annotation focuses on individual frames, identifying the
surgical instruments and the actions present. We introduce the
annotation methods for each level separately:

1) Video-Level: We leveraged Qwen2-VL-72B [43] to gen-
erate video-level annotations from the original YouTube video
introductions. We employ the following prompt: “This is a sur-
gical video, and its description is [Introduction]. Please refine
and summarize the surgery-related information contained in
the description.” In this context, [Introduction] denotes the
video description provided on YouTube. The model was
prompted to describe the type of surgical procedure and filter
out any information unrelated to the surgery.

2) Operation-Level: In collaboration with surgeons, we
defined 13 types of surgical operations. Based on this
taxonomy, the surgeons performed operation localization on
each video, producing segmented clips corresponding to spe-
cific surgical operations, each annotated with the appropriate
operation label.

3) Frame-Level: We employed Qwen2-VL-72B [43] for
frame-level annotation. Specifically, we employ the following
prompt: “This image corresponds to a single frame extracted
from a surgical video, specifically from the [operation] seg-
ment, and the video introduction is [Introduction]. Based on
the visual content of this frame, the surgical operation, and the
provided video introduction, please provide a concise descrip-
tion of the image. The description should include the surgical
instruments visible and the ongoing surgical actions.” In this
context, [operation] denotes the operation-level annotation,
and [Introduction] denotes the video-level annotation. The
model was prompted to generate detailed descriptions of the
image content, including the surgical instruments and actions
present. These generated descriptions serve as our frame-level
annotations.

C. Dataset Statistics

OpenSurgery consists of two subsets: OpenSurgery-Pretrain
and OpenSurgery-EVAL. OpenSurgery-Pretrain consists of
843 videos with a total duration of 102 hours, covering more
than 20 different types of surgical procedures and 13 types
of surgical operations. The videos span a 15-year period and
originate from over 50 countries. OpenSurgery-EVAL consists
of 400 videos covering 13 types of surgical operations. The
training set includes 280 videos with a total duration of
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Video-Level

This video details the procedure of a total thyroid removal. The aim of the surgery is to completely excise the thyroid gland in cases such

as thyroid cancer, multinodular goiter, Graves’ disease, or other conditions where full gland removal is indicated.

Input Video

Time

Operation-Level [ Prepare ][ Skin Incision ][ Resection ][ Suturing ]
...patient is ...patient is ...a scalpel ...one ...forceps to ...removing ...close the ...a wound
Frame-Level under intubated, is used to holding a manipulate the thyroid wound with closed with
anesthesia... with an... excise... scalpel ... tissue.... tissue.. sutures... sutures...
Operation Categories
1.Prepare 2.Injection 3.Drilling 4 Traction 5.Suturing 6.Irrigation 7.Skin Incision
8.Anastomosis 9.Drainage 10.Resection 11.Puncture 12.0thers 13.Instrument Implantation

Fig. 1. Examples of our OpenSurgery dataset. The dataset consists of more than 1,200 videos spanning a wide variety of open surgeries and includes rich
hierarchical annotations at the video, operation, and frame levels. It covers 13 distinct surgical operations, each annotated with precise temporal boundaries.
The datasets support a range of tasks, including operation recognition, temporal action localization, and cross-modal retrieval. The comprehensive, large-scale,
and hierarchical annotations make the dataset particularly valuable for both pretraining open surgery models and evaluating fine-grained understanding of

surgical scenes in complex open surgical environments.

Endoscopy & Laparoscopy

AutoLaparo

SurgicalActions 160

Zia et al.

OpenSurgery-EVAL

Goldbraikhet al.

~>F SR

OpenSurgery-Pretrain

Fig. 2. The comparison among existing surgical datasets and our proposed OpenSurgery-EVAL and OpenSurgery-Pretrain datasets. While most existing
datasets focus on endoscopy and laparoscopy, datasets for open surgery remain scarce and are predominantly simulated, thus diverging from real-world
scenarios. In contrast, OpenSurgery-EVAL and OpenSurgery-Pretrain are collected from real surgical environments and constitute the largest-scale datasets to

date for open surgery understanding.

35 hours, while the test set comprises 120 videos totaling
14 hours. A comparison between existing surgical datasets and
our proposed OpenSurgery-EVAL and OpenSurgery-Pretrain
datasets is illustrated in Fig. 2, with the corresponding
statistical summaries provided in Tab. I. As shown, the major-
ity of existing surgical datasets focus on endoscopic and
laparoscopic procedures, whereas datasets dedicated to open
surgery are scarce and predominantly simulation-based, thus
limiting their applicability to real-world scenarios. In contrast,

OpenSurgery-EVAL and OpenSurgery-Pretrain are collected
from real surgical environments and represent the largest-
scale datasets to date for advancing the understanding of open
surgery.

IV. METHOD
We introduce the Hierarchical Surgical Knowledge
Pretraining  (HierSKP) framework, which effectively

learns multi-modal embeddings by hierarchically modeling
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TABLE I

THE STATISTICS COMPARISON AMONG EXISTING SURGICAL DATASETS AND OUR PROPOSED OPENSURGERY-EVAL AND OPENSURGERY-PRETRAIN
DATASETS. COMPARED TO OTHER DATASETS, OPENSURGERY-EVAL AND OPENSURGERY-PRETRAIN PROVIDE MORE COMPREHENSIVE COVER-
AGE OF DIVERSE SURGERIES AND OPERATION CATEGORIES, OFFERING A SIGNIFICANTLY LARGER VIDEO COLLECTION,

TOTALLING 49 HOURS AND 102 HOURS, RESPECTIVELY

Protocol Datasets Properties
No. of No. of No. of No. of
Datasets Total Duration  Real
Videos Operation Segmentation Surgery Categories Operation Categories
Cholec120 [32] 120 - 1 7 76.2h v
Surgical Actions160 [39] 160 160 1 16 0.2h v
Endoscopy HeiCo [27] 30 - 3 14 2.8h v
& PitVis [6] 25 287 1 17 33.3h v
Laparoscopy CholecT50 [33] 50 - 1 10 44.7h v
AutoLaparo [45] 21 300 1 7 23.1h v
Zia et al. [55] 71 - 1 2 1.7h X
Extracorporeal Goldbraikh et al. [13] 100 - 1 1 10.0h X
Camera OpenSurgery-EVAL (Ours) 400 4469 20+ 13 49.0h v
OpenSurgery-Pretrain (Ours) 843 8166 20+ 13 102.0h v
Prepare Skin Incision Suturing
- (Y S ) ER

Temporal
Alignment Learning

UiE]RD «—

Prepare

Skin Incision Suturing

i [ ) D Y

Skin Incision Prepare

Suturing

172[; w

Hierarchical
Contrastive Learning

I

X; € ]RNXD t[

Text Encoder

Time
—

Image Encoder

Operation
Level
This video demonstrates...

Input Video T;

v, = Z
Video
(a) Level

| S

I Feature Embedding

Frame annotation , Operation annotation Video annotation

: AVerage Pooling

Embedding Embedding Embedding
frame
Ti
-
B This image shows anesthesia... A
infol
I «— le———1 | This image shows the skin being incised...
N J ,_This image shows the completion of suturing...
operation
Ti
\
(~ g Operation |This is the procedure of skin incision.

InfoNCE

This is the procedure of suturing.

\ This is the procedure of injection. %
id
Tvideo

‘" This video demonstrates an appendectomy.

This is a colectomy...

IThis video shows thyroid removal.... I

Fig. 3. (a) The architecture of our proposed HierSKP framework. (b) Hierarchical contrastive learning at the video, operation, and frame levels. (c) Temporal

alignment learning with a Dynamic Time Warping (DTW)-based loss function.

video—text pairs at the video, operation, and frame levels
from surgical video data. Sec. IV-A describes the architecture
design of HierSKP. Sec. IV-B and Sec. IV-C formalize the
hierarchical contrastive learning and temporal alignment
learning, respectively. Finally, Sec. IV-D presents the training
objectives of HierSKP.

A. Architecture Design

Fig. 3(a) provides an overview of the proposed HierSKP
framework. To bridge the gap between images, videos, and

texts, we adopt the Video Fine-tuned CLIP (ViFi-CLIP) [36]
baseline as the backbone architecture of HierSKP.

Given a video sample V; € RVXHXWXC consisting of N
frames, along with its corresponding text label T;, each frame
is independently encoded by the CLIP image encoder as part
of a batch. This yields a sequence of frame-level embeddings
x; € RV*P_ To derive a holistic video-level representation,
these frame embeddings are average-pooled along the temporal
dimension, resulting in v; € RP. This process, referred to
as temporal pooling, enables implicit modeling of temporal
dynamics by aggregating information across multiple frames.
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The CLIP text encoder processes the text label T;, which
is embedded within a prompt template (e.g., “a photo of a <
category>"), to generate a corresponding text embedding #; €
RP. Finally, the hierarchical contrastive learning and temporal
alignment learning are used to train HierSKP.

B. Hierarchical Contrastive Learning

As shown in Fig. 1, the Opensurgery is designed as a
hierarchically annotated video-text dataset, denoted as D =
{(V,-,T,-)}Ell, where V; represents a long-form surgical video
composed of a sequence of short-term segments and T; =
(Tf rame poperation ‘videoy For each video V;, three levels of tex-
tual annotations are provided, capturing semantic information
at different levels of granularity—from fine to coarse. These
annotations include: frame-level descriptive texts (7"
operation-level phrase annotations (7;7"“""), and video-level
abstract summaries (TiVide”).

The frame-level descriptive texts ( ) consist of
sequences of narrations that describe individual frames, includ-
ing visual elements such as surgical instruments and actions.
The operation-level phrase annotations (T77“"") provide
concise, conceptual summaries of high-level surgical opera-
tions, corresponding to temporal segments of the video. The
video-level abstract summaries (Ti”de") are paragraph-length
textual descriptions that encapsulate the overall content of the
surgical video, including the type of surgery and its clinical
background. This hierarchical structure enables HierSKP to
effectively model the rich, multi-scale semantic alignment
between surgical videos and their textual descriptions.

As shown in Fig. 3(b), we employ the InfoNCE [34] for
contrastive video-language pretraining. Specifically, for each
of the aforementioned hierarchical levels, the visual features
v; and their corresponding annotation text embeddings f; are
treated as positive pairs P,, while the unpaired ones are
treated as negative pairs N,. Then, the contrastive training loss
InfoNCE [34] can be formulated as:

5 > exp (viTt,- / T)
1 vit)EP]
LinfoNCE = ~5 Z log =

i=1

bl

T ,f rame

ey
exp (v ;/7)
Vit)EPIUNT
where B denotes the batch size and 7 is a temperature hyper-
parameter. The loss function facilitates cross-modal alignment
by maximizing the cosine similarity between paired video and
text representations, while minimizing the similarity between
unpaired ones. We apply contrastive training to the frame level,
operation level, and video level, respectively:
F Operati Vid

£1nf0NCE = Elnrf;"ﬁCE + Emﬁfi;‘\l/g? + ‘Clrif{eifl)\/CE 2)
Through hierarchical contrastive learning, the model gradually
captures fine- to coarse-grained semantic correspondences
across modalities.

C. Temporal Alignment Learning

Contrastive loss leverages image—text pairs for cross-modal
learning. In addition, we propose Lprw, which employs tem-
poral alignment to semantically pretrain the model using visual
features.

1971

Algorithm 1 DTW to Align Video Sequences
Input: Cost matrix C, sequence V; of length Ny,
sequence V5 of length Ny
Output: Total alignment distance DTW (C')
procedure AlignSequences (C, Vp, Vo) :
Set 7 to N7 and j to No;
Initialize DTW (C) to 0;
while i > 0 and 7 > 0 do
DTW(C) = DTW(C) + CIi][j];
ifi>1and j > 1 and
Cli —1)[j — 1] < C[i — 1][j] and
Cli —1][j — 1] < C[i][j — 1] then

ii—1;
J<J—L
else
if i > 1 and C[i — 1][j] < C[i][j — 1] then
| i1
else
| j+Ji—1

return DTW (C);

As shown in Fig. 3(c), in each batch, we randomly sample K
surgical operations. For each operation, we randomly sample
a different number of video segments in two separate passes,
constructing two video sequences: V| = [v{,v},...,vp] and
V, = [v%,v%,...,v%], where B denotes the batch size. We
use Lprw to learn the latent correspondences between the
video sequences V| and V,. Specifically, we construct a cost
matrix C € RE*K between the video sequences based on
their embeddings, where each element c;; is computed using
a distance function D. We adopt the same distance function
as defined in [16]:

exp (v v3/5)
Y exp (v vi/B)

where § is a temperature hyperparameter. After obtaining the
cost matrix C, we apply Dynamic Time Warping (DTW) to
identify the minimum cost path that aligns the video segments
in the sequences V; and V,, as shown in Algorithm 1. We
adopt the approach proposed in [47] to make the DTW func-
tion differentiable, thereby enabling gradient backpropagation
during training. A significant advantage of using DTW is that it
eliminates the need for additional temporal modeling modules,
such as recurrent neural networks or attention mechanisms for
capturing temporal dependencies. This simplification allows
the model to focus on learning more effective representations
by directly aligning video segments based on their semantics.

Furthermore, we make the intuitive assumption that the
global semantics of a video sequence and its reversed coun-
terpart are inherently different. Consequently, aligning video
segments V| with V, should result in a lower alignment cost
compared to aligning V; with the reversed sequence of Vj.
Based on this assumption, we construct a temporally reversed
version of V,, denoted as V, = [v3,v3_,,...,v?], and compute
the corresponding cost matrix C between the video sequence

cij = D(vil,vi) = —log

3)
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V, and V,. The minimum alignment cost is then obtained
as DTW(C). To encourage correct temporal alignment, we
introduce a DTW-based contrastive regularization formulated
as a hinge loss:

Lprw = max (DTW(C) - DTW(C), ¢). 4)

The Lprw learns generalizable surgical visual features by per-
forming temporal alignment between different video segments
of the same surgical operation.

D. Learning Objectives

We train our model using hierarchical contrastive learning
and temporal alignment learning. The final learning objectives
can be formulated as:

L = Lifonce + ALprw, )

where A is the hyperparameter to scale two losses.

V. EXPERIMENTS

Datasets. Our pertaining is conducted on the OpenSurgery-
Pretrain dataset. The pertaining dataset includes hierarchical
textual annotations of open surgery videos. We evaluate
our model on the OpenSurgery-EVAL dataset for operation
recognition and temporal action localization under the fully
supervised training (SFT) setting. Additionally, we evaluate
our pretrained model on a zero-shot cross-modal retrieval task
spanning multiple hierarchical levels.

Training Parameters. We utilize the CLIP-ViT-B-16 [35]
as our backbone. We train the model with a batch size of
512/32/16 for frame-/operation-/video-level, respectively. We
sample 16/32 frames for the videos of operation-/video level.
We use Adam optimizer [23] with a learning rate of 2.2¢ — 5.
We set the weighting coefficient A in Equation 5 to 1. We
pretrain our model on the OpenSurgery-Pretrain dataset using
4 80 GB NVIDIA A100 GPUs for 200 epochs, which took
approximately 70 hours, and finetune it on the OpenSurgery-
EVAL dataset for 100 epochs, which took about 20 hours.

A. Zero-Shot Cross-Modal Retrieval

1) Task Description: We evaluate the cross-modal align-
ment capability of the pretrained models by performing
zero-shot image-to-text and text-to-image retrieval tasks on the
OpenSurgery-EVAL dataset across the frame, operation, and
video levels. We provide hierarchical labels for the test set of
OpenSurgery-EVAL.

2) Results: The results of zero-shot cross-model retrieval
are presented in Tab. II. We compare our method with a
cross-encoder approach, ALBEF [24], and two CLIP-based
methods, ViFi-CLIP [36] and X-CLIP [30]. ViFi-CLIP [36]
and X-CLIP [30] are evaluated in two versions: 1) using
the pretrained ViT-B/16 model, and 2) pretraining with
weights from the Kinetics 400 [22] dataset. The results show
that HierSKP consistently outperforms other methods across
the frame, operation, and video levels, demonstrating that
our hierarchical pretraining scheme significantly enhances
the model’s generalization ability for zero-shot cross-modal
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retrieval in open surgery. Additionally, we find that for both
X-CLIP [30] and ViFi-CLIP [36], the versions pretrained on
ViT-B/16 achieve higher zero-shot cross-modal retrieval accu-
racy than those pretrained on Kinetics 400 [22], suggesting that
ViT-B/16 pretraining provides better generalization than
Kinetics 400 [22] pretraining in surgical scenarios.

B. Temporal Action Localization

1) Task Description: Temporal action localization (TAL)
is the task of identifying and localizing all action instances
within an untrimmed video by accurately predicting their start
and end timestamps, as well as assigning the correct action
category to each instance. Unlike action classification, which
assumes temporally trimmed inputs, TAL must operate on
continuous video streams that may contain multiple actions
interspersed with irrelevant or background content, making it
substantially more challenging.

2) Results: The results of temporal action localization are
shown in Tab. III. TAL pipelines commonly first extract
video features using diverse action classification networks,
and then perform action localization based on the extracted
features using different methods. To assess the generalization
capability of the features extracted by our proposed approach,
we employ X-CLIP [30], ViFi-CLIP [36], and HierSKP to
extract video features, followed by applying various TAL
methods to perform action localization.

We report the standard mean Average Precision (mAP) at
various temporal Intersection over Union (tloU) thresholds,
which are commonly used to evaluate TAL methods. The tloU
metric measures the overlap between two temporal segments,
defined as the 1D Jaccard index. For a given tloU threshold,
mAP is computed by averaging the average precision (AP)
over all action categories. Additionally, we report the average
mAP, which is the mean of mAP scores across multiple tloU
thresholds. Experimental results show that the video features
extracted by our method achieve the best performance across
all TAL methods. Specifically, when used with ActionFormer,
DyFADet, TriDet, and TemporalMaxer, our features improve
the average mAP by at least 4.9%, 6.5%, 6.8%, and 5.9%,
respectively, compared to other feature extractors. The quali-
tative results are presented in Fig. 4. The results demonstrate
that by pretraining on the OpenSurgery-Pretrain dataset, our
method achieves the best generalization performance on the
temporal action localization task.

C. Surgical Operation Recognition

1) Task Description: Surgical operation recognition serves
as a proxy task for evaluating a model’s ability to compre-
hend surgical scenes. The objective is to classify trimmed
surgical video segments into predefined operation categories,
which necessitates the model’s understanding of the presence
and interaction of surgical instruments and anatomical struc-
tures by capturing meaningful visual features throughout the
procedure.

2) Results: The results of surgical operation recognition
are shown in Tab. IV. We compare our method against C2D
[17], SlowFast [10], X3D [9], and I3D [3], as well as two
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TABLE I

ZERO-SHOT CROSS-MODAL RETRIEVAL RESULTS (%) ON THE OPENSURGERY-EVAL DATASET. IN EACH SETTING, THE BEST RESULT
Is MARKED IN BOLD AND THE SECOND-BEST RESULT IS MARKED WITH AN UNDERLINE

Frame-Level Operation-Level Video-Level
Pretrain Method Top-1 Top-5 Top-10 | Top-1 Top-5 Top-10 | Top-1 Top-5 Top-10
Image-to-Text (%)
. X-CLIP [30] 0.1 0.2 0.4 13.3 79.1 93.0 14.2 35.8 442
ViT-B/16
ViFi-CLIP [36] | 0.2 0.6 1.0 343 804 923 | 250 425 508
. X-CLIP [30] - - 22.7 79.1 93.2 13.3 35.0 46.7
Knetics 400
ViFi-CLIP [36] 0.1 0.2 0.3 18.8 78.6 87.3 19.2 36.7 442
Conceptual Captions, SBU Captions,
COCO, Visual Genome ALBEF [24] 0.1 0.2 0.4 11.2 74.3 84.2 10.2 28.7 38.5
OpenSurge HierSKP(ours) 59 19.8 30.5 64.6 9.3 98.3 29.2 58.3 66.7
Text-to-Image (%)
. X-CLIP [30] 0.0 0.0 0.1 7.7 154 23.1 0.8 10.0 12.5
ViT-B/16
ViFi-CLIP [36] 0.2 0.5 0.7 385 462 46.2 125 275 319
. X-CLIP [30] - - 23.1 30.8 30.8 10.8 25.8 342
Knetics 400
ViFi-CLIP [36] 0.1 0.2 0.3 38.3 51.5 61.2 10.8 25.8 31.7
Conceptual Captions, SBU Captions,
COCO, Visual Genome ALBEF [24] 0.1 0.2 0.3 52 9.8 18.5 1.2 8.9 12.6
OpenSurge HierSKP(ours) 4.6 16.4 26.1 38.7 53.8 61.5 31.7 50.8 58.3
TABLE III

TEMPORAL ACTION LOCALIZATION RESULTS (%) ON THE OPENSURGERY-EVAL DATASET. WE REPORT MAP ATDIFFERENT TIOU THRESHOLDS.
AVERAGE MAP IN [0.3:0.1:0.7] Is REPORTED. IN EACH SETTING, THE BEST RESULT IS MARKED IN BOLD, AND THE SECOND-BEST
RESULT IS MARKED WITH AN UNDERLINE

Method Feature 0.3 0.4 0.5 0.6 0.7 Avg.
X-CLIP [30] 13.4 11.1 8.6 52 1.9 8.0

ActionFormer [59] ViFi-CLIP [36] 14.4 12.6 9.6 6.9 4.0 9.5
HierSKP(ours) 21.3 19.2 16.4 8.9 6.3 144

X-CLIP [30] 132 11.1 7.7 4.6 2.2 7.8

DyFADet [52] ViFi-CLIP [36] 11.6 9.2 6.9 4.4 2.8 7.0
HierSKP(ours) 22.1 18.8 14.6 10.2 5.6 14.3

X-CLIP [30] 13.1 11.3 7.3 52 39 8.2

TriDet [43] ViFi-CLIP [36] 139 114 9.7 6.5 59 9.5
HierSKP(ours) 24.8 20.2 16.5 13.2 7.0 16.3

X-CLIP [30] 182 14.6 9.0 5.1 17 9.7

TemporalMaxer [44] ViFi-CLIP [36] 18.3 14.8 12.6 9.9 4.0 11.9
HierSKP(ours) 28.1 22.5 18.0 11.6 8.7 17.8

CLIP-based models, ViFi-CLIP [36] and X-CLIP [30]. These
models are evaluated in three versions: 1) training from
random initialization, 2) using the pretrained ViT-B/16 model,
and 3) pretraining with weights from Kinetics 400 [22],
which is a human action recognition dataset. We report the
Top — N accuracy by retrieving the nearest neighbors for
each query and checking whether the corresponding ground-
truth element appears among the top N results. The results
show that HierSKP achieves the highest Top-1 and Top-5
accuracies, outperforming other methods by at least 4.2% and
2.5%, respectively. The results demonstrate that by pretraining
on the OpenSurgery-Pretrain dataset, our method achieves the

best generalization performance on the operation recognition
task.

D. Ablation Studies on Different Learning Objectives

We conduct ablation studies on various learning objectives
for the operation recognition task on the OpenSurgery-EVAL
dataset. Table V presents the results of different config-
urations. The first row, in which no loss functions are
applied, corresponds to the result obtained by fine-tuning the
ViFi-CLIP [36] model on the OpenSurgery-EVAL dataset
using pretrained weights from Kinetics-400, without any
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Fig. 4. Qualitative results of TemporalMaxer [41] in the temporal action localization task, obtained with video features extracted by X-CLIP [30], ViFi-CLIP

[36], and HierSKP, respectively.

TABLE IV

Top-1 AND TOP-5 ACCURACY (%) FOR SURGICAL OPERATION RECOGNI-
TION ON THE OPENSURGERY-EVAL DATASET. THE BEST RESULT IS
MARKED IN BOLD, AND THE SECOND-BEST RESULT IS
MARKED WITH AN UNDERLINE

TABLE V

ABLATION STUDY OF DIFFERENT TRAINING OBIJECTIVES THROUGH
OPERATION RECOGNITION EXPERIMENTS ON THE OPENSURGERY-
EVAL DATASET. WE REPORT TOP-1 AND TOP-5
ACCURACY IN THIS TABLE

Pretrain Method Top-1 Top-5

C2D [17] 40.6 87.5

Random Slowfast [10] 40 89.4

Initialization X3D [9] 45.5 89.3

13D [3] 36.4 88.1

. X-CLIP [30] 68.7 92.5

ViT-B/16

ViFi-CLIP [36] 67.5 91.5

C2D [17] 53.3 89.7

Slowfast [10] 60.5 92.1

. X3D [9] 38.6 89.2
Knetics 400

13D [3] 54 89.7

X-CLIP [30] 70.2 939

ViFi-CLIP [36] 69.7 93.8

OpenSurgery-Pretrain HierSKP(ours) 74.4 96.4

pretraining on the OpenSurgery-Pretrain dataset. From the
results, we can find that applying Lj,sonce at different lev-
els consistently improves the model’s accuracy. Specifically,

incorporating LZ’%’;&CE yields a Top-1 accuracy improvement

of 0.8%. Building upon this, adding Eggf:;’gg’ further increases

chrame p  LOPiiaen  LVHS oy Lorw  Top-1 Top-5
X X X X 69.7 93.8
v X X X 70.5 94.5
v v X X 72.8 95.7
4 v v X 73.3 96.1
v v v v 74.4 96.4

the performance by 2.3%, and applying L}/4, on top of

both yields an additional 0.5% gain, demonstrating the cumu-
lative benefit of our hierarchical contrastive learning scheme.
Furthermore, when we append Lprw for temporal alignment
learning, the Top-1 accuracy is further improved by 1.1%.
The experimental results have validated the effectiveness of
our proposed learning objectives for surgical video-language
pretraining.

E. Ablation Studies on Hyperparameters

We conduct ablation studies on hyperparameters for the
operation recognition task on the OpenSurgery-EVAL dataset.
Fig 5(a) presents the results under different settings of the
weighting coefficient A. The results show that HierSKP
achieves the best performance when A = 1. Fig. 5(b) illustrates
the results under different values of the number of selected
surgical operations K per batch for Lprw. The results show
that as K increases, the model performance initially improves,
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Fig. 5. (a) Ablation study on the weighting coefficient 1. (b) Ablation study
on the number of selected surgical operations K.

achieving optimal performance at K = 4, and then gradually
declines as K continues to grow.

F. Quantitative Assessment of Frame-Level Annotations
Against Human Annotations

We conducted a quantitative comparison between the frame-
level annotations generated by Qwen2-VL and manually
curated annotations on 100 randomly sampled frames. We
evaluated the agreement using the standard caption similarity
metric BERTScore. Specifically, we sampled 100 frames from
the OpenSurgery dataset and invited five annotators to provide
manual annotations for these frames. We then computed the
BERTScore for each annotator’s description and reported the
average score. The results show an average BERTScore of
0.76, indicating strong alignment between the automated and
manual annotations and suggesting that the noise introduced
by the automated annotation is limited, and that the generated
annotations are sufficiently reliable for model training.

VI. CONCLUSION

Open surgery understanding remains underexplored, pri-
marily due to its inherent complexity and the lack of
large-scale, diverse datasets. To address these challenges, we
first introduce OpenSurgery, the largest and most diverse
video—text dataset to date for open surgery understanding.
OpenSurgery consists of two subsets: OpenSurgery-Pretrain
and OpenSurgery-EVAL. OpenSurgery-Pretrain consists of
843 publicly available open surgery videos for pretraining,
spanning 102 hours and encompassing over 20 distinct surgical
types. OpenSurgery-EVAL is a benchmark dataset for evaluat-
ing model performance in open surgery understanding, com-
prising 280 training and 120 test videos, with a total duration
of 49 hours. Each video is meticulously annotated by expert
surgeons across three hierarchical levels: video, operation, and
frame. Building on this foundation, we propose HierSKP, a
hierarchical multimodal pretraining framework that integrates
granularity-aware contrastive learning with a Dynamic Time
Warping (DTW)-based temporal alignment objective. Exten-
sive experiments on operation recognition, temporal action
localization, and zero-shot cross-modal retrieval demonstrate
that our proposed HierSKP framework achieves state-of-the-
art performance in generalized zero-shot learning and offers a
strong visual representation that serves as a general initializa-
tion for a wide variety of open surgery understanding tasks.
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