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Abstract

Vision-language pretraining (VLP) enables open-world
generalization beyond predefined labels, a critical capa-
bility in surgery due to the diversity of procedures, instru-
ments, and patient anatomies. However, applying VLP to
ophthalmic surgery presents unique challenges, including
limited vision-language data, intricate procedural work-
flows, and the need for hierarchical understanding, ranging
from fine-grained surgical actions to global clinical reason-
ing. To address these, we introduce OphVL, a large-scale,
hierarchically structured dataset containing over 375K
video-text pairs, making it 15% larger than existing surgi-
cal VLP datasets. OphVL captures a diverse range of oph-
thalmic surgical attributes, including surgical phases, op-
erations, actions, instruments, medications, disease causes,
surgical objectives, and postoperative care recommenda-
tions. By aligning short clips with detailed narratives and
full-length videos with structured titles, OphVL provides
both fine-grained surgical details and high-level procedural
context. Building on OphVL, we propose OphCLIP, a hi-
erarchical retrieval-augmented VLP framework. OphCLIP
leverages silent surgical videos as a knowledge base, re-
trieving semantically relevant content to enhance narrated
procedure learning. This enables OphCLIP to integrate ex-
plicit linguistic supervision with implicit visual knowledge,
improving ophthalmic workflow modeling.  Evaluations
across 11 benchmark datasets for surgical phase recogni-
tion and multi-instrument identification demonstrate Oph-
CLIP’s robust generalization and superior performance, es-
tablishing it as a foundation model for ophthalmic surgery.
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Figure 1. Dataset comparison and results comparison. Top:
comparison of our OphVL with existing fully-supervised learning
(FSL), VLP, and Q&A datasets. Bottom: accuracy comparison of
CLIP, CLIP* (CLIP fine-tuned on OphVL dataset), and OphCLIP
(ours) on phase recognition datasets.

1. Introduction

The advancement of surgical Al offers opportunities to
enhance surgeons’ capabilities and revolutionize surgical
workflows [44, 53, 63]. A key objective is to develop a gen-
eralist multi-modal system that can comprehend diverse sur-
gical scenes and communicate with medical professionals
using natural language [54], enhancing preoperative plan-
ning, intraoperative assistance, and postoperative manage-
ment. While surgical data science has made progress in uni-
modal tasks like surgical phase recognition [17, 32, 55, 64],
instrument segmentation [6, 27, 42, 43, 59, 78], and lesion
detection [3, 22, 37, 60, 61], the exploration of multi-modal



representation learning remains limited.

In general computer vision, models like CLIP [47] have
shown success in understanding visual concepts through
natural language supervision [30, 34], enabling a shift from
task-specific to generalist models [39, 79, 80] with less
downstream task-specific fine-tuning [65, 77]. However,
surgical multi-modal representation learning poses unique
challenges, including specialized medical terminology, and
limited data availability, making large-scale datasets diffi-
cult to achieve. These challenges, along with the need for
expert annotation and the complexity of surgical video data,
often spanning several hours and involving domain-specific
activities within a confined field of view, highlight the gap
between general computer vision datasets [2, 36, 47] and
surgical datasets [16, 17, 71], as shown in Fig. I, demand-
ing an innovative solution.

To address this, we develop OphVL, the first large-
scale VLP dataset for ophthalmic surgery understanding,
featuring 375K carefully processed video-text pairs from
7.5K hours of narrative open-source surgical videos. These
videos cover diverse attributes, including surgeries, phases,
instruments, medications, and advanced aspects like eye
disease causes, surgical objectives, and postoperative re-
covery recommendations. Unlike previous datasets with
noisy and weakly aligned video-text pairs [35], OphVL ap-
plies extensive data processing and large language models
(LLMs) to align the video-text pairs and enrich the textual
information. We define essential concepts (surgery type,
operation type, instrument, medication, anatomy, and sur-
gical objective) and use LLMs to refine narrative texts to
focus on these concepts, enriching the textual information at
observational and reasoning levels. We then segment video
clips and pair them with narrations, while linking full videos
to title summaries to create hierarchical video-text pairs at
both clip and video levels. Most previous datasets focus
only on narrative videos [2, 35] and overlook the potential
of large-scale silent surgical videos. Therefore, our OphVL
also includes 30K silent videos as an additional knowledge
base to introduce implicit visual knowledge for pretraining.

We introduce OphCLIP, a hierarchical retrieval-
augmented VLP framework for ophthalmic surgical
workflows designed to leverage hierarchical video-text
pairs and silent video knowledge base from the OphVL
dataset. This approach is inspired by how surgeons often
break down the understanding of long surgical videos into
shorter segments, using this granular knowledge to inform
their understanding of silent procedural videos. Surgeons
often begin by studying narrated surgical videos to learn
specific techniques, building foundational knowledge
through the sequence of narrations and the title summaries.
When transitioning to silent videos with similar content,
they leverage these learned representations to effectively
transfer the knowledge.

Similarly, OphCLIP learns short- and long-term visual
representations by pairing short video clips with detailed
narrative texts for fine-grained features and longer video
segments with high-level title summaries for broader con-
text. This approach captures procedural flow and high-
level decision-making by integrating both fine- and coarse-
grained information. We also introduce retrieval-based aug-
mentation during the pretraining by constructing a dynamic
knowledge base from large-scale silent surgical videos,
storing visual and textual embeddings. By retrieving se-
mantically similar silent videos, we add them as auxiliary
supervisory signals, facilitating knowledge transfer across
narrative and silent procedure videos. OphCLIP integrates
these signals into its pretraining framework, learning robust,
transferable representations for diverse ophthalmic proce-
dures and achieving state-of-the-art zero-shot performance,
as shown in Fig. 1. Our contributions are as follows:

e OphVL Dataset: We construct OphVL, the first large-
scale and most comprehensive VLP dataset for oph-
thalmic surgical understanding to date, comprising 375K
clip-text pairs with a total duration of 7.5K hours,
which is 15x larger than the current largest surgical
VLP dataset. OphVL includes tens of thousands of
different combinations of attributes, such as surgeries,
phases/actions, instruments, medications, as well as more
advanced aspects like the causes of eye diseases, surgical
objectives, and postoperative recovery recommendations.

e OphCLIP: We present OphCLIP, a hierarchical oph-
thalmic surgical VLP framework that aligns short video
clips with narrative texts and full videos with high-level
summaries, enhancing both fine-grained and long-term
visual representation learning. By incorporating silent
videos using retrieval-based supervision, OphCLIP en-
riches its video understanding and learns robust represen-
tations for diverse surgical procedures.

e Comprehensive Zero-shot Evaluation: We conduct
extensive evaluations and ablation studies of OphCLIP
across 11 datasets (sub-datasets) in two tasks: phase and
multi-instrument recognition, demonstrating strong gen-
eralizationability across tasks of varying granularities.

2. Related Work

Surgical Vision-Language Pretraining. Recent research
on deep learning for surgical applications has primarily fo-
cused on uni-modal tasks. However, it has largely over-
looked advancements in next-generation vision-language
models (VLMs) [58, 67, 73] and GPT frameworks [40,
46, 66, 76], which enables broader computer vision appli-
cations. Many studies have demonstrated the efficacy of
utilizing natural language supervision from aligned text to
acquire robust visual representations [2, 74]. These meth-
ods typically leverage contrastive learning [4 1] to associate
videos (or images) with their corresponding narrations (or
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Datasets \ Modality Source Pairs Generation Text  Videos Images Pairs/QA/Clips Avg. Clip Length
HowTol00M [35] Natural Self-built Automatic Caption 1.2M - 136M 4s
ANet-Captions [24] Natural Public Manual Caption 20K - 100K -
Endo-FM [68] Endoscope Public&Private - - - 500M 33K 5s
SurgVLP [71] Endoscope Self-built Automatic Caption 1,326 - 25K 6s
GenSurg+ [16] Endoscope Public Automatic Caption  1.8K - 17K 45s
Surg-QA [28] Endoscope Public&Self-built Automatic QA 2,151 - 102K 20s
GP-VLS [53] Endoscope Public Automatic QA - - 120K -
OphNet2024 [17] | Ophthalmic Scope Self-built Manual FSL 1,969 - 17,508/14,674 18s/22s
OphVL (Ours) ‘ Ophthalmic Scope Self-built Semi-automatic ~ Caption 44,290 960M 375K 72s

Table 1. Comparison of OphVL with existing FSL, self-supervised pre-training, VLP, and Q&A datasets in natural and surgical
modalities. OphVL encompasses larger-scale video-text pairs, which is 15x larger than the current largest surgical VLP dataset. For
OphNet2024, “*/*” denotes operation/phase level. “Public” denotes that the data comes from open-source datasets, while “Self-built”

denotes that the dataset has been newly collected and organized.

captions). However, they face sample efficiency challenges
with surgical VLP datasets due to noisy transcriptions, lim-
ited variability in phase-level descriptions, and strong tem-
poral dependencies in surgical procedures. Recent work
has improved data efficiency and zero-shot performance in
CLIP-like models through techniques such as text augmen-
tation via EDA [31], masked token modeling [62], cap-
tioning loss [70], and knowledge-based, hierarchical-aware
augmentations [72, 75]. However, the limited scale of sur-
gical video-language pretraining datasets and unique chal-
lenges of surgical videos, such as extended durations, nar-
row fields of view, and procedural variability, continue to
restrict the development and evaluation of surgical VLMs.
Video Data for Self-Supervision. Recent studies increas-
ingly leverage video data for enhancing self-supervised
learning in VLMs [25, 26, 52]. Large datasets from mil-
lions of publicly available YouTube videos support train-
ing across diverse scenarios, and localized narratives pro-
vide dense, frame-level annotations that benefit both single-
image and temporal tasks. In medical applications, similar
efforts have been directed toward constructing large-scale
multimodal datasets, utilizing sources like hospital-based
radiological reports [8, 23] and publicly accessible plat-
forms such as YouTube and Twitter [19, 20, 71] for vision-
language pretraining. Although video data introduces noise
from varying quality and unfiltered content, advancements
in automatic speech recognition (ASR) mitigate this issue
by enabling large-scale extraction of cleaner text data di-
rectly from audio tracks, improving dataset relevance and
model reliability [20]. Large language models (LLMs) fur-
ther aid annotation by offering context-aware insights, re-
ducing manual labeling needs, and enhancing coherence.
Retrieval-augmented Models. In the NLP field, retrieval-
augmented language models leverage external knowledge
to boost performance across tasks [5, 49]. Similarly, re-
cent advancements in the vision-language domain retrieve
semantically related samples to enhance tasks, such as im-
age recognition [21, 33], captioning [29, 50, 51, 69], and
knowledge-based visual question answering [57]. While
vision-language pretraining [18] has adopted retrieval-

augmentation, with the CLIP model for cross-modal re-
trieval, it mainly targets images and is suboptimal for surgi-
cal video data, particularly in linking narrative and silent
procedural videos. In contrast, our OphCLIP builds a
dynamically updated knowledge base with video titles as
queries for efficient cross-video retrieval and pretraining.

3. Data Engine

We develop OphVL, a dataset of large-scale ophthalmic
surgery video-text pairs for VLP. OphVL curation pipeline
comprises the following steps: (1) collecting real-world
ophthalmic surgery channel and video data, (2) filtering
ophthalmic surgery videos based on a specific “narrative
style”, (3) extracting and denoising video segments and nar-
ration texts from videos using various models, tools, and al-
gorithms, (4) rewriting narration texts via LLMs to focus on
essential surgery-specific concepts, and finally, (5) extract-
ing frames from video clips to construct video-text pairs.

3.1. Collecting Clip and Text Pairs from YouTube

Collecting Representative Channels and Videos. In col-
laboration with three practicing ophthalmologists, we com-
pile a comprehensive list of over 3K terms relevant to
ophthalmic surgery, derived from extensive literature re-
view. These terms encompass but are not limited to, sur-
gical names, procedural steps, instrument usage, medica-
tions, and postoperative complications. Using these key-
words, we manually search YouTube to identify ophthalmic
surgery channels. Based on our experience, channel-based
searches yield a more concentrated and higher-quality col-
lection of ophthalmic surgical videos than individual key-
word searches. Ultimately, we identify the YouTube chan-
nel IDs for 410 ophthalmic surgery videos and download
them in bulk. During the download process, we prioritize
the highest-resolution versions, filtering out videos shorter
than 30 seconds or with resolution below 224p, resulting in
a collection of approximately 100K videos.

Filtering for Narrative-Style Surgical Videos. In this
step, we assess each video from each channel to determine
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The procedure involves performing a YAG capsulotomy on an aphakic eye (an eye without a lens). During the surgery, a
YAG laser is used to open the posterior capsule, which may allow liquefied vitreous to move from the posterior to the
anterior segment of the eye.

goniotomy, scleral suturing)

surgery type (e.g.,
trabeculectomy,
PHACO)

The procedure involves cataract extraction and intraocular lens (IOL) implantation. Key steps include making the
initial incision, removing the lens, and positioning the IOL. Instruments such as forceps and a phacoemulsification
probe are used. The relevant anatomy includes the cornea, iris, lens capsule, and aqueous humor.

Figure 2. Overview of OphVL construction pipeline. The curation pipeline starts with collecting real-world ophthalmic surgery videos
and channels using over 3K expert-identified keywords. Next, we filter videos based on their “narrative style” to ensure rich explanatory
content. For text extraction, we use ASR models to transcribe audio, followed by denoising and quality control using NTLK and Sur-
gicBERTa to refine and correct medical terminology. Post-processing is done using LLMs to extract structured surgical descriptions.

(1) whether it depicts real ophthalmic surgeries or contains
usable surgery segments, and (2) whether it qualifies as a
narrated video with rich explanatory voiceover. For (1), we
identify relevant videos by extracting keyframes, which are
automatically generated using PySceneDetect to mark the
start or end of scenes with significant visual changes. We
then train and apply a ResNet-50 image classifier to deter-
mine if the keyframes are microscope images of ophthalmic
surgeries. Videos with over 80% of keyframes classified as
ophthalmic microscope images are labeled as valid videos.
For (2), we use it to detect the proportion of human voice
in the video, setting a threshold of 0.2. Videos below this
threshold are flagged as silent or lacking sufficient explana-
tory narration. For these videos, we collect their titles and
clip metadata to construct a knowledge base, which we use
to enhance representation learning.

3.2. Text Extraction using ASR and Text Denoising

To tackle the challenges of ASR with medical terminol-
ogy in YouTube captions, we employ the large-scale open-
source Whisper Large-V3 model [48] for speech-to-text
conversion by directly transcribing entire speech segments.
We then develop a transcription denoising and quality con-
trol pipeline consisting of: (i) applying the Rake keyword
extraction algorithm to identify key phrases (up to four
words) and refining them by removing stopwords; (ii) using
SurgicBERTa [4], a language model pre-trained on surgical
texts, to validate and correct each refined entry for align-

ment with known surgical terminology and context; (iii)
conditioning a large language model with example prompts
to correct spelling errors within sentence context; and (iv)
prompting the language model to provide structured sum-
maries of the captions, focusing on key components such as
surgery type, phase/action, instrument, medication, anatom-
ical target, and procedure goal.

3.3. Aligning Clip/Image and Text Pair

Due to frequent sentence segmentation discontinuity in
Whisper transcriptions—where coherent sentences are of-
ten split across multiple timestamps, we develop a heuristic
algorithm that merges timestamps based on punctuation and
linking words, ensuring semantic continuity and improving
GPT-40 summaries. For clip extraction, we align segments
with subtitle timestamps. For silent videos, the classifier
(Sec. 3.1) samples frames at 1 FPS to extract surgical clips.
Titles and metadata are collected to build a knowledge base,
enhancing representation learning. Finally, for all clip-text
pairs, frames are extracted at 0.5 FPS for pre-training.

3.4. OphVL Statistics

As shown in Tab. 1, the final OphVL dataset comprises
375,198 clip-text pairs extracted from 13,654 narrated
videos and 30,636 silent videos (totaling 9363 hours). On
average, the clips have a duration of 72 seconds and a res-
olution of 1500912, with over 65% of the videos having
a resolution equal to or greater than 1280x720. Accord-
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ing to our rough estimation, our textual concepts include
tens of thousands of different combinations of attributes,
such as surgeries, surgical phases/operations/actions, sur-
gical instruments, medications, as well as more advanced
aspects like the causes of eye diseases, surgical objectives,
and postoperative recovery recommendations. Please refer
to the supplementary for more dataset statistical details.

4. OphCLIP

We introduce OphCLIP, the hierarchical retrieval-
augmented video-language pretraining framework, in-
cluding hierarchical video-text correspondences (Sec. 4.1),
our contrastive learning approach for fine- and coarse-
grained representations (Sec. 4.2), and our strategy for
leveraging silent videos as a knowledge base to enhance
representation learning (Sec. 4.3).

4.1. Hierarchically Video-text Correspondences

We leverage our curated OphVL dataset to train OphCLIP.
The OphVL dataset, illustrated in Fig. 3, is a partially hi-
erarchically annotated video collection, denoted as ¥ =
{(v/",N! T”)}‘j’v‘ u{(vy, TS)}MS‘ Here, 9y contains nar-
rative Vldeos (V") paired with clip-level narrations (V') that
describe surgical observations and reasoning, as well as
high-level video summaries (7;"). In contrast, s comprises
silent videos (V;*) paired only with video-level summaries
(T?). Each video, whether narrative or silent is segmented

into clips, represented as V;' nfs ={v /s ‘} i1 | with each clip
v;j providing a visual counterpart to the narration 7;; in nar-
rative videos. For instance, a clip’s narration describes ‘“The
anterior chamber is under-filled...” while the high-level title
summarizes the procedure as “Application of B-HEX in a
small-pupil Phaco surgery...”. This hierarchical text struc-
ture allows the model to capture both fine-grained surgical
details at the clip level and overall procedural goals at the
video level, enabling robust vision-language representations
across diverse granularity levels.

4.2. Hierarchical Vision-language Pretraining

OphCLIP has two pretraining stages: clip- and video-level
pretraining to learn fine, short-term, and coarse, long-term
representations, respectively. OphCLIP adopts CLIP-like
architecture [47], using visual and textual encoders, f, and
f:» to generate embeddings for frames and texts. A sin-
gle set of visual and textual encoders is used across both
pretraining stages. For clip-level pretraining, each video
clip vj; is paired with its narration n;; to learn short-term
representations, denoted as f,(v};) and f;(n;;). At video
level, the entire video V; (including both narrative and silent
types) is paired with a summary text 7; to form long-term
features, represented by f,(V;) and f;(7;). This high-level
summary f;(7;) captures the overall semantic context, sup-

porting deeper long-term reasoning within visual represen-
tations.

Clip-level Pretraining. For OphCLIP’s clip-level pre-
training, we use an InfoNCE loss [41] to align short-term
video clips v;; with their corresponding narration texts 7;;.
This objective maximizes similarity between visual features
fv(vij) and textual features f;(n;;), as shown in Eq. 1:

L

1 ilo exp(fy(viy) " fi(nij)) (1)

i B A0 YE exp(fulvig) | fi(ng))

where B is the batch size. Positive pairs consist of tempo-
rally aligned video-text pairs, while other pairs in the batch
serve as negatives, enabling OphCLIP to learn from short-
term video-text correspondences.

To further refine visual features, we incorporate Sim-
Siam self-supervision [7]. By applying random augmen-
tations to create two views of each video clip, we maximize

s o . . . w .
similarity within positive pairs, formalized as Lchp

wo_ exp(fy(vij) T fi(nij))
Ly = 5L log T exp(fu (viy)fu(Aug(viy)) " 2)

The combined clip-level objective, Lejip = LCllp lip?
strengthens fine-grained visual-textual alignment.
Video-level Pretraining. At the video level, we aim to cap-
ture long-term procedural context by aligning each narrative
video’s high-level title summary 7" with a sequence of video
segments V; = {v;i, --Vijv; }- This process uses the following
loss:

J parative _ u exp(fv( 1) H(Th))
= . 3
Fdeo 21 I el AT0)

This objective aligns the entire video representation
fv(V;) with its summary f;(7;) while treating summaries
from other videos as negatives. To efficiently obtain long-
term visual representations for whole procedure videos, we
aggregate short-term video clip features. This approach en-
sures computational efficiency and preserves frame-wise vi-

sual features, represented as f,(V;) = Agg ( fr(vi j)l il )

4.3. Silent Videos as Knowledge Pool

In addition to learning representations from the narrative
videos, our OphCLIP explores silent surgical videos to
form a contextual knowledge base that facilitates knowl-
edge transfer and enriches multi-modal representations, as
shown in Fig. 3. Using the title of a narrative video as
a query, the retriever matches it to relevant silent videos
stored in the memory bank, enhancing OphCLIP’s long-
term visual representations by integrating additional proce-
dural context from these silent videos.

Query Encoding. To retrieve relevant information from
silent videos, we first encode the titles of narrative videos
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Figure 3. OphCLIP’s framework for video-language pretraining. OphCLIP performs vision-language pretraining at both clip and
video levels, learning short-term visual representations from narrations and long-term representations from titles, enhanced by a knowledge
base. OphCLIP has several components: Narrative videos with associated narrative texts are processed through visual and text encoders,
creating clip-level multi-modal embeddings; Silent videos’ multi-modal embeddings are stored in the dynamically updated memory bank,
constructing the knowledge base; Video-level pretraining uses maximum inner product search to retrieve relevant top-K silent videos’

embeddings based on queries to enhance the video-level pretraining.

as query embeddings. Specifically, we use the PubMed-
BERT [15] as the query encoder fquery to transform the title
text into a high-dimensional embedding:

qn :fquery(Tn)' 4)

This query embedding ¢, based on the video’s title, cap-

tures its semantic essence and is used to find related con-
tent in a silent video pool. Encoding the title text into em-
beddings allows efficient retrieval within the text modal-
ity, avoiding inaccuracies from CLIP’s limited visual un-
derstanding of ophthalmic videos.
Memory Bank. The memory bank module stores multi-
modal representations of silent videos. Each silent video VAk‘
is encoded by the visual encoder f,, and its corresponding
title text fks is encoded by the text encoder f; and above-
mentioned query encoder fy,.y. We use title embeddings
as keys in the memory bank, with values comprising vi-
sual and textual embeddings of ophthalmic videos and cor-
responding texts:

Memory = (fauery (1), (i (T). (V) [k=1,....1Zs,  (5)
Key Values

where |Zs| represents the number of silent videos in the
OphVLP dataset. In our memory bank, both visual and tex-
tual representations are stored and updated dynamically to
improve hierarchical vision-language pretraining.

Retriever. As shown in Fig. 3, our retriever component
leverages the query embedding ¢ to perform a maximum
inner product search (MIPS) on the memory keys, identi-
fying the top-K silent videos most relevant to the queried
narrative video. Specifically, we compute similarity with g
for each key embedding fquery (fks) in memory, selecting the

top-K indices that yield the highest similarity scores:
Retrieved Indices = argsort, (qT fquery(TA,j)) [[K]. (6)

Then, the retrieved video-level multi-modal represen-
tations {(fu(V3 ), /i(TE ), (H(Vis fi(TE))))} from K
most relevant silent videos are considered as positive sam-
ples to the queried narrative video. We conduct the con-
trastive learning as Eq. 7 shows:

; K exp(£ (Vi) Vi) +exp( (V) (1))
[silent — 1 1 i R 7
Wk L ) A F e AT
Thus, the final video-level pretraining loss is:
Lyideo = LS?dr;%tiw + Lf/ii]((i::(g' ®)

We leverage the retrieved K similar entities to introduce
diverse supervisory signals from additional video-text pairs,
facilitating knowledge transfer across narrative and silent
procedure videos. Our method captures richer contextual
information by pairing each video-level feature of the narra-
tive videos with their title text embedding and the retrieved
multi-modal embeddings. This approach not only enhances
model robustness but also enables efficient retrieval within
million-scale datasets. We employ an alternating training
strategy, optimizing L, for a few batches followed by op-
timizing L., for a few batches, and repeating this cycle.
This strategy optimizes the visual and textual for both short-
term and long-term features and also avoids the catastrophic
forgetting issue [1, 72]. Please refer to the supplementary
for more implementation details.
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CLIP [47] SLIP [38] LaCLIP[9] CLIP[47] CLIP[47] OphCLIP
Task Dataset VTIB16 VITB16 VITB16 RN50 RN50 RN50
CLIP400M YFCC100M LAION-400M CLIP400M OphVL  OphVL
Cat-21 [45] 11.5/2.6 77124 9.6/3.6 13.3/2.7 28.8/17.6 41.4/28.8
Cataract-1K [13] 54/1.6 5.7/2.8 10.0/1.7 69/2.0 20.8/15.9 62.8/48.5
Phase Cataract-101 [56] 991741 131/2.6 9.8/2.4 10.0/3.3 36.2/25.5 39.3/33.7
CatRelDet [11] 9.5/17.0 10.2/6.4 11.8/4.4 153/11.9 26.7/23.7 32.6/34.2
LensID [12] 10.6/6.5 10.6/6.3 25.8/17.8 229/163 45.5/32.1 59.3/41.0
Instrument Cataract-1K [13]  100.0/13.9 100.0/13.9 100.0/13.9 100.0/13.9 80.8/15.3 45.1/21.2
CatlnstSeg [10] 100.0/20.2 100.0/20.2 100.0/20.2 100.0/20.2 87.3/20.3 51.1/28.3

Table 2. The comparison to the OpenAl CLIP and CLIP pretrained on our dataset. We report Accuracy / Fl-score for zero-shot
surgical phase recognition. We report False Positive Rate (the lower the better) FPR / mAP for zero-shot instrument recognition.

Method OphNet-O OphNet-P [17]  CaDIS-F  CaDIS-C [14]
Acc/F1 Acc/F1 FPR/mAP  FPRs/mAP
CLIP [47] 0.7/04 3.2/0.7 100.0/8.9 100.0/22.5
LaCLIP [9] 1.0/0.3 3.2/0.7 100.0/8.9 99.9/22.6
CLIP* [47] 2.5/0.8 50/1.6 85.1/9.3 78.2/22.6
OphCLIP 71/23 18.2/4.8 54.1/10.6 54.6/23.5

Table 3. Fine- vs. Coarse-grained recognition. The OphNet
dataset subsets, OphNet-O and OphNet-P, support operation and
phase recognition tasks, respectively. CaDIS-F and CaDIS-C,
derived from the CaDIS dataset, offer fine-grained and coarse-
grained multi-instrument recognition labels. CLIP* represents the
CLIP model pretrained on the OphVL dataset.

Method Data (%) Cat-21 [45] Cataract-1K [13]
Acc/F1 F1/mAP
CLIP [47] 10 40.1/17.3 04/144
CLIP* [47] 10 47.6/26.6 3.1/15.2
OphCLIP 10 59.5/41.6 11.8/18.6
CLIP [47] 100 48.2/32.6 0.7/14.0
CLIP* [47] 100 59.4/40.5 13.0/18.6
OphCLIP 100 72.1/57.9 23.1/24.6

Table 4. Few/Full-shot linear probing. Accuracy and F1 scores
for Cat-21 and Cataract-1K datasets with different methods using
10% and 100% training data.

5. Experiments

5.1. Datasets

To evaluate our approach, we conduct experiments on
two downstream tasks, i.e., phase recognition and multi-
instrument recognition, using 12 datasets (or sub-datasets).
(1) Phase Recognition: Five datasets are used for this task:
Cat-21 [45] (11 classes), Cataract-1K [13] (12 classes),
Cataract-101 [56] (10 classes), CatRelDet [11] (5 classes),
OphNet (96 phases, 232 operations) [17], and LensID [12]
(3 classes). The implantation and rest phase recognition
task represents a specialized configuration of phase recog-
nition, wherein video frames are labeled with only three-
phase categories: pre-implantation, implantation, and post-
implantation of the lens. OphNet additionally provides

both phase and operation labels, offering finer granular-
ity for classification. (2) Multi-instrument Recognition:
We select four datasets for multi-instrument recognition:
Cataract-1K [13] (9 classes), CatlnstSeg [10] (11 classes),
and CaDIS [14] (12 classes, 35 classes). CaDIS also pro-
vides labels at different levels of granularity.

5.2. Zero-shot Recognition

In this section, we demonstrate the zero-shot transfer per-
formance of our pretrained OphCLIP model across various
downstream tasks. Following CLIP [47], we keep the pre-
trained visual and text encoders fixed and format class la-
bels as sentence prompts for classification.

Phase Recognition. As shown in Tab. 2, methods pre-
trained on OphVL dataset, including CLIP, consistently out-
perform baselines like vanilla CLIP [47] and SLIP [38]
across all surgical phase recognition datasets. This demon-
strates the impact of our ophthalmic-specific pretraining
dataset. Fig. 4 also highlights OphCLIP’s capability to un-
derstand ophthalmic-specific concepts across both visual
and linguistic modalities. The model not only recognizes
relevant anatomical and procedural elements in ophthalmic
images but also aligns these elements with corresponding
medical terminology and context in textual descriptions.
This cross-modal understanding enables OphCLIP to focus
on regions within the visual data that contribute most sig-
nificantly to the semantics, demonstrating that the model
effectively prioritizes clinically relevant areas.
Multi-instrument Recognition. To perform surgical in-
strument recognition with pretrained vision-language mod-
els, each instrument class is converted into a text prompt.
For each input image, we compute cosine similarities be-
tween image features and these prompts, generating a sim-
ilarity score per class. Since instrument recognition is
a multi-label task, sigmoid activation is applied to these
scores, allowing the model to output independent proba-
bilities for each instrument. As shown in Tab. 2, baseline
models like CLIP and SLIP [38] show high False Positive
Rates (FPR) in instrument recognition, with 100% FPRs
on Cataract-1K [13] and CatInstSeg [10], indicating sub-
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Phacoemulsification

Lens Injector

Figure 4. Attention map visualizations among CLIP, CLIP* (CLIP fine-tuned on OphVL), and OphCLIP (Ours) for phase recog-
nition (left) and instrument recognition (right) examples from unseen Cataract-1K dataset. Left: For phase recognition (e.g., “pha-
coemulsification”), OphCLIP focuses on instruments and anatomy to identify the high-level surgical phase concept. Right: For instrument
recognition, pretraining on OphVL enables CLIP* and OphCLIP to attend consistently to domain-specific tools like the lens injector.

Model | OphVL KB  Prompt | Cat-21 [45] Cataract-1K [13]

CLIP [47] X x  Caption | 13.3/2.7 6.1/2.3

CLIP [47] v x  Caption | 28.8/17.6 20.8/159
OphCLIP v x  Caption | 34.9/229 60.5/44.7
OphCLIP v X Mix 41.3/271.7 55.9/43.0
OphCLIP v v' Caption | 39.9/28.2 61.3/47.2
OphCLIP v v Mix 41.4/28.8 62.8/48.5

Table 5. Ablation study of OphCLIP with various compo-
nents. This study evaluates the impact of different OphCLIP com-
ponents: OphVL (pretraining dataset), KB (knowledge base with
silent videos), and Prompt (descriptive phase prompts, comparing
basic Caption vs. Mix, which adds keywords to captions). Results
are presented as Accuracy / F1-score.

stantial false detections. In contrast, OphCLIP significantly
reduces false positives, as shown in Fig. 4. This demon-
strates the effectiveness of OphCLIP’s ophthalmic-specific
pretraining, enhancing its ability to detect surgical instru-
ments accurately and reduce errors.

Fine-grained vs. Coarse-grained. Tab. 3 shows that Oph-
CLIP outperforms other models in both phase recognition
across different granularities. For OphNet-O (fine-grained)
and OphNet-P (coarse-grained), OphCLIP achieves 18.2%
/4.8% and 7.1% / 2.3% (Acc / F1), significantly surpassing
CLIP and LaCLIP [9]. In instrument recognition, OphCLIP
achieves an FPR of 14.7% / mAP of 10.6% on CaDIS-F and
an FPR of 28.7% / mAP of 23.5% on CaDIS-C, indicating
lower false positives and higher precision. These results
confirm OphCLIP’s robust performance and adaptability in
tasks of different granularities.

5.3. Few/Full-shot Linear Probing

As shown in Tab. 4, we evaluate pretrained method’s vi-
sual encoder on Cat-21 and Cataract-1K using linear prob-
ing with both 10% and 100% of the data. Our OphCLIP
demonstrates substantial performance gains over both CLIP
variants, particularly with 100% of the data. These results
show that OphCLIP’s visual encoder provides strong, trans-

ferable representations for diverse surgical tasks, serving as
an effective generalist backbone.

5.4. Ablation Studies

We conduct an ablation study on surgical phase downstream
datasets to examine the effect of OphCLIP’s components
(Tab. 5). Models pretrained with OphVL consistently out-
perform those without it, showing notable accuracy gains
across all tasks. Adding a knowledge base (KB) with
more silent videos further boosts performance, evidenced
by higher F1 scores on Cataract-1K. Prompt choice also
plays a key role in zero-shot phase recognition. The “Mix”
prompt, which includes keywords like “instrument,” “med-
ication,” and “goal”, outperforms the “Caption” prompt.
This is due to the specialized OphVL corpus focusing on
instruments, medications, and procedural goals, enabling
better concept capture and improved predictions.

6. Conclusion

In this work, we introduce OphCLIP, a specialized vision-
language pretraining framework designed for ophthalmic
surgery. By constructing the comprehensive OphVL
dataset, which includes over 375K clip-text pairs and tens
of thousands of ophthalmic surgery-related concepts (surg-
eries, procedures, instruments, medications, surgical goals,
etc.), we enable robust hierarchical learning of both fine-
grained and long-term visual representations. Our approach
leverages both narrative and silent videos through innova-
tive retrieval-based supervision, resulting in enhanced un-
derstanding and generalization across surgical phases and
multi-instrument identification tasks. This research sets
a new benchmark for ophthalmic surgical workflow un-
derstanding and opens avenues for more specialized and
context-aware Al applications in ophthalmic surgery.
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