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Abstract. While traditional surgical action triplet detection has achieved
remarkable progress, these closed-set models often fail in highly vari-
able, real-world clinical environments where completely novel instru-
ments, anatomical structures, and actions frequently emerge. To address
these limitations, we introduce SurgZSD, a novel framework that lever-
ages medical priors to facilitate attribute composition and joint inference
for surgical triplets. Specifically, we initially fine-tune Grounding DINO
to establish the precise spatial grounding of the surgical instruments.
Following this localization stage, we introduce the Medical Knowledge-
Guided Attribute Composition (MKAC) module. Guided by medical pri-
ors, this module leverages a pretrained Vision-Language Model (VLM)
to parse the localized bounding box regions into structured semantic at-
tributes, thereby composing unseen surgical instruments, targets, and
verbs. Subsequently, to accomplish comprehensive surgical triplet recog-
nition, we introduce the Clinical Feasibility-Constrained Joint Inference
(CFCJI) module. This module introduces clinical feasibility matrices
constructed based on medical priors. By formulating a Top-K joint in-
ference objective function, it globally integrates the visual parsing scores
with a clinical compatibility penalty term to yield the final surgical ac-
tion triplets. Extensive experiments demonstrate that SurgZSD not only
achieves state-of-the-art performance in zero-shot scenarios but also re-
tains competitive performance under closed-set settings.The source code
is available at https://github.com/DengNova/SurgZSD.

Keywords: Surgical Understanding - Zero-Shot Detection - Surgical Ac-
tion Triplet - Attribute Composition

1 Introduction

Scene understanding in minimally invasive surgery is a fundamental prerequi-
site for advancing intraoperative decision support, surgical quality assessment,
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and automated analysis [3,6,15,20].Distinct from coarse-grained tasks like surgi-
cal phase or instrument classification, surgical action triplet detection captures
the fine-grained semantics in the form of (instrument, verb, target) [9].By spa-
tially grounding these interactions, it provides clinicians with a highly structured
understanding, directly facilitating the targeted retrieval of specific maneuvers
and the retrospective review of tissue-handling techniques [12,18]. Nevertheless,
minimally invasive surgery exhibits substantial procedural diversity: different
procedures involve distinct anatomical structures and therefore often require
different combinations of instruments and sequences of verbs. In real-world clin-
ical deployments, models are inevitably confronted with novel instruments, tar-
gets, and verbs absent from the training distribution. Consequently, to ensure
practical clinical utility, it is imperative that surgical action triplet detection
frameworks possess zero-shot capabilities, enabling robust inference over these
unseen categories [21].

Recent advancements in surgical scene understanding, typified by Surgical-
VQLA [1,2,5] and surgical action triplet detection [13, 18], have successfully
achieved simultaneous recognition and localization of instruments. Nevertheless,
a critical bottleneck remains: their inability to generalize across different types
of minimally invasive surgeries. Although recent efforts have begun to explore
the zero-shot potential of surgical scene understanding using vision—language
foundation models such as CLIP [16], existing methods typically produce only
category labels and do not address spatial object localization [17]. In the general
domain, open-set object detection models, exemplified by Grounding DINO [7],
have demonstrated remarkable zero-shot capabilities. However, these models are
typically pre-trained on large-scale, general-purpose datasets. Due to the severe
domain gap and the lack of specialized training in the surgical domain, they
experience significant performance degradation when directly transferred to sur-
gical contexts [14].

Although existing models struggle to detect entities in surgical scenes when
they belong to unseen classes, clinicians can often recognize previously unseen
instruments or anatomical structures by leveraging medical knowledge [23]. For
instance, domain knowledge indicates that bipolar forceps typically have salient
visual attributes such as a yellow insulating block; these distinctive cues enable
clinicians to identify bipolar forceps even without prior exposure [5]. Drawing
inspiration from compositional zero-shot learning [8], we characterize surgical
instruments and anatomical structures as sets of attributes, thereby establishing
a foundation for zero-shot surgical action triplet detection. Distinct from generic
compositional zero-shot learning frameworks, we construct a medical attribute
space tailored to the surgical domain, leveraging it to enable robust inference on
unseen entities ,as shown in Fig. 1.

Our main contributions are as follows:

1. We propose SurgZSD, the first method to introduce zero-shot detection into
the surgical domain. By leveraging medical prior knowledge, SurgZSD simpli-
fies zero-shot recognition into a composition problem over salient attributes.
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2. We propose the Medical Knowledge-Guided Attribute Composition (MKAC)
module to enable the zero-shot recognition of unseen instruments, targets,
and verbs. This module leverages a VLM to parse localized regions into
structured attributes and match them with predefined medical prototypes,
thereby composing unseen surgical entities.

3. We propose the Clinical Feasibility-Constrained Joint Inference (CFCJI)
module to achieve comprehensive surgical triplet recognition. This mod-
ule formulates a Top-K joint inference objective to globally integrate visual
parsing scores with clinical feasibility constraints, thereby yielding the final
optimal surgical triplets.

SurgZSD
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Fig.1: The illustration of our motivation. The left panel demonstrates that
traditional surgical action triplet detection models often output incorrect triplet
predictions when confronted with zero-shot scenarios. The right panel further
summarizes our core idea: we introduce medical prior knowledge to parse key
visual cues of instruments and anatomical structures into attributes, and perform
compositional reasoning over these attributes to enable zero-shot recognition of
unseen categories.

2 Methods

2.1 Zero-shot surgical action triplet detection task definition

Current closed-set triplet detection struggles with severe domain shifts when en-
countering novel procedures [19]. To address this, we formalize a strict zero-shot
paradigm where the training (C,) and testing (C,,) classes are completely disjoint
(Cs N Cy = 0). Specifically, our testing set evaluates entirely unseen instruments
(aspirator, clip applier, forceps, needle driver) and targets (fluid, thread, bladder,
fascias, prostate, seminal vesicle). Furthermore, due to the significant discrep-
ancy in surgical procedures between the datasets, all evaluated actions are also
completely unobserved during training.
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Fig. 2: Overview of the proposed SurgZSD framework. The pipeline con-
sists of three synergistic stages. Stage A: A fine-tuned Grounding DINO accu-
rately localizes surgical instruments. Stage B: Guided by medical knowledge, a
VLM parses the attributes of the instruments within the bounding boxes to rec-
ognize unseen categories via semantic composition. Using these bounding boxes
as visual prompts, the VLM further parses and composes the attributes of the
interacting targets and surgical actions. The questions and options shown in the
figure are illustrated using the instrument branch as an example. In the actual
pipeline, the model performs analogous attribute queries for the instrument,
target, and verb, respectively. Stage C: A Top-K joint inference process, strictly
constrained by clinical feasibility priors, is performed to output the final logically
coherent surgical action triplet.

To facilitate zero-shot surgical action triplet detection, we propose SurgZSD.
As illustrated in Fig. 2, our framework localizes spatial regions via a fine-tuned
Grounding DINO, performs medical knowledge-guided attribute composition to
identify novel entities, and infers coherent triplets through joint inference con-
strained by clinical feasibility.
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2.2 SFT-tuned Grounding DINO for Surgical Localization

To accurately obtain regions of interest (ROIs) for surgical instruments, we
perform Supervised Fine-tuning (SFT) on Grounding DINO using the Cholec-
Track20 [10] dataset. During the fine-tuning process, given an input surgical
frame I and a specific text prompt 7', the model is optimized by minimizing a
combined localization and classification loss:

»CSFT = Z ()\LlACLl (blv bz) + )\giouﬁgiou <b27b1> + )\clsﬁcls (pzapz)) (1)
where b; and p; denote the ground-truth bounding boxes and instrument cat-
egory labels, while b; and p; represent the predicted box coordinates and class
probabilities conditioned on the prompt T'. The coefficients A are hyper-parameters
that balance the regression and classification tasks. At inference time, the fine-
tuned Grounding DINO generates predicted instrument boxes and confidence
scores, which serve as the spatial priors for the subsequent MKAC and CFCJI
modules.

2.3 Medical Knowledge-Guided Attribute Composition Module

In Stage B, we convert the ROI localization obtained in Stage A into zero-shot
category prediction, and perform interpretable inference over unseen entities by
composing semantic attributes. To determine the discrete attributes of instru-
ments, targets, and verbs within a given surgical frame I and its correspond-
ing detection boxes {IA),}, we leverage a pretrained VLM guided by structured
prompts. These prompts are strictly formulated to compel the model to select
exactly one valid option from a predefined candidate vocabulary for each at-
tribute.

It is worth noting that the attribute dimensions are fixed for interpretability.
Specifically, instruments, targets, and verbs are each described by three pre-
defined attribute dimensions. For each branch, the candidate vocabulary of an
attribute is constructed from the predefined attribute prototypes of all categories
in that branch. Therefore, newly introduced categories can be incorporated by
defining their corresponding attribute prototypes in the same attribute space.

Instrument attributes and scoring. We first construct a Knowledge Base
(KB) generated by GPT-5.2, where each instrument category c is associated with
a predefined attribute prototype a¢. For each cropped Rol z; = Crop(Z, 32), we
query the specific instrument attributes {Ayip, Ajoint, Ashate } to derive the pre-
dicted attribute vector :2151), and compute the final visual score for each instru-
ment category via an exact matching criterion to output a Top-K candidate

label set:
Sinst(ia C) = Z I[(&i,k) = CLE) 9 (2)

ke{tip,joint,shaft}

where I(-) is the indicator function that equals 1 if the condition holds and 0
otherwise. Thus Siyst (4, ¢) € {0,1,2,3}.
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Target and verb attributes. Given the absence of precise spatial localization
for targets and verbs under the zero-shot paradigm, we employ the instrument
detection boxes as visual prompts to direct the VLM’s attention toward the
areas of instrument-tissue contact. The framework independently queries the
anatomical attributes Ki,, = {color,texture, morphology} alongside the verb
attributes Ky, = {tool state, tissue deformation, context_artifacts}. By exe-
cuting a weighted discrete matching against KB prototypes, we calculate the
visual scores for target ¢ and verb v over the i-th region:

Star(ivt) = Z H(dl,k = a}tc) ) Sver(ivv) = Z H(dlyk = all;) (3)

k€Kiar k€Kyer

Ultimately, rather than producing a single deterministic prediction, the frame-
work outputs a Top-K candidate label set for both targets and verbs, accom-
panied by their corresponding visual scores. These candidate sets serve as the
essential structured inputs for the subsequent joint inference module.

2.4 Clinical Feasibility-Constrained Joint Inference Module

In surgical environments, triplet elements are inherently interdependent and
strictly governed by clinical feasibility. To ensure the prediction of clinically
valid triplets, we propose a joint inference module that integrates attribute-
composition scores with clinical feasibility priors.

Using the extracted Top-K candidate sets, we leverage GPT-5.2 to construct
an Instrument-Target matrix Prr(c,t) and an Instrument-Verb matrix Pry (¢, v)
based on medical common sense. GPT-5.2 evaluates each pairwise relationship
into three discrete feasibility levels:

Prr(e,t), Pry(c,v) € {common, possible, impossible} (4)

During joint inference, each feasibility level £ is mapped to an additive compat-
ibility score ¢(¢). Specifically, we map the feasibility levels {common, possible,
impossible} to compatibility scores {+2,0, —v} respectively, which are directly
summed with the visual predictions. Accordingly, we define:

¢rr(et) = ¢(Prr(e,t),  érv(c,v) = ¢(Prv(c,v)). (5)

Let Sinst(i,¢), Star(i,t), and Syer(i,v) denote the visual scores derived from
the MKAC Module for the instrument, target, and verb, respectively. For each
branch, we retain the top-K candidates and jointly infer the optimal triplet
(¢,,9) by maximizing the following objective:

Score(c, t,v) = Sinst (i, ¢) + Star(i,t) + Sver(i,v) + dr7(c,t) + ¢rv(c,v)  (6)

This maximization is resolved via an exhaustive search over the retained top-K
candidate sets.
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3 Experiments and Results

3.1 Datasets and Experimental Details

We fine-tune Grounding DINO [7] on CholecTrack20 [10] for instrument local-
ization. For evaluation, we utilize the official CholecT50 challenge [11] test set
(1128 images) for closed-set scenarios. To assess zero-shot performance, we man-
ually annotated 1377 images from ProstaTD [4] featuring instruments, targets,
and verbs entirely absent from CholecT50, establishing a rigorous benchmark
for novel entity recognition.

We report mean Average Precision (mAP), mean Average Recall (mAR), and
Accuracy (Acc) as our primary evaluation metrics. Specifically, mAR measures
the recall of instrument localization. For action triplet detection, following the
CholecTriplet benchmark [9], a prediction is considered a true positive for mAP
only if it achieves an Intersection over Union (IoU) > 0.5 with the ground-
truth box and correctly identifies the entire triplet. Finally, Acc serves as a
strict exact-match metric, measuring the proportion of predictions where the
instrument, target, and verb are simultaneously recognized correctly. We adopt
Qwen3VL-plus as the pretrained VLM.Our model was trained for 10 epochs on
ten NVIDIA RTX 2080 Ti GPUs with a learning rate of 1 x 107%.

3.2 Results

Table 1 summarizes the quantitative zero-shot evaluation. Grounding DINO is
unable to recognize action triplets, while SurgVLP [22] and Qwen3VL-plus strug-
gle to output spatial localization. Therefore, only the instrument recognition
accuracy is reported for SurgVLP and Qwen3VL-plus. In contrast, SurgZSD
achieves superior instrument localization with 36.24% mAP and 73.90% mAR.
Furthermore, it outperforms existing baselines in zero-shot surgical action triplet
detection, reaching 6.42% mAP;,; and significantly improving Acc to 11.33%.Qual-
itative results are illustrated in Figure 3.

Table 1: Zero-Shot Performance Comparison

Instrument localization Action triplet detection
mAP?T mAR 1 Acct mAP;,: T

Grounding DINO [7] 5.70% 35.60% - -

SurgVLP [22] 2.44% - 0.04% 4.28%
Qwen3VL-plus 29.97% - 5.68% 5.69%
SurgZSD(Ours) 36.24% 73.90% 11.33% 6.42%

Models

As shown in Table 2, we further evaluate SurgZSD in closed-set scenarios. No-
tably, our framework achieves a superior instrument localization mAP of 65.39%.
Although the triplet mAP;,; of 4.68% trails specialized architectures, SurgZSD



8 Zuxing Deng et al.
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Fig. 3: Qualitative results under zero-shot setting.Green and red denote
the correct and incorrect predictions, respectively.

maintains competitive closed-set performance without sacrificing its unique zero-
shot generalization capabilities.

Table 2: Closed-Set Performance Comparison. Due to closed-source implemen-
tations, results for the two baselines are cited directly from their original papers.

Instrument localization Action triplet detection

Models

mAP 1 mAP;u T
ITG-Trip [13] 59.10% 10.16%
MCIT-IG [18] 60.10% 7.32%
SurgZSD (Ours) 65.39% 4.68%

3.3 Ablation Studies

Table 3 details our step-wise ablation study. Removing the CFCJI module de-
grades performance, emphasizing the need for clinical constraints. Further omit-
ting the MKAC module confirms its critical role in attribute parsing. Integrating
both modules achieves the highest performance, proving the essential synergy
between visual composition and clinical feasibility.

4 Conclusion

In this paper, we presented SurgZSD, a novel zero-shot surgical action triplet de-
tection framework. By formulating scene understanding as a medical knowledge-
guided and clinical feasibility-constrained joint inference process, our method
effectively recognizes novel combinations of instruments, targets, and verbs. In
future work, we plan to integrate temporal information and fine-tune a surgical-
domain VLM to further enhance triplet recognition accuracy.
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Table 3: Ablation study of the proposed components in SurgZSD

Instrument localization Action triplet detection

Settings

mAP1 Acct mAPu T
w/0o MKAC & CFCJI 33.37% 6.84% 5.72%
w/o CFCJI 36.21% 8.93% 6.24%
SurgZSD (Ours) 36.24% 11.33% 6.42%
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