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Abstract

Vision-language models (VLMs) are becoming increasingly important for surgical intel-
ligence, where reliable scene understanding requires combining visual perception with
language-based reasoning. However, progress is constrained by the scarcity of high-quality
multimodal datasets, making end-to-end training more prone to overfitting. Existing ap-
proaches often address this limitation by converting task-specific datasets (e.g., segmen-
tation, phase recognition, tool-tissue interaction) into synthetic vision-question answering
(VQA) form, but such conversions provide only sparse supervision and limit generaliza-
tion. To overcome these challenges, we propose a modular pipeline that decouples vision
information extraction from reasoning. Specialist surgical models–proven effective for their
corresponding vision tasks–are first used to extract task-relevant signals, which are then
transformed via heuristics into structured textual descriptions. These descriptions, together
with the clinical question, are passed to a large language model (LLM) that performs the
reasoning step and provides the answer. We evaluate this pipeline on the EndoVis-18-VQA
benchmark under different configurations of specialist models and LLMs, showing that
combining complementary experts yields stronger performance than relying on any single
model. Our approach achieves higher accuracy, recall and F1 than existing surgical VQA
baselines, with improvements of up to 2.3% in accuracy without requiring multimodal
training, establishing abstraction-driven modularity as a data-efficient and generalizable
paradigm for surgical vision-language understanding.

Keywords: Surgical VQA, Modular Vision-Language Models, Vision Language Models,
Multi-modal Reasoning

1. Introduction

Minimally invasive surgery now underpin contemporary surgical practice due to their re-
duced incision size, postoperative pain, and recovery time (Sijberden et al., 2025). These
procedures generate continuous, high-resolution endoscopic video that captures anatomy, in-
struments, and workflow, providing a rich substrate for computer vision and vision-language
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Figure 1: Overview of the proposed modular pipeline. The snow
ake denotes frozen models.

methods (Buia et al., 2015; Mascagni et al., 2022). Accordingly, much of the progress in
surgical AI has been driven by task-speci�c vision models for tool and tissue segmentation
(Allan et al., 2020; Hong et al., 2020), work
ow phase recognition (Twinanda et al., 2016),
tool-tissue interaction analysis (Islam et al., 2020; Seenivasan et al., 2022b), and higher-level
action triplet recognition (Nwoye et al., 2022).

Despite their success, these models remain constrained by narrowly de�ned tasks such
as segmentation, phase recognition, or interaction classi�cation. To achieve broader rea-
soning capabilities, recent work has turned toward vision-language models (VLMs), which
couple surgical perception with natural-language supervision. By aligning video with text,
VLMs o�er richer semantics, interpretable outputs, and more 
exible clinical interaction.
Large-scale e�orts such as SurgVLM (Zeng et al., 2025) and SurgVLP (Yuan et al., 2025)
illustrate the feasibility of training generalist surgical models, while systems like Surgical-
GPT (Seenivasan et al., 2023) and Surgical-VQA (Seenivasan et al., 2022a; Yuan et al.,
2024a) highlight the potential of answering clinically relevant queries directly from surgical
scenes.

A central challenge for surgical vision-language modeling is the dependence on large
multimodal datasets, which remain scarce and costly to curate (Yuan et al., 2024b). Un-
like natural-image domains with abundant paired corpora, surgical data requires expert
annotation and is often limited to speci�c procedures. To expand supervision, prior works
repurpose existing task-speci�c datasets|such as segmentation, work
ow recognition, or
tool-tissue interaction|into synthetic VQA form (Seenivasan et al., 2022a; Yuan et al.,
2024a; Zeng et al., 2025). While e�ective, these conversions provide only narrow language
supervision tied to single queries (Wang et al., 2024b; Menon and Vondrick, 2022) and can
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introduce noise when relying on automatically transcribed audio (Yuan et al., 2024c,b).
These limitations motivate frameworks that reduce reliance on synthetic multimodal align-
ment and instead directly leverage existing expert-trained models.

In this work, we propose a modular pipeline for surgical vision-language understanding
that overcomes these limitations. Instead of training end-to-end multimodal models, we
decouple perception from reasoning by relying on frozen, expert-trained vision models to
extract task-speci�c information, which is then translated into structured textual descrip-
tions for language-based inference. This separation o�ers two main advantages. First, it
eliminates the need for large-scale multimodal supervision, avoiding both the ine�ciency
of synthetic VQA conversions and the noise of weakly aligned transcripts. By transforming
visual predictions into human-readable text, the intermediate representations remain inter-
pretable while reducing the risk of over�tting. Second, by incorporating multiple specialized
models{such as segmentation and tool-tissue interaction networks{we aggregate complemen-
tary signals that together provide a richer and more clinically relevant description of the
scene.

Our contributions are three-fold:

ˆ We introduce a general framework that abstracts surgical perception into textual
descriptions, enabling downstream reasoning without multimodal training.

ˆ We de�ne heuristics to convert outputs from specialist models into interpretable inputs
for large language models, making the reasoning process transparent.

ˆ We demonstrate through extensive experiments on EndoVis-18-VQA that combining
complementary vision experts with LLM reasoning surpasses prior baselines, estab-
lishing abstraction-driven modularity as a data-e�cient and generalizable paradigm
for surgical VQA.

2. Problem Setup and Notation

We study the problem of surgical visual question answering (VQA), where the input is an
endoscopic frame and a natural language question, and the goal is to return a clinically
relevant answer. Our design departs from traditional end-to-end vision{language models
by decoupling perception from reasoning. Speci�cally, we factor the pipeline into three
stages:(i) task-speci�c specialist models that extract visual information, (ii) heuristics that
map these predictions into structured textual representations, and (iii) a frozen large lan-
guage model (LLM) that performs reasoning. This modular decomposition reduces the
dependence on large-scale multimodal datasets, while maintaining interpretability and 
ex-
ibility.

Inputs. Let X 2 R H�W �3 denote a surgical image, and let q denote a natural language
question. The objective is to predict an answerÂ expressed in natural language.

Specialist models. Previous research has shown that a single vision encoder typically
captures only part of the information contained in visual scenes. For example, language-
supervised encoders such as CLIP (Radford et al., 2021) align well with semantics but
often miss �ne-grained spatial cues, whereas self-supervised encoders like DINOv2 (Oquab
et al., 2023) or segmentation experts like SAM (Kirillov et al., 2023) capture complementary
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information (Fan et al., 2024; Tong et al., 2024). Multi-expert systems that combine such
models consistently improve representation quality and downstream performance (Shi et al.,
2024). Motivated by these insights, we assume access to a collection of N task-speci�c vision
experts fM i gN

i=1 , each trained to solve a distinct perception problem. Given an input image
X, each expert produces a task-level prediction

` i = M i (X);

where the form of ì depends on the task|for instance, a categorical label, a dense segmen-
tation mask, or a set of interaction triplets.

Heuristics. The outputs ` i produced by the specialist models are heterogeneous,
ranging from discrete labels to dense masks or structured tuples. Multimodal learning
often fuses such outputs via trainable projection layers, requiring large-scale multimodal
datasets, which are scarce in surgical domains. To avoid these limitations, we introduce
a family of deterministic heuristics that abstract model predictions into symbolic textual
descriptions, thus enabling reasoning entirely in the language domain while keeping the
LLM frozen. Formally, for each task i we de�ne

H i : ` i 7! T i ;

where Ti is a set of textual statements describing ì . Aggregating across all models yields

T =
N[

i=1

Ti ;

an intermediate representation for reasoning. These heuristics range from simple templates
(e.g., interaction labels) to more complex rule-based procedures (e.g., spatial relations from
segmentation masks).

Language reasoning. Once visual predictions are abstracted into text, the reasoning
step is handled by an LLM. Unlike traditional multimodal systems requiring joint training to
align image and text embeddings, we use a frozen LLM purely as an inference engine. This
avoids additional multimodal supervision and leverages the broad reasoning capabilities of
pretrained language models. Formally, given a frozen LLM, q and T derived from heuristics,
the model predicts an answer

Â = LLM(q; T ):

Operating exclusively on interpretable textual descriptions provides a 
exible means of
combining heterogeneous visual cues without requiring any gradient-based adaptation to
the surgical domain as the perception burden is already addressed by the specialist models.

Overall pipeline. The complete formulation can thus be expressed as

X
M i��! ` i

H i�! T i
[�! T

LLM(q;�)
�����! Â:

An illustration of this general pipeline is provided in Figure 1.

3. Methodology

Our methodology instantiates the general pipeline described in Section 2 for the task of
surgical VQA. We detail the concrete choices of specialist models, the design of heuristics
for textual abstraction, and the language reasoning stage.
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3.1. Specialist Model Choices

To cover essential aspects of surgical scene understanding, we rely on two classes of vision
experts: segmentation models and interaction models, capturing complementary low-level
spatial structure and high-level functional cues.

3.1.1. Segmentation

Segmentation provides dense spatial evidence{what structures are present, where they are
located, and how elements are arranged. Without such structure, an LLM lacks the spa-
tial grounding needed for clinically precise answers. Prior work suggests that segmentation
masks alone can support the generation of clinically relevant descriptions of surgical scenes
(Hamdy et al., 2025). Segmentation therefore supplies a dense, procedure-agnostic repre-
sentation S 2 f0; : : : ; CgH�W that our heuristics convert into textual facts. We experiment
with two models: FASL and a hybrid SAM+FASL variant.

FASL. The Feature-Adaptive Spatial Localization model (FASL) (Abdel-Ghani et al.,
2025) improves holistic surgical scene segmentation by combining low-level and high-level
features. It achieves strong performance across instrument and anatomy segmentation
benchmarks, surpassing prior baselines. These capabilities make FASL a suitable choice
for providing the semantic scene information required by our pipeline.

SAM+FASL. While specialist pixel-wise classi�ers perform strongly on curated datasets,
they may struggle under distribution shift or produce fragmented labels. Prior work sug-
gests decoupling mask generation from classi�cation via foundation segmenters followed by
domain-speci�c classi�ers (Hu et al., 2023; Wang et al., 2024c). Following this strategy, we
construct a hybrid SAM+FASL model: SAM (Kirillov et al., 2023) produces region masks
R = fR kg, while FASL generates a label map S. Each region is assigned the class

ŷ(R k ) = arg max
c2f1;:::;Cg

�
� f p 2 R k j S(p) = cg

�
�;

that is, the class most frequently predicted by FASL within the region. This majority-vote
labeling leverages SAM's generalization for region proposals while retaining FASL's domain-
speci�c semantics for class assignment. A qualitative example of this process is shown in
Appendix Figure 3.

3.1.2. Interaction

Understanding tool-tissue interactions is a key step in surgical scene understanding, since it
provides not only knowledge of what instruments and anatomical structures are present, but
also how they functionally relate during a procedure, which is important for skill assessment,
feedback, and decision support (Islam et al., 2020).

Tool-tissue interaction. We adopt the graph-based interaction model of (Seenivasan
et al., 2022b), where instruments and tissues are nodes and functional relationships (e.g.,
grasping, cutting, retracting, suction, idle) are edges. Using both visual-semantic and
relational reasoning, the model predicts the interaction state of each instrument-tissue pair.

5



Hamdy Ahmed Abdel-Ghani Arsalan Suganthan Al-Jalham Al-Ali Balakrishnan

Figure 2: Segmentation heuristics: (a) absolute location via prioritized spatial regions; (b)
dilation-based adjacency.

3.2. Heuristics Design

To instantiate the abstraction step, we apply deterministic heuristics that convert the het-
erogeneous predictions of the specialist models into structured textual descriptions. These
rules bridge perception and reasoning by translating segmentation masks and interaction
labels into interpretable, token-e�cient statements that the LLM can consume.

3.2.1. Segmentation

Given a semantic segmentation mask S, the module Hseg produces a fact set summarizing
object presence, coarse layout, and spatial relationships. A high-level illustration of this
process is shown in Figure 2. The module generates three families of statements:

Absolute location. Each object instance is assigned to a symbolic region (e.g., \top-
left", \center") based on a small hierarchy of spatial partitions, enabling a coarse but stable
description of where structures appear.

Pairwise spatial relations. When multiple objects occupy nearby regions, we infer
simple directional relations (e.g., \the forceps is to the left of the needle") using adjacency
cues and centroid orientation.

Graded proximity. For instrument-tissue pairs, we estimate discrete proximity levels
(e.g., \touching", \near", \far") through successive neighborhood expansions around the
instrument mask, providing soft cues about closeness.

Together, these heuristics yield Tseg, a compact symbolic summary of the scene.

3.2.2. Interaction

The interaction model outputs categorical labels describing functional relations such as co-
agulation, cutting, or idle. The heuristics module H int converts these predictions into con-
cise declarative facts using simple templates, such as \monopolar curved scissors: cutting,"
forming the fact set Tint . These statements complement the spatial information extracted
from segmentation, enabling the LLM to reason about both where objects are and how they
are being used.

Full algorithmic details for all heuristics are provided in Appendix A.
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3.3. Language Reasoning

The fact sets Tseg and Tint are concatenated into a uni�ed description T . Given a question q,
the frozen LLM predicts the answer Â by reasoning over this structured textual summary.

4. Experimental Setup

Datasets. We evaluate our pipeline on the test split of the EndoVis-18-VQA benchmark
(Seenivasan et al., 2022a), which contains roughly 2.7k question{answer pairs. Specialist
models are trained separately: the segmentation expert (FASL) uses the EndoVis-18 anno-
tations (Allan et al., 2020), and the tool{tissue interaction expert is trained on the dataset
of Islam et al. (2020). To avoid data leakage, videos 1, 5, and 16 are held out for testing
across all specialists.

Competing models. We benchmark against representative surgical VQA baselines,
including VisualBERT (Li et al., 2019), VisualBERT RM (Seenivasan et al., 2022a), and
LV-GPT with RN18 and Swin backbones (Seenivasan et al., 2023). We also compare with
Surgical-LVLM (Wang et al., 2024a) and recent surgical vision-language models such as
SurgVLM (Zeng et al., 2025).

Language models. For the reasoning stage, we evaluate multiple frozen LLMs ac-
cessed via their o�cial APIs. From OpenAI, we include GPT-4o, GPT-4o-mini, GPT-5,
GPT-5-mini, and GPT-5-nano; from DeepSeek, we include DeepSeek-chat and DeepSeek-
reasoner. We additionally test open-source vision-language models from the Qwen-VL fam-
ily (2.5 and 3.0), including the 32B, 72B, and 8B instruct variants. All models operate on
identical serialized textual fact sets to ensure fair comparison.

Implementation details. Specialist models are trained and evaluated on a work-
station with an RTX 4090 GPU and Intel i9 CPU. FASL follows the training protocol of
Abdel-Ghani et al. (2025), while the interaction expert is loaded from a publicly available
checkpoint.1 LLMs are queried without further �ne-tuning. Evaluation metrics include
overall accuracy, recall, and F1 score.

5. Results and Discussion

Specialist models. Table 1 summarizes performance across segmentation-only, interaction-
only, and combined specialist con�gurations. The oracle rows (GT) represent upper bounds
obtained by employing ground-truth masks or interaction labels directly. Among single ex-
perts, segmentation models clearly dominate: FASL reaches 62% accuracy, compared to 45%
for interaction-only predictions, indicating that LLMs can infer a broader range of clinically
relevant answers from spatial cues provided by segmentation masks than from interaction
labels alone. Combining segmentation and interaction specialists consistently improves per-
formance, with FASL+INT achieving 73% accuracy and 36% F1. Using ground-truth for
both tasks (GT+GT) yields 90% accuracy and 83% F1, quantifying the potential perfor-
mance ceiling if perception errors were eliminated.

The per-question breakdown provides further insight. The GT+GT oracle achieves
perfect accuracy on organ and state questions but still incurs occasional errors on spatial

1. https://github.com/lalithjets/Global-reasoned-multi-task-model
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Table 1: Performance of segmentation and interaction specialists on EndoVis-18-VQA.
Rows are grouped into segmentation-only, interaction-only, and combined con�g-
urations. Columns under Overall Performance report Acc, Recall, and F1, while
those under Question Type (Acc) report accuracy per question category (Organ,
State, Location). `GT` denotes oracle annotations (i.e., ground truth provided
directly), and `INT` refers to the tool-tissue interaction specialist model. Bold
values indicate the best performance among non-oracle models. All results in the
table are reported using GPT-4o-mini as the reasoning LLM.

Seg. Model Interaction Overall Performance Question Type (Acc)
Acc Recall F1 Organ (16%) State (42%) Location (42%)

FASL | 0.6208 0.3674 0.3397 1.0000 0.4091 0.6865
SAM+FASL | 0.6194 0.3354 0.3032 1.0000 0.4539 0.6382
GT | 0.6677 0.5337 0.4570 1.0000 0.4109 0.7967

| INT 0.4536 0.2039 0.1558 1.0000 0.6916 0.0052
| GT 0.5778 0.5770 0.4274 1.0000 0.9905 0.0026

GT GT 0.8996 0.8242 0.8304 1.0000 0.9543 0.8062
GT INT 0.7862 0.4243 0.4336 1.0000 0.6693 0.8208
FASL GT 0.8472 0.7497 0.7523 1.0000 0.9414 0.6942
FASL INT 0.7299 0.3516 0.3605 1.0000 0.6615 0.6942

queries. These mistakes typically stem not from missing visual information but from am-
biguous boundaries and the discretized answer space: even when the LLM has enough facts
to infer that a tool is located at the center-right, it must choose among prede�ned coarse re-
gions (e.g., \top-right" or \bottom-right"), sometimes producing an answer that disagrees
with the ground-truth tag. Beyond this, the per-question evaluation shows the comple-
mentary strengths of the two modalities. Segmentation variants excel at location-oriented
questions (FASL: 69% accuracy) but struggle on state questions, whereas interaction models
are strongest on state queries (INT: 69%) yet almost fail to capture location (0.5%). Com-
bining both sources recovers the best of each, yielding more balanced performance across
categories and con�rming that segmentation and interaction specialists provide complemen-
tary signals for the necessary reasoning.

Language models. Table 2 compares frozen LLMs across three input settings: spe-
cialist predictions (FASL+INT), oracle annotations, and a image-only condition. With
specialist inputs, GPT-5 achieves the strongest performance (77.4% accuracy, 47.6% F1),
with GPT-5-mini and GPT-5-nano close behind. DeepSeek-chat and DeepSeek-reasoner
perform reasonably well but remain several points lower in F1, while GPT-4o/4o-mini and
the Qwen-VL models lag further. Under oracle inputs, all models improve substantially:
GPT-5-mini reaches the highest scores (93.0% accuracy, 95.3% F1), with GPT-5 and the
stronger Qwen-VL variants close behind. The narrow spread between LLMs in the ora-
cle setting highlights that, once provided with perfect scene descriptions, even compact
language models can be e�ectively employed within our modular pipeline.
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Table 2: Comparison of LLMs on EndoVis-18-VQA under three input settings: (i) FASL,
INT uses predictions from both specialists, (ii) Oracle uses ground-truth masks
and interaction labels, and (iii) Only Images provides the raw frame with no
specialist input. Bold values indicate the best performance within each setting.

FASL, INT Oracle Only Images
Acc Recall F1 Acc Recall F1 Acc Recall F1

deepseek-chat 0.7429 0.4504 0.4551 0.9256 0.9474 0.9367 { { {
deepseek-reasoner 0.7591 0.4072 0.4127 0.9296 0.8904 0.8889 { { {
gpt-4o 0.7443 0.3985 0.4064 0.9155 0.7135 0.7236 { { {
gpt-4o-mini 0.7299 0.3516 0.3605 0.8996 0.8242 0.8304 { { {
gpt-5 0.7739 0.4706 0.4758 0.9299 0.9500 0.9481 0.3723 0.2979 0.2854
gpt-5-mini 0.7656 0.4656 0.4723 0.9303 0.9502 0.9528 { { {
gpt-5-nano 0.7660 0.4373 0.4447 0.9252 0.8890 0.8608 0.3438 0.2497 0.2136
qwen2.5-vl-32b-instruct 0.7198 0.1818 0.1827 0.9047 0.4671 0.4603 0.2723 0.0593 0.0368
qwen2.5-vl-72b-instruct 0.7562 0.3629 0.3684 0.9260 0.8886 0.8906 0.3604 0.1544 0.1252
qwen3-vl-8b-instruct 0.7244 0.2641 0.2706 0.9075 0.6384 0.6410 0.2626 0.0974 0.0765

Image-only reasoning. The image-only condition in Table 2 evaluates each LLM us-
ing only the raw endoscopic frame. This isolates the contribution of our modular pipeline:
the same LLM is evaluated once with specialist-derived facts and once with no structured
perception. Performance drops sharply across all models (e.g., GPT-5: 37.2% accuracy,
28.5% F1), showing that even strong LLMs struggle to infer clinically precise spatial or
semantic cues from pixels alone. The consistent gap between image-only and specialist-
assisted performance highlights the importance of the modular abstraction stage in enabling
frozen LLMs to operate e�ectively in surgical settings without multimodal �ne-tuning. The
consistent gap between image-only and specialist-assisted performance isolates the contri-
bution of the modular abstraction stage in adapting frozen LLMs to the surgical domain
without �ne-tuning, especially given the scarcity of multimodal surgical datasets.

Baselines. Table 3 summarizes performance on EndoVis-18-VQA. Early transformer-
based approaches such as VisualBERT and its residual variant (VisualBERT RM) achieved
accuracies around 61{62%, with limited recall and F1, re
ecting the di�culty of learning
surgical semantics from limited VQA supervision. More recent e�orts sought to improve
reasoning by augmenting vision features. SurgicalGPT (LV-GPT) introduced a GPT-based
architecture with vision token embeddings and careful token sequencing, reaching 66{68%
accuracy. Surgical-LVLM further adapted a large vision-language model with Visual Per-
ception LoRA modules, attaining close to 70% accuracy. The most recent large-scale e�ort,
SurgVLM, leveraged instruction tuning on multimodal surgical data and achieved 75.0%
accuracy (Zeng et al., 2025).

In contrast, our proposed modular pipeline, which avoids multimodal �ne-tuning al-
together, surpasses these baselines. With GPT-5-nano, it achieves 76.6% accuracy, while
GPT-5 attains 77.4% accuracy with the highest F1 score (47.6%). These results show that
structured, specialist-driven scene abstraction combined with frozen LLMs can outperform
both earlier transformer models and recent foundation-scale VLMs.
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Table 3: Performance comparison between prior surgical VQA approaches and our modular
pipeline on EndoVis-18-VQA. z denotes variants belonging to our pipeline.

Model Acc Recall F1

VisualBert (Li et al., 2019) 0.6143 0.4282 0.3745
VisualBert RM (Seenivasan et al., 2022a) 0.6190 0.4079 0.3583
LV-GPT (RN18) (Seenivasan et al., 2023) 0.6811 0.4649 0.4649
LV-GPT (Swin) (Seenivasan et al., 2023) 0.6613 0.4460 0.4537
Surgical-LVLM (Wang et al., 2024a) 0.6947 { 0.3325
SurgVLM-72B Lora-tuning (Zeng et al., 2025) 0.7502 { {

Ours (gpt-5-nano)… 0.7660 0.4373 0.4447
Ours (gpt-5)… 0.7739 0.4706 0.4758

Discussion. Unlike prior approaches that depend on multimodal pretraining or di-
rect VQA-style supervision, our framework achieves superior performance by decoupling
perception from reasoning. Models such as VisualBERT RM and Surgical-GPT rely on
VQA-style training, whereas SurgVLM leverages large-scale multimodal pretraining. In
contrast, our modular abstraction pipeline requires only task-speci�c training of vision spe-
cialists, o�ering a more data-e�cient and generalizable paradigm. The textual intermediate
representation provides interpretability, and the modular design enables seamless incorpora-
tion of additional experts for new skills or procedures, allowing the pipeline to adapt to new
datasets through strongly supervised specialist training rather than expensive multimodal
data collection or �ne-tuning of the language model.

Limitations. The current evaluation focuses on vision-centric queries in EndoVis-
18, which does not capture knowledge-intensive or temporally extended reasoning. While
the pipeline is expected to generalize with appropriate specialists, broader validation is
essential. The modular design, while 
exible, introduces additional computational over-
head at inference time since multiple experts must be executed before reasoning. Future
work, shall study developing lightweight expert-routing mechanisms that activate only the
relevant specialists. Extending the pipeline to temporal experts for video understanding,
incorporating surgical-domain LLMs for richer clinical reasoning, and evaluating on larger
and more diverse datasets represent natural next steps.

6. Conclusion

In conclusion, abstraction-driven modularity emerges as a viable alternative to end-to-end
multimodal training for surgical vision-language understanding. By separating perception
from reasoning and channeling expert predictions into structured textual facts, the approach
achieves state-of-the-art performance on the Endovis-18-VQA surgical benchmark while
requiring no multimodal pretraining. These �ndings highlight both the promise and the
trade-o�s of modular abstraction, underscoring its potential as a practical foundation for
future extensions in surgical intelligence.
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Appendix A. Heuristics for Textual Abstraction

This appendix provides the full technical details of the deterministic heuristics used to con-
vert segmentation masks and interaction predictions into the textual fact sets consumed by
the LLM. These procedures correspond directly to the high-level description in Section 3.2.1.

A.1. Segmentation Heuristics

Given a semantic segmentation mask

S 2 f0; : : : ; CgH�W ;

where each pixel encodes one of C semantic classes, the segmentation heuristics moduleHseg

produces a fact set Tseg summarizing object presence, layout, and spatial relationships. As
in the main paper, three families of statements are emitted: absolute location, pairwise
spatial relations, and graded proximity.

Absolute location. The goal of this step is to map each object instance into a coarse
symbolic location such as “top-left” or “center.” Formally, let

Ok = f(i; j) j Si;j = kg

denote the set of pixels belonging to class k. We consider a collection of spatial partitions
P, each of which defines regions of the image grid. Importantly, these partitions are applied
hierarchically where fine-grained regions such as quadrants (“top-left,” “bottom-right,” etc.)
are tested first, and only if no assignment is found do we fall back to coarser partitions such
as halves (“left,” “right,” “top,” “bottom”).

For each region R 2 P, we measure the overlap with the object pixels:

jOk \Rj
jOkj

:

If at least � = 0:75 (75%) of the object lies within R, the object is assigned to that
region. If no assignment succeeds at the class level, we decompose Ok into connected
components fOk;rgmr=1 and repeat the test per component, yielding a (possibly multi-tag)
set of locations for k. This design gives a single stable tag when the majority of the object
lies in a single region, yet captures multi-part layouts when the class appears in multiple
regions. Figure 2 (a) shows an illustration of this hierarchical procedure.

Pairwise spatial relations. While absolute positions capture coarse symbolic regions,
they do not express relational cues when objects occupy the same area and have irregu-
lar shapes. To address this, we define pairwise spatial relations based on dilation-based
adjacency.

For each object k, we dilate its mask Sk by � pixels,

S
(�)
k = dilate(Sk; �);

which intuitively thickens the object’s boundary by � pixels in every direction. Two objects
k and ‘ are considered adjacent if the dilated support of one intersects the original mask of
the other:

S
(�)
k \ S‘ 6= ;:
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Once adjacency is established, we use the centroids ck and c‘ to infer the dominant ori-
entation of ‘ with respect to k, yielding interpretable statements such as “the forceps is
to the left of the needle.” Importantly, this procedure complements absolute locations:
when two objects are well separated across regions, their relative order is already captured
(e.g., an object in the top-right is naturally to the right of one in the top-left). Pairwise
relations are thus only triggered in more complex cases where objects lie within the same
area and require finer geometric reasoning. Figure 2 (b) illustrates this process, showing for
example how the dilated mask of the monopolar curved scissors intersects with the kidney
parenchyma but not with the adjacent prograsp forceps.

Graded proximity. Whereas absolute positions provide coarse layout and pairwise ad-
jacency captures direct contact, graded proximity introduces a softer notion of distance
between instruments and tissues. For each instrument mask Sk, we generate a sequence of

dilations fS(rm)
k gLm=1 with increasing radii rm. For a tissue mask S‘, we then record the

smallest index m such that
S
(rm)
k \ S‘ 6= ;:

This index is mapped to a discrete label (e.g., “touching,” “very close to,” “close to,” or
“far from”). In this way, graded proximity enriches the spatial description by quantifying
not only whether an instrument is in contact with tissue, but also the degree of closeness,
offering a more nuanced account of their spatial relationship.

A.2. Interaction Heuristics

Unlike segmentation masks that require geometric reasoning, the output of the interaction
model is already provided in a predefined categorical format, indicating functional rela-
tions such as “grasping,” “cutting,”or “idle.” The heuristics module Hint converts these
categorical predictions into declarative textual facts using simple templates. For example:

prograsp forceps: “Tissue Manipulation”
monopolar curved scissors: “Idle”

This yields a fact set Tint that directly summarizes the functional roles of instruments in
the current frame. Combined with the spatial cues from segmentation, these interaction
statements provide complementary information, enabling the LLM to reason not only about
where objects are but also about how they are used.

Appendix B. Additional Qualitative Examples

B.1. Hybrid Segmentation Illustration (SAM+FASL)

Figure 3 provides a qualitative illustration of the hybrid segmentation procedure described
in Section 2.3. The region-proposal component generates a set of candidate masks, and
each region is assigned a semantic class via majority voting over the predictions of the
specialist segmentation model. This visualization highlights how coarse region proposals
can be combined with domain-aware semantics to produce stable, coherent segmentation
outputs.
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Figure 3: Example of SAM+FASL segmentation. SAM provides mask proposals, while
FASL supplies domain-specific semantics. GT denotes ground truth.

16


	Introduction
	Problem Setup and Notation
	Methodology
	Specialist Model Choices
	Segmentation
	Interaction

	Heuristics Design
	Segmentation
	Interaction

	Language Reasoning

	Experimental Setup
	Results and Discussion
	Conclusion
	Heuristics for Textual Abstraction
	Segmentation Heuristics
	Interaction Heuristics

	Additional Qualitative Examples
	Hybrid Segmentation Illustration (SAM+FASL)


