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Abstract. The advancement of intelligent operating rooms (OR) ne-
cessitates a comprehensive semantic understanding of surgical environ-
ments. However, existing methods are primarily confined to 2D percep-
tion and depend heavily on large-scale annotated data, which restricts
spatial reasoning and incurs prohibitive annotation costs. To address
these challenges, we propose LangOR, the first annotation-free frame-
work designed for 3D language field reconstruction of ORs. LangOR
leverages domain-constrained structured prompting to enhance the ro-
bustness of Vision-Language Models (VLMs) in zero-shot surgical do-
main inference, enabling precise segmentation and interpretation of sur-
gical personnel and equipment in 2D images. We then employ geomet-
ric constraints and contrastive learning to achieve instance field recon-
struction in 3D Gaussian Splatting (3DGS) representation from sparse
views. Furthermore, we introduce an instance-semantics association mod-
ule that effectively lifts semantic information from 2D masks to 3D
instances for cross-view consistency. In this manner, LangOR decom-
poses the given surgical scene into OR semantic instances, facilitating
comprehensive spatial interpretation. Extensive evaluations demonstrate
that LangOR significantly outperforms state-of-the-art methods, reach-
ing 63.52% mloU on 4D-OR and 56.05% mlIoU on MM-OR datasets. The
results reveal that our scene understanding approach holds substantial
promise for next-generation intelligent ORs. Source code is available at:
https://github.com/Selenal105/LangOR.

Keywords: Language Field Reconstruction - Scene Understanding -
Operating Room - 3D Gaussian Splatting.

1 Introduction

Scene understanding in the operating room (OR) identifies and segments surgical
entities [5,6,13-15,22] to establish the contextual awareness vital for intelligent
surgical systems, enabling safe robotic navigation, automated surgical transcrip-
tion, and optimized resource allocation [4,10]. These capabilities improve surgical
efficiency, minimize errors, and enhance overall patient safety [12]. While existing
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Fig. 1. We propose LangOR for 3D language field reconstruction of the operating room,
achieving superior performance on semantic understanding and text retrieval.

methods have extensively explored scene understanding [2,4,6,10], they rely on
dense manual annotations that are labor-intensive and pose privacy risks [14].
Hence, we aim to construct a zero-shot language field of the OR, jointly recon-
structing physical scene and semantics in a unified 3D representation (Fig. 1).

Existing open-vocabulary language field reconstruction methods [3,16,21,25]
utilize 3D Gaussian Splatting (3DGS) [8] as reprensentations, and optimize
3D semantics via two distinct approaches. Render-based methods align ren-
dered features with 2D semantic maps [16,17,21] but degrade 3D semantics,
whereas lifting-based methods directly project 2D features onto 3D representa-
tions [3,7,25]. However, both methods struggle in the OR due to: (1) Lack of OR
domain knowledge. Relying on vision-language alignment of CLIP [18], they can
only distinguish general categories (e.g., ‘table’), but fail on OR-specific enti-
ties (e.g., ‘anesthesia machine’). (2) Reliance on dense views. OR data typically
presents extreme viewpoint sparsity and occlusions [14]. Under sparse obser-
vations, render-based methods generate view-inconsistent semantic maps, and
lifting-based methods also fail in reliable 3D projection.

To address these challenges, we propose LangOR, a 3D language field recon-
struction framework of the OR. To the best of our knowledge, LangOR is the
first annotation-free method for OR semantic scene understanding, which en-
ables OR segmentation and interpretation directly in 3D space and guarantees
robust language field reconstruction under sparse views (see Fig. 2). First, we
propose a Robust Vision-Language Model (VLM) based OR Perceptor
to perform zero-shot prediction of paired 2D masks and semantics. Specifically,
we leverage a context-aware prompting strategy to achieve zero-shot grounding
of OR scenarios using a VLM and further improve the robustness of OR pre-
diction from multi-round responses with a semantic mask refinement module.
Second, we introduce an OR Instance Field Reconstruction module that
reconstructs 3D scene under geometric constraints and learns instance features
via mask-aware contrastive learning. Third, we associate 2D semantics from the
VLM with 3D instances under sparse views with a Cross-View Pixel-level
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Fig. 2. The overall framework of LangOR. The proposed method achieves zero-shot
3D language field reconstruction of the operating room from sparse multi-view images.

Lifting strategy and an Instance-Mask-Gaussian Matching scheme. The
proposed framework can ultimately reconstruct a reliable 3D language field for
OR using sparse views.

Our main contributions are summarized as follows:

e We propose LangOR, the first annotation-free 3D semantic understanding
framework of the OR, which integrates surgical entities and corresponding
semantics in a coherent 3D space.

e We develop a Robust VLM-based OR Perceptor that utilizes domain-specific
contexts to guide semantic extraction, enabling reliable zero-shot OR pre-
diction.

e We reconstruct high-fidelity OR instance field and associate sparse 2D se-
mantics with constructed 3D instances, achieving superior 3D semantic seg-
mentation on two OR datasets.

2 Method

2.1 Preliminaries of Gaussian Splatting

3DGS [8] represents a 3D scene using a set of 3D Gaussians, each defined by a
center g and a covariance matrix X: G(z) = e~ 2(@=w" I @) These Gaus-
sians are then projected to the image plane via tile-based rasterization. The
pixel color C' is computed by a-blending the overlapping Gaussians. To incor-
porate semantic information, recent methods augment each Gaussian with a



4 W. Li et al.

high-dimensional feature f; [16,21,27]. The pixel color C' and rendered semantic
feature map F' are calculated as below:

i—1 i—1
C: ZciaiH(l—aj),F: ZfiaiH(l—aj), (1)
ieEN j=1 iEN j=1

where ¢; is the color of the i-th Gaussian, «; denotes its opacity scaled by the 2D
projected density, and N is the set of ordered gaussians overlapping the pixel.

2.2 Robust VLM-based OR Perceptor

Current VLMs struggle with fine-grained OR semantics due to high visual simi-
larity within the categories of surgical staff (e.g., ‘surgeon’ vs. ‘nurse’) and equip-
ment, as well as inevitable hallucinations and inconsistent predictions. To ensure
robust OR perception, our Context-Aware Prompting strategy models clinicians’
behavior and spatial layout as discriminative contexts for visually similar enti-
ties. We further use a Semantic Mask Refinement Module to obtain robust masks
and semantics from zero-shot predictions.

Context-Aware Prompting (CAP) Strategy. CAP strategy guides VLM
grounding in the spatial layout and clinicians’ behaviors in the OR, follow-
ing strict clinical protocols. We model OR, entities (personnel and equipment)
using three contextual descriptors: (1) Spatial Context (Cspqt) describes rela-
tive positions (e.g., ‘standing near the instrument table’); (2) Behavior Context
(Cpen) represents the behaviors of surgical personnel (e.g., ‘holding a surgical
tool’); (3) Visual Appearance Context (C,;s) captures distinguishable physical
features (e.g., ‘wearing a blue sterile hood, covered by green cloth’). Person-
nel are defined as C, = {Cspat, Coen, Cuis}, while equipment is described by
Ce = {Cspat, Cuis }- These contexts form a structured VLM instruction to gen-
erate preliminary bounding boxes (B) and semantic labels (L) of OR entities.

Semantic Mask Refinement Module. We further improve the seman-
tic prediction reliability through multi-round inference. Specifically, we collect
t candidates {B;, L;};_, for each image from N rounds of responses. Bounding
boxes {B;} with Intersection over Union (IoU) above a threshold are clustered.
The representative box B} of the k-th cluster U, is defined as:

¢
1
Bj = argmax | —— E IoU(B;, By) | - (2)
et | P A5

The boxes {B*} are then used as visual prompts for SAM [9] to generate masks
M. The semantic labels {L*} are then obtained by majority voting within each
cluster and encoded into semantic features V using a text encoder [1].

2.3 OR Instance Field Reconstruction

We reconstruct the OR instance field through a two-stage process: first, we
establish an accurate 3D scene reconstruction via geometric priors; then, we
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embed instance features into the 3D scene with mask-aware contrastive learning.
Unlike language-aligned semantic features, these instance features are specifically
designed to partition the reconstructed scene into discrete 3D instances.
Geometry-Constrained Scene Reconstruction. Our OR Instance Field
utilizes explicit 3DGS [8] as representation. Standard Structure-from-Motion
(SfM) [19] or Multi-View Stereo (MVS) [20] initialization often fails in OR due
to extreme view sparsity (4-5 viewpoints) and textureless surfaces (e.g. drapes),
making it difficult for previous photometric-based methods [8] to recover accu-
rate geometry. To tackle this, we utilize a feed-forward MVS model [24] to obtain
robust initial camera poses, sparse point clouds, and corresponding depth maps.
Following [26], we apply geometric loss including depth, normal, and scale con-
sistency to supervise the Gaussian field G. This shifts the learning objective from
minimizing photometric discrepancy to enforcing geometric consistency, ensuring
high-fidelity scene reconstruction for subsequent language field reconstruction.
Mask-Aware Contrastive Learning of Instance Features. Inspired by
previous 3D cross-view semantic learning methods [3,25], we adopt contrastive
learning to optimize the instance features. Specifically, we render the 3D Gaus-
sian instance features f; into a 2D feature map F' following Eq. 1 for an arbitrary
training view. Using the masks M obtained in Section 2.2, we compute the cen-
troid feature f,, for a target instance mask M as fo, = ﬁ Zpe m F(p), where
p denotes the image pixel. Then, we apply a contrastive loss to the rendered
feature map to ensure intra-instance consistency and inter-instance separation:

£con = Z Z Epos(p) +A Z »Cneg(p) ) (3)

MeM \ peM pEM

where Lp0s(p) = max(0,1 — cos(fom, F(p))) encourages features within the same

mask be close to their centroid, while £,,¢4(p) = max(0, cos(fn, F(p))) penalizes
cosine similarity between the target centroid and features of other instances.

2.4 Instance-Semantics Association

Cross-View Pixel-level Lifting (CVP-Lifting). We introduce a pixel-level
cross-view lifting strategy to robustly associate 2D masks with 3D instances
under sparse views and ensure cross-view consistency.

To mitigate boundary inaccuracies caused by occlusions in sparse views, we
employ weighted random sampling [23] on the rendered feature map. We assign
higher weights to pixels near the mask center using a Gaussian distribution,
scaled by the inverse mask area to ensure small objects are sufficiently sampled.
This location-based weight of a pixel p belonging to a 2D mask M is defined as:

(P eml?
i) = e ). ()

202

where ||p—caq|| is the Euclidean distance between p and the mask center ¢y, and
o is a hyperparameter controlling the spatial fall-off of the Gaussian distribution.
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After sampling, we lift sampled pixels across views into 3D instances {S;}
by hierarchical density-based clustering [11] of pixel-level instance features. For
instance S; = {p1, p2, ..., Ps}, we compute an instance prototype fs, as below:

- 1

PES;

where F(p) denotes the rendered instance feature of the pixel p. This process
lifts 2D pixels to 3D instances, bridging the gap for subsequent matching.

Instance-Mask-Gaussian Matching. For each unsampled pixel p,, we
assign it to an instance S; with the maximal cosine similarity between its feature
F(p,) and the instance prototype fgi. Then each 2D mask M is associated with
the most frequent instance S; among its pixels {p}. Similarly, we match each 3D
Gaussian G with the instance whose prototype fg exhibits the highest cosine
similarity to the Gaussian’s instance feature f;. We summarize these matching
relationships as:

{M} = S, {M} Cc M;{G} — S, {G} CG.

We determine the instance’s semantics ¥s, by selecting a semantic label from
the semantic features {V'} of its associated masks {M}. The selected semantics
has the highest cosine similarity to others. When the mask count is < 2, we
use the average semantic feature instead. In this way, we achieve 3D language
field reconstruction for OR scenes. For OR retrieval, we compute the similarity
between the query text embedding and each instance’s semantics ¥, to retrieve
the corresponding 3D Gaussians and render the mask onto 2D views.

3 Experiments

3.1 Experiment Settings

Datasets and Evaluation Metrics. We build our dataset from two public OR
benchmarks: MM-OR [14] and 4D-OR [13]. Both datasets provide 2048 x 1536
5-view videos of surgeries, including 2D segmentations for 3 specific views. MM-
OR and 4D-OR include 12 and 8 object classes, respectively. We construct 10
scenes per dataset by extracting 5 viewpoints at 10 timepoints across various
surgical phases. For each scene, we use a 4:1 train-test viewpoint random split.

We evaluate performance using three metrics: mloU evaluates the average
IoU between predicted (Mpreq) and ground-truth (GT) masks (Mg;); mLocAcc
measures the percentage of predicted masks whose pixel with the highest se-
mantic relevancy correctly falls inside the GT mask [16]; mAcc calculates the
pixel-wise accuracy as: mAcc = & Zfilﬂ/\/lgt AM;,.al)/(IME,]), where K de-
notes the number of categories.

Implementation Details. We use Qwen3-VL-235B-A22B-Instruct as the
backbone VLM (Sec. 2.2) and conduct 5 independent trials for each scene. We
set the optimization hyperparameters A = 0.2 in Eq. 3 and ¢ = 0.5 in Eq. 4. The
training process consists of two stages: 500 iterations to build a high-fidelity 3D
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Table 1. Quantitative comparison on 4D-OR [13] and MM-OR [14] datasets. Bold
and underline represent the best and second-best performances, respectively. ‘*” denotes
methods enhanced with OR Perceptor.

4D-OR MM-OR
mloUy%) T mLocAcciy) T mAcciy) T | mloUy) T mLocAcciy) T mAcciy) T

LEGaussians [21] | 5.36+2.83 17.86+14.21 32.3848.07 | 2.7140.03  14.871962 16.66+8.51
LangSplat [16] 5.18i3.20 3.33i7,03 17.96i13,20 3.2312.27 7.56i7,17 10-17i6‘28

Methods

OpenGaussian [25] | 14.7849.3s / 33.16+18.38 | 5.57+3.12 / 13.8545.63
LaGa [3] 19.44419.11  48.9544963 50.72414.22 | 10.5543.06 40.23115.66 22.5718.12
LangSplatT 18.32i4,70 54.52i21,(59 47.37j:14.02 8.983:4,96 26.743:13,41 19.38i7,9
OpenGaussianT 20.34i10,57 / 36.61i13,47 15»67i4,65 / 36.093:13,55
LaGaT 41'48113.61 88.05:&]4_48 80-43i8.08 29'2517.21 55.61110_77 74-47i4.53

LangOR(ours) |63.52:505 92.57:073 74.95,.,, | 56.054587 90.62i760 68.93, .,

scene representation (Sec. 2.3) and 300 iterations for instance field reconstruction
(Sec. 2.3). All experiments are conducted on a single NVIDIA RTX 3090 GPU.
During inference, LangOR achieves a speed of 47.1 FPS, and consumes 5 GB of
VRAM and 2.6 GB of RAM.

3.2 Quantitative and Qualitative Results

We compare LangOR against four state-of-the-art (SOTA) methods: render-
based (LangSplat [16] and LEGaussians [21]) and lifting-based (OpenGaussian [25]
and LaGa [3]), all initialized with the same sparse pointclouds generated by
VGGT [24]. mLocAcc is inapplicable to OpenGaussian due to the absence of
pixel-level relevancy.

In Tab. 1, LangOR achieves an mIoU of 63.52%, tripling that of the SOTA
method LaGa (19.44%) on 4D-OR dataset. LangOR also reaches a 92.57% of
mLocAcc, successfully localizing almost all target objects. In the complex MM-
OR dataset, LangOR maintains high performance with 56.05% mlIoU and 90.62%
mLocAcc, highlighting LangOR’s superior semantic-spatial alignment and cross-
view consistency for precise localization and segmentation in OR environments.
Moreover, we integrate OR-Perceptor into other methods and yield substantial
gains, which demonstrates the OR-Perceptor’s effectiveness and versatility in
OR scene understanding, though SOTA methods enhanced with OR-Perceptor
remain inferior to our method. The Friedman test and Bonferroni-corrected post-
hoc Wilcoxon signed-rank tests confirm that LangOR significantly outperforms
all SOTA methods with p < 0.001 on mloU.

Since render-based approaches fail to generate effective masks under sparse
views, we focus our qualitative comparison on lifting-based methods (Fig. 3).
While original lifting methods suffer from inaccurate semantics due to a lack of
domain-specific knowledge, they show significant improvement with OR-Perceptor.
Notably, our instance field reconstruction and instance-semantic association strate-
gies successfully distinguish visually similar categories (e.g., ‘surgeon’ vs. ‘nurse’)
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Fig. 3. Qualitative comparison. We visualize the segmentations of partial text queries
of 6 distinct scenes and test views for 4D-OR [13] (top 3 rows) and MM-OR [14] (bottom
3 rows). LangOR achieves the most accurate segmentations across diverse text queries.

Table 2. Ablation study on 4D-OR [13] and MM-OR [14] datasets.

4D-OR MM-OR
mloU(%) T mLocAccy) T mAccy) T | mloUy) T mLocAccy) T mAcco) T

Methods

W/O OR Perceptor 8.69+5.61 24.864+13.85 11.17+5.81 | 10.03+5.62 17.0149.75 10.6946.88
w/o Geometric Loss | 59.64+10.80 89.48+11.48 69.4619.73 | 51.06+7.7a 84.88 .5, 60.80+0.36

w/o CVP-L. 58.71+14.30 84.95+10.18 67.67+14.74 | 44.7347.85  65.98+12.03 55.8818.75
w/ OVP-L. (0 =0.7)| 6335, 56, 92571073 7483, 1. | 55.72, s x5 90.621760 6844, 1,
LangOR(ours) ‘ 63.52ig,05 92.57i9,73 74-951112 56.05i5,37 90.6217,69 68.93i7A24

and identify complex equipment like anesthesia machines. Even under sparse
views, our method generates consistent masks with sharp boundaries.

3.3 Ablation Study

We conduct an ablation study to evaluate OR Perceptor, Geometric Loss, and
CVP-Lifting strategies on both datasets (see Tab. 2).

(1) OR-Perceptor. We replace OR-Perceptor with the SAM-CLIP strategy [16],
causing a drastic mIoU drop from 63.52% to 8.69%.

(2) Geometric Loss. Scene reconstruction without geometry constraints de-
creases the mIoU by 6.1%/8.9%, demonstrating the effectiveness of geometric-
constrained scene reconstruction on instance field representation. (3) CVP-Lifting
(CVP-L.). We compare our CVP-Lifting against a mask-level strategy [3]. Our
full model outperforms baselines by 8.2%/25.3% in mloU and 9.0%/37.3% in
mLocAcc, suggesting that finer-grained lifting better associates 2D-3D infor-
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mation under sparse views. Furthermore, changing o to 0.7 results in only a
negligible mIoU decrease, proving the robustness of CVP-Lifting strategy.

4 Conclusion

In this paper, we propose LangOR, the first annotation-free method for 3d lan-
guage field reconstruction of the OR. Specifically, we propose a robust VLM-
based OR perceptor that leverages context-aware prompting to extract accurate
OR scene semantics from multi-round VLM responses. Then, we introduce an
OR instance field reconstruction module that explicitly distinguishes OR entities
in 3D space. Finally, we utilize a cross-view pixel-level lifting strategy to con-
sistently match 3D instances and 2D semantics. Experiments on OR datasets
demonstrate LangOR’s state-of-the-art performance in OR semantic scene un-
derstanding, offering a vital step toward future intelligent operating rooms.
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