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Abstract. Accurate endoscopic 3D reconstruction is important for in-
traoperative scene understanding, navigation, and robotic assistance.
Recent feed-forward visual geometry models generalize well in natural
scenes, but their direct transfer to endoscopic videos is hindered by
specular highlights, weak textures, tissue deformation, narrow fields of
view, and imaging degradations. We formulate endoscopic 3D reconstruc-
tion as domain adaptation of a pre-trained visual geometry model and
adapt VGGT through supervised depth-pose fine-tuning, perturbation-
enhanced training, and teacher-student geometric consistency. Experi-
ments on multiple public endoscopic datasets show that endoscopic fine-
tuning substantially improves camera pose estimation over zero-shot
transfer, while perturbation augmentation and teacher-student consis-
tency provide complementary robustness gains. These results suggest
that general visual geometry priors can effectively support endoscopic
reconstruction when combined with domain-specific adaptation.

Keywords: 3D reconstruction · Visual geometry model · Depth estima-
tion · Endoscopic surgery · Camera pose estimation

1 Introduction

Endoscopic intervention can be viewed as a sequential process of local visual
exploration. Although each frame provides only a narrow and two-dimensional
observation that depends on the viewing perspective, many computer-assisted
surgical applications require a temporally consistent and spatially organized un-
derstanding of the anatomical scene. Recent studies on real-time endoscopic
reconstruction and geometry-aware surgical perception suggest that recovering
spatial structure from endoscopic videos can provide a common representation
for scene understanding, navigation, coverage analysis, and robot-assisted in-
tervention [1–5]. Therefore, estimating three-dimensional structure and camera
motion from endoscopic videos is not merely a geometric vision task, but a key
step toward intraoperative spatial understanding and future blind-spot-aware
endoscopic systems.
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Fig. 1: Motivation and framework overview. (a) SIFT comparison reveals
the endoscopic domain gap. (b) Imaging artifacts and tissue deformation hinder
reliable reconstruction. (c) VGGT is adapted through supervised fine-tuning,
DDPM-style perturbations, and teacher–student consistency.

However, endoscopic 3D reconstruction remains considerably more challeng-
ing than reconstruction in natural scenes. Endoscopic videos often contain weak
or repetitive textures, specular highlights, non-uniform illumination, motion
blur, liquid artifacts, narrow fields of view, and non-rigid tissue deformation.
These factors make stable feature matching, rigid-scene assumptions, and photo-
metric consistency unreliable, which limits the performance of traditional SfM-,
SLAM-, and multi-view stereo-based pipelines [6–10]. Learning-based monocular
depth and ego-motion methods have improved robustness in endoscopic scenar-
ios [11–14], but many of them still rely on task-specific assumptions, carefully
designed self-supervised losses, or additional priors that may be fragile under
severe appearance changes and tissue deformation.

In parallel, general 3D vision has recently shifted from multi-stage geomet-
ric optimization toward feed-forward visual geometry models. Methods such as
DUSt3R [15], MASt3R [16], MonST3R [17], VGGT [18], and VGGT-Ω [19] show
that dense geometry, camera parameters, point correspondences, and 3D struc-
ture can be inferred directly from images using large-scale learned priors, re-
ducing the dependence on explicit feature matching, bundle adjustment, and
test-time optimization. This trend has also extended to surgical video recon-
struction, as demonstrated by Endo3R, which predicts scale-consistent depth,
camera parameters, and globally aligned geometry from monocular endoscopic
videos [5].
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Fig. 2: Our framework. The proposed framework adapts a pre-trained VGGT
model to endoscopic 3D reconstruction through preprocessing, perturbation aug-
mentation, teacher-student geometric consistency, and supervised depth-pose
constraints.

Motivated by these advances, we formulate endoscopic 3D reconstruction as
the domain adaptation of a pre-trained visual geometry model. Despite their
strong geometric priors, such models face substantial domain shifts caused by
weak textures, specular reflections, tissue deformation, narrow fields of view,
and limited annotations. As shown in Fig. 1, we adapt VGGT [18] through
supervised depth-pose fine-tuning, diffusion-inspired perturbation augmentation,
and teacher-student consistency to improve appearance robustness and stabilize
pose-related representations. This setting also provides a meaningful testbed
for evaluating the transferability and limitations of visual geometry foundation
models in medical scenarios.

We evaluate our framework on four public endoscopic datasets, including
C3VD [20], C3VDv2 [21], SimColon [2], and SCARED [22]. These datasets
cover diverse imaging conditions, anatomical structures, motion patterns, and
annotation settings. Our experiments show that direct zero-shot transfer from
the pre-trained model is insufficient, while endoscopic fine-tuning significantly
improves camera pose estimation. Perturbation-enhanced training and teacher-
student consistency further improve robustness under different dataset condi-
tions, suggesting that endoscopic reconstruction benefits from both general geo-
metric priors and domain-specific adaptation.

Our contributions are summarized as follows: 1) We investigate endoscopic
3D reconstruction as a domain adaptation problem for feed-forward visual ge-
ometry models, highlighting their potential in challenging medical scenes. 2)
We propose an adaptation framework that integrates supervised fine-tuning,
perturbation-enhanced training, and teacher-student geometric consistency for
robust endoscopic depth-pose estimation. 3) We demonstrate on multiple public
endoscopic datasets that general visual geometry priors can substantially im-
prove endoscopic reconstruction after domain adaptation, while highlighting the
need for stronger multi-domain generalization in more challenging endoscopic
scenarios.
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2 Methodology

We adapt a pre-trained feed-forward visual geometry model to endoscopic 3D
reconstruction. Given an endoscopic image sequence I1:T = {Ii}Ti=1, the model
predicts the corresponding depth maps D̂1:T and camera poses P̂1:T . For su-
pervised training, each sample provides depth and camera pose annotations,
denoted as D1:T and P1:T . Following the training formulation of VGGT [18], the
basic training objective is

Lsup = λdepthLdepth(D̂1:T , D1:T ) + λposeLpose(P̂1:T , P1:T ). (1)

As shown in Fig. 2, the proposed framework contains five main components:
input preprocessing, perturbation augmentation, a clean-input teacher branch,
an augmented-input student branch, and a loss constraint module. The raw
endoscopic video is first undistorted and split into short clips. The perturba-
tion module keeps the original sequence for the teacher branch and generates
a degraded sequence for the student branch. The student model is supervised
by depth and pose annotations, while the teacher model provides stop-gradient
references for representation-level consistency. This design allows the model to
learn from endoscopic appearance degradation while preserving stable geometric
representations.

2.1 Perturbation-enhanced Endoscopic Adaptation

Endoscopic images often contain blur, illumination variation, haze-like degra-
dation, specular disturbance, and other appearance artifacts. Although these
artifacts change the image appearance, they should not change the underlying
3D structure or camera motion. Based on this geometric label invariance, we
apply perturbation augmentation only to the input images while keeping the
original depth and pose labels unchanged.

Formally, the augmented sequence is generated by

Ĩ1:T = As,α(I1:T ), (2)

where As,α denotes an augmentation function controlled by the degradation
style s and perturbation parameter α. The student model then predicts depth
and pose from the augmented sequence:

(D̂1:T , P̂1:T ) = fϕ(Ĩ1:T ). (3)

Since the augmentation only modifies image appearance, Eq. 1 can still be used
with the original geometric annotations.

In practice, the augmentation module includes diffusion-inspired appearance
degradation [23] and corruptions such as blur, noise, and fog-like degradation.
By training on both clean and degraded inputs, the model is encouraged to rely
less on local texture and brightness patterns, and more on temporally consistent
structural cues and global geometric relationships.
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2.2 Teacher-student Geometric Consistency

To stabilize the geometric representation, we introduce a teacher-student con-
sistency framework. The teacher branch receives the clean sequence, while the
student branch receives the augmented sequence:

(D̂T , P̂T , ET , FT ) = fθT (I1:T ), (4)

(D̂S , P̂S , ES , FS) = fθS (Ĩ1:T ), (5)

where E denotes the pose-related encoding and F denotes intermediate geomet-
ric tokens. The teacher outputs are treated as stop-gradient references.

Instead of directly constraining the decoded rotation and translation, we
impose consistency on the pose encoding space:

Lcons = dcons
(
ES , sg(ET )

)
, (6)

where dcons(·) is a feature distance and sg(·) denotes the stop-gradient operation.
This representation-level constraint allows the student model to maintain stable
pose-related geometry under degraded observations without over-constraining
the final camera parameters.

Following DINOv3 [24], we apply Gram Anchoring to preserve the correlation
structure of intermediate geometric tokens. For a token feature Fl ∈ RCl×Nl , its
Gram matrix is

G(Fl) =
1

ClNl
FlF

⊤
l . (7)

The Gram Anchoring loss is defined as

Lgram =
1

|Lga|
∑
l∈Lga

∥∥G(FS
l )− sg

(
G(FT

l )
)∥∥2

F
, (8)

where Lga denotes the selected token layers. Unlike element-wise feature match-
ing, Gram Anchoring aligns the feature correlation structure between teacher
and student branches, allowing local feature adaptation while preserving global
geometric statistics.

The final training objective is

L = Lsup + λconsLcons + λgramLgram. (9)

3 Experiments

3.1 Implementation Details

We initialize the model from pre-trained VGGT [18]. All input images are resized
to 224×224 with a patch size of 14. For teacher-student supervision, the teacher
branch is updated by EMA with a decay rate of 0.999 at each training step.
The pose encoding consistency loss is computed on pose_enc using MSE with
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Table 1: Comparison with representative monocular depth-and-motion baselines.
Camera pose estimation: APE RMSE ↓.

Method C3VD C3VDv2 SimColon SCARED

Ours 0.4198 0.6128 0.2341 0.8054
AF-SfMLearner [12] 2.2008 3.4627 1.0139 2.1374
Monodepth2 [25] 2.2891 2.8098 0.7731 1.9431
EndoDAC [14] 1.2769 2.8617 0.8995 1.6060

(b) Depth estimation: AbsRel ↓ / δ1.25 ↑.

Method C3VD C3VDv2 SimColon SCARED

Ours 0.1000 / 0.9320 0.0951 / 0.9329 0.0301 / 0.9954 0.0633 / 0.9576
AF-SfMLearner [12] 0.9041 / 0.2248 0.7209 / 0.2485 0.1334 / 0.9303 0.0362 / 0.9954
Monodepth2 [25] 0.6353 / 0.3117 0.7303 / 0.2670 0.1331 / 0.8996 0.0826 / 0.9398
EndoDAC [14] 5.1775 / 0.1184 5.5017 / 0.1210 0.1823 / 0.7877 0.0932 / 0.9230

a weight of 0.075. Gram Anchoring is applied to intermediate geometric tokens
from layers 0, 7, 15, and 23, with a loss weight of 0.05.
Datasets. We train the adaptation framework using five public endoscopic
datasets, including C3VD [20], C3VDv2 [21], SimColon [2], SCARED [22], and
EndoDepth [26]. Depth maps, camera intrinsics, and camera poses are used as
geometric supervision when available. Unless otherwise specified, quantitative
results are reported on C3VD, C3VDv2, SimColon, and SCARED.
Evaluation Metrics. For camera pose estimation, we report Absolute Pose Er-
ror Root Mean Square Error (APE RMSE) following standard trajectory eval-
uation protocols [27], where lower values indicate more accurate trajectories.
For depth estimation, we report Absolute Relative Error (AbsRel) and thresh-
old accuracy δ1.25, where lower AbsRel and higher δ1.25 indicate better depth
prediction.

3.2 Experimental Results

Comparison with Existing Methods. Table 1 compares our model with
representative monocular depth methods, including AF-SfMLearner [12], Mon-
odepth2 [25], and EndoDAC [14]. Our method consistently achieves the lowest
APE RMSE across all four datasets, showing that adapting a feed-forward vi-
sual geometry model provides stronger camera pose estimation than conventional
monocular self-supervised pipelines. For depth estimation, our method obtains
the best AbsRel on C3VD, C3VDv2, and SimColon, while maintaining compet-
itive performance on SCARED.
Qualitative Visualization. Fig. 3 shows qualitative comparisons of depth
maps and camera trajectories on C3VD, C3VDv2, SimColon, and SCARED.
Our method produces depth maps with more consistent global structure and
fewer artifacts than the compared monocular methods. In pose estimation, our
predicted trajectories are generally better aligned with the reference trajecto-
ries, showing more stable camera motion estimation across different endoscopic
datasets. These visual results support the quantitative improvements reported
above.
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Fig. 3: Qualitative comparison of endoscopic 3D reconstruction results. VGGT
denotes the endoscopically fine-tuned VGGT model.
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Table 2: Ablation study of different adaptation components.
(a) Camera pose estimation: APE RMSE ↓.

Perturbation T-S Consistency C3VD C3VDv2 SimColon SCARED

✓ ✓ 0.4198 0.6128 0.2341 0.8054
✓ × 0.4176 0.5990 0.2936 0.8388
× × 0.4504 0.6731 0.3155 0.8444

(b) Depth estimation: AbsRel ↓ / δ1.25 ↑.

Perturbation T-S Consistency C3VD C3VDv2 SimColon SCARED

✓ ✓ 0.1000 /
0.9320

0.0951 /
0.9329

0.0301 /
0.9954

0.0633 /
0.9576

✓ × 0.1012 /
0.9294

0.0972 /
0.9276

0.0304 /
0.9953

0.0636 /
0.9682

× × 0.1030 /
0.9304

0.0977 /
0.9261

0.0319 /
0.9949

0.0580 /
0.9690

Ablation Study. Table 2 evaluates the proposed adaptation components, with
supervised endoscopic fine-tuning used in all variants. Perturbation enhancement
improves pose estimation across all datasets and depth estimation on three of
the four datasets. Teacher-student consistency further improves pose accuracy on
SimColon and SCARED and depth accuracy on C3VD, C3VDv2, and SimColon,
while the slight regressions on the remaining metrics indicate dataset-dependent
trade-offs.

4 Conclusion

We presented a framework for adapting a general visual geometry model to endo-
scopic 3D reconstruction through supervised fine-tuning, perturbation-enhanced
training, and teacher-student geometric consistency. Experiments on multiple
public endoscopic datasets demonstrate that domain-specific fine-tuning sub-
stantially improves camera pose estimation over zero-shot transfer, indicating
the feasibility of adapting pre-trained 3D visual geometry models to challenging
endoscopic scenes with limited training data.

Future work will focus on stronger cross-dataset generalization, more compre-
hensive depth evaluation, uncertainty-aware reconstruction, and temporally con-
sistent online modeling. The adapted framework may further support blind-spot
detection, active robotic re-scanning, and robot-assisted endoscopic navigation.
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