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Figure 1: SCOPE-4D overview. (a) Our curation and annotation pipeline builds SCOPE-5K
for geometric supervision and cross-domain evaluation. SCOPE-4D (b) achieves strong cross-
domain geometry, (c) recovers tissue motion while preserving camera stability in a stationary-camera
sequence, unlike SM4RT, and (d) enables stable long-sequence reconstruction.

ABSTRACT

Geometric understanding supports endoscopic navigation and robotic assistance,
but learning reliable endoscopic geometry faces two challenges: scarce geometric
annotations and ambiguity between camera motion and tissue deformation. We
present SCOPE-4D, an endoscopic 4D geometry foundation model that jointly
predicts camera parameters, dense geometry, and 3D tissue trajectories from monoc-
ular RGB video in a single forward pass. Our curation and annotation pipeline
constructs SCOPE-5K, a collection of approximately 5,000 clips spanning real and
synthetic gastrointestinal endoscopy and laparoscopy. The collection provides rich
geometric supervision and includes newly collected phantom and real-colonoscopy
evaluation sets. Geometric supervised fine-tuning on SCOPE-5K learns endoscopic
priors that improve camera and depth estimation. Common—Residual Motion
(CRM) further constrains local deformation relative to common tissue movement.
Together with geometric supervision, CRM and trajectory supervision further im-
prove camera and depth estimation over geometric fine-tuning alone while enabling
dense 3D tissue tracking. Evaluations on public and newly collected benchmarks
demonstrate strong in-domain and out-of-domain geometry, superior 3D tracking,
and more stable long-sequence colon reconstruction. A blinded user study further
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supports the perceived reconstruction quality on real clinical video. Together,
these results demonstrate the value of large-scale endoscopic supervision and mo-
tion constraints for joint geometry estimation and tissue tracking. Project page:
https://chaoyizh.github.io/SCOPE-4D-page/.

1 INTRODUCTION

Endoscopic navigation, surgical planning, and robotic assistance require spatial understanding within
a confined workspace and limited field of view. Recovering camera poses, depth, and dense point
clouds from video can help clinicians assess tissue shape and position instruments.

Traditionally, Structure-from-Motion (SfM) and Multi-View Stereo (MVS) recover scene geometry
from multiple images (Schonberger & Frahm, 2016; Schonberger et al., 2016). Geometry foundation
models instead learn transferable priors through large-scale pretraining on natural scenes. DUSt3R
predicts pointmaps from image pairs (Wang et al., 2024); VGGT and VGGT-{? jointly predict
cameras and dense geometry in a single forward pass (Wang et al., 2025a; 2026), and D4RT extends
feed-forward prediction to dynamic 4D reconstruction (Zhang et al., 2026).

Endoscopy adds tissue deformation to this reconstruction problem. EndoNeRF and EndoGaussian
model deforming tissue with camera and depth guidance, but require per-sequence optimization (Wang
et al., 2022; Liu et al., 2024). Feed-forward methods avoid this fitting: AF-SfMLearner uses self-
supervised image reconstruction (Shao et al., 2022), while Endo3R and Endo-FASt3R adapt pretrained
general-domain models (Guo et al., 2025; Sheikh Zeinoddin et al., 2025). However, photometric
supervision remains ambiguous under weak texture and deformation, and pretrained priors have
limited endoscopic coverage.

Two challenges remain in building endoscopic geometry foundation models. First, endoscopic
geometric annotations are scarce and limited in coverage. Datasets such as SCARED and
C3VD provide valuable reference geometry, yet cover a limited range of subjects and acquisition
conditions (Allan et al., 2021; Bobrow et al., 2023). Obtaining reliable geometric supervision from
raw clinical video at scale is difficult: weak texture, specular reflections, liquids, bleeding, and
illumination changes can disrupt the correspondences on which SfM relies. Limited annotations
restrict the geometric priors learned across endoscopic domains. Second, geometry supervision does
not explicitly constrain how tissue points move over time. Endoscopic scenes combine camera
motion, coherent tissue motion such as breathing, and local deformation from tool interaction. These
processes can produce similar image changes, creating ambiguity between camera movement and
scene deformation. A model can therefore predict camera motion from deforming tissue even with a
stationary camera, misaligning observations and distorting reconstructed geometry.

To expand reliable geometric supervision, we develop a data curation and annotation pipeline
that combines vision-language screening, tracking-assisted camera reconstruction, and camera-
conditioned dense annotation. We assess annotation reliability through geometric quality checks and
comparisons between independent correspondence sources. With this pipeline, we construct SCOPE-
5K, a collection of approximately 5,000 endoscopic clips covering real and synthetic gastrointestinal
(GI) endoscopy and laparoscopy. The collection also includes two newly collected evaluation sets:
SCOPE-colon-phantom provides externally tracked camera references in a physical colon phantom,
while SCOPE-colon-real supports a blinded user study of reconstruction quality in clinical videos.

We present SCOPE-4D: Structured Camera and Organ Motion Prediction for Endoscopy, an en-
doscopic 4D geometry foundation model. To our knowledge, it is the first such model to jointly
predict camera parameters, dense geometry, and 3D tissue trajectories from monocular RGB video
in a single forward pass. The model combines supervised fine-tuning (SFT) for geometry with
Common-Residual Motion (CRM). SFT on SCOPE-5K learns endoscopic geometric priors, improv-
ing depth and camera-pose estimation. To address the second challenge, CRM explicitly constrains
tissue motion by composing a common SE(3) transform with point-dependent residual motion. With
trajectory supervision, CRM further improves camera and depth estimation over geometric fine-tuning
alone while enabling dense 3D tissue tracking.

Our main contributions are:


https://chaoyizh.github.io/SCOPE-4D-page/

» Data: A curation and annotation pipeline constructs SCOPE-5K, approximately 5,000 endoscopic
clips for learning and evaluation, including phantom and real-colonoscopy benchmarks.

* Model: SCOPE-4D combines geometric SFT with CRM and trajectory supervision to improve
camera and depth estimation while enabling dense 3D tissue tracking.

¢ Evaluation: We demonstrate leading geometry performance across in-domain and held-out
endoscopic benchmarks, improved 3D tissue tracking, and more accurate long-sequence camera
reconstruction.

2 RELATED WORK

General geometry and 4D models. Structure-from-Motion (SfM) and Multi-View Stereo (MVS)
recover geometry through image correspondence and costly per-scene optimization (Schonberger &
Frahm, 2016; Schonberger et al., 2016). Geometry foundation models learn feed-forward reconstruc-
tion through large-scale pretraining (Wang et al., 2024; Tang et al., 2025; Yang et al., 2025; Wang
et al., 2025b;a; 2026; Lin et al., 2025; Keetha et al., 2026). DUSt3R predicts paired pointmaps without
calibration; VGGT jointly predicts cameras and geometry through within-image and cross-image
attention; VGGT-(2 improves attention efficiency to scale training. Depth Anything 3 represents
single-image and multi-view geometry through depth and ray maps, while MapAnything incorporates
available camera and depth information. Applying these advances to endoscopy requires broader data
coverage and reliable annotations.

General 4D models extend reconstruction to dynamic scenes through joint geometry and motion
prediction (Zhang et al., 2026; Karhade et al., 2025; Xiao et al., 2025). 4RC (Luo et al., 2026) separates
base geometry from relative motion. SM4RT (Lin et al., 2026) introduces Structure-of-Motion
(SoM) to represent point motion through shared motion bases with point-dependent assignments. In
endoscopy, a tissue surface can move coherently with breathing while deforming locally under tool
interaction. SCOPE-4D separates these motions through common-residual composition, constraining
local deformation while preserving shared movement.

Endoscopic geometry models. Neural fields and Gaussian representations model deforming tissue,
but require optimizing a new scene for each sequence (Wang et al., 2022; Zha et al., 2023; Liu et al.,
2024; Hayoz et al., 2024). Methods that also estimate camera motion must distinguish it from tissue
deformation; ambiguity between the two can lead to tracking drift (Shan et al., 2026). Feed-forward
models instead learn across sequences and avoid per-scene fitting. Early approaches estimate depth
and camera motion through self-supervised image reconstruction (Ozyoruk et al., 2021; Shao et al.,
2022). AF-SfMLearner (Shao et al., 2022) compensates for appearance changes, but photometric
supervision remains ambiguous in weakly textured or deforming tissue. More recent methods adapt
pretrained general-domain models to endoscopic reconstruction. EndoDAC (Cui et al., 2024) uses
parameter-efficient depth adaptation, while Endo3DAC (Cui et al., 2025) jointly estimates depth, pose,
and intrinsics. Endo-FASt3R (Sheikh Zeinoddin et al., 2025) combines pretrained depth and pose
models. Endo3R (Guo et al., 2025) supports online pointmap reconstruction through short-term and
long-term memories. These models benefit from general-domain pretraining, but limited endoscopic
supervision restricts their ability to handle anatomical and visual variation. Geometry supervision
alone also leaves tissue motion insufficiently constrained. SCOPE-4D combines geometric SFT on
SCOPE-5K with CRM to improve geometry estimation and constrain tissue deformation.

Endoscopic datasets. Endoscopic geometry learning is constrained by limited data scale and a
shortage of dense, accurate geometric annotations (Allan et al., 2021; Bobrow et al., 2023; Azagra
et al., 2023; Rau et al., 2024; Hayoz et al., 2023). SCARED (Allan et al., 2021) obtains depth through
structured light in porcine cadavers and propagates it to intermediate frames under a static-scene
assumption. C3VD (Bobrow et al., 2023) obtains reference geometry by registering colonoscopy
images of physical phantoms to their 3D models. Both provide valuable supervision under controlled
conditions, with limited coverage of clinical appearance and deformation. EndoMapper (Azagra
et al., 2023) broadens clinical coverage through complete calibrated colonoscopy and gastroscopy
procedures, but lacks dense geometric ground truth throughout its real videos. SimCol3D (Rau et al.,
2024) provides synthetic depth and camera poses, while StereoMIS (Hayoz et al., 2023) provides
in-vivo stereo video and camera poses from robot kinematics. Synthetic appearance and specialized
acquisition setups limit the coverage of routine clinical conditions. To broaden coverage, SCOPE-5K
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Figure 2: Data annotation and SCOPE-4D. (a) SCOPE-5K curation and annotation. (b) Joint
camera, geometry, and 3D tissue-track prediction. (c) Common-Residual Motion composes common
tissue movement with local deformation.

combines existing datasets with curated and annotated clinical video. Phantom and real-colonoscopy
benchmarks assess camera accuracy and reconstruction quality, respectively.

3 SCOPE-5K: ENDOSCOPIC GEOMETRY DATA

SCOPE-5K provides depth and camera supervision for learning endoscopic geometric priors, together
with benchmarks for evaluating reconstruction quality. SCOPE-5K contains 4,855 in-domain clips
across seven sources and 55 out-of-domain clips, spanning real and synthetic GI endoscopy and
laparoscopy (Figure 1a). Our pipeline adds camera and dense geometry annotations to EndoMapper-
Real and dense depth to StereoMIS. We also introduce SCOPE-colon-phantom and SCOPE-colon-real
for controlled camera evaluation and clinical reconstruction assessment. Appendix A.1 details source
composition, annotation coverage, and splits.

3.1 GEOMETRY ANNOTATION

Our annotation pipeline combines clip selection, geometry reconstruction, and quality control, with
reconstruction tailored to the available camera information (Figure 2a).

Monocular geometry annotation. Unlike datasets with dedicated capture guidelines such as DL3DV-
10K (Ling et al., 2024), routine clinical videos contain obstructions, poor visibility, and abrupt camera
motion. For EndoMapper-Real, a VLM selects segments with visible anatomy and sufficient camera
movement, excluding obstructed or irrelevant content. Image-based filters reject frames with blur,
exposure failures, specular reflections, weak texture, or abrupt illumination changes. We split the
filtered videos at temporal discontinuities into reconstructable clips.

Weak texture, deformation, and specular reflections make local-feature matches unreliable for en-
doscopic SfM (Barbed et al., 2022). We instead convert MFT (Neoral et al., 2024) temporal tracks
into pairwise matches for incremental SfM. LoMa (Nordstrom et al., 2026) and SIFT with Light-
Glue (Lowe, 2004; Lindenberger et al., 2023) provide independent reconstructions to cross-check the
recovered camera trajectory after similarity alignment.

Conventional MVS estimates depth by photometric matching (Schonberger et al., 2016), which is
unreliable under endoscopic illumination changes, reflections, and weak texture (Liu et al., 2020).
We instead condition MapAnything (Keetha et al., 2026) on the recovered poses and intrinsics to
generate dense depth and point clouds using its learned geometric priors.



Quality control checks multi-view consistency of dense predictions and agreement between indepen-
dent camera reconstructions. Pixel masks exclude depth-edge artifacts and regions without multi-view
support. Across 93 recordings, screening produces 3,034 clean clips; geometric QC and held-out
filtering retain 2,379. Appendix A.4 details the checks, thresholds, and verification results.

Stereo geometry annotation. StereoMIS provides calibrated stereo video and camera poses from
robot kinematics, allowing us to annotate depth without reconstructing cameras. We use Stereo Any
Video (SAV) (Jing et al., 2025) to estimate disparity from rectified stereo pairs and convert it to
depth using the known focal length and baseline. Clip selection and quality control follow the same
principles as the monocular pipeline, with checks tailored to stereo geometry. Appendices A.2-A.4
detail the VLM prompt, annotation procedures, and QC criteria.

3.2 SCOPE-COLON BENCHMARK

We collect SCOPE-colon-phantom and SCOPE-colon-real to evaluate colonoscopy reconstruction.
For SCOPE-colon-phantom, we synchronize video captured in a physical colon phantom with a
five-degree-of-freedom electromagnetic tracker. The tracker provides camera position and viewing-
direction references for quantitative evaluation. SCOPE-colon-real uses clinical colonoscopy videos
for a blinded assessment of reconstruction quality. Together, they support controlled camera evaluation
and clinical validation (Section 5); Appendix A.5 details their acquisition and annotations.

4 SCOPE-4D: ENDOScoOPIC 4D GEOMETRY FOUNDATION MODEL

SCOPE-4D combines geometric supervised fine-tuning on SCOPE-5K with Common—Residual
Motion (CRM) to jointly predict cameras, dense geometry, and 3D tissue tracks from monocular
RGB video (Figure 2b—c).

4.1 GEOMETRY SUPERVISED FINE-TUNING

To learn geometric priors suited to endoscopy, we apply supervised fine-tuning (SFT) to a pretrained
geometry model using camera and depth annotations from SCOPE-5K. Given an uncalibrated
monocular RGB video Z = (Iy,...,Ir_1), where I, € RAXWX3 "we use the first frame, t = 0,
as the reference frame. An image encoder extracts frame features, which the backbone aggregates
across views into geometry features {Ft}ipgol. Camera and depth heads decode these features into
intrinsics K; € R3*3, camera poses C; € SE(3), and depth maps D; € R¥*W_ Here C; maps
camera coordinates into a shared reference frame. Back-projecting each depth map with K; and
applying C; produces a dense pointmap P; € R *W >3 in this frame. The resulting mapping is

f:T = {K,Cy, Dy, P} (1

We denote this geometry-only model as SCOPE-4Dgprt and the full geometry—motion model as
SCOPE-4D. Tracking tissue points requires explicit motion modeling.

4.2 COMMON—-RESIDUAL MOTION

Common-Residual Motion (CRM) constrains tissue movement beyond camera and depth supervision,
reducing ambiguity between camera motion and tissue deformation.

CRM representation. Structure-of-Motion (SoM) in SM4RT (Lin et al., 2026) mixes shared motion
bases using point-dependent assignments fixed over time. In endoscopy, breathing induces coherent
tissue movement while tool interaction causes local deformation. A single mixture can spread
local deformation into surrounding tissue, yet suppressing it can weaken shared movement. CRM
instead composes a shared rigid transform with a point-dependent residual transform (Figure 2c),
constraining local deformation relative to common motion. Each transform is parameterized by a
six-dimensional twist £ = (v,w), where v,w € R? are its translational and angular components.
CRM uses a common twist & (¢) and K residual bases { A& (t)}1—,'. The first basis is a fixed
zero-residual anchor, Ay(¢) = 0, which introduces no local deformation. The model predicts the
common twist and the remaining K — 1 residual twists per frame. All twists are zero at t = 0, so each



track begins at its reference point. For a reference-frame pixel z, logits ¢ (z) define time-invariant
weights ¢ () that mix the residual bases:

exp l () K-l
w(z) = =7 Qi (@) AL (¢ ()
T S e 45(a) 2 arAad

We convert twist coordinates into SE(3) transforms using the exponential map (Sola et al., 2018),
defined in Appendix C. Composing the common and residual transforms gives

R(a.t) = O (20X (0,0),  T(t) = Exp(alt),  To(at) = Bxp(AL(x, 1)) (3)

Here X (z,0) is the reference 3D point, and its predicted positions X (z,t) form the 3D tissue track.

For a reference point p = X (z,0), CRM bounds displacement relative to common motion:

I1X (2, t) — To(t)plla < (1 — qo(2)) B(p, 1), )

where B(p,t) depends only on the residual bases and the reference point (Appendix C). For fixed
bases, increasing ¢o(z) tightens this bound. As go(z) — 1, the point follows T.(¢)p. Thus, the
anchor suppresses local deformation without freezing the tissue, whereas a zero mixed twist in SoM
suppresses all point motion. Appendix C provides the proof.

4.3 JOINT GEOMETRY AND MOTION PREDICTION

SCOPE-4D decodes geometry and motion from shared features (Figure 2b). Tissue tracks are
represented in the reference camera frame, separately from camera poses C;. Joint trajectory
supervision gives the shared features an explicit representation of tissue movement, helping camera
and depth prediction account for deformation. Linear projections map four intermediate geometry-
backbone layers into a motion transformer that combines spatial and temporal information. Common-
motion, residual-motion, and dense assignment heads predict £.(¢), A&k (t), and reference-frame
loglts O (), respectively Applying CRM to the reference pointmap P, produces dense tracks

X; € REXWx3 \where X,(x) = X (x, ) is the position at time ¢ of reference point z. The complete
mapping is
fap : T {Ky, Cr, Dy, P Xi 1y ®)

4.4 TRAINING

We jointly supervise scene geometry and tissue motion:
L= Lgeo + Etrackingy Ltracking = )\trﬁtr + >\c£c + )‘qﬁqa (6)

where the A terms balance the motion objectives. Following the MapAnything training frame-
work (Keetha et al., 2026), geometry supervision uses Lgeo = Lpts + Leam + Ldepth tO constrain
predicted pointmaps, camera parameters, and depth maps against their annotations. Motion supervi-
sion also updates the shared backbone, shaping the features used for camera and depth prediction.

Tracking labels combine trajectories from the synthetic Sano dataset (Nelson et al., 2026), derived
from rendered flow and depth, with MFT correspondences lifted into 3D using StereoMIS depth and
camera poses. StereoMIS tracks exclude occlusions and instruments. Trajectory supervision Ly,
compares predicted and annotated 3D displacements with a weighted squared loss, balancing points
with larger and smaller residual motion. For the common-motion target, we robustly select inlier
correspondences 7; from annotated tracks X;(¢) and fit a rigid transform:

T;(t) = argmin ) _ [GX;(0) - Xi(#)[5. @)

GESE(3) /7,

The common-motion loss £. compares the point positions produced by predicted and fitted transforms.
Assignment supervision £, uses binary KL divergence between predicted anchor probabilities
and targets derived from track residuals relative to this transform. Small residuals receive high
anchor targets, encouraging points to follow common motion without unnecessary local deformation.
Appendix B.2 gives the target construction and loss definitions.



Table 1: Camera pose and depth across domains. Hamlyn pose measures camera stability; phantom
ARE* excludes roll. Gain compares our best variant per metric with the best competing method.

In-domain average Hamlyn (OOD) SCOPE-colon-phantom (OOD)
Pose Depth Pose Depth Pose

Method AUC@5° + AUC@30° © ATE| AbsRel| 6125 7| ATE| ARE| AbsRel| 0125 1| ATE| RTE|} ARE™ |
General-domain
VGGT 2.94 29.11 0.128  0.160 74.61 | 4610 1964 0.190 69.19 16.53 16.78 12.14
VGGT-2 7.81 48.07 0.049  0.093 91.07 | 4496 1746 0.135 80.82 8.54 10.79 8.22
MapAnything 2.63 26.22 0.122  0.141  85.00 | 4984 1.960 0.166 74.15 15.98 17.70 26.98
CUT3R 0.27 15.55 0.131 0300 54.06 | 4571 1.693 0.185 7027 13.64 16.56 22.48
SpatialTrackerV2 6.01 44.85 0.058 0.113 8698 | 5499 2241 0.142 7742 10.92 13.80 11.23
4RC 6.12 41.85 0.068  0.138  79.71 | 3.639 1438 0.120 84.26 13.98 15.33 9.13
Any4D 0.29 11.18 0.160 0215 6525 | 4755 1.114 0.167 7223 16.94 17.57 12.15
SM4RT 4.86 38.72 0.087  0.147 7778 | 3517 1350 0.120 83.94 14.46 15.50 9.17
Endoscopy-specific
Endo3R 0.26 11.14 0.179  0.185 70.06 | 20.982 9.492 0.223 62.77 16.42 17.05 16.13
AF-SfMLearner 1.45 20.76 0.134  0.253 5694 | 15562 5979 0.190 68.20 10.35 13.88 10.31
EndoDAC 1.41 19.08 0.130 0201  66.22 | 18.057 8.968 0.191  68.87 11.51 15.03 10.54
Endo-FASt3R 4.13 35.02 0.062 0230 6039 | 9.152 3.794 0211 6475 8.70 11.39 9.22
SCOPE-4DsrT (Ours) 29.44 67.33 0.016 0.042 9852 | 2,927 1.014 0.129 83.77 8.41 10.71 7.37
SCOPE-4D (Ours) 29.86 67.41 0.017  0.040 98.68 | 2976 1.013 0.124  85.23 8.29 10.82 7.21
Gain (%) +282.2% +402%  +672% +56.8% +8.4% |+16.8% +9.0% -3.6% +1.2%| +2.9% +0.7% +12.3%

Table 2: 3D tracking and geometry on Sano and StereoMIS. D4RT*: open-source reproduction.

Sano StereoMIS
Tracking Pose Depth Tracking Pose Depth
Method EPE| APDf ATE| RTE| RRE| AbsRel| 61251 | EPE{ APDt ATE| RTE| RRE| AbsRel] &1.25 1
D4RT* 2.035 7294 0.014 0239 0215 0.193 6576 | 7.540 34.12 0.043 0940 0344  0.147 87.20
SpatialTrackerV2 ~ 0.933 90.58 0.017 0223 0.125 0145 7876 | 6.870 3898 0.049 0.677 0.195 0.107 95.24
4RC 0.523 9472 0.006 0.100 0.062 0.186  66.15 | 6266 4428 0.039 0481 0.146 0.114 90.42
Any4D 0.535 9441 0010 0376 0309 0.188  66.01 | 7.277 4245 0.061 2203 0.765 0.144 8272
SM4RT 0.411 95.64 0.007 0.104 0.081 0182 6731 | 6276 4395 0.025 0427 0.158 0.116 9257
SCOPE-4D (Ours) 0.442 96.11 0.001 0.054 0.051  0.033 99.75 | 5.022 53.08 0.010 0211 0.114 0.050 98.80
Gain (%) -1.5% +0.5% +81.6% +45.9% +18.4% +77.1% +26.1% | +19.8% +19.9% +59.4% +50.7% +21.9% +53.3% +3.1%

5 EXPERIMENTS

Implementation details. Geometric SFT and the full model are independently initialized from
the same pretrained VGGT-(2 geometry backbone (Wang et al., 2026) and trained on SCOPE-5K
for 29,000 steps. The full model initializes its motion modules from SM4RT (Lin et al., 2026).
Appendices B.1 and D detail training and evaluation.

5.1 3D GEOMETRY RECONSTRUCTION AND TRACKING

3D geometry reconstruction. Geometric SFT on SCOPE-5K substantially improves camera and
depth estimation (Table 1). Relative to pretrained VGGT-(2, in-domain (ID) pose AUC@5° rises
from 7.81 to 29.44, while depth AbsRel falls from 0.093 to 0.042. Geometric SFT outperforms all
compared endoscopy-specific methods on every metric reported in Table 1. Full SCOPE-4D further
improves ID pose AUC and depth accuracy. On out-of-domain (OOD) benchmarks, without dataset-
specific fine-tuning, the full model outperforms competing methods in camera-stability ATE, ARE,
and 47 o5 on the held-out laparoscopic Hamlyn benchmark (Recasens et al., 2021) and achieves the
lowest ATE and viewing-direction error on SCOPE-colon-phantom. Figure 3 shows more coherent
surfaces, fewer duplicated layers, and better-preserved colon structure. In its stationary-camera
example, the full model yields more tightly clustered camera predictions than geometric SFT despite
tissue deformation, while VGGT-(2, Endo3R, and SM4RT exhibit more pronounced spurious camera
motion. Appendix E provides per-dataset results and further comparisons.

3D tracking. SCOPE-4D achieves the highest APD on both Sano and StereoMIS and the lowest
EPE on StereoMIS (Table 2). On StereoMIS, it improves EPE by 19.8% over the best competing
method. It also outperforms the competing tracking methods in camera and depth metrics on both
datasets. Figure 4 shows coherent tissue trajectories with larger local displacements concentrated near
instrument interactions. SM4RT and 4RC underestimate shared tissue movement in these examples,
whereas SCOPE-4D preserves it while reducing spurious motion around local interactions. APD at
individual distance thresholds is reported in Appendix E.1.
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Figure 3: Qualitative comparison of 3D geometry reconstruction. Instrument regions are masked
out. Highlighted regions show surface consistency and suppression of spurious camera motion.
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Figure 4: 3D tissue tracking under different motion conditions. Instrument regions are masked
out. Red boxes highlight the suppression of spurious motion.

5.2 ABLATION STUDIES

Data composition. To assess our annotation pipeline’s value, we add StereoMIS (SM), EndoMapper-
Real (EM-R), or both to geometry-only SFT on five datasets: SCARED (SC), SimCol3D (SIM),
C3VD, EndoMapper-Sim (EM-S), and Sano (SA) (Table 3(a)). ID averages cover these five datasets.
Both added sources improve depth accuracy on unseen Hamlyn data and provide complementary
gains in phantom camera estimation. Combining them yields the strongest overall depth results among
the variants. These results demonstrate the value of SCOPE-5K’s diverse geometric supervision for
generalization across endoscopic domains.

Motion design. On StereoMIS (Table 3(b)), full CRM improves pose AUC@5° by 22.8% and
tracking APD by 13.0% over SoM, with comparable depth accuracy. Adding a zero-motion anchor and
assignment supervision improves EPE and APD; common-residual composition and its supervision



Table 3: Data and motion ablations. (a) Geometry-only SFT by data source. (b) StereoMIS motion
design. (c) SoM vs. CRM. Gain in (a): full dataset versus pretrained VGGT-{2.

(a) Data composition

In-domain average Hamlyn (OOD)  SCOPE-colon-phantom (OOD)
Pose Depth Depth Pose

AUC@5° 1 AUC@30° 1 AbsRel] 6&1.25 1 | AbsRell 61.25 1 | RTE{ ARE* |
No finetune (VGGT-Q weights) 9.55 53.03 0.077 94.03 | 0.135 80.82 | 10.79 8.22
w/ SC+SIM+C3VD+EM-S+SA 35.99 74.08 0.031 99.50 0.143 80.93 11.28 7.12
w/ SC+SIM+C3VD+EM-S+SA+SM 33.10 70.02 0.032 99.53 0.142 81.40 10.51 6.83
w/ SC+SIM+C3VD+EM-S+SA+EM-R 36.62 74.07 0.032 99.57 0.128 83.04 10.37 7.37
Full dataset 36.02 73.68 0.030 99.59 0.129 83.77 10.71 7.37
Gain (%) vs No finetune +277.1% +38.9% +61.6%  +5.9% \ +4.3% +3.7% \ +0.7% +10.4%

(b) Motion design (¢) Qualitative motion comparison
SoM Full model

Metric (baseline) +anchor + CRM  Gain (%) Inputs

EPE| 5.94 5.30 5.27 +11.2% _ CRM (Ours)
APD?t 46.58  50.11 52,63  +13.0% i“ Y - ~
AUC@5° 1 5.67 6.09 696  +22.8%
AUC@30° 1 26.86 27.17 27.66 +3.0%
AbsRel | 0050  0.048  0.049  +03% " static regions: stonany
atic regions: stationary tissue,
d1.25 T 28.82 98.82 98.85 +0.0% so tracks should stay in place
Table 4: Long-sequence reconstruction. Table 5: Clinical expert assessment.
Method ATE| RTE] RRE] Method Camera)  Point| Depthl
VGGT 9321 23.65 15.11 VGGT-Q 1.93 1.95 1.98
VGGT-(2 85.92 21.67 31.21 [1.65,2.25]  [1.65,2.28]  [1.67,2.32]
SM4RT 88.95 2129 1698 SM4RT 2.90 3.22 3.33
Endo3R 77.87 14.75 22.92 [2.60, 3.08] [2.80, 3.57] [2.87,3.73]
Endo3R 3.83 3.52 3.37

SCOPE-4Dspt (Ours) 73.52 10.38  13.38 [3.53,4.00] [3.23,3.78]  [3.00,3.70]
SCOPE-4D (O 7117 1094 13.61

(Qurs) =22 22 SCOPE-4D (Ours) 133 1.32 1.32
Gain (%) +8.6% +25.9% +9.9% [1.12,1.62] [1.13,1.55] [1.13,1.53]

further improve pose AUC and APD. These results support motion modeling for both geometry
estimation and tissue tracking. Table 3(c) shows reduced spurious motion in surrounding tissue while
retaining deformation near the interaction. Appendix E.1 reports APD at all thresholds.

5.3 DOWNSTREAM TASKS AND USER STUDY

Long-sequence reconstruction. We evaluate on RealSynCol (Lena et al., 2026) using a framework
similar to VGGT-Long (Deng et al., 2025). All models reconstruct overlapping chunks and align them
sequentially with Sim(3) transforms, without loop closure or global alignment. Both SCOPE-4D
variants outperform the baselines (Table 4). Gain compares the full model with the best competing
method for each metric. The full model achieves lower ATE than geometric SFT, supporting joint
geometry and motion modeling for long-sequence camera estimation (Appendix Figure 16).

User study. Six clinical and biomedical experts evaluate ten SCOPE-colon-real clips with method
identities hidden, ranking four reconstructions separately for camera trajectories, point clouds, and
depth maps (1 best, 4 worst). Table 5 reports mean ranks with 95% bootstrap confidence intervals
in brackets. SCOPE-4D achieves the best mean rank and ranks first in 70% of evaluations in each
dimension. In paired comparisons with pretrained VGGT-{2, participants prefer SCOPE-4D in 75.0%,
75.0%, and 76.7% of evaluations, respectively. Appendix D.3 details the protocol and analysis.



6 CONCLUSION

We present SCOPE-4D, an endoscopic 4D geometry foundation model that jointly predicts camera
parameters, dense geometry, and 3D tissue tracks from monocular RGB video. Our curation and
annotation pipeline constructs SCOPE-5K to expand geometric supervision and evaluation coverage.
Geometric SFT learns endoscopic priors from this data, while CRM separates common tissue
movement from local deformation. Together with trajectory supervision, this representation further
improves geometry over geometric SFT alone while enabling dense tissue tracking. Experiments
demonstrate accurate geometry across ID and OOD benchmarks, improved 3D tracking, and more
stable long-sequence reconstruction. A blinded study with six clinical and biomedical experts also
favors SCOPE-4D on real clinical video. The phantom and clinical benchmarks assess tracked camera
accuracy and perceived reconstruction quality, respectively. These findings support combining broader
endoscopic supervision with explicit tissue-motion modeling for feed-forward 4D reconstruction.
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APPENDIX

In the appendix, we provide the following:

¢ Section A: Dataset construction.

* Section B: Implementation details.

¢ Section C: Proof of the CRM residual bound.
* Section D: Evaluation protocols.

¢ Section E: Additional results.

A  DATASET CONSTRUCTION

A.1 DATA COMPOSITION AND SPLITS

SCOPE-5K covers real and synthetic GI endoscopy and laparoscopy. Table 6 lists sources and
annotation coverage; Table 7 gives collection sizes, disjoint training, validation, and test splits, and
sampling proportions. SCARED and EndoMapper-Real hold out source recordings for testing; C3VD
holds out the descending region. SimCol3D and EndoMapper-Sim split by synthetic sequence,
StereoMIS by non-overlapping temporal segment, and Sano by simulation attempt.

Table 6: Data composition and annotation coverage of SCOPE-5K. Annotations reflect those
available in SCOPE-5K. } denotes annotations generated by our pipeline.

Domain Data type Annotations

Data source Clips

GI Laparo Synthetic Real Depth Camera

EndoMapper-Real (Azagra et al., 2023) v - - v vl v 2379
C3VD (Bobrow et al., 2023) v - - v v v 112
SimCol3D (Rau et al., 2024) v - v - v v 33
EndoMapper-Sim (Azagra et al., 2023) v - v - v v 5
Sano (Nelson et al., 2026) - v v - v v 1,938
StereoMIS (Hayoz et al., 2023) - v - v 1 v 354
SCARED (Allan et al., 2021) - v - v v v 34
Hamlyn (Hamlyn Centre, n.d.) - v - v v - 22
RealSynCol (Lena et al., 2026) v - v - v v 9
SCOPE-colon-phantom v - - v - v 14
SCOPE-colon-real v - v - - 10
SCOPE-5K (Ours) v v v v v v 4,910

Annotation sources. SCARED provides structured-light-derived 3D points, camera poses, and
calibration (Allan et al., 2021). C3VD provides depth, camera poses, and calibration registered to
phantom geometry (Bobrow et al., 2023; Golhar et al., 2026). SimCol3D and EndoMapper-Sim
provide rendered depth, camera poses, and intrinsics (Rau et al., 2024; Azagra et al., 2023). Sano
denotes the SANO_VR_Cholecystectomy subset of Open-H-Embodiment (Nelson et al., 2026), which
provides rendered depth, camera parameters, and segmentation labels. The contributor’s dataset card
provides the source description and access link (Wéjcikowski et al., 2025). We use these annotations
to supervise depth, cameras, and pointmaps.

EndoMapper-Real provides calibrated clinical video without dense geometric ground truth (Azagra
et al., 2023), while StereoMIS provides calibrated stereo video and camera poses from robot kinemat-
ics (Hayoz et al., 2023). Our pipeline adds cameras and dense geometry to EndoMapper-Real and
dense depth to StereoMIS to supervise depth, cameras, and pointmaps.

For evaluation, Hamlyn provides depth and calibration but no camera-pose ground truth for the
selected clips (Recasens et al., 2021); RealSynCol provides rendered depth, camera trajectories, and
intrinsics (Lena et al., 2026). SCOPE-colon-phantom provides tracked camera positions and viewing
directions; SCOPE-colon-real supports specialist reconstruction assessment.

15



Table 7: Dataset sizes, splits, and sampling proportions.

Dataset Collected Experimental split Sampling (%)
Clips Views Train Val. Test

In-domain
SCARED 34 24,046 24 2 8 13.86
SimCol3D 33 37,833 22 2 9 13.25
C3VD 112 43,164 99 2 11 18.07
EndoMapper-Sim 5 1,610 3 1 1 3.01
EndoMapper-Real 2,379 184,796 2,347 4 28 24.10
StereoMIS 354 54,770 346 2 6 13.86
Sano 1,938 223,761 519 63 64 13.86
Out-of-domain
Hamlyn 22 3,300 0 0 22 0
SCOPE-colon-phantom 14 1,792 0 0 14 0
RealSynCol 9 2,680 0 0 9 0
SCOPE-colon-real 10 1,280 0 0 10 0
Total 4,910 579,032 3,360 76 182 100.00
Algorithm 1 EndoMapper-Real curation and annotation

1 def annotate(videos, held_out):

2 dataset = []

3 for video in videos:

4 segments = vlm_judge (video)

5 for clip in filter_and_split (segments) :

6 cameras = sfm(clip, matcher=MFT)

7 if not valid(cameras) :

8 continue

9 alternatives = [sfm(clip, matcher=m)

10 for m in (LoMa, SIFT_LightGlue)]

11 rgb = undistort (clip, cameras)

12 depth, points = mapanything(rgb, cameras)

13 mask = valid_mask (depth, points, cameras)

14 status = gc (cameras, alternatives, depth, points, mask)

15 if status == REJECT:

16 continue

17 if video in held_out and status == BORDERLINE:

18 continue

19 dataset.append((rgb, cameras, depth, points, mask))

20 return dataset

A.2 ENDOMAPPER-REAL CURATION AND ANNOTATION

We convert raw clinical video into reconstructable clips with camera and dense geometry annotations
(Algorithm 1). Gemini 3.5 Flash acts as a VLM judge, assessing tissue visibility, camera travel,
obstruction, and image quality with the prompt below.

Clip selection. Frame-level filters refine the VLM-selected segments by removing blur, exposure
failures, strong highlights, and frames with insufficient texture or tissue visibility. We then split the
retained frames at abrupt viewpoint changes and temporal gaps to form coherent 50-300-frame clips.
Source frame indices keep the clips aligned with their annotations.

Geometric annotation. For camera reconstruction in low-texture tissue, MFT tracks provide the
primary SfM correspondences (Neoral et al., 2024). Independent reconstructions from LoMa and
SIFT with LightGlue allow us to check camera agreement across correspondence sources (Nordstrom
et al., 2026; Lowe, 2004; Lindenberger et al., 2023). MapAnything then uses the recovered cameras
and undistorted images to predict dense depth and point clouds (Keetha et al., 2026). Pixel masks
exclude unreliable predictions, depth-edge artifacts, and regions without multi-view support. Clip-
level geometric checks then determine which annotations to retain.
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VLM prompt. We use the following prompt to define the screening criteria and output format.

You are segmenting a FULL colonoscopy video into coarse SEMANTIC CHAPTERS
and SCORING each chapter for whether it can be used to 3D-RECONSTRUCT the
colon. Watch the entire video, then return ONLY a JSON array (no prose).
Each element:

{"start":"M:SS","end":"M:SS","state":"<one of: outsidebody, insertion,
withdrawal_inspection, wall_redout, stationary, cleaning.irrigation,
therapy-tool, unclear>", "scores":{"structure.visibility":0-3,

"camera,travel":073,“unobstructed":073,"image,quality":073}, "reasons":
{"structure,visibility":"<=8 words", "camera_travel":"<=8 words",
"unobstructed":"<=8 words","image_quality":"<=8 words"}}

PRINCIPLES for 3D reconstruction: a segment is reconstructable only if
textured colon structure is in view AND the scope TRANSLATES (producing
parallax). Brightness is NOT geometry —-- specular highlights and the wet

non-Lambertian sheen MOVE WITH the scope and are noise, not structure;
judge structure by the lumen recess and haustral-fold ridges, NOT by how
bright/wet a frame looks. Pure rotation (no translation) gives zero
baseline = unreconstructable. A featureless red wall has no trackable
texture even under motion. The colon deforms (peristalsis / CO2
insufflation), so shorter contiguous segments are preferred.

Rules: MERGE adjacent same—activity moments into ONE chapter (75-20,

temporal order, cover the whole timeline). Score each chapter 0-3 on
FOUR INDEPENDENT axes (do NOT fuse them; do NOT output keep/discard) :
structure_visibility -- is the colon LUMEN / haustral folds / textured

mucosa VISIBLE? Judge by GEOMETRY (a DARK lumen recess / forward tunnel,
concentric haustral-fold ridges, submucosal vessels), NOT by brightness,
and INDEPENDENT of travel direction (insertion or withdrawal). A bright,
wet, sharp frame full of mucosa can still have NO lumen (scope pressed on
the wall) = 0.

0 = "red-out’ / wall-apposition: scope pressed on / pointed straight at
the mucosa, uniform red-orange, no lumen recess

1 = lumen only glimpsed occasionally; mostly wall

2 = lumen / haustral folds in view for MOST of the segment

3 = clear lumen tunnel with concentric folds in view throughout
camera.-travel -- does the scope TRANSLATE along the colon (advancing OR
withdrawing), giving a baseline / parallax?

0 = no net travel: static, dwelling on one spot, OR retroflexion (tip
angulated 7180 deg to view backward, scope shaft often visible) =
rotation in place —-- score 0 EVEN IF the lumen is clearly visible

1 = small wobble, little net advance or withdrawal

2 = clear advance OR withdrawal through the lumen

3 = sweeps a long extent of colon (much new tissue continuously
enters/leaves view)

unobstructed —-- free of endoscopic artifacts? Obstructions: simethicone
bubbles/foam, bile (yellow-green), residual stool/debris, active water
jet/submersion, blood, instruments (forceps/snare). NOT obstructions:
thin clear mucus, a light water film, a few sparse bubbles.

0 fluid / foam / stool / tool covers most of the field

1 = frequent heavy obstruction

2 = minor moisture / a few bubbles / mild bile; tissue still clearly
visible

3 = clean, unobstructed
image_quality -- sharpness and exposure? NOTE: a DARK deep-lumen recess
is EXPECTED and is the signal -- do NOT penalize darkness from a far

lumen; penalize only true black / washed-white frames and motion blur.
0 = mostly severely blurred or badly over/under-—-exposed

frequent motion blur or exposure problems

generally sharp and well-exposed, occasional blur

consistently sharp and well-exposed

- Timestamps in M:SS from the start of the video.

1
2
3
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A.3 STEREOMIS CURATION AND ANNOTATION

For calibrated StereoMIS videos, we use the provided camera poses and estimate depth from stereo
pairs. Clip selection follows the same semantic screening and frame filtering as EndoMapper-Real,
without requiring camera travel. Non-white-light segments are excluded, and source frame indices
keep stereo images, poses, and masks aligned.

We rectify each stereo pair and estimate disparity with Stereo Any Video (SAV) (Jing et al., 2025).
Depth follows d = f,.b/disparity, where f, is the horizontal focal length and b is the stereo baseline.
Camera poses from robot kinematics are expressed relative to the first camera in each clip; instrument
masks use the rectified image grid. This yields clips with aligned depth and camera annotations.

A.4 QUALITY CONTROL

Table 8 lists the EndoMapper-Real QC checks and thresholds. A hard-gate failure yields Reject; a
soft flag without a hard failure yields Borderline; passing all checks yields Accept. Training uses
Accept and Borderline clips, while held-out evaluation uses Accept clips.

Table 8: Clip-level geometry checks.

Check Criterion Role
Registration One significant reconstruction; at least 90% of frames registered Hard gate
Integrity Readable depth, consistent frame counts, finite cameras Hard gate
Connectivity Largest point-cloud component at least 90% Hard gate
Coverage Valid depth over at least 20% of clip pixels Hard gate
Parallax Median maximum sparse-point parallax at least 1.5° Soft flag
Camera adoption Dense-model camera change at most 1.5% translation and 1° rotation Soft flag
Sparse agreement Median scale-aligned relative depth discrepancy at most 0.20; scale drift at ~ Soft flag
most 0.25
Outliers At most 10% of points exceed the mean eight-neighbor distance by two  Soft flag

standard deviations

Near-zero baseline ~ Flag when at least 40% of frames have a translation-induced parallax proxy  Soft flag
below 0.004°

Cross-source poses  Reject if at least two alternatives are usable and all have aligned trajectory ~ Hard gate
residuals above 10%
Flag if only one alternative is usable and its aligned trajectory residual  Soft flag
exceeds 10%

Sparse—dense discrepancy is the median absolute relative depth difference following median scale
alignment; scale drift is the interquartile range of per-view scale ratios divided by their median.
Connectivity uses 26-neighbor voxels of width 1/64 of the cloud extent between coordinate-wise
2nd and 98th percentiles. Cross-source residuals measure mean camera-center distance after Sim(3)
alignment, normalized by the alternative trajectory’s bounding-box diagonal, using at least eight
shared frames. Unavailable comparisons do not affect the QC label.

Table 9 reports clip and frame counts. Excluding 11 Borderline clips from held-out recordings leaves
2,379 retained clips. Human verification assigned a Reject label to 28 of the 2,379 clips (1.18%): 2
previously labeled Accept and 26 Borderline. Figure 5 shows Borderline cases with single-source
camera disagreement or sparse—dense depth inconsistency, and Reject cases with disagreement across
both alternatives or insufficient camera registration.
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Table 9: EndoMapper-Real curation counts. Frame counts precede training conversion.

Stage Clips Frames
Raw videos (93 recordings) - 3,973,969
Clean clips (Stage 1) 3,034 319,727
Accept 1,733 177,358
Borderline 657 70,501
Reject 644 71,868
Retained collection 2,379 246,981
Input Point cloud Camera trajectories Input Point cloud Camera trajectories

Borderline

Reject

MFT ——— LoMa ---- SIFT + LightGlue ----

Figure 5: Quality-control examples.

A.5 SCOPE-COLON BENCHMARK

SCOPE-colon-phantom contains 14 physical colon phantom clips with 128 evaluated views each.
Checkerboard calibration provides intrinsics; a five-degree-of-freedom electromagnetic tracker
records camera positions and viewing directions, but not rotation about the viewing axis (roll).

SCOPE-colon-real contains ten clinical colonoscopy clips, with 128 views per clip, for specialist
assessment of reconstruction quality. Appendix D.3 describes the study interface and ranking protocol.

Ethical considerations. All data were obtained under institutional review board (IRB) approval.
Clinical recordings serve only to evaluate reconstruction quality retrospectively; the study does not
alter clinical procedures or patient care.

B IMPLEMENTATION DETAILS

B.1 OPTIMIZATION AND TRAINABLE MODULES

We initialize the geometry backbone from pretrained VGGT-2 (Wang et al., 2026) and the motion
decoder, assignment head, and residual-twist decoder from SM4RT (Lin et al., 2026). The common-
motion head has a zero-initialized output layer. We train both geometric SFT and the full model
for 29,000 optimizer steps on eight B200 GPUs. We use AdamW with weight decay 0.05, betas
(0.9,0.95), 500 warmup steps, and cosine learning-rate decay. The full model uses a 2 x 1075
motion-branch learning rate and 10~ for the image encoder and attention backbone, decaying to
zero; its geometry heads remain fixed. Geometric SFT updates all parameters, using 10~° for the
model and 5 x 10~7 for the patch encoder, with minimum rates of 10~7 and 5 x 10~?, respectively.

19



Training uses landscape aspect ratios at a nominal 512-pixel resolution and a budget of 24 images per
GPU per step.

The full model uses K = 10 residual bases, including the zero-residual anchor. The tracking loss
weights are A, = 2000, A\, = 1, and A\, = 0.5.

Dataset sampling proportions follow Table 7. Geometric SFT uses 3,360 training clips and 76
validation clips; the full model uses 3,349 training clips and 75 validation clips. The full-model
training pool excludes nine Sano clips without motion labels and two StereoMIS clips too short for
view sampling. Training samples contain 2-24 views, and validation uses 24 views. Geometric SFT
uses geometry/covisibility sampling. For Sano and StereoMIS, SCOPE-4D samples ordered views
with a target temporal span of 64 source frames; other sources use geometry sampling.

Ablation settings. Data-composition variants use the geometric SFT recipe, each initialized from
pretrained VGGT-? and trained with the same budget on eight B200 GPUs. Sampling weights are
renormalized over the retained datasets. Motion-design variants are trained on StereoMIS for 8,000
steps on four B200 GPUs. The SoM baseline uses sparsemax without an anchor. The anchor variant
uses softmax with a zero-motion anchor and static/moving assignment supervision. Full CRM further
adds common-residual composition and its corresponding supervision. In this full formulation, the
anchor represents zero residual motion: points assigned to it follow the common transform rather
than remaining stationary.

B.2 ARCHITECTURE AND SUPERVISION

Features and coordinates. The motion branch reads backbone layers 4, 11, 17, and 23 (zero-
indexed) and projects their 2,048-dimensional features to 1,536 dimensions through linear adapters.
A motion transformer predicts per-frame twists and temporally shared reference-frame assignments.
Subtracting the first-frame common and residual twists from their respective sequences makes both
initial transforms identity. Trajectories use first-camera coordinates. Transforms act on annotated
reference points during training and predicted reference points at inference. Training coordinates are
normalized by the mean reference-track distance, with common translations scaled consistently.

Constructing 3D tracking supervision. For StereoMIS, MFT correspondences are lifted into 3D
using stereo depth and camera poses, excluding occlusions and instruments. Sano trajectories fuse
rendered optical flow and depth across views using simulator cameras.

We robustly fit a common SE(3) transform to reference-to-target correspondences, using a 3e inlier
threshold and rigid refitting; € is a source-specific annotation noise floor.

Let X;(t) denote an annotated trajectory and 7. (¢) the shared common-motion target. The residual
amplitude and anchor target are

r; = percentilegy ;o || Xi(t) — T2 (£) X;(0)]] , ®)
!

f = . —¢,0 A L 9

r; = max(r; — €,0), 90,; "+ 26 9)

We compute the percentile over valid observations with fitted common-motion targets. Residuals are
measured in millimeters before training normalization, with ¢ = 0.03 mm for Sano and 1.32 mm for
StereoMIS. For trajectory weighting, 7} > € defines the larger-residual group; the remaining points
form the smaller-residual group.

Geometry supervision. We follow the MapAnything training framework for geometry supervi-
sion (Keetha et al., 2026). Points, depth, and camera translations are normalized by the mean valid
point distance. The losses are

Lpts = Z [<Ct p(¢(P) — ¢(P)) — 0.2log Ct>Mt

+(p(o(Prem) — o(PEm )y

Leam = zt: [p(n —T)+ Ser{nj&} p(uy — sup) + (p(ry — 7))

Q} (10)

Edepth = Z<p(10g(1 + Df) - log(l + D:))>§\4“tm

t
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Here P, and P7*™ are pointmaps in the first-camera and local camera frames; 7, u;, and r; denote
translation, unit quaternion, and camera ray directions; D; is camera-axis depth and c; is predicted
confidence. Stars denote supervision targets. Minimizing over quaternion signs handles the two

equivalent representations of each rotation.
a/2
llell3
14+ ——— -1 11
( + PP ; (11)

with ¢(0) = 0, « = 0.5, and 0 = 0.05. Angle brackets denote pixel means over the annotation
validity mask M; or image grid ). The trimmed mean excludes the largest 5% of valid losses within
each real image; synthetic images use the full valid set.

The point transform and robust penalty are

oy = U ble) ) a2

[Ipll2 ’

Motion supervision. For predicted and target displacements c@(t) = X;(t) — X;(0) and d;(t) =
X;(t) — X;(0), define

1 ~
A = — d; () — d;(8)))3.
(A) 3|A|(i%€:AI (t) @)z

The set A contains observations valid at both the reference and target frames. With the larger- and
smaller-residual observation sets Ay and A,

Lo = 0(Af) 4 2.50(Ap). (12)

The common-motion loss compares reference points under predicted and fitted common transforms:

L. |C\| |ZZHT — T2 (6)X:(0)]l, (13)

tec ieP
Here C indexes frames with valid common-motion targets, and P indexes sampled reference points.
For valid reference seeds Q, let a; = go(x;) and b; = q67i. The assignment loss is

Z {b log —b; )1og 1-b , (14)

|Q| 1€Q _al

where Q includes only seeds with valid observations and finite targets.

Motion losses are averaged over the full batch, with unlabeled samples contributing zero. The joint
objective is scaled by 2/7 for T input views.

C PROOF OF THE CRM RESIDUAL BOUND

We bound displacement relative to common motion under the CRM representation.

SE(3) exponential map. The hat operator maps a twist £ = (v,w) € R to its Lie-algebra matrix:

wlx
& = {[O]‘FX 0} € se(3), Exp(€) := exp(£") € SE(3). (15)
Here [w]xp = w X p, and exp is the matrix exponential.

Claim. Fix a reference point p = X (z,0) and time ¢. Let T.(¢) € SE(3), gx(x) > 0, Z,i:ol qr(x) =
1, and A&y(t) = 0. For finite residual bases A&y (t) = (v (t), wi(t)), define

Bp,t) = max ([lvs(®)ll2 + llwr(®)ll=llpll2)

With A€(z, ) = 35 qr(2) A&y (t) and X (z,t) = T.(t) Exp(A&(z, t))p,
I1X (2,8) — Te(t)pll2 < (1 — qo()) B(p, ).

Proof. We use the exact SE(3) exponential map defined above. For a twist { = (v,w), let A = [w]«
Its action is

1
Exp(¢)p = eAp+/ e*uds.

0
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. 1 . .
Since e — I = fo es4 A ds and €54 is a rotation,

1
| Exp(O)p — plz = / A (Ap + v) ds
0 2

< [1Apll2 + [lvll2 < [lwll2llpllz + llvll2-
The common transform 7.(¢) preserves distances. Applying the triangle inequality and
2 k>0 dk(T) =1 — qo(x) gives
| X (2 6) = Te(®)pll2 = || Exp(A&(z,1))p — pll2
< > ar(@) ([loe@)llz + llon(®)lpll2) (16)

k>0
< (1= qo(2))B(p; ).

For fixed residual bases, displacement relative to common motion vanishes as go(z) — 1: the point
follows T, (t)p. A zero mixed twist in SoM instead suppresses all point motion.

D EVALUATION PROTOCOLS

D.1 COMPARED METHODS

Table 10 summarizes the compared methods. D4RT* denotes the open-source reproduction. A single
resolution value specifies the target long edge before cropping; paired values specify width x height.
Test-time optimization refers to geometric fitting: CUT3R fits focal length; Endo3R fits focal length
and estimates camera poses with PnP; DART uses closed-form camera fitting from predicted points.

D.2 IN-DOMAIN PROTOCOL

We follow Wang et al. (2026); Guo et al. (2025) in evaluating depth with absolute relative error
(AbsRel) and 67 25. After sequence-level median scale alignment, AbsRel measures mean absolute
depth error divided by reference depth; d; o5 reports the percentage of predictions within a factor of
1.25 of the reference.

For camera poses, we follow Wang et al. (2025a; 2026) in using pose AUC at 5° and 30°. Pose AUC
is the normalized area under the recall curve for the larger of the rotation and translation-direction
angular errors of each image pair. Following Keetha et al. (2026), we report absolute trajectory error
(ATE) as the mean camera-position error after scale normalization and rigid alignment. Relative
translation error (RTE) and relative rotation error (RRE) assess motion between adjacent frames, as
in Guo et al. (2025). We report mean translation-vector error in millimeters and mean rotation-angle
error in degrees, respectively.

For 3D tracking, we follow Lin et al. (2026) in reporting endpoint error (EPE) and average percent
of points within delta (APD). After sequence-level scale alignment, EPE measures the Euclidean
distance between predicted and reference 3D positions. APD averages the percentages of predictions
within 1, 2, 5, and 10 mm of their references. We average scores over sequences within each dataset
and compute the ID geometry summary over the seven datasets.

D.3 OUT-OF-DOMAIN PROTOCOL

On Hamlyn, we follow Guo et al. (2025) in evaluating depth with AbsRel and 67 25. Instrument
masks are generated with SAM 2.1 Hiera-Large (Ravi et al., 2024), using box and point prompts,
bidirectional video propagation, and visual review with prompt refinement. The same source masks
are mapped to each method’s evaluation grid; sequence-level median scale alignment and depth
metrics use the intersection of valid reference depth and non-instrument pixels. Because camera-pose
ground truth is unavailable, we evaluate camera stability on clips with a stationary camera. ATE and
absolute rotation error (ARE) measure translation and rotation variation relative to the first predicted
pose.

On SCOPE-colon-phantom, camera estimates are evaluated against electromagnetic tracker measure-
ments. ATE measures camera-position root mean square error (RMSE) after Sim(3) alignment, and
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Table 10: Compared methods.

Supplied  Test-time

Method Input Output Resolution intrinsics optimization
General 3D

VGGT (Wang et al., 2025a) RGB video  Depth, cameras, points 518 X X
VGGT-$2 (Wang et al., 2026) RGB video  Depth, cameras, points 512 X X
MapAnything (Keetha et al., 2026) RGB video Depth, cameras, points 518 X X
CUT3R (Wang et al., 2025b) RGB video Depth, cameras, points 512 X v
General 4D

SpatialTrackerV2 (Xiao et al., RGB video  Depth, cameras, 3D tracks 518 X X
2025)

4RC (Luo et al., 2026) RGB video Depth, cameras, 3D tracks 512 X X
Any4D (Karhade et al., 2025) RGB video Depth, cameras, 3D tracks 518 X X
SM4RT (Lin et al., 2026) RGB video Depth, cameras, 3D tracks 518 X X
D4RT™ (Zhang et al., 2026) RGB video  Depth, cameras, 3D tracks 256 X 256 X v
Endoscopy

AF-SfMLearner (Shao et al., 2022) RGB video Depth, camera poses 320 x 256 v X
EndoDAC (Cui et al., 2024) RGB video Depth, camera poses 320 x 256 X X
Endo-FASt3R (Sheikh Zeinoddin ~ RGB video ~ Depth, camera poses 320 x 256 (depth) v X
et al., 2025) 512 (pose)

Endo3R (Guo et al., 2025) RGB video  Depth, cameras, points 320 X v

RTE measures one-second relative translation RMSE. ARE* measures mean viewing-direction error
after global direction alignment. The asterisk indicates that the 5-DoF tracker does not record roll.

For long RealSynCol sequences, we follow Deng et al. (2025) in reporting ATE as camera-position
RMSE after Sim(3) alignment. Adjacent-frame RTE and RRE are translation-vector RMSE in
millimeters and rotation-angle RMSE in degrees, respectively.

Real-colonoscopy user study. All four methods in Table 5 receive the same 128 input frames from
each of ten clips. Case and method order are randomized per participant. Rankings run from 1 (best)
to 4 (worst), without ties. Participants assess camera motion consistent with the video, coherent
colon-wall surfaces, and temporally stable depth with clear fold and lumen boundaries; path length,
surface coverage, and absolute depth colors are not criteria. Good/bad examples and an unscored
phantom practice view precede the study; examples remain accessible during ranking.

Instrument masks use the same SAM 2.1-assisted procedure as Hamlyn and are shared across
methods: RGB masks are overlaid, depth regions are grayed out, and corresponding 3D points are
removed before sampling. Figure 6 shows the synchronized comparison interface. The six clinical
and biomedical experts completed 180 four-method ranking tasks in total (720 individual ranks),
without missing responses or exclusions. Method identities were hidden.

Table 5 reports mean ranks with 95% percentile bootstrap confidence intervals from 50,000 resamples
of participants and clips separately, preserving method pairing. Mean per-clip Kendall’s W is 0.780,
0.728, and 0.698 for camera trajectories, point clouds, and depth, respectively. Statistical analyses
were specified after collection. Exploratory two-sided exact sign tests on participant-level mean rank
differences do not reach the 0.05 level after Holm correction across the nine method—dimension
comparisons. Given the small study sample, we interpret the results as sample-specific visual
preferences rather than population-level superiority.
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Endoscopic 3D Reconstruction — User Study Case8/10 0/10  [OPause © Restart EN/TD

Each row: rank the 4 methods, 1 = best, 4 = worst. Ranks already taken are greyed out; click your own rank again to clear it.

Reference Method 1 Method 2 Method 3 Method 4

W W S

[1GOOD | BAD examples

# accumulate

Back Next case

Figure 6: User-study interface. Reference video, masked depth, interactive point clouds, and ranking
controls for four anonymous methods. No rankings are selected.

E ADDITIONAL RESULTS

E.1 ADDITIONAL QUANTITATIVE RESULTS

Geometry. We report per-dataset camera pose and depth results on SCARED, SimCol3D, C3VD,
EndoMapper-Sim, and EndoMapper-Real. Sano and StereoMIS results are reported in Table 2.

Table 11: Camera pose and depth estimation on SCARED.

Pose Depth
Method AUC@5° 1 AUC@30° 1 ATE] AbsRel| 125 T
VGGT 10.31 64.78 0.047 0.047 99.15
VGGT-2 17.87 76.51 0.030 0.038 99.36
MapAnything 6.10 56.83 0.050 0.071 95.00
CUT3R 0.35 11.80 0.174 0.135 81.43
SpatialTrackerV2 8.65 68.50 0.049 0.038 99.35
4RC 16.61 77.25 0.032 0.035 99.41
Any4D 0.49 20.43 0.084 0.074 97.45
SM4RT 17.43 76.49 0.060 0.034 99.47
Endo3R 0.17 16.07 0.161 0.100 89.38
AF-SfMLearner 0.28 16.18 0.125 0.119 87.59
EndoDAC 0.28 17.22 0.121 0.121 85.79
Endo-FASt3R 14.82 76.52 0.047 0.117 88.16
SCOPE-4Dsg 1 (Ours) 29.92 83.12 0.017 0.034 99.15
SCOPE-4D (Ours) 27.89 82.88 0.016 0.033 99.21

24



Table 12: Camera pose and depth estimation on SimCol3D.

Pose Depth
Method AUC@5° 1 AUC@30° 1 ATE] AbsRel| S1.25 T
VGGT 0.44 10.82 0.288 0.181 68.03
VGGT-2 6.69 52.96 0.072 0.093 92.77
MapAnything 0.22 7.39 0.258 0.172 71.11
CUT3R 0.09 11.28 0.223 0.459 32.57
SpatialTrackerV2 0.79 35.24 0.105 0.155 75.69
4RC 1.19 28.02 0.163 0.153 76.02
Any4D 0.06 3.84 0.227 0.297 43.55
SM4RT 0.95 22.27 0.197 0.165 71.88
Endo3R 0.08 7.03 0.202 0.265 54.12
AF-SfMLearner 0.67 14.14 0.275 0.306 44.98
EndoDAC 0.57 14.55 0.257 0.242 55.23
Endo-FASt3R 0.79 21.50 0.130 0.255 53.13
SCOPE-4Dspt (Ours) 54.81 91.20 0.009 0.025 99.90
SCOPE-4D (Ours) 59.70 91.98 0.010 0.023 99.91

Table 13: Camera pose and depth estimation on C3VD.

Pose Depth
Method AUC@5° 1 AUC@30° 1 ATE] AbsRel| S1.25 T
VGGT 7.37 50.19 0.097 0.196 65.00
VGGT-2 18.54 70.34 0.042 0.062 97.05
MapAnything 9.37 60.34 0.056 0.144 78.64
CUT3R 0.51 22.06 0.138 0.406 38.45
SpatialTrackerV2 25.32 77.26 0.031 0.076 94.10
4RC 16.40 66.05 0.050 0.117 86.05
Any4D 0.92 27.01 0.178 0.270 51.13
SM4RT 7.68 57.45 0.103 0.152 78.62
Endo3R 0.57 19.60 0.229 0.153 76.45
AF-SfMLearner 8.06 55.69 0.130 0.257 51.23
EndoDAC 7.71 45.12 0.138 0.217 61.30
Endo-FASt3R 11.11 58.56 0.069 0.246 54.69
SCOPE-4Dspt (Ours) 66.31 90.66 0.009 0.031 99.35
SCOPE-4D (Ours) 67.35 90.82 0.009 0.028 99.40

Table 14: Camera pose and depth estimation on EndoMapper-Sim.

Pose Depth
Method AUC@5° 1 AUC@30° 1 ATE] AbsRel| S1.25 T
VGGT 0.05 19.17 0.228 0.153 79.49
VGGT-2 1.86 47.59 0.067 0.062 99.51
MapAnything 0.04 8.53 0.265 0.088 94.00
CUT3R 0.03 21.75 0.120 0.301 49.62
SpatialTrackerV2 0.42 43.41 0.060 0.077 97.55
4RC 0.54 36.93 0.080 0.143 77.74
Any4D 0.03 3.26 0.301 0.146 76.16
SM4RT 0.44 32.78 0.110 0.157 73.17
Endo3R 0.01 9.12 0.240 0.151 76.05
AF-SfMLearner 0.03 11.03 0.120 0.305 44.80
EndoDAC 0.03 11.31 0.108 0.182 68.80
Endo-FASt3R 0.04 14.77 0.051 0.241 54.13
SCOPE-4Dspt (Ours) 15.47 68.49 0.032 0.024 99.83
SCOPE-4D (Ours) 14.06 65.30 0.037 0.024 99.84
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Table 15: Camera pose and depth estimation on EndoMapper-Real.

Pose Depth
Method AUC@5° 1 AUC@30° 1 ATE| AbsRel] 61.25 T
VGGT 1.41 31.43 0.155 0.214 61.56
VGGT-2 3.22 49.08 0.089 0.157 76.44
MapAnything 1.49 27.23 0.156 0.274 81.11
CUT3R 0.20 17.54 0.190 0.408 37.70
SpatialTrackerV2 3.03 54.16 0.097 0.194 68.16
4RC 2.16 44.34 0.109 0.219 62.20
Any4D 0.16 12.38 0.256 0.388 39.70
SM4RT 1.58 43.43 0.106 0.224 61.41
Endo3R 0.11 9.92 0.274 0.247 54.90
AF-SfMLearner 0.94 34.59 0.204 0.372 37.38
EndoDAC 1.19 35.16 0.200 0.306 45.84
Endo-FASt3R 1.21 39.23 0.093 0.358 38.99
SCOPE-4Dsrt (Ours) 23.59 77.61 0.032 0.095 92.94
SCOPE-4D (Ours) 22.80 77.35 0.033 0.091 93.89

3D tracking. Table 16 reports APD at each distance threshold for Sano and StereoMIS, supplementing
the mean APD in Table 2.

Table 16: 3D tracking APD at multiple thresholds.

Sano StereoMIS
Method APD@11 APD@2t APD@5T APD@101|APD@11 APD@2t APD@5T APD@ 101
D4RT* 33.99 66.11 92.98 98.69 4.29 10.56 42.99 78.63
SpatialTrackerV2 77.81 88.97 96.50 99.03 6.87 18.56 50.80 79.70
4RC 86.91 94.26 98.08 99.63 12.25 26.19 56.17 82.50
Any4D 87.29 93.65 97.35 99.34 12.02 25.08 54.46 78.25
SM4RT 89.48 95.28 98.17 99.62 12.20 25.26 56.14 82.21
SCOPE-4D (Ours) 90.51 95.81 98.42 99.72 \ 19.09 39.53 66.25 87.44
Motion ablation. Table 17 expands Table 3(b) with threshold-wise APD.
Table 17: Motion ablation on StereoMIS.

Variant APD@11} APD@21 APD@51 APD@ 101

SoM (baseline) 11.22 28.89 63.67 82.55

w/ zero-motion anchor 12.73 33.55 66.33 87.83

Full CRM 19.02 37.30 66.89 87.30
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E.2 ADDITIONAL QUALITATIVE RESULTS

The following figures compare reconstructed geometry and depth across datasets. Geometry panels
use the same tissue-centered crop for all methods within a case; distant camera frusta may lie outside
the displayed region.

(a) SCARED
Inputs SCOPE-4D (Ours) SCOPE-4D,,, (Ours)

(b) SimCol3D
Inputs SCOPE-4D (Ours) SCOPE-4D.., (Ours)

Figure 7: Additional 3D geometry comparisons.
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(&) C3vD
Inputs SCOPE-4D (Ours) SCOPE-4D,,, (Ours)

&
i

(b) EndoMapper-Sim

Inputs SCOPE-4D (Ours) SCOPE-4D,., (Ours)

VGGT-Q Endo3R

Figure 8: Additional 3D geometry comparisons.
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(a) EndoMapper-Real
Inputs SCOPE-4D (Ours) SCOPE-4D.., (Ours)

(b) EndoMapper-Real

Inputs SCOPE-4D.., (Ours)

Figure 9: Additional 3D geometry comparisons.
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(a) EndoMapper-Real
Inputs SCOPE-4D (Ours) SCOPE-4D,,, (Ours)

Endo3R

(b) EndoMapper-Real

Inputs SCOPE-4D.., (Ours)

Figure 10: Additional 3D geometry comparisons.
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(a) EndoMapper-Real
Inputs SCOPE-4D (Ours) SCOPE-4D,,, (Ours)

VGGT-Q Endo3R SM4RT

(b) EndoMapper-Real

Inputs

VGGT-Q Endo3R SMART

Figure 11: Additional 3D geometry comparisons.
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(a) EndoMapper-Real
Inputs SCOPE-4D (Ours) SCOPE-4D,,, (Ours)

.

Endo3R

(b) EndoMapper-Real

Inputs SCOPE-4D (Ours) SCOPE-4D,., (Ours)

VGGT-Q

Figure 12: Additional 3D geometry comparisons.
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(a) EndoMapper-Real
Inputs SCOPE-4D (Ours) SCOPE-4D.., (Ours)

SCOPE-4D,,. (Ours)

Figure 13: Additional 3D geometry comparisons.
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(a) SCOPE-colon-phantom
Inputs SCOPE-4D (Ours) SCOPE-4D,,, (Ours)

(b) SCOPE-colon-phantom
SCOPE-4D,,. (Ours)

Inputs

VGGT-Q SMART

Figure 14: Additional 3D geometry comparisons.
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C3vD SimCol3D SCARED

EndoMapper-Sim

Sano

Sano

Input GT SCOPE-4D (Ours) SCOPE-4D,,, (Ours) VGGT-Q Endo3R SM4RT

TR
Nisad. 2
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Figure 15: Additional depth comparisons.
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SCOPE-4D (Ours) SCOPE-4Dsr (Ours) VGGT-(2

ATE  27.65 ATE  31.00 ATE  68.29
RTE  0.92 -~ RTE  1.12 LTS RTE  2.44 LS
RRE 1.59 v RRE  3.54 S

Endo3R SM4RT

ATE 97.42 ATE 80.52 ATE 96.05
RTE 13.82 ;7 RTE 3.73 RTE 4.27 P
RRE  5.48 [ RRE  12.01 RRE  6.54 oY

— Predicted trajectory - - - GT trajectory

Figure 16: Long-sequence reconstruction on RealSynCol Colon 2.
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