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This appendix file provides:
• A. Details of Datasets
• B. Demonstration of UniDepth Backbone
• C. Details of Evaluation Metrics
• D. Results of Long-term 3D Scene Flow Recovery
• E. Results of Model Inference Speed.
• F. Ablation of Inference Strategy
• G. Depth and Camera Results
• H. More Reconstruction Results Visualization
• I. Qualitative Comparison with Baseline
• J. Limitations and Future Directions

For video visualization and online interactive demonstra-
tion, please refer to https://egomono4d.github.io/.

A. Details of Datasets
Figure 3 in the main paper visualizes samples from various
datasets. Detailed information about the datasets is shown
in Table 1. The data encompass different types of egocen-
tric videos, with variations in camera motion (small/large),
action complexity (simple/complex), and scene conditions
(clean/cluttered).

For training, we use a combination of H2O[13]
(40K frames), HOI4D[17] (540K frames), FPHA[9]
(73K frames), EgoPAT3D[15] (823K frames), and Epic-
Kitchen[4] (9.7M frames). The final training dataset con-
tains a total of 11.2M frames, with Epic-Kitchen dominat-
ing the data (about 85%), providing large-scale diversity
and a wide range of behavior modes. The other datasets
contribute unique scene characteristics or behavior patterns.
For instance, H2O[13] exclusively contains bi-manual op-
erations with small camera motion in clean table scenes.
Approximately 5% of the data is allocated for model vali-
dation.

For evaluation, we note a scarcity of egocentric datasets
offering both high-quality depth and precise camera la-
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bels. We strongly encourage the computer vision and HOI
communities to collect or synthesize larger-scale RGBD
datasets with accurate pose annotations. We selected
four datasets that meet the necessary criteria: H2O[13],
HOI4D[17], ARCTIC[7], and POV-Surgery[35]. The
sources for camera labels are provided in Table 1.

H2O[13] and HOI4D[17] feature simple scenes and ac-
tions and are used as test benchmarks for in-domain predic-
tion performance. For zero-shot generalization evaluation,
we use ARCTIC[7] and POV-Surgery[35]. ARCTIC[7]
only provides labels for hands and objects, which is why
we refer to it as ARCTIC-HOI, It is primarily used to
assess the reconstruction quality of HOI. Both ARCTIC-
HOI and POV-Surgery present significant challenges for
EgoMono4D, as they exhibit a large domain gap from the
training data. (1) For ARCTIC-HOI, the hand and object
components occupy a much larger portion of the images
compared to the training data. (2) For POV-Surgery, the
dataset’s unrealistic textures create a substantial visual do-
main gap, and the surgical scenes were not encountered dur-
ing training.

B. Demonstration of UniDepth Backbone

Our architecture builds upon the UniDepth backbone [22],
an encoder-decoder architecture depth estimator. UniDepth
decouples the tasks of depth and camera estimation by
transforming the scene from Cartesian coordinates to a
pseudo-spherical representation, which enables dense cam-
era prediction in spherical space. It then incorporates scene
scale information from the camera prediction into the depth
estimation module using Laplace Spherical Harmonic En-
coding (SHE) and a cross-attention mechanism [5, 30]. For
more details, please check out the original paper Piccinelli
et al. [22].

https://egomono4d.github.io/


Training

Datasets # of frames Data Split Camera Motion Action Scene Note

H2O 40K Original Split Small Simple Clean Bi-manual
HOI4D 540K Room ID Medium Simple Clean
FPHA 73K Task Medium Complex Clutter
EgoPAT3D 823K Scene ID Large Medium Medium Only pick & place
Epic-Kitchen 9.7M Scene ID Large Complex Clutter

Evaluation

Datasets # of frames Label Camera Motion Action Scene Note

H2O 8K Calibration Small Simple Clean Bi-manual
HOI4D 12K SfM Medium Simple Clean Contain noise
ARCTIC-HOI 13K Mocap Medium Complex Clean Only hand and object label
POV-Surgery 26K Synthesis Large Medium Clutter Unrealistic texture

Table 1. Comparison of Different Datasets for Training and Evaluation

C. Details of Evaluation Metrics

We provide the mathematical definitions of the metrics used
to evaluate the performance of 3D point cloud sequence re-
construction and long-term 3D scene flow recovery.

C.1. Metrics for Pointclouds Sequence

We follow Örnek et al. [20] in using 3D Chamfer Distance
(CD, measured in millimeters) and the 3D Pointclouds F-
score (F, measured as a percentage %) to evaluate shape
similarity. For implementation, we leverage the Kaolin li-
brary [8]. Given the ambiguity in the scale of pointclouds,
we first align the predicted point cloud sequence to the
ground truth using an estimated best-aligned global scaled
SE(3) transformation (s,R, T ).

3D Chamfer Distance (CD, mm). Given the predicted per-
frame pointclouds P ∈ RN×3 and the ground-truth G ∈
RN×3, where N is the number of points, the 3D Chamfer
Distance (CD) is defined as:

CD(R,G) =
∑
x∈G

min
y∈R

||x− y||+
∑
y∈R

min
x∈G

||x− y|| (1)

3D Pointclouds F-score (F). The 3D F-score combines
precision and recall to provide a balanced evaluation of the
predicted surface quality. In the context of 3D pointclouds,
precision measures how many points from the predicted sur-
face are close to the ground truth surface, while recall mea-
sures how many ground truth points are captured by the pre-
dicted surface. Given a distance δ as the positive thresh-
old, the precision Pδ(R,G), recall Rδ(R,G) and F-score

Fδ(R,G) are defined as:

Pδ(R,G) =
1

|R|
∑
y∈R

[dy→G < δ] (2)

Rδ(R,G) =
1

|G|
∑
x∈G

[dx→R < δ] (3)

Fδ(R,G) =
2Pδ(R,G)Rδ(R,G)

Pδ(R,G) +Rδ(R,G)
(4)

C.2. Metrics for Long-term 3D Scene Flow

Long-term 3D scene flow refers to predicting the future tra-
jectories of multiple 3D query points in the pointclouds of
the first frame [39]. Following previous works [2, 12, 39],
we evaluate the precision of 3D flow recovery using three
metrics: Average Displacement Error (ADE, measured in
millimeters), Final Displacement Error (FDE, measured in
millimeters), and Precision under Distance (P, measured as
a percentage %). The 3D flow is generated by interpo-
lating between the predicted and ground-truth pointclouds
based on 2D tracking from CoTracker [10]. Before evalua-
tion, we filter out trajectories affected by noise from flying
pixels [23] using ground-truth depth information. To align
the scale of scenes and the initial position of the 3D query
points, we first perform a best-aligned scaled SE(3) trans-
formation between the ground-truth and predicted point-
clouds for the first frame.

Average Displacement Error (ADE, mm). Given the
predicted 3D flow F ∈ RT×N×3 and ground-truth flow
G ∈ RT×N×3, where T represents the number of frames
and N represents the number of trajectories, ADE measures
the average displacement across all timestamps.



HOI4D H2O POV-Surgery† ARCTIC-HOI†

ADE↓ FDE↓ P5 ↑ P10 ↑ ADE↓ FDE↓ P5 ↑ P10 ↑ ADE↓ FDE↓ P5 ↑ P10 ↑ ADE↓ FDE↓ P5 ↑ P10 ↑

Modularized Version 88.8 94.8 23.1 69 40.9 42.8 75.8 97.0 504.5 767.6 3.2 13.6 102.0 154.6 33.8 62.0
DS+UniDepth [29] 64.0 75.1 54.0 82.5 46.4 48.6 67.6 95.0 168.9 199.7 13.2 39.8 53.9 72.1 60.1 86.8
DUSt3R [36] 79.2 75.8 47.7 75.1 71.7 71.5 54.3 75.9 412.8 407.2 14.8 44.9 214.3 181.6 52.2 82.3
MonSt3R [40] 70.2 71.0 50.7 80.6 96.3 97.1 27.6 67.3 201.8 208.9 8.4 31.8 83.9 106.3 28.4 69.9
Align3R [18] 66.3 67.8 53.4 83.7 75.3 75.5 39.2 79.7 157.6 163.7 14.5 43.1 64.8 83.3 43.8 83.5
CUT3R [34] 72.5 72.6 49.8 81.3 50.7 57.4 67.9 91.3 304.6 353.0 4.6 19.3 84.3 106.2 27.4 69.9

EgoMono4D (Ours) 57.3 60.6 59.2 87.0 37.0 38.9 77.0 96.4 125.0 138.9 19.1 55.2 53.8 72.1 57.2 87.3

Table 2. The evaluation results for long-term 3D scene flow recovery are presented, with ADE (mm), FDE (mm), and Precision (Pδ ,
%). † denotes zero-shot generalization for EgoMono4D. For ARCTIC-HOI, the evaluation focuses solely on hand-object recovery quality.
Overall, EgoMono4D significantly outperforms the other baselines.

(Only for HOI) ADE↓ FDE↓ P5↑ P10↑

HOI4D 79.3 / 76.6 84.6 / 78.4 48.3 / 46.2 77.8 / 81.0
H2O 43.6 / 40.5 45.8 / 41.4 68.6 / 71.2 95.7 / 98.2
POV-Surgery† 196.0 / 192.2 213.4 / 206.4 9.9 / 9.9 32.4 / 32.8

Table 3. Additional long-term 3D scene flow results on the HOI part. Val-
ues are presented in the format ’DS+UniDepth / EgoMono4D (Ours)’.
Both models demonstrate comparable performance, with EgoMono4D
showing a modest advantage.

ADE(F,G) =
1

N

N∑
i=1

||Fi −Gi|| (5)

Final Displacement Error (FDE, mm). FDE measures the
displacement of the final timestamp.

FDE(F,G) = ||FT−1 −GT−1|| (6)

Precision under Distance (P, %). The precision metric
measures the average percentage of points with an error
within δ centimeters (cm).

Pδ =
1

N

N∑
i=1

[||Fi −Gi|| < δ] (7)

D. Long-term 3D Scene Flow Recovery Results
Task Long-term 3D scene flow [31] captures both the struc-
ture and dynamics of egocentric scenes in a compact for-
mat, making it valuable for various applications such as
perception [25], autonomous driving [19], and robot learn-
ing [6, 24, 39]. Given a video and a set of query points in
the first frame, the 3D flow [12, 39] represents the future
trajectory of each query point in 3D space. Since egocen-
tric datasets lack explicit 3D flow labels, we first employ
CoTracker [10], a high-precision pixel tracker, to generate
2D long-term tracking (with a 35×35 grid of query points).

These 2D trajectories are then unprojected using ground-
truth pointclouds sequence to create 3D trajectory labels.
We use the same method to obtain predictions for models.

Metric To align the scale of scenes , we first perform a best-
aligned scaled SE(3) transformation between the ground-
truth and predicted pointclouds for the first frame. We adopt
metrics from related works [2, 12, 33, 39], including Aver-
age Displacement Error (ADE, mm), Final Displacement
Error (FDE, mm), and Precision under Distance (P, %). We
use the notation Pδ to represent precision with a δ centime-
ter (cm) threshold. Details are demonstrated in Appendix C.
Result Table 2 shows that our model outperforms all base-
lines for long-term 3D scene flow recovery on average.
The visualizations are shown in Figure 1. DS+UniDepth
performs well in hand-object motion estimation on the
ARCTIC-HOI dataset. We also compared the HOI estima-
tion of both models on three other datasets, with results in
Table 3. Both models perform similarly, with EgoMono4D
shows a modest advantage. However, DS+UniDepth’s per-
formance drops notably in full-scene estimation (e.g., POV-
Surgery dataset) due to inconsistencies and accumulated er-
rors between modules. Other models perform worse over-
all. Figure 1 illustrates the estimated long-term 3D scene
flow. It can be seen that EgoMono4D successfully recon-
structs 3D dynamics across diverse scenes.

E. Inference Speed Results

We evaluate the inference speed of different models (for 40
frames video). All measurements are conducted on a sin-
gle NVIDIA GeForce 3090 GPU with a batch size of 1.
Results are shown in Figure 6. Our model achieves 0.218
secs/frame speed, which is only slower than its modular-
ized version [1] (0.215 secs/frame) and CUT3R [34] (0.115
sec/frame). However, the speed difference is very small,
while our model achieves better reconstruction quality with
large advantage.
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Figure 1. The visualization of the long-term 3D scene flow recovery. For clarity, we display only the pointclouds from the first and
last frame. The green arrows representing the estimated 3D flow. EgoMono4D successfully recovers the motion of dynamic parts while
maintaining other regions static to some extent.

Nw No
HOI4D POV-Surgery

CD↓ F1 ↑ F2.5 ↑ F5 ↑ CD↓ F1 ↑ F2.5 ↑ F5 ↑
4 1 5.9 27.9 59.6 83.1 33.8 13.5 32 53.9

2 1 17.9 11.5 29.4 51.6 / / / /
8 1 6.4 26.0 55.6 80.0 35.2 12.6 30.8 53.1

12 1 6.7 25.1 53.5 78.4 / / / /

4 2 5.9 27.9 59.7 83.1 34.6 13.4 32 53.9
4 3 5.9 27.9 59.7 83.1 35.0 13.4 31.9 53.8

8 4 / / / / 36.3 16.6 30.5 52.6

Table 4. Comparison of pointclouds sequence reconstruction results across different window sizes (Nw) and overlapping sizes (No). Our
model demonstrates robustness to variations in No, while maintaining consistency in Nw between training and inference is essential.

F. Ablation on Inference Strategy

During inference, our model processes Nw frames in a sin-
gle feed-forward prediction. Theoretically, the window size
Nw can be any value greater than 1. For videos with more
frames than Nw, the overlapping size No between neighbor-
ing windows must also be determined. By default, we set
Nw = 4 (consistent with training) and No = 1 (to optimize
inference speed). We evaluate the impact of Nw and No on
reconstruction performance using the pointclouds sequence
reconstruction task on HOI4D [17] and POV-Surgery [35],
with results shown in Table 4.

For the window size Nw, maintaining consistency be-
tween training and inference is crucial, likely because the
video adapter is trained specifically to fuse 4 frames. Re-
garding overlapping size No, the model exhibits compa-
rable performance for No = 1, 2, 3. Therefore, we select
No = 1 to maximize inference speed.

G. Depth and Camera Results

We further evaluate the video depth and camera poses esti-
mation performance on POV-Surgery [35], using the met-
rics from MonSt3R [40]. The results are presented in
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Figure 2. More visualization of pointclouds sequence reconstruction results from EgoMono4D.

Table 5. Our model does not outperform other methods
in estimating these independent geometric variables. The
depth and camera prediction performance of EgoMono4D
is only comparable with other baseline methods. Instead,
it enhances the consistency of them in 3D space, leading
to improved pointclouds sequence reconstruction results.
UniDepth [22] achieves the best depth estimation, while
Align3R [18] provides the most accurate camera poses.

We believe this is due to two main reasons: (1) Our

method is primarily optimized for 4D pointclouds recon-
struction, rather than single geometry variable estimation.
While it may not achieve the highest accuracy for individ-
ual variables, it ensures greater consistency and alignment
among them. (2) Compared with supervised methods, self-
supervised approach does not show a clear advantage when
focusing solely on single-variable estimation, as indicated
by previous work [26]. This is because there are more
datasets available for single-variable estimation. We believe
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Figure 3. More visualization of long-term 3D scene flow recovery results from EgoMono4D.
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Figure 4. Qualitative comparison between EgoMono4D and other baseline methods. EgoMono4D demonstrates superior performance
compared to baseline methods in both static scene reconstruction and dynamic HOI motion recovery. DS+UniDepth [22, 29] struggles
with static scene alignment, while MonSt3R [40] exhibits limitations in accurately reconstructing hand geometry.



Figure 5. Visualization of original video It and the predicted procrustes-alignment confidence maps Mt and video depth Dt from
EgoMono4D.

CUT3R
Modularized Version
DS+UniDepth
DUSt3R
MonSt3R

0.218

0.215

0.342

1.325

5.875

Inference Speed (secs / frame)
(1 Nvidia GeForce RTX3090 GPU, batch size 1, 40 frames video)

5.982

Align3R

0.115

EgoMono4D (Ours)

Figure 6. Inference speed comparison of different methods.

that using more advanced pretrained models and training on
0larger datasets may address this in the future [26, 27].

H. More Reconstruction Results Visualization

We provide more visualization of pointclouds sequence re-
construction results of EgoMono4D in Figure 2. More visu-

alization of recovered long-term 3D scene flows are shown
in Figure 3. Finally, we provide the visualization of inter-
mediate geometric variables in Figure 5.

I. Qualitative Comparison with Baseline

We qualitatively compare EgoMono4D with other base-
line methods on the dense point cloud sequence reconstruc-
tion task. Visual comparisons are presented in Figure 4.
EgoMono4D demonstrates superior performance compared
to baseline methods in both static scene reconstruction and
dynamic HOI motion recovery. DS+UniDepth [22, 29]
struggles with static scene alignment, while MonSt3R [40]
exhibits limitations in accurately reconstructing hand geom-
etry and dynamics.

J. Limitations and Future Directions

While EgoMono4D achieves impressive results in fast,
dense, and generalizable dynamic HOI scene reconstruc-
tion, it still faces challenges with shape misalignment (see



POV-Surgery (Video Depth)

AbsRel↓ δ0.05 ↑ δ0.1 ↑

UniDepth [22] 11.9 40.8 64.7
DUSt3R [36] 19.7 31.5 51.9
MonSt3R [40] 18.6 33.6 52.8
Align3R [18] 13.3 41.7 62.6

EgoMono4D (Ours) 12.6 41.1 63.9

POV-Surgery (Camera Poses)

ATE↓ RPE-T↓ RPE-R↓

Modularized Version 47.03 4.10 4.18
DS+UniDepth [29] 9.05 4.17 0.39

MonSt3R [40] 6.63 2.41 0.26
Align3R [18] 6.35 2.34 0.23
CUT3R [34] 8.11 2.92 0.31

EgoMono4D (Ours) 11.54 4.01 0.43

Table 5. Result of POV-Surgery video depth and camera poses
estimation. It shows that our model does not outperform others
in estimating these geometric variables. Instead, our model focus
on improving their consistency in 3D space, which leads to better
pointclouds sequence reconstruction.

Dynamic Part (Size) Distortion Static Part Non-Overlapping

Failure Case on Epic-Kitchen Failure Case on ARCTIC

Figure 7. Two typical failure cases of EgoMono4D arise from
inherent inconsistencies in UniDepth shape supervision.

Figure 5 in the main paper). This issue arises from inher-
ent inconsistencies in UniDepth’s [22] shape regularization
and can be divided into two key problems. (1) Dynamic
part (size) distortion: since we only regularize the shape
of the dynamic part based on per-frame pointclouds predic-
tions from UniDepth, the relative size of the dynamic part
compared to the static part is determined by UniDepth’s pre-
dictions. Any inaccuracy in this relative size may be carried
over to EgoMono4D. (2) Static part misalignment: if the
original predicted shapes of the static areas from UniDepth
differ significantly between frames, it becomes difficult to
adjust and align them consistently.

Although precise posed datasets are limited, there are
more datasets available with depth labels. Training on these
datasets with ground-truth shape supervision, or using a
combination of labeled and unlabeled datasets, could help
address these issues. Improvements in monocular depth es-

timation and intrinsic parameter estimation may also allevi-
ate these problems.

Another limitation of EgoMono4D is that it currently
supports video reconstruction only for videos with an FPS
above a certain threshold. This is due to its reliance on
the off-the-shelf optical flow estimation module [38], which
may perform poorly with sparse views. Integrating cor-
respondence, matching, or optical flow prediction directly
into the model to enable fully end-to-end training could ad-
dress this limitation [14, 32]. Sparse-view data also needs to
be incorporated during training [36] to solve this problem.

Additionally, our model currently only supports a reso-
lution of 288×384. Training models at higher resolutions
could enable more flexible applications. Our model also
fails when the dynamic portion of the image is too large
or contains too many moving objects beyond the ones be-
ing manipulated. Although we focus on egocentric HOI
scenes, our training paradigm could be extended to more
general cases. We plan to train this general scene model us-
ing motion mask priors derived from motion segmentation
[3, 37], salient video segmentation [28], and semantic seg-
mentation [11, 16]. We also encourage the community to
propose more synthetic datasets [21, 41] to explore super-
vised learning approaches [36, 40].
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