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Abstract

Egocentric videos provide valuable insights into human in-
teractions with the physical world, which has sparked grow-
ing interest in the computer vision and robotics commu-
nities. A critical challenge in fully understanding the ge-
ometry and dynamics of egocentric videos is dense scene
reconstruction. However, the lack of high-quality labeled
datasets in this field has hindered the effectiveness of cur-
rent supervised learning methods. In this work, we aim to
address this issue by exploring an self-supervised dynamic
scene reconstruction approach. We introduce EgoMono4D,
a novel model that unifies the estimation of multiple vari-
ables necessary for Egocentric Monocular 4D reconstruc-
tion, including camera intrinsic, camera poses, and video
depth, all within a fast feed-forward framework. Starting
from pretrained single-frame depth and intrinsic estima-
tion model, we extend it with camera poses estimation and
align multi-frame results on large-scale unlabeled egocen-
tric videos. We evaluate EgoMono4D in both in-domain
and zero-shot generalization settings, achieving superior
performance in dense pointclouds sequence reconstruction
compared to all baselines. EgoMono4D represents the first
attempt to apply self-supervised learning for pointclouds
sequence reconstruction to the label-scarce egocentric field,
enabling fast, dense, and generalizable reconstruction. The
interactable visualization, code and trained models are re-
leased https://egomono4d.github.io/.

1. Introduction

Egocentric videos, especially Hand Object Interaction
(HOI) videos, capture a vast amount of knowledge about
human interaction with the physical world, particularly in
tool usage. Due to this rich source of interaction knowl-
edge, egocentric human videos have gained increasing in-
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Figure 1. We propose EgoMono4D, a model that unifies the esti-
mation of camera intrinsic, camera poses, and video depth for fast
and dense 4D reconstruction of egocentric scenes. EgoMono4D is
trained solely on large-scale unlabeled videos in an self-supervised
learning framework.

terest from both the research community (e.g., computer vi-
sion [50, 88] and robotics [43, 84]) and industry (e.g., vir-
tual reality [46]).

To better understand the geometry and dynamics in
these activities, a crucial task is the dense 4D reconstruc-
tion from internet-scale egocentric video datasets [14, 19].
Here, dense 4D reconstruction is represented as a point-
clouds sequence which captures the 3D position of ev-
ery pixel in each frame within a global coordinate sys-
tem [38, 73, 75, 87], preserving maximal geometry details.
This task requires: (1) dense per-pixel reconstruction, (2)
the ability to handle dynamic motions in egocentric videos.
To facilitate large-scale usage [14, 79, 84], (3) strong gener-
alization and fast processing speeds are also needed to adapt
to large-scale unseen egocentric scenes.

However, current methods fail to meet these demands.
Traditional methods [56, 66], such as Structure-from-
Motion (SfM) or SLAM system combined with dense depth
estimation [48, 83], face significant challenges in recon-
structing dynamic scenes. These multi-step approaches also
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suffer from accumulated errors and inconsistencies between
different modules [71, 75]. Test-time optimization tech-
niques [27, 30, 39, 86], such as Gaussian Splatting [25], suf-
fer from slow processing speeds, making them impractical
for reconstructing large-scale egocentric datasets [19, 36].
Meanwhile, recent supervised learning approaches, such
as DUSt3R [75] and MonSt3R [87], are limited by the
scarcity of labeled egocentric videos, especially outside of
controlled environments [14, 19].

To address these challenges, we explore an self-
supervised learning approach for fast, dense, and general-
izable reconstruction of highly dynamic egocentric videos.
We propose EgoMono4D, a model trained without ground-
truth labels that simultaneously predicts multiple variables
necessary for dense 4D reconstruction, including camera in-
trinsic, camera poses, and video depth [35, 61].

Our key insight is to extend pretrained single-frame
scene reconstruction model to video version, and align
multi-frame results with 4D constraints. We begin by
estimating per-frame depth and camera intrinsic to gen-
erate per-frame pointclouds predictions. Then, we align
multi-frame results and derive camera extrinsics by mini-
mizing the difference between (1) the 3D scene flow in-
duced by the camera’s motion through a static scene and
(2) pre-computed 3D correspondences, similar to previous
self-supervised methods [61–63, 82]. A confidence mask is
used to exclude dynamic and unreliable areas during multi-
frame alignment. To prevent model collapse and acceler-
ate training convergence, we also regularize the model with
predictions from state-of-the-art off-the-shelf models, such
as Unidepth [48] for depth estimation and EgoHOS [88] for
confidence mask prediction.

We evaluate EgoMono4D in both in-domain and zero-
shot settings on unseen egocentric scenes. The model suc-
cessfully recovers the 3D structure of scenes and the motion
of dynamic parts, even in challenging synthetic surgery HOI
videos [74]. We also provide a quantitative comparison with
baseline methods that offer near-linear time complexity rel-
ative to the number of frames, focusing on two fundamen-
tal 4D tasks: dense pointclouds sequence reconstruction
[61, 75] and long-term 3D scene flow recovery [3, 28, 84].
EgoMono4D demonstrates superior performance on evalu-
ation metrics, outperforming all baseline methods.

In conclusion, our main contributions are as follows:

• We propose EgoMono4D, a model that unifies camera in-
trinsic, camera poses, and video depth estimation for fast,
dense, and generalizable 4D reconstruction of egocentric
videos.

• We introduce a novel self-supervised training method for
egocentric scene reconstruction, training our model solely
on large-scale, unlabeled monocular egocentric datasets,
addressing the challenge of labeled data scarcity.

• EgoMono4D demonstrates promising performance in

both in-domain and zero-shot unseen scenes, surpassing
all baselines in pointclouds sequence reconstruction.

2. Related Works
2.1. (Self-Supervised) Monocular Depth Estimation
Monocular depth estimation has made significant progress
in recent years [53]. Supervised learning models have
shown strong generalization capabilities [4, 6, 21, 48, 77,
81, 83]. Our work builds on UniDepth [48], a state-of-
the-art model that unifies camera intrinsic and depth esti-
mation for single image. Another line of works focus on
self-supervised training [5, 35, 59, 65, 82]. These meth-
ods train depth estimators purely on monocular videos us-
ing photometric error supervision [62, 63], often by lever-
aging camera labels or learning camera predictors. Despite
recent progress, no methods have yet demonstrated strong
generalization across both camera and depth. Our approach
share similar intuition, which also unifies depth and camera
prediction and trained solely on monocular video datasets
[14] with photometric loss. However, our primary focus
is on generalizable 4D reconstruction for egocentric scenes,
which requires zero-shot prediction for both depth and cam-
era parameters. To some extent, our work is the first attempt
to extend self-supervised depth estimation to generalizable
dense pointclouds sequence reconstruction.

2.2. Structure from Motion and SLAM Systems
Structure from Motion (SfM) [13, 56, 57, 91] and monoc-
ular visual SLAM systems [7, 41, 54, 66, 89] reconstruct
3D structures and estimate camera poses from image se-
quences. However, they struggle with dynamic scenes
which pose ill condition for the epipolar constraint [75].
Moreover, most of them typically can not provide dense
pixel-level reconstructions for all frames. Combining vi-
sual odometry [1, 8, 66, 76] with dense depth estimation
[48, 83] helps constrain dynamic parts’ geometry but can
lead to accumulated and inconsistencies errors. Recently,
FlowMap [61] offers a differentiable SfM for static scenes,
optimizing depths, poses, and intrinsic simultaneously. We
adopt its key ideas and extend it to a generalizable version
for dynamic egocentric videos.

2.3. Dense 4D Reconstruction for Dynamic Scenes
Reconstructing 4D dynamic scenes remains a challenging
problem in computer vision. Some approaches [11, 27, 30,
39, 64, 72, 85, 86, 90] first compute vision cues (e.g., cam-
era pose, depth, optical flow) and then perform test-time
optimization for each scene. While effective, these meth-
ods are time-consuming and impractical for large-scale re-
constructions [28].

Concurrent with our work, another line of research
[15, 16, 22, 24, 32, 33, 38, 42, 70, 73, 75, 87] explores
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Figure 2. The overview of EgoMono4D and our self-supervised training framework. The model first simultaneously predicts camera
intrinsic, video depth, and confidence maps (for camera pose estimation). Camera poses are then calculated by aligning unprojected
pointclouds from different frames with confidence maps. The final dense pointclouds sequence reconstruction is assembled using all the
predicted variables. We train our model purely on unlabeled egocentric video datasets, with both self-supervised photometric loss for depth
alignment and regularization loss for training stabilization.

fast, feed-forward 4D reconstruction through supervised
learning. Many of these methods are the extension of
the pretrained end-to-end Multi-View Stereo (MVS) model
DUSt3R [75]. For example, MonSt3R [87] and Stereo4D
[22] fine-tune DUSt3R for dynamic scenes, while Spann3R
[70] and CUT3R [73] incorporate memory buffers for
temporal information merging to avoid post-optimization.
Align3R [38] further enhances geometry estimation by
merging depth priors. However, these methods rely on
ground-truth labels for training, which are scarce for ego-
centric video datasets [29]. In this work, we aim to explore
self-supervised methods [61, 62] for monocular egocen-
tric scene reconstruction, leveraging large-scale unlabeled
video datasets [14] instead.

2.4. Egocentric Video Understanding

Egocentric videos and datasets [14, 17–19, 29, 31, 36, 46,
74] capture human hand interactions with the environment,
which are critical for robotics [2, 43, 79, 84], virtual real-
ity [46], and intelligent agents [40, 78]. Tasks like detec-
tion [58], segmentation [88], intention recognition [31, 51],
motion prediction [3, 52], and hand-object reconstruction
[47, 49] are commonly used for egocentric videos. How-
ever, dense reconstruction of entire scenes remains a chal-
lenge. EgoGaussian [86] solves this with time-intensive
Gaussian Splatting [25], while our method provides a faster
(> 30x speedup), feed-forward, and scalable solution.

3. Preliminary

3.1. Problem Definition

A monocular egocentric video can be represented as a se-
quence of frames {It ∈ RH×W×3}, where t = 0, 1...T − 1
and T is the total number of frames. Each frame is a RGB
image with a resolution of H × W . Given a video, our
goal is to estimate a sequence of dense pointclouds [75],
{Ŝt ∈ RH×W×3}, which capture the 3D position of ev-
ery pixel in each frame within a global coordinate system.
To achieve this, we decompose the pointclouds sequence
into: (1) video depth {D̂t ∈ RH×W }; (2) camera intrin-
sic K̂ ∈ R3×3 for unprojecting depth into per-frame point-
clouds; and (3) camera poses {P̂t ∈ R4×4} in camera-to-
world format for projecting the per-frame pointclouds into
global coordinates. Then the pointclouds sequence {Ŝt}
could be calculated as:

X̂t = D̂t(i, j)K̂
−1h(p(i, j)) (1)

Ŝt(i, j) = h−1(P̂−10 P̂th(X̂t)) (2)

where (i, j) refers to the pixel position p(i, j), X̂t ∈
RH×W×3 represents the per-frame pointclouds, and h(·)
is the homogeneous operator that adds an extra dimension
with a value of 1 to the coordinate system.
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3.2. Camera Pose from Depth Alignment
Following FlowCam [60], we reframe camera pose esti-
mation as a depth alignment and confidence mask pre-
diction problem. This approach transforms the task of pre-
dicting sparse camera parameters into a dense pixel-level
prediction problem, enhancing robustness and generaliza-
tion [61]. Specifically, the model first predicts multi-frame
depth D̂t and camera intrinsic K̂, and then unprojects the
depths into per-frame pointcloudss X̂t. We use an off-
the-shelf model [80] to compute the optical flow between
adjacent frames, denoted as ûi−1,i. The optimal camera
pose transformation should best align the 3D point pairs
induced by ûi−1,i. Additionally, we predict a confidence
mask M̂i,i−1 for frame i to exclude (1) dynamic regions,
(2) occlusions, (3) scene edges, and (4) inaccuracies in op-
tical flow during the alignment process.

Formally, let X̂←i−1
i denote the result of interpolating

X̂i using the points from X̂i−1 (this can be computed based
on ûi−1,i). The best-aligned camera pose transformation
P̂i,i−1 can then be formulated as:

P̂i,i−1 = argmin
P∈SE(3)

||M̂i,i−1(X̂i−1 − PX̂←i−1
i )|| (3)

Then transformation P̂i,j between arbitray frames i and j
could be acquire by chain the nearby-frame results. Solving
Equation 3 is known as the weighted procrustes-alignment
problem [60], which can be solved in closed form using the
singular value decomposition (SVD) [10], allowing a differ-
entiable and learnable camera pose estimation process via
gradient descent [61]. This means that we could get cam-
era pose naturally by only focus on predicting video depth,
camera intrinsic and confidence masks.

4. Methodology
4.1. Overview
We begin with the state-of-the-art pretrained single-frame
scene reconstruction model, UniDepth [48], which predicts
single-frame depth and intrinsic. Our goal is to extend it
to a video-based model with label-free training. To achieve
this, we need to (1) predict camera poses and (2) eliminate
inconsistencies between multi-frame results.

To enable camera poses estimation, we adapt UniDepth
from an image to a video estimator using adaptor blocks
[9, 34]. We also introduce a new decoder to predict con-
fidence masks, facilitating camera poses estimation as de-
scribed in Section 3.2. To eliminate multi-frame inconsis-
tencies, we employ self-supervised training losses based on
4D constraints to align multi-frame results, ensuring both
temporal and spatial consistency in video predictions. The
detailed approach is outlined in the following section.

4.2. Model Architecture

Our model aims to predict (1) video depth, (2) camera in-
trinsic, and (3) confidence masks. Camera poses are then
derivated using multi-frame depth alignment following Sec-
tion 3.2. Our model builds upon UniDepth [48], a universal
estimator for predicting single-frame depth and camera in-
trinsic with an encoder-decoder architecture. More details
about UniDepth can be found in Appendix B. We adopt its
encoder and decoder for image encoding and depth and in-
trinsic prediction. To adapt to 4D video reconstruction, we
introduce two modifications to the UniDepth backbone:

From Image to Video Estimation: To facilitate video
prediction, we use adaptor blocks[9, 34] to extend the orig-
inal image estimator to video version. Our model processes
Nw input images, extracting features from each frame in-
dividually through the encoder. The UniDepth encoder
produces two types of features: (1) DINO [44] features
Fdino ∈ R

T× H
sh
× W

sw
×Ddino , where sh × sw represents the

patch size in DINO and Ddino is the feature dimension, and
(2) global token features Fglobal ∈ RT×Dglobal . To fuse the
features across time, we incorporate multiple adaptors [9].
Global token features are fused using a Transformer [68] on
temporal dimension, while the patched DINO [44] features
are fused using Unet3D [12] on both temporal and spatial
dimension. The architecture for the depth and intrinsic de-
coders remains unchanged from the original UniDepth im-
plementation.

New Confidence Mask Decoder: To enable camera
poses derivation, we need to predict an extra confidence
mask as mentioned in Section 3.2. We add a new confidence
mask decoder adopted from [61], which is a 3-layer MLP
with ReLU [20] activation. The decoder takes a concatena-
tion of (1) fused shallow features from the video adaptors,
(2) depth features and confidence maps from the UniDepth
decoder [48], and (3) an interpolation of the above features,
induced by optical flow [80] from neighboring frames (Sec-
ntion 3.2). A sigmoid function is applied to normalize the
final confidence score within the range [0, 1].

4.3. Self-supervised 4D Reconstruction Losses

Although the new architecture can predict camera intrin-
sics, poses, and video depth simultaneously, these vari-
ants remain inconsistent in both the temporal and spatial
dimensions. To address these issues, we propose an self-
supervised training method that optimizes and aligns these
variants in an end-to-end manner. By leveraging several
4D geometric constraints, we design self-supervised train-
ing losses to enable label-free training. We categorize our
losses into two types: (1) Photometric loss, which aligns
depth, intrinsics, and extrinsics to ensure consistent 4D re-
construction, and (2) Regularization loss, which accelerates
training convergence and helps prevent model collapse.
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4.3.1. Photometric Loss from Flow and Track Prior
Similar to previous methods [38, 60, 62, 63, 82, 87], we
use photometric loss to align multi-frame depth estimations.
This also ensures consistency between the camera param-
eters, poses and depth predictions. Specifically, we first
back-project depth and intrinsic into per-frame pointcloudss
X̂i. Then, we align the multi-frame results by minimiz-
ing the difference between (1) the 3D scene flow and long-
term tracking induced by the camera’s movement through
high-confidence areas and (2) pre-computed 3D correspon-
dences (back-projected from the optical flow computed by
GMFlow [80] and long-term tracking by CoTracker [23]).

Formally, suppose i < j, and X̂←i
j is the interpolation

result of X̂j based on the points of X̂i (which can be com-
puted using optical flow or tracking). The alignment mini-
mizes the 3D reprojection error in high-confidence regions
between frames i and j in a scale-agnostic manner, which
can be expressed as:

Lflow/track =
||M̃i+1,iM̃j,j−1(X̂i − P̂j,iX̂

←i
j )||

F (X̂j)||M̃i+1,iM̃j,j−1||
(4)

where F (·) computes the first principal component of the
pointcloudss. We use F (X̂i) as a proxy for the scale of X̂t

and place it in the denominator of Lflow/track to prevent the
pointcloudss from collapsing to a single point. Compared to
widely used 2D photometric loss [61, 62], Lflow/track en-
courages more intuitive 3D consistency in the predictions.

Note we use a pre-computed pseudo-confidence mask M̃
for the photometric loss instead of the predicted mask M̂ ,
since the pseudo-motion mask is able to approximate from
pretrained segmentation model [88] in egocentric video.
The predicted mask M̂ is optimized by backpropagating
Lflow/track through P̂j,i, as described in Section 3.2. Using
M̃ improves model stability and robustness by promoting
more correspondences and preventing M̂ from shrinking
into sparse predictions. The pseudo-mask M̃ is computed
from two sources: (1) Pseudo-dynamic areas, using a hand
and interacted objects mask from EgoHOS [88], which cap-
tures motion from hand-object interactions; (2) Pseudo-
edges, derived from flying pixels [55] based on UniDepth
[48] depth predictions. For the Epic-Kitchen [14] dataset,
dynamic masks are also estimated using epipolar loss [37]
when hands are outside the camera view.

4.3.2. Regularization Loss from Depth and HOI Prior
To stabilize the model training process and accelerate
convergence, we also regularize the training with pre-
dictions from state-of-the-art off-the-shelf models, i.e.,
Unidepth [48] for depth estimation and EgoHOS [88] for
confidence mask prediction.

Shape Regularization Loss from Depth Prior After pre-
dicting the depth D̂t and camera intrinsic K̂, we first re-

H2O HOI4D

EgoPAT3DFPHA Epic-Kitchen-1 Epic-Kitchen-2

ARCTIC-HOIPOV-Surgery

Training

Evaluation

Figure 3. Visualization of dataset used for training and evaluation.

cover per-frame pointclouds X̂t using Equation (1). We
then regularize the shape of X̂t with the prediction X̃t from
UniDepth [48]:

Lshape =
1

H ×W
min
s,R,T

||sRX̂t + T − X̃t|| (5)

Here, (s,R, T ) represents the scaled SE(3) transformation
used for alignment, aiming to enable regularization on a rel-
ative scale [6]. The optimal transformation can be solved in
closed form using SVD [10]. Note that Lshape helps con-
strain dynamic parts of scenes relative to static areas.

Mask Regularization from HOI Prior To speed up con-
vergence, we also regularize the prediction of M̂ :

Lmask = BCELoss(M̂,M̃) (6)

Camera Consistency Self-Supervision We additionally
introduce a self-supervised loss Lcon to enhance the con-
sistency of camera intrinsic predictions. For two frame se-
quences V1 and V2 from the same video clip, we enforce the
intrinsic predictions to be as similar as possible:

Lcon = ||K̂V1
− K̂V2

|| (7)

4.3.3. Final Loss Function
Put it together, the final loss is:

L = αLshape+βLflow+γLtrack+λLmask+µLcon (8)

where we set α = 4, β = γ = 5, λ = 1, µ = 0.005 as
loss weights by default to balance each supervision.

4.4. Inference Strategy
Finally, we describe the inference strategy for EgoMono4D.
Due to GPU memory limitations, only a limited number of
frames can be processed in a single feed-forward prediction.
However, we can predict videos with infinite frames in a
stream manner using a sliding window. The video is first
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split into Nw frames sub-clips with No overlapping frames
between neighbors. Then we predict neighboring windows
independently. Let wi represent the i-th sub-clip, Ei the
timestamp set of wi, and Ŝwi , Ŝwi+1 the predictions for two
neighboring sub-clips. The latter is then then aligned and
concatenated to the former as follows:

(s∗, R∗, T ∗) = argmin
s,R,T

||sRŜwi

Eov
i+1

+ T − Ŝ
wi+1

Eov
i+1

|| (9)

Ŝ[wi,wi+1] = [Ŝwi , s∗R∗Ŝ
wi+1

Ei+1−Eov
i+1

+ T ∗] (10)

where Eov
i+1 represents the overlapping timestamps between

wi and wi+1, and [·, ·] denotes the concatenation operator.

5. Experiments
5.1. Datasets
Figure 3 shows the datasets used for training and evalua-
tion. For more details, refer to Appendix A. Our model
is trained on egocentric videos from H2O[29], HOI4D[36],
FPHA[18], EgoPAT3D[31], and Epic-Kitchen[14]. Each
video is split into 20-frame sub-clips for batch training, to-
taling 11.2 million frames, with the majority (9.7M frames)
from the unlabeled Epic-Kitchen dataset.

For evaluation, we use datasets with pointcloud sequence
labels. In-domain evaluation is done using H2O[29] and
HOI4D[36], with the datasets split by Scene ID to ensure no
overlap between training and test sets. For zero-shot gener-
alization, we use POV-Surgery[74] and ARCTIC[17] (only
Mocap [67] Hand and Objects Interaction (HOI) labels). To
avoid redundancy, we only use the first record from the first
participant in each task. Videos are split into 40-frame sub-
clips for batch evaluation. Note that ARCTIC provides only
hand and object labels, so we refer to it as ARCTIC-HOI to
highlight its focus on foreground HOI reconstruction.

5.2. Implementation Details
We initialize our model with the pretrained UniDepthV2-L
weights[48] and freeze the encoder. For input preprocess-
ing, we resize the images to a resolution of 288 × 384. Dur-
ing training, each data point consists of 4 frames sampled
from each sub-clip, with the interval between frames ran-
domly selected from the range [1, 4]. We employ the Adam
[26] optimizer with a learning rate of 5e-5 and a batch size
of 16. The model is trained on 8 NVIDIA A800 GPUs for
350k iterations. For inference, we set the overlap to 1 frame.
For stability, we set window size Nw = 4 by default, the
same with training process.

5.3. Baseline
We compare our model to previous methods that (1) pro-
vide dense 4D reconstruction, (2) have nearly linear time
complexity with respect to the number of frames, enabling
large-scale reconstruction, and (3) demonstrate zero-shot

generalization. Modularized Version (MapFreeVR [1]
+ UniDepth [48]) first estimates image depth, then com-
putes camera poses with correspondence estimation (op-
tical flow [80] in our setting) and depth-alignment. Ad-
ditionally, we integrate HOI masks from EgoHOS[88] to
filter out the HOI region for alignment. This baseline
could be viewed as a modularized and no-training ver-
sion of EgoMono4D. DS+UniDepth (DROID-SLAM [66]
+ UniDepth [48]) combines depth estimation with learning-
based RGBD visual odometry. DUSt3R [75] supports
end-to-end reconstruction. We use the ”swin” mode from
the original implementation to achieve O(T ) inference.
MonSt3R [87] is a finetuned version of DUSt3R on syn-
thetic dynamic datasets, aimed at improving reconstruc-
tion performance in dynamic areas. Align3R [38] further
merges depth prior during finetuning to enhance the geom-
etry estimation ability. Lastly, CUT3R [73] incorporates
memory buffers for temporal information merging to im-
prove reconstruction consistency.

Since large-scale labeled 4D datasets (with both high-
quality depth and camera labels) for in-the-wild egocentric
videos are lacking, existing evaluation are limited to small,
lab-based settings [17, 29, 36, 74]. Fine-tuning on these
specialized datasets could lead to overfitting, resulting in an
unfair comparison, since EgoMono4D is trained on large-
scale, in-the-wild datasets and designed for generalization.
To avoid this, and following previous self-supervised depth
estimation works [62, 63, 82], we refrain from fine-tuning
models on lab-based egocentric datasets. Moreover, our aim
is to evaluate how self-supervised methods perform in label-
scarce settings, such as egocentric videos. By excluding la-
bels, we gain clearer insights into how these methods tackle
the inherent challenges of such domains.

6. Result
Here we present the evaluation and ablation results of
EgoMono4D. Detailed definitions of all metrics can be
found in Appendix C. We include the speed measurement
and comparison of all models in Appendix E. We also in-
clude the evaluation results of depth and camera poses esti-
mation in Appendix G.

6.1. Dense Pointclouds Sequence Reconstruction
Task and Metric Dense pointclouds sequence reconstruc-
tion [61, 75, 87] requires the model to reconstruct the
H×W pointclouds of each frame within a global coordinate
system. Since the scale of the pointclouds is ambiguous for
monocular reconstruction, we first apply an estimated glob-
ally scaled SE(3) transformation (s,R, T ) to align the pre-
diction to the ground-truth. We then evaluate the accuracy
of each frame’s shape and average these results as the final
evaluation score. Following [45, 48], we use the 3D Cham-
fer Distance (CD, mm) and the 3D Pointclouds F-score (Fδ ,

8868



HOI4D H2O POV-Surgery† ARCTIC-HOI†

CD ↓ F1 ↑ F2.5 ↑ F5 ↑ CD ↓ F1 ↑ F2.5 ↑ F5 ↑ CD ↓ F1 ↑ F2.5 ↑ F5 ↑ CD ↓ F1 ↑ F2.5 ↑ F5 ↑

Modularized Version 8.9 15.4 38.2 68.0 4.7 47.8 81.5 94.2 223.3 3.6 9.6 19.1 5.8 12.6 33.8 63.2
DS+UniDepth [66] 6.7 23.2 53.4 79.9 5.1 36.5 75.0 93.2 39.1 7.7 20.0 38.7 2.9 22.2 60.2 84.7
DUSt3R [75] 8.6 24.0 53.2 76.8 8.8 23.1 56.0 82.7 55.4 9.7 24.7 45.1 3.2 20.8 53.7 83.1
MonSt3R [87] 7.6 21.4 50.8 77.9 14.7 15.1 42.4 70.0 94.5 6.5 17.8 34.8 5.4 9.9 31.8 65.0
Align3R [38] 7.1 22.3 53.4 78.9 11.5 20.0 45.4 72.0 41.1 7.9 21.0 40.4 4.5 14.2 41.5 75.8
CUT3R [73] 7.5 20.1 47.5 74.3 7.4 17.2 57.2 93.1 107.6 4.7 12.8 25.6 4.5 18.7 48.2 77.9

EgoMono4D (Ours) 5.9 27.9 59.6 83.1 5.1 54.2 83.9 94.4 33.8 13.5 32.0 53.9 2.8 24.1 57.5 86.2

Table 1. The evaluation results for 4D pointclouds sequence reconstruction are presented, using 3D Chamfer Distance (CD, mm) and 3D
Pointclouds F-score (Fδ , %). † indicates zero-shot generalization for EgoMono4D. For ARCTIC-HOI, the evaluation focuses specifically
on the reconstruction quality of the hand-object region. On average, EgoMono4D demonstrates a clear advantage across the metrics.

View1

View2

Original Video

View1

View2

Original Video

View1

View2

View1

View2

HOI4D Epic-Kitchen POV-Surgery ARCTIC-HOI

Original Video Original Video

View1

View2

Original Video

3D Flow Result 

Figure 4. The visualization of the dense pointcloud sequence reconstruction by EgoMono4D demonstrates its ability to effectively recover
both the overall scene structure and dynamic motion elements to a significant extent. For additional visualizations, please refer to Appendix
H. We also provide a qualitative comparison and visualization with baseline methods in Appendix I. Video visualizations and interactive
demonstration could be found in https://egomono4d.github.io/.

%) to assess shape similarity. We use the notation Fδ to de-
note the F-score with a threshold of δ centimeters (cm) as
the positive criterion.

Results The quantitative evaluation results are presented in
Table 1, with visualizations shown in Figure 4. For addi-
tional visualizations, refer to Appendix H. We also provide
a qualitative comparison and visualization with baseline
methods in Appendix I. Video and interactive demonstra-
tion visualizations can be found in project website.

EgoMono4D demonstrates superior performance across
all evaluated methods. Notably, on the challenging POV-
Surgery dataset [74], which contains complex surgical
scenes with unrealistic textures and intricate actions, our

model outperforms others by 10–20% in terms of F-
score. DS+UniDepth also shows commendable perfor-
mance across several metrics. However, qualitative visu-
alizations (Appendix I) reveal that it struggles to align the
static portions of egocentric scenes.

The modularized version of our model performs signif-
icantly worse across most metrics. This can be attributed
to inconsistencies between the different modules. In con-
trast, our end-to-end self-supervised training (described in
Section 4.3) ensures that the modules align through back-
propagation of the 4D supervision loss, leading to improved
4D reconstruction accuracy.

Due to the limited availability of labeled egocentric data
for training, DUSt3R, MonSt3R, Align3R and CUT3R ex-
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CD F1 F2.5 F5

complete 6.3 26.9 56.9 81.4

w UniDepth-S 6.5 ↓ 23.8 ↓ 54.5 ↓ 79.2 ↓
w/o V-Adaptor 6.4 ↓ 25.8 ↓ 55.8 ↓ 80.4 ↓
w α = 1 7.1 ↓ 18.2 ↓ 48.3 ↓ 66.4 ↓
w/ midas-loss 6.3 · 26.1 ↓ 56.2 ↓ 80.4 ↓
w/ 2d-flow-loss 6.2 ↑ 26.7 ↓ 57.0 ↑ 81.0 ↓
w/o mask-loss 6.5 ↓ 23.9 ↓ 53.3 ↓ 79.0 ↓
w/o cc-loss 6.3 · 25.2 ↓ 56.4 ↓ 81.1 ↓

Table 2. Ablation study of the EgoMono4D model on the HOI4D
dataset. ↓ indicates performance degradation relative to the com-
plete model, while ↑ indicates improvement. The complete model
outperforms other ablated variants on average.

POV-Surgery
CD↓ F1 ↑ F2.5 ↑ F5 ↑

fps / 1 25.5 14.2 33.3 54.8
fps / 2 25.4 13.8 32.8 54.9
fps / 4 25.2 14.1 33.1 55.1
fps / 12 28.5 13.0 31.0 53.5

Table 3. The POV-Surgery pointclouds sequence reconstruction
results across different frames per second (fps) settings.

hibit suboptimal performance on egocentric videos. Fur-
thermore, fine-tuning MonSt3R on small-scale dynamic
datasets actually results in performance degradation com-
pared to DUSt3R, primarily due to domain gap and over-
fitting. By introducing depth prior, Align3R alleviates this
issue, but still fails to get precise monocular 4D estimation.
These results highlight the challenges that supervised learn-
ing methods face in label-scarce scenarios. In contrast, our
self-supervised approach performs effectively on unlabeled
egocentric videos. It is important to note that this does
not imply that supervised methods are inherently inferior
to self-supervised ones. In domains with abundant labeled
data, supervised methods may offer advantages, as demon-
strated in depth estimation tasks [53].

6.2. Long-term 3D Scene Flow Recovery
We evaluate different models using long-term 3D scene
flow [69], which captures both the structure and dynamics
of egocentric scenes. Given a video and query points in the
first frame, long-term 3D flow represents the future trajec-
tory of each point in 3D space [28, 84]. EgoMono4D also
outperforms all baseline in this task. Details and results are
in Appendix D, with an prediction example in Figure 4.

6.3. Ablation Study
We conduct an ablation study of EgoMono4D, training the
model on 280K frames from the training set and testing its
performance on the HOI4D dataset [36]. The variants tested
are as follows: (1) w UniDepth-S: using small version of

UniDepth [48]. (2) w/o V-Adaptor: remove video adaptor.
(3) w α = 1, changing the training weight. (4) w/ midas-
loss: replacing Lshape with depth supervision at a relative
scale [6]; (5) 2d-flow-loss: substituting Lflow/track with its
2D version in pixel space [61]; (6) w/o mask-loss: removing
the confidence mask regularization loss Lmask; and (4) w/o
cc-loss: removing the self-supervised intrinsic loss Lcc.

Results are presented in Table 2. The complete model
outperforms all other variants on average, demonstrating
the effectiveness of our design choices. From the results,
we observe that mask and depth regularization plays a cru-
cial role in stabilizing training. Additionally, the choice
of the base model is important, and we anticipate that im-
provements in depth estimation will further benefit our self-
supervised scene reconstruction approach in the future. In
terms of shape regularization and photometric loss, apply-
ing constraints in 3D space yields moderately better results
than applying them in 2D space on average.

We also conduct an ablation on the hyperparameters for
model inference, including the window size Nw and win-
dow overlap size No, which are detailed in Appendix F.
For the window size Nw, maintaining consistency between
training and inference is critical, likely because the video
adaptor is specifically trained to fuse 4 frames. Regard-
ing the overlap size No, the model performs comparably
for No = 1, 2, 3. Therefore, we select No = 1 to maximize
inference speed.

6.4. Impact on Video FPS

Since we use random frame intervals to sample data during
training, our model is expected to be robust to variations in
video fps to some extent. We test this on the pointclouds se-
quence reconstruction task using the zero-shot dataset POV-
Surgery [74]. For a 40-frame sub-clip of POV-Surgery, we
select only frames 0, 12, 24, and 36 for evaluation. We de-
fine a 1/x fps video as a frame sequence sampled with an
interval of x (where 12 should be divisible by x). The eval-
uation results are shown in Table 3, and they demonstrate
that our method is robust to changes in video fps within a
certain range. However, when the fps becomes too low, per-
formance degrades, likely because the optical flow module
[80] we rely on may fail under such conditions.

7. Conclusion

We present EgoMono4D, an self-supervised model for 4D
reconstruction of egocentric videos, trained solely on large-
scale unlabeled data. By aligning video depth with 4D con-
straints, it achieves promising zero-shot results in dense,
generalizable scene reconstruction. Additional discussion
of limitations and future directions of EgoMono4D could
be found in Appendix J.
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Leal-Taixé. Light3r-sfm: Towards feed-forward structure-
from-motion. arXiv preprint arXiv:2501.14914, 2025. 2

[17] Zicong Fan, Omid Taheri, Dimitrios Tzionas, Muhammed
Kocabas, Manuel Kaufmann, Michael J Black, and Otmar
Hilliges. Arctic: A dataset for dexterous bimanual hand-
object manipulation. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition, pages
12943–12954, 2023. 3, 6

[18] Guillermo Garcia-Hernando, Shanxin Yuan, Seungryul
Baek, and Tae-Kyun Kim. First-person hand action bench-
mark with rgb-d videos and 3d hand pose annotations. In
Proceedings of the IEEE conference on computer vision and
pattern recognition, pages 409–419, 2018. 6

[19] Kristen Grauman, Andrew Westbury, Eugene Byrne,
Zachary Chavis, Antonino Furnari, Rohit Girdhar, Jackson
Hamburger, Hao Jiang, Miao Liu, Xingyu Liu, et al. Ego4d:
Around the world in 3,000 hours of egocentric video. In Pro-
ceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, pages 18995–19012, 2022. 1, 2, 3

[20] Boris Hanin and David Rolnick. Deep relu networks have
surprisingly few activation patterns. Advances in neural in-
formation processing systems, 32, 2019. 4

[21] Wenbo Hu, Xiangjun Gao, Xiaoyu Li, Sijie Zhao, Xiaodong
Cun, Yong Zhang, Long Quan, and Ying Shan. Depthcrafter:
Generating consistent long depth sequences for open-world
videos. arXiv preprint arXiv:2409.02095, 2024. 2

[22] Linyi Jin, Richard Tucker, Zhengqi Li, David Fouhey, Noah
Snavely, and Aleksander Holynski. Stereo4d: Learning how
things move in 3d from internet stereo videos. arXiv preprint
arXiv:2412.09621, 2024. 2, 3

[23] Nikita Karaev, Ignacio Rocco, Benjamin Graham, Natalia
Neverova, Andrea Vedaldi, and Christian Rupprecht. Co-

8871



tracker: It is better to track together. arXiv preprint
arXiv:2307.07635, 2023. 5

[24] Yoni Kasten, Wuyue Lu, and Haggai Maron. Fast encoder-
based 3d from casual videos via point track processing. In
ECCV 2024 Workshop on Wild 3D: 3D Modeling, Recon-
struction, and Generation in the Wild. 2

[25] Bernhard Kerbl, Georgios Kopanas, Thomas Leimkühler,
and George Drettakis. 3d gaussian splatting for real-time
radiance field rendering. ACM Trans. Graph., 42(4):139–1,
2023. 2, 3

[26] Diederik P Kingma. Adam: A method for stochastic opti-
mization. arXiv preprint arXiv:1412.6980, 2014. 6

[27] Johannes Kopf, Xuejian Rong, and Jia-Bin Huang. Ro-
bust consistent video depth estimation. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 1611–1621, 2021. 2

[28] Skanda Koppula, Ignacio Rocco, Yi Yang, Joe Heyward,
João Carreira, Andrew Zisserman, Gabriel Brostow, and Carl
Doersch. Tapvid-3d: A benchmark for tracking any point in
3d. arXiv preprint arXiv:2407.05921, 2024. 2, 8

[29] Taein Kwon, Bugra Tekin, Jan Stühmer, Federica Bogo, and
Marc Pollefeys. H2o: Two hands manipulating objects for
first person interaction recognition. In Proceedings of the
IEEE/CVF International Conference on Computer Vision,
pages 10138–10148, 2021. 3, 6

[30] Jiahui Lei, Yijia Weng, Adam Harley, Leonidas Guibas,
and Kostas Daniilidis. Mosca: Dynamic gaussian fusion
from casual videos via 4d motion scaffolds. arXiv preprint
arXiv:2405.17421, 2024. 2

[31] Yiming Li, Ziang Cao, Andrew Liang, Benjamin Liang, Lu-
oyao Chen, Hang Zhao, and Chen Feng. Egocentric predic-
tion of action target in 3d. In 2022 IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR), pages
20971–20980. IEEE, 2022. 3, 6

[32] Zhengqi Li, Richard Tucker, Forrester Cole, Qianqian Wang,
Linyi Jin, Vickie Ye, Angjoo Kanazawa, Aleksander Holyn-
ski, and Noah Snavely. Megasam: Accurate, fast, and ro-
bust structure and motion from casual dynamic videos. arXiv
preprint arXiv:2412.04463, 2024. 2

[33] Hanxue Liang, Jiawei Ren, Ashkan Mirzaei, Antonio Tor-
ralba, Ziwei Liu, Igor Gilitschenski, Sanja Fidler, Cen-
giz Oztireli, Huan Ling, Zan Gojcic, et al. Feed-forward
bullet-time reconstruction of dynamic scenes from monocu-
lar videos. arXiv preprint arXiv:2412.03526, 2024. 2

[34] Haokun Liu, Derek Tam, Mohammed Muqeeth, Jay Mohta,
Tenghao Huang, Mohit Bansal, and Colin A Raffel. Few-
shot parameter-efficient fine-tuning is better and cheaper
than in-context learning. Advances in Neural Information
Processing Systems, 35:1950–1965, 2022. 4

[35] Xiaochen Liu, Tao Zhang, and Mingming Liu. Joint esti-
mation of pose, depth, and optical flow with a competition–
cooperation transformer network. Neural Networks, 171:
263–275, 2024. 2

[36] Yunze Liu, Yun Liu, Che Jiang, Kangbo Lyu, Weikang Wan,
Hao Shen, Boqiang Liang, Zhoujie Fu, He Wang, and Li Yi.
Hoi4d: A 4d egocentric dataset for category-level human-
object interaction. In Proceedings of the IEEE/CVF Con-

ference on Computer Vision and Pattern Recognition, pages
21013–21022, 2022. 2, 3, 6, 8

[37] Yu-Lun Liu, Chen Gao, Andreas Meuleman, Hung-Yu
Tseng, Ayush Saraf, Changil Kim, Yung-Yu Chuang, Jo-
hannes Kopf, and Jia-Bin Huang. Robust dynamic radiance
fields. In Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, pages 13–23, 2023. 5

[38] Jiahao Lu, Tianyu Huang, Peng Li, Zhiyang Dou, Cheng Lin,
Zhiming Cui, Zhen Dong, Sai-Kit Yeung, Wenping Wang,
and Yuan Liu. Align3r: Aligned monocular depth estimation
for dynamic videos. arXiv preprint arXiv:2412.03079, 2024.
1, 2, 3, 5, 6, 7

[39] Jonathon Luiten, Georgios Kopanas, Bastian Leibe, and
Deva Ramanan. Dynamic 3d gaussians: Tracking
by persistent dynamic view synthesis. arXiv preprint
arXiv:2308.09713, 2023. 2

[40] Yao Mu, Qinglong Zhang, Mengkang Hu, Wenhai Wang,
Mingyu Ding, Jun Jin, Bin Wang, Jifeng Dai, Yu Qiao, and
Ping Luo. Embodiedgpt: Vision-language pre-training via
embodied chain of thought. Advances in Neural Information
Processing Systems, 36, 2024. 3

[41] Raul Mur-Artal, Jose Maria Martinez Montiel, and Juan D
Tardos. Orb-slam: a versatile and accurate monocular slam
system. IEEE transactions on robotics, 31(5):1147–1163,
2015. 2

[42] Riku Murai, Eric Dexheimer, and Andrew J Davison.
Mast3r-slam: Real-time dense slam with 3d reconstruction
priors. arXiv preprint arXiv:2412.12392, 2024. 2

[43] Suraj Nair, Aravind Rajeswaran, Vikash Kumar, Chelsea
Finn, and Abhinav Gupta. R3m: A universal visual
representation for robot manipulation. arXiv preprint
arXiv:2203.12601, 2022. 1, 3

[44] Maxime Oquab, Timothée Darcet, Théo Moutakanni, Huy
Vo, Marc Szafraniec, Vasil Khalidov, Pierre Fernandez,
Daniel Haziza, Francisco Massa, Alaaeldin El-Nouby, et al.
Dinov2: Learning robust visual features without supervision.
arXiv preprint arXiv:2304.07193, 2023. 4
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