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Abstract

Recent advances in DUSt3R have enabled robust estima-
tion of dense point clouds and camera parameters of static
scenes, leveraging Transformer network architectures and
direct supervision on large-scale 3D datasets. In contrast,
the limited scale and diversity of available 4D datasets
present a major bottleneck for training a highly general-
izable 4D model. This constraint has driven conventional
4D methods to fine-tune 3D models on scalable dynamic
video data with additional geometric priors such as opti-
cal flow and depths. In this work, we take an opposite path
and introduce Easi3R, a simple yet efficient training-free
method for 4D reconstruction. Our approach applies at-
tention adaptation during inference, eliminating the need
for from-scratch pre-training or network fine-tuning. We
find that the attention layers in DUSt3R inherently encode
rich information about camera and object motion. By care-
fully disentangling these attention maps, we achieve accu-
rate dynamic region segmentation, camera pose estimation,
and 4D dense point map reconstruction. Extensive exper-
iments on real-world dynamic videos demonstrate that our
lightweight attention adaptation significantly outperforms
previous state-of-the-art methods that are trained or fine-
tuned on extensive dynamic datasets.

1. Introduction
Recovering geometry and motions from dynamic im-
age collections is still a fundamental challenge in com-
puter vision, with broad downstream applications in novel
view synthesis, AR/VR, autonomous navigation, and
robotics. The literature commonly identifies this problem as
Structure-from-Motion (SfM) and has been the core focus
in 3D vision over decades, yielding mature algorithms that
perform well under stationary conditions and wide base-
lines. However, these algorithms often fail when applied
to dynamic video input.

The main reason for the accuracy and robustness gap be-
tween static and dynamic SfM is object dynamics, a com-
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Figure 1. We present Easi3R, a training-free, plug-and-play ap-
proach that efficiently disentangles object and camera motion, en-
abling the adaptation of DUSt3R for 4D reconstruction.

mon component in real-world videos. Moving objects vi-
olate fundamental assumptions of homography and epipo-
lar consistency in traditional SfM methods [37, 48]. In ad-
dition, in dynamic videos, where camera and object mo-
tions are often entangled, these methods struggle to dis-
entangle the two motions, often causing the motion with
rich texture to mainly contribute to camera pose estima-
tion erroneously. Recent efforts, such as MonST3R [73]
and CUT3R [63], have made strides to address these chal-
lenges. However, their success is based on extensive train-
ing data [19, 25, 63, 68, 73] or task-specific prior mod-
els [22, 25, 73, 74], such as the depth, optical flow, and
object mask estimators. These limitations motivate us to
innovate further to minimize the gap between static and dy-
namic reconstruction.

We ask ourselves if there are lessons from human per-
ception that can be used as design principles for dynamic
4D reconstruction: Human beings are capable of perceiv-
ing body motion and the structure of the scene, identifying
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dynamic objects, and disentangling ego-motion from object
motion through the inherent attention mechanisms of the
brain [58]. Yet, the learning process rarely relies on explicit
dynamic labels.

We observe that DUSt3R implicitly learned a similar
mechanism, and based on this, we introduce Easi3R, a
training-free method to achieve dynamic object segmenta-
tion, dense point map reconstruction, and robust camera
pose estimation from dynamic videos, as shown in Figure 1.
DUSt3R uses attention layers at its core, taking two image
features as input and producing pixel-aligned point maps
as output. These attention layers are trained to directly
predict pointmaps in the reference view coordinate space,
implicitly matching the image features between the input
views [4] and estimating the rigid view transformation in
the feature space. In practice, performance drops signifi-
cantly when processing pairs with object dynamics [73], as
shown in Figure 2. By analyzing the attention maps in the
transformer layers, we find that regions with less texture,
under-observed, and dynamic objects can yield low atten-
tion values. Therefore, we propose a simple yet effective
decomposition strategy to isolate the above components,
which enables long-horizon dynamic object detection and
segmentation. With this segmentation, we perform a second
inference pass by applying a re-weighting [17] in the cross-
attention layers, enabling robust dynamic 4D reconstruction
and camera motion recovery without fine-tuning on a dy-
namic dataset, all at minimal additional cost to DUSt3R.

Despite its simplicity, we demonstrate that our inference-
time scaling approach for 4D reconstruction is remarkably
robust and accurate on in-the-wild casual dynamic videos.
We evaluate our Easi3R adaptation on the DUSt3R and
MonST3R backbones in three task categories: camera pose
estimation, dynamic object segmentation, and pointcloud
reconstruction in dynamic scenes. Easi3R performs sur-
prisingly well across a wide range of datasets, even surpass-
ing concurrent methods (e.g., CUT3R [63], MonST3R [73],
and DAS3R [68]) that are trained on dynamic datasets.

2. Related Work

SfM and SLAM. Structure-from-Motion (SfM) [2, 41, 42,
48, 51, 52] and Simultaneous Localization and Mapping
(SLAM) [9, 13, 32, 34] have long been the foundation for
3D structure and camera pose estimation. These methods
are done by associating 2D correspondences [5, 10, 28, 32,
47] or minimizing photometric errors [12, 13], followed
by bundle adjustment (BA) [3, 6, 55, 57, 59, 62] to re-
fine structure and motion estimates. Although highly effec-
tive with dense input, these approaches often struggle with
limited camera parallax or ill-posed conditions, leading to
performance degeneracy. To overcome these limitations,
DUSt3R [64] introduced a learning-based approach that di-

rectly predicts two pointmaps from an image pair in the co-
ordinate space of the first view. This approach inherently
matches image features and rigid body view transforma-
tion. By leveraging a Transformer-based architecture [11]
and direct point supervision on large-scale 3D datasets,
DUSt3R establishes a robust Multi-View Stereo (MVS)
foundation model. However, DUSt3R and the follow-up
methods [27, 33, 56, 61] assume primarily static scenes,
which can lead to significant performance degradation when
dealing with videos with dynamic objects.

Pose-free Dynamic Scene Reconstruction. Modifications
to SLAM for dynamic scenes involve robust pose estima-
tion to mitigate moving object interference, dynamic map
management for updating changing environments, includ-
ing techniques like semantic segmentation [72], optical
flows [75], and enhance SLAM’s resilience in dynamic sce-
narios. Another line of work focuses on estimating stable
video depth by incorporating geometric constraints [29] and
generative priors [18, 49]. These methods enhance monoc-
ular depth accuracy but lack global point cloud lifting due
to missing camera intrinsics and poses. For joint pose and
depth estimation, optimization-based methods such as Ca-
sualSAM [74] fine-tune a depth network [45] at test time
using pre-computed optical flow [66]. Robust-CVD [22] re-
fines pre-computed depth [45] and camera pose by leverag-
ing masked optical flow [16, 66] to improve stability in oc-
cluded and moving regions. Concurrently, MegaSaM [25]
further enhances pose and depth accuracy by integrating
DROID-SLAM [57], optical flow [66], and depth initializa-
tions from [40, 71], achieving state-of-the-art results. Alter-
natively, point-map-based approaches like MonST3R [73]
extend DUSt3R to dynamic scenes by fine-tuning with dy-
namic datasets and incorporating optical flow [66] to infer
dynamic object segmentation. DAS3R trains a DPT [44] on
top of MonST3R, enabling feedforward segmentation esti-
mation. CUT3R [63] fine-tunes MASt3R [24] on both static
and dynamic datasets, achieving feedforward reconstruc-
tion but without predicting dynamic object segmentation,
thereby entangling the static scene with dynamic objects.
Although effective, these methods require costly training on
diverse motion patterns to generalize well.

In contrast, we take an opposite path, exploring a
training-free and plug-in-play adaptation that enhances the
generalization of DUSt3R variants for dynamic scene re-
construction. Our method requires no fine-tuning and
comes at almost no additional cost, offering a scalable and
efficient alternative for handling real-world dynamic videos.

Motion Segmentation. Motion segmentation aims to pre-
dict dynamic object masks from video inputs. Classical
approaches generally rely on optical flow estimation [26,
31, 67, 70] and point tracking [7, 21, 35, 50, 69] to distin-
guish moving objects from the background. Being trained
solely on 2D data, they often struggle with occlusions and



distinguishing between object and camera motion. To im-
prove robustness, RoMo [15] incorporates epipolar geome-
try [30] and SAM2 [46] to better disambiguate object mo-
tion from camera motion. While RoMo successfully com-
bines COLMAP [48] for accurate camera calibration, it fo-
cuses primarily on removing dynamic objects and recon-
structing static scene elements only. For the complete 4D
reconstruction, MonST3R [73] integrates optical flow [66]
with estimated pose and depth to predict dynamic object
segmentation. DAS3R builds on MonST3R and trains a
DPT [44] for segmentation inference. Using this segmenta-
tion, they align static components globally while preserving
dynamic point clouds from each frame, enabling temporally
consistent reconstruction of moving objects.

In this work, we discover that dynamic segmentation can
be extracted from pre-trained 3D reconstruction models like
DUSt3R. We propose a simple, yet robust strategy to isolate
this information from the attention layers, without the need
for optical flow or pre-training on segmentation datasets.

3. Method
Given a casually captured video sequence {It ∈
RW×H×3}Tt=1, our goal is to estimate object and camera
movements, as well as the canonical point clouds present
in the input video. Object motion is represented as the seg-
mentation sequence Mt, camera motion as the extrinsic and
intrinsic pose sequences Pt, Kt, and point clouds X ∗. First,
we formulate how the DUSt3R model handles videos (Sec-
tion 3.1). Next, we explore the mechanisms of attention ag-
gregation in spatial and temporal dimensions (Section 3.2).
Finally, we introduce how aggregated cross-attention maps
can be leveraged to decompose dynamic object segmenta-
tion (Section 3.3), which in turn helps re-weight attention
values for robust point cloud and camera pose reconstruc-
tion (Section 3.4).

3.1. DUSt3R with Dynamic Video
DUSt3R is designed for pose-free reconstruction, taking
two RGB images - Ia, Ib, where a, b ∈ [1, . . . , T ] - as input
and output two pointmaps in the reference view coordinate
space, Xa→a, Xb→a ∈ RW×H×3:

Xa→a, Xb→a = DUSt3R(Ia, Ib) (1)

Here, Xb→a denotes the pointmap of input Ib predicted in
the view a coordinate space. In particular, both pointmaps
are expressed in the reference view coordinate, i.e., view a
in this example.

Given multi-view images, DUSt3R processes them in
pairs and globally aligns the pairwise predictions into a
joint coordinate space using a connectivity graph across all
views. However, this approach introduces computational
redundancy for video sequences, as the view connectiv-
ity is largely known. Instead, we process videos using a

t t+1 t+2t-1t-2
··· ···
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Figure 2. DUSt3R with Dynamic Video. We process videos us-
ing a sliding window and infer the DUSt3R network pairwise. Re-
construction degrades with misalignment when dynamic objects
occupy a considerable portion of the frames.

sliding temporal window and infer the network for pair set
εt = {(a, b) | a, b ∈ [t− n−1

2 , . . . , t+ n−1
2 ], a ̸= b} within

the symmetric temporal window of size n centered at time
t, as illustrated in the top row of Figure 2.

With pairwise predictions, it recovers globally aligned
pointmaps {X t ∈ RW×H×3}Tt=1 by optimizing the trans-
formation Pt

i ∈ R3×4 from the coordinate space of each
pair to the world coordinate, and a scale factor sti for the
i-th pair within the set of pairs εt:

X ∗ = argmin
X ,P,s

∑
t∈T

∑
i∈εt

∥X a − stiP
t
iX

a→a∥1

+ ∥X b − stiP
t
iX

b→a∥1 (2)

Note that the above optimization process assumes a re-
liable pairwise reconstruction and that global content can
be registered by minimizing the linear equations in Eq. 2.
However, since DUSt3R are learned from RGB-D images
of static scenes, dynamic objects disrupt the learned epipo-
lar matching policy. As a result, registration fails when dy-
namic content occupies a considerable portion of pixels, as
shown in Figure 2.

3.2. Secrets Behind DUSt3R
We now examine the network architecture to identify the
components that cause failures for dynamic video input.
As shown in Figure 3, DUSt3R consists of two branches:
the top one for the reference image Ia and the bottom one
for the source image Ib. The two input images are first
processed by a weight-sharing ViT encoder [11], produc-
ing token representations Fa

0 = Encoder(Ia) and Fb
0 =

Encoder(Ib). Next, two decoders, composed of a sequence
of decoder blocks, exchange information both within and
between views. In each block, self-attention is applied to
the token outputs from the previous block, while cross-
attention is performed using the corresponding block out-
puts from the other branch.



Figure 3. DUSt3R and our Easi3R adaptation. DUSt3R encodes two images Ia, Ib into feature tokens Fa
0 ,F

b
0, which are then decoded

into point maps in the reference view coordinate space using two decoders. Our Easi3R aggregates the cross-attention maps from the
decoders, producing four semantically meaningful maps: Ab=src

µ ,Ab=src
σ ,Aa=ref

µ ,Aa=ref
σ . These maps are then used for a second inference

pass to enhance reconstruction quality.
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Figure 4. Visualization for Cross-Attention Maps. We color
the normalized values of attention maps, ranging from one to zero.
We highlight the patterns captured by each type of attention map
using relatively high values. For a more detailed demonstration,
we invite reviewers to visit our webpage under easi3r.github.io.

Fa
l = DecoderBlockref

l

(
Fa

l−1,F
b
l−1

)
Fb

l = DecoderBlocksrc
l

(
Fb

l−1,F
a
l−1

) (3)

where l = 1, . . . , L is the block index. Using the fea-
ture tokens, two regression heads produce pointmap pre-
dictions: Xa→a = Headref (Fa

0 , . . . ,F
a
L) and Xb→a =

Headsrc (Fb
0, . . . ,F

b
L

)
, respectively. The blocks are trained

by minimizing the Euclidean distance between the pre-
dicted and ground-truth pointmaps.
Observation. Our key insight is that DUSt3R implicitly
learns rigid view transformations through its cross-attention
layers, assigning low attention values to tokens that violate
epipolar geometry constraints, such as texture-less, under-
observed, and dynamic regions. By aggregating cross-
attention outputs across spatial and temporal dimensions,

we extract motions from the attention layers.
Spatial attention maps. As illustrated in the Figure 3 (left),
the image features F are projected into a query matrix for
their respective branch with Q = ℓQ(F) ∈ R(h×w)×c,
while also serving as a key and value matrix for the other
matrices, K = ℓK(F) ∈ R(h×w)×c, where c is the fea-
ture dimenson. The projections are obtained using trainable
linear functions ℓQ(·), ℓK(·). As illumistracted in the right
side of Figure 3, this results in the cross-attention map:

Aa←b
l = Qa

l K
b
l

T
/
√
c, Ab←a

l = Qb
lK

a
l
T /

√
c (4)

in which the cross-attention map Aa←b
l , Ab←a

l ∈
R(h×w)×h×w are used to guide the warping of the value
matrix V = ℓV(F) ∈ R(h×w)×c , and the cross-
attention output in the reference view branch is given by
softmax(Aa←b

l )Vb. Intuitively, the attention map Aa←b
l

determines how the information is aggregated from the view
b to the view a in the l-th decoder block.

To evaluate the spatial contribution of each token in view
b to all tokens in view a, we average the attention values
between different tokens along the query and layer dimen-
sions. This is given by,

Ab=src =
∑
l

∑
x

Aa←b
l (x, y, z)/(L× h× w)

Aa=ref =
∑
l

∑
x

Ab←a
l (x, y, z)/(L× h× w)

(5)

where Ab=src,Aa=ref ∈ Rh×w, representing the averaged
attention maps, capturing the overall influence of tokens
from one view to another across all decoder layers. i.e.,
Ab=src denotes the overall contribution of view b to the ref-
erence view when it serve as source view.
Temporal attention maps. In the following, we extend the
above single-pair formulation to multiple pairs to explore
their temporal attention correlations. For a specific frame
It, it pairs with multiple frames, resulting in 2(n−1) atten-
tion maps per frame. As shown in the upper row of Figure 2,
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window size of 3 corresponds to 4 pairs. To aggregate the
pairwise cross-attention maps temporally, we compute the
mean and variance over pairs that the view serves as source
and reference:

Ab=src
µ = Mean(Ab=src

i ), Ab=src
σ = Std(Ab=src

i ) (6)

where i ∈ εb=src and

εb=src = {(a, b) | src = b, a ∈ [t− n, . . . , t+ n], a ̸= b}
(7)

Similarly, we compute Ab=ref
µ and Ab=ref

σ for the set of
pairs where view a acts as the source view:

εb=ref = {(b, a) | ref = b, a ∈ [t− n, . . . , t+ n], a ̸= b}
(8)

Secrets. We visualize the aggregated temporal cross-
attention maps in Figure 4. Recall that DUSt3R infers
pointmaps from two images in the reference view coordi-
nate frame, implicitly aligning points from the source view
to the reference view.

(i) The reference view serves as the registration standard
and is assumed to be static. As a result, the average at-
tention map Aa=ref

µ tends to be smooth, with texture-less
regions (e.g., ground, sky, swing supports, boxing fences)
and under-observed areas (e.g., image boundary) naturally
exhibiting low attention values, since DUSt3R believes that
they are less useful for registration. These regions can be
highlighted and extracted using (1 − Aa=ref

µ ), as shown in
the “ ” column of Figure 4.

(ii) By calculating the standard deviation of (1−Aa=ref
µ )

between neighboring frames, we have Aa=ref
σ , e.g., the col-

umn “ ”, representing the changes of the token contribu-
tion in the image coordinate space. Pixels perpendicular
to the direction of motion generally share similar pixel flow
speeds, resulting in consistent deviations that allow us to in-
fer camera motion from the attention pattern. For example,
in the“Walking Man” case in the fourth row of the Figure 4,
with the camera motion from left to right, we can observe
pixels along a column sharing similar attention values.

(iii) Similar to the reference view, we also compute the
average invert attention map in the source view, 1−Aa=src

µ .
As shown in the “ ” column, the result not only in-
dicates areas with less texture and underobserved areas but
also highlights dynamic objects because they violate the
rigid body transformation prior which DUSt3R has learned
from the 3D dataset, resulting in low Aa=src

µ values.
(iv) The column “ ” shows the standard deviation of

the source view attention map, Aa=src
σ . It highlights both

camera and object motion, as the attention of these areas
continuously changes over time, leading to high deviation
in image space.

3.3. Dynamic Object Segmentation
By observing the compositional properties of the derived
cross-attention maps, we propose extracting dynamic ob-
ject segmentation for free, which provides a key for bridg-
ing static and dynamic scene reconstruction. To this end,
we identify attention activations attributed to object mo-
tion. We infer the dynamic attention map for frame a
by computing the joint attention of the first two atten-
tion columns in Figure 4 using the element-wise product:
(1 − Aa=src

µ ) · Aa=src
σ . To further mitigate the effects of

texture-less regions, under-observed areas, and camera mo-
tion (as shown in the third and fourth columns of Figure 4),
we incorporate the outputs with their inverse attention, re-
sulting in the final formula:

Aa=dyn = (1−Aa=src
µ ) ·Aa=src

σ ·Aa=ref
µ · (1−Aa=ref

σ ) (9)

we then obtain per-frame dynamic object segmentation
Mt =

[
At=dyn > α

]
using Eq. 9 and Mt ∈ Rh×w, α

denotes a pre-defined attention threshold and the [·] is the
Iverson bracket. Note that the segmentation is processed
frame by frame. To enhance temporal consistency, we apply
a feature clustering method that fuses information across all
frames; see the supplementary materials for more details.

3.4. 4D Reconstruction
With dynamic object segmentation, the most intuitive way
to adapt static models to dynamic scenes is by masking
out dynamic objects during inference at both the image
and token levels. This can be done by replacing dynamic
regions with black pixels in the image and substituting
the corresponding tokens with mask tokens. In practice,
this approach significantly degrades reconstruction perfor-
mance [73], mainly because black pixels and mask tokens
lead to out-of-distribution input. This motivates us to ap-
ply masking directly within the attention layers instead of
modifying the input images.
Attention re-weighting. We propose to modify the cross-
attention maps by weakening the attention values associated
with dynamic regions. To achieve this, we perform a sec-
ond inference pass through the network, masking the atten-
tion map for assigned dynamic regions. This results in zero
attention for those regions while keeping the rest of the at-
tention maps unchanged:

softmax(Ãa←b
l ) =

{
0 if Ma←b

softmax(Aa←b
l ) otherwise

(10)

here, Ma←b = (1 − Ma) ⊗ MbT , where Ma←b ∈
R(h×w)×(h×w) and ⊗ denotes outer product. This results
in tokens from dynamic regions in view b that do not con-
tribute to static regions in view a. It is important to note
that re-weighting is applied only to the reference view de-
coder, as source view requires a static reference (i.e., the



reference view), as described in the secret (i). To achieve
this, the source view decoder must perform cross-attention
with all tokens from the reference view. Re-weighting dy-
namic attention on both branches could result in the loss of
static standard, leading to noisy outputs. We conducted an
ablation study on this insight.

Global alignment. We align the predicted pointmaps
from the sliding windows with the global world coordi-
nate using Eq. 2. Moreover, thanks to dynamic region seg-
mentation, our method also supports segmentation-aware
global alignment with optical flow. In particular, we in-
corporate a reprojection loss to ensure that the projected
point flow remains consistent with the optical flow estima-
tion [66]. Specifically, given an image pair (a, b), we com-
pute the camera motion from frame a to frame b, denoted by
F̂a→b, by projecting the global point map X b from camera
(Pa,Ka) to camera (Pb,Kb). We then enforce the consis-
tency between the computed flow and the estimated optical
flow Fa→b in static regions (1−Mt):

Lflow =
∑
t∈T

∑
i∈εt

(1−Ma) · ∥F̂a→b
i −Fa→b

i ∥1

+ (1−Mb) · ∥F̂b→a
i −Fb→a

i ∥1 (11)

where · indicates element-wise product. By incorporating
flow constraint into the optimization process in Eq. 2, we
achieve a more robust output in terms of global pointmaps
X ∗ and pose sequences Pt, Kt. Note that this term is used
optionally to ensure a fair comparison with the baseline that
does not incorporate the flow-estimation model.

4. Experiments
We evaluate our method in a variety of tasks, including dy-
namic object segmentation (Section 4.1), camera pose es-
timation (Section 4.2) and 4D reconstruction (Section 4.3).
We performed ablation studies in supplementary.

Baselines. We compare Easi3R with state-of-the-art pose
free 4D reconstruction method, including DUSt3R [64],
MonST3R [73], DAS3R [68], and CUT3R [63]. Among
these works, the latter three are concurrent works that also
aim to extend DUSt3R to handle dynamic videos, but take
a different approach by fine-tuning on dynamic datasets,
such as [20, 54, 65], and optimization under the supervi-
sion of optical flow [66]. Unlike previous work, our method
performs a second inference pass on top of the pre-trained
DUSt3R or MonST3R model without requiring fine-tuning
or optimization on additional data.

4.1. Dynamic Object Motion
We represent object motion as a segmentation sequence
and evaluate performance on the video object segmenta-

Video Frame MonST3R [73] DAS3R [68] Ours GT

Figure 5. Qualitative Results of Dynamic Object Segmentation.
“Ours” refers to the Easi3Rmonst3r setting. Here, we present the
enhanced setting, where outputs from different methods serve as
prompts and are used with SAM2 [46] for mask inference.

Table 1. Dynamic Object Segmentation on the DAVIS dataset.
The best and second best results are bold and underlined, respec-
tively. Easi3R dust3r/monst3r denotes the Easi3R experiment with the
backbones of MonST3R/DUSt3R.

DAVIS-16 DAVIS-17 DAVIS-all

w/o SAM2 w/ SAM2 w/o SAM2 w/ SAM2 w/o SAM2 w/ SAM2
Method Flow JM↑ JR↑ JM↑ JR↑ JM↑ JR↑ JM↑ JR↑ JM↑ JR↑ JM↑ JR↑

DUSt3R [64] ✓ 42.1 45.7 58.5 63.4 35.2 35.3 48.7 50.2 35.9 34.0 47.6 48.7
MonST3R [73] ✓ 40.9 42.2 64.3 73.3 38.6 38.2 56.4 59.6 36.7 34.3 51.9 54.1
DAS3R [68] ✗ 41.6 39.0 54.2 55.8 43.5 42.1 57.4 61.3 43.4 38.7 53.9 54.8
Easi3Rdust3r ✗ 53.1 60.4 67.9 71.4 49.0 56.4 60.1 65.3 44.5 49.6 54.7 60.6
Easi3Rmonst3r ✗ 57.7 71.6 70.7 79.9 56.5 68.6 67.9 76.1 53.0 63.4 63.1 72.6

tion benchmark DAVIS-16 [39], more challenging DAVIS-
17 [43], and DAVIS-all. We present two experiment set-
tings: direct evaluation of network outputs and an enhanced
setting where outputs serve as prompts for SAM2 [46], im-
proving results. These settings are denoted as w/ and w/o
SAM2 in Table 1. Following DAVIS [39], we evaluate per-
formance using IoU mean (JM) and IoU recall (JR) met-
rics. Since DUSt3R originally does not support dynamic
object segmentation, we extend it as a baseline by incorpo-
rating the flow-guided segmentation as MonST3R. By ap-
plying our attention-guided decomposition, both DUSt3R
and MonST3R show improved segmentation, without the
need for flow, even surpassing DAS3R, which is explicitly
trained on dynamic mask labels.

Qualitative Results. Figure 5 presents the qualitative com-
parison between our method and existing approaches. Since
MonST3R relies on optical flow estimation, it struggles in
textureless regions, failing to disentangle dynamic objects
from the background (e.g., koala, rhino, sheep). On the
other hand, DAS3R learns a mask head for dynamic seg-
mentation but tends to over-segment in most cases. Our



Table 2. Benefits of Easi3R on Camera Pose Estimation on
the DyCheck, ADT and TUM-dynamics datasets. The best and
second best results are bold and underlined, respectively. Easi3R
dust3r/monst3r denotes the Easi3R experiment with the backbones of
MonST3R/DUSt3R.

DyCheck ADT TUM-dynamics

Method Flow ATE ↓ RTE ↓ RRE ↓ ATE ↓ RTE ↓ RRE ↓ ATE ↓ RTE ↓ RRE ↓

DUSt3R [64] ✗ 0.035 0.030 2.323 0.042 0.025 1.212 0.100 0.087 2.692
Easi3Rdust3r ✗ 0.029 0.025 1.774 0.040 0.021 0.880 0.093 0.076 2.366
DUSt3R [64] ✓ 0.029 0.021 1.875 0.076 0.030 0.974 0.071 0.067 3.711
Easi3Rdust3r ✓ 0.021 0.014 1.092 0.042 0.015 0.655 0.070 0.061 2.361

MonST3R [73] ✗ 0.040 0.034 1.820 0.045 0.024 0.759 0.183 0.148 6.985
Easi3Rmonst3r ✗ 0.038 0.032 1.736 0.045 0.024 0.715 0.184 0.149 6.311
MonST3R [73] ✓ 0.033 0.024 1.501 0.055 0.025 0.776 0.170 0.155 6.455
Easi3Rmonst3r ✓ 0.030 0.021 1.390 0.039 0.016 0.640 0.168 0.150 5.925

Table 3. Quantitative Comparisons of Camera Pose Estimation
on the DyCheck, ADT and TUM-dynamics datasets. The best and
second best results are bold and underlined, respectively.

DyCheck ADT TUM-dynamics

Method Flow ATE ↓ RTE ↓ RRE ↓ ATE ↓ RTE ↓ RRE ↓ ATE ↓ RTE ↓ RRE ↓

DUSt3R [64] ✗ 0.035 0.030 2.323 0.042 0.025 1.212 0.100 0.087 2.692
CUT3R [63] ✗ 0.029 0.020 1.383 0.084 0.025 0.490 0.079 0.088 10.41
MonST3R [73] ✓ 0.033 0.024 1.501 0.055 0.025 0.776 0.170 0.155 6.455
DAS3R [68] ✓ 0.033 0.022 1.467 0.040 0.017 0.685 0.173 0.157 8.341
Easi3Rmonst3r ✓ 0.030 0.021 1.390 0.039 0.016 0.640 0.168 0.150 5.925
Easi3Rdust3r ✓ 0.021 0.014 1.092 0.042 0.015 0.655 0.070 0.061 2.361

method, built on DUSt3R and enhanced with our Easi3R
attention-guided decomposition, accurately segments dy-
namic objects while maintaining robustness in handling tex-
tureless regions (e.g., trunks, rocks, walls), small dynamic
objects (e.g., goose), and casual motions (e.g., girls, pedes-
trian). The results provide a surprising insight that 3D mod-
els, such as DUSt3R in our case, may inherently possess a
strong understanding of the scene and can generalize well
to standard 2D tasks.

4.2. Camera Motion

We evaluate camera motion by using the estimated extrin-
sic sequence on three dynamic benchmarks: DyCheck [14],
TUM-dynamics [53], and ADT [23, 38] datasets. Specifi-
cally, the ADT dataset features egocentric videos, which are
out-of-distribution for DUSt3R’s training set. The DyCheck
dataset includes diverse, in-the-wild dynamic videos cap-
tured from handheld cameras. The TUM-dynamics dataset
contains major dynamic objects in relatively simple indoor
scenarios. Instead of evaluating video clips as in previous
methods, we adopt a more challenging setting by process-
ing entire sequences. Specifically, we downsample frames
at different rates: every 5 frames for ADT, 10 for DyCheck,
and 30 for TUM-dynamics, resulting in approximately 40
frames. We use standard error metrics: Absolute Trans-
lation Error (ATE), Relative Translation Error (RTE), and
Relative Rotation Error (RRE), after applying the Sim(3)
alignment [60] on the estimated camera trajectory to the GT.

Table 4. Benefits of Easi3R on Point Cloud Reconstruction
on the DyCheck dataset. The best and second best results are
bold and underlined, respectively. Easi3R dust3r/monst3r denotes the
Easi3R experiment with the backbones of MonST3R/DUSt3R.

Accuracy↓ Completeness↓ Distance↓

Method Flow Mean Median Mean Median Mean Median

DUSt3R [64] ✗ 0.802 0.595 1.950 0.815 0.353 0.233
Easi3Rdust3r ✗ 0.772 0.596 1.813 0.757 0.336 0.219
DUSt3R [64] ✓ 0.738 0.599 1.669 0.678 0.313 0.196
Easi3Rdust3r ✓ 0.703 0.589 1.474 0.586 0.301 0.186

MonST3R [73] ✗ 0.855 0.693 1.916 1.035 0.398 0.295
Easi3Rmonst3r ✗ 0.846 0.660 1.840 0.983 0.390 0.290
MonST3R [73] ✓ 0.851 0.689 1.734 0.958 0.353 0.254
Easi3Rmonst3r ✓ 0.834 0.643 1.661 0.916 0.350 0.255

Table 5. Quantitative Comparisons of Point Cloud Reconstruc-
tion on the DyCheck dataset. The best and second best results are
bold and underlined, respectively.

Accuracy↓ Completeness↓ Distance↓

Method Flow Mean Median Mean Median Mean Median

DUSt3R [64] ✗ 0.802 0.595 1.950 0.815 0.353 0.233
CUT3R [63] ✗ 0.458 0.342 1.633 0.792 0.326 0.229
MonST3R [73] ✓ 0.851 0.689 1.734 0.958 0.353 0.254
DAS3R [68] ✓ 1.772 1.438 2.503 1.548 0.475 0.352
Easi3Rmonst3r ✓ 0.834 0.643 1.661 0.916 0.350 0.255
Easi3Rdust3r ✓ 0.703 0.589 1.474 0.586 0.301 0.186

Benefits from Easi3R. We use DUSt3R and MonST3R
without optical flow as the backbone settings, indepen-
dently analyzing the benefits that Easi3R offers for each.
We show qualitative comparisons of the estimation of the
camera trajectory (Figure 7) and quantitative pose accuracy
in Table 2, including w/ and w/o flow settings. Easi3R
demonstrates more accurate and robust camera pose and tra-
jectory estimation over both backbones and settings. Our
Easi3R effectively leverages the inherent knowledge of
DUSt3R with just a few lines of code, even achieving an
improvement compared to models with optical flow prior.

Comparison. In Table 3, we compare Easi3R with state-
of-the-art variants of DUSt3R. Unlike the plug-and-play
comparison in Table 2, where we optionally disable the
optical flow prior for a fair evaluation. Here, we report
baseline performance using their original experimental set-
tings, i.e., whether the flow model is used is specified
in the second column. For clarity, we denote the set-
ting “MonST3R +Easi3R” as Easi3R monst3r and “DUSt3R
+Easi3R” as Easi3R dust3r. Notably, our approach achieves
significant improvements and delivers the best overall per-
formance among all methods, without ANY fine-tuning on
additional dynamic datasets or mask labels.

4.3. 4D Reconstruction

We evaluate 4D reconstruction on DyCheck [14] by measur-
ing distances to ground-truth point clouds. Following prior
work [1, 8, 61], we use accuracy, completeness, and dis-
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Figure 6. Qualitative Comparison. We visualize cross-frame globally aligned static scenes with dynamic point clouds at a selected
timestamp. Notably, instead of using ground truth dynamic masks in previous work, we apply the estimated per-frame dynamic masks to
filter out dynamic points at other timestamps for comparison. Our method (top two and bottom two rows as Easi3R dust3r/monst3r, respectively)
achieves temporally consistent reconstruction of both static scenes and moving objects, whereas baselines suffer from static structure
misalignment and unstable camera pose estimation, and ghosting artifacts due to inaccuracy estimation of dynamic segmentation.
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Figure 7. Visualization of estimated camera trajectories. Our
robust estimated camera trajectory (orange) deviates less from the
ground truth (gray) compared to the original backbones (blue).

tance metrics. Accuracy is the nearest Euclidean distance
from a reconstructed point to ground truth, completeness is
the reverse, and distance is the Euclidean distance based on
ground-truth point matching.

Quantitative Results. We observe benefits from Easi3R in
Table 4 and Table 5, Easi3R demonstrates more accurate
reconstruction and outperforms most baselines, even com-
parable to concurrent CUT3R [63], which are trained with
many extensive datasets.

Qualitative Results. We also compare the reconstruction
quality of our method with CUT3R [63], MonST3R [73]
and DAS3R [68] in Figure 6. All baselines struggle with
misalignment and entanglement of dynamic and static re-

constructions, resulting in broken geometry, distortions, and
ghosting artifacts. The key to our success lies in: (1)
attention-guided segmentation for robust motion disentan-
glement, (2) attention re-weighting for improved pairwise
reconstruction, and (3) segmentation-aware global align-
ment for enhanced overall quality.

5. Conclusion
We presented Easi3R, an adaptation to DUSt3R, which in-
troduces the spatial and temporal attention mechanism be-
hind DUSt3R, to achieve training-free and robust 4D re-
construction. We found the compositional complexity in
attention maps, and propose a simple yet effective decom-
position strategy to isolate the textureless, under-observed,
and dynamic objects components and allowing for robust
dynamic object segmentation. With the segmentation, we
perform a second inference pass by applying attention re-
weighting, enabling robust dynamic 4D reconstruction and
camera motion recovery, and at almost no additional cost
on top of DUSt3R. Surprisingly, our experimental results
demonstrate that Easi3R outperforms state-of-the-art meth-
ods in most cases. We hope that our findings on attention
map disentanglement can inspire other tasks.
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Easi3R: Estimating Disentangled Motion from DUSt3R Without Training

Supplementary Material

In this supplementary document, we first present ad-
ditional method details on temporal consistency dynamic
object segmentation in Appendix A. Next, we conduct ab-
lation studies of Easi3R in Appendix B and analysis limita-
tions in Appendix C. Lastly, we report additional qualitative
results in Appendix D. We invite readers to easi3r.github.io
for better visualization.

A. Dynamic Object Segmentation
We have presented dynamic object segmentation for a sin-
gle frame in Section 3.3, now we introduce how to ensure
consistency along the temporal axis. Given image feature
tokens Ft

0 for frames at t, output from the image encoder,
we concatenate them along the temporal dimension,

F̄ = [F1
0;F

2
0; . . . ;F

T
0 ] ∈ R(T×h×w)×c (12)

where c is the feature dimension of the tokens. This al-
lows us to apply k-means clustering to group similar fea-
tures across frames, producing cluster assignments,

C = KMeans(F̄, k), Ct(x, y) ∈ {1, . . . , k}, ∀t, x, y (13)

where k is the number of clusters, we use k = 64 for all
experiments.

For each cluster c ∈ {1, . . . , k}, we compute a dynamic
score sc by averaging the base dynamic attention values of
all tokens within that cluster:

sc =

∑
t

∑
i,j 1[C

t(x, y) = c] ·At=dyn(x, y)∑
t

∑
x,y 1[C

t(x, y) = c]
(14)

where 1[·] denotes the indicator function. We then use these
scores to generate a cluster-fused dynamic attention map,
mapping each pixel’s cluster assignment back to its corre-
sponding dynamic score,

At=dyn
fuse (x, y) = sCt(x,y) (15)

The refined dynamic attention map At=dyn
fuse ∈ Rh×w is

used to infer the dynamic object segmentation by,

Mt(x, y) = 1[At=dyn
fuse (x, y) > α] (16)

where α is an automatic image thresholding using Otsu’s
method [36]. This refinement enforces temporal consis-
tency by ensuring similar features across frames receive
consistent dynamic scores, as shown in Figure 8. The re-
sulting dynamic object segmentation is further utilized in
the second inference pass and global optimization.

Video Video

Figure 8. Benefits of Cross-frame Feature Clustering. We visu-
alize the dynamic attention map At=dyn, cluster assignments Ct,
and cluster-fused dynamic attention map At=dyn

fuse . Features from
the DUSt3R encoder exhibit temporal consistency, as cluster as-
signments (Ct) remain unchanged across frames, thereby enhanc-
ing temporal consistency in dynamic segmentation (At=dynfuse)
through clustering-guided temporal fusing. For better visual intu-
ition, we invite readers to easi3r.github.io.

Table 6. Ablation of Dynamic Object Segmentation on DAVIS.

DAVIS-16 DAVIS-17 DAVIS-all

Backbone Ablation JM↑ JR↑ JM↑ JR↑ JM↑ JR↑

DUSt3R

w/o Aa=src
µ 45.1 45.2 42.8 39.9 42.2 38.5

w/o Aa=src
σ 42.3 50.0 35.0 37.0 30.9 28.3

w/o Aa=ref
µ 33.3 28.4 31.5 27.9 32.5 29.7

w/o Aa=ref
σ 47.7 54.1 46.2 54.3 43.7 48.6

w/o Clustering 40.0 38.5 38.3 38.3 34.3 30.5
Full 53.1 60.4 49.0 56.4 44.5 49.6

MonST3R

w/o Aa=src
µ 47.2 51.5 44.4 46.7 40.9 41.5

w/o Aa=src
σ 49.7 60.1 48.7 57.8 44.9 49.6

w/o Aa=ref
µ 46.4 54.0 47.4 55.9 45.3 50.7

w/o Aa=ref
σ 50.7 62.6 51.0 60.2 50.3 56.8

w/o Clustering 45.5 46.7 45.3 48.1 42.1 43.5
Full 57.7 71.6 56.5 68.6 53.0 63.4

B. Ablation Study

Our ablation lies in two folds: dynamic object segmen-
tation and 4D reconstruction. For dynamic object seg-
mentation, as shown in Table 11 we ablate the contri-
bution of four aggregated temporal cross-attention maps,
Aa=src

µ ,Aa=src
σ ,Aa=ref

µ ,Aa=ref
σ , and feature clustering. The

ablation results show that (1) Disabling any temporal cross-
attention map leads to a performance drop, indicating that
all attention maps contribute to improved dynamic object
segmentation; and (2) Features from the DUSt3R encoder
exhibit temporal consistency and enhance dynamic segmen-
tation through cross-frame clustering.

Table 7 presents ablation studies on 4D reconstruction,
evaluating two key design choices: (1) the impact of two-
branch re-weighting (applying attention re-weighting to
both reference and source decoders) and (2) global align-
ment using optical flow with and without segmentation. The

https://easi3r.github.io/
https://en.wikipedia.org/wiki/Otsu%27s_method
https://en.wikipedia.org/wiki/Otsu%27s_method
https://easi3r.github.io/


Table 7. Ablation Study of Camera Pose Estimation and Point Cloud Reconstruction on the DyCheck dataset.

Pose Estimation Reconstruction

ATE↓ RTE↓ RRE↓ Accuracy↓ Completeness↓ Distance↓
Backbone Re-weighting Flow-GA Mean Median Mean Median Mean Median

DUSt3R

Ref + Src ✗ 0.030 0.026 1.777 0.775 0.596 1.848 0.778 0.342 0.224
Ref ✗ 0.029 0.025 1.774 0.772 0.596 1.813 0.757 0.336 0.219

Ref w/o Mask 0.026 0.017 1.472 0.940 0.831 1.654 0.685 0.336 0.220
Ref w/ Mask 0.021 0.014 1.092 0.703 0.589 1.474 0.586 0.301 0.186

MonST3R

Ref + Src ✗ 0.040 0.032 1.751 0.848 0.744 1.850 1.003 0.398 0.292
Ref ✗ 0.038 0.032 1.736 0.846 0.660 1.840 0.983 0.390 0.290

Ref w/o Mask 0.033 0.023 1.495 0.969 0.796 1.752 0.998 0.368 0.273
Ref w/ Mask 0.030 0.021 1.390 0.834 0.643 1.661 0.916 0.350 0.255

DUSt3R [64] Ours

Figure 9. Limitation. We visualize static reconstructions from
two different viewpoints in the top and bottom rows. Easi3R
improves camera pose estimation and point cloud reconstruc-
tion (top row), enhancing alignment in structures like swing
supports through attention re-weighting and segmentation-aware
global alignment. However, from another viewpoint (bottom row),
Easi3R still produces floaters near object boundaries.

ablation results show that (1) Re-weighting only the refer-
ence view decoder outperforms re-weighting both branches.
Since the reference and source decoders serve different
roles, and the reference view acts as the static standard, this
aligns with our design intuition (i); and (2) Incorporating
segmentation in global alignment consistently improves 4D
reconstruction quality.

C. Limitations

Despite strong performance on various in-the-wild videos,
Easi3R can fail when the DUSt3R/MonST3R backbones
produce inaccurate depth predictions. While Easi3R ef-
fectively improves camera pose estimation and point cloud
reconstruction, as shown in Table 5 of the main paper, it
provides clear improvements in completeness and distance
metrics, which are measured on the global point cloud.
However, a noticeable gap remains in depth accuracy, which

Video VideoEasi3R MonST3R Easi3R MonST3R

Figure 10. Dynamic masks in static scene. Easi3R tends to
reweight low confident regions in static scenes, leading to better
pose estimation, as shown in Tab. 9.

Sintel BONN KITTI

Alignment Method Abs Rel ↓ δ<1.25 ↑ Abs Rel ↓ δ<1.25 ↑ Abs Rel ↓ δ <1.25 ↑

Per-sequence
scale & shift

Marigold 0.532 51.5 0.091 93.1 0.149 79.6
DepthAnythingV2 0.367 55.4 0.106 92.1 0.140 80.4
NVDS 0.408 48.3 0.167 76.6 0.253 58.8
ChronoDepth 0.687 48.6 0.100 91.1 0.167 75.9
DepthCrafter 0.292 69.7 0.075 97.1 0.110 88.1
Robust-CVD 0.703 47.8 - - - -
CasualSAM 0.387 54.7 0.169 73.7 0.246 62.2
MASt3R 0.327 59.4 0.167 78.5 0.137 83.6
Spann3R 0.508 50.8 0.157 82.1 0.207 73.0
CUT3R 0.454 55.7 0.074 94.5 0.106 88.7
DUSt3R 0.531 51.2 0.156 83.1 0.135 81.8
MonST3R 0.333 59.0 0.066 96.4 0.157 73.8
Easi3Rdust3r 0.435 59.1 0.085 91.1 0.155 76.1
Easi3Rmonst3r 0.316 59.3 0.057 97.2 0.092 90.6

Per-sequence scale

MASt3R 0.641 43.9 0.252 70.1 0.183 74.5
Spann3R 0.622 42.6 0.144 81.3 0.198 73.7
CUT3R 0.421 47.9 0.078 93.7 0.118 88.1
DUSt3R 0.656 45.2 0.155 83.3 0.144 81.3
MonST3R 0.378 55.8 0.067 96.3 0.168 74.4
Easi3Rdust3r 0.577 51.9 0.086 90.3 0.170 74.2
Easi3Rmonst3r 0.377 55.9 0.059 97.0 0.102 91.2

Table 8. Video Depth Evaluation. We use the evaluation results
from CUT3R for baselines.

is evaluated on per-view outputs. This is because our
method focuses mainly on improving dynamic regions and
global alignment rather than correcting depth predictions in
static parts, as illustrated in Figure 9. We leave per-view
depth correction for future work.

D. Addtional Results

More Evaluation. We evaluated on full-length sequences
with downsampling only for GPU fit, leading to more dy-
namic and challenging motion than prior short-clip settings.
For a more general evaluation, we also include MonST3R
and CUT3R evaluation protocols. Tab. 8 and Tab. 9 confirm
the effectiveness.



Sintel TUM-dynamics ScanNet (static)

Category Method ATE ↓ RPE trans ↓ RPE rot ↓ ATE ↓ RPE trans ↓ RPE rot ↓ ATE ↓ RPE trans ↓ RPE rot ↓

Pose only

DROID-SLAM 0.175 0.084 1.912 - - - - - -
DPVO 0.115 0.072 1.975 - - - - - -
Particle-SfM 0.129 0.031 0.535 - - - 0.136 0.023 0.836
LEAP-VO 0.089 0.066 1.250 0.068 0.008 1.686 0.070 0.018 0.535

Pose & Depth

Robust-CVD 0.360 0.154 3.443 0.153 0.026 3.528 0.227 0.064 7.374
CasualSAM 0.141 0.035 0.615 0.071 0.010 1.712 0.158 0.034 1.618
MASt3R 0.185 0.060 1.496 0.038 0.012 0.448 0.078 0.020 0.475
Spann3R 0.329 0.110 4.471 0.056 0.021 0.591 0.096 0.023 0.661
CUT3R 0.213 0.066 0.621 0.046 0.015 0.473 0.099 0.022 0.600
DUSt3R 0.417 0.250 5.796 0.083 0.017 3.567 0.081 0.028 0.784
MonST3R 0.111 0.044 0.869 0.098 0.019 0.935 0.077 0.018 0.529
Easi3Rdust3r 0.402 0.098 0.876 0.134 0.017 1.077 0.067 0.018 0.670
Easi3Rmonst3r 0.110 0.042 0.758 0.105 0.022 1.064 0.061 0.017 0.525

Table 9. Camera Pose Evaluation. We use the evaluation results
from CUT3R for baselines.

Input Output DAVIS-16 DAVIS-17

Supervision Method RGB Optical Flow Point Tracks Mask 4D Reconstruction JM↑ JM-M ↑ JM↑ JM-M ↑

Supervised

SFL ✓ ✓ ✓ 67.4 - - -
SIMO ✓ ✓ ✓ 67.8 - - -
OCLR-flow ✓ ✓ ✓ 72.0 70.0 - 69.9
OCLR-TTA ✓ ✓ ✓ 80.8 80.2 - 76.0
FlowSAM ✓ ✓ ✓ 87.1 85.7 - -
SegAnyMo ✓ ✓ ✓ 90.6 89.2 - 90.0
DAS3R ✓ ✓ ✓ 54.2 51.6 57.4 55.5

Unsupervised

SAGE ✓ ✓ ✓ 42.6 - - -
CUT ✓ ✓ ✓ 55.2 - - -
FTS ✓ ✓ ✓ 55.8 - - -
CIS ✓ ✓ ✓ 70.3 67.6 - -
Motion Grouping ✓ ✓ ✓ 68.3 - - -
EM ✓ ✓ ✓ 69.3 76.2 - -
RCF-Stage1 ✓ ✓ ✓ 80.2 78.6 - -
RCF-All ✓ ✓ ✓ 82.1 81.0 - -
LRTL ✓ ✓ ✓ ✓ 82.2 - - -

Zero-shot
MonST3R ✓ ✓ ✓ ✓ 64.3 61.4 56.4 59.0
Easi3Rdust3r ✓ ✓ ✓ 67.9 67.4 60.1 62.0
Easi3Rmonst3r ✓ ✓ ✓ 70.7 71.1 67.9 67.7

Table 10. Comparisons of Dynamic Object Segmentation on
DAVIS with 2D dynamic segmentation methods.

DAVIS-16 DAVIS-17 DAVIS-all

Ablation Variants JM↑ JR↑ JM↑ JR↑ JM↑ JR↑

Window Size
3 76.0 89.2 70.8 82.4 65.7 76.2
5* 70.7 79.9 67.9 76.1 63.1 72.6
7 66.9 76.9 63.9 73.3 61.0 68.8

Number of Clusters

16 67.4 79.1 64.6 73.7 60.7 65.2
32 71.6 83.9 68.0 78.3 65.1 75.2

64* 70.7 79.9 67.9 76.1 63.1 72.6
128 69.9 79.9 66.3 76.2 62.9 73.1

Thresholding Values
0.5 61.6 64.5 61.0 65.2 61.6 67.8
0.7 70.2 85.0 62.8 71.8 58.1 67.0

Otsu’s method* 70.7 79.9 67.9 76.1 63.1 72.6

Table 11. More ablations on segmentation quality using
DAVIS. * denotes the value used in the submission.

Behavior for Static Scenes. Interestingly, our method also
improves on static scenes (ScanNet in Tab. 9 and Fig. 10),
owing to our attention reweighting.

Comparison with 2D Baselines. We also include a com-
parison with 2D baselines. As shown in Tab. 10, Easi3R
achieves SOTA segmentation in a zero-shot manner with
only the image as input.

More Ablation. We further ablate the default settings -
window size of 5, 64 clusters, and Otsu’s method in Tab. 11.
Using the recent segmentation method SegAnyMo, pose ac-
curacy improves by 9.62% and depth accuracy improves by
4.11% on the Sintel dataset.

Runtime Our method runs at almost the same speed as
MonST3R. MonST3R runs at 0.33 FPS, while Easi3R
achieves 0.31 FPS for 512 × 144 image resolution on an
NVIDIA RTX 4090 GPU.

Qualitative Results We report additional qualitative re-
sults of disentangled 4D reconstruction in Figure 11, Fig-
ure 12 and Figure 13. We find that MonST3R tends to
predict under-segmented dynamic masks, while DAS3R
tends to predict over-segmented dynamic masks. CUT3R,
although it produces more accurate depth estimation, is
prone to being affected by dynamic objects, leading to mis-
aligned static structures, unstable camera pose estimation,
and ghosting artifacts due to the lack of dynamic segmenta-
tion prediction. In contrast, Easi3R achieves more accurate
segmentation, camera pose estimation, and 4D reconstruc-
tion, resulting in renderings with better visual quality.



Video CUT3R [63] MonST3R [73] DAS3R [68] Ours

68 frames

···

···

80 frames

···

···

Figure 11. Qualitative Comparison. We visualize cross-frame globally aligned static scenes with dynamic point clouds at a selected
timestamp. Notably, instead of using ground truth dynamic masks in previous work, we apply the estimated per-frame dynamic masks to
filter out dynamic points at other timestamps for comparison. Top and bottom rows are Easi3R dust3r/monst3r, respectively.
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Figure 12. Disentanglement vs. MonST3R [73]. We visualize the disentangled 4D reconstruction, static scene and dynamic objects at
different frames. MonST3R tends to predict under-segmented dynamic masks.
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···

···

Easi3R

DAS3R

···

···

Frame 0
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Figure 13. Disentanglement vs. DAS3R [68]. We visualize the disentangled 4D reconstruction, static scene and dynamic objects at
different frames. DAS3R tends to predict over-segmented dynamic masks.
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