Easi3R: Estimating Disentangled Motion from DUSt3R Without Training
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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 ow [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- Figure 2. DUSt3R with Dynamic Video. We process videos us-
tion, they align static components globally while preserving ing & sliding window and infer the DUSt3R network pairwise. Re-
dynamic point clouds from each frame, enabling temporally construction dggrades Wlth misalignment when dynamic objects
consistent reconstruction of moving objects. occupy a considerable portion of the frames.
In this work, we discover that dynamic segmentation can
be extracted from pre—traiped 3D reconstruction mode_ls like sliding temporal window and infer the network for pair set
DpStSR. Wg proposeaS|mpIe,_ yet robust st_rategy to isolatent — f(a;b)ja;b2 [t nTl; Ct 4 %];ae bg within
this information from the attention layers, without the need symmetric temporal

. T i window of sizecentered at time
for optical ow or pre-training on segmentation datasets. t, as illustrated in the top row of Figure 2.

3. Method With pairwise predictions, it recovers globally aligned
' pointmapsfX t 2 RW H 3gT_, by optimizing the trans-
Given a casually captured video sequentk 2 formationP! 2 R® 4 from the coordinate space of each

RW H 3gT . our goal is to estimate object and camera pair to the world coordinate, and a scale factprfor the

movements, as well as the canonical point clouds preseni-th pair within the set of pair$':
in the input video. Object motion is represented as the seg-

mentation sequendd !, camera motion as the extrinsic and X X

intrinsic pose sequenc®s, K, and point cloudX . First, X =argmin kX2 sPix@ ak,

we formulate how the DUSt3R model handles videos (Sec- XiPis ot i2m

tion 3.1). Next, we explore the mechanisms of attention ag- + kXP  SPIXP 3k, (2)

gregation in spatial and temporal dimensions (Section 3.2).
Finally, we introduce how aggregated cross-attention maps Note that the above optimization process assumes a re-
can be leveraged to decompose dynamic object segmentaliable pairwise reconstruction and that global content can
tion (Section 3.3), which in turn helps re-weight attention be registered by minimizing the linear equations in Eqg. 2.
values for robust point cloud and camera pose reconstrucHowever, since DUSt3R are learned from RGB-D images
tion (Section 3.4). of static scenes, dynamic objects disrupt the learned epipo-
. L lar matching policy. As a result, registration fails when dy-
3.1. DUSI3R with Dynamic Video namic content occupies a considerable portion of pixels, as
DUSt3R is designed for pose-free reconstruction, taking shown in Figure 2.

and output two pointmaps in theferenceview coordinate  3-2- Secrets Behind DUSE3R

spaceX @ a;XP a2 W H 3 We now examine the network architecture to identify the
al a.y bl a_ a.|b components that cause failures for dynamic video input.
X X = DUSBRITIT) @) As shown in Figure 3, DUSt3R consists of two branches:
Here,X ? 2 denotes the pointmap of inpuf predicted in the top one for the reference imab® and the bottom one
the viewa coordinate space. In particular, both pointmaps for the source imagé®. The two input images are rst
are expressed in theferenceview coordinate, i.e., vieva processed by a weight-sharing VIiT encoder [11], produc-
in this example. ing token representatiors3 = Encodefl ) andFj =
Given multi-view images, DUSt3R processes them in Encode¢l ®). Next, two decoders, composed of a sequence
pairs and globally aligns the pairwise predictions into a of decoder blocks, exchange information both within and
joint coordinate space using a connectivity graph across allbetween views. In each block, self-attention is applied to
views. However, this approach introduces computational the token outputs from the previous block, while cross-
redundancy for video sequences, as the view connectiv-attention is performed using the corresponding block out-
ity is largely known. Instead, we process videos using a puts from the other branch.



Figure 3.DUSt3R and ourEasi3R adaptation. DUSt3R encodes two imagésl| b into feature token& §; FB, 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 map%: s'c; A b= s'c; p a=ref: p 3= ref These maps are then used for a second inference

pass to enhance reconstruction quality.

we extract motions from the attention layers.

Spatial attention maps.As illustrated in the Figure 3 (left),
the image featureB are projected into a query matrix for
their respective branch witQ@ = “o(F) 2 R W) ¢
while also serving as a key and value matrix for the other
matrices,K = ‘¢ (F) 2 R(M W) ¢ wherec is the fea-
ture dimenson. The projections are obtained using trainable
linear functions o (); "k (). As illumistracted in the right
side of Figure 3, this results in the cross-attention map:

Af =ik e AP =ik e @)

in which the cross-attenton magf ° AP @& 2
R W) h W are used to guide the warping of the value
matrix V. = "y (F) 2 R(M W ¢ and the cross-
attention output in the reference view branch is given by
softmax(A2 P)VP. Intuitively, the attention mag\ & P
Figure 4. Visualization for Cross-Attention Maps. We color determines how the information is aggregated from the view
thenormalizedvalues of attention maps, ranging fr@ne to zero. bto the viewa in thel-th decoder block.
We highlight the patterns captured by each type of attention map  To evaluate the spatial contribution of each token in view
using relatively high values. For a more detailed demonstration, p to all tokens in viewa, we average the attention values
we invite reviewers to visit our webpage under easi3r.github.io.  petween different tokens along the query and layer dimen-
sions. This is given by,

a f a b — X X
F2 = DecoderBlocf' F2 ;;FP , @) Ab=sre = AR P(x;y;z)=(L h w)
FP = DecoderBlocR® FP ,;F? ; % )
a=ref _ b afy.yv:>)—

wherel = 1;:::;L is the block index. Using the fea- A - Ar Tyt how)
ture tokens, two regression heads produce pointmap pre- box
dictions: X2 2 = Head® (F§;:::;F2) andX™ 2 = whereAb=sc pa=ref 5 Rh W representing the averaged
Head™ F§;:::;FP , respectively. The blocks are trained attention maps, capturing the overall in uence of tokens
by minimizing the Euclidean distance between the pre- from one view to another across all decoder layers. i.e.,
dicted and ground-truth pointmaps. Ab=s¢ denotes the overall contribution of vidwo the ref-

Observation. Our key insight is that DUSt3R implicity ~ €rence view when it serve as source view.

learns rigid view transformations through its cross-attention Temporal attention maps. In the following, we extend the
layers, assigning low attention values to tokens that violate above single-pair formulation to multiple pairs to explore
epipolar geometry constraints, such as texture-less, undertheir temporal attention correlations. For a speci c frame
observed, and dynamic regions. By aggregating cross-lt, it pairs with multiple frames, resulting @(n 1) atten-
attention outputs across spatial and temporal dimensionstion maps per frame. As shown in the upper row of Figure 2,



window size of 3 corresponds to 4 pairs. To aggregate the3.3. Dynamic Object Segmentation
pairwise cross-attention maps temporally, we compute the
mean and variance over pairs that the view serves as sourc
and reference:

By observing the compositional properties of the derived

Eross-attention maps, we propose extracting dynamic ob-
ject segmentation for free, which provides a key for bridg-

be sre be srov. x be Sre be st ing static and dynamic scene reconstruction. To this end,
A = Mear(A7™*); A = SdAT™)  (6) we identify attention activations attributed to object mo-

tion. We infer the dynamic attention map for franae

wherei 2 "P=S"and by computing the joint attention of the rst two atten-
tion columns in Figure 4 using the element-wise product:
"b=SIC= f(a:b)jsrc= b;a2 [t n;::it+nl;aé by (1 A& A3=s To further mitigate the effects of

@) texture-less regions, under-observed areas, and camera mo-
Similarly, we computeA *="¢" and A b= "¢ for the set of tion (as shown in the third and fourth columns of Figure 4),

pairs where vieva acts as the source view: we incorporate the outputs with their inverse attention, re-
sulting in the nal formula:
wh=ref _ f(b,a)] ref = b,a2 [t n::ot+ n];a@ ?8) Aa:dyn:(l Aa:sr() Aa:grc Aa:ref (1 Aa:ref) (9)

we then obtain per-frame dynamic object segmentation
Mt = AEd>  ysing Eq. 9 andMt 2 RM W,
denotes a pre-de ned attention threshold and[thés the
Iverson bracket. Note that the segmentation is processed
to the reference view. frame by frame. To enhance temporal consistency, we apply

3 The ref . th istrati tand (ﬁfeature clustering method that fuses information across all
('). € reterence view serves as the registration standar rames; see the supplementary materials for more details.
and is assumed to be static. As a result, the average at-

tention mapA 2= "*f tends to be smooth, with texture-less 3.4. 4D Reconstruction

regions (e.g., ground, sky, swing supports, boxing fences’)With dynamic object segmentation, the most intuitive way

and under-observed areas (e.g., image boundary) naturallyfo adapt static models to dynamic scenes is by masking
exhibiting low attention values, since DUSt3R believes that out dynamic objects during inference at both the image

they are less useful for registration. These regions can beand token levels. This can be done bv replacing dvnamic
highlighted and extracted usir{ A2~ "), as shown in ' y repiacing ¢y

regions with black pixels in the image and substituting

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

the® " column of Figure 4. o . the corresponding tokens with mask tokens. In practice,
(ii) By calculating the standard deviation@ A®="™)  his approach signi cantly degrades reconstruction perfor-

between neighboring frames, we hav&="*', e.g., the col-  mance [73], mainly because black pixels and mask tokens

umn “ ”, representing the changes of the token contribu- |ead to out-of-distribution input. This motivates us to ap-

tion in the image coordinate space. Pixels perpendicularply masking directly within the attention layers instead of
to the direction of motion generally share similar pixel ow modifying the input images.

speeds, resulting in consistent deviations that allow us to in'Attention re
fer camera motion from the attention pattern. For example
in the*Walking Man” case in the fourth row of the Figure 4,

-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-
W.'th the camera mation frqm Ie_ft t.o right, We can observe ond inference pass through the network, masking the atten-
pixels along a column sharing similar attention values. tion map for assigned dynamic regions. This results in zero

(iii) Similar to the reference view, we also compute the ttention for those regions while keeping the rest of the at-
average invert attention map in the source view,A 3= 5, tention maps unchanged:

As shown in the “ ” column, the result not only in-

dicates areas with less texture and underobserved areas but 0 ifma b

also highlights dynamic objects because they violate the softmax(A )= softmax(A2 ) otherwise (10)

rigid body transformation prior which DUSt3R has learned

from the 3D dataset, resulting in lava= S’ values. here, M2 P = (1 M 2) M bT, wherem?a b 2
(iv) The column* " shows the standard deviation of R W) (" W) and  denotes outer product. This results

the source view attention map,2= 5'°. It highlights both in tokens from dynamic regions in vielwthat do not con-
camera and object motion, as the attention of these areasribute to static regions in viewa. It is important to note
continuously changes over time, leading to high deviation that re-weighting is applied only to the reference view de-
in image space. 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 ow. In particular, we in-

corporate a reprojection loss to ensure that the projected

point ow remains consistent with the optical ow estima-

tion [66]. Speci cally, given an image paia; b), we com- Video Frame MonST3R [73] DAS3R [68] Ours GT
pute the camera motion from frarad¢o frameb, denoted by

pal b, by projecting the global point ma)pb from camera Figure 5.Qualitative Resglts of Dynamic Object Segmentation.
(P2;K 2) to camergPP; K ). We then enforce the consis- “Ours” refers to the Easi3Rnstr Setting. Here, we present the

. . _renhanced setting, where outputs from different methods serve as
tg\?vcﬁlet‘;"i’iesntégi Seog;?opnu;id OMWI?_nd the estimated optical prompts and are used with SAM2 [46] for mask inference.

Table 1. Dynamic Object Segmentationon the DAVIS dataset.
_ X X a Pal b al b The best and second best resultstaolel and underlinedrespec-
Low = 1 M%) KkF; F i Ky tively. Easi3Ruustarmonsiadenotes the Easi3R experiment with the
t2Tj2"t backbones of MonST3R/DUSt3R.

+(1 MP) kEP 2 F Pag (11)

\ DAVIS-16 \ DAVIS-17 \ DAVIS-all

where indicates element-wise product. By incorporating JW",’. SAM2 W/ SAM2|w/o SAM2 w/ SAM2| w/o SAM2. w/ SAM2

j . h t'mization rocess in E 2 we Method FlowJM" JR' JM" JR' |[JM" JR' JM"' JR' |IM" JR' JM" JR
OW.CC)nStra”']t |nt0 t € Opl A p q ! DUSt3R [64] 3 |42.1 45.7 58.5 63.435.2 35.3 48.7 50.235.9 34.0 47.6 48.7
achieve a more robust output in terms of global pointmaps MonST3R[73] 3 |40.9 422 64.3 735386 382 56.4 50.636.7 34.3 51.9 54.1

t . . DAS3R [68] 7 |41.6 39.0 54.2 558435 42.1 57.4 61.343.4 38.7 53.9 54.8

X and pose sequenc@é, K!. Note that this term is used Easi3Ruser 7 |53.0 604 67.9 71.4/49.0 56.4 60.1 65.3|44.5 49.6 54.7 60.6
optionally to ensure a fair comparison with the baseline that £253Rrnser 7 [577 716 707 79565 686 67.9 76/530 634 63.1 726
does not incorporate the ow-estimation model.
4. Experiments tion benchmark DAVIS-16 [39], more challenging DAVIS-

17 [43], and DAVIS-all. We present two experiment set-
We evaluate our method in a variety of tasks, including dy- tings: direct evaluation of network outputs and an enhanced
namic object segmentation (Section 4.1), camera pose essetting where outputs serve as prompts for SAM2 [46], im-
timation (Section 4.2) and 4D reconstruction (Section 4.3). proving results. These settings are denoted as w/ and w/o
We performed ablation studies in supplementary. SAM2 in Table 1. Following DAVIS [39], we evaluate per-

Baselines. We compare Easi3R with state-of-the-art pose formance using loU mean (JM) and loU recall (JR) met-
free 4D reconstruction method, including DUSt3R [64], fics. Since DUSt3R originally does not support dynamic
MonST3R [73], DAS3R [68], and CUT3R [63]. Among object segmentation, we extend it as a baseline by incorpo-
these works, the latter three are concurrent works that alsgating the ow-guided segmentation as MonST3R. By ap-
aim to extend DUSt3R to handle dynamic videos, but take Plying our attention-guided decomposition, both DUSt3R
a different approach by ne_tuning on dynamic datasets1 and MonST3R show improved Segmentation, without the
such as [20, 54, 65], and optimization under the supervi- Need for ow, even surpassing DAS3R, which is explicitly
sion of optical ow [66]. Unlike previous work, our method  trained on dynamic mask labels.

performs a second inference pass on top of the pre-trainedQualitative Results. Figure 5 presents the qualitative com-
DUSt3R or MonST3R model without requiring ne-tuning  parison between our method and existing approaches. Since
or optimization on additional data. MonST3R relies on optical ow estimation, it struggles in
textureless regions, failing to disentangle dynamic objects
from the background (e.g., koala, rhino, sheep). On the
We represent object motion as a segmentation sequencether hand, DAS3R learns a mask head for dynamic seg-
and evaluate performance on the video object segmentamentation but tends to over-segment in most cases. Our

4.1. Dynamic Object Motion



Table 2. Bene ts of Easi3R on Camera Pose Estimatioron Table 4. Benets of Easi3R on Point Cloud Reconstruction

the DyCheck, ADT and TUM-dynamics datasets. The best and on the DyCheck dataset. The best and second best results are
second best results abeld and_underlinedrespectively. Easi3R  bold and_underlinedrespectively. Easi3Rustirmonstzdenotes the
dustarmonstardenotes the Easi3R experiment with the backbones of Easi3R experiment with the backbones of MonST3R/DUSt3R.
MonST3R/DUSt3R.

| Accuracy# | Completeness |  Distance
| DyCheck ADT TUM-dynamics Method Flow | Mean Median| Mean Median| Mean  Median
Method Flow| ATE # RTE# RRE#|ATE# RTE# RRE#|ATE# RTE# RRE# DUSGR [64] 7 | 0802 0595 | 1.950 0815 | 0353 0233
DUSI3R[64] 7 |0.035 0.030 2.323/0.042 0.025 1.212|0.100 0.087 2.692 Easi3Raustsr 7 | 0772 059 | 1813 0757 | 0336  0.219

0.738 0.599 1.669 0.678 0.313 0.196

Easi3Rusar 7 |0.029 0.025 1.774[0.040 0.021 0.880 [0.093 0.076 _2.366 DUSI3R [64] 3

DUSt3R[64] 3 |0.029 0.021 1.875 |0.076 0.030 0.974/0.071 0.067 3.711 Easi3Riustar 3 0.703 0.589 | 1.474 0.586 | 0.301 0.186
Easi3Rusar 3 |0.021 0.014 1.092/0.042 0.015 0.655|0.070 0.061 2.361 MonST3R[73] 7 0855 0693 | 1016 1035 | 0398 0205
MonST3R[73] 7 |0.040 0.034 1.820/0.045 0.024 0.759 |0.183 0.148 6.985 Easi3Rnonstar 7 0.846 0.660 | 1.840  0.983 | 0.390  0.290
Easi3Rmonsar 7 |0.038 0.032 1.736/0.045 0.024 0.715 [0.184 0.149 6.311 MonST3R[73] 3 0851  0.689 | 1734 0.958 | 0.353  0.254
MonST3R[73] 3 [0.033 0.024 1.501 |0.055 0.025 0.776|0.170 0.155 6.455 Easi3Ryonstar 3 0.834  0.643 | 1.661  0.916 | 0.350  0.255
Easi3Rmonsar 3 |0.030 0.021 1.390[0.039 0.016 0.6400.168 0.150 5.925

Table 5.Quantitative Comparisons of Point Cloud Reconstruc-

Tatzlhe 352?}”“5? txem(; omé)z_arrllelanj of Cgme(;a tPoscts Eﬁ_tr']m?)t'or; dtion on the DyCheck dataset. The best and second best results are
onthe Dytheck, an -dynamics datasets. The bestandy,, q 59 underlinedrespectively.

second best results abeld and_underlinedrespectively.

| Accuracyt | Completeness |  Distance
| DyCheck ADT TUM-dynamics - - -
Method Flow | Mean  Median| Mean Median| Mean Median
Method Flow|ATE # RTE# RRE#|ATE# RTE# RRE#|ATE# RTE# RRE#
DUSt3R [64] 7 |0.035 0.030 2.323/0.042 0.025 1.212/0.100 0.087 2.692 DUSESR [64] ! 0.802 0.595 | 1.950 0.815 | 0.353 0.233
CUT3R [63] 7 (0.029 0.020 1.383 |0.084 0.025 0.490 |0.079 0.088 10.41 ﬁg:§$3[gs’[]73] ; 822? gggg %gi % %ﬁg %34
MonST3R[73] 3 |0.033 0.024 1.501/0.055 0.025 0.776/0.170 0.155 6.455 DAS3R [68] 3 1'772 11438 2‘503 1-548 0'475 0'352
DAS3R [68] 3 ]0.033 0.022 1.467/0.040 0.017 0.685|0.173 0.157 8.341 - ’ : : ' : ’
Easi Easi3Rmnonstar 3 0.834 0.643 | 1.661 0.916 | 0.350 0.255
asi3Rmonstar 3 |0.030 0.021 1.390/0.039 0.016 0.640 (0.168 0.150 5.925 Easia 3 0.703 0.589 1474 0.586 0.301 0.186
Easi3Ryustar 3 ]0.021 0.014 1.092/0.042 0.015 0.655 |0.070 0.061 2.361 asi3Raustar — = i ' ' :

method, built on DUSt3R and enhanced with our Easi3R Benets from Easi3R. We use DUSt3R and MonST3R

attention-guided decomposition, accurately segments dy-Without optical ow as the backbone settings, indepen-
namic objects while maintaining robustness in handling tex- dently analyzing the bene ts that Easi3R offers for each.
tureless regions (e.g., trunks, rocks, walls), small dynamic Ve show qualitative comparisons of the estimation of the
objects (e.g., goose), and casual motions (e.g., girls, pedest@mera trajectory (Figure 7) and quantitative pose accuracy
trian). The results provide a surprising insight that 3D mod- in Table 2, including w/ and w/o ow settings. Easi3R
els, such as DUSt3R in our case, may inherently possess &iemonstra.tes more accurate and robust camera pose and tra-
strong understanding of the scene and can generalize well€Ctory estimation over both backbones and settings. Our

to standard 2D tasks. Easi3R effectively leverages the inherent knowledge of
DUSt3R with just a few lines of code, even achieving an
4.2. Camera Motion improvement compared to models with optical ow prior.

We evaluate camera motion by using the estimated extrin-COmpParison. In Table 3, we compare Easi3R with state-
of-the-art variants of DUSt3R. Unlike the plug-and-play

sic sequence on three dynamic benchmarks: DyCheck [14], . ) . .
TUM-dynamics [53], and ADT [23, 38] datasets. Speci - comparison in Table 2, yvhere we optionally disable the
cally, the ADT dataset features egocentric videos, which areom'ca_lI Ow prior for a fa,'r e"a“ﬂa“‘?”: Here, we report
out-of-distribution for DUSt3R’s training set. The DyCheck t_Jaselln_e performance using their orlg.mal expgnmentgl set-
dataset includes diverse, in-the-wild dynamic videos cap—t'ngs’ Le., whether the ow model is used is specied

tured from handheld cameras. The TUM-dynamics dataseti_n tr}? second colum_n. , For cla_rity, we d((ajn“ote the set-
contains major dynamic objects in relatively simple indoor UN9 "MONST3R +Easi3R” as Easi3Ronsisrand "DUSI3R

scenarios. Instead of evaluating video clips as in previous"’EaSI3R as Easi3Rusiz Notably, our approach achieves

methods, we adopt a more challenging setting by Iorocess_signi cant improvements and delivers the best overall per-

ing entire sequencesSpeci cally, we downsample frames formgnce among_all methods, without ANY ne-tuning on
at different rates: every 5 frames for ADT, 10 for DyCheck, additional dynamic datasets or mask labels.

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 We evaluate 4D reconstruction on DyCheck [14] by measur-
Relative Rotation Error (RRE), after applying the Sim(3) ing distances to ground-truth point clouds. Following prior
alignment [60] on the estimated camera trajectory to the GT.work [1, 8, 61], we use accuracy, completeness, and dis-

4.3. 4D Reconstruction



Video CUTS3R [63] MonST3R [73] DAS3R [68] ours

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
Iter out dynamic points at other timestamps for comparison. Our method (top two and bottom two rows asdzasiaisis 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.

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-

Figure 7. Visualization of estimated camera trajectories. Our ment for enhanced overall quality.

robust estimated camera trajectory (orange) deviates less from the

ground truth (gray) compared to the original backbones (blue). 5. Conclusion

We presented Easi3R, an adaptation to DUSt3R, which in-

tance metrics. Accuracy is the nearest Euclidean distancd'0duces the spatial and temporal attention mechanism be-
from a reconstructed point to ground truth, completeness is"iNd DUSE3R, to achieve training-free and robust 4D re-

the reverse, and distance is the Euclidean distance based ofPnstruction. We found the compositional complexity in
ground-truth point matching. attention maps, and propose a simple yet effective decom-

o . position strategy to isolate the textureless, under-observed,
Quantitative Results. We observe bene ts from Easi3Rin 5. dynamic objects components and allowing for robust

Table 4 and Table 5, Easi3R demonstrates more accuratgynamic object segmentation. With the segmentation, we
reconstruction and outperforms most baselines, even Com'perform a second inference pass by applying attention re-

parable to concurrent CUT3R [63], which are trained with \eighting, enabling robust dynamic 4D reconstruction and
many extensive datasets. camera motion recovery, and at almost no additional cost
Qualitative Results. We also compare the reconstruction on top of DUSt3R. Surprisingly, our experimental results
quality of our method with CUT3R [63], MonST3R [73] demonstrate that Easi3R outperforms state-of-the-art meth-
and DAS3R [68] in Figure 6. All baselines struggle with ods in most cases. We hope that our ndings on attention
misalignment and entanglement of dynamic and static re-map disentanglement can inspire other tasks.
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