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Fig. 1: PAGE-4D takes a sequence of RGB images depicting a dynamic scene as
input and simultaneously predicts the corresponding camera parameters and 3D ge-
ometry information—all within a fraction of a second. Compared to VGGT, PAGE-
4D produces denser and more accurate point cloud reconstructions with better depth
estimation quality. (Best viewed in PDF.)

Abstract. Recent 3D feed-forward models, such as the Visual Geom-
etry Grounded Transformer (VGGT), have shown strong capability in
inferring 3D attributes of static scenes. However, since they are typically
trained on static datasets, these models often struggle in real-world sce-
narios involving complex dynamic elements, such as moving humans or
deformable objects like umbrellas. To address this limitation, we intro-
duce PAGE-4D, a feedforward model that extends VGGT to dynamic
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The acknowledgments for the video used in Fig. 1 and Fig. 5 are provided in the
appendix.
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scenes, enabling camera pose estimation, depth prediction and point
cloud reconstruction —all without post-processing. A central challenge in
multi-task 4D reconstruction is the inherent conflict between tasks: accu-
rate camera pose estimation requires suppressing dynamic regions, while
geometry reconstruction requires modeling them. To resolve this tension,
we propose a dynamics-aware aggregator that disentangles static and dy-
namic information by predicting a dynamics-aware mask—suppressing
motion cues for pose estimation while amplifying them for geometry re-
construction. Extensive experiments show that PAGE-4D consistently
outperforms the original VGGT in dynamic scenarios, achieving supe-
rior results in camera pose estimation, monocular and video depth es-
timation, and dense point map reconstruction. Our code is available at
Link, including both the training-and-inference masking variant and the
training-only masking variant (= VGGT architecture at inference).

Keywords: VGGT-4D · 4D Perception · Dynamic Scene Reconstruction

1 Introduction

Despite recent advances in feedforward 3D estimation of static scenes from image
sets [43, 45, 55], extending these capabilities to dynamic environments—scenes
where objects or people undergo motion or deformation— remains a signifi-
cant challenge due to the complexity of real-world motion. A common strategy
for handling dynamic scenarios is to decompose the problem into a series of
sub-modules, such as depth estimation, optical flow computation, and object
tracking [18, 26, 28, 58]. While this modular approach simplifies the task by dis-
entangling different components, it often results in increased computational cost
and error accumulation across sequential stages [56]. Given the limitations of
modular pipelines, a unified method for dynamic geometry learning that avoids
sequential decomposition offers a more effective and coherent solution. However,
developing such models usually requires capturing spatiotemporal relationships
across frames, and demands notable computational resources as well as access
to large-scale dynamic datasets with ground-truth geometry [44,56].

Motivated by these challenges, we present PAGE-4D, a unified and ef-
ficient feed-forward model that enables the inference of key 3D attributes in
dynamic scenes as shown in Fig.1. To address the limited availability of labeled
dynamic data, we build on the pretrained 3D foundation model VGGT [43]
and adapt it to dynamic scenarios through targeted fine-tuning. While VGGT
demonstrates strong performance in static scene understanding, its accuracy
drops significantly when applied to dynamic environments involving people, ve-
hicles, or deformable objects. This limitation stems from a fundamental tension:
motion provides valuable cues for geometry estimation in dynamic scenarios,
yet simultaneously introduces noise that corrupts camera pose estimation by
violating the static epipolar constraint, as shown in Fig. 2 (a). In other words,
the very signals that enable reconstructing dynamic objects are also those that
hinder reliable pose recovery [9, 56,58].

https://page4d.github.io/
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This insight motivates our central idea: rather than viewing dynamics as
uniformly harmful or helpful, we disentangle their effects across tasks. We in-
troduce a dynamics-aware aggregator that first predicts a mask to identify dy-
namic regions, and then applies it via a cross-attention mechanism—filtering
dynamic content for camera pose tokens while emphasizing it for geometry to-
kens. Together with targeted fine-tuning of layers most sensitive to dynamics,
this design allows us to harness motion where it benefits geometry grounding,
while suppressing its negative impact on pose estimation. With this design, our
method achieves accurate pose and geometry estimation for both static and dy-
namic content in challenging dynamic scenarios, as illustrated in Fig. 1. Through
extensive experiments, PAGE-4D establishes new state-of-the-art performance
across multiple benchmarks and tasks. For instance, on the Sintel benchmark,
it reduces the camera pose estimation ATE from 0.214 (VGGT) to 0.143 and
improves the scale-aligned video depth Abs Rel from 0.484 to 0.357. Notably,
thanks to its plug-in design, PAGE-4D adds only a negligible overhead in both
runtime and storage compared to VGGT. This work makes the following key
contributions:

– We propose PAGE-4D, a dynamic-aware extension of VGGT for 4D scene
understanding, which achieves state-of-the-art results on dynamic geometry
perception benchmarks.

– We design a dynamics-aware aggregator that combines (i) a mask prediction
module for identifying dynamic regions and (ii) a global attention mechanism
that selectively leverages or suppresses dynamic information across tasks.

– We provide an in-depth analysis of VGGT under dynamic conditions and
introduce a targeted fine-tuning strategy that adapts only the layers most
sensitive to dynamics, enabling efficient transfer by updating only a limited
subset of parameters.

– Finally, we provide both inference-time and training-only masking variants
with comparable performance. The latter removes the dynamic mask dur-
ing inference and therefore preserves the VGGT architecture. This shows
that dynamic masking can serve as an effective training-time regularizer for
pose–geometry disentanglement without introducing additional inference-
time overhead.

2 Related Work

3D Feedforward Model is learning-based approach that reconstructs static
3D scene geometry from input images with temporal invariance assumption [2,
19, 32, 53], treating all views as capturing the same static scene. DUSt3R [45]
is the representative of this reconstruction framework, introducing transformer-
based architectures that processes image pairs from different viewpoints, learn-
ing direct mappings from 2D image pixels to 3D coordinate fields. Subsequent
works [1, 8, 38, 39, 44, 50, 52] have explored broader scenarios. Among those,
VGGT [43] presents a unified architecture using alternating attention mecha-
nisms within each frame and across the entire sequence, responding the need of
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joint prediction of camera poses, depth maps, and point correspondences through
integrated training. Despite these advances, traditional 3D methods remain tem-
porally invariant and struggle with dynamic scenes, motivating the need for 4D
feedforward approaches that explicitly capture scene dynamics.

4D Feedforward Model emerges to reconstruct dynamic scenes by captur-
ing geometric evolution over time from image sequences [3,23,40,41,59]. However,
it faces significant challenges in modeling temporal geometry changes, as moving
objects violate the rigid geometry assumptions of static methods [5,29,30]. Given
DUSt3R’s success in static reconstruction, several works [25, 42, 47, 48, 51] have
adapted this framework for dynamic scenarios. While MONST3R [56] fine tunes
DUSt3R on video sequences, D2USt3R [14] introduces explicit temporal model-
ing through 4D pointmap representations and cross-frame attention mechanisms,
improving in establishment of correspondences between moving objects across
frames. Other efforts include training-free methods like Easi3R [9]. Despite the
progress shown by these DUSt3R-based approaches in dynamic content, they
are all constrained by the pairwise progressing framework in DUSt3R. Alterna-
tive approaches [2, 10, 15, 16, 21, 32, 49] explore different architectural designs to
handle dynamic scenes for task-specific solutions, but they often sacrifice the gen-
eralizability of feedforward approaches. More recently, the success of VGGT in
sequence-based static reconstruction has inspired its extensions [20] to dynamic
scenarios. Recent approaches such as MoVieS [24] and StreamVGGT [64] focus
on narrow, application-specific scenarios rather than the broader challenge of
adapting static models to dynamic domains. In contrast, we propose PAGE-4D
to address this general challenge, demonstrating that carefully targeted fine-
tuning of key attention components can effectively bridge the static–dynamic
divide without requiring major architectural changes.

3 Methodology

In this paper, we extend the VGGT to PAGE-4D (Disentangled Pose and Ge-
ometry Estimation for 4D Perception), a dynamic-aware framework for robust
4D scene understanding. Given a sequence of N RGB frames {Ii}Ni=1 captured
in a dynamic environment, our objective is to predict temporally consistent 3D
outputs for each frame:

f
(
{Ii}

)
=

{
(gi, Di, Pi

}N

i=1
,

where gi ∈ R9 encodes the camera intrinsics and extrinsics, Di ∈ RH×W is the
depth map, and Pi the 3D point map.

In this section, we begin by examining the behavior of VGGT under dy-
namic conditions and analyzing how its transformer architecture represents spa-
tiotemporal information. This analysis reveals fundamental limitations when di-
rectly applying VGGT to dynamic scenes. Guided by these insights, we intro-
duce PAGE-4D, a principled yet lightweight extension of VGGT that enables
accurate and efficient estimation of camera pose, geometry, and tracking in chal-
lenging dynamic environments.
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Fig. 2: Motivating illustration: (a) In static scenes, geometric consistency is pre-
served across frames, while in dynamic scenes, moving objects violate this consistency.
(b) Visualization of VGGT attention maps from the 5th, 12th, 18th, and 24th layers
of global attention block with the method in [6]. Attention values are visualized using
a white-to-red color map, with white indicating low values and red indicating high
values. VGGT tends to ignore dynamic content during the feed-forward process, which
motivates our design of the dynamics-aware mask.

3.1 Motivation

Empirical Observation: Although VGGT achieves state-of-the-art perfor-
mance in static scene understanding, its accuracy degrades markedly in the
presence of dynamic objects. On the Odyssey test set [60], which evaluates long-
range point tracking and geometry understanding in dynamic scenes, we directly
apply VGGT for evaluation. The results reveal a clear gap between static and
dynamic regions: the Absolute Depth Error in dynamic regions is 94% higher
than in static regions. These results highlight the need for an architecture that
achieves reliable scene understanding across both static and dynamic scenarios.

To better understand this gap, we first follow [7] on feature visualization and
examine key layers of VGGT (Fig. 2 (b)). We observe that dynamic regions ex-
hibit weaker activations compared to static ones, suggesting that VGGT tends
to ignore dynamic content. We then perform an ablation in which attention
among dynamic tokens is explicitly suppressed (see Appendix). Masking dy-
namic patches from the cross-frame attention mechanism improves camera pose
estimation, but at the same time leads to a sharp drop in geometry. Together,
these findings reveal a fundamental tension in dynamic scenes: while camera
pose estimation benefits from suppressing dynamic regions to maintain epipolar
consistency, geometry requires exploiting their motion cues.

Static Case – Geometric Foundations: Formally, under static conditions,
geometry estimation can be achieved by implicitly modeling the correspondence
between a reference-frame homogeneous pixel xr and its target-frame homo-
geneous pixel xt (Fig. 2 (a)) [9, 56], which is fully determined by the camera
intrinsics, depth, and relative pose:

This equation encodes the standard rigid-scene geometry assumption: once
depth and camera motion are known, pixel correspondences across frames can
be predicted without ambiguity. Meanwhile, pose estimation [9, 56], due to the
concentration of relative camera motion, in VGGT often reduces to fitting an
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xt = K
[
Rt←r Dr(xr) K−1 xr + tt←r

]
, (1)

Pixel (Target Frame) Inversed Intrinsic

Pixel (Reference Frame)

Translation Vector

Rotation Matrix Depth

essential matrix E that enforces the epipolar constraint between normalized
homogeneous pixels x̃r and x̃t:

x̃⊤t E x̃r = 0, E = [ tt←r ]× Rt←r . (2)

Homogeneous Pixel (Target Frame)

Essential MatrixHomogeneous Pixel (Reference Frame)
Summary: Under static conditions, both Eqn. 1 and Eqn. 2 hold for all non-

occluded pixel pairs (xr,xt) between the reference and target frames. This makes
the joint optimization of camera tokens and geometry tokens over the same
patches within a frame a reasonable design choice.

Dynamic Case – Violation and Residuals: In dynamic scenes, to realize
geometry estimation, motion information needs to be taken into consideration
for accurate prediction:

xt = K
[
Rt←r Dr(xr)K

−1xr + tt←r

]
+KMt←r, (3)

where Mt←r represents the displacement induced by object motion. Mean-
while, in the presence of dynamic motion, the Eqn. 2 for pose estimation no
longer holds. The violation manifests as a residual:

δ(xr) ≡ x̃⊤t Ex̃r ≈ 1

Zr
n(xr)

⊤∆X⊥(xr), (4)

where n(xr) is the unit normal of the epipolar line associated with xr, and
∆X⊥(xr) is the component of the dynamic displacement perpendicular to that
line. This residual quantifies the degree to which dynamic motion “pushes” cor-
respondences away from the epipolar geometry predicted by the camera. The
larger the residual, the stronger the violation of the static-scene assumption,
and the greater the resulting pose estimation error. Eqn. 4 implies that in dy-
namic scenarios, only the static subset of pixel pairs (xsta

r ,xsta
t ) satisfy Eqn. 2.

Summary: Under dynamic conditions, Eqn. 3 for geometry estimation re-
mains valid for all non-occluded pixel pairs (xr,xt) between the target and
reference frames, whereas Eqn. 2 for pose estimation holds only for the static
subset of non-occluded pixels (xsta

r ,xsta
t ), as explained in Eqn. 4.

Insight: Under dynamic scenarios, camera pose estimation is brittle to dy-
namic motion, as small residuals can corrupt essential matrix fitting, while ge-
ometry and tracking tasks can in fact benefit from modeling Mt←r. Motivated
by this insight, we propose PAGE-4D, a dynamic-aware extension of VGGT
that disentangles the role of dynamic regions across tasks—suppressing them for
pose estimation while leveraging them for geometry and tracking.
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Fig. 3: Fine-tuning strategy: Instead of fine-tuning the entire VGGT architecture,
we adapt only the middle N2 layers of the global attention mechanism, which are
most critical for cross-frame information fusion. To further address dynamic scenes, we
introduce a dynamics-aware aggregator that predicts a mask to disentangle dynamic
and static content. In our code, we provide both the training-and-inference masking
variant and the training-only masking variant (= VGGT architecture at inference).

3.2 PAGE-4D

PAGE-4D is composed of four key components: (1) a pre-trained DINO-style [54]
encoder that extracts image-level representations; (2) a dynamics-aware aggre-
gator that integrates spatial and temporal cues through three modules—Frame
Attention for inter-frame patch relations, Global Attention for intra-frame patch
relations, and Dynamics-Aware Global Attention for disentangling dynamic from
static content; (3) lightweight decoders for depth, 3D point maps; and (4) a larger
decoder dedicated to camera pose estimation.

PAGE-4D inherits components (1), (3), and (4) directly from VGGT, while
extending component (2) into a three-stage dynamics-aware aggregator as in
Fig. 3. The first stage consists of N1 layers, each composed of one Global At-
tention and one Frame Attention block. Its output is fed into a dynamic mask
prediction module, which produces a dynamics-aware mask. This mask is then
applied in the second stage to disentangle dynamic and static content for pose
and geometry estimation. The second stage itself consists of N2 layers, each com-
prising a Dynamics-Aware Global Attention block and a Frame Attention block.
The final stage consists of N3 layers as the first stage.

Dynamics Mask Prediction A central challenge in dynamic scenes is to selec-
tively suppress the influence of moving objects for tasks such as pose estimation,
while still retaining their information for geometry. To achieve this, we design
a dynamic mask prediction module that learns, in a self-supervised manner,
which spatial regions are likely to correspond to dynamic objects. This is fea-
sible because the middle layers of PAGE-4D already disentangle dynamic and
static content, as illustrated in Fig. 2(b), where dynamic regions are treated
distinctly. Formally, given the token features z ∈ RB×S×P×d from the aggre-
gator, we first extract only the patch tokens zp ∈ RB×S×(HP ·WP )×d. These
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Fig. 4: Qualitative Comparison of Point Cloud Estimation on the Bonn &
Sintel: As shown in the figure, our method effectively captures the geometric structure
in scenarios with complex motion, whereas VGGT produces fragmented and inconsis-
tent geometry. (Best viewed in PDF.)

tokens are projected into a lower-dimensional representation via a linear map-
ping, followed by a depthwise convolutional head that produces mask logits:
m = Conv

(
zp
)
∈ R(B·S)×1×HP×WP .

Mask Attention Once the dynamic mask M̃ has been predicted, it can be di-
rectly incorporated into the transformer attention mechanism. Specifically, given
queries Q, keys K, and values V, attention is:

Attn(Q,K,V) = softmax

(
QK⊤√

d
+ M̃

)
V, (5)

where M̃ ∈ RB×(S·P )×(S·P ) is the broadcasted mask applied to the attention
logits. Importantly, we apply this mask in a task-specific manner: Pose esti-
mation. For queries corresponding to the camera token and registeration token,
M̃ actively suppresses attention to dynamic regions, ensuring that pose esti-
mation remains consistent with epipolar geometry and static scene constraints.
Depth and Point Cloud. For patches concerning these tasks, the mask is not
applied, allowing the network to leverage dynamic motion cues to improve point
map reconstruction and 2D–3D tracking accuracy.

This asymmetric design explicitly disentangles the role of dynamic regions
across tasks. Dynamic objects, which are detrimental for camera pose estima-
tion, are ignored in that context, but their motion signals remain available for
geometry and tracking tasks. By learning the mask in a fully differentiable man-
ner, the model adapts its behavior to the motion patterns present in the training
data, rather than relying on pre-defined heuristics.
Memory-Efficient Mask Mechanism Although Eq. 5 describes a full (S·P )2

mask, forming this matrix would require O(N2) memory and break fused Scaled
Dot-Product Attention, where N = S ·P . PAGE-4D instead implements an
equivalent additive mask using two vectors. Given attention inputs Q,K,V ∈
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RN×d, the mask head predicts:

r ∈ RN , c ∈ RN .

We append these to the feature dimension:

q′i = [ qi
√
d′/d, ri

√
d′ ], k′j = [ kj , cj ], v′j = [ vj , 0 ],

where d′ = d+ 1. Then:
q′ik
′⊤
j√
d′

=
q⊤i kj√

d
+ ricj ,

but without constructing the N ×N mask.
This uses only O(N) memory, stays compatible with fused Scaled Dot-Product

Attention.

3.3 Training Details

Fine-tuning Strategy. During fine-tuning, we update only the middle 10 lay-
ers while freezing the remaining aggregator and decoder layers, thereby tuning
just 30% of the model instead of the full network. This design is supported by
studies on transformer representations, which show that lower layers capture
local structures, middle layers model regional relationships, and higher layers
encode global semantics [6, 34]. Moreover, as illustrated in Fig.2(b), the middle
layers of VGGT tend to suppress dynamic content, leading to degraded perfor-
mance in dynamic scenarios. By selectively fine-tuning these layers, we aim to
reintroduce dynamic information into the feed-forward process. Consistent with
this intuition, our ablations (Please Refer to Appendix) confirm that the later
middle layers contribute most significantly to accurate geometry estimation.

Loss Functions. We adopt a multi-task loss combining supervision for cam-
era pose, depth and point-maps:

L = λcLcamera + Ldepth + Lpmap. (6)

Following VGGT, we empirically set the loss weights to balance gradients across
tasks, with λc = 5. We adopt: Huber loss for camera pose estimation, Uncertainty-
weighted depth and point-map losses with gradient regularization. We do not
include point tracking in our model, since the tracking head in VGGT is primar-
ily designed for view registration and is not well-suited to dynamic scenarios.
In addition, VGGT does not provide clear training code for the tracking head.
These two factors prevent us from incorporating point tracking into our frame-
work.

4 Experiments

To evaluate the effectiveness of PAGE-4D, we apply it to monocular video se-
quences and assess its performance on five tasks: video depth estimation, monoc-
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Table 1: Video Depth Estimation on Sintel [4], Bonn [31] and DyCheck [50].
FPS is evaluated on KITTI using one A800 GPU. Missing entries (–) denote results
not reported in the original papers cited.

Method Params Align
Sintel Bonn DyCheck

FPSAbs Rel ↓ δ < 1.25 ↑ Abs Rel ↓ δ < 1.25 ↑ Abs Rel ↓ δ < 1.25 ↑

DUSt3R [45] 571M

scale
Video
Depth

0.662 0.434 0.151 0.839 - - 1.25
MASt3R [19] 689M 0.558 0.487 0.188 0.765 - - 1.01
CUT3R [44] 793M 0.430 0.465 0.077 0.937 0.176 0.740 6.98
Fast3R [50] 648M 0.638 0.422 0.194 0.772 - - 65.8
FLARE [57] 1.40B 0.729 0.336 0.152 0.790 - - 1.75
VGGT [43] 1.26B 0.484 0.553 0.107 0.883 0.182 0.743 43.2
PAGE-4D(Ours) 1.26B 0.357 0.699 0.092 0.904 0.170 0.785 43.2

DUSt3R [45] 571M

scale&shift
Video
Depth

0.570 0.493 0.152 0.835 - - 1.25
MASt3R [19] 689M 0.480 0.517 0.189 0.771 - - 1.01
CUT3R [44] 793M 0.534 0.558 0.075 0.943 0.228 0.635 6.98
Fast3R [50] 648M 0.518 0.486 0.196 0.768 - - 65.8
FLARE [57] 1.40B 0.791 0.358 0.142 0.797 - - 1.75
VGGT [43] 1.26B 0.261 0.639 0.102 0.890 0.155 0.792 43.2
PAGE-4D(Ours) 1.26B 0.212 0.763 0.090 0.903 0.145 0.854 43.2

DUSt3R [45] 571M

Monocular
Depth

0.488 0.532 0.139 0.832 - - 1.25
MASt3R [19] 689M 0.413 0.569 0.123 0.833 - - 1.01
MonST3R [56] 571M 0.402 0.525 0.069 0.954 - - 1.27
CUT3R [44] 793M 0.418 0.520 0.058 0.967 0.149 0.790 6.98
Fast3R [50] 648M 0.544 0.509 0.169 0.796 - - 65.8
FLARE [57] 1.40B 0.606 0.402 0.130 0.836 - - 1.75
VGGT [43] 1.26B 0.292 0.629 0.071 0.947 0.160 0.799 43.2
PAGE-4D(Ours) 1.26B 0.242 0.742 0.053 0.970 0.141 0.840 43.2

ular depth estimation, camera pose estimation, multi-view point map recon-
struction, and 4D view synthesis. We compare against several strong baselines—
DUSt3R [45], MASt3R [19], MonST3R [56], CUT3R [44], Fast3R [50], FLARE [57],
and VGGT [43]—across each subtask.

4.1 Video Depth Estimation

Following the protocol of prior works [45, 56], we evaluate our approach on the
video depth estimation task using Sintel [4] and Bonn [31]. To assess robustness
to dynamic objects, we additionally incorporate DyCheck [12]. We report Abso-
lute Relative Error (Abs Rel) and prediction accuracy at the threshold δ < 1.25,
under two alignment settings: (i) scale-only alignment and (ii) joint scale and
3D translation alignment. Qualitative results could be found in Fig 4 and Fig 5.
As summarized in Tab. 1, our method establishes a new state of the art across
all three datasets and both alignment settings among feed-forward 3D recon-
struction models. Compared to VGGT [43], which represents the strongest prior
baseline, our approach consistently reduces error and improves accuracy. For ex-
ample, on Sintel with scale-shift alignment, we improve δ < 1.25 accuracy from
0.639 VGGT to 0.763 (+19.4%) while lowering Abs Rel from 0.261 to 0.212
(-18.8%). Similar trends are observed on Sintel and Bonn, where our method
outperforms VGGT under both alignment regimes, without incurring noticeable
increases in speed or memory consumption.
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4.2 Monocular Depth Estimation

In addition to video depth, we evaluate our approach on monocular depth estima-
tion following [19, 61]. Each predicted depth map is aligned independently with
its ground truth, in contrast to the video setting where a single scale (and shift) is
applied across the entire sequence. As summarized in Tab. 1, our method shows
consistent improvements over existing feed-forward reconstruction methods. In
particular, compared to VGGT [43] in Sintel dataset, our approach reduces Abs
Rel from 0.292 to 0.242, and increases δ < 1.25 accuracy from 0.629 to 0.742.
While not explicitly optimized for single-frame depth estimation, our method
performs favorably against dedicated baselines such as DUSt3R, MONST3R,
and FLARE. These results suggest that our model generalizes well from video
sequences to single-image inputs.

4.3 Camera Pose Estimation

Table 2: Camera Pose Estimation on Sintel and Tum.

Method Optim.
Sintel Tum

ATE ↓ RPEtrans ↓ RPErot ↓ ATE ↓ RPEtrans ↓ RPErot ↓

MonST3R [56] • 0.108 0.042 0.732 0.098 0.019 0.935
DUSt3R [45] 0.417 0.250 5.796 0.140 0.106 3.286
Spann3R [42] 0.329 0.110 4.471 0.056 0.021 0.591
CUT3R [44] 0.213 0.066 0.621 0.046 0.015 0.473
VGGT [43] 0.214 0.079 0.643 0.028 0.014 0.371
PAGE-4D(Ours) 0.178 0.069 0.547 0.016 0.011 0.323

We evaluate camera
pose estimation on
the dynamic-scene
Sintel [4] and Tum [36]
benchmarks. Follow-
ing the protocol in [56],
we report Absolute
Trajectory Error (ATE),
Relative Pose Error in translation (RPEtrans), and rotation (RPErot). For a fair
comparison, predicted trajectories are aligned to the ground truth via Sim(3)
Umeyama alignment, and we uniformly sample 10 frames per sequence for eval-
uation. As shown in Tab. 2, our method delivers substantial improvements on
Tum, reducing RPEtrans by 21% and RPErot by 13% compared to prior feed-
forward approaches, while maintaining competitive ATE. On Sintel, our ap-
proach also reduces RPErot by 17%, highlighting its robustness across both syn-
thetic and real-world dynamic scenes.

4.4 Point Map Estimation

Table 3: Point reconstruction on DyCheck.
DyCheck

Method Optim.
Acc ↓ Comp ↓ Overall ↓

Mean Median Mean Median Mean Median

MONST3R [56] • 0.851 0.689 1.734 0.958 1.292 0.823
DUSt3R [45] 0.802 0.595 1.950 0.815 1.376 0.705
CUT3R [44] 0.458 0.342 1.633 0.792 1.042 0.567
DAS3R [48] 1.772 1.438 2.503 1.548 0.475 0.352
VGGT [43] 1.051 1.016 1.594 1.393 1.322 1.204
PAGE-4D(Ours) 0.403 0.284 1.222 0.728 1.115 0.559

We further evalu-
ate our method on
the DyCheck [12]
benchmark for dynamic-
scene point map re-
construction. Follow-
ing the protocol of [45,
56], we report Ac-
curacy (Acc.), Com-
pletion (Comp.), and
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Fig. 5: Qualitative Results of Point Cloud Estimation. PAGE-4D can estimate
camera poses and depth maps from RGB inputs, even in the presence of dynamic
objects. (Best viewed in PDF.)

Overall error, where lower values indicate better reconstruction quality. As sum-
marized in Tab. 3, our method achieves substantial improvements over prior
feed-forward approaches. In particular, compared to the outputs produced by
the point head of VGGT [43], our approach reduces the mean Accuracy error
by more than 60% (1.051 → 0.403) and the median error by over 70% (1.016
→ 0.284). Similarly, our method yields consistent gains on Completion, with
both mean and median errors reduced by over 20%. These results highlight the
effectiveness of our dynamic-aware modeling: while existing methods either fail
to accurately reconstruct moving regions (e.g., Easi3R [9]) or show degraded
completion under dynamic motion (e.g., MonST3R [56]), our method balances
accuracy and completeness, producing robust reconstructions in challenging dy-
namic scenarios.

4.5 Dynamic Scenes Rendering

Rendering dynamic scenes has become a key focus in the computer vision com-
munity [22, 33, 46, 62, 63]. However, most existing approaches rely heavily on
accurate camera poses and high-quality initial point clouds—quantities that
are often time-consuming to obtain and particularly challenging to estimate in
the presence of complex object motion. PAGE-4D addresses this limitation by
jointly predicting temporally consistent camera poses and dense 3D point clouds
directly from RGB sequences containing dynamic content. To evaluate the util-
ity of PAGE-4D for dynamic scene rendering, we use its reconstructed point
clouds as initialization for the recent 4D-Gaussian splatting framework [46] and
assess the resulting novel view synthesis quality on the Nerfie benchmark [11].
As shown in Tab. 4, our method consistently achieves superior rendering perfor-
mance across scenes compared to prior feed-forward 3D reconstruction models.
Notably, PAGE-4D provides a more robust geometric initialization which leads
to improvements over both static-scene baselines (e.g., DUSt3R, VGGT) and
recent dynamic-aware methods (e.g., MonST3R, CUT3R), demonstrating its ef-
fectiveness as a geometry prior for high-fidelity 4D rendering.
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Table 4: Novel View Synthesis on Nerfie [11]. We report PSNR ↑, SSIM ↑, and
LPIPS ↓ for each scene and the average.

Method
chess4 dvd hand8 laptop8 tomato-mark8 Avg

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

dust3r 11.572 0.263 0.633 12.363 0.494 0.546 12.445 0.269 0.639 11.818 0.185 0.622 14.961 0.361 0.564 12.632 0.314 0.601
monst3r 12.210 0.276 0.618 13.495 0.542 0.532 12.248 0.281 0.645 12.900 0.217 0.616 14.060 0.333 0.562 12.982 0.325 0.595
cut3r 17.480 0.448 0.525 14.856 0.528 0.465 14.466 0.365 0.559 16.505 0.437 0.365 17.289 0.461 0.447 16.319 0.448 0.472
vggt 16.807 0.390 0.497 18.288 0.676 0.379 15.633 0.510 0.489 15.954 0.353 0.475 17.624 0.488 0.428 16.861 0.483 0.454
PAGE-4D(Ours) 17.338 0.393 0.491 18.355 0.671 0.382 18.047 0.536 0.479 15.718 0.318 0.502 18.511 0.504 0.393 17.593 0.485 0.449

Table 5: Video Depth Estimation on Sintel [4], Bonn [31] and DyCheck [50].

Method Align Sintel Bonn DyCheck

Abs Rel ↓ δ < 1.25 ↑ Abs Rel ↓ δ < 1.25 ↑ Abs Rel ↓ δ < 1.25 ↑

VGGT* (Whole Model) scale
(Video-Depth)

0.405 0.593 0.101 0.891 0.175 0.775
VGGT* (Middle Layers) 0.409 0.590 0.099 0.879 0.177 0.766
Ours - VGGT* (Middle Layers + Mask Attention) 0.357 0.699 0.092 0.904 0.170 0.785

4.6 Ablation Studies

To evaluate the effectiveness of the proposed technique, we perform two ablation
studies. First, we examine the fine-tuning strategy by comparing our approach—
where only the middle N2 attention layers are updated—with a baseline that
fine-tunes all layers of the network (VGGT* (Whole Model)). Second, we study
the role of the dynamic-aware aggregator by comparing our full model with a
variant that simply fine-tunes the middle N2 layers of VGGT without disen-
tangling dynamics (VGGT* (Middle Layers)). From the comparison between
VGGT* (Whole Model) and VGGT* (Middle Layers) as shown in Tab. 5, we
observe that restricting fine-tuning to the middle layers yields performance com-
parable to full fine-tuning, confirming that these layers capture the most critical
information. More importantly, by comparing Ours - VGGT* (Middle Layers +
Mask Attention) with VGGT* (Middle Layers), we demonstrate that explicitly
disentangling pose and geometry estimation through the dynamic-aware aggre-
gator unlocks the potential of the backbone, leading to substantial performance
gains.

5 Conclusion

Understanding dynamic scenes remains a central challenge in 4D computer vi-
sion, where object motion simultaneously provides valuable geometric cues and
disrupts static-scene assumptions critical for camera pose estimation. In this
work, we introduce PAGE-4D, a feedforward framework that adapts a pre-
trained 3D foundation model to dynamic environments through a disentangle-
ment strategy. Our analysis shows that while VGGT excels in static scenarios,
its unified treatment of motion leads to conflicts across tasks. To address this,
we propose a dynamics-aware aggregator that disentangles static and dynamic
content—suppressing dynamics for pose estimation while leveraging them for
geometry and tracking. Combined with a targeted fine-tuning strategy on the
most dynamic-sensitive layers, this design unlocks the backbone’s latent capac-
ity for handling motion. Extensive experiments demonstrate that PAGE-4D
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achieves state-of-the-art results across depth, pose, and point cloud reconstruc-
tion benchmarks. Importantly, we show that effective disentanglement enables
strong generalization even with limited dynamic data, paving the way for scal-
able and efficient 4D scene understanding.
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Appendix

6 Qualitative Results

To further assess the generalization ability of PAGE-4D, we apply it to a diverse
set of in-the-wild video sequences, as illustrated in Fig. 7. These examples span a
wide range of dynamic scenarios, including human activities, object interactions,
and complex background motions. We observe that PAGE-4D consistently pro-
duces stable and accurate predictions across all cases, effectively handling both
static and highly dynamic regions. Notably, the method demonstrates strong ro-
bustness even under challenging conditions such as occlusions, fast motion, and
varying illumination, highlighting its applicability beyond controlled benchmarks
and into real-world video data.
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8 Architecture Design

8.1 Choice of Middle-Layer Fine-Tuning Strategy

To better understand the computational characteristics of our baseline, we an-
alyze the parameter distribution of VGGT [43], as summarized in Tab. 6. The
majority of parameters are concentrated in the global attention blocks, which
dominate both representational capacity and memory footprint. In contrast, the
camera, depth, and point heads account for only a small fraction of the pa-
rameters, suggesting that most of the network capacity is devoted to learn-
ing general-purpose spatiotemporal features rather than task-specific decoding.

Table 6: Parameter distribution across mod-
ules. "M" denotes millions of parameters.

Module Depth Point Track Camera Aggregator

Parameters 32.7M 32.7M 65.9M 216.2M 909.1M

This observation leads to
two key insights. First, fine-
tuning the entire VGGT
backbone is computation-
ally inefficient: updating all
attention layers substan-
tially increases runtime and storage costs without yielding proportional gains.
Second, since most parameters reside in global attention, selectively adapting
the layers most sensitive to dynamic content is a more effective way to exploit
the backbone’s capacity.
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Table 7: Study of Different Masking Strategies
Applied to VGGT. This experiment is conducted
on the Odyssey dataset. We evaluate unscaled pose
estimation using Relative Translation Error (RPE
trans) and Relative Rotation Error (RPE rot). For
static regions, Static-D denotes the Absolute Depth
Error, and Static-T represents the Average Endpoint
Error (EPE) for 2D point tracking.
Method RPE trans ↓ RPE rot ↓ Static-D ↓ Static-T ↓
Normal 0.244 0.942 0.085 17.071
Input-MSK 0.246 1.006 0.099 17.866
DD-MSK 0.243 0.869 0.566 24.797
w/o 4th - - 0.114 18.821
w/o 11th - - 0.095 18.403
w/o 17th - - 1.663 39.841
w/o 23rd - - 0.103 17.645

To probe VGGT’s han-
dling of dynamic regions,
we examine the role of at-
tention maps within the
global attention blocks—
specifically at layers 4, 11,
17, and 23—which also pro-
vide inputs to the geometry
decoder. To assess their con-
tribution, we sequentially
replace each layer’s output
with random noise and re-
port the results in Tab. 7.
Since only the last layer is
fed into the camera head,
randomizing other layers does not affect camera estimation performance; there-
fore, we omit camera estimation results here. The results show that the 17th layer
exerts the strongest influence on geometry quality, underscoring the non-uniform
importance of layers. Motivated by these findings, we propose a targeted fine-
tuning strategy: adapting only the middle 10 attention layers, which are most
responsive to dynamic content. This achieves performance comparable to or bet-
ter than full fine-tuning, while substantially reducing computational overhead.

During training, we observe that keeping the dynamic mask throughout
the entire optimization process, or applying the mask only in the first stage
and removing it in the second stage, yields similar performance. Notably, both
strategies consistently outperform the baseline model trained with the original
backbone without masking. Therefore, in our implementation, we provide both
variants.

8.2 Design of Pose–Geometry Disentanglement

Figure 2(b) shows that dynamic objects consistently receive lower attention
weights, indicating the model learns to suppress them rather than incorporate
their motion. We therefore test baseline strategies inspired by prior work on
motion-aware modeling [9]:

– Input-MSK (Input masking): Mask out dynamic regions at the image input
level.

– DD-MSK (Dynamic–Dynamic masking): Suppress attention among dynamic
tokens themselves.

Specifically, the DD-MSK strategy aims to mitigate the instability caused by
excessive interactions within dynamic regions. Let MDynamic ∈ RB×(S·P )×C de-
note the dynamic feature mask, where all patch tokens corresponding to dynamic
regions are preserved. The DD-MSK is then constructed as:

MDD-MSK = MDynamic · M⊤
Dynamic, (7)
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Fig. 6: Visualization of learned masks. Our dynamic mask prediction module
effectively captures dynamic content in the scene without explicit supervision. (Best
viewed in PDF.)

which blocks self-attention among dynamic patches while still allowing them to
attend to static ones. In practice, this prevents dynamic regions from reinforcing
noisy patterns, leading to more stable pose estimation and geometry reconstruc-
tion.

As shown in Table 7, DD-MSK improves pose estimation by isolating reli-
able motion cues, but simultaneously degrades geometry estimation, which re-
quires integrating both static and dynamic motion signals. This observation
aligns with our architectural design: dynamic information should be disentan-
gled across tasks rather than globally suppressed.
Summary. Our structural and empirical analysis supports two conclusions: 1.
Middle attention layers are more influential. Perturbation analysis high-
lights the dominance of deeper global attention layers, particularly the 17th,
motivating fine-tuning only the middle 10 layers. 2. Rigid masking is sub-
optimal. Suppressing dynamic patches improves pose estimation but harms
geometry reconstruction, confirming the need for task-specific disentanglement.

9 Training Details

We train our model on a diverse mixture of dynamic and static datasets, includ-
ing Odyssey, DynamicReplica, Kubric-MV, Spring, CO3D, Waymo, Sintel and
our internal dataset, with a total of approximately 2.39M sampled sequences as
in Tab. 8. To balance domain diversity, we assign per-dataset sampling multi-
pliers and cap the number of training batches per epoch. Images are resized to
518 × 518 with patch size 14. We adopt AdamW with an initial learning rate
of 1 × 10−5, weight decay 0.01, and gradient clipping of 1.0. Mixed precision
(bfloat16) training is used to improve efficiency. Following our middle-layer fine-
tuning strategy, we freeze the shallow and final blocks of VGGT while updating
only the middle 10 global attention layers, which we identify as most sensitive
to dynamic content. The multitask loss combines camera, depth, and point su-
pervision with weights of 5.0, 1.0, and 1.0, respectively.

10 Architecture Analysis

To further evaluate the effectiveness of our dynamic mask prediction module,
we visualize the predicted masks on sequences from the Odyssey dataset. As
shown in Fig. 6, the learned masks successfully highlight moving objects such
as people and vehicles, while leaving static backgrounds largely unmarked. Im-
portantly, this separation emerges without any explicit supervision, indicating
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that the model is able to infer dynamic regions purely from motion cues and
spatiotemporal inconsistencies. This validates our design choice: the dynamic
mask prediction module provides a reliable mechanism to disentangle dynamic
and static content, thereby improving the robustness of pose estimation and
geometry reconstruction in challenging dynamic scenes.

Table 8: Datasets used in the fine-tuning pro-
cess. Dynamic indicates whether the dataset con-
tains dynamic objects. Frames and Scenes denote
the number of image frames and unique object-centric
scenes. Ratio is the scene-level sampling multiplier
used to balance datasets during training.
Dataset Dynamic Realistic Frames Scenes Ratio

CO3D [35] × ✓ 1.5M 19K 20%
PointOdyssey [60] ✓ × 6K 131 10%
Kubric-MV [13] ✓ × 70K 3K 10%
DynamicReplica [17] ✓ × 145K 484 20%
Spring [27] ✓ × 200K 37 10%
Waymo [37] ✓ ✓ 230K 1.1K 10%
Ours ✓ ✓ 480K 2K 20%
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Fig. 7: PAGE-4D takes a sequence of RGB images depicting a dynamic scene as
input and simultaneously predicts the corresponding camera parameters and 3D ge-
ometry information—all within a fraction of a second. (Best viewed in PDF.)
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