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Abstract. In this paper, we address the challenging problem of 4D re-
construction from sparse-view videos. This setup usually relies on monoc-
ular depth estimation to provide priors for the reconstruction model. A
key challenge arises from limited cross-view overlap and temporal vari-
ation, making monocular depth predictions inconsistent across views
and time. Existing methods align spatial and temporal dimensions in
separate stages, requiring foreground segmentation masks while failing
to leverage temporal cues for cross-view alignment. Contrary to these
methods, we propose a unified spatial-temporal depth alignment frame-
work that jointly resolves cross-view and cross-time inconsistencies with-
out distinguishing foreground /background. Our method represents depth
maps across views and time as a set of spatio-temporal neural fields.
This representation not only yields fast convergence, but also captures
spatio-temporal correlation among depth maps implicitly, without de-
pendence on external segmentation/tracking models. We also propose a
multi-view depth-order loss while leveraging the classic scale-and-shift-
invariant loss to further improve the final depth quality. The aligned
depths initialize and supervise Gaussian splatting models for 4D recon-
struction. Experiments on Ego-Ex04D and EgoHuman demonstrate that
our improved depth alignment substantially benefits dynamic Gaussian-
splatting-based reconstruction methods for novel-time/view synthesis and
geometry accuracy /consistency.

Keywords: 4D reconstruction - sparse views - multi-view depth align-
ment - Gaussian splatting - dynamic scenes

1 Introduction

Reconstructing dynamic 3D scenes from multi-view videos is of broad interest for
augmented /virtual reality, robotics, and content creation. Dense multi-view cap-
ture systems [7,[18}24,56] employ hundreds of synchronized cameras, achieving
impressive reconstruction quality, but require expensive, lab-confined infrastruc-
ture. This has motivated a strong practical push toward in-the-wild capture with
only a few portable cameras, as exemplified by the Ego-Ex04D dataset [16], which
uses three to four cameras to record diverse human activities. The central tension
is clear: practitioners want the reconstruction quality of dense-camera studios
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Fig. 1: Sparse-view 4D Reconstruction via spatially and temporally aligned
monocular depths. Left: given 4-view video streams with minimal overlap, we lever-
age a unified spatio-temporal depth alignment framework to produce multi-view con-
sistent (top) and temporally coherent (bottom) depth maps. Right: the aligned depth
maps serve as both initialization and supervision for 4D reconstruction, substantially
improving the quality over state-of-the-art methods, achieving reasonable novel view
synthesis even when shifted ~ 45° from the training view.

from the convenience of sparse-camera setups. Crucially, this sparse-view set-
ting differs from typical “sparse-view” benchmarks where a set of forward-facing
cameras shares a large overlap; in our setting, cameras are separated by roughly
90°, providing complete scene coverage but limited cross-view correspondences.
Recent monocular depth and geometry estimators predict
remarkably detailed per-view geometry from single images. These foundation
models provide strong geometric priors for sparse-view reconstruction. However,
monocular depth predictions carry unknown per-view scale/shift and are in-
consistent across both views and time. Naively merging them produces chaotic,
duplicated geometry with unresolvable artifacts. The central challenge is there-
fore alignment: bringing independently predicted monocular depth maps into a
consistent spatio-temporal domain. This is fundamentally harder than the static
case, because genuine scene motion is entangled with depth prediction errors,
making inconsistencies across views and time difficult to disentangle.
MonoFusion [70] addresses sparse-view dynamic reconstruction by carefully
fusing monocular predictions with sparse SfM points [68|, achieving promising
results. However, it handles spatial alignment and temporal alignment as sepa-
rate stages. This separation introduces three drawbacks. First, it uses only back-
ground for spatial alignment; this requires foreground masks to distin-
guish static from dynamic regions, adding a fragile dependency on an external
segmentation model. Second, temporal alignment heavily depends on tracking

models [8}{104[33,/61}[78], which not only result in prolonged preprocessing time
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but also introduce additional error accumulation. Third, the independent stages
fail to leverage temporal cues for improving cross-view alignment and vice versa.
Meanwhile, MAtCha [17] has also demonstrated effective monocular depth map
alignment (which they term as “chart alignment”) for static sparse-view recon-
struction, but does not address temporal variation.

In this work, we propose unified spatio-temporal depth alignment: a single
framework that jointly optimizes monocular depth alignment across all views
and time steps. Our key idea is to represent depth maps across views and time
as a set of spatio-temporal neural fields, where all temporal frames within each
view share the same spatial representation augmented with a temporal encoding
for time-dependent variation. This shared representation provides compactness
and smoothness priors that yield fast convergence, while naturally capturing
spatio-temporal correlation among depth maps without explicit motion model-
ing. Crucially, this formulation treats all regions uniformly: the representation
learns what varies temporally without being told, eliminating the need for fore-
ground segmentation and pixel tracking, as well as making the method more
robust and simpler to deploy. We further propose a multi-view depth-order loss
and leverage the classic scale-and-shift-invariant loss to improve the final depth
quality.

We instantiate 4D reconstruction with our spatio-temporally aligned depths
and demonstrate consistent improvements over different Gaussian splatting vari-
ants. Notably, we demonstrate that, when initialized and supervised properly,
straightforward Gaussian splatting frameworks |23}[71] substantially outperform
existing complex multi-stage processing pipelines [70].

In summary, our contributions are:

— Unified alignment framework. We propose to use spatio-temporal neural
fields for depth alignment, jointly optimizing monocular depth alignment
across all views and time steps in a single model, replacing the separate
spatial and temporal alignment stages of prior work.

— Minimal external dependencies. Our method handles static and dy-
namic regions uniformly without distinguishing foreground and background,
while capturing motion implicitly without relying on external tracking mod-
els. These are natural consequences of the unified formulation rather than
adding architectural complexity.

— Empirical validation. The aligned depths serve as initialization and su-
pervision for 4D Gaussian splatting, providing consistent improvement for
the novel-view /time synthesis (PSNR, +4 ~ 6dB) and geometric quality (ab-
solute relative error —14% ~ 40%) on Ego-Exo04D and EgoHuman.

Code is available at |https://yongzhelyu.github.io/UniFusion/.

2 Related Work

Monocular depth estimation: Monocular depth estimation has advanced
rapidly, progressing from early CNN-based approaches [13] to modern founda-
tion models with strong zero-shot generalization. MiDaS [54] and Omnidata [12]
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established the paradigm of training on diverse, large-scale datasets—the former
by mixing existing depth datasets for zero-shot cross-dataset transfer, the latter
by generating consistent annotations from 3D scans at scale. Subsequent dis-
criminative methods further improved accuracy: ZoeDepth |3| bridges relative
and metric depth through a two-stage architecture, and Metric3D v2 |21] incor-
porates camera intrinsics to resolve metric ambiguity. In parallel, diffusion-based
approaches such as Marigold [27] fine-tune latent diffusion models on synthetic
depth data, achieving strong generalization without real-world depth labels. The
Depth Anything series |74L|75] scales monocular depth training, first through
large-scale self-training on unlabeled images, then by distilling a synthetic-data
teacher via pseudo-labeled real images. MoGe [66] takes a complementary ap-
proach, predicting affine-invariant 3D point maps rather than depth to eliminate
focal-distance ambiguity, with its successor |67] further recovering metric scale
depth. Despite these progresses, a fundamental limitation persists: each image is
processed independently, yielding per-view predictions with unknown scale and
shift. While video depth methods such as DepthCrafter [22] and Geo4D |[25] re-
purpose video diffusion models for temporally consistent depth sequences, they
do not address multi-view geometric consistency. Aligning these independently
predicted depths across views and over time remains the central challenge that
motivates our work.

Multi-view geometry and depth alignment: Classical structure from mo-
tion (SfM) [20L|47,/49], exemplified by COLMAP [57], produces sparse but glob-
ally consistent 3D reconstructions. Recent learning-based methods relax these
requirements: DUSt3R [68] and MASt3R [36] predict dense pointmaps from
image pairs without explicit camera calibration, VGGT [64] predicts cameras,
point maps, and depth from unposed images in a single forward pass. Although
these methods produce multi-view consistent point maps, the point maps are
still relatively coarse and lack fine details, compared to dedicated monocular
depth prediction models. MAtCha [17] introduces chart alignment—fitting per-
view neural deformation fields to jointly align monocular depths |[74] and point
maps |36] toward multi-view consistency, achieving high-quality static geometry
from sparse views. However, it does not address dynamic reconstruction. No ex-
isting method jointly aligns monocular depths across both views and time; we
extend chart alignment to the spatio-temporal domain to fill this gap.

Dynamic scene reconstruction: Neural radiance fields [46] enabled photo-
realistic novel-view synthesis, and subsequent extensions model dynamic scenes
through learned deformation fields or direct temporal conditioning [1L[241[31L37,
52}60}/62,/63]. D-NeRF [53], Nerfies [50], and HyperNeRF [51] pioneered this di-
rection but typically require dense multi-view input or moving cameras and are
slow to train. Efficient spatio-temporal representations such as HexPlane [4], K-
Planes [14], and Tensor4D [58| factorize 4D volumes into planar or voxel compo-
nents for fast training, while ResFields |44] adds temporal conditioning through
weight residuals. The advent of 3D Gaussian splatting [28] has brought real-time
rendering to dynamic scenes. Deformation-based methods [2,/194[261/30.,34}/39/41]
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421/591165}72,/77179] employ explicit motion models to adjust Gaussian parameters
over time, while 4D-primitive approaches [11/15}|35}38,/43.|69,/71.|73L/76] instead
directly model dynamics with temporally extended Gaussian primitives. Sparse-
view dynamic reconstruction remains severely under-explored: SplatFields [45]
addresses sparse-view synthesis but focuses on foreground objects without back-
ground modeling. MonoFusion [70] achieves full dynamic scene reconstruction by
fusing monocular estimates, but relies on separate spatial and temporal align-
ment stages with additional foundational model dependencies [33}/48|55] aside
from monocular depth and SfM points. We demonstrate that unified spatio-
temporal depth alignment, combined with a straightforward deformable Gaus-
sian splatting pipeline, outperforms more complex multi-stage approaches, un-
derscoring that effectively leveraging depth priors matters more than architec-
tural complexity.

3 Method

Given N synchronized cameras with either known or estimated [36}/64l 68| in-
trinsics and extrinsics observing a dynamic scene over T  time steps, our goal is
to reconstruct the 4D scene for novel-view/time synthesis.

Specifically, we leverage a unified spatio-temporal depth alignment framework
to provide strong geometric initialization and supervision for 4D reconstruction.
It jointly corrects all monocular depth maps across views and time through
a neural-field-based deformation model (Sec. , optimized with multi-view
geometric losses (Sec. [3.2)). The aligned depths then initialize and supervise sub-
sequent Gaussian splatting reconstruction approaches (Sec. . An overview is
shown in Fig. [2|

3.1 Spatio-Temporal Depth Alignment

Our key idea is to represent all depth maps across views and time as a set of
spatio-temporal neural fields. Within these fields, all temporal frames of a given
view share the same spatial representation, while frame-specific variation is cap-
tured by temporal conditioning in the network weights. This formulation allows
joint optimization across space and time without separating static and dynamic
regions, and hence without requiring segmentation masks or point trajectories.

We build on the per-view depth parameterization of MAtCha [17], which was
designed for static multi-view alignment, and extend it to the spatio-temporal
setting through residual temporal conditioning.

Time-independent Encoding. For each view k at time ¢, we first fit an affine trans-
formation to coarsely align the monocular depth obtained from Depth Anything
V2 [75] to sparse SfM points from MASt3R [36] via weighted least squares, then
backproject the aligned depth D to 3D:

YO (u) = o, + Di(u) - i (w), (1)
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Fig. 2: Overview of our method. Given monocular depths (estimated from RGB
images) and sparse SfM points from sparse synchronized cameras (left), we align them
jointly across views and time via per-view spatio-temporal neural fields (Stage 1).
Each view maintains spatial and depth encodings shared across time, while a per-view
deformation MLP predicts depth offsets along ray directions. Temporal variation is
captured through low-rank residual weight conditioning (inset): each layer’s weights
decompose into a shared base plus a compact residual parameterized by per-frame
temporal coefficients. The aligned depths initialize and supervise 4D Gaussian splatting
for novel-view/time synthesis (Stage 2).

where u € [0, 1]? are normalized pixel coordinates. o) and ri(u) are the camera
center and ray directions at the kth view, respectively. Following MAtCha ,
for each view k we maintain two learnable encodings shared across all T' time
steps: a spatial encoding By € R™*"»Xd a sparse 2D feature grids interpo-
lated bilinearly as Eg(u); and a depth encoding zy, a 1D grid along the depth
axis queried by quantile-normalized depth zx (D} (u)). The two are combined by
addition to form the time-independent encoding:

fi.(u) = Ex(u) + 24 (Dj (w)). (2)

Deformation MLP The combined encoding Eq. is fed to per-view deforma-
tion networks {fp, }2_, to predict refined/aligned depth maps of a static scene.
With a slight abuse of notations, we temporarily remove the ¢t superscript for
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Eq. (2). The deformation network fg, : RY — R takes the input encoding fy,(u)
and predicts a scalar deformation Ag(u) along the ray direction. Concretely,
each deformation network consists of three fully-connected hidden layers with
64-dimensional features and ReLU activations. Layer [ of view k’s network com-
putes:

h{) = ReLUW b~ 4+ b("), (3)

where W) € RE. suXEy are learnable weights and h” = f,(u). Each defor-
mation MLP is essentially a neural field that takes an input encoding derived
from 2.5D query coordinates and predicts depth offsets Ag(u). Note that at this
point, the MLP does not take temporal conditioning as inputs, which we will
describe next.

Temporal conditioning via residual weights. To capture temporal vari-
ation while sharing spatial representations across time, we replace the static
weights W,(Cl) in each hidden layer of the deformation MLP with time-dependent
versions via per-timestep weight residuals [44]. This essentially extends the spa-
tial neural field to a spatio-temporal neural field, enabling joint alignment of
depth maps across views and time simultaneously. The smoothness bias of neu-
ral fields also significantly reduces the temporal jittering of aligned depth maps.

Specifically, the weight matrix of the hidden layer [ at view k& decomposes

O]

into a base Wkl shared across all frames plus a time-dependent residual:

(1 l L
wp =wi pswi®, (4)

To keep the parameter count compact, we factor the residual via vector-matrix
(VM) decomposition [6}/44]:

sWi 0 = ()™M, (5)

. W
where c};’(l) € R are per-frame temporal coefficients and Mg) € RIEX(Fow Fin)

is a shared matrix (R=8 in practice), adding only T-R+ R-F,,+F}, parameters per
layer. Eq. can then be extended to handle temporal conditioning by simply
querying the weight matrix with ¢:

hp® = ReLUW, @ ni(Y 1 b)), (6)
The final aligned depth is as follows:
vh(u) = 9 (W) + A () - re(w). (7)

This design is what enables unified spatio-temporal alignment. For static re-
gions, the temporal residuals are free to vanish (FW?~0), producing consistent
outputs across frames automatically. For dynamic regions, the residuals activate
to produce frame-specific adjustments. Crucially, the network learns this distinc-
tion without being told—mno foreground/background segmentation is needed. It
also learns motion implicitly. This stands in contrast to prior work [70]| that
requires explicit masks to extract static regions for alignment, and needs point
tracking to initialize dynamic regions.
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3.2 Optimization Objectives

All views and time steps are optimized jointly. We first describe our proposed
multi-view depth-order loss and the scale-and-shift-invariant loss, then summa-
rize the alignment losses inherited from MAtCha [17].

Multi-view depth-order loss. When multiple views observe the same scene at
a given time step, their depth maps must be mutually consistent: a 3D point
visible in one view, when reprojected into another, should not lie in front of that
view’s recorded surface. We enforce this geometric constraint with a cross-view
depth-order loss. For each view pair (k,j) at the same time step, we unproject
view k’s deformed depth v} to 3D and reproject it into view j. Let zjj(u)
denote the reprojected depth in view j, and czj (u’) the depth read from view
j’s depth map at the corresponding pixel u’ = m;(IT, *(u)). The loss penalizes
violations where the reprojected point is closer than the recorded surface:

__ 1 A d;(0) — zj1(w)
Eorder - |N|2 |u| Z Z <07 CZj (u/) ) ’ (8)

(k,j)eEN ueld

where U denotes the set of all pixels, ' denotes the set of all view pairs. This
loss provides a purely geometric, multi-view consistency signal that requires no
monocular depth prior and no explicit cross-view correspondences—the depth
maps themselves supply the supervisory signal through reprojection.

Scale-and-shift-invariant loss. To provide a complementary dense metric signal,
we employ a scale-and-shift-invariant (SSI) loss [54]. Each depth map is nor-
malized by subtracting its median and dividing by its mean absolute deviation:

~ d —median(d)

d= TMAD@) MAD(d) = mean(|d — median(d)|), 9)
and the loss is the L1 distance between normalized maps:
['ssi = Hdpred - dref||1~ (10)

While the depth-order loss enforces multi-view geometric consistency, the SSI
loss captures per-view shape similarity after factoring out scale and shift, pro-
viding complementary supervision.

Alignment losses. We adopt three losses from MAtCha [17] for aligning the
deformed depths to sparse observations and preserving monocular geometry.
(i) An SfM fitting loss Lgy aligns the deformed depths to sparse 3D points from
MASt3R [36}68|, using learnable per-pixel confidence to downweight noisy cor-
respondences. (i) Structure preservation losses Lgyuet penalize changes in sur-
face normals (cosine distance) and depth gradients (L1) between the initial and
deformed depth maps, ensuring that global alignment corrections do not de-
stroy fine-grained monocular geometry. (iii) A cross-view matching loss Lmateh
projects deformed 3D points into other views and minimizes reprojection error
for multi-view consistency.
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Regularization and total loss. We regularize the spatial encoding magnitudes
(L2) and depth encoding smoothness (total variation). The total objective is:

L= Lﬁt + Asﬁstruct + Amﬁmatch + )\o‘corder + )\ssiﬁssi + £rega (11)

where Ag, Am, Ao, and Ags; are scalar weights.

3.3 4D Gaussian Splatting Reconstruction

We reconstruct 4D scenes using Gaussian splatting initialized from the aligned
depth maps. As shown in Sec. [l our spatio-temporally aligned depth maps
consistently improve the quality of a variety of baselines |70}/71].

During training of Gaussian splatting, we follow depth supervision schedules
that come with the method [70] if it provides one. For the method |71] that
do not come with a depth supervision schedule, we follow that of [17] unless
specified otherwise. Please find details of each Gaussian splatting approach used
in the Supp. Mat.

4 Experiments

We evaluate our approach in this section. Sec. describes the experimental
setup; Sec. [1.2] compares against state-of-the-art methods; and Sec. [£-3] ablates
our design choices.

4.1 Experimental Setup

Datasets. We evaluate on two real-world, in-the-wild datasets. Ego-Exo04D [16]
provides in-the-wild sparse-view captures of diverse human activities. Following
MonoFusion [70], we use the ExoRecon subset: six scenarios (dance, sports, bike
repair, cooking, music, healthcare), each with 300 frames from four exocentric
cameras separated by ~90°. Since most of these sequences contain only 4 cam-
eras, we use every 3rd frame for training and every other two frames for val-
idation. EgoHuman [29| captures multi-human activities with egocentric and
exocentric views. We chose the legoassemble and fencing sequences to conduct
our experiments. These two sequences contain 8 and 20 cameras, respectively,
which are ideal setups for testing the model’s in-the-wild novel-view synthesis
capability. We select four exocentric cameras also with ~90° separation and use
300 frames per sequence, while using cameras in between the training cameras
for evaluation. We use ground-truth camera poses for both datasets.

Metrics. We report PSNR (1), SSIM (1), and LPIPS ({) to measure photometric
quality of rendered images. For Ego-Exo4D, we report both full-image metrics
and dynamic-region metrics, following MonoFusion’s evaluation protocol [70]; we
additionally report Absolute Relative Error (AbsRel, |) for depth quality. For
EgoHuman, we evaluate novel view synthesis on held-out cameras. We also report
direct evaluation metrics on depth alignment quality (reprojection consistency,
flow-warped depth error, depth-order violation rate) in the Supp. Mat.
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Fig.3: Qualitative analysis of held-out frames of training view on
EgoExo04D. Our aligned depth enhances the geometry quality of both MonoFusion
and deformable 2DGS, removing ghosting artifacts that are clearly visible in the held-
out frames (top two rows), while substantially improving the overall depth quality of
deformable 2DGS(bottom two rows).

Baselines. We compare against methods reported in MonoFusion [70], copying
their published numbers where available (marked with t): SOM, Dynamic 3D
Gaussians (Dyn3D-GS) , MV-SOM, MV-SOM-SD , and MonoFusion .
We note that MonoFusion’s official code does not contain any evaluation script
to reproduce their reported metrics. Some evaluation details, especially on the
dynamic regions, are only vaguely described in their paper. We thus re-implement
the evaluation script and re-evaluate MonoFusion (no { superscript), which may
cause differences in certain metrics compared to those reported in the original
MonoFusion paper. We discuss details in the Supp. Mat.

To demonstrate the effectiveness of our proposed depth alignment, we apply
the aligned depth to both MonoFusion and a simple deformable 2DGS baseline.

4.2 Comparisons with State-of-the-Art

Table [1| presents quantitative results on Ego-Exo4D for both full-image and
dynamic-region metrics. Our method consistently improves different Gaussian
splatting backends. Notably, our depth alignment substantially improves the ge-
ometry quality (AbsRel —14% for MonoFusion, —40% for deformable 2DGS).
We also note that Def-2DGS + Ours achieves the best overall performance, sig-
nificantly outperforming the state-of-the-art method (PSNR +4.25dB, AbsRel
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Table 1: Quantitative comparison on Ego-Exo04D. Baseline results (marked 1) are
copied from MonoFusion [70]. “X + Ours” denotes backend X initialized and supervised
with our aligned depths.

Full image Dynamic region

Method PSNR 1 SSIM 1 LPIPS | AbsRel J|PSNR 1 SSIM 1 LPIPS |
somf 14.73  0.535  0.482 0.843 15.63  0.559  0.450
Dyn3D-GS' 24.28 0.692 0.539 0.612 24.61 0.673 0.384
MV-SOM-DS' 28.37 0.906 0.079 0.398 28.23 0.931 0.063
MV-SOM' 26.91 0.890 0.138 0.474 27.31 0919 0.078
MonoFusion' 30.43 0.927  0.061 0.290 29.71 0947  0.017
MonoFusion 30.41 0.944 0.079 0.277 29.48 0.958  0.040
MonoFusion + Ours| 31.63 0.955 0.064 0.238 30.44 0972 0.032

(+1.22) (+.011) (-.015) (-.039) (+.96) (+.014) (-.008)
Def-3DGS 34.15  0.952  0.062 0.330 3724 0982 0.028
Def-2DGS 34.15 0.964 0.058 0.376 38.64 0.984 0.026
Def-2DGS + Ours | 34.66 0.963 0.049 0.222 | 38.70 0.984 0.025

(+.51) (-.001) (-.009) (-.154) (+.06) (-.001)

—0.055). The relatively smaller rendering gain over Def-2DGS is mainly because
Ego-Ex04D evaluates held-out frames from training cameras, where Def-2DGS
can saturate photometric metrics by overfitting on training views. Neverthe-
less, the large AbsRel reduction shows that our alignment still substantially
improves geometry, and the stronger gains under held-out-camera evaluation on
the EgoHuman dataset (shown later in this section) further confirm its benefit
for challenging novel-view settings.

Figures and [ shows
qualitative comparisons. Our
method renders sharper de-
tails and more geometrically Table 2: Quantitative comparison on EgoHu-
coherent results, especially in man. We evaluate novel view synthesis on two se-
quences from the EgoHuman dataset, substantially

dynamic regions where Mono- ! )
outperforming all baselines.

Fusion’s separate alignment

stages produce temporal ar- Method ‘PSNR 1 SSIM 1 LPIPS |
tifacts. On the other hand

> SOM 13.97 0.652 0.645
deformable 2DGS can overfit MV-SOM 13.36 0.588  0.564
to training views quite well, g1 ipie1ds 1774 0.675 0.571
but do not produce reason- MonoFusion 14.15 0.436  0.628

able depth/geometry due to

MonoFusion + Ours| 20.41 0.612 0.492
the lack of proper depth su- Hotusion o

(+6.26) (+.176) (-.136)

pervision. This is evidenced in  DefoD@AS 1888 0.657 0.431
novel view rendering, where Def2DGS + Ours | 22.76 0.856 0.277
severe artifacts manifest. In (+3.88)  (+.199) (-.154)

comparison, with our depth
initialization and supervision,
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Cooking Bike

Fig. 4: Qualitative analysis of novel view synthesis on EgoExo04D. We show
extreme novel view synthesis results (~ 45° from training view), further confirming
that our aligned depth consistently benefits the baseline models.

we achieve reasonable results
on extreme novel views (30° ~ 45°).

The novel view synthesis is further demonstrated quantitatively on the Ego-
Humans dataset Table 2] where significant improvements of novel view synthesis
are achieved over both MonoFusion (+6.26dB) and deformable 2DGS (+3.88dB).
Qualitative comparisons are shown in Figure [5]

4.3 Ablation Studies

Table [3] progressively ablates our design choices on Ego-Exo04D across different
backends.

(a) Per-frame alignment applies MAtCha’s depth/chart alignment indepen-
dently per frame, providing cross-view consistency without temporal modeling.

(b) Time embedding ablates a naive, temporal-embedding-conditioned MLP ex-
tension to (a). This naive implementation results in severe quality degradation.

(¢) Temporal residual weights incorporates our proposed residual temporal weight
( Sec. [3.1). This gives the single largest improvement. We also note that the
chart/depth alignment step of MAtCha over 100 training frames from 4 views
takes about half a day, due to the time-consuming per-frame optimization. In
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Fig. 5: Qualitative Results on the EgoHumans dataset. On the more challenging
EgoHumans dataset, our aligned depth helps MonoFusion to recover from catastrophic
failure, while significantly improving the novel view rendering quality of deformable
2DGS.

contrast, our spatial-temporal alignment takes only one hour to align the same
amount of data, while also achieving improved quality.

(d) Depth order loss adds Lorder (Eq. ), which regularizes relative depth
orderings and yields further improvement.

(e) Scale-and-shift invariant loss completes the model with L (Eq. (10))), bring-
ing additional gains.

The trends are consistent for both MonoFusion and deformable 2DGS, con-
firming that our design choices are complementary to the downstream 4D recon-
struction method. Additional ablations, including those on 1) the EgoHuman
dataset, 2) residual rank and depth order penalty designs, and 3) different cam-
era baselines (wider/narrower), can be found in the Supp. Mat.

5 Conclusion

We presented UniFusion, a unified spatio-temporal depth alignment framework
for sparse-view 4D reconstruction. By representing per-view depth corrections
as spatio-temporal neural fields with temporal residual weight conditioning, our
method jointly resolves cross-view and cross-time depth inconsistencies in a sin-
gle optimization, eliminating the need for separate alignment stages, foreground
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Table 3: Progressive ablation of alignment components on Ego-Exo4D on two
Gaussian splatting backends.

MonoFusion Def-GS
Configuration PSNR 1 SSIM 1 LPIPS ||PSNR 1 SSIM 1 LPIPS |

(a) Per-frame MAtCha| 30.14  0.943 0.070 32.60 0.956 0.071
(b) + time embedding | 28.53  0.935 0.088 32.60 0.947 0.071
(c) + residual weights | 30.90 0.948  0.067 33.61 0.960 0.055

(d) + Lorder 31.52  0.953 0.065 | 33.90 0.961 0.055
(e) + Lesi (full) 31.63  0.955 0.064 | 34.66 0.963  0.049

Monofusion Monofusion+ours

>N

Fig. 6: Limitations. While our improved depth consistently enhanced the geometry
quality of the different baselines, we note that the naive deformable 2DGS can some-
times become the bottleneck and fail to capture the fast/complex motion. In such a
case, MonoFusion, when combined with proper depth initialization/supervision from
our method, can produce more reasonable foreground geometry and rendering.

segmentation masks, or pixel tracking models. The aligned depths serve as both
initialization and supervision for downstream Gaussian splatting reconstruction.
Experiments on Ego-Exo4D and EgoHuman demonstrate that our alignment
consistently improves multiple Gaussian splatting backends, reducing geometric
error (AbsRel) by 14-40% and improving novel-view synthesis by 4-6 dB PSNR,
while being about 10x faster than naive per-frame spatial alignment. These
results highlight that accurately aligned geometric priors are more impactful
than downstream architectural complexity for sparse-view 4D reconstruction.

Limitations. Our framework relies on monocular depth foundation models and
sparse SfM points for initialization; reconstruction quality is therefore bounded
by the accuracy of these priors. We also note that the basic deformable 2DGS can
fail due to fast and complex motion; in such a case, point tracking information
could still help (Figure@. Promising future directions include further accelerat-
ing the alignment process for scalable 4D reconstruction, as well as integrating
our alignment module with feed-forward multi-view foundational methods for
real-time applications.
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