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Abstract. We introduce 4DGS360, a di!usion-free framework for 360→

dynamic object reconstruction from casual monocular video. Existing
methods often fail to reconstruct consistent 360→ geometry, as their heavy
reliance on 2D-native priors causes initial points to overfit to visible sur-
face in each training view. 4DGS360 addresses this challenge through an
advanced 3D-native initialization that mitigates the geometric ambigu-
ity of occluded regions. Our proposed 3D tracker, AnchorTAP3D, pro-
duces reinforced 3D point trajectories by leveraging confident 2D track
points as anchors, suppressing drift and providing reliable initialization
that preserves geometry in occluded regions. This initialization, com-
bined with optimization, yields coherent 360→ 4D reconstructions. We
further present iPhone360, a new benchmark where test cameras are
placed up to 135→ apart from training views, enabling 360→ evaluation
that existing datasets cannot provide. Experiments show that 4DGS360
achieves state-of-the-art performance on the iPhone360, iPhone, and
DAVIS datasets, both qualitatively and quantitatively. Project website
at https://jaewon040.github.io/4dgs360/

Keywords: Monocular dynamic novel view synthesis · 360→ 4D recon-
struction · Monocular dynamic scene dataset

1 Introduction

We present 4DGS360, a di!usion-free framework for 360→ dynamic object recon-
struction from casual monocular video. By leveraging 3D-native occlusion-aware
initialization, our method ensures faithful 3D reconstruction even at extreme
novel viewpoints.

Dynamic 3D reconstruction has long been a central area of interest in com-
puter vision. Beyond static 3D Gaussian Splatting [16], 4D (3D + time) re-
construction is increasingly demanded in practical applications such as video
content creation, spatial computing for VR/MR/AR, and 3D holographic me-
dia. In particular, reconstructing from a casual monocular video, a setting that
reflects real-world capture conditions, has garnered significant attention [23,55].

ω Corresponding author.

https://orcid.org/0009-0008-4772-5144
https://orcid.org/0009-0005-0735-2759
https://orcid.org/0009-0009-7458-9579
https://orcid.org/0009-0000-3337-0540
https://orcid.org/0000-0002-1792-0327
https://jaewon040.github.io/4dgs360/


2 J.Jang et al.

HiMoR OursMoSca

V
ie

w
1

V
ie

w
2

Test view

iP
ho

ne
 D

at
as

et

Train camera

t

V
ie

w
1

V
ie

w
2

SoM

Test
view 2 Test

view 1

t

iP
ho

ne
36

0 
D

at
as

et

Train camera

Test 
view 2

Test
view 1

(a) (b)

Fig. 1: Our 4DGS360 model reconstructs 360° dynamic object geometry from a monoc-
ular video and produces higher-fidelity renderings than prior methods under both or-
dinary and extreme novel-view conditions. We also introduce the iPhone360 dataset,
which captures dynamic objects in a monocular setting and includes test cameras far
outside the training trajectory for 360° evaluation.

4D reconstruction under a monocular setting is a highly ill-posed problem [11,
22, 28], as only a single viewpoint is available per frame, with no multi-view
stereo cues available. Recent works [25, 49] have addressed this challenge by
leveraging pretrained 2D point tracking models [8], which establish cross-frame
correspondences in dynamic videos.

However, as shown in Fig. 1, existing methods still fail to reconstruct regions
observed at extreme novel viewpoints (e.g., > 90→ from the current view), even
when those regions are visible in other frames of the input video. We argue that
this failure stems from a heavy reliance on 2D-native priors [8, 9] during initial-
ization. Existing methods [23, 25] initialize 3D dynamic trajectories using 2D
tracking results, which o!er more reliable performance than 3D tracking mod-
els [58, 65]. These 2D tracks must be lifted into 3D to form initial gaussians.
However, depth maps used in lifting only provide depth for surfaces visible in
the current frame. As a result, the 3D positions of occluded track points remain
ambiguous, causing the initialized geometry to overfit to the visible surfaces at
each timestep. Since this incomplete geometry is not recovered during optimiza-
tion, reconstruction of occluded regions fails, even when they are visible in other
frames.

We propose 4DGS360 to address the longstanding challenge of complete 360°
dynamic object reconstruction by introducing AnchorTAP3D, a novel 3D native
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tracker that overcomes the limitations of both 2D and 3D tracking models ef-
fectively. AnchorTAP3D leverages confident 2D track points as anchors for 3D
tracking, improving long-term reliability and resolving the depth ambiguity of
occluded regions without additional training. AnchorTAP3D provides a reliable
initialization that unlocks the full potential of the optimization strategy used
in prior works. In particular, the As-Rigid-As-Possible (ARAP) regularization,
which previously failed to operate correctly on corrupted initialized geometry in
occluded regions, can now function as intended, enabling significantly improved
360° reconstructions. As shown in Fig. 1(b), our method establishes more sta-
ble and coherent 4D reconstructions of dynamic objects, even under large view
extrapolation.

However, existing monocular datasets [11, 34, 35] for dynamic scene recon-
struction are limited to evaluate reconstruction quality at truly novel viewpoints,
as they lack su"cient view disparity between train and test cameras. Even the
iPhone dataset [11], which provides the largest such disparity, remains insuf-
ficient to properly evaluate 360° reconstruction. To address this, we introduce
iPhone360, a new dataset designed to evaluate 360° reconstruction of dynamic
objects under realistic conditions with large disparity between train and test
camera views. Our iPhone360 dataset includes training videos of real-world dy-
namic objects captured with casual handheld movements, exhibiting diverse mo-
tion ranging from object manipulation to human motion. Fig. 1(a) demonstrates
how our iPhone360 dataset provides significantly larger view disparity compared
to the iPhone dataset, enabling 360→ evaluation.
Overall, we provide the following contributions:

– We propose 4DGS360, which employs a novel 3D-native initialization method
based on AnchorTAP3D, enabling consistent 360° dynamic reconstruction
from monocular video.

– We present iPhone360 dataset, a new dataset that captures real-world
dynamic objects with various scenarios. Test cameras are placed up to 135°
apart from training views enabling evaluation of models under extreme novel-
view conditions.

– Our approach achieves state-of-the-art performance both qualitatively and
quantitatively under ordinary and extreme novel-view synthesis conditions.

2 Related Work

2.1 Dynamic Novel-View Synthesis

Novel-view synthesis has rapidly advanced with the advent of NeRF [32] and
3D Gaussian Splatting (3DGS) [16]. NeRF represents scenes implicitly using
multi-layer perceptrons (MLPs), enabling view-consistent rendering across var-
ious reconstruction tasks [1–3, 10, 21, 41, 47, 48, 63]. In contrast, 3DGS models
scenes explicitly with 3D Gaussian primitives, enabling real-time rasterization-
based rendering through its e"cient explicit formulation. Owing to these ad-
vantages, the 3DGS framework has been widely extended to diverse applica-
tions [4, 6, 7, 13,27,29,31,33,42,54,64,67].
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Extending these ideas to dynamic scenes, models reconstruct objects and en-
vironments that change over time. Recent works [25, 49] model temporal defor-
mation by estimating the trajectories of canonical-space Gaussians. Some meth-
ods [56, 62] encode motion implicitly via MLPs, while others represent motion
explicitly by assigning trajectories to individual Gaussians [30,44,55] or by com-
bining learned bases [49] and hierarchical motion fields [25].

Recent studies further explore the monocular setting, where a single cam-
era captures dynamic scenes under realistic conditions. However, monocular re-
construction remains highly ill-posed and typically relies on pretrained mod-
els [12,14,15,19,46,52,59–61] or 2D tracking cues [8,9,26,51] to recover motion
on the image plane. While e!ective for visible regions, these approaches fail
to reconstruct occluded geometry, leading to overfitting to the training views.
Other works [17, 45, 57] employ large di!usion models [39] to synthesize unseen
view. However, these methods require substantial computational cost for training
generative model, and often fail to leverage information across video frames. Fur-
thermore, as demonstrated in Fig. 5, they show limited performance gains even
when combined with existing state-of-the-art 4D novel view synthesis methods
at extreme novel viewpoints.

Our method addresses this limitation by introducing occluded geometry-
aware tracking at initialization, enabling consistent reconstruction beyond ob-
served views and serving as a stronger baseline even when combined with di!usion-
based approaches.

2.2 Monocular setting datasets

A number of benchmarks have been proposed for dynamic scene reconstruction
under the monocular setting. D-NeRF [37] uses synthetic scenes to evaluate tem-
poral deformation modeling, while HyperNeRF [35], Nerfies [34], and the iPhone
dataset [11] capture real-world dynamic scenes. These datasets mainly evaluate
temporal interpolation or short-range novel view synthesis, where test cameras
remain close to the train camera. In particular, Hypernerf and Nerfies datasets
are not fully aligned with real-world capture conditions. They alternate between
two cameras per frame to construct training sets. The iPhone dataset maintains
a more faithful monocular setting, but the gaps between train and test cameras
are limited. Therefore, we release a new dataset, iPhone360, for comprehensive
360° evaluation with extreme novel view test cameras under realistic monocular
capture conditions.

2.3 2D and 3D Point Tracking

2D Tracking. Recent point tracking methods adopt deep learning approaches.
Among them, TAPIR [9] improves accuracy through global matching and re-
finement, while transformer-based models such as CoTracker [14] iteratively
infer point position and visibility, achieving robustness under occlusion. Self-
supervised approaches like BootsTAP [8] further enhances performance on un-
labeled real-world data using pseudo ground truth from pretrained trackers.
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Fig. 2: Overview of 4DGS360 (a) illustrates the initialization stage using Anchor-
TAP3D, where reliable geometry can be obtained even when tracked points become
occluded. This contrasts with 2D-based models, which cannot estimate depth for oc-
cluded points. (b) presents the overall architecture of AnchorTAP3D, and (c) highlights
the di!erence between tracking with and without anchors, showing that anchors e!ec-
tively prevent error drift. (d) depicts the training process that follows initialization, and
(e) shows that our model finally enables full 360→ reconstruction. The blue pyramids
represent training cameras, while the red pyramids indicate test cameras.

3D Tracking. Among 3D tracking models [14, 15], TAPIP3D [65] achieves no-
table tracking results by employing a transformer-based architecture that per-
forms tracking directly in XYZ space, leveraging unprojected image features
to construct a spatio-temporal 3D feature cloud. It models temporal correspon-
dence through 3D neighborhood-to-neighborhood attention, where local geomet-
ric features near query and target points are jointly attended to infer motion
trajectories. This design enables TAPIP3D to capture smooth and continuous
motion across frames and handle moderate occlusions without explicit depth
supervision. While 3D tracking provides more geometric understanding than 2D
tracking models, it is sensitive to errors in depth maps and camera calibration,
and tracking failures tend to accumulate over time, reducing long-term stability.
On the other hand, 2D tracking is generally more resilient to noise in real-world
settings but provides limited spatial understanding. To address this, we propose
AnchorTAP3D, which leverages high confidence 2D track points as anchors
for 3D tracking, enabling consistent geometry-aware initialization for our model.
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3 Method

Our goal is to reconstruct a 360° 4D representation over time, given a sequence
of T training frames I = {It}Tt=1, depth maps D = {Dt}Tt=1, and camera pa-
rameters ω = {εt}Tt=1 obtained either from dataset sensors or pretrained estima-
tors. Our method represents dynamic objects using a set of static 3D Gaussians
defined in a canonical space, which are deformed over time according to a hi-
erarchical motion structure. Sec. 3.1 describes the preliminaries and details our
4D scene representation. Sec. 3.2 introduces our occluded geometry–aware ini-
tialization using the proposed tracking model, AnchorTAP3D. Finally, Sec. 3.3
presents the optimization strategy that captures dynamic motion while enforc-
ing local rigidity and visual consistency. Fig. 2 illustrates the overview of our
method.

3.1 Preliminary: Dynamic Gaussian Splatting

A 3D scene is represented by a set of anisotropic Gaussian primitives G(µ,ω,ϑ, c),
where each Gaussian is parameterized by its mean µ → R3, covariance ω → R3↑3,
opacity ϑ → R+, and view-dependent color coe"cients c → R3(l+1)2 from spheri-
cal harmonics (SH). This explicit and di!erentiable formulation enables photo-
realistic scene representation and optimization in 3D space.

To handle dynamics, each static Gaussian in a canonical frame is deformed
over time through Tt = [Rt|tt] → SE(3), resulting in the time-dependent primi-
tive

Gt = G(Rtµ0 + tt, Rtω0R
↓
t , ϑ, c), (1)

where (µ0,ω0) denote the mean and covariance at canonical space.
We model Tt following the HiMoR [25], which encodes the deformation field

as a tree of nodes. The deformation of a canonical Gaussian is guided by its
nearby leaf nodes. Specifically, the transformation T = {Tt }Tt=1 of a Gaussian
G is obtained by interpolating the motions of its K nearest leaf nodes V:

Tt =
∑

k↔N (G,V)

wk Mk, (2)

where M = {Mt }Tt=1 for Mt → SE(3) denotes the motion of nodes, and wk are
Gaussian-specific interpolation weights.

Each node’s motion Mt represents its transformation from the canonical
frame to frame t, and is defined hierarchically with respect to its parent. To
e"ciently encode these motions, HiMoR represents each node’s transformation
as a weighted combination of its parent’s shared motion bases:

Mt =
M∑

m=1

vm Bm,t, (3)

where {Bm,t} denote the motion bases shared among sibling nodes, and vm are
node-specific coe"cients. This hierarchical formulation allows higher-level nodes
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Fig. 3: Tracking Comparison. We compare the naive 3D tracking model
TAPIP3D [65] with our anchor-based AnchorTAP3D (Ours). At the target time af-
ter undergoing rotation and occlusion, AnchorTAP3D produces noticeably more stable
tracking results. This indicates that anchor-guided tracking is advantageous under chal-
lenging conditions such as occlusion.

to capture global, smooth motion patterns, while deeper nodes refine fine-grained
local deformation across time and space.

Given camera parameters εt, the deformed canonical Gaussian Gt at time t
is projected onto the image plane via

µ↗
t = ϖ(Rtµ0 + tt;εt), ω↗

t = ϖ(Rtω0R
↓
t ;εt), (4)

where ϖ denotes the camera projection. After projection, each 3D Gaussian Gt

becomes a 2D Gaussian on the image plane, parameterized by the mean µ↗
t → R2

and covariance ω↗
t → R2↑2.

The rendered color at pixel p → R2 is then computed by aggregating these
2D Gaussians using depth-sorted alpha blending:

Ct(p) =
N∑

i=1

ci ϱi,t(p)
i↘1∏

j=1

(1↑ ϱj,t(p)) ,

ϱi,t(p) = ϑi exp
(
↑ 1

2 (p↑ µ↗
i,t)

↓(ω↗
i,t)

↘1(p↑ µ↗
i,t)

)
,

(5)

where ϱi,t(p) denotes the 2D Gaussian opacity at pixel p, and ci is its view-
dependent color. This dynamic Gaussian representation enables a di!erentiable
rasterization framework.

3.2 Initialization Method

AnchorTAP3D. We introduce AnchorTAP3D (Anchor-guided Tracking Any
Point in 3D), an advanced 3D tracking model designed to enhance dynamic 360→
reconstruction under extreme novel views without additional training.

Given a sequence of frames I, depth maps D, and camera parameters ω,
AnchorTAP3D estimates the 3D location xAnchor

t→ → R3 of a 2D anchor point
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pt → R2 observed at time t, after it has moved to time t↗, along with its binary
visibility vt→ :

(xAnchor
t→ , vt→) = PAnchor3D

t≃t→ (pt, I,D,ω), (6)

where PAnchor3D denotes our unified anchor-guided model which integrates the
strengths of a 2D tracking model and a 3D tracking model into a unified frame-
work. The overall formulation can be decomposed into several components, which
we describe below.

The 2D tracker, P2D, takes a query point pt = (xt, yt) at time t and predicts
its correspondence in the target frame t↗ as:

(pt→ , ct→) = P2D
t≃t→(pt, I), (7)

where ct→ denotes the tracking confidence estimated by the 2D tracker.
The predicted 2D correspondence is then lifted to 3D space through inverse

camera projection using the depth map and camera parameters at frame t↗:

x2D
t→ = ϖ↘1

t→ (pt→ , Dt→ ,εt→). (8)

This process generates candidate 3D points corresponding to each tracked 2D
point. However, points with low 2D confidence, mostly occluded, cannot obtain
reliable 3D positions from the depth map of the target frame.

To exclude unreliable correspondences, we define a binary mask based on the
2D confidence score:

Maskt→ =

{
1, ct→ > ς,

0, otherwise.
(9)

Only points satisfying ct→ > ς are regarded as trustworthy and are used to form
anchor points for subsequent 3D inference.

Within a sliding temporal window w(t, t↗) of fixed length L, the transformer-
based 3D tracker jointly processes all frames in the window (e.g., L=16, with
8-frame overlap between successive windows). During each inference step, we
collect reliable 3D anchor points obtained from high-confidence 2D tracks as:

XA
w(t,t→) =

{
x2D
s→

∣∣ s↗→w(t, t↗), Masks→ =1
}
. (10)

Here, XA
w(t,t→) denotes the set of 3D anchor points that condition the transformer

during the current temporal inference window, providing geometry-consistent
supervision across frames (See Fig. 2(c)).

Finally, the anchor-guided 3D tracker predicts the target 3D point and its
binary visibility score by conditioning on the anchor set:

(xAnchor
t→ , vt→) = P3D

t≃t→(pt, I,D,ω,XA
w(t,t→)). (11)

Unlike conventional 3D trackers that propagate a single query over time,
AnchorTAP3D leverages multiple anchors as spatial-temporal constraints, sup-
pressing error drift and enhancing geometric stability. The anchors are relatively
una!ected by depth or calibration noise during tracking, providing stable ini-
tialization for our model. Fig. 3 illustrates that our model maintains long-term
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tracking more e!ectively than a naive 3D tracking approach. Furthermore, Fig. 8
demonstrates that in the 4D reconstruction task, our method initialized with An-
chorTAP3D better reconstructs the geometry of occluded regions compared to
baselines using naive 2D or 3D tracking.

Initialization details. We initialize a set of dynamic Gaussians from the 3D tracks
obtained at T query times. Specifically, N trajectories are randomly sampled to
define Gaussian primitives whose positions and orientations vary over time.

The frame with the most visible Gaussians is set as the canonical frame.
We then cluster the trajectories according to their temporal velocities using
k-means into B groups. Within each cluster, frame-to-frame rigid transforma-
tions are estimated via Procrustes alignment [40], and the resulting temporal
motions are stored as initial motion bases {Bi}Bi=1. Each Gaussian’s motion is
further weighted by its spatial distance to the corresponding cluster center. Pre-
vious methods [25, 49] discard invisible points during motion estimation since
2D tracking combined with depth-based unprojection cannot infer 3D positions
for occluded points. Our approach leverages AnchorTAP3D to infer plausible 3D
positions even for occluded regions. This capability enables motion bases that
fully capture global object dynamics and establishes a foundation for complete
360° reconstruction.

For node initialization, we perform weighted random sampling of n1 Gaus-
sians from the canonical frame. Sampling weights are determined by both motion
magnitude and spatial density, encouraging nodes to capture highly dynamic re-
gions while maintaining even spatial coverage. The selected Gaussians initialize
the first-level nodes with their positions and motion coe"cients, and the higher-
level nodes are initialized in the same manner with respect to their parent nodes.

3.3 Optimization Method

To optimize the initialized nodes and Gaussians, we employ rigidity regulariza-
tion to preserve geometric structure and render-based regularization that com-
pares rendered outputs with ground truth.

Rigidity regularization. To maintain long-term geometric consistency and locally
rigid motion across non-adjacent frames, we employ a generalized As-Rigid-As-
Possible (ARAP) [43] regularization. For each node pair (i, j) belonging to the
same locally rigid cluster, we encourage both the pairwise distances and the
relative local transformations to remain consistent between arbitrary frames t
and t↗:

Larap = w1

∑

(i,j)↑N

∣∣∣→xt
i↑xt

j→2↑→xt→
i ↑xt→

j →2
∣∣∣+w2

∑

(i,j)↑N

∥∥∥Tt↑1

j (xt
i)↑Tt→↑1

j (xt→
i )

∥∥∥
2
, (12)

where xt
i denotes the position of node i at frame t, and Tt

j → SE(3) represents
the local transformation of node j. This rigidity constraint allows temporally
coherent propagation of structural information, enabling 360° geometry even
under large motion or occlusion.
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Render-based regularization. For render-based regularization, we conduct RGB
loss Lrgb, which includes D-SSIM [53] loss and LPIPS [66] loss. We regularize
the spatial compactness of the reconstructed object via a mask regularization
loss Lmask, enforce geometric alignment through a depth consistency loss Ldepth,
and improve temporal correspondence using a 2D tracking loss L2dtrack. Together
with the rigidity loss Larap in Eq. (12), these objectives contribute to a tempo-
rally coherent and geometrically stable reconstruction:

Ltotal = ωrgbLrgb + ωmaskLmask + ωdepthLdepth + ω2dtrackL2dtrack + ωarapLarap.
(13)

Further details are included in the supplementary.

4 Experiments

4.1 Datasets and Evaluation

Evaluation metrics. For evaluation, we adopt both pixel-level and perceptual
metrics. While pixel-level metrics such as PSNR and SSIM have long been stan-
dard metrics in novel view synthesis, recent work [25] has shown that these
pixel-level metrics are misaligned with perceptual quality in monocular dynamic
3D reconstruction with view disparity, due to the inherent di"culty of predicting
‘exact’ position in this ill-posed setting. Therefore, we report both metric types
together. For perceptual evaluation, we use LPIPS [66] with AlexNet [20] features
and the CLIP [38]-based metrics proposed in [25]: CLIP-I, which measures CLIP
similarity between ground-truth and rendered images, and CLIP-T, which mea-
sures temporal consistency via CLIP similarity between rendered frames with 5
frames apart.

iPhone360 dataset. We introduce the iPhone360 dataset to address limitations
of existing benchmarks that cannot evaluate 360° dynamic reconstruction perfor-
mance. Unlike prior datasets [11,24,35,37], iPhone360 provides training images
captured from a single handheld camera without camera teleportation, while
synchronized test cameras are placed up to 70°–135° apart from the training
view, enabling evaluation under extreme novel-view conditions. The large view-
point disparity and realistic monocular capture setup make iPhone360 a suitable
benchmark for evaluating the challenging 360° dynamic reconstruction.

The dataset consists of 6 dynamic scenes: block2, goat, jacket, jelly, pull-

up, and walk-around. Each scene captures an object with realistic scenario. A
compact comparison with existing dynamic datasets is shown in Tab. 1. All
sequences are captured using multiple iPhone devices, and follow the same ac-
quisition framework as iPhone dataset. We use LiDAR metric depth to perform
scale and shift correction on the estimated depth [5,61] results, and use camera
parameters from the sensor as ground truth.

In Tab. 2, we report perceptual metrics on our iPhone360 dataset. Since ren-
dered backgrounds in extreme novel view settings tend to contain large empty re-
gions, direct image comparison becomes less meaningful. To address this, we de-
fine a bounding box centered on the ground-truth dynamic object mask expanded
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Table 1: Compact comparison across
datasets. #Tr.: number of training cam-
eras, Wild: in-the-wild scenario, Max

εϑ: maximum angular di!erence between
training and test views, 360→: ability to
evaluate reconstruction in 360→ manner.

Dataset #Tr. Wild Max εϑ 360→

D-NeRF [37] ⇐150 ✁ – ✁
HyperNeRF [35] 2 ✁ – ✁
Nerfies [34] 2 ✁ – ✁
NSFF [24] 24 ✁ – ✁
iPhone [11] 1 ✂ < 45↓ ✁

iPhone360 1 ✂ 70°–135° ✂

Ground Truth

MoSca

w
/ D

IF
IX

3D
+

HiMoR OursTrain View

Fig. 5: Results with Di!usion Prior.

Our method outperforms baselines when
combined with DIFIX3D+ [57].

Table 2: Quantitative results on iPhone360 dataset.

Block2 Goat Jacket

CLIP-I↓ CLIP-T↓ LPIPS↔ CLIP-I↓ CLIP-T↓ LPIPS↔ CLIP-I↓ CLIP-T↓ LPIPS↔

MoSca [23] 0.7499 0.9513 0.5556 0.7379 0.9522 0.6332 0.7073 0.9440 0.5280
HiMoR [25] 0.8422 0.9549 0.3122 0.8357 0.9426 0.3260 0.7041 0.9526 0.2942
Ours 0.9021 0.9633 0.2569 0.8706 0.9345 0.2244 0.9147 0.9445 0.2747

Jelly Pull-up Walk-around

CLIP-I↓ CLIP-T↓ LPIPS↔ CLIP-I↓ CLIP-T↓ LPIPS↔ CLIP-I↓ CLIP-T↓ LPIPS↔

MoSca [23] 0.6239 0.9649 0.7127 0.8081 0.9617 0.5241 0.7323 0.9639 0.7439
HiMoR [25] 0.6839 0.9357 0.3539 0.8862 0.9786 0.2240 0.8333 0.9590 0.4014
Ours 0.8359 0.9229 0.3538 0.8978 0.9827 0.2163 0.8718 0.9627 0.3938

by a spatial margin, and apply it to both the ground-truth and foreground-only
rendered results. All metrics are then computed within this region. Our method
achieves consistently higher scores on the iPhone360 dataset compared with
baselines [23, 25]. As an additional reference alongside the CLIP-based metrics,
we report pixel-level evaluation results in Tab. 4. The low absolute scores re-
flect the inherent di"culty of the task: achieving pixel-level accuracy in unseen
regions under full extrapolation.

Furthermore, as shown Fig. 1 and Fig. 4, our reconstructions maintain co-
herent geometry even from extreme viewpoints, demonstrating the e!ectiveness
of the proposed method. Fig. 4(b) demonstrates that our method achieves 360°
object reconstruction from a single video.

iPhone dataset. The iPhone [11] dataset contains training videos captured while
moving between two test cameras, designed to evaluate dynamic reconstruction
models in a monocular setting. Following HiMoR [25], we report CLIP-I, CLIP-
T, and LPIPS [66] scores on Tab. 3. Across these metrics, our method shows
consistent improvements over previous models. We compare our model with
NeRF-based [11,35] and 3DGS-based [25,44,49,62] approaches across five scenes.
Our method outperforms on most scenes. The qualitative results on the spin
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Table 3: Quantitative results of novel view synthesis on the iPhone dataset [11].
Highlighted cells denote best , second best , third best .

Method Apple Block Paper-windmill

CLIP-I↓ CLIP-T↓ LPIPS↔ CLIP-I↓ CLIP-T↓ LPIPS↔ CLIP-I↓ CLIP-T↓ LPIPS↔
T-NeRF [11] 0.8275 0.9729 0.6695 0.8873 0.9749 0.4729 0.9304 0.9858 0.4837
HyperNeRF [35] 0.8314 0.9771 0.6626 0.8882 0.9756 0.4654 0.9218 0.9818 0.4319
Deformable 3DGS [62] 0.7822 0.9730 0.8558 0.8105 0.9720 0.7281 0.8652 0.9814 0.6411
Marbles [44] 0.8055 0.9653 0.7025 0.8492 0.9648 0.5303 0.8610 0.9791 0.6280
SoM [49] 0.8100 0.9721 0.6335 0.8658 0.9745 0.5083 0.9225 0.9833 0.3253
HiMoR [25] 0.8798 0.9747 0.5926 0.8707 0.9750 0.5059 0.9275 0.9853 0.3216
Ours 0.8775 0.9794 0.5414 0.8933 0.9770 0.4105 0.9446 0.9854 0.2055

Method Spin Teddy Mean

CLIP-I↓ CLIP-T↓ LPIPS↔ CLIP-I↓ CLIP-T↓ LPIPS↔ CLIP-I↓ CLIP-T↓ LPIPS↔
T-NeRF [11] 0.8328 0.9565 0.5714 0.8242 0.9541 0.6337 0.8604 0.9688 0.5662
HyperNeRF [35] 0.8498 0.9594 0.4905 0.8836 0.9630 0.5801 0.8750 0.9714 0.5261
Deformable 3DGS [62] 0.7457 0.9712 0.5962 0.7791 0.9629 0.7601 0.7965 0.9721 0.7163
Marbles [44] 0.8272 0.9527 0.5761 0.8097 0.9606 0.6671 0.8305 0.9645 0.6208
SoM [49] 0.8510 0.9585 0.3832 0.8521 0.9676 0.5630 0.8603 0.9712 0.4827
HiMoR [25] 0.8853 0.9658 0.3696 0.8902 0.9744 0.5296 0.8907 0.9750 0.4639
Ours 0.9029 0.9626 0.2957 0.8891 0.9726 0.4856 0.9015 0.9754 0.3877

Train view SoM HiMoR Ours

Fig. 6: iPhone dataset Qualitative re-

sult. Backpack scene shows that our model
faithfully reconstructs unseen backside re-
gions, clearly outperforming prior methods.

Table 4: Pixel-level Evaluation on
iPhone and iPhone360 Datasets. All
training and evaluations are conducted
at 1x resolution.

iPhone dataset iPhone360 dataset

PSNR↓ SSIM↓ PSNR↓ SSIM↓

HiMoR 16.2441 0.6329 10.9883 0.6854
Ours 16.3431 0.6309 11.3364 0.7012

scene are included in Fig. 1. Additionally, Fig. 6 presents extreme-viewpoint
renderings for the backpack scene, which lacks test ground truth, showing that
our model reconstructs unseen regions with substantially higher fidelity than
competing methods [25,49].

DAVIS dataset. We evaluated our model on scenes from the DAVIS [36] dataset,
which captures fast-moving objects but lacks ground-truth camera parameters
and depth maps, making them closer to real-world conditions. As shown in Fig. 7,
our method better preserves geometry and reconstructs occluded regions com-
pared to previous models under in-the-wild scenarios.

4.2 Ablations

We conducted a qualitative ablation study on the walk-around and jelly scenes
of the iPhone360 dataset to demonstrate the advantage of AnchorTAP3D over
baselines using naive 2D and 3D tracking. As shown in Fig. 8, our method
achieves better 360° reconstruction, reconstructing the geometry of occluded
regions at extreme viewpoints, compared to ‘w/o 3D init’ and ‘w/o Anchor’.
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Train view HiMoRShape of Motion Ours

Fig. 7: DAVIS dataset Qualitative Comparison. Results show that our model
maintains coherent geometry and recovers occluded parts more reliably than previous
approaches.

Oursw/o Anchorw/o 3D initGTOursw/o Anchorw/o 3D initGT

Fig. 8: Ablations. Qualitative results for di!erent initialization methods. ‘w/o 3D
init’ directly unprojects 2D tracks, ‘w/o Anchor’ leverages naive 3D point tracking
model [65], and Ours uses AnchorTAP3D at initialization. The left and right scenes
correspond to the walk-around and jelly sequences from iPhone360, respectively.

The ‘w/o 3D init’ variant follows prior models [25, 49] in initializing with
unprojected 2D tracks, and fails to preserve geometry in occluded regions. Using
a naive 3D point tracking model [65] ‘w/o Anchor’ yields better performance
than ‘w/o 3D init’ in walk-around by partially recovering geometry in occluded
regions, but in the jelly, it completely failed to reconstruct occluded area. This
indicates that 3D tracking becomes unreliable in long sequences without anchor
guidance. Finally, Ours preserves the overall object shape across both scenes.
These results demonstrate the e!ectiveness of our method in 4D reconstruction
over both 2D track-based and naive 3D tracking approaches.

5 Limitations and Conclusion

Limitations. While our method demonstrates improved 360° object reconstruc-
tion compared to existing approaches, several limitations remain. While our
AnchorTAP3D improves significantly upon naive applications of o!-the-shelf 2D
and 3D tracking models, the overall performance still depends on the capabil-
ity of pretrained models. Furthermore, our method cannot synthesize extreme
viewpoint’s background regions if it is invisible in the input video. We believe
this can be addressed in future work through integration with di!usion priors.
As shown in Fig. 5, our method, with its better-preserved geometry, provides a
more suitable starting point for di!usion model than existing approaches. Our
method also still struggles with pixel-level metrics such as PSNR and SSIM un-
der the inherently challenging large extrapolation settings of iPhone360, and we
leave further improvement of pixel-level reconstruction accuracy to future work.
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Conclusion. We present 4DGS360, a novel framework that enables extreme
novel-view synthesis from monocular videos. Unlike prior methods that rely on
pretrained 2D-based features and su!er from 3D ambiguity, we introduce An-
chorTAP3D, an advanced 3D tracking model that provides reliable geometry-
aware initialization. This design extends the e!ectiveness of optimization strate-
gies, allowing consistent 360° reconstruction of dynamic objects. Furthermore, we
identify limitations in current datasets and propose a new benchmark, iPhone360,
which includes dynamic objects exhibiting diverse motion patterns with extreme
viewpoint validations. This dataset enables more realistic evaluation of how well
reconstruction models generalize to challenging real-world conditions.
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