
PackUV: Packed Gaussian UV Maps for 4D Volumetric Video

Aashish Rai1 Angela Xing1 Anushka Agarwal2 Xiaoyan Cong1 Zekun Li1

Tao Lu1 Aayush Prakash3 Srinath Sridhar2

1Brown University 2UMass Amherst 3Meta

https://ivl.cs.brown.edu/packuv

Figure 1. We propose a novel and compact 4D representation, PackUV, for volumetric videos that packs 3D Gaussian attributes into
a sequence of 2D UV atlases (yellow, top right). PackUV is readily compatible with existing video coding infrastructure (e.g., can be
coded with HEVC, FFV1). We also propose PackUV-GS, a method to directly fit Gaussian attributes from multi-view RGB videos into
structured PackUV (blue, top left) via optical flow-guided keyframing and Gaussian labeling to fit arbitrary length sequences with temporal
consistency even in the presence of large motions and disocclusions. The fitted scene can be rendered back to streamable volumetric video
from any viewpoint (red, bottom). We also propose PackUV-2B, the largest 4D multi-view dataset containing 2B frames captured with over
50 synchronized cameras to provide 360◦ coverage.

Abstract

Volumetric videos offer immersive 4D experiences, but
remain difficult to reconstruct, store, and stream at scale.
Existing Gaussian Splatting based methods achieve high-
quality reconstruction but break down on long sequences,
temporal inconsistency, and fail under large motions and
disocclusions. Moreover, their outputs are typically incom-
patible with conventional video coding pipelines, prevent-
ing practical applications. We introduce PackUV, a novel
4D Gaussian representation that maps all Gaussian at-
tributes into a sequence of structured, multi-scale UV at-
lases, enabling compact, image-native storage. To fit this
representation from multi-view videos, we propose PackUV-

GS, a temporally consistent fitting method that directly op-
timizes Gaussian parameters in the UV domain. A flow-
guided Gaussian labeling and video keyframing module
identifies dynamic Gaussians, stabilizes static regions, and
preserves temporal coherence even under large motions and
disocclusions. The resulting UV atlas format is the first uni-
fied volumetric video representation compatible with stan-
dard video codecs (e.g., FFV1) without losing quality, en-
abling efficient streaming within existing multimedia infras-
tructure. To evaluate long-duration volumetric capture, we
present PackUV-2B, the largest multi-view 4D dataset to
date, featuring more than 50 synchronized cameras, sub-
stantial motion, and frequent disocclusions across 100 se-
quences and 2B (billion) frames. Extensive experiments
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demonstrate that our method surpasses existing baselines in
rendering �delity while scaling to sequences up to 30 min-
utes with consistent quality.

1. Introduction

Volumetric videos are a form of immersive media that cap-
ture scenes in three dimensions and across time (4D), mak-
ing them viewable from any perspective. They promise
numerous applications in AR/VR, entertainment, sports, as
well as in applications requiring 4D understanding, for in-
stance, in robotics [20, 23, 68, 98]. Unsurprisingly, creat-
ing volumetric videos from multiple camera views has been
a long-standing challenge in computer vision and graph-
ics [4, 13, 49, 69, 77].

Common approaches for volumetric video reconstruc-
tion rely on explicit representations, such as point
clouds [27, 66, 73] meshes [56], multi-plane images [12,
71, 78, 82], or multi-sphere images [2, 6]. However,
these methods are limited in their ability to render com-
plex scenes and are highly memory intensive. Meanwhile,
radiance �elds [50, 88] and 3D Gaussian Splatting [32]
have emerged as leading representations for 3D reconstruc-
tion and volumetric video [11, 36, 72, 85, 96, 97]. De-
spite their success, these methods [11, 41, 85, 90, 96, 97]
struggle to operate on videos longer than a few seconds.
Streaming approaches [36, 46, 72, 91] address this via on-
line �tting but struggle to retain long-duration temporal
consistency, capture large motions, and handle disocclu-
sions (e.g., when a new object enters the scene). Further-
more, volumetric videos produced by these methods cannot
be seamlessly shared due to their large size and required be-
spoke compression methods [15] that are incompatible with
existing multimedia infrastructure.

To address these challenges, we introduce PackUV, a
novel 4D Gaussian representation that packs 3D Gaus-
sian attributes into a sequence of structured, multi-layered
2D UV maps. These UV map layers are further com-
pacted into a single progressive atlas (Figure 1), enabling
ef�cient storage. We also present PackUV-GS, a �t-
ting method that generates temporally-consistent volumet-
ric videos from multi-view input. Unlike previous 3DGS-
to-2D approaches that rely on lossy post-hoc UV unwrap-
ping [65, 86], PackUV-GS directly �ts Gaussian parameters
into the UV domain. To maintain temporal coherence un-
der large motions and disocclusions, an optical-�ow–guided
module identi�es dynamic Gaussians, enforces �ow-based
keyframing, and selectively freezes gradients in static re-
gions to ensure stable optimization. This design supports
high-quality reconstruction for sequences of arbitrary du-
ration while maintaining quality. The resulting image-
native representation replaces point-centric storage with a
sequence of ordered, multi-scale 2D UV atlases, enabling
ef�cient streaming and storage via standard video coding

methods (e.g., HEVC, FFV1). To the best of our knowl-
edge, this is the �rst uni�ed representation that applies con-
ventional video coding directly to all 3DGS attributes, with
no quality loss during the conversion, to bridge 4D Gaus-
sian representations and the existing video infrastructure.

We evaluate the performance of our method and justify
design choices on a variety of existing datasets. However,
existing datasets [30, 40, 61, 92, 94] are largely restricted
to frontal cameras and exhibit limited motions and disoc-
clusions. To better showcase the abilities of our represen-
tation and compare it with existing work, we captured the
largest long-duration multi-view video dataset, PackUV-
2B. PackUV-2B features real-world dynamic scenes with
more than 50 synchronized cameras, providing 360� cover-
age in both controlled studio and uncontrolled in-the-wild
settings. In total, PackUV-2B contains 100 sequences with
more than 2B (billion) frames featuring a diverse range
of scenarios including human-human, human-object, and
human-robot interactions. Extensive experiments show that
our method outperforms all baselines across standard met-
rics and can model much longer sequences (up to 30 min-
utes) while maintaining consistent quality. To summarize,
our contributions include:
• PackUV, a new volumetric video representation that

packs 3D Gaussian attributes into a sequence of UV at-
lases for ef�cient streaming and storage, making it readily
compatible with existing video coding infrastructure.

• PackUV-GS, an ef�cient method to �t PackUV directly
from multiview videos using optical-�ow-based keyfram-
ing and Gaussian labeling to handle large motions, disoc-
clusions, and temporal consistency.

• PackUV-2B, the largest multi-view 4D dataset with
2B frames, large motions, and disocclusions. It provides
360� coverage from 50+ synchronized cameras.

2. Related Work

In this brief related work, we focus on methods and repre-
sentations for reconstructing volumetric videos.

4D Volumetric Video. Volumetric video �tting is a long-
standing problem, with works originally focusing on us-
ing multi-view images [7, 9, 59, 101], multi-plane im-
ages [12, 71, 78, 82], light �elds [16, 26, 31, 37] as well
as explicit representations like point clouds [27, 66, 73]
meshes [56], voxels [17, 18, 53, 55], or multi-sphere im-
ages [2, 6]. More recently, radiance �elds [5, 10, 50],
in particular 3D Gaussian splatting [32], have emerged as
the de facto method for static novel view synthesis and
reconstruction. Building on 3DGS, a signi�cant amount
of work on dynamic scenes has subsequently emerged [3,
8, 11, 14, 19, 24, 25, 28, 29, 33, 34, 39, 40, 42, 43, 45,
58, 60, 62, 67, 70, 79–81, 85, 87, 90, 93, 95, 96]. De-
formable3DGS [96], 4DGS [85], and Grid4D [89] de�ne



a deformation �eld mapping canonical Gaussian primitives
to speci�c time steps. RealTime4DGS [95] and 4D-Rotor-
GS [19] introduce 4D Gaussian primitives, improving �exi-
bility for a variety of dynamic scenes. Despite the progress,
these methods are limited to short sequences (few seconds),
memory intensive, temporally inconsistent, or cannot han-
dle disocclusions (see Section 6).

Recent methods like LongVolCap [92] make tremendous
progress by leveraging a hierarchical temporal 4D Gaussian
representation to compactly model long-horizon scenes, but
still struggle to �t arbitrary durations due to the growth of
Gaussians. To address the memory cost of of�ine 3DGS �t-
ting, 3DGStream [72] and ATGS [11] propose online train-
ing and model dynamics of 3D Gaussians per-frame with a
neural transformation cache. However, the per-frame stor-
age cost of 3D Gaussians remains large, making it infeasi-
ble to transmit and play in a streaming manner like conven-
tional videos. Ex4DGS [35] addresses memory overhead by
separating Gaussians into linearly moving `static' and fully
dynamic Gaussians. In addition to static-dynamic Gaussian
separation, GIFstream [38] and Motion Layering [15] im-
prove dynamic modeling through time-dependent feature
streams. However, these methods still struggle to model
large motions and disocclusions.

Volumetric Video Representations. Representing and
storing volumetric videos is signi�cantly more expensive
than 2D images or videos due to the additional spatial and
temporal dimensions. Several approaches have been pro-
posed, either by pruning unused Gaussians, cleverly com-
pressing Gaussian attributes, or using learning [1, 21, 22,
36, 44, 52, 54, 57]. Recently, representations for `�attening'
3D Gaussians into 2D form have been receiving attention,
for instance, SOG [51] and UV projection [65, 86]. How-
ever, all these methods are limited to static 3D scenes. For
4D volumetric videos a naive sequence of static representa-
tions would still be too large.

Recognizing this, some recent works [15, 83] transfer
ideas from 2D video coding to volumetric videos. However,
due to the unstructured nature of regular 3DGS attributes,
these methods have relatively large compression losses, or
heavy computational requirements. Structured UV projec-
tion methods [65, 86] are promising since they can then
be combined with existing image or video coding methods.
However, projecting an already-optimized 3DGS into a UV
map is lossy and computationally redundant.

Our PackUV representation, together with our native
PackUV-GS �tting method, overcomes these limitations by
directly producing a sequence of UV atlases that are fully
compatible with existing lossless (and lossy) video cod-
ing methods (e.g., HEVC, AVC, FFV1). In addition, our
method can handle arbitrary length sequences while pre-
serving temporal consistency under large motions and dis-
occlusions.

3. Preliminaries

We �rst provide a brief background on 3D Gaussian Splat-
ting [32] and UVGS [65] as our method builds upon them.

3D Gaussian Splatting ((3DGS)) [32]: 3DGS is a repre-
sentation of 3D shape and appearance consisting of a set of
Gaussian primitives with a position � 2 R3, and covariance
�. Additionally, each 3D Gaussian primitive explicitly en-
codes view-dependent appearance via spherical harmonics
(SH) coef�cients c and an opacity value o 2 R. These at-
tributes are optimized by minimizing the loss between the
rendered and reference images. To render a viewpoint, the
Gaussians are projected as 2D splats and combined with �-
blending using a tile-based rasterizer.

UV-based Point-to-Image Transformation. The origi-
nal 3DGS representation consists of an unstructured set of
permutation-invariant primitives. This unstructured nature
poses challenges for downstream tasks, particularly when
dealing with thousands or millions of Gaussians.

UVGS [65] addresses this by introducing a structured
UV-based point-to-image transformation that reformulates
3D Gaussians from an unordered set into a spatially orga-
nized UV image via spherical projection. Each Gaussian gi

centered at �i = (x i ; yi ; zi ) is transformed into spherical
coordinates (�i ; � i ; � i ), where

� i =
p

x2
i + y 2

i + z 2
i , � i = tan �1 (yi ; x i ), and

� i = cos�1
�

zi
� i

�
. The azimuthal angle �i and polar

angle � i are normalized to discrete UV coordinates in a map
of size M � N:

ui =
�

� + � i

2�
� M

�
; vi =

�
� i

�
� N

�
: (1)

Since multiple Gaussians may project to the same UV co-
ordinate, UVGS uses multiple layers (K layers) to store top
primitives, ordering them by opacity o within each pixel.
The �nal UV mapping is f : UVCoords�LayerIdx ! R D ,
where D encompasses all Gaussian attributes: f (u; v; k) =
f�; r; s; o; cg 2 R D :

The transformed UVGS representation introduces spatial
coherence and resolves the permutation invariance problem.
Interestingly, due to opacity-based sorting during the Gaus-
sian mapping process, UVGS can effectively recover the
surface-level Gaussians. The capability to represent a set
of 3D Gaussian primitives in 2D while preserving surface-
level details is of particular importance to our work.

However, it should be noted that this post-optimization
UVGS mapping is highly lossy, since it projects only the
Gaussian centers (mean positions) onto the UV space. As a
result, it performs well for simple 3D objects but applying
this post-hoc transformation to pretrained 4D Gaussian se-
quences often degrades visual quality, causing missing de-
tails and temporal inconsistencies (see supplementary).



Figure 2. (Top) Three UV-map organization strategies: (a) na�̈vely stacking UV layers (deep layers become more and more sparse); (b) a
geometric-progression UV pyramid (more uniform sparsity with less storage); (c) PackUV, which packs all pyramid layers into a single
UV atlas for ef�cient, codec-friendly processing. (Bottom) We propose PackUV-GS, a new representation based on 3DGS with a discrete
spatial distribution constraint via UV �tting. It uses multiple-layer UV images to store the Gaussian attributes during 3DGS �tting. To
constrain the 3D Gaussians located on the discrete rays, we propose a UV-based Adaptive Density Control. We also use a stream-based
training schema based on keyframes (image with yellow border).

4. Method

Our goal is to retain the structural bene�ts of UV map-
ping, preserve 3DGS's strong reconstruction quality, and
capture 4D dynamic scenes. To achieve this, we �rst pro-
pose PackUV– a novel representation that combines a UV
mapping strategy with progressive downscaling to represent
4D volumetric video. Second, we propose a novel �tting
method, PackUV-GS (Section 4.2) that uses optical �ow
based keyframing and Gaussian labeling to ensure smooth
and lossless temporally-consistent reconstruction over long-
horizon videos. Our approach ensures ef�cient represen-
tation, accurate reconstruction, and scalability to arbitrary
length in complex dynamic environments.

4.1. PackUV Atlas

Pyramid UV Mapping: While direct UV optimization
produces structured Gaussian maps, storing all K layers
at uniform resolution M � N incurs signi�cant memory
overhead—particularly problematic for high-resolution dy-
namic sequences. However, we made an important obser-
vation: after sorting by opacity, deeper layers (higher K)
contain progressively fewer visible Gaussians due to oc-
clusion and opacity-based sorting across datasets (more de-

tails in the supplementary). This means that not all layers
are equally important, and we can therefore adopt a pro-
gressive, pyramid-like representation (see Figure 2, top).
Instead of storing all K layers at base resolution M0 � N 0,
we apply geometric downsampling that alternates dimen-
sion reduction:

(M k ; Nk ) =

8
><

>:

(M 0; N0); k = 0
(M k�1 ; Nk�1 =2); k odd
(M k�1 =2; Nk�1 ); k even

:

As shown in Figure 2 (b), this pattern, fM0 � N 0, M0 �
N0=2, M0=2 � N 0=2, M0=2 � N 0=4, . . . g, re�ects increas-
ing sparsity in deeper layers.

UV Atlas Layout To maximize compactness, we pack the
K progressive layers into a single texture atlas A via re-
cursive subdivision in layout that resembles a quadtree [99]
(see Figure 2 (c)):

• Layer 0: Occupies right region at full resolution M0 �N 0.
• Layers 1–2: L1 (rotated 90� CCW) and L2 (horizontal)

subdivide the left region.
• Layers 3+: Continue recursive packing rightward of L2,

alternating orientation (odd layers rotated, even horizon-
tal) at progressively �ner resolutions.



This packing technique achieves 88.5% ef�ciency (utilized
pixels / total atlas pixels) while signi�cantly outperforming
grid (�60%) or pyramid (�75%) layouts. The atlas dimen-
sions we use are:

WA = N 0 +
K�1X

k=1

Nk ; HA = max
k

M k :

Finally, to represent volumetric video, we assemble a
continuous sequence of such UV atlases, each one repre-
senting 1 video frame. PackUV is seamlessly integrated
into our training pipeline: during optimization, UV maps
are maintained at their respective progressive resolutions,
and upon convergence, layers are packed into the atlas for
ef�cient storage and streaming (Section 4.2).

4.2. PackUV­GS Fitting

The goal here is to ef�ciently �t PackUV directly from
multiview videos using optical-�ow-based keyframing and
Gaussian labeling to handle large motions, disocclusions,
and maintain temporal consistency.

Fitting UV Maps Directly. Instead of �rst �tting 3DGS
and then projecting to the UV space [65], we optimize
the scene Gaussians directly within UV space with �xed
spatial resolution and predetermined layer count (K). Let
U 2 RM�N�K�D denote the UV maps, where M � N de-
�nes the UV grid resolution, K is the number of layers per
pixel, and D encodes all Gaussian attributes:

U[ui ; vi ; k] = g i = f� i ; r i ; si ; oi ; ci g 2 RD : (2)

This direct optimization not only preserves the structural
bene�ts for downstream tasks but also enforces Gaussian
sparsity through the discrete UV grid structure.

4.2.1. Video Keyframing

To ef�ciently �t given synchronized multi-view videos with
T frames, represented as a set fVn gN

n=1 , where N is the
total number of views. We divide each video into s set of m
temporal segments. To do so, for each frame t, we compute
the optical-�ow magnitude M(t) on one video, select the
top (m � 1) magnitude peaks with a minimum separation
�, and use the �rst frame of every segment as a keyframe.
These keyframes de�ne the segment boundaries. For each
keyframe FK

i , the PackUV Gaussians are initialized from
the previous keyframe which preserves temporal and spatial
consistency. The frames between keyframes are treated as
transition frames. Each transition frame Ft is initialized
from the preceding frame and re�ned with a few training
iterations compared to FK :

G(K)  Update(G(K � 1)) ; G(t)  Update(G(t � 1)) :

This staged, stream-based strategy enables ef�cient re-
construction of high-�delity dynamic scenes while allow-
ing us to parallelize the �tting process. Frames exhibiting

high drift, occlusions/disocclusions, or appearance breaks
are promoted to keyframes. This keyframing technique
helps us handle arbitrary length sequences, large motions,
and disocclusions without quality degradation over time.
More details are given in the supplementary.

4.2.2. Gaussian Labeling

On top of sequential keyframing pipeline for dynamic
Gaussian splatting, we also use optical �ow to isolate dy-
namic regions and freezes static Gaussians during optimiza-
tion. Flow is computed per camera via RAFT [74], and
a CUDA-accelerated covariance-aware projection robustly
determines which 3D Gaussians overlap with �ow-detected
dynamics. The approach improves temporal stability and
training ef�ciency on multi-sequence videos while preserv-
ing static backgrounds.

Optical Flow and Binary Motion Masks. For each cam-
era view c, we estimate forward optical �ow Fc(t�1)!t be-
tween consecutive frames (Ic

t�1 ; I c
t ) using RAFT [74]. We

form a binary motion mask by thresholding the �ow mag-
nitude and dilating to include local context:

M c
t (p) =

(
1; kFc

t�1!t (p)k 2 > �;

0; otherwise:

M c
t  dilate

�
M c

t ; r
�

:

� is the �ow magnitude threshold and r the dilation radius.

Covariance-Aware Gaussian Masking: Each Gaussian
gi has mean �i 2 R3, diagonal scales si 2 R3, and rotation
q i (unit quaternion). Its 3D covariance is represented using
R(�) is the rotation matrix and S(s) = diag(s) [32].

Let T c denote the camera c's view transformation matrix
and Jc(�) its 2 � 3 Jacobian evaluated at the camera-space
mean. Following EWA splatting [102], the 2D covariance
of gi in image space is

� 2D
i;c = J c � 3D

i;cam J>
c ; � 3D

i;cam = T c � 3D
i T >

c : (3)

We then project the mean to normalized device coordi-
nates (NDC), obtain pixel coordinates mi;c 2 R2, and test
overlap with the motion mask using the Mahalanobis met-
ric [47]. A pixel p is inside the ellipse if

d2(p; m i;c ; � 2D
i;c ) = (p�m i;c )> �

� 2D
i;c

� �1
(p�m i;c ) � 9 :

A Gaussian is marked dynamic for camera c if any pixel
within a radius derived from the ellipse's largest eigenvalue
satis�es Mc

t (p) = 1:

D i;c =
_

p2E i;c

M c
t (p) ; E i;c = fp j d 2(p) � 9g : (4)

The �nal dynamic mask across cameras is an OR aggrega-
tion:

D i =
_

c2C

D i;c :
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