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Abstract

Human avatars, defined as animatable 3D digital people, have di-
verse applications, including teleconferencing, motion guidance,
remote care, and gaming. With the widespread adoption of smart
mobile devices, the demand for real-time viewing of dynamic dig-
ital humans on mobile platforms has grown significantly. However,
existing avatar reconstruction methods, such as MagicStream and
ExAvatar, struggle to produce high-fidelity avatars from monocu-
lar videos captured by mobile devices. Furthermore, most related
research focuses on individual algorithmic components and does
not provide an end-to-end pipeline that jointly addresses avatar
reconstruction, 4D data transmission, and mobile rendering. In this
work, we introduce HoloMobile, the first end-to-end mobile avatar
system with two key capabilities: (1) High-fidelity avatar reconstruc-
tion from monocular videos captured on mobile phones, using a
hybrid explicit-implicit model. (2) Efficient polynomial compression,
transmission, and web-based rendering of dynamic 3D avatars on
mobile devices. With avatar reconstruction performed on a PC or
cloud with a single consumer-grade GPU, HoloMobile provides an
end-to-end solution for mobile users: from data capture to stream-
ing and real-time viewing. Evaluation on 20 self-captured avatars
reveals that HoloMobile achieves an average PSNR of 30.36 dB, a
compression rate of 99.57%, and over 200 FPS for mobile rendering,
demonstrating superiority over existing baselines. The demo video
of HoloMobile is available at https://youtu.be/kfOFV7AiP5A.
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1 Introduction

Mobile devices, including smartphones, tablets, and head-mounted
displays, are becoming increasingly capable platforms for immersive
visual communication. Recent advances in neural rendering [35]
and 3D Gaussian Splatting (3DGS) [21] have made high-quality 3D
content creation more practical. However, realistic human represen-
tation remains a key missing piece for mobile applications such as
remote care, teleconferencing, training, and gaming. In these sce-
narios, 2D video and stylized avatars are often insufficient: 2D video
fixes the viewpoint and limits interaction, while stylized avatars
fail to faithfully preserve identity, appearance, and subtle nonverbal
cues. Photorealistic 3D human avatars are therefore important for
enabling viewpoint-free, immersive, and identity-preserving experi-
ences on mobile devices. Despite this need, existing human avatar
systems [3, 5, 39] largely assume controlled capture environments
and desktop-class GPUs. They often rely on multi-view camera ar-
rays, expensive reconstruction pipelines, or heavyweight rendering
methods, making them impractical for everyday mobile use. We aim
to design a mobile-first avatar system that allows users to create and
experience high-fidelity 4D digital humans from monocular videos
captured on commodity phones.

In this paper, we propose HoloMobile!, the first mobile-oriented
avatar system that builds photorealistic avatars from monocular
captures and enables real-time rendering on diverse mobile devices,
as shown in Fig. 1. HoloMobile comprises three core components: (1)
monocular avatar reconstruction, (2) 4D human sequence compres-
sion, and (3) on-mobile rendering of dynamic human avatars. Users
capture a monocular video using mobile devices and then upload it
toaPC or cloud server to reconstruct a high-fidelity human avatar in
a 3DGS representation. Once the avatar is reconstructed, it becomes
a digital twin of the human, serving as a reusable asset with unlim-
ited longevity. The avatar can be animated using various motion
sources, such as real-time visual capture [7, 24], Al-generated mo-
tions [16, 54], retrieval from predefined motion libraries [34, 44], or
user customization. The resulting 4D sequence is then compressed
for efficient transmission, and our mobile rendering module en-
ables interactive viewing across diverse applications, for example,
free-viewpoint dance learning on a tablet at home or immersive, face-
to-face 4D conversations with family members using VR headsets.

Designing such a system raises the following challenges.

+Challenge 1: Accessible high-fidelity avatar reconstruction. Human
avatar reconstruction has been a long-standing challenge [18, 43,
50, 58]. Recently, 3DGS has become the dominant representation for
human avatars due to its ability to deliver high-quality, real-time ren-
dering. However, most existing 3DGS-based avatar reconstruction

! HoloMobile denotes holographic mobile avatar system, designed to deliver high-
fidelity, animatable 3D human representations on mobile devices.
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Figure 1: HoloMobile is a mobile-oriented system that enables
users to customize and view dynamic avatars, supporting var-
ious applications such as teleconferencing, training, remote
care, and gaming. The avatar can be created from mobile-
captured monocular video, compressed for efficient transmis-
sion, and rendered interactively on various mobile devices.

Conference Trainer Remote Care Game

methods [1-3, 38, 40] require large-scale camera-array facilities, typ-
ically hundreds of synchronized cameras in known and static poses.
This requirement limits accessibility for ordinary users, who aim to
reconstruct customized avatars using monocular videos captured
on mobile phones. Monocular avatar methods [17, 23, 37] remove
the need for camera arrays, but still fall short of high fidelity under
challenging conditions with diverse clothing and rapid motion. A
major limitation is their reliance on parametric human body models
such as SMPL [33], which parameterize motion using 24 joints. This
low-degree-of-freedom parameterization cannot fully capture com-
plex real-world dynamics, including muscle bulging, cloth wrinkles,
and nuanced facial expressions.

«Challenge 2: Efficient transmission and mobile rendering of human
avatars. Avatars generate dynamic human sequences driven by mo-
tion sources, such as motion capture, Al-generated motions, or user
control, selected based on the specific application. These sequences
must be efficiently streamed to client devices. In a 3DGS-based set-
ting, the content becomes a time-varying 3D Gaussian points se-
quence (4D data). A naive baseline that sends per-frame 3D Gaussian
parameters leads to prohibitive bandwidth usage (e.g., tens of giga-
bytes for a short sequence), making real-time streaming infeasible.
V3[53] encodes Gaussian attributes into an MP4 video format, signif-
icantly reducing data size but still resulting in bandwidth-intensive
streams for longer sequences. MagicStream [3], which leverages an
SMPL-based representation and neural rendering, transmits only
parametric SMPL poses and performs avatar inference and neural
rendering locally, drastically reducing network load. However, this
approach requires powerful locally deployed GPUs to run the neural
network for rendering. Beyond transmission challenges, mobile ren-
dering of long, dynamic 3DGS sequences also presents significant
difficulties. Existing 3DGS pipelines are primarily optimized for desk-
top GPUs with CUDA-based rasterizers. Current web viewers [20, 25]
support only static 3DGS in browsers, while per-frame 3DGS render-
ing incurs high data I/O overhead and leads to temporal flickering.

To address these challenges, we propose several novel approaches
in HoloMobile. To overcome the limited expressiveness of parametric
body models, we propose a hybrid explicit-implicit reconstruc-
tion framework. We incorporate an implicit pose model to enhance
motion modeling and handle challenging variations. The implicit

507

Y. Heetal.

pose parameters are constrained within a normal distribution, serv-
ing as aprior for these variations. This probabilistic modeling ensures
that the common human appearances are captured, and the implicit
pose parameters can be set to zero during inference. Furthermore,
we optimize the base 3DGS shape progressively, sculpting it from
coarse to fine by progressively unmasking features defined on multi-
resolution hash grids. This gradual process enhances the quality and
precision of reconstruction.

Based on the observation that human motion is continuous but
varies in temporal intensity, we propose an adaptive splitting and
polynomial compression method. The dynamic 3DGS sequence is
adaptively split into segments using graph modeling and a minimal-
cost path algorithm. Within each segment, the 3DGS trajectories are
compressed using cubic polynomials. This adaptive segmentation
identifies an optimal splitting strategy, grouping smoother motions
within a single segment while isolating segments with more intense
or rapid motion. Compared to per-frame 3DGS transmission or even
splitting, our method achieves a significantly 99.57% compression
ratio with minimal error, enabling faster and more efficient trans-
mission of dynamic human avatars to mobile devices.

To enable cross-platform rendering, we develop a web-based
dynamic 3DGS rendering module specifically designed for mo-
bile devices. Over time, the cubic polynomial data are sequentially
loaded and applied based on the segment’s order and time length.
The positions of the human 3DGS are computed in real-time using
the polynomial values corresponding to the current timestamp. The
rendering tools provide users with interactive controls, allowing
them to freely adjust the viewpoint, playback speed, and timeline
of the dynamic human scene. This enables users to explore different
views, review specific parts of the motion, slow down the display for
learning, or jump and replay segments.

In summary, our main contributions are as follows:

e We propose HoloMobile, an end-to-end mobile-oriented sys-
tem that reconstructs high-quality human avatars from monoc-
ular smartphone videos, efficiently compresses 4D human
data and renders them on mobile devices, enabling a range
of downstream applications.

e A hybrid explicit-implicit motion model to achieve high-
fidelity reconstruction with monocular input.

o Anadaptive splitting and polynomial compression scheme for
dynamic 3DGS sequences, together with a web-based 3DGS
rendering module that supports cross-platform, real-time
rendering on mobile devices.

e We conduct extensive experiments on both public and self-
captured datasets, demonstrating that HoloMobile achieves
an average PSNR of 30.36 dB, a compression rate of 99.57%,
and over 200 FPS for mobile rendering.

2 Related Work

Monocular Human Avatar Reconstruction. Reconstructing high-
fidelity human avatars traditionally relied on calibrated multi-view
RGB or RGB-D camera arrays [1-3, 38, 40, 46, 66], which provide
strong geometric supervision but are impractical for general-purpose
applications. For monocular video inputs, recent methods can be
roughly grouped into mesh-based, NeRF-based, and 3DGS-based
approaches. Mesh-based methods improve efficiency and drivability,
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but often struggle to preserve clothing wrinkles and subtle facial
appearance because they are tied to explicit surface topology [56].
NeRF-based methods extend articulated neural radiance fields to
dynamic humans [10, 17, 18, 43, 50], producing detailed implicit
representations from single videos, but they still face challenges in
rendering efficiency and practical real-time deployment. More recent
monocular 3DGS-based methods improve rendering speed and visual
quality through animatable Gaussians, deformable Gaussian avatars,
and pose-dependent appearance modeling [11, 13, 14, 23, 37, 45, 60].
Despite this progress, monocular methods in all three categories
remain constrained by low-degree-of-freedom body priors and of-
ten struggle with pose-dependent deformation, fine appearance
details, and out-of-distribution motion. A recent concurrent work,
HRM?Avatar [47], is closest to our setting: it reconstructs high-
fidelity avatars from monocular phone scans and supports real-time
mobile rendering. Compared with HoloMobile, however, it assumes
a two-stage phone scanning protocol, uses a clothed mesh-driven
illumination-aware Gaussian representation, and targets fully GPU-
driven on-device rendering. In contrast, HoloMobile focuses on end-
to-end mobile delivery: after reconstructing a reusable avatar from a
short monocular video, we generate motion-driven 3DGS sequences,
compress them for transmission, and render them directly on het-
erogeneous mobile clients through a lightweight web pipeline.
Mobile Volumetric Video System. Another line of work studies
how to capture, transmit, and render immersive 3D content on mo-
bile devices under bandwidth and latency constraints. Early systems
improve mobile free-viewpoint video delivery through visibility-
aware fetching, multiview transcoding, neural enhancement, and
multi-user bandwidth sharing [12, 31, 32, 62]. Closely related telep-
resence systems reduce communication cost through octree-based
volumetric streaming, topology-aware alignment, semantic com-
munication, and 2D-inferred delta encoding [3, 9, 26-28, 59]. These
works are highly relevant from a mobile-systems perspective, but
they primarily focus on end-to-end communication and delivery of
captured volumetric content or communication-oriented proxies,
rather than a reusable avatar reconstructed once from a monocular
mobile video and later re-driven by arbitrary motions.

3DGS Delivery and Mobile Rendering. Recent works have further
studied how to make 3DGS/4DGS content easier to deliver under
bandwidth and device constraints. For static scenes, LapisGS [48],
L3GS [52], and SGSS [67] support adaptive 3DGS delivery for 6-DoF
navigation by transmitting scene-oriented Gaussian subsets or lay-
ers based on viewpoint and bandwidth. For dynamic scenes, LTS [51]
extends DASH-style streaming to dynamic 3DGS, V* [53] converts
dynamic 3DGS into 2D Gaussian videos for hardware codecs, and
Vega [22] targets mobile volumetric video streaming with selective
computation. These systems primarily stream captured dynamic
scenes, whereas our unit of transmission is a motion-driven avatar
sequence whose per-Gaussian trajectories remain semantically tied
to the same reusable avatar. Avatar-specific mobile execution is more
limited. SqueezeMe [15] distills Gaussian full-body avatars for on-
device animation and rendering, while EdgeGaussian [19] studies
edge-client collaborative rendering for mobile-VR free-viewpoint
video rather than reusable avatars. Compared with these methods,
HoloMobile makes a different systems tradeoft: instead of relying on
distilled on-device inference or edge-assisted neural rendering, it
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pushes neural computation to the server and streams a directly ren-
derable representation that can be decoded linearly in the browser.
Related 4DGS methods, including Spacetime GS [30], 4DGS [57],
1000+ FPS 4DGS [61], and MEGA [65], focus on general dynamic-
scene representation, efficiency, or memory reduction. Technically,
they absorb temporal redundancy into learned spacetime features,
deformation fields, lifespan modeling, or compact predictors. In con-
trast, HoloMobile does not learn a generic 4D scene representation
for rendering-time deformation. It starts from a monocularly recon-
structed reusable avatar, generates motion-driven 3DGS sequences
offline or online, and compresses them with adaptive segmentation
and polynomial trajectory fitting for heterogeneous mobile clients.

3 Background and Motivation

3.1 Background

3D Gaussian Splatting. 3DGS [21] has emerged as the mainstream
3D representation method, surpassing earlier explicit representa-
tions such as meshes, point clouds, voxels, and implicit neural ra-
diance fields. This is due to its fast rendering speed, high-quality
outputs, and efficient fitting to given observation views. 3DGS rep-
resents 3D scenes using Gaussian kernels with varying colors and
decaying opacity distributed in 3D space. Millions of Gaussian parti-
cles can flexibly adapt to any target object, enabling the rendering of
high-fidelity images from novel viewpoints. Due to its exceptional
visual quality and fast rendering speed, it has become one of the
most popular techniques for representing 3D objects.

Let us define a set of N Gaussians as {G,,n € [N]}. Each Gaussian
primitive is represented as G, = (1in,Sn,qn:Cn), where pi, € R is the
center position, s, € R*> are the scaling parameters along the three
axes, qn € R* is a unit quaternion representing the rotation matrix
R, and c,, € R? is the color of the Gaussian. For simplicity, we use
the Gaussian’s color attribute instead of view-dependent Spherical
Harmonics to model its appearance. The 3D Gaussian distribution
can be expressed as:

G(x)=e~ 2 (=T (xp) )
where =RSSTRT is the covariance matrix.

Rendering 3D Gaussians. To render a set of Gaussians into a 2D
image from a target viewpoint, we project the 3D Gaussians onto
a 2D image plane. Following Zwicker et al. [68], we use the EWA
projection to map the 3D Gaussian distribution to a 2D Gaussian.
This projection leverages the extrinsic view transformation matrix
W and the intrinsic projection matrix J of the center point:

Soa=JWEWTJT. (2)

The color of each 2D Gaussian is then blended from front to back,
with opacity determined by the Gaussian density at each pixel. The
rendered image, Ijs, is compared with the ground truth image, I,
to compute the loss. This loss is used to optimize all Gaussian at-
tributes, enabling high-fidelity reconstruction of the captured static
or dynamic scenes.

Parametric Body Model. SMPL [33] is the most widely used full
human body model for human avatar parameterization. Its exten-
sion, SMPL-X [42] is a unified parametric human body model with
shape parameters trained jointly for the face, hands, and body. It
uses standard vertex-based linear blend skinning (LBS) [29] with
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learned corrective blend shapes, and comprises 10475 vertices and
54 joints, including joints for the neck, jaw, eyeballs, and fingers. The
model is parameterized by pose 8 € R**(***1) shape § € R1®°, and
facial expression 1 € R, and its geometry is defined as:

M(B.0,9) =W (T,(B.0.9).T (p).6,W) ®)

where W (.) is the standard LBS function, T, represents the posed
template, 7 is the joint regressor, and W denotes the blend weights.

3.2 A Motivation Study

HoloMobile targets an end-to-end mobile pipeline that reconstructs
a high-fidelity human avatar from a monocular phone video and
delivers animatable 3D humans efficiently to mobile clients. Existing
methods still fall short in two coupled aspects: they cannot reliably
recover high-fidelity avatars from casual monocular captures, and
they lack an efficient representation for streaming long dynamic
human sequences to resource-constrained devices.
Monocular Human Avatar Reconstruction. High-fidelity hu-
man avatar reconstruction is essential for applications that require
realistic human representations. While multi-view videos provide
sufficient supervision for full-body reconstruction and are commonly
used in previous avatar reconstruction methods [3, 5, 27, 53], they
often rely on depth sensors for more direct geometric supervision.
However, such systems require carefully calibrated, synchronized
camera arrays arranged on frames, which are expensive, complex to
maintain, and unsuitable for in-the-wild or casual usage scenarios.
Monocular videos captured with mobile devices eliminate this
hardware barrier. Nevertheless, existing methods based on monocu-
lar video still struggle to produce satisfactory results on challenging
real-world sequences with large motions, diverse clothing, and ex-
pressive faces. To address this limitation, we propose a powerful
avatar model that makes the system more practical and accessible
through mobile data capture. We identified that the primary limi-
tation of these methods lies in their heavy reliance on parametric
models such as SMPL/SMPL-X to represent human shape and motion.
While these models simplify the reconstruction process, they impose
rigid constraints on the degrees of freedom, restricting the ability
to capture diverse body shapes, subtle facial expressions, and fine-
grained clothing textures. Consequently, these methods frequently
fail in human videos with inconsistent and complex appearances,
resulting in blurry reconstructions, loss of detail in clothing, and
unrealistic facial reconstruction. To better understand these limi-
tations, we qualitatively evaluate three representative monocular
methods, InstantAvatar [17], HUGS [23], and ExAvatar [37], along-
side a multi-view telepresence system, MagicStream [3], using only
single-view data (see Sec.6 for details). As shown in Fig. 2, monocular
methods struggled to preserve high-frequency details, especially in
critical regions such as faces and clothing. This degradation stems
from their inability to effectively model fine-grained textures and
dynamic variations. These findings underscore the need for a novel
approach that achieves high-fidelity reconstruction from monocular
videos without solely relying on the parametric priors.
Compressed Transmission and Delay. Once the avatar is recon-
structed, each new motion induces a dynamic 3DGS sequence that
must be delivered from the server to the mobile client. The system’s
challenge is to preserve avatar fidelity while keeping transmission
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Figure 2: Qualitative comparison of HUGS [23], InstantA-
vatar [17], ExAvatar [37] and MagicStream [3].

size and processing latency low enough for interactive playback. Ex-
isting solutions occupy very different points in this trade-off space.
One natural baseline is to transmit a canonical avatar once and then
stream only SMPL poses or small residual updates. However, ex-
isting 3DGS avatar pipelines [23, 37] rely on neural inference to
animate 3DGS from SMPL parameters. As a result, this design shifts
the burden to the client: reconstructing high-fidelity Gaussians from
pose parameters still requires neural inference, while residual traffic
grows quickly for large motions and pose-dependent clothing de-
formation. The baselines below illustrate these trade-offs. Another
baseline is per-frame 3DGS, which transmits raw Gaussian attributes
without compression, resulting in a prohibitively high transmission
cost of 23.16 GB for a 600-frame sequence of yoga motion. V* [53]
encodes Gaussian attributes into a 2D Gaussian video, lowering trans-
mission to 863.95 MB, though still bandwidth-intensive. V-PCC [8]
decomposes point clouds onto multiple planes and compresses them
using standard 2D video codecs (e.g., HEVC). It achieves the highest
compression efficiency at just 480 KB, but its 70+ hour encoding
latency makes it impractical for real-time use. In a setup utilizing
locally deployed GPUs instead of mobile rendering, MagicStream [3]
infers the avatar and neural rendering models locally, significantly
reducing the data transmission size to 2.79 MB with SMPL param-
eters. However, due to its reliance on a large U-Net model for neural
rendering and the absence of an efficient 3DGS representation, it
still experiences a model inference delay of approximately 67ms on
an NVIDIA RTX 3090 GPU.

Summary. Overall, existing methods fail to meet the specific re-
quirements of a mobile-oriented system: achieving high-quality
avatar reconstruction from mobile-captured monocular videos and
delivering real-time avatar experiences through mobile rendering.
They either rely on specialized multi-view capture setups, incur
prohibitive bandwidth or encoding costs when streaming dynamic
3D content, or depend on heavyweight GPU rendering pipelines that
exceed the capabilities of commodity mobile devices. HoloMobile
addresses these gaps with (1) high-fidelity monocular avatar recon-
struction beyond parametric-model limitations through a hybrid
explicit-implicit design and per-Gaussian offset parameterization,
(2) compact and streamable dynamic 3DGS representations tailored
to avatar motion, and (3) real-time, web-based rendering on everyday
mobile devices. In the following section, we introduce each com-
ponent of HoloMobile and explain how they contribute to building
a mobile-friendly system, from data capture to final rendering, to
achieve the objectives listed above.



HoloMobile: Photorealistic Avatar on Mobile via Compact Dynamic Gaussians

MobiSys *26, June 21-25, 2026, Cambridge, United Kingdom

Hybrid Explicit-Implicit Animated High-Fidelity Human Adaptive Polynomial Gaussian
Driven Avatar (Sec. 4.2) Gaussian Sequence Sequence Compression(Sec. 4.3)
Explicit Implicit Adaptive Segment
SMPL Model || Motion Model . Slraagh IModelmg
R \& [ © olver
1k f/@« @ T
Position
Polynomial
Compression
Time Server
¢ ( rT T T T T T TNV T T T T 1
I I | Output
i I 1 1Leee Web Browser . !
I \\
! : I : y .\, ebGL] > I
|
. 1 58 10|
| ! |
. i P ” E @@) I
I : I <5®> 374 WebXR . % I
| ! |
|
: . : Mobile Rendering for Dynamic !
| Captured Generated Retrieved II I Gaussian (Sec. 4'4)
R D e — 1

@ Offline Avatar Construction

@ Online Animation

@ Mobile Rendering

Figure 3: The system overview of HoloMobile. (T) Offline avatar construction: from a monocular mobile video, we reconstruct a 3D
human avatar using a hybrid explicit--implicit model that combines SMPL-X drivability with 3DGS photorealism. (2) Online
animation: the avatar is driven by captured, AI-generated, or retrieved motions to form a high-fidelity dynamic Gaussian sequence.
(3 Mobile rendering: the sequence is adaptively segmented and polynomially compressed on the server, then transmitted and
rendered in real time on mobile devices via web-side sorting and rasterization.

4 Design of HoloMobile
4.1 Overview

As illustrated in Fig. 3, given a mobile-captured monocular video
of a human, HoloMobile learns a Gaussian representation to render
the video from arbitrary viewpoints on various mobile devices. Ad-
ditionally, it enables animating the avatar to perform a wide range
of movements. The workflow consists of two temporally distinct
stages. The first is a one-time offline avatar construction stage: a
short monocular capture is uploaded to a server, which reconstructs
areusable canonical avatar. The second is an online animation and
streaming stage: the reconstructed avatar is driven by live, retrieved,
or Al-generated motions and then streamed to the client without
repeating reconstruction. To construct a high-fidelity human avatar,
we propose a novel hybrid explicit-implicit modeling approach.
This approach integrates the parametric SMPL-X model for explicit
pose control with an implicit motion model to capture subtle defor-
mations and motions beyond the scope of SMPL-X. For real-time
rendering with interactive view adjustments on mobile devices, we
introduce an adaptive compression algorithm and a web-based ren-
dering method tailored to the compressed representation. Dynamic
3DGS sequences are segmented using graph modeling and a dynamic
programming solver, followed by polynomial fitting to achieve a
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compact representation. These compressed sequences are then trans-
mitted to mobile devices, where they are rendered and viewed by
users. HoloMobile supports two deployment modes. In the Video-
on-Demand (VoD) mode, a motion sequence is pre-animated on the
server, compressed into a compact polynomial 3DGS representation,
and delivered to the mobile client on demand. In the On-the-Fly
real-time streaming mode, the server receives live motion capture
or Al-generated pose parameters, animates the avatar in real time,
compresses each segment incrementally, and streams it to the client
with minimal latency. This architecture enables both asynchronous
avatar delivery and synchronous bidirectional interaction, covering
the full range of application requirements from pre-recorded fitness
guidance to live teleconferencing.

Putting it all together, our end-to-end system captures a person
with a single mobile camera, reconstructs an animatable high-fidelity
avatar on a server, compresses its dynamic 3DGS sequence for effi-
cient streaming, and finally delivers real-time, interactive rendering
and control on various mobile devices.

4.2 Hybrid Explicit-Implicit Driven Avatar

In line with recent works [13, 18, 37], we leverage the explicit SMPL
model to control human motion using interpretable skeletons and
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Figure 4: Overview of our coarse-to-fine shape sculptor and
hybrid explicit-implicit motion model.

skinning weights. Gaussians are bound to the shape surface and
move according to the SMPL model’s controls. The canonical shape
of SMPL represents a human in a rest pose, with shape variations
controlled by the f parameter. However, the diversity of real-world
human shapes often exceeds the representational capacity of f. Sim-
ilarly, the motion parameters 6 in SMPL lack the flexibility required
for precise motion reconstruction. Real-world variations, such as
garment wrinkles and dynamic muscle deformations, introduce in-
consistencies in geometry and appearance, often resulting in blurry
reconstructions. To address these limitations in shape and pose rep-
resentation, we propose: (1) a coarse-to-fine shape sculptor model to
handle diverse human shapes and (2) an implicit motion model with
alearnable latent pose assigned to each video frame, as illustrated in
Fig. 4. These innovations enable our method to achieve significantly
higher-quality Gaussian reconstructions of humans compared to
existing approaches.

4.2.1  Explicit SMPL Model. We use the SMPL [33] model to rep-
resent body pose, while hand articulations are modeled using the
corresponding parameters in its extended version, SMPL-X [42]. The
SMPL-X model includes a shape parameter vector € R!°, which
models the shape of a canonical human body, and a pose parameter
vector 6 € R**3, which represents the 3D rotations of 54 joints in the
human skeleton. The pose parameters control the deformation of
a SMPL-X mesh with N =10475 vertices using linear blend skinning.
To achieve a higher vertex resolution, we apply subdivision [49]
twice, increasing the vertex count to N =167390. Each vertex is then
equipped with a Gaussian primitive, which deforms alongside the
vertices to enable various poses.

4.2.2  Coarse-to-fine Shape Sculptor. The SMPL surface usually does
not perfectly align with real human bodies, even in the same zero-
pose, due to the diversity in clothing and body shapes. To address
this challenge, we leverage features stored in a hash table, indexed
by multi-resolution grids, to model these variations in body shape.
In our approach, Gaussians are allowed to move with offsets in the
zero-pose canonical space, enabling them to flexibly fit the target hu-
man shape in a coarse-to-fine manner, thereby avoiding overfitting.
For a 3DGS, its base position, defined as the corresponding vertex
on the zero-pose mesh, is used to retrieve features from the hash
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table. These features are indexed by the 8 grids of the voxel to which
the vertex belongs. The features from these grids are tri-linearly
interpolated to obtain a final feature representation. Multiple grids
at different resolutions are used, and their features are concatenated
from coarse to fine. During training, features from the coarsest grids
are unmasked first, while features from higher-resolution grids are
progressively unmasked. The features retrieved for each Gaussian
are fed into a neural network to predict offsets relative to the base
body shape. In the early stages of training, when only low-frequency
features are active, all Gaussians share spatially similar features,
allowing the model to learn spatially continuous and smooth offsets.
During this phase, the model captures large-scale residuals of the
target shape. As training progresses and higher-frequency features
are unmasked, the Gaussians gain greater flexibility, enabling them
to adapt to finer details of the target human body. This hierarchical
design allows the model to fit the target shape with high precision,
effectively overcoming the limitations of the SMPL j parameter.

4.2.3 Implicit Motion Model. While the coarse-to-fine shape sculp-
tor significantly improves shape fitting, the motion of the human
avatar remains constrained by the linear blend skinning (LBS) of the
SMPL model. This limitation stems from the SMPL motion param-
eters 6, which govern limb transformations based on joint rotations.
As aresult, the SMPL model struggles to capture finer and more flex-
ible real-world motions, such as subtle garment deformations and
nuanced expressions. Without addressing this limitation, the recon-
structed human avatar may appear blurry due to inconsistencies in
appearance caused by motion ambiguity. To overcome this challenge,
we introduce an additional implicit motion model with a learnable
pose parameter ¢ € R¢m for each video frame to control human
motion. For each Gaussian, its deformation under the influence of
the implicit motion ¢ is decoded by a multi-layer perceptron (MLP):
Apim = Dec(¢, 1), where pi represents the Gaussian center in the
canonical zero-pose space. To enhance the model’s ability to repre-
sent motions across a wide range of frequencies, we apply positional
encoding to ¢ before feeding it into the decoder. The human avatar
is now driven by both the explicit SMPL body model and the implicit
motion model through deformation summation: Ap=Apiex +Aptim-
Here, the implicit deformations effectively compensate for the resid-
ual discrepancies between real-world motion and SMPL motion,
resulting in a clearer and more accurate avatar reconstruction. Since
the implicit motion model lacks explicit interpretability, we con-
strain the learnable latent pose parameters ¢, which are associated
with each video frame (similar to SMPL’s 6), to follow a normal distri-
bution. This is achieved through a log-likelihood regularization loss:
Lim=2im||p||2. This constraint ensures that, during inference, the
implicit pose parameters can default to zero, thereby representing
the most common characteristics across all views. From a Bayesian
perspective, this formulation follows a standard prior-driven design:
the prior is centered at zero to model the most common, shared
appearance and motion components, while non-zero deviations are
treated as latent variables that capture view-specific or outlier ef-
fects only when required by the data. This ensures that the implicit
pose module activates selectively, representing residual variations
that the explicit SMPL model cannot explain, rather than absorbing
global motion patterns that are better handled by the interpretable
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explicit scaffold. This design allows for more robust and consistent
human avatar reconstruction.

4.3 Adaptive Polynomial
Gaussian Sequence Compression

After constructing a high-fidelity avatar, we generate a 3DGS se-
quence representing a dynamic human with exceptional visual qual-
ity. However, transmitting this sequence directly to mobile devices
will require substantial bandwidth and storage, making it impracti-
cal for resource-limited mobile environments. A seemingly simpler
alternative is to transmit the canonical avatar once and then stream
only SMPL poses or small residual updates. In practice, this is un-
suitable for mobile clients: reconstructing a high-fidelity Gaussian
point cloud from pose parameters still requires neural inference,
and residual traffic grows quickly when motions are large or cloth-
ing deformation is complex. We therefore compress and stream a
directly renderable 3DGS sequence, avoiding heavy on-device in-
ference while preserving fidelity. To overcome this challenge, we
develop a compression algorithm that approximates the Gaussian
sequence efficiently using polynomials based on adaptive segment
splits, as illustrated in Fig. 5. The algorithm first determines the
optimal segmentation, ensuring high reconstruction quality while
significantly reducing the sequence’s parameter count. Then each
split is compressed into compact cubic polynomial coefficients.

4.3.1 Polynomial Fitting. Given a sequence of Gaussians {G/,n €
[N],t € [T]}, obtained either from reconstruction or animated
avatars, our goal is to compress this sequence using polynomials.
Since the only time-dependent attribute of Gaussians is their po-
sitions {p’,n € [N],t € [T]}, we aim to compress the sequence
of positions by leveraging the continuity prior of motion tracks.
For the n-th point {p,t € [T]}, we fit a cubic polynomial p,

Ynst® +Ynat? +yn1t+yno. Denoting the time matrix T, coefficients
Vn> and point tracks p,, as:

1 n 8 Yo Pr
1 6 £ 8 ' b
N 2 2 2 R Yn1 5 Pn
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Do Yn2
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The optimization objective is defined as:

R
(TT-T) TT5,.

—

Vn=argmin|| T-7~pal* = 5)
¥

Thus, we compress the trajectory of Gaussian points p, € RT*C into

cubic polynomial coefficients y,, € R**C.

When the motion sequence is long, a single cubic polynomial
cannot accurately capture the motion. To address this, we divide the
sequence into smaller segments and fit each segment with its own cu-
bic polynomial. Due to the uneven distribution of deformation scales
throughout the motion sequence, different time intervals exhibit
varying levels of complexity. As a result, the segmentation must be
adaptive to reflect these differences. This adaptive segmentation en-
sures both optimal compression and accurate motion representation.

Algorithm 1 Adaptive Sequence Splitting

Require: Sequence p € R7*C; Max number of splits K
1: # 1. Dynamic Programming

2: Initialize E[¢t,t] «— oo forall ke [K], t€[T]
3. Initialize Prev|k,t] <« 1forall k€ [K],t€[T]
4: Initialize Cost[k,t] «— oo forall ke [K], t€[T]
5. fork=1to K do
6: fort=Tdowntolands=t—1downto1ldo
7: if k=1
o (= o= \-la 2
5 E[s,t] H(TM (e —I) Bl
9 if s=1: Cost[1,t] «— E[1,¢]
10: else
11: if Cost[k,t] > Cost[k—1,s] +E[s,t] do
12: Cost[k,t] < Cost[k—1,s] +E[s,t]
13: Prev[k,t] «s
14: #2. Traceback
15: Initialize Tr < {T}
16: Initialize K « argmin, Cost[k,T]
17: while Tr[1] #1 do
18:  Insert Prev[K,Tr[1]] to the head of Tr.
19: Ke—K-1
20: return Tr

4.3.2  Adaptive Sequence Splitting. To achieve the global optimal
segmentation-wise fitting results, it is essential to determine the op-
timal splitting strategy. The problem is formulated as follows: given
asequence {p’,t € [T]} and a maximum number of split segments K,
we aim to find a set of splitting points {,k € [K+1]} that satisfies
the conditions fy < fi41, f; =1, and fg4; =T. These splitting points
divide the sequence into K segments, each of which is fitted by a
cubic polynomial.

We solve this problem through graph modeling, reducing it to
finding the least-cost path on the graph within a distance of K. Each
point p’ is represented as a node, and the cubic fitting error E[i, ]
(for i < j) between p’ and p/ is treated as the cost from node j to node
i. As aresult, the problem is reformulated as finding the least-cost
path from node T to node 0 within a distance of K. The nodes along
the identified path correspond to the splitting points {# | k€ [K+1]}.
This optimization problem can be efficiently solved using dynamic
programming. The pseudo-code for the algorithm is provided in
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Figure 6: Overview of on-edge rendering for dynamic Gaussians. Two strategies are employed to accelerate Gaussian Splatting: (1)
dynamic count sorting and (2) disentangled sorting and rasterization.

Alg. 1. To identify the most representative points, we first select a
subset of points based on their importance, calculated as a combina-
tion of opacity and scale, which ensures that larger and more opaque
points are prioritized. From these, we use farthest point sampling
to select a diverse set of points that effectively capture the spatial
structure. In practice, we collect traces of the 10 most representative
points from the human limbs and head, concatenating them into
p eRTX10%3 To reduce computational complexity while maintaining
results close to optimal, we uniformly sample key frames every 20
frames as nodes to build a sparse graph.

4.3.3 Data Transmission. The compressed polynomial coefficient
sequence can be efficiently transmitted to mobile devices with mini-
mal latency. Furthermore, the sequence supports streaming transmis-
sion, as the data format and the size of each frame are predefined and
consistent. This enables progressive delivery and decoding, allowing
playback to begin as soon as the initial frames are received while
subsequent frames continue to stream seamlessly in the background.

4.4 Mobile Rendering for Dynamic Gaussian

With the poly-compressed 3DGS sequence transmitted to the mobile
devices, the next step is to render these dynamic Gaussians efficiently,
even with limited computational resources. To accomplish this, we
propose two strategies to enhance rendering efficiency, as illustrated
in Fig. 6.

4.4.1  Dynamic Count Sorting. One of the most computationally in-
tensive tasks in Gaussian Splatting is sorting the Gaussians by depth
to ensure correct occlusion relationships during rendering. Since
both the Gaussians and the user-controlled camera are dynamic, the
rendering order must be continuously updated to ensure accurate
results. At each timestep, we select the polynomial parameters cor-
responding to the current split and compute the positions of the
Gaussians. Using these positions, we calculate their depth relative
to the camera and quantize the depth values into 256 bins. The Gaus-
sians are then sorted using a counting sort algorithm. This approach
involves two steps: first, traversing the Gaussian list to record indices
corresponding to each bin, and second, iterating through the bin lists
from front to back to place the Gaussians into a new array. By quantiz-
ing depth and using count sorting, we can reduce the computational
complexity from O(Nlog(N)) to O(N), enabling faster rendering
of dynamic Gaussians on resource-constrained mobile edge devices.

4.4.2 Disentangled Sorting and Rasterization. Despite the efficiency
of dynamic count sorting, achieving real-time rendering of Gaussian
Splatting on mobile devices, such as smartphones with limited com-
putational power, remains challenging. However, mobile devices are
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more frequently used due to their convenience, making it essential to
minimize rendering latency and maintain high frame rates to avoid
any perceptible lag during user interactions. To reduce rendering
delays and deliver smooth real-time performance, we propose a par-
allel strategy that disentangles sorting from rasterization. Observing
that both camera movement and Gaussian dynamics are continuous,
we separate these processes into two independent threads. Raster-
ization, which is inherently fast, is implemented using WebGL2
with a custom shader for rendering dynamic Gaussian point clouds.
Meanwhile, the sorting thread continuously updates the sorting re-
sults and stores them in a cache. The rasterization thread then reads
the cached sorting results, ensuring real-time rendering without
introducing computational bottlenecks. Since the changes in camera
movement and Gaussian dynamics are gradual, the cached sorting
results are usually sufficient for rendering, with minimal discrepan-
cies. This approach can achieve smooth and efficient rendering even
on devices with limited computational resources.

5 Implementation

Client. The client-side implementation is responsible for video cap-
ture, lightweight rendering, and user interaction. In our implemen-
tation, users record short monocular videos with a mobile phone,
capturing full-body poses while spinning or performing casual move-
ments to provide complete front and back views. No special capture
skills are required beyond keeping the full body in view and avoiding
excessively fast motions during the brief recording. The client de-
vices render animated avatars streamed from the server. Rendering is
implemented using JavaScript and WebGL2, ensuring compatibility
across a wide range of devices, including desktops, laptops, tablets,
and smartphones. The system is accessed via the Safari browser, re-
quiring no additional software installation or specialized hardware
such as GPUs, making it lightweight and accessible. We further pro-
vide a lightweight web-based HoloMobile Player for cross-platform
playback and interaction. The player supports timeline scrubbing,
viewpoint manipulation, and playback-speed adjustment for dy-
namic Gaussian avatars directly in the browser, as shown in Fig. 7.

Server. The server-side computer handles computationally inten-
sive tasks of video processing, avatar reconstruction, and animation.
The server hardware includes an NVIDIA RTX 3090 GPU and an Intel
Xeon Gold 8375C CPU (2.9 GHz), providing the necessary computa-
tional resources for high-resolution video processing and real-time
animation. The server software pipeline is built on PyTorch [41] and
integrates key components to ensure accurate and efficient process-
ing. Following ExAvatar [37], we utilize MMPose [4] to detect 2D
keypoints from the input monocular video. DECA [6] is employed
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Figure 7: HoloMobile Player running in a browser on a Mac-
Book Air. The interface supports timeline control, viewpoint
manipulation, and real-time rendering of our dynamic Gauss-
ian avatar.

to estimate facial geometry, while Hand4Whole [36] generates ini-
tial body and hand parameters. These steps produce coarse FLAME
and SMPL-X models, which serve as the basis for detailed avatar
reconstruction and animation.

6 Evaluation

6.1 Experimental Setup

Datasets. We evaluate our system on the NeuMan dataset [18] and
a self-collected DIVerse Avatar (DIVA) dataset. NeuMan consists
of short monocular videos (10-20 seconds) captured in real-world
environments using mobile phones, featuring individuals perform-
ing motions such as walking. We collected DIVA with an iPhone 15
to reflect diverse downstream application scenarios. It includes 20
avatars (14 males and 6 females) with diverse body types (height:
155-190 cm, weight: 45-100 kg) and varied clothing styles, perform-
ing nine activities: dance, yoga, boxing, basketball, badminton, bicep
curls, jumping jacks, squats, and a simulated conference. For training,
participants performed a 5-10 second rotational motion, resulting
in 300-600 frames with 1920 x 1080 resolutions. Testing involved
performing the specified activities to evaluate the performance of
avatars on novel motions across diverse scenarios.

Baselines. For monocular full-body avatar reconstruction, we com-
pare HoloMobile with state-of-the-art methods, including Instan-
tAvatar [17], HUGS [23], and ExAvatar [37]. Additionally, we com-
pare against the streaming telepresence system MagicStream [3],
which achieves streaming rendering with GPUs. Other telepres-
ence systems, such as FarfetchFusion [27] and MonoFlex3D [63],
are excluded from the comparison because they focus solely on
facial reconstruction rather than full-body avatars. For Gaussian
sequence compression and mobile rendering, we compare against
V3 [53], which bakes sequential Gaussian attributes into a 2D video
by leveraging hardware video codecs with a high compression rate.
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Table 1: Runtime analysis on different mobile devices for
rendering at a resolution of 1920x1080.

Metric MacBook Air  iPhone 17 Pro iPadPro3 Vision Pro
Latency (ms) 10.62 413 6.58 2.92
FPS 207 221 217 237

Metrics. We measure visual quality using three commonly used met-
rics: Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index
Measure (SSIM)[55], and Learned Perceptual Similarity (LPIPS) [64].
We also record downloaded data volume (MB), bandwidth consump-
tion, rendering latency, and FPS to quantify both network efficiency
and on-device performance. For 3DGS compression, we additionally
report the final data size, compression ratio, and compression time.

In this section, we first evaluate the complete system in Sec. 6.2,
using a setup that aligns with real-world application scenarios. Both
quantitative metrics and user feedback are analyzed to demonstrate
the system’s practical usability and user satisfaction. In Sec. 6.3.1, we
conduct a comprehensive evaluation of avatar reconstruction qual-
ity, leveraging state-of-the-art algorithms across various scenes that
represent a wide range of real-world scenarios. Finally, in Sec. 6.3.2,
we present experiments showcasing the efficiency and effectiveness
of our compression strategy for dynamic 3DGS sequences.

6.2 System Evaluation

On-Mobile Runtime Analysis. We evaluate HoloMobile using key
metrics such as latency, FPS, and bandwidth, which are critical for
assessing user experience in real-world applications. The evaluation
was conducted on four mobile devices: a laptop (MacBook Air with
M3 chip), a smartphone (iPhone 17 Pro), a tablet (iPad Pro 3 with M1
chip), and Apple Vision Pro using the Safari browser. The results,
summarized in Tab. 1, show that HoloMobile achieves a peak FPS
of 221 and a minimum rendering latency of 4.13 ms on the iPhone
17 Pro. However, actual visual performance is influenced by device
screen refresh rates (60 Hz or 120 Hz). The compressed representa-
tion requires only 10.22 Mbps, demonstrating efficiency suitable for
downstream applications such as sports coaching, remote healthcare,
and teleconferencing.

With-GPU Avatar Comparison. When the testbed has a consumer-
grade GPU (e.g., PCs with an RTX 3090), our method can be rendered
locally without requiring compression and transmission from the
cloud. Using the locally deployed avatar, the incoming SMPL-X
pose parameters transmitted via streaming are utilized to drive the
avatar’s motion, enabling the presence of a 4D human viewable from
any perspective. This setup aligns with the task defined in Magic-
Stream [3]. We compare our method with MagicStream at the confer-
ence scene in the DIVA dataset across multiple dimensions, including
model inference overhead, display fluency, and final rendering qual-
ity. As shown in Tab. 2, our method significantly reduces inference
cost while achieving higher rendering FPS and superior visual quality.
Although our method requires more GPU memory, it remains com-
patible with most consumer-grade GPUs with 10+ GB of memory.
Avatar Construction Time. To provide a clear assessment of prac-
tical deployment feasibility, we analyze the computational require-
ments for avatar construction. Avatar reconstruction is performed
offline on a server equipped with a single NVIDIA RTX 3090 GPU
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Table 2: Comparison of Streaming Avatar Rendering with
Model Inference on a GPU (RTX 3090).

Method GPUMemory | FLOPs(G)| FPST PSNRT

MagicStream [3] 32.98 MB 1047.45 14.83 26.97

Ours 1.68 GB 23.70 729.03 30.13
Hl Visual I Smoothness [ Usability

Wikl

MagicStream ExAvatar

Figure 8: Experience evaluation based on user ratings.

and an Intel Xeon Gold 8375C CPU. For a 10-second monocular cap-
ture video (600 frames at 1920x1080 resolution), the reconstruction
pipeline requires approximately one hour of training time, com-
prising 15 mins for pose estimation. Once reconstructed, the avatar
can be used indefinitely without further training. This one-time
offline cost is acceptable for the target applications, such as creating
a personal avatar for long-term use in teleconferencing or fitness
training. Moreover, consumer-grade GPU hardware is sufficient; no
specialized multi-GPU clusters are required.

User Study. In addition to quantitative metrics, which may not
fully capture the user experience, we conducted an IRB-approved
in-person user study? with 10 participants (5 females and 5 males)
to collect subjective scores for each system. Each system was tested
by reconstructing a human avatar or dynamic human using its own
implementation. Participants viewed the rendered results in person
and rated visual quality, motion smoothness, and overall usabil-
ity. To minimize bias, we used a standardized script for all sessions
and provided the same method-level information for every system,
including input modality, avatar support, cross-platform accessibil-
ity, mobile support, and streamability. The results, shown in Fig. 8,
demonstrate that our system achieved the highest scores for visual
satisfaction and smoothness. In contrast, MagicStream [3] and V3
rendered dynamic scenes on a per-frame basis rather than using a
unified 3D representation, leading to noticeable flickering and in-
consistencies in the results. We also observed that users tended to
give higher ratings to systems with avatars, as these offer flexible,
animatable human assets compared to "static” volumetric videos.
Moreover, mobile accessibility also plays a crucial role in usability
ratings, as evidenced by the lower usability rating of ExAvatar.

6.3 Evaluation Results of Key Modules

6.3.1 Avatar Reconstruction Evaluation. To evaluate our hybrid
explicit-implicit avatar model, we conduct a comprehensive com-
parison of the reconstruction quality achieved by our system and
state-of-the-art methods for monocular avatar reconstruction. The
performance of each method is evaluated on both public and self-
collected datasets, with results presented for each scene. Notably, our

2This study was approved by the Institutional Review Board (IRB) of the authors’
institution.
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Table 3: Quantitative comparison of dynamic motion recon-
struction on the NeuMan dataset [18].

PSNRT SSIMT LPIPS|
InstantAvatar [17]  24.19  0.9411  0.0707
HUGS [23] 22.23 0.7478  0.1187
ExAvatar [37] 34.61 0.9848  0.0092
MagicStream [3] 30.44  0.9753  0.0228
Ours 35.87 0.9866 0.0086

Table 4: Quantitative comparison of novel motion animation
on the DIVA dataset.

PSNRT SSIMT LPIPS|)
InstantAvatar [17]  18.49 0.9001  0.1387
HUGS [23] 15.35  0.6877  0.3446
ExAvatar [37] 25.56  0.9606  0.0563
MagicStream [3] 22.62 09511 0.0722
Ours 30.36 0.9785 0.0413

collected DIVA dataset encompasses a wide range of diverse scenes,
reflecting practical scenarios commonly encountered in real-world
applications.

NeuMan Dataset. Following ExAvatar [37], we evaluate and com-
pare the rendering quality of the foreground (human) only. As shown
in Tab. 3, our method surpasses all baseline methods across all met-
rics. The qualitative comparison in Fig. 9 further highlights these
differences, where baseline methods often introduce artifacts, such
as distorted faces, and fail to capture fine details, including clothing
wrinkles and patterns. In contrast, our approach produces clean,
accurate, and visually realistic human renderings while preserving
intricate details like facial features and clothing patterns.

DIVA Dataset. To further evaluate our method, we conducted ex-
periments on the more challenging DIVA dataset, which contains
complex scenarios. As shown in Tab. 4, our method continues to
outperform all baselines across all metrics. The disparity is even
more evident in the qualitative results presented in Fig. 10. Notably,
even ExAvatar [37], which performs comparably to our method on
the NeuMan dataset, struggles with reconstructing fingers, mus-
cle contours, and clothing patterns in DIVA. Thanks to our hybrid
explicit-implicit model, our method generalizes effectively to out-of-
distribution poses while producing plausible pose-dependent surface
and appearance deformations.

6.3.2  Gaussian Sequence Compression Evaluation. We evaluate the
effectiveness of our compression method on the Yoga scene from
the DIVA dataset, which consists of 600 frames captured at 60 FPS,
representing 10 seconds of dynamic 3D Gaussian sequences.

Comparison of Sequential 3DGS Compression. We compare our
method with V* [53] on 3DGS sequence compression. The results,
summarized in Tab. 5, demonstrate that our method significantly
outperforms the V? in terms of compression efficiency and band-
width reduction. Specifically, our method reduces the original 3DGS
sequence data size from 23.16 GB to 102.17 MB, achieving a compres-
sion ratio of 0.43%, which is approximately 7.7 times smaller than the
compressed size achieved by V* (3.3%). This substantial reduction



HoloMobile: Photorealistic Avatar on Mobile via Compact Dynamic Gaussians MobiSys *26, June 21-25, 2026, Cambridge, United Kingdom

e
il

Ll

)\
0

e

GT
Figure 9: Qualitative Results on NeuMan [ 18] Dataset. Our method achieves state-of-the-art performance on widely used public
datasets, delivering significantly clearer details.
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Figure 10: Qualitative results on the DIVA dataset. Our method effectively handles inconsistencies caused by facial expressions
and clothing wrinkles, whereas other methods appear blurry in these regions.

also translates into a lower bandwidth requirement of 10.22 Mbps Table 5: Gaussian sequence compression.
compared to 78.41 Mbps for V3, highlighting the suitability of our Method Gaussian Sequence  V? Ours
approach for bandwidth-constrained applications such as real-time Data Size (MB) | 23715.05 784.15 102.17
streaming or telepresence systems. Moreover, our method reduces Compression Ratio T N/A 96.70%  99.57%
sequence compression time by 7.4x compared with V3. This im- Compression Time (s) | N/A 196.5 265
provement is achieved through the CUDA-based parallel polynomial PSNR (dB) T 31.66 3108  3L14

fitting. The compressed 3DGS sequence demonstrates a very similar
rendering PSNR. However, it is important to note that we use the
3DGS sequence generated by our reconstructed avatar for a purely
compression-based comparison. This is because V? is designed for
videos captured using multi-view camera arrays and performs poorly
when reconstructing dynamic scenes in a monocular setting. These
results demonstrate the effectiveness of cubic polynomial fitting
for compressing motion tracks in dynamic 3D Gaussian sequences,

particularly for human-centered scenes with smooth and continuous
trajectories.

Sequence Splitting Strategy Comparison. We evaluate three
sequence splitting strategies: Even Split, Graph Dense, and Graph
Sparse, analyzing their performance in terms of fitting error and
computation time, as illustrated in Fig. 11. As described in Sec. 4.3.2,
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Figure 11: Splitting strategy analysis.

we construct a sparse graph using keyframes as graph nodes ev-
ery 20 frames. Without this sparse sampling strategy, the graph
becomes dense, leading to a significant increase in computational
complexity. The Even Split method, which divides the sequence into
equal-length intervals without accounting for motion complexity,
consistently shows the highest fitting error across all segment num-
bers. In contrast, Graph Dense achieves the lowest fitting error by
identifying the optimal splitting points. However, this comes at the
cost of significantly higher computation time, requiring 7.88 seconds.
Graph Sparse strikes an effective balance by sampling boundaries
less frequently. While it results in a slightly higher fitting error com-
pared to Graph Dense, it drastically reduces computation time to
just 0.37 seconds. This makes it 21X faster than Graph Dense while
maintaining comparable segmentation quality. Notably, Even Split
requires twice as many segments to achieve a similar error.

Effect of the number of segments. We also investigate the impact
of the number of splits K on rate—distortion performance. As shown
in Fig. 12, using only K =20 segments, our method achieves 27.50
dB PSNR with a data size of 204 MB, corresponding to over 70X com-
pression compared to the 14.89 GB per-frame Gaussian upper bound,
while incurring negligible perceptual degradation. The performance
gains saturate beyond K =10, indicating that a moderate number of
segments is sufficient to capture most temporal motion continuity.

7 Discussion

Limitations of Avatar Reconstruction. While HoloMobile deliv-
ers high-fidelity avatar reconstruction, more challenging scenarios
remain for future study. Although the hybrid explicit—implicit mo-
tion model enables precise representation of the human body, it
does not yet account for geometry beyond the body surface, es-
pecially during human-object interactions. HoloMobile currently
cannot represent 4D humans interacting with external objects such
as sports equipment, teaching aids, or musical instruments, limiting
its use in applications like dumbbell-based fitness training and vir-
tual classroom instruction. A promising direction for future work is
to incorporate universal objects into the avatar representation, al-
lowing joint modeling of humans and objects and thereby expanding
the system’s applicability.

Web-based Rendering Constraints. Rendering dynamic 3DGS
sequences on mobile devices must account for inherent constraints
in computational and memory resources. In our current design, the
web-based rendering module achieves real-time performance for
single-user scenarios, but scaling to a large number of simultaneous
avatars or extremely complex scenes remains an open challenge.
Future improvements may further integrate native rendering APIs
and hardware-specific optimizations.
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Figure 12: Splitting analysis with quality-size curves.

Multi-Avatar Scalability. While the current system is designed for
single-user avatar scenarios, extending it to support multi-avatar
applications—such as multi-party teleconferencing or collaborative
virtual environments—requires only minimal architectural modifi-
cations. The primary adjustment involves reformulating the graph
construction in the adaptive segmentation module (Sec. 4.3.2) to
jointly model all avatars in a shared graph, enabling globally op-
timal segmentation across multiple subjects. Since each avatar’s
polynomial-compressed 3DGS sequence is independently decod-
able, the client rendering pipeline can be extended to load and render
multiple avatar streams in parallel. The main bottleneck in multi-
avatar scenarios shifts from compression efficiency to rendering
throughput and bandwidth aggregation: rendering M simultaneous
avatars requires approximately Mx the Gaussian count and band-
width of a single avatar. With our current compression achieving
10.22 Mbps for a single avatar, multi-party scenarios (e.g., M = 4)
would require approximately 40 Mbps—within the range of modern
mobile broadband connections. Exploring tighter integration with
hardware-accelerated rendering APIs and dynamic Gaussian culling
strategies for multi-avatar scenes represents a promising direction
for future work.

8 Conclusion

In this paper, we present HoloMobile, an end-to-end mobile system for
reconstructing high-fidelity human avatars from mobile-captured
monocular videos and enabling efficient compression, transmission,
and rendering on mobile devices. By leveraging a hybrid explicit—
implicit motion model, HoloMobile achieves photorealistic avatar
reconstruction while capturing fine details such as cloth wrinkles
and soft-tissue deformation. To support efficient mobile delivery,
we introduce adaptive segmentation and polynomial compression
for dynamic 3DGS sequences, together with a web-based rendering
module that enables real-time interactive playback across heteroge-
neous mobile platforms. These results demonstrate the feasibility
of practical mobile avatar applications such as teleconferencing,
remote care, and fitness training.
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