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Abstract

Driving a high-quality and photorealistic full-body vir-
tual human from a few RGB cameras is a challenging prob-
lem that has become increasingly relevant with emerging
virtual reality technologies. A promising solution to de-
mocratize such technology would be a generalizable method
that takes sparse multi-view images of any person and then
generates photoreal free-view renderings of them. How-
ever, the state-of-the-art approaches are not scalable to
very large datasets and, thus, lack diversity and photore-
alism. To address this problem, we propose GIGA, a novel,
generalizable full-body model for rendering photoreal hu-
mans in free viewpoint, driven by a single-view or sparse
multi-view video. Notably, GIGA can scale training to a
few thousand subjects while maintaining high photorealism
and synthesizing dynamic appearance. At the core, we in-
troduce a MultiHeadUNet architecture, which takes an ap-
proximate RGB texture accumulated from a single or multi-
ple sparse views and predicts 3D Gaussian primitives rep-
resented as 2D texels on top of a human body mesh. At test
time, our method performs novel view synthesis of a virtual
3D Gaussian-based human from 1 to 4 input views and a
tracked body template for unseen identities. Our method
excels over prior works by a significant margin in terms of
identity generalization capability and photorealism.

1. Introduction

Driving your own full-body and photoreal virtual double
from a scarce and affordable single or sparse-view (up to
4) camera setup has the potential to revolutionize commu-
nication, gaming, and remote collaboration. However, there
are to date modeling challenges that remain unsolved: 1)
Achieving photorealism and fidelity despite sensor scarcity
and limited input data. 2) Generalization ability to novel
identities unseen during training. In this work, we at-
tempt to jointly solve them by leveraging recent large-scale
data capture efforts. Notably, this requires a generalizable
method to synthesize digital humans at test time in a simple
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Figure 1. GIGA is trained efficiently on a large-scale human
dataset. Given sparse views of an unseen identity, and respective
skeletal poses, GIGA generates photorealistic dynamic renderings
in free viewpoint.

feed-forward manner, which is the subject of this work.

Recent related works have most focused on person-
specific avatars, i.e., a learned representation that is trained
per subject on dense dome-like camera setups, which can
be later articulated with arbitrary skeletal motion. These
representations may involve meshes [1, 6, 60], neural ra-
diance fields [12, 38, 54, 70], points [51], or volumetric
primitives [41] such as 3D Gaussians [23, 32, 35]. Democ-
ratizing such technology is difficult since, for high-quality
results, a dense camera dome is required before the char-
acter can be driven at inference time. Some methods aim
to utilize simpler capture setups, e.g., monocular images
[62, 63] or videos [9, 55]. Nevertheless, due to the much
scarcer input, their visual quality often falls short compared
to multi-view methods. Single-image to 3D reconstruc-
tion methods [11, 45, 46, 62, 63, 72, 74] also primarily fo-
cus on adequate geometry reconstruction and produce a 3D
asset, drivable with skeletal motion only, which typically
lacks the skeletal motion-dependent geometry and appear-
ance changes.

Designing a high-quality approach for lightweight hu-
man reconstruction and rendering, thus, remains an open
problem: the model must accurately represent diverse hu-



man appearances, body types, and clothing con gurations,» We train GIGA on a large-scale collection of multi-
and it must correctly derive pose-dependent appearance view videos, after which it generalizes to unseen identi-
changes from the scarce input signal. While previous ties within and across datasets, producing dynamic novel
works [18, 19, 34, 57] have shown promising rst steps to-  view renders even with as few as a single input video.
wards identity generalization, those methods were trainedWe demonstrate the generalization capabilities of GIGA
and evaluated on small-scale datasets [39] with few train-through a comprehensive evaluation on large-scale multi-
ing subjects. Moreover, the quality and ef ciency of these view [3, 61, 66] and monocular videos [13] datasets. Exper-
works are constrained by the limitations of implicit neu- imental results show that GIGA signi cantly outperforms
ral representations and non-scalable network architecturesprior works in visual quality as well as identity and pose
More recently, large-scale datasets [3, 61] helped to pavegeneralization.

the way for truly generalizable human modeling methods.

As was shown by Guo et al. [5], learning from a large data 2. Related Work

collection enables construction of a rich human avatar prior, ) _

albeit requiring preparation of personalized body templates Eerson—speu ¢ Human Capture and Rendering.Neural

beforehand. Nonetheless, training and evaluating suchIraniCit approaches for novel view synthesis [31, 33, 53]

models at scale demands particular consideration: First, avere primarily designed for per-scene optimization. This

generalizable model has to learn meaningful feature repre-par_ad'ng1 ”"’?“%ra”y extende_d to humgn modeling through
sentations to scale, both to the training set and outside of/arous |mpI|<_:|t representgnons: radiance elds [12, 39,
it. Second, the model architecture must be computationaIIySO]’ signed distance functions [54, 58’,70]’ and occupancy
and memory-ef cient to capture ne detail and enable large- elds [30, 45, 46]. These methods typically rely on para-

scale training. Third, the underlying 3D representation has .metrlc. h,u_m,an body modgl; [28, 36] as.geometnc. prox-
to yield high-quality, ef cient rendering. ies to initialize neural implicit representations. The inher-

ent limitations of generic parametric templates in captur-
To address these challenges, we propose GIGA, a feeding person-speci ¢ geometry led to methods utilizing per-

forward method to synthesize virtual 3D-Gaussian-basedggnalized mesh templates [6, 24, 41], which demonstrate

humans from single or sparse input views and a trackedgnerior reconstruction quality, mimicking pose-dependent
body template at inference for free-view rendering. NO- apnearance changes. Drivable Volumetric Avatars (DVA)
tably, for unseen subjects, GIGRquires no personalized  41] target telepresence applications by representing human
training on dense dome datind no tting of personalized  4yatars as mixtures of volumetric primitives [27], regressed
mesh templates. At the core, we project sparse-view imagesrom texel-aligned image and pose features extracted from
features into the UV space of the SMPL-X model [36]while 3 jnnyt views. Holoported Characters [48] combines a
the virtual human predicted by GIGA is represented as a Sefyersonalized mesh template with dynamic feature textures
of texel-aligned 3D Gaussians [14, 19, 64, 72]. We pro- nregicted from partial texture and normal maps, operat-
pose a MultiHeadUNet, a UNet with multiple encoding and ing with 4 input views, which yields 4K rendering reso-
.decodi.ng hea_ds, whic_h takes the texture containing the proq,tion. 3D Gaussian Splatting [15] marked a signi cant
jected image information as well as shape and motion codes,gyancement in both rendering quality and computational
and regresses per-texel Gaussian appearance and geomelgy ciency. 3D Gaussians have been successfully adapted
parameters. In detail, we employ cross attention {0 injeCt or free-viewpoint human avatar rendering in multi-view
motion information into the model, and skip-connections [14, 32, 35, 73] and monocular [8, 9, 40] setups, mostly

to propagate the learning signal at different spatial scales;onstrained to person-speci ¢ optimization without cross-
within the network. Our architecture design choices ensurejgentity training.

reliable learning of intrinsic feature statistics from the train- Generalizable Human Capture and Rendering. Re-

ing data while maintaining person-speci c information con- cent research has addressed the challenge of synthesiz-
tained in the model inputs. The predicted 3D Gaussians Calng free-viewpoint videos of human performances from

be posed into 3D space using the respective SMPL-X bodygyarse multi-view captures with generalization across sub-

pose and_ fur.ther rendered onto novel views. In summary,jects [7, 10, 71]. Neural Human Performer (NHP) [18] inte-

our contributions are: grates pixel-aligned visual features with skeletal pose infor-

« We introduce GIGA, a novel generalizable method for dy- mation extracted from multi-view video sequences through
namic novel view synthesis of virtual humans operating in cross-attention. TransHuman [34] addresses performance
a single or sparse view setup in a feed-forward regime atdegradation of NHP in occluded regions by learning to syn-
test time. thesize a NeRF-based representation in the canonical pose

* We design a MultiHeadUNet with motion conditioningto space with a transformer architecture that processes indi-
synthesize high-quality texel-aligned 3D Gaussians with vidual body parts as tokens. Neural Novel Actor (NNA)
dynamic appearance changes. [57] disentangles appearance and geometry by processing



Figure 2.Method Overview. GIGA generates dynamic textures of 3D Gaussians for photoreal avatars from sparse inpli véewsa

tracked body templaté ; ). Aninitial RGB textureT , is gathered from the input images and passed to the appearance efctmer

extract appearance featufe, . A canonical position map «, is processed by the geometry encoliginto geometry featuresg, . Both
intermediate features are motion-dependent via cross-attention conditioning on the observed @asssian texel maps are regressed

by separate decoders, each for an individual group of parameters. Skip-connections (dashed lines) propagate intermediate features from
encoders to decoders. Output of GIGA is articulated with linear blend skinning.

spatial point features and SMPL surface features through acoder [16] to map sparse views to 3D Gaussians, which
graph CNN, enabling separate prediction of person-speci c is followed up by a diffusion transformer [37] to gener-
appearance and pose-dependent deformation, as proposede latents for novel avatars, conditioned on an image or
by Liu et al. [25]. a text prompt. Both IDOL and SIGMAN combine real-
More recently, GPS-Gaussian [69] achieved real-time World datasets with synthetic data, generated with custom
novel view synthesis of human performances by predicting PiPelines. MoGa [74] jointly optimizes a diffusion model
per-pixel 3D Gaussians from 2 source views, which are un- {0 learn per-avatar latents and an autodecoder to convert la-
projected to 3D space and aggregated for nal rendering_ tents to 3D avatars. At test time, MoGa OptimizeS a latent
Notably, GPS-Gaussian allows for view interpolation when code for the input image and uses a multi-view diffusion
source views have at most a 60-degree angular differencenodel to generate additional pseudo ground truth views for
thus requiring at least 6 input views in total. Generalizable this latent inversion process.
Human Gaussians (GHG) [19] introduces an alternative ap-
proach for reconstructing static human models from sparses' Method

input views. By leveraging a large-scale dataset of textured|n this section, we rst formalize the problem setting and
human 3D scans [66], GHG demonstrates generalization torelevant background knowledge (Sec. 3.1). Then we intro-
unseen subjects by representing virtual humans as multipleyyce our generalizable human representation (Sec. 3.2), our

scaffolds of 3D Gaussians in the UV space. The most re-trajning strategy (Sec. 3.3), and nally the implementation
cent Vid2Avatar-pro [5] achieved animatable avatar genera-getails (Sec. 3.4).

tion from a monocular video by training on a large corpus of .
multi-view data. However, Vid2Avatar-pro requires a high- 3-1. Problem Setting and Background

quality personalized body template at test time, which can proplem Setting. GIGA aims at mapping single/sparse im-
Only be reconstructed in a feW hOUI’S for eaCh nOVel |dent|ty age observations (1_4 Views) of anseerhuman to a 3D
Generative Methods. Another line of work focuses on  Gaussian representation that can be rendered from a free
single-image to animatable avatar reconstruction throughviewpoint, faithfully preserving the appearance and cloth-
generative modeling. The most common technique here ising dynamics from these driving videos, even for unseen
to rely on SMPL-X and its UV mapping to anchor 3D Gaus- identities. Fig. 2 presents an overview of our method. To
sians. IDOL [72] employs a transformer-based encoder torender dynamic sequences, GIGA processes each frame in-
combine image features with a learnable UV token to later dependently. Following the common settings [19, 41, 48],
decode 3D Gaussians with a convolutional network. Fol- we assume that a motion tracking and a parametric body
lowing IDOL, SIGMAN [64] learns a variational autoen- template are given to roughly describe the body shape and



the pose of the human. Importantly, our method requies  Input Appearance Encoding. We use information from
personalized training the input views to capture identity-speci c appearance with
For training, GIGA assumes a collection of multi-view pose-dependent variations. To transform this information
videos of several hundred subjects with per-frame subjectfrom image to texture space, we rst compute partial tex-
segmentation masks. Each subject is captured by at leasturesT ,yx for each view , by projecting each pixel onto
K = 16 calibrated cameras, withy denoting the projec-  the 3D surface of SMPL-X. This 3D point can be mapped
tion matrix for camer&k. Each video frame is annotated Nt texture space using the UV mapping of SMPL-X such
with SMPL-X [36] parameters released as additional labels that the nal image pixel color is projected onto the respec-
in most multi-view human performance capture datasetstive 2D location in the texture map. We then fuse those
[3, 61, 66]. During training, we randomly sample 3 or 4 fextures according to visibility, resulting in the nal texture
input views and use estimated SMPL-X parameters to con-Tw 2 RT T 3T =512 in the UV spaceM yy .
struct the input for the encoder network. Images from the ~ This texture is the input to our appearance encéger
remaining views serve as ground truth to supervise the out-

a . a — . .
puts decoded by the network. FoviH®= Ba(Tuwviym) § )
3D Gaussian Splatting (3DGS).3DGS [15] models a  which extracts appearance featufgg 2 R™ Tt 9 that
scene using 3D Gaussian primitives. Each primitives encode character-speci ¢ appearance and identity informa-
f ; ;; cgis paramterized by its position 2 R3, co- tion. The encodeE, consists of 2D convolutional down-

variance matrix 2 R3® 3, opacity 2 R, and RGB sampling residual blocks. Feature m&pSfrom also taken
colorsc 2 R2. The covariance matrix is factorized as  from the downsampling levels for later usage in decoding.
= RSSTRT, where the rotatiolR matrix is obtained  E, is conditioned on the motion embeddiyg,. Follow-

from the quaternion 2 R* and the diagonal scaling matrix ing Rombach et al. [42], this conditioning is implemented

S = diag ('s), with per-axis scales 2 R3. The Gaussiang using cross-attention blocks as nal layers of the encoder.

is then rendered from the target cameri® an imagd and Motion Embeddings. Since the input textur€ ,, contains

an accumulated density imageusing a Gaussian rasterizer only a localized pose-dependent learning signal from the
template surface. We additionally use an MLP-based mo-

LA = R(G ): 1) tion encodeE,, to construct motion embeddings for SMPL-

X poses , which adds global body motion awareness at the

SMPL-X Human Body Template. SMPL-X [36] isapara-  encoding stage:

metric human body model with articulated limbs, hands, Ym = En(): 3)

and an expressive face. SMPL-X hils = 10475 ver-

tices,J = 54 joints, and can be articulated using lin-

ear blend skinning [22] to obtain a set of posed vertices

V 2 RN 3. Formally, SMPL-X is de ned as a function

V=M(;; ) wth 2 RO 3describingd joint

angles and a rigid root transformation, body shag R'°,

and face expression 2 R1%. As we tested GIGA without

expression tracking, we xed to the neutral expression.

Input Geometry Encoding. Even though appearance in-
formation is texel-aligned, it is insuf cient to infer cor-
rect human shapes. To address this, we employ a ge-
ometry encodeE, to extract approximate geometry infor-
mation from the body template. Starting with a T-posed
SMPL-X meshV( o; ), we compute a canonical position
mapTy, 2 RT T 2 from canonical vertex coordinates
xo( ) 2 RN 3 using the UV magM ,. The geometry
3.2. Generalizable Human Representation encodersy has the same architecture as the appearance en-
coderE, and produces geometry featufe, 2 R™* Tr d
Inspired by previouspersonalized animatable Gaussian with a stack of feature map49:
avatar methods [14, 35, 56], we represent virtual humans
as texel-aligned 3D Gaussian maps within the texture space FiviH® = B (TxoiYm): (4)

M w O,f th? SMPL-X template mesh, disp'a‘?mg each 3D 14 handle dynamically changing details in the nal shape,
Gaussian in the canonical pose with a motion-dependenty,, geometry encodd is also conditioned on the motion
offset for better geometry modeling. Texel-aligned 3D embedding/

Gaussians are semantically similar across various CharaCGaussian Primitives RegressionFor the decoding stage
ters and 2D textures can be ef ciently processed by con- . design three separate decoders (FigD%)for the ap-
volutional neural networks. Thus, the predicted GaUSSianSpearancer for scales, quaternions and opacities of 3D
from the same region of the texiure space will be entan- Gaussians, anbq for per-Gaussian offsets. All three share

gled thanks to the locality bias of convolutions. As such, s same convolutional architecture and receive appearance
GIGA can learn cross-subject information and predict the ;.4 geometry featurds?, ; F9, as inputs:
V1 uv .

nal texel-aligned 3D Gaussians with a single pass of a 2D
convolutional neural network. G\ = Drajpjgg ((F3,; FIL L [HAHO): (5)
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