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LivingAvatars: Robust Head Reconstruction With
Gaussian Lifecycle Management and Neural
Detail Synthesis

Xingyuan Lu*”, Mingyang Zhao*, Chunyu Lin

Abstract—Creating robust, high-fidelity head avatars with
3D Gaussian Splatting (3DGS) remains constrained by two
bottlenecks: one is the representation bottleneck that limits the
modeling of dynamic details, and the other is the dynamic robustness
bottleneck that causes information loss and point cloud inflation.
To this end, we present LivingAvatars, which addresses both issues
through two key designs: (i) a functionally decoupled Gaussian
representation that separates identity-stable base Gaussians from
detail Gaussians carrying high-frequency appearance, while a
lightweight neural decoder injects features into the latter to
synthesize expression-dependent details; and (ii) a Gaussian
lifecycle management system that endows Gaussians with multiple
states and replaces destructive pruning with probabilistic selective
pruning and temporary hiding to suppress redundant growth,
ensuring a compact and robust representation. On novel-view syn-
thesis and self-reenactment, LivingAvatars achieves overall better
metrics than existing methods. In cross-identity reenactment, it
better preserves transient, expression-dependent signals, yielding
higher perceptual fidelity. These results suggest that functionally
decoupled Gaussian representations and lifecycle management are
effective principles for building neural head avatars that remain
robust and compact under dynamic occlusions, reliably recon-
structing high-frequency details and improving overall realism.

Index Terms—3DGS, neural avatars, head reconstruction,
Gaussian lifecycle management, neural detail synthesis.

I. INTRODUCTION

HE real-time creation of high-fidelity, expressive digital
human avatars has been a long-standing goal in computer
graphics, with applications in Virtual Reality (VR) and Aug-
mented Reality (AR), and immersive communication. The core
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challenge is to capture and render complex, dynamic details
(e.g., expression-driven wrinkles and transient specular high-
lights). Crucially, this must not sacrifice real-time performance.

Recently, Neural Radiance Fields (NeRF) [1] and their vari-
ants [2],[3], [4] have achieved impressive success in reconstruct-
ing static scenes. Subsequent work extended NeRF to model
dynamic scenes, covering both arbitrary motion [5], [6], [7] and
scenarios tailored to human subjects [8], [9]. However, despite
high-quality view synthesis, these methods cannot generalize
to new poses and expressions due to their lack of explicit,
animatable control.

Subsequently, the recent advent of 3D Gaussian Splatting
(3DGS) [10], [11] offers a compelling alternative, delivering an
unprecedented combination of rendering quality and real-time
speed. This breakthrough has spurred its adoption for creating
drivable head avatars [12], [13], which typically operate by
binding Gaussians to a parametric model like the Facial Linear
Animation Model (FLAME) [14]. Despite this progress, existing
methods face two fundamental limitations. We distill the gap into
two orthogonal bottlenecks.

First, a representation bottleneck arises from using static
per-Gaussian attributes, which fail to model high-frequency,
expression-driven appearance changes. Simply increasing the
number of Gaussians is inefficient and does not capture the
intrinsic correlation between expression and detail.

Second, a dynamic robustness bottleneck stems from the de-
structive pruning in standard 3DGS, which permanently erases
temporarily occluded Gaussians (e.g., teeth during mouth clo-
sure). This causes information loss and leads to point cloud
inflation from a wasteful deletion-recreation cycle, degrading
both quality and efficiency. Additionally, without any prun-
ing mechanism, redundant and floating Gaussians accumulate
during training, causing optimization difficulties and storage
overhead.

Building on these observations, we introduce LivingAvatars,
a framework that replaces static Gaussians and destructive prun-
ing with two core innovations. The architecture is shown in
Fig. 1. To address the representation bottleneck, we propose a
Sfunctionally decoupled Gaussian representation that separates
identity-stable base Gaussians from expression-driven detail
Gaussians. Each detail Gaussian carries a learnable embed-
ding to encode instance-specific attributes. A lightweight neural
decoder conditions on the embedding and geometric context
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Fig. 1. LivingAvatars creates high-fidelity head avatars using two innovations:
a functionally-decoupled Gaussian representation that separates identity (base
Gaussians) from expression (detail Gaussians), and a Gaussian lifecycle man-
agement strategy for robust optimization. We visualize the base Gaussians, detail
Gaussians, and the final rendered result.

to synthesize high-frequency, expression-dependent appearance
(e.g., wrinkles, hair sheen). For robustness, Gaussian lifecycle
management replaces destructive pruning with a non-destructive
“Hibernation-Rejuvenation” cycle that preserves occluded in-
formation and prevents point-cloud inflation. Additionally, prob-
abilistic selective pruning suppresses redundant detail Gaussians
without harming fidelity, enabling efficient training with high-
quality results.
We summarize our contributions as follows:
® Functionally Decoupled Gaussian Representation: We in-
troduce a functionally decoupled representation that de-
composes Gaussians into a stable geometric core (base
Gaussians) and a dynamic detail layer (detail Gaussians).
Each detail Gaussian carries learnable feature embeddings
that encode its unique characteristics, while a neural de-
coder synthesizes appearance based on these embeddings
and geometric context, enabling the efficient rendering of
high-frequency, expression-driven details while preserving
identity.
® Gaussian Lifecycle Management: We design a novel life-
cycle management mechanism, featuring a “Hibernation-
Rejuvenation” cycle, as a non-destructive alternative to
standard pruning. This approach preserves information
through occlusions and fundamentally reduces the point
cloud infiation that plagues existing dynamic methods. In
addition, we introduce probabilistic selective detail prun-
ing to suppress redundant detail Gaussians without com-
promising fidelity, improving efficiency during training.
® High-Fidelity Real-Time Avatar System: By integrating
these contributions, we build an end-to-end system that
reconstructs high-fidelity digital avatars from multi-view
video and operates in real-time.
Empirically, our system improves perceptual fidelity on
novel-view synthesis and reenactment, and better preserves tran-
sient, expression-dependent signals in cross-identity scenarios.

II. RELATED WORK

This section reviews related work along these dimensions.
We first survey foundational representations from parametric
meshes to neural fields and modern 3DGS-based methods, and
also note recent surveys on 3D Gaussian splatting, generative
3D reconstruction, diffusion-based 3D generation, and real-time

neural rendering pipelines [15], [16], [17], [18]. We then focus
on recent advances in modeling expression-dependent details
and handling transient occlusions that critically affect avatar
quality.

A. 3D Head Representations

We group prior head representations into parametric mesh
models, neural fields, and 3DGS-based head avatars. Para-
metric models like the 3D Morphable Model (3DMM) [19],
[20], [21] and its successor the Facial Linear Animation Model
(FLAME) [14] were foundational for head avatar reconstruc-
tion, offering low-dimensional control over identity and ex-
pression [22], [23], [24], [25], [26], [27]. However, their fixed
mesh topology and linear expression bases struggled to represent
unstructured details like hair and to generate non-linear, dynamic
wrinkles. Neural fields such as NeRF [1] relaxed topologi-
cal constraints but were typically too slow for real-time use.
The advent of 3DGS [10] provided a breakthrough for real-
time, high-fidelity avatars, spurring numerous Gaussian-based
dynamic human representations [28], [29], [30], [31], [32],
[33], [34], [35]. For head avatars, GaussianAvatars [12] binds
Gaussians to a FLAME mesh for animatable rendering. TGA
(TensorialGaussianAvatar) [36] proposes a compact tensorial
Gaussian head representation that uses triplanes for neutral static
appearance and lightweight 1D feature lines for expression-
related dynamic texture, while RGBAvatar [37] introduces re-
duced Gaussian blendshapes, mapping 3DMM parameters to
compact blendshape weights with a lightweight MLP to model
personalized expressions with fewer primitives. Despite these
advances, existing methods still struggle to capture rich dynamic
details. Our work addresses this issue by functionally decoupling
identity from dynamic details and replacing destructive pruning
with a non-destructive lifecycle.

B. Dynamic Appearance and Occlusion Robustness in
Gaussian Avatars

Building on 3DGS-based head avatars, a major thread tar-
geted expression-dependent appearance modeling, while a com-
plementary thread emphasized robustness to transient occlu-
sions. Standard 3DGS relied on static Spherical Harmonics
(SH), which underfitted expression-driven changes; subsequent
works [12], [38], [39], [40] introduced corrective offsets or
hybrid schemes, but such local adjustments under-expressed
complex, correlated high-frequency details (e.g., wrinkles, spec-
ular micro-structure) and tended to couple detail capacity with
Gaussian counts. TGA [36] addresses this issue with a com-
pact tensorial representation that stores neutral appearance in
triplanes and models expression-dependent dynamic texture
with lightweight feature lines decoded into opacity offsets.
RGBAvatar [37] instead adopts reduced Gaussian blendshapes,
using a lightweight MLP to predict compact blendshape weights
from 3DMM parameters so that personalized facial details
can be captured with fewer Gaussian primitives. In parallel,
SurFhead [41] proposed affine rig blending for 2D Gaussian
surfels; with Jacobian Blend Skinning (JBS), it better handled
stretching and shearing under extreme expressions and mitigated
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specular-reflection and concave-cornea artifacts. HR Avatar [42]
leveraged 3DGS with learnable blendshapes and learnable Lin-
ear Blend Skinning to enable flexible Gaussian deformation, and
decomposed head appearance into physically grounded compo-
nents (e.g., albedo and roughness) combined with a physically
based shading model, achieving high-quality reconstructions.
Dong and Zhang [43] proposed layered viewpoint simulation
and continuous lighting simulation to construct global depth
and brightness representations, addressing detail loss and blur
caused by fixed viewpoints and constant lighting in training
videos. Ma et al. [44] introduced a decoupled two-stage frame-
work that generates facial landmarks from audio via a Trans-
former and employs Gaussian-landmark-based position encod-
ing to optimize NeRF ray sampling for talking head rendering.
GUAVA [45] proposes a generalizable single-image upper-body
3D Gaussian avatar framework, combining an expressive human
model (EHM), inverse texture mapping, and projection sampling
to enable feed-forward reconstruction of animatable avatars with
real-time rendering.

Orthogonal to appearance modeling, robustness work ad-
dressed transient occlusions. Standard destructive pruning
caused irreversible information loss for temporarily occluded
Gaussians (e.g., eyes and mouth), producing flicker and deletion-
recreation cycles that inflate point counts. GaussianAvatar-
Editor [46] down-weighted occluded regions, but reduced gradi-
ents still weakened parameters and could not prevent drift. Com-
pared with methods that mainly emphasize compact appearance
parameterization or efficient blendshape control, our method ex-
plicitly couples dynamic detail synthesis with a non-destructive
lifecycle mechanism, targeting both transient high-frequency
effects and robustness under severe self-occlusion.

III. PRELIMINARIES
A. 3D Gaussian Splatting

3DGS [10] represents a scene using a set of anisotropic
3D Gaussians. Each Gaussian is defined by a center p and a
covariance matrix 2:

Gla)=exp 5@ @w).

For an optimizable representation, the covariance matrix 33 is
factored into a scaling matrix S and a rotation matrix R:

> = RSSTR”. (2)

In practice, each Gaussian is parameterized by a position p €
R3, a scaling vector s € R, and a rotation quaternion q € R4,

World-space distances are expressed in meters throughout this
paper; all distance-like thresholds (e.g., search radii) follow this
convention.

The color C for a pixel is rendered by alpha-blending the
projected Gaussians, sorted by depth. Let N denote the number
of visible Gaussians along the viewing ray; then

Ja-a) ) 3)

Here c¢; is the color derived from Spherical Harmonics (SH),
and the blending weight ¢; is defined as the product of the
per-Gaussian opacity «; (after Sigmoid) and the projected 2D
Gaussian’s screen-space density p;.

B. FLAME Tracking

We directly use the data provided by GaussianAvatar [12].
To capture facial dynamics, the process begins by extracting
51 internal facial landmarks, excluding the contour, using an
advanced detector [47]. Subsequently, an objective function
is optimized to solve for the per-frame pose, expression, and
translation parameters, along with a shared shape parameter.
This objective function is composed of a keypoint loss, a color
loss rendered by NVDiffRast [48], and regularization terms. The
optimization process is conducted in two stages: an initial per-
frame fitting followed by a global joint fine-tuning to improve
inter-frame coherence and overall accuracy. To better capture
the oral cavity, the FLAME template is extended by adding
geometry for the teeth.

IV. METHOD

As shown in Fig. 2, LivingAvatars creates drivable, photore-
alistic head avatars from multi-view RGB videos by extending
GaussianAvatars [12] with two complementary designs.

First, we introduce a functionally-decoupled Gaussian rep-
resentation. A stable geometric core of base Gaussians pre-
serves identity, while detail Gaussians model high-frequency,
expression/pose-dependent effects (e.g., wrinkles, specular
highlights). Detail appearance is synthesized by non-shared
per-level MLP decoders (one decoder per detail level shared
within that level) that take a learnable latent code, positional
encoding, and geometric context as input. During rendering,
decoder deltas are temporarily fused into the base attributes;
only upon graduation are stable contributions baked, avoiding
moving-target issues and preserving the intended functional
split.

Second, to robustly handle transient occlusions and suppress
redundant growth, we propose Gaussian lifecycle management.
A four-state process (Baby, Mature, Decaying, Hibernating) re-
places destructive pruning with a non-destructive Hibernation—
Rejuvenation cycle guided by an error map, while probabilistic
selective detail pruning reduces active detail Gaussians without
deleting parameters. Validated detail Gaussians can graduate
into the Base set, integrating both designs into a compact and
robust representation.

A. Neural Dynamic Detail Synthesis

To model high-frequency, non-rigid details, ranging from
expression-driven wrinkles to the complex geometries of hair
and clothing, which static per-Gaussian appearance fails to cap-
ture, we reformulate detail learning as a structured, generative
process instead of brute-force optimization.

1) Functionally-Decoupled Gaussian Representation: Our
method decomposes the scene into static base Gaussians and
detail Gaussians. The base Gaussians constitute a substantial,
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Fig. 2.

Overview of the LivingAvatars framework. The pipeline begins by binding 3D Gaussians to a parametric FLAME mesh (A, B) [12], [14]. Our core

representation, the functionally-decoupled Gaussian representation (C), decomposes these into two types: stable base Gaussians (blue) that define identity and
dynamic detail Gaussians (green) for high-frequency effects. The appearance of detail Gaussians is synthesized by a Detail Decoder (non-shared). Concurrently, a
Gaussian lifecycle management system (D) governs all Gaussians, using state transitions to handle occlusions and model evolution. This includes an error-driven
rejuvenation process guided by an Error Map. Lastly, both Gaussian types are rendered together to produce the final image (E).

Hidden Dim=128

'

World-space
Scale

=
Rotation

e
Position

Fig.3. OurDetail Decoder architecture (non-shared per level): a vector formed
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features is processed by an MLP to predict appearance and opacity variations
that modulate the static base appearance.
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stable geometric core with largely static attributes, capturing the
subject’s core identity. Complementing this core, a population
of detail Gaussians is distributed across the surface for high-
frequency effects. Instead of being stored, their final appearance
is dynamically modulated by a neural decoder. This focuses the
model’s capacity on an efficient, uniformly controlled distribu-
tion of details.

2) Detail Decoder Network: We employ a non-shared MLP
decoder, Dy, that modulates detail Gaussians with a compact,
learned prior (Fig. 3). Concretely, each Gaussian maintains an
integer attribute £; € {0,1,..., L} called the detail level, where
¢;=0 denotes a Base (Mature) Gaussian and ¢;>0 denotes a
Detail (Baby) Gaussian. The maximum level L (default L=3)
bounds the recursive depth of detail spawning. When a new
Detail Gaussian is spawned from a parent with level £, its
level is computed as fehjig = min(¢, + 1, L). The system in-
stantiates independent decoder heads per detail level (levels
1--- L), while all detail Gaussians at the same level share that
level’s decoder parameters; we do not instantiate a separate MLP
per Gaussian. For a detail Gaussian 4, the input concatenates: a

learnable latent code z; that serves as an instance-specific feature
embedding encoding the Gaussian’s unique characteristics, a
Fourier-encoded world-space position ~(u;) (spatial context),
and its world-space scale s; and rotation g; (geometric context).
The network predicts deltas for SH appearance and logit-space
opacity:

(Ac?ec7Aoi) = D@(zia’}/(ui)vsiaqi)v (4‘)

where Acd® and Ao; denote the deltas for SH coefficients and
logit-space opacity.

We use the standard Fourier positional encoding v : R? —
R6B+3 with B frequency bands (default B=10), applied
element-wise to 3D coordinates:

v(w) = [, {sin2*7 w)}og, {eos(2n w)}55], )
where sin(-) and cos(-) are applied component-wise to
(Has pys pz)-

We adopt SH degree d=3, so each Gaussian stores
1+[(d+1)?>—1]=16 SH coefficient groups per color channel
(one DC and 15 rest), and the decoder’s color head outputs
Acdc ¢ R'5*3 The decoder is a lightweight MLP with ReLU
activations in hidden layers and linear heads for both color and
opacity; we do not apply output clipping or normalization to the
heads. For stability, the opacity delta Ao is applied in logit space
and then passed through o () at render time (cf. Eq (7)), which
empirically avoids saturation and preserves a well-conditioned
gradient flow across lifecycle states.

The MLP uses a lightweight trunk and two output heads for
color and opacity. Adding these deltas to static base attributes
yields direction-aware wrinkles and hair sheen without per-
Gaussian overfitting.

3) Hybrid Appearance Synthesis: At render time, a Base
Gaussian’s appearance is its static stored attributes. For a detail
Gaussian 4, its final dynamic appearance is a composite of a static
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base component (c?®°, a?*¢) and a dynamic delta predicted
by the decoder. The final SH coefficients ¢’; and per-Gaussian
opacity «; are computed as:

C/i _ c?ase —|—AC?CC, (6)

o = U(logit(agase) + Aoi). 7

This decomposition into a static base and a dynamic function
enables the model to learn a more robust and generalizable prior
for dynamic facial appearance. As a result, our method avoids
overfitting and enhances the fidelity of dynamic effects.

B. Dynamic Gaussian Lifecycle Management

Standard 3DGS optimization employs destructive pruning,
which results in information loss due to transient occlusions
and leads to point cloud inflation, characterized by the uncon-
trolled accumulation of redundant Gaussians. This results in
significant temporal artifacts and inefficiency. To address this,
we introduce a Gaussian lifecycle management mechanism. It
replaces destructive pruning with a non-destructive cycle where
temporarily invisible Gaussians enter a hibernation state and are
later rejuvenated when needed, ensuring a compact and robust
representation. Additionally, we incorporate a probabilistic se-
lective detail pruning strategy to address redundancy in detail
Gaussians during training.

1) Gaussian State Machine: We replace the traditional bi-
nary ‘“exist or delete” paradigm with a four-state machine,
enabling a functional decoupling between a stable core and a
dynamic detail layer.

® Baby: A newly densified Gaussian, corresponding to a

detail Gaussian. It belongs to the dynamic detail layer, with
optimizable geometry but neurally-synthesized appearance
to model high-frequency dynamic effects (e.g., wrinkles,
hair).

® Mature: A graduated Gaussian that has proven its stability,

corresponding to a Base Gaussian. It forms the stable geo-
metric core with permanently baked appearance attributes,
ensuring identity preservation.
® Decaying: A Mature Gaussian whose opacity falls below
a threshold 7, pacity- It enters a probationary state, buffering
against transient invisibility before potential hibernation.

® Hibernating: A Decaying Gaussian that persists for Ngpace
iterations. It 1s moved to a hibernation pool, removed
from active optimization, with its parameters preserved for
future rejuvenation.

2) State Transitions and Management: The state transitions,
governed by heuristic thresholds like Topaciry, are discrete and
thus non-differentiable. This meta-control determines which
Gaussians are active for gradient updates without interrupting
backpropagation to their optimizable parameters. This explicit
control is fundamental, enforcing the functional separation of
our Gaussians and preventing the point cloud inflation and
information loss inherent to destructive pruning, as validated
by our ablation study (Section V-D4), and is governed by the
following transition rules.

Graduation (Baby — Mature): We define a precise, per-
Gaussian graduation criterion. For each Baby Gaussian ¢, we
maintain running statistics over iterations in which it is visible:
an accumulator A() of the ¢, norm of its view-space position
gradients and a visibility counter DY), At iteration ¢, if the
Gaussian is visible in the current view, we update

AD — AD 4| Viiewp P2, DY« DD 41, (8)

where p(*) = 7(u;) denotes the 2D view-space projection of
the Gaussian center and Vviewp(i) is the (screen-space) gradient
magnitude provided by the renderer for the two projected co-
ordinates. The projection 7 : R —R? is the standard pinhole
model with intrinsics K and extrinsics (R, ¢):

p=m(p) =1 (KRp+t))),
([u, v, w]" ) = (u/w, v/w), )

and its Jacobian J.(p) = On/Op relates world- and screen-
space differentials. In practice, we directly use the renderer’s
backpropagated screen-space gradient for stability and effi-
ciency. The average accumulated view-space position gradient
is then

@ _ A®

~ max(1,D®)’ (10)

QI

We do not use a fixed-length time window; the statistics are
maintained since creation or the last state reset and are implicitly
normalized by the number of visible updates D(*). A Baby Gaus-
sian graduates to Mature when () > Torad; WE USE Tgrad=10_3
by default and require the condition to hold on the current check
only (i.e., =1 consecutive satisfaction). Upon graduation, the
neurally predicted appearance deltas (Ac®c, Ao) are perma-
nently baked into the base attributes, and the detail-specific
parameters are reset:

Cbasf: — cbase + A Cdec7

(11)

¢ o (logit(a®®) + Ao), (12)

and the latent code z; and persistent deltas for the graduated
Gaussian are zeroed (detail layer disabled for that Gaussian).

Hibernation (Mature — Decaying — Hibernating): A Mature
Gaussian enters the Decaying state if its opacity falls below
Topacity- If it remains in this state for a grace period of Ngpace
iterations, it transits to Hibernating, and its parameters are moved
to a hibernation pool.

Recovery (Decaying — Mature): If the opacity of a Decay-
ing Gaussian rises above a recovery threshold Tiecover (Where
Trecover > Topacity)» it immediately reverts to the Mature state.

Rejuvenation (Hibernating — Mature): Rejuvenation reac-
tivates Hibernating Gaussians in high-error regions to prevent
holes and flicker. We compute an error mask, collect visible
positions that project inside it, and revive nearby Hibernating
candidates by proximity-limited selection (Algorithm 1).

3) Error Map and Rejuvenation Details: Error map is com-
puted per training view on linear RGB as a per-pixel L; resid-
val: E = ||I — I||; averaged over channels. An optional tem-
poral EMA is maintained to stabilize activation: E,=pE,_;

371
372
373
374
375
376

377
378
379
380
381

382
383
384
385
386

387
388
389
390
391
392
393
394
395

396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414



415
416
417
418
419
420
421
422
423
424
425

426

427
428
429
430
431
432
433
434
435
436
437
438
439
440
441
442

6 IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. 0, NO. 0, 2026

Algorithm 1: Error-Driven Rejuvenation of Hibernating
Gaussians.

Input: Rendered image i Ground-truth image I,
Hibernating Gaussians Gy;; Visible active Gaussians’
positions Pyis; Thresholds Terr, T'searchs Fmax-

Output: Rejuvenated Gaussians Grejyy-

1: grejuv <~ w’\

2: Mo < (]I =1 > 7err)

3: Pscarch {P € Puis | W(P) S Merr}

4: if Pgyeqren is not empty then

5 gcand — @

6: for each Gaussian g;, with center p, in Gy, do

7 dmin(gh) — minpsepseurch “‘Lh - psH2
8.

9

if dimin (gh) < Tsearch then

s(gn) + exp(— %;’7)2) - mean_pooly, 5
( | (Hh))
10: Add (gn, s(gn)) t0 Geand
11: end if

12:  end for

13: Sort Geana by score s(+) in descending order (ties
broken by smaller dp;y, then id).

14: Grejuy < First knax Gaussians from sorted Geang.

15: end if

16: return grejuv

+ (1 — pB) Eywith 8 € [0, 1) (weuse 5=0.8 by default). Thresh-
olding is applied to the smoothed map: T[E; > Ter].

High-error region selection: We optionally apply a 3 x 3
max-pooling on the binary mask to bridge thin gaps and then take
connected components; when the mask is dense, we uniformly
subsample up t0 Nregions COmMponents per iteration (default 64)
to bound computation.

Spatial search and nearest-neighbor strategy: For each visible
active Gaussian center whose projection falls into the error mask,
we query hibernating candidates within a 3D radius 7gearch by
batched pairwise distances. Candidates are scored by a distance-

decayed error: s(g) = exp(— )) mean_pools,, s E’w(m )

with o= "=t 'We sort by s(gy,) (desc.) as a refinement over pure
distance in Algorithm 1.

Activation budget per iteration: We enforce a strict budget
kmax per iteration and an optional global cap Kgame per frame
across all views in a batch (default kgyme =Fkmax When single-view
training).

Tie-breaking: If candidates share identical scores up to nu-
merical tolerance, we resolve ties deterministically by (i) smaller
dmin, then (ii) smaller Gaussian index id.

Anti-oscillation protection: In addition to opacity hysteresis
(Trecover > Topacity), W€ use a cooldown counter Nco (default
2K iterations) that prevents a Gaussian from toggling states
immediately after a transition. Furthermore, a debounce win-
dow Ngebounce (default 1 K) requires a candidate to satisfy the
rejuvenation condition consecutively before activation, which
mitigates flicker from transient noise.

4) Densification Policy and Initialization: When/where to
insert new Baby Gaussians. We maintain three gradient-driven
pathways: (i) clone high-gradient, small-scale Gaussians; (ii)
split high-gradient, large-scale Gaussians; and (iii) spawn de-
tail from eligible Mature parents when their average view-
space gradient exceeds a detail-spawn threshold Tgrag_spawn and
their current detail level is below the maximum L. We adopt
Torad_spawn =8 X 10~% and L=3 by default. Spawned children
are positioned near the parent with a small Gaussian offset
proportional to the parent’s scale.

For each newly inserted Baby Gaussian, the center p is
initialized at the parent center plus a small random offset
(~ N(0,0.01 Sparent) 10 World space), the rotation quaternion
q copies the parent’s orientation, and the log-scale is set so that
the absolute scale is i of the parent’s.

The SH DC, rest coefficients, and opacity are copied from
the parent, with small Gaussian noise applied to the SH rest,
while the persistent delta tensor and the latent code z; are
initialized to zeros. We use a 64-dimensional latent code by
default (dim(z;)=64).

When a Baby Gaussian graduates, we bake its decoder deltas
into the base SH/opacity and then reset both the persistent delta
and the latent code to zero; i.e. the latent z; is not retained for
Mature Gaussians.

5) Probabilistic Selective Detail Pruning: To address the
redundancy problem in detail Gaussians while maintaining
reconstruction quality, we introduce a probabilistic selective
pruning strategy that operates during training. Unlike traditional
destructive pruning that permanently removes Gaussians and de-
grades quality, our approach temporarily hides detail Gaussians
through opacity modulation, enabling efficient training without
compromising fidelity.

Selective Application Rationale: Our pruning strategy is ex-
clusively applied to detail Gaussians, not to the entire Gaussian
population. This selective approach is crucial for maintaining
reconstruction quality, particularly for critical facial structures,
such as teeth. Teeth reconstruction primarily relies on Mature
Gaussians that have been carefully optimized to capture the
stable geometric structure. If these Mature Gaussians were
accidentally pruned during training, the reconstruction of teeth
would become increasingly difficult, as the model would lose
the fundamental geometric foundation needed for accurate tooth
representation. By restricting pruning to detail Gaussians only,
we protect the stable Mature Gaussian core that preserves iden-
tity and critical structural information, while still addressing the
redundancy problem in the dynamic detail layer.

During rendering, we apply probabilistic pruning exclusively
to detail Gaussians. For each detail Gaussian i, we generate
a random value r; ~ (0, 1) and compare it against a pruning
probability p; that varies with training iteration ¢:

1 if i > Pt
keep; = . . (13)
0 ifr; <p

The pruning probability follows a linear annealing schedule:

Pt = Dstart + (pend - pstart) : mln(]-oa t/Tanneal)y (14)
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where Py = 0.0, Peng = 0.2, and Typpeas = 600,000 iterations.
Instead of permanently removing Gaussians, we modulate
their per-Gaussian opacity during rendering:

&; = ay - keep,, (15)

where «; is the per-Gaussian opacity (post-sigmoid) and &;
is its pruning-modulated counterpart used for rendering. The
final blending weight uses &; = &; - p;. This non-destructive
approach ensures that pruned Gaussians can contribute to render-
ing in subsequent iterations, maintaining the model’s capacity
while introducing beneficial stochasticity.

During validation and testing, stochastic pruning is disabled
to ensure deterministic evaluation.

C. Optimization Strategy

We train our framework with a multi-term objective function
designed to enforce the functional decoupling between the stable
core (Mature Gaussians) and the dynamic detail layer (detail
Gaussians). The total loss L is:

L= Erender + )\lpipsﬁlpips + )"embedﬁembed

+ )txyzﬁxyz + Ascaleﬁscale + )Vdelail—delta£detail—delta7 (l 6)

where the weights are set to Ajpips = 0.1, Aempea = 1073, Axyz =
1072, Ascale = 109 and Adetail-delta = 1073~

The objective combines rendering losses with regularizers.
The rendering loss includes a photometric term L eqger, Which is
amix of L and D-SSIM (Agim = 0.2), and the perceptual loss
LPIPS Llpips:

Erender = (]- - )\'ssim)ﬁl (j7 I) + )\ssimED—SSIM(IAa I)a
Lipips = LPIPS(I, ).

7)
(18)

We introduce several regularization terms to constrain the
model. Let Gyerayt denote the set of all detail Gaussians.

Neural Prior Regularization: To ensure the Detail Decoder
learns a generalized appearance prior, we apply two regularizers
exclusively to detail Gaussians. An Lo penalty on the latent
codes promotes a compact latent space:

»Cembed = Eiegdelail [H’z2 H2] . (19)

In these regularization terms, [E denotes the expectation operator,
which calculates the mean over the set of Gaussians specified in
the subscript. To encourage sparse modifications, an L; penalty
is applied to the decoder’s predicted appearance deltas, focusing
its capacity on high-frequency details:

Edelail—della = Eiegdcmn [”AcgeC”l + |A01H : (20)

Gaussian Geometry Regularization: We define the parent-
triangle local frame from the posed FLAME mesh at each
timestep: for every face, we compute an orthonormal orientation
matrix and a per-face anisotropic scale via per-face orientation
computation; a Gaussian bound to face f stores its parameters
ayz in this local frame. The world transform used for rendering
isgvorld = R ¥ o © 5 ¢ + ¢y, where ® denotes element-wise

multiplication. Regularization is imposed in the local frame: we

penalize any Gaussian whose local center p; ; or absolute scale
exp(s;,;) exceeds thresholds Tyy, and Tcae:

»nyz =E; [RGLU (HN’IJHQ - TX)’Z)] ’
Lscale = E; [RGLU (H eXp(Sl,i)HQ - Tscale)} ’

21
(22)

Our binding keeps Gaussians anchored to the FLAME surface
via the local frame above, but we allow modest local excursions
under the default thresholds 7yy,=0.55 and 7yc.e=0.6, which
suffice to capture thin structures (hairline, whiskers) without
drifting.

V. EXPERIMENTS AND ANALYSIS
A. Setup

1) Experimental Settings: We systematically evaluate the
quality of the generated head avatars under three experimental
settings. 1) Novel-View Synthesis: Renders from held-out camera
views using the head pose and expression parameters from the
training sequence. 2) Self-Reenactment: Renders from all 16
camera views using unseen pose and expression parameters from
the same subject’s test sequence. 3) Cross-Identity Reenactment:
Drives the current subject’s model using motion parameters
(pose and expression) from another subject. The source code
is available at: https://github.com/xgyutu/LivingAvatars.

2) Implementation Details: For the single-view benchmark,
training is limited to 60 K steps. All experiments run on a
single NVIDIA RTX 4090 with PyTorch 2.0.1/CUDA 11.7.1.
Following GaussianAvatars [12], we train for 600 k Adam [49]
iterations, jointly fine-tune FLAME, start adaptive densification
at 10 k iterations, and repeat it every 2 k iterations. The position
learning rate decays from 5 X 102 to 5 x 10~2; scale, rotation,
opacity,and SHuse 1.7 x 1072,1 x 1072,0.05,and 2.5 x 1072,
respectively. We disable periodic opacity resets and use prob-
abilistic selective detail pruning, annealed from pg,=0.0 to
Pend=0.2 over 600 k iterations. Unless otherwise specified, all
results use one fixed-seed run per subject.

The detail decoder is a non-shared 2-layer MLP with 128
hidden units per detail level. It uses a 64-d latent code,
10 Fourier bands, and SH degree d=3, producing a 15-
coefficient color residual per channel and an opacity-logit
delta. We use 7xy,=0.55 and Tycae=0.6 for geometry regular-
ization. Detail spawning uses Tgrad_spawn =08 X 10~ and initial-
izes child scale to one quarter of the parent scale. Graduation
uses Tgrad:10’3. Lifecycle management uses Topacity=0.025,
Trecover=0.03, Ngrace=15,000, 7er;=0.5, 5=0.8, rscarcn=0.5 m,
kmax=50, Neoo1=2,000, and Ngebounce=1,000.

B. Datasets and Metrics

We evaluate on the NeRSemble dataset [9], which contains 9
subjects captured from 16 views at 802 x 550 resolution. Fol-
lowing GaussianAvatars [12], we use 10 sequences per subject
for training, one held-out sequence for Self-Reenactment, and
one free-form sequence for Cross-Identity Reenactment. Images
are downsampled to 802 x 550, backgrounds are removed with
Background Matting V2 [50], and pixels below the shoulders are
masked using the tracked FLAME model to focus reconstruction
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Living Avatars
(Ours)

Fig. 4.
reconstructions with zoomed-in mouth regions for visual comparison.

TABLE I
QUANTITATIVE COMPARISON WITH REPRESENTATIVE STATE-OF-THE-ART
METHODS ON NOVEL-VIEW SYNTHESIS AND SELF-REENACTMENT. BEST
RESULTS ARE IN BOLD AND SECOND-BEST RESULTS ARE UNDERLINED

‘ Novel-View Synthesis ‘ Self-Reenactment

Model | PSNRT SSIMt LPIPS||PSNRT SSIM{ LPIPS|
AvatarMAV | 295 0913 0152 | 243 0887 0.168
PointAvatar | 25.8 0.893 0.097 | 234 0884 0.102
INSTA 26.7 0.899 0.122 | 263 0906 0.110
GA 3.0 0936 0.066 | 258 0910 0.076
GA-Editor | 303 0933 0071 | 262 0914 0.079
SurFhead | 303 0930 0.080 | 262 0912 0.086
TGA 26.7 0911 0102 | 256 0909  0.106
RGBAvatar | 31.7 0948 0081 | 259 0904 0.113
Ours 323 0936 0.040 | 269 0910 0.060

on the head region. To further test reconstruction from sparse ob-
servations, we build a single-view benchmark using three videos
selected from the dataset of [51]. These videos are processed
with the same GaussianAvatars pipeline and downsampled to
767 x 431 resolution. We report PSNR, SSIM, and LPIPS for
Novel-View Synthesis, Self-Reenactment, and the single-view
benchmark.

C. Comparison With State-of-The-Art Methods

We compare LivingAvatars with representative baselines for
Novel-View Synthesis and Self-Reenactment, covering both
non-3DGS and recent 3DGS-based methods (Table I and Figs. 6
and 5). The results for INSTA [52], PointAvatar [53], and
AvatarMAV [54] are taken from GaussianAvatars [12]. Existing
methods often trade off fine detail and robustness under dynamic
facial motion.

LivingAvatars gives the best overall trade-off. It achieves
the highest PSNR and LPIPS on both tasks, while remaining

_

RGBAvatar Surhead 7 G

Qualitative single-view reconstruction results on the HDTF-based benchmark. The models are trained on videos from HDTF, and we show representative

TABLE 1T
SINGLE-VIEW RECONSTRUCTION RESULTS ON HELD-OUT SUBJECTS. HIGHER
IS BETTER FOR PSNR AND SSIM, WHILE LOWER IS BETTER FOR LPIPS

Model PSNR1T SSIMtT LPIPS|
GA 22.0 0918  0.064
SurFhead 27.0 0.949  0.027
TGA 30.5  0.963  0.024
RGBAvatar  28.4 0.953  0.030
Ours 31.7 0.967 0.029

competitive in SSIM. This advantage comes from the com-
bination of a non-shared Detail Decoder for high-frequency
appearance and lifecycle control that avoids the flickering and
point inflation caused by destructive deletion—recreation cycles.
Fig. 6 shows the same trend for Novel-View Synthesis and
Self-Reenactment. LivingAvatars reconstructs teeth with more
plausible geometry and cleaner appearance, while the eyes re-
tain natural specular highlights. It also preserves hair texture,
facial wrinkles, and small accessories such as necklaces more
clearly. In contrast, these details are blurred or barely visible in
competing methods.

Among the non-3DGS baselines, INSTA, PointAvatar, and
AvatarMAV lag behind the Gaussian-based methods, especially
on detail-sensitive metrics. GaussianAvatars [12] introduced a
dynamic 3D Gaussian representation bound to FLAME [14], but
its static per-Gaussian appearance limits rich dynamic details.
GaussianAvatar-Editor [46] improves robustness to motion oc-
clusion and temporal inconsistency, yet at the cost of weaker
texture detail. SurFhead [41] handles large deformations better,
but tends to lose sharpness in other facial regions. TGA [36] and
RGBAvatar [37] are more compact but still weaker on dynamic
details. Overall, LivingAvatars better balances fidelity, detail,
and transient-occlusion robustness.

Table II shows that LivingAvatars transfers well to the single-
view setting, with the best PSNR and SSIM. Its LPIPS is slightly
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Fig. 5.
facial regions.
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Additional qualitative comparisons on harder cases with stronger pose and expression changes. LivingAvatars remains more faithful in the highlighted

TABLE III
ABLATION ON CORE COMPONENTS AVERAGED OVER ALL 9 SUBJECTS. BEST RESULTS ARE IN BOLD AND SECOND-BEST RESULTS ARE UNDERLINED

‘ Novel-View Synthesis ‘

Self-Reenactment ‘ Num

Model | PSNRT SSIM{ LPIPS||PSNRT SSIM? LPIPS| | (K)|
Ours 323 0936 0.040 | 269 0910 0.060 |77.0
w/o Detail System | 29.9 0925 0.049 | 260 0.908 0.060 |67.5
wlo Lifecycle 321 0936 0.040 | 269 0910 0.060 |89.4

behind TGA, but the gap is small, so the main gain lies in
pixel accuracy and structural consistency. Fig. 4 confirms this
on in-the-wild monocular HDTF videos: LivingAvatars recon-
structs clearer teeth and better preserves the first-row subject’s
ear accessory. These details are easy to lose under monocular
supervision, showing stronger recovery of fine-scale identity
cues. Fig. 5 further shows stable Cross-Identity Reenactment,
where LivingAvatars preserves facial details more faithfully than
GaussianAvatars and RGBAvatar across all three metrics.

D. Ablation Studies

1) Ablation of Core Components: We reran the ablation on
all 9 subjects and report the averages in Table III. As shown in
Fig. 7, removing either component core degrades the quality of
reconstruction.

Qualitatively, Fig. 7 highlights where degradations occur.
Without the Detail Decoder, hair strands collapse into blurry
clumps, facial wrinkles become faint or disappear, and specular
eye highlights lose sharpness and liveliness, yielding a flatter
overall appearance. Without the Lifecycle mechanism, we also
observe a mild yet consistent drop: subtle temporal flicker and
softened eye/teeth details reduce perceptual crispness even when
peak PSNR is similar.

We occasionally observe an increase in SSIM alongside a
decrease in PSNR and LPIPS, typically due to the preference of

SSIM for smooth and well-aligned structures, even when fine
high-frequency details, reflected more sensitively by PSNR and
LPIPS, are lost. Therefore, we report all three metrics and em-
phasize LPIPS and qualitative results to assess high-frequency
fidelity.

w/o Neural Dynamic Detail Synthesis: The average results for
9 subjects show that after removing the detail system, the PSNR
and LPIPS metrics for Novel-View Synthesis deteriorate. This is
due to the loss of high-frequency structural information such as
wrinkles and hair strands. The number of Gaussians decreases,
and this result reflects insufficient Gaussian density, leading to
smoother but less faithful reconstruction outcomes. This also
confirms that the Detail Decoder can influence the increase in
the number of Gaussians, as more Gaussians are allocated to
complex regions with rich details.

w/o Dynamic Gaussian Lifecycle Management: After re-
placing our proposed Lifecycle mechanism with the original
3D Gaussian management and pruning method, the average
number of Gaussians increased from 77.0 K to 89.4 K. This
is due to repeated optimization of the “deletion-reconstruction”
cycle in regions prone to occlusion (e.g., teeth). The original
3D Gaussian management method struggles to optimize and
manage Gaussians more efficiently. Although the peak PSNR
remains at a similar level, both the perceptual quality and tem-
poral stability significantly degrade, which is consistent with
the visual artifacts (e.g.flicker around the eyes and teeth) shown
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novel-view synthesis

self-reenactment

GT

Ours TGA

Fig. 6.
detail than the baselines.

in Fig. 7. This result confirms the crucial role of the Lifecycle
mechanism in maintaining the compactness and stability of the
representation.

2) Analysis of the Functionally-Decoupled Gaussian Repre-
sentation: As shown in Fig. 8, the two Gaussian populations
play distinct roles. Base (Mature) Gaussians form a stable ge-
ometric core that preserves identity-defining structures, such as
facial contours and organs. Detail (Baby) Gaussians capture
dynamic, high-frequency signals, including hair and clothing
geometry, while refining the base representation. This separation

RGBAvatar SurFhead GA

Representative qualitative comparisons on held-out reconstructions. The red boxes mark zoomed-in regions, where LivingAvatars preserves sharper local

between a stable identity foundation and a flexible detail layer
supports our design.

We compare two ways of using the decoder’s predicted
deltas: Permanent baking, which writes the deltas into the base
SH/opacity at every iteration, and Temporary fusion, which ap-
plies the deltas during rendering and keeps the base attributes un-
changed until graduation. Averaged over 9 subjects, temporary
fusion outperforms permanent baking on both tasks (Table IV).

Permanent baking creates a moving target for the decoder.
Because the deltas are folded into the static base at every step,
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Ground Truth Ours w/o Detail System w/o Lifecycle

Fig. 7. Visualization results of the ablation study on core components.

Babf + Mature Baby

Mature Baby + Mature Baby Mature

Fig. 8.  Visual analysis of functionally-decoupled Gaussian representation on
partial subjects.

TABLE IV
COMPARATIVE ANALYSIS OF PERMANENTLY BAKING DELTAS AND TEMPORARY
FusioN WITH BAKING

| Novel-View Synthesis l Self-Reenactment

Method | PSNRT SSIMT LPIPS] | PSNR1T SSIM?T LPIPS]
Permanent | 29.1 0.916 0.067 254 0.898 0.078
Temporary | 32.3 0.936  0.040 26.9 0.910 0.060

the residual changes continuously, gradients become less stable,
and the base absorbs dynamic, view- and pose-dependent effects.
The result is weaker decoupling, smoother textures, and less
crisp direction-sensitive detail. Temporary fusion avoids this by
keeping the residual stationary during optimization and limiting
the dynamic effect to the detail layer; only stable contributions
are baked into the core at graduation. This yields higher fidelity
and better generalization to novel views and reenactment tasks.
3) Decoder Design Analysis: To validate our Detail Decoder,
we ablated 9 subjects. As in Table V and Fig. 9, removing
any core component degrades perceptual and accuracy metrics,
confirming the design. Each component plays a distinct role.
Analysis of the Geometric Context: Removing xyz input leads
to a significant performance drop, indicating that spatial coor-
dinate information is crucial for detail synthesis. Without the

TABLE V
COMPREHENSIVE ABLATION STUDY OF THE DETAIL DECODER ARCHITECTURE
COMPONENTS

‘ Novel-View Synthesis ‘ Gaussian Count
Method ‘PSNRT SSIM 1 LPIPS,L‘Detail (K) Base (K)
Ours 32.3 0936  0.040 15.8 61.2
w/o Embedding Input 31.9 0933 0.043 16.7 62.9
w/o xyz Input 303 0928 0.046 14.7 69.4
w/o Scale&Rot Input 31.3 0931 0.045 16.7 56.6
w/o Opacity Output 31.3 0931 0.045 21.1 61.7
w/o SH Output 320 0934 0.043 11.7 60.7
w/o Non-shared Decoder| 31.8 0934 0.043 15.5 70.6

Ground Truth Ours w/o Geometry w/o Scale&Rot w/o Non-shared
Input Input Decoder

Fig.9. Visualization of the ablation results for the Detail Decoder architecture.

geometric xyz input, the model cannot accurately align direc-
tional features, resulting in blurry structures such as beards and
nasolabial folds. Furthermore, removing the scale and rotation
input also causes a certain degree of performance degradation,
but the impact is relatively smaller. This suggests that scale
and rotation information helps the model better adapt to various
geometric details and assists in the accurate restoration of facial
textures at different scales and orientations, but its importance
is not as high as the basic spatial coordinate information.

Analysis of the Learnable Latent Codes: The ablation con-
firms that the learnable latent codes z; are indeed instance-
specific features learned for each detail Gaussian. Removing em-
bedding input results in measurable performance degradation,
demonstrating that these codes provide crucial semantic infor-
mation for detail synthesis. Meanwhile, without embeddings,
the model compensates for lost spatial precision by generating
more Gaussians.

Analysis of the Output Component: The two output com-
ponents exhibit different efficiency patterns. Without opacity
correction prediction, the model generates the largest number
of detail Gaussians but achieves lower quality. Additionally,
removing the SH correction prediction also leads to a decline
in reconstruction performance.

Analysis of the Number of Detail Levels: We further evaluate
the capacity of the detail layer by sweeping the maximum
detail level L from O to 5, where L=0 disables both detail
Gaussians and Detail Decoder. Table VI reports the averages
for the 9 subjects. The results improve steadily from L=0 to
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TABLE VI
COMPARATIVE ANALYSIS OF THE NUMBER OF DETAIL LEVELS

detail level ‘ PSNRT SSIM{T LPIPS|

0 29.9 0.925 0.049

1 31.8 0.934 0.043

2 32.1 0.935 0.041

3 32.3 0.936 0.040

4 32.0 0.934 0.042

5 31.9 0.934 0.042
TABLE VII

ABLATION ON THE NUMBER OF FOURIER FREQUENCY BANDS IN THE
POSITIONAL ENCODER OF THE DETAIL DECODER

Frequency Bands | PSNRT SSIM{ LPIPS|

Low (5 bands) 30.4 0.928 0.046
Mid (10 bands) 32.3 0.936 0.040
High (20 bands) 30.7 0.927 0.048

L=3, indicating that deeper detail hierarchies better capture
high-frequency effects (wrinkles, hair sheen). Beyond L=3,
metrics degrade slightly, suggesting diminishing returns and
mild over-parameterization that introduces noisy fine structures
and interferes with optimization. We therefore adopt L=3 as the
default, striking a balance between fidelity and stability.

Analysis of the Positional encoding frequency: We conduct
ablations to assess how the number of Fourier bands for the
Detail Decoder’s positional encoding (see Table VII) affects
performance. A moderate band count yields the best accuracy
and perceptual quality: too few bands miss fine spatial details
and cause over-smoothing; too many overfit noise and irrelevant
patterns, producing artifacts and unstable training. We are using
10 bands, which strikes a good balance, reconstructing subtle
wrinkles and skin textures without introducing noise, enabling
the model to focus on semantically meaningful geometry while
avoiding both underfitting and excessive sensitivity. Qualita-
tively, low-frequency encoding lacks spatial discriminability,
blurring region-specific structures; high-frequency encoding is
overly sensitive to noise, leading to mild overfitting and incon-
sistent fine textures; a moderate setting offers sufficient spatial
expressivity and stable training.

Analysis of Probabilistic selective detail pruning: We ablate
the pruning probability while keeping all other settings fixed. As
shown in Table VIII, a probability of 0.2 yields the best trade-off,
effectively suppressing redundant Gaussians with negligible
quality loss. When the probability is 0.0 (no pruning), clear
redundancy emerges; using the optimal 0.2 reduces the point
count while preserving reconstruction fidelity. Moreover, proba-
bilistic selective pruning encourages core information to migrate
into base Gaussians, allowing detail Gaussians to concentrate on
high-frequency, expression-driven effects. The additional five-
seed experiment in Table IX shows very small variance across
repeated runs, indicating that this stochastic pruning strategy
does not introduce noticeable instability during training. The

TABLE VIII
COMPARATIVE ANALYSIS OF THE PROBABILITY IN PROBABILISTIC SELECTIVE
DETAIL PRUNING

‘ Novel-View Synthesis ‘ Gaussian Count

Probability‘PSNRT SSIM1 LPIPS”Detail (K) Base (K)

0.0 323 0936 0.041 73.4 36.8

0.1 320 0.934 0.042 7.6 34.8

0.2 323  0.936 0.040 15.8 61.2

0.3 320 0.934 0.042 9.5 43.1

0.4 319 0.934 0.043 7.9 37.5

0.5 319 0.934 0.042 9.0 42.1
TABLE IX

STABILITY ANALYSIS ACROSS FIVE RANDOM SEEDS ON THE REPRESENTATIVE
SUBJECT ID306. WE REPORT NOVEL-VIEW SYNTHESIS AND
SELF-REENACTMENT RESULTS FOR REPEATED RUNS OF OUR METHOD, WHICH
INCLUDES STOCHASTIC PROBABILISTIC SELECTIVE DETAIL PRUNING DURING
TRAINING

‘ Novel-View Synthesis ‘ Self-Reenactment

Seed | PSNRT SSIM{ LPIPS| | PSNRT SSIM{ LPIPS|

1 344 0.967 0.023 31.2 0.957  0.025
2 34.5 0967  0.023 31.3 0.957  0.025
3 34.5 0966  0.024 31.2 0.957  0.026
4 34.6 0967  0.023 31.0 0.957  0.025
5 34.6 0.967  0.022 31.1 0.957  0.025
Avg. | 345 0.967  0.023 31.2 0.957  0.025

Baby mm Mature @ Decaying @ Hibernating

264 302 304 306 460

253

Count
150,000

120,000
90,000

60,000

o . . I
74 104 218

0 Subject

Fig. 10.
subjects.

Distribution of Gaussians across different lifecycle states for all

final reconstruction quality also remains highly consistent across
seeds in both Novel-View Synthesis and Self-Reenactment.

4) Analysis of the Gaussian Lifecycle Mechanism: Table X
shows that each lifecycle component matters: removing any
one hurts either reconstruction quality or model compactness.
The full design keeps the lowest Gaussian count while pre-
serving quality, and its efficiency cost is reported separately in
Section V-E.

Figs. 10 and 11 show the intended state flow. Baby Gaus-
sians are abundant early, when the model inserts new points
in high-gradient regions. Mature Gaussians then dominate and
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TABLE X
ABLATION ON LIFECYCLE MECHANISMS AVERAGED OVER ALL 9 SUBJECTS. WE REPORT NOVEL-VIEW SYNTHESIS AND SELF-REENACTMENT TOGETHER WITH
THE AVERAGE NUMBER OF GAUSSIANS (IN THOUSANDS, LOWER IS BETTER), TRAINING TIME, AND MEMORY CONSUMPTION. ALL VARIANTS ARE TRAINED FOR
600 K ITERATIONS ON A SINGLE NVIDIA RTX 4090 GPU. BEST RESULTS ARE IN BOLD AND SECOND-BEST RESULTS ARE UNDERLINED

‘ Novel-View Synthesis ‘

Self-Reenactment ‘ Num ‘ Train Mem

Model | PSNRT SSIM{ LPIPS| |PSNRT SSIM? LPIPS||(K)l | (h| (GB)|

Ours 323 0936 0.040 | 269 0910 0.060 |77.0| 13.6 4.46

w/o Graduation | 31.5 0934 0044 | 268 0909 0.062 |863|13.1 4.50

w/o Decaying 323 0935 0.040 | 269 0909 0.061 |943|127 447

w/o Hibernation | 32.0 0935 0.041 | 269 0910 0.060 | 888|135 4.50

w/o Rejuvenation | 32.0 0934  0.042 | 268 0910 0.061 |89.4|13.7 448
" s TABLE XII
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Fig. 11.  The number of Gaussian points in each stage.

TABLE XI
TRAINING EFFICIENCY COMPARISON. ALL METHODS ARE TRAINED FOR 600 K
ITERATIONS ON A SINGLE NVIDIA RTX 4090 GPU

Method | Training Time (h) | Memory (GB) | Points (K)
GA 9.3 1.2 61
SurFhead 14.6 20.0 437
TGA 8.7 2.3 76
RGBAvatar 4.3 0.7 83
Ours 13.6 1.7 90

form the stable core. Decaying Gaussians stay sparse because
inactive points are moved into Hibernating, where they can be
revived when local error rises. In the representative trajectory,
Baby counts drop as they graduate, Mature counts plateau,
and Hibernating counts stabilize. Together, these trends confirm
the four-state graduate-hide-reactivate cycle and show that the
model preserves recoverable detail without uncontrolled growth.

E. Efficiency Analysis

1) Training Efficiency: Table XI compares LivingAvatars
with recent compact 3DGS head-avatar methods. RGBAvatar
is the fastest and most memory-efficient baseline, TGA is

INFERENCE EFFICIENCY COMPARISON AT 802 x 550 RESOLUTION. ALL
METHODS ARE INFERENCED ON A SINGLE NVIDIA RTX 4090 GPU

Method Total | Detail | Mem | FPS Detail
Points | Points | (MB) Ratio (%)
GaussianAvatars | 89,021 - 2,008 | 71.83 -
Ours (online) 43,502 | 5,257 | 1,108 | 104.15 12.3
Ours (offline) 43,502 | 5,257 | 1,108 | 145.88 -

also compact, and SurFhead has the largest memory footprint
and point count because of its surfel representation and Ja-
cobian Blend Skinning. Our method trains more slowly than
GA, TGA, and RGBAvatar because of Detail Decoder forward
passes and lifecycle management, but it keeps memory low
and delivers stronger fidelity on both Novel-View Synthesis
and Self-Reenactment. Although it uses slightly more points
than several compact baselines, the extra cost is offset by better
reconstruction quality.

The lifecycle ablation in Table X shows that the training-time
and memory overhead of the lifecycle components is modest,
and the overall cost stays stable across variants. The full lifecycle
system therefore gives the best quality-complexity trade-off.

2) Inference Efficiency: Table XII shows that LivingAvatars
preserves competitive rendering speed at 802 x 550. Online
fusion adds minor runtime overhead from the Detail Decoder but
improves fidelity; offline fusion removes this cost and increases
FPS further. The smaller Gaussian set is the main source of the
speedup and memory savings.

VI. LIMITATIONS AND DISCUSSIONS

Our framework has several limitations. 1) Parametric Model
Constraints. Expression is constrained by the linear basis of the
FLAME model, limiting geometric accuracy for extreme facial
actions. A key direction is to explore more expressive non-linear
or model-free representations. 2) Hibernating Pool Scalability.
For long sequences, the Hibernating Pool can grow substantially,
posing a challenge in scalability. Investigating efficient retrieval
or forgetting mechanisms is necessary to balance consistency
and resource usage.
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VII. CONCLUSION

This study proposes a new paradigm for robust and efficient
head avatar reconstruction, centered on two key innovations.
First, the functionally decoupled Gaussian representation de-
composes the Gaussian model into a stable geometric core (base
Gaussians) and a dynamic detail layer (detail Gaussians). Detail
Gaussians are endowed with learnable feature embeddings and
utilize a Detail Decoder to refine Gaussian attributes. Second,
a comprehensive Gaussian lifecycle management mechanism
introduces novel states for Gaussian points and enables effi-
cient management. In contrast to the destructive pruning behav-
ior of conventional 3DGS, we replace it with a Hibernation—
Rejuvenation cycle and a probabilistic selective detail pruning
strategy. This leads to a significant improvement in the per-
formance of dynamic head modeling. Extensive quantitative
and qualitative experiments demonstrate that our framework
achieves state-of-the-art performance on Novel-View Synthesis,
Self-Reenactment, and Cross-Identity Reenactment tasks. We
hope that this work will inspire further advances in efficient,
high-fidelity dynamic avatar systems and their deployment in
real-world scenarios.
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