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Abstract

We propose Fresco, a unified optimization pipeline de-
signed to mitigate early over-sharpening, and cross-view
drifting in head avatar reconstruction. Fresco combines
a Laplacian-pyramid-based frequency curriculum with UV-
space consistency regularization to progressively enhance
reconstruction quality. The optimization begins by stabiliz-
ing low-frequency appearance in the image domain, which
suppresses spurious details and promotes reliable conver-
gence. As learning proceeds, consistency across differ-
ent viewpoints is reinforced through pixel-level alignment
on shared UV texture coordinates. Finally, high-frequency
components are refined under explicit frequency-band con-
straints, and seam boundary regularization is applied to
preserve local continuity. By optimizing in a frequency-
and UV-aligned space, Fresco achieves robust convergence
without pseudo high-frequency artifacts and yields consis-
tent, high-fidelity results across views. Experiments on the
NeRSemble dataset validate the effectiveness of our design,
outperforming previous state-of-the-art methods. Our code
is available at: https://github.com/saralkun/Fresco.

1. Introduction

Generating animatable human head avatars has long been
a central research topic in computer vision and graph-
ics. The ability to render dynamic, view-consistent, pho-
torealistic facial images from arbitrary viewpoints is criti-
cal for applications such as gaming, film production, and
AR/VR communication [8, 17, 20, 25]. For these scenar-
ios, models must not only deliver high-fidelity visual re-
sults but also offer fine-grained control over facial expres-
sions and head poses, while robustly generalizing to unseen
pose—expression combinations.

In recent years, significant progress has been made in
photorealistic animatable head avatar rendering based on
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neural representations such as NeRF [19] and Gaussian
fields [10]. However, achieving fine-grained control over fa-
cial expressions and head poses remains highly challenging.
Specifically, the joint modeling of head geometry, facial ex-
pressions, and subtle dynamic details makes the reconstruc-
tion process highly under-constrained [15, 24, 30, 35]. As
a result, early-stage reconstructions tend to exhibit pseudo
high-frequency artifacts, and extreme expressions or com-
plex details, such as wrinkles, intra-oral structures, and hair
strands, often lead to cross-view drifting or inconsistency.

NeRF and its variants [1, 19, 29, 37] employ implicit
volumetric representations to effectively encode head ge-
ometry and appearance. These methods leverage volumet-
ric rendering with multi-view supervision to produce con-
tinuous and smooth surfaces, achieving strong cross-view
consistency in novel view synthesis [9, 26, 33]. Their
main advantage lies in the unified modeling of geome-
try and texture, which avoids the resolution limitations
of explicit mesh or point-based representations. How-
ever, NeRF-based approaches typically require long train-
ing times and are less suitable for real-time rendering or
large-scale data. Moreover, the implicit nature of these rep-
resentations makes direct control over local expressions or
fine dynamic details more challenging.

In contrast, Gaussian or deformable point-based ap-
proaches adopt explicit representations that enable more
flexible control over facial dynamics and expressions, while
supporting efficient or near real-time rendering [4, 23, 28,
31]. These methods directly model head structure and tex-
ture, allowing for intuitive manipulation and preservation of
high-resolution details. However, explicit representations
are highly sensitive to point positions and density, which
can lead to seam artifacts and unstable training. Additional
constraints or optimization strategies are therefore required
to improve cross-view consistency.

To address these limitations, we introduce Fresco (Fre-
quency—Spatial Consistent Optimization), a unified opti-
mization framework that enhances cross-view consistency
and detail robustness across head representations. At its
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core, Fresco employs a Laplacian-pyramid frequency de-
composition that progressively shifts learning from low to
high spectral bands, following the curriculum learning prin-
ciple [2]. This stabilizes early updates and improves struc-
tural fidelity. Concretely, we regulate frequency directly
in the image domain using a Laplacian-pyramid decompo-
sition implemented with differentiable Gaussian (G,) and
Difference-of-Gaussian (DoG) filters. This spatially local-
ized formulation is well suited to head avatars, where re-
gions exhibit distinct spectral characteristics, with facial
surfaces evolving smoothly under low-frequency regular-
ization while hair and boundary areas benefit from targeted
high-frequency refinement. In addition, we enforce cross-
view texel alignment in a shared UV space so that frequency
progression and geometric correspondence are optimized
together, improving view consistency and boundary conti-
nuity. Our contributions are summarized below:

* We propose Fresco, which integrates Laplacian-
pyramid-based frequency decoupling with UV texel
alignment supervision to enhance structural fidelity and
cross-view consistency in head avatar reconstruction.

* We develop a frequency-annealing curriculum and an effi-
cient differentiable UV-baking operator that jointly stabi-
lize early optimization, suppress pseudo high-frequency
artifacts, and keep training overhead low.

* Experiments on the NeRSemble dataset show that our
method produces higher-quality renderings for both
novel-view reconstruction and self-reenactment tasks.

2. Related Works

2.1. Representations for Animatable Head Avatars

Reconstructing high-fidelity and animatable head avatar
models from multi-view or monocular inputs has long been
a central goal in computer vision and computer graphics.
Early implicit neural representations, such as NeRF-based
head avatars, jointly model geometry and appearance in a
continuous volumetric space, achieving photorealistic ren-
dering but lacking explicit controllability [5, 9, 41]. Ex-
plicit mesh-based models provide semantic topology and
animation compatibility, yet they are constrained by fixed
templates and limited capability in recovering fine-grained
high-frequency details [6, 14, 18, 39]. More recently,
explicit Gaussian-based representations, such as PointA-
vatar [42] and GaussianAvatar [23], as well as other 3D
Gaussian Splatting methods [4, 7, 28, 40], enable efficient
rendering and expression-driven animation through dense
primitives. However, these approaches still suffer from
detail inconsistency and cross-view drifting under free-
viewpoint rendering or complex animation scenarios. This
is mainly because their per-view photometric supervision
lacks explicit geometric correspondence across views, caus-
ing each camera to overfit localized appearance [23, 42].

Moreover, Gaussian primitives are optimized independently
without enforcing global regularization, which leads to mis-
aligned details and unstable texture transitions under view-
point changes [7, 10, 38].

To improve geometric controllability and photorealistic
appearance, hybrid representations such as mesh—Gaussian
structures have attracted increasing attention as a comple-
mentary alternative to purely implicit or purely point-based
models. Early attempts, including Neural Head Avatars
[6] and IMAvatar [41], combine neural textures or im-
plicit fields with mesh templates to enable semantically con-
trollable reconstruction, but fine details often degrade un-
der free-viewpoint rendering. More recent mesh—Gaussian
frameworks, such as MeGA [27] and HERA [3], attach
Gaussian primitives to mesh vertices to establish explicit
correspondences, yielding more faithful expression-driven
animation. However, training in these methods typically re-
lies on per-view photometric supervision, similar to early
radiance-field pipelines [5], which can lead to unstable
gradient propagation in multi-view settings, early over-
sharpening, and the accumulation of pseudo high-frequency
artifacts. To alleviate these issues, several works introduce
spatial or normal regularization, such as GaussianAvatar
[23] and PointAvatar [42], which suppress noise and im-
prove consistency. This often comes at the cost of excessive
smoothing and slower convergence. Although representa-
tion designs have become increasingly mature, training sta-
bility and cross-view consistency remain difficult to guar-
antee under existing learning paradigms.

2.2. Optimization for Stable and Consistent Recon-
struction

Beyond structural design, recent studies have also begun
to address the aforementioned issues from an optimiza-
tion perspective. In the frequency domain, Recent works
[13, 16, 22, 32, 36] have sought to stabilize optimization
through spectral regulation. BARF [16] employs frequency
annealing on positional encodings to mitigate coarse-to-fine
misalignment in implicit fields, while FreNeRF [36] reg-
ularizes spectral amplitude distributions to suppress high-
frequency noise. FreGS [38] extends this idea to Gaus-
sian Splatting for general scene reconstruction, by explic-
itly decomposing rendered images into amplitude and phase
spectra, and expanding the effective frequency bands during
training to prevent premature over-sharpening. However,
these global spectral constraints treat all spatial regions uni-
formly. The Fourier representation captures only global fre-
quency statistics and ignores spatial locality and geometric
correspondence, which limits their ability to ensure cross-
view consistency and boundary continuity. In contrast,
we regulate frequency in the spatial domain with localized
Laplacian filters, preserving position-sensitive details and
better respecting geometry. In addition, we align texels
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across views in a shared UV space so that frequency pro-
gression and spatial correspondence are optimized jointly,
improving view consistency and boundary continuity.

3. Method

We propose Fresco, a unified optimization framework for
stable and cross-view consistent head modeling. Fig. | pro-
vides an overview of the overall framework. Rather than
modifying the underlying representation, Fresco focuses
on training dynamics by jointly scheduling a Laplacian-
pyramid-based frequency curriculum with UV-space super-
vision. Early iterations emphasize low-frequency learning
to suppress pixel-driven pseudo high frequencies. A differ-
entiable UV bake enforces per-texel cross-view alignment
and seam continuity. High-frequency components are then
progressively introduced to recover edge-sensitive details.

3.1. Preliminary

We adopt a hybrid head representation that integrates an ex-
plicit facial mesh with a volumetric Gaussian field for hair
and peripheral regions. This formulation combines the se-
mantic controllability of mesh-based models with the ex-
pressive rendering capacity of 3D Gaussian primitives. Be-
low we summarize the key components that constitute the
geometric and appearance foundation of our optimization
framework.

The facial region is modeled by a parameterized mesh
controlled by shape 3, expression v, and pose ¢. To cap-
ture subject-specific geometric nuances, a learnable UV
displacement map Gq is applied on the base mesh to re-
fine local surface details. A disentangled neural texture
set T' = {Ty;, T, Tdy} is decoded into per-pixel RGB at-
tributes, corresponding to diffuse, view-dependent, and dy-
namic components, respectively.

Hair and surrounding regions are represented by an
anisotropic 3D Gaussian set G = {(u;, 3, ¢y i)} 4,
where y; € R? is the center, ©; = R;S?R] is the covari-
ance with rotation R; and scale is S;, ¢; the color coefficient
modeled by spherical harmonics, and «; the opacity. Each
Gaussian is animated through rigid and non-rigid transfor-
mations driven by the mesh pose parameters, enabling co-
herent motion and view-dependent appearance.

During rendering, the mesh-rasterized facial image and
the Gaussian-splat hair field are composited. Given a cam-
era projection 7 (), the final color at pixel x is obtained by
depth-sorted alpha blending:

C(x) :an; H(l—a;), (1)
i j<i

where o denotes the projected opacity of the i-th Gaus-

sian on the image plane. Photometric supervision is ap-

plied against multi-view ground-truth images. This repre-

sentation provides an explicit and differentiable structural

foundation, enabling the subsequent frequency regulariza-
tion and UV-space consistency optimization to achieve fine-
grained, cross-view consistent reconstruction within a uni-
fied framework.

3.2. Frequency Curriculum with Laplacian Pyra-
mids

Pixel-domain supervision in neural head modeling often
leads to unstable convergence and pseudo high-frequency
artifacts during the early training stages. To address
this issue, we introduce a frequency curriculum grounded
in Laplacian pyramid decomposition, which progressively
schedules the optimization from low- to high-frequency
components. This mechanism consists of a low-frequency
regularization branch that stabilizes early optimization
and a high-frequency enhancement branch that refines
fine structures and boundary details, forming a unified
frequency-driven training framework.

Low-Frequency Regularization. In the early training
phase, the model tends to amplify unstable gradients in local
textures before achieving consistent global geometry and
color. To stabilize convergence, we constrain the learning
process to the smoothed, low-frequency domain. Given the
rendered image I € R¥*W*3 and the ground-truth image
1, both are convolved with a Gaussian kernel G, (+) to ex-
tract low-frequency components:

Ir =Go(l), ILr=Gy(I), )

where G, () denotes Gaussian filtering with standard devia-
tion o. The low-frequency reconstruction loss is formulated
as: A

Lir = Irr — Irlh, 3)

where || - ||1 represents the mean absolute error. A temporal
weight \j, = (¢) gradually decreases with iteration ¢, guiding
the model to first capture global structural and chromatic
consistency while suppressing early pseudo high-frequency
responses.

High-Frequency Enhancement. As training progresses,
the model is encouraged to recover high-frequency details
such as facial boundaries, wrinkles, and hair texture. We
adopt a Difference-of-Gaussian (DoG) filtering operation to
extract band-pass responses that emphasize fine structural
details:

H(:) =G5, ()) = 9o (),

where oy and oy control the target frequency range. An
edge-aware high-frequency loss focuses supervision on re-
gions of significant structural variation:

o1 < 02, 4

‘Liggf = Meage - H}{(f)‘_'}{(I)H17 ()

where M4 = normalize(||VI||) is a normalized edge
mask derived from the gradient magnitude VI. To prevent
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Overview of the proposed Fresco. Multi-view images drive a CNN to estimate 3DMM and an MLP to refine Gaussian hair

parameters {x, r, s, 0, sh}. The facial mesh and Gaussian field are rendered and blended to obtain I. In the frequency branch, a Gaussian
low-pass stabilizes global structure (low-freq) and a DoG band-pass with edge-aware weighting Mg restores details (high-freq) under
progressive scheduling. In the UV branch, differentiable UV baking maps multi-view renderings to a shared atlas T'(u, v) for cross-view
texel alignment within Qyis, with confidence weights w(u, v) and seam regularization for boundary continuity.

over-sharpening and ensure local smoothness, we introduce
a Gradient Difference Loss (GDL):

Lepr = Z H |Vji,j| — |V 4] Hl , (6)
%)

where (4, j) indexes pixel coordinates. |VI| denotes the
gradient magnitude computed by finite differences along the
x and y directions. The combined high-frequency loss is
thus given by:

Lyr = ALy

“+ Xn2Lapr, @)

where A\p1 and Ao control the trade-off between edge
sharpness and local consistency. The temporal weight
Ag r(t) gradually increases during training, activating high-
frequency supervision once the global structure has stabi-
lized.

Progressive Frequency Curriculum. Rather than
two isolated components, the low- and high-frequency
branches together define a spectrally continuous optimiza-
tion paradigm, where supervision bandwidth expands adap-
tively as training progresses. Inspired by Laplacian pyra-
mid decomposition, the overall frequency-aware loss is ex-
pressed as:

N
Liveq(t) = > wi(t) [|T; = L|x- ®)
=1

where I; and I; denote the i-th frequency band of the
ground-truth and rendered images. In practice, the low-
frequency component is assigned a relatively larger weight
in the early stage and gradually decayed during training fol-
lowing an empirical schedule. For higher-frequency bands,
the weighting coefficient w;(¢) € [0, 1] controls their pro-
gressive activation at iteration ¢. The frequency weights fol-
low a smooth cosine annealing schedule:
t—1T;

1 i
2[l(zos<7r T—Ti)]’ t>1T;, )

where T; is the threshold iteration for activating the i-th fre-
quency band, and T is the total number of training itera-
tions. As training advances, higher-frequency components
are gradually activated, refining textures and edges. This
coarse-to-fine spectral scheduling enables smooth optimiza-
tion without modifying the underlying representation, effec-
tively balancing convergence stability and detail fidelity.

3.3. UV-Space Consistency and Seam Regulariza-
tion

Although the frequency curriculum stabilizes optimization
in the image domain, subtle inconsistencies across view-
points may still emerge due to view-dependent shading and
limited multi-view constraints. To address this, we intro-
duce a UV-space optimization paradigm that enforces view-
consistent alignment on a shared parameterization and fur-
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ther regularizes seam continuity to ensure appearance co-
herence across the entire surface.
Multi-view UV Consistency. We employ a differen-
tiable UV-baking operator B(-) that maps rendered im-
ages onto the mesh atlas, producing UV textures v =
B(I7;11,, M), where II, denotes camera parameters and
M the deformable mesh with per-vertex UVs. Unlike per-
view pixel supervision, this UV-space projection allows ex-
plicit pixel-to-texel correspondence and enables geometry-
aware multi-view consistency learning. To construct robust
correspondences, we perform visibility-constrained pairing,
where only texels visible in both views participate in super-
vision:
vs (u,v) EQuis

(10)
where T%(u,v) and T"(u,v) denote the RGB values of
texel (u,v) baked from the rendered images of views a
and b, respectively, via the differentiable UV-baking oper-
ator B(-). Here, ;s is the mutual-visibility region, sg[:]
is the stop-gradient operator applied to the target branch
to prevent bidirectional chasing. The confidence weight
w(u,v) € [0,1] is computed as:

w(u, v) = visg (u, v) visy(u, v)

. % (ng(u,v)-ve) + (nb(U,U)’Vb)]

(1)

Here, vis, (u, v) and vis,(u, v) are binary visibility masks
obtained from differentiable UV baking; n, and n; denote
the surface normals under views a and b, and v, v, are the
corresponding viewing directions. This weighting empha-
sizes texels jointly visible from both views and facing the
cameras, effectively reducing the impact of self-occluded
or grazing-angle regions.

To suppress early-stage noise, we initially down-weight
the UV consistency term and gradually increase its con-
tribution as the image-domain optimization stabilizes.
Together, these strategies establish a progressive UV-
space consistency mechanism that complements the image-
domain frequency curriculum: the former aligns cross-view
geometry in the parameter domain, while the latter regular-
izes spectral evolution in the image domain.

Seam Regularization. When a 3D surface is unwrapped
into UV space, the atlas are split into multiple charts,
inevitably producing discontinuities along their borders.
These discontinuities may lead to shading gaps or color
inconsistencies between adjacent texels, especially around
high-curvature regions such as hair and ear boundaries. To
alleviate this issue, we introduce a seam regularization term
that explicitly constrains both cross-chart color continuity
and local smoothness near the seam area.
Lseam = )\pair Lpair + )\tv Ltv

seam seam’

(12)

> ) 7o) -sel 0],

where LELL = 3 SN2 | T (i) — T(v;)||y measures the
color difference between paired texels (u;, v;) lying on two
sides of the same 3D surface boundary. The texel pairs
{(ui,v;)} are precomputed from the UV mapping of the
mesh by identifying duplicated vertices along chart borders
in the topology of the FLAME model. This pairing estab-

lishes one-to-one correspondences across seams:

Ltv — 1

seam |Q |
S

> (IVuT(w,0)] + [VoT(u, v)]).

(u,v)EQs

(13)
The second term is a total-variation regularizer that smooths
local fluctuations within a narrow seam band €2, which is
automatically dilated from the seam mask by a fixed pixel
width. The weighting coefficients i and A, are empiri-
cally set to balance texel consistency and smoothness.
Joint Objective. The overall UV-space objective is ex-
pressed as:

LUV—total = )\uv (t) LUV + Lscama (14)

where A,y (t) follows a staged schedule consistent with the
frequency curriculum. In combination, the frequency-based
image supervision and geometry-aware UV-space align-
ment form a dual-domain optimization framework, achiev-
ing stable convergence, cross-view consistency, and seam-
less surface appearance without altering the underlying rep-
resentation.

3.4. Integration Strategy and Overall Optimization

Building upon the progressive frequency curriculum intro-
duced in Sec. 3.2, the overall optimization in Fresco follows
a coarse-to-fine trajectory. In the early stage, the model
focuses on stabilizing low-frequency structures to suppress
pseudo high-frequency artifacts and ensure geometric con-
sistency. As training proceeds, UV-space consistency is ac-
tivated to enhance cross-view coherence and guide appear-
ance alignment. In the later stage, high-frequency compo-
nents are emphasized to recover fine-grained details and im-
prove boundary continuity. Let ¢ € [0, T'] denote the current
training iteration and 7 the total number of iterations. The
three components are activated in a staged manner rather
than simultaneously. In the first stage (¢ < 77), the model
emphasizes low-frequency reconstruction for stable geom-
etry; in the intermediate stage (T < t < T3), UV-space su-
pervision is introduced to enforce cross-view texture align-
ment; in the final stage (t > 753), the high-frequency en-
hancement branch and seam regularization are enabled to
refine structural details and eliminate boundary artifacts.
This staged progression naturally transitions the optimiza-
tion from structural stability, to cross-view coherence, and
finally to detail refinement, forming a self-balanced opti-
mization trajectory rather than a static combination of inde-
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Figure 2. Qualitative comparison on self-reenactment of head avatars. Our method reproduces expressions more faithfully, with accurate

mouth opening and eye blinking and clearer tooth details.

pendent losses. Formally, the overall objective can be writ-
ten as:

L%?qu(t)? t < Tl’
LY =S aLioY (8) + B Luv (t), T, <t<Ty,
a LY (1) + B Luv(t) + Lycam, t > To.
(15)

Here, 77 and T, denote the stage boundaries, and «, 3
are weight factors. This three-stage schedule first sta-
bilizes low-frequency appearance and geometry, then en-
forces cross-view consistency, and finally introduces high-
frequency refinement, achieving stable convergence across
both frequency and view domains without increasing struc-
tural complexity. All hyperparameters and hardware con-
figurations remain consistent across experiments, and full
details are provided in our supplementary material.

4. Experiments
4.1. Setup

Dataset. We evaluate our approach on the NeRSemble
dataset [11], which provides multi-view video recordings
of multiple subjects captured under controlled studio en-
vironments using sixteen calibrated cameras. The dataset
already covers a wide range of identities and expression
types, allowing cross-identity generalization to be effec-
tively evaluated within this benchmark. Following the set-
tings of GaussianAvatars [23] and MeGA [27], we select
eight subjects for our experiments. Each subject contains

eleven sequences: ten with predefined facial expressions or
emotions, and one unscripted sequence. Following the pre-
processing procedures in [23, 27], all frames are downsam-
pled to a resolution of 802x550, and per-frame foreground
masks are generated. We further obtain facial parsing re-
sults using an open-source algorithm [12] and generate per-
frame depth maps via Metashape [21]. During the training
of Fresco, we keep the same train/test split as [23, 27]: for
each subject, nine of the ten predefined sequences and fif-
teen of the sixteen cameras are used for training, while the
remaining sequence and one camera are reserved for evalu-
ation.

Settings. The evaluation protocol follows prior head-avatar
works. For novel-view synthesis, we assess generalization
to unseen viewpoints by rendering from a camera not used
during training and comparing the outputs with the corre-
sponding ground-truth images from that viewpoint. For
self-reenactment, we evaluate the ability to generalize to un-
seen motions of the same subject by driving the avatar with
poses and expressions from a held-out sequence and render-
ing across all sixteen camera views. For cross-identity reen-
actment, we examine cross-subject retargeting by driving
a target avatar with poses and expressions extracted from
another subject, rendering under the target subject’s cam-
era configuration. The cross-identity results are shown in
our supplementary materials. Following [27], both qualita-
tive and quantitative results are reported, and all quantitative
metrics are computed within the same rasterization mask for
fair comparison.
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Figure 3. Qualitative comparison on novel-view synthesis of head avatars. Our results show sharper facial wrinkles and clearer teeth across

viewpoints, with improved cross-view consistency.

4.2. Comparisons with State-of-the-Art Methods

We compare our Fresco framework with several state-of-
the-art methods, including Gaussian Head Avatar [34],
EMavatar [40], GaussianAvatars [23], and MeGA [27], to
validate its effectiveness in both novel-view synthesis and
self-reenactment tasks. All baselines are reimplemented us-
ing their official codes and trained under identical settings
for fair comparison, and the training details are provided in
our supplementary materials. As summarized in Tab. 1,
our method consistently achieves the best overall perfor-
mance, attaining the highest PSNR, and the lowest LPIPS
across all evaluation metrics. And as shown in Fig. 2, our
method achieves more faithful expression reproduction in
the self-reenactment task. For example, the mouth open-
ing in the second row and the eye blinking in the third row
are consistent with the ground truth, and the first row shows
more accurate preservation of tooth details under expres-
sion changes. In Fig. 3, our approach also produces sharper
facial wrinkles and clearer teeth for novel-view synthesis
compared with prior methods.

4.3. Ablation Study

Following previous head avatar works [23, 27], we chose to
perform ablation on one subject (ID 253) to facilitate con-
sistent visual comparison. Tab.2 reports quantitative indica-
tors, while Figs. 4-5 show qualitative results.

Table 1. Quantitative comparison with previous methods on novel-
view synthesis and self-reenactment task. Best results are bold,
and second-best are underlined.

Self-Reenactment
PSNRT SSIMf LPIPS||PSNRT SSIMT LPIPS|
Gaussian Head Avatar  29.84  0.895 0.083 | 22.34 0.851 0.145

Method Novel-View

EMavatar 30.16 0.898 0.082 | 22.56 0.852 0.145
GaussianAvatars 31.50 0935 0.060 | 29.75 0930 0.066
MeGA 30.79 0932  0.066 | 29.62 0.926 0.071
Fresco (Ours) 31.80 0938 0.058 | 30.30 0.929 0.064

High-Frequency Enhancement. The high-frequency
branch aims to recover fine-grained texture and edge details
that are often lost under purely low-frequency supervision.
As shown in the second row of Tab.2, removing this branch
(wW/o Lyr) leads to a clear drop across all metrics on both
novel-view synthesis and self-reenactment tasks, indicating
that high-frequency supervision is crucial for preserving de-
tail fidelity. Qualitative comparisons in Fig. 4 further show
that, without the high-frequency path, rendered results ap-
pear overly smooth. Facial wrinkles and hair strands be-
come noticeably blurred or missing, confirming the neces-
sity of progressive high-frequency refinement for photore-
alistic head reconstruction.

Seam Regularization. As reported in Tab.2, removing
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Figure 4. Qualitative comparison of high-frequency modules.
Without high-frequency enhancement, the rendered result exhibits
missing local details, with blurred facial wrinkles and hair tex-
tures. The complete model restores fine textures, achieving a more
realistic reconstruction effect.

Figure 5. Cross-view comparison with and without UV supervi-
sion. w/o UV shows view-dependent artifacts near ear and hair-
line, w/ UV remains coherent.

the seam term (w/o seam) produces only minor changes
in global quantitative metrics on novel-view synthesis and
self-reenactment. This outcome is expected since pixel-
wise measures such as PSNR and SSIM are dominated by
overall reconstruction accuracy and are relatively insensi-
tive to localized artifacts around UV seams. In contrast,
Fig. 6 presents clear qualitative gains in surface continuity.
Without seam regularization, visible cracks and color dis-
continuities arise near view-sensitive regions such as the ear
and hair boundaries, whereas the full model yields smooth
and consistent transitions across these areas.

UV Consistency. The UV consistency term aims to align
cross-view appearance within a unified texture coordinate
space, thereby suppressing view-dependent drift and ap-
pearance discontinuities caused by occlusion changes dur-
ing training. As shown in Tab.2, removing this term (w/o
Luyv) leads to a noticeable degradation in quantitative met-
rics for novel-view synthesis, confirming that UV consis-
tency plays a crucial role in maintaining cross-view co-
herence. Similarly, consistent performance drops are ob-
served in the self-reenactment task, further demonstrating

~ e
1 A 1
1 \ !
I \ 1

3 /

w/o Seam Ours

Figure 6. Qualitative comparison of seam regularization. Left w/o
seam shows visible cracks and color discontinuities along ear and
hair boundaries. Right w/ seam produces smoother and more con-
sistent boundary transitions.

Table 2. Ablation study on subject #253. We validated the ef-
fectiveness of each module through two tasks: Novel-View and
Self-Reenactment.

Self-Reenactment
PSNRt SSIM?1 LPIPS| ‘ PSNR?T SSIM?T LPIPS]

Ours 3402 0957 0.036 | 32.46 0949 0.043
w/o Lyg 32.60 0953 0.044 | 31.11 0.944 0.052
w/o Seam 33.86 0.956 0.038 | 32.29 0.950 0.043
w/o Lyy 3271 0951 0.041 | 3147 0944 0.050
w/o Ly 3348 0952 0.039 | 32.07 0947 0.045

Method Novel-View

that this mechanism not only improves generalization to un-
seen viewpoints but also enhances appearance stability un-
der unseen motions and expressions.

Fig. 5 presents qualitative comparisons of cross-view
rendering. Without UV consistency, even though the
seam regularization alleviates visible cracks around tex-
ture boundaries(first column), the rendered appearances
still exhibit inconsistencies and boundary artifacts under
cross-view rendering(second and third columns). Typical
cases include local discontinuities, and overlapping arti-
facts around the ears and hairline regions. With UV con-
sistency enabled, the appearance remains coherent across
views, yielding more stable texture alignment and smoother
boundary transitions during viewpoint changes. More re-
sults are shown in our supplementary materials.

5. Conclusion

This work approaches head avatar reconstruction from an
optimization standpoint, showing that a joint treatment in
the spectral and UV domains can substantially reduce early
instability and cross-view inconsistencies. Our studies and
ablations indicate that deferring high-frequency learning
mitigates pseudo-detail accumulation and training oscilla-
tion, while pixel-level alignment and boundary continuity
in a shared UV coordinate space improve multi-view coher-
ence and local transitions. Without altering the underlying
representation, the framework achieves stable convergence,
consistent quantitative and perceptual gains.
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