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Supplementary Material

1. Overview
This supplementary material presents additional method-
ological details, experimental results, and an ethical discus-
sion. Sec. 2 elaborates on offset activation, UV sampling,
silhouette coefficient, and the Summed-Area Table. Sec. 3
first provides extended details on the experimental setup for
the baseline methods, then visualizes the FTC results to fa-
cilitate a more comprehensive understanding, and includes
additional ablation studies such as hyperparameter analy-
ses. It also presents further qualitative results, per-identity
quantitative evaluations, and a visualization of the learned
offset maps for spatial analysis. In addition, a dedicated
section discusses the limitations of our optimization-based
framework, including comparisons with recent generaliz-
able single-image reconstruction methods. Finally, Sec. 4
discusses data handling practices, potential societal harms,
and measures to prevent misuse.

2. Method
2.1. Offset Activation Details.
To ensure numerical stability and constrain the influence
of the predicted offsets δi = {δµ, δs, δr, δα, δc} on the fi-
nal Gaussian parameters, we apply carefully chosen nonlin-
ear activation functions to each component extracted from
the UV feature offset map ∆map. These activations are de-
signed to restrict each predicted quantity within a seman-
tically meaningful and physically valid range, as described
below:
• Position offset δµ: Given the typical spatial extent of

Gaussians, we constrain each component of the position
offset to the interval [−0.1, 0.1] using a hyperbolic tanh
activation:

δµ = 0.1 · tanh(x), (1)

where x ∈ R3 is the raw network output.
• Scaling Offset δs: To ensure the scaling offset remains

strictly positive—thus making the multiplication with the
coarse scale s̃ valid—we apply an exponential activation
to map the output to the range (0,+∞):

δs = exp(x), (2)

where x ∈ R3. The final scale is computed as the
element-wise product of δs and the coarsely deformed
scale s̃, ensuring both positivity and flexible control.

• Rotation offset δr: The raw rotation offset is represented
as an axis-angle vector x ∈ R3. Its magnitude is first

normalized to the interval [−π, π] via:

δangle
r = π · tanh(x), (3)

and then converted to a unit quaternion δr using the stan-
dard axis-angle to quaternion transformation. This guar-
antees a valid rotation that can be composed with the
coarsely deformed rotation r̃ through the Hamilton prod-
uct.

• Opacity offset δα: To avoid drastic changes in trans-
parency, the opacity offset is constrained to [−0.5, 0.5]:

δα = 0.5 · tanh(x), (4)

where x ∈ R. After adding δα to the coarse opacity α̃,
the final opacity α∗ is further clamped to [0, 1] to ensure
physical plausibility.

• Color offset δc: To limit abrupt color shifts during Gaus-
sian’s deformation, we restrict each channel of the color
offset to [−0.7, 0.7] via:

δc = 0.7 · tanh(x), (5)

with x ∈ R3.
These bounded activations not only prevent degenerate

parameter updates during training (e.g., negative scale or in-
valid quaternion norms), but also provide a consistent prior
for Gaussian parameters, allowing more effective learning
from the UV-space offset map ∆map.

2.2. UV Sample.
As shown in Algorithm 1, we provide a more detailed al-
gorithmic description of UV-Adaptive Sampling. Since cer-
tain mesh triangles may not cover any valid pixels after UV
rasterization, it becomes infeasible to define the UV coor-
dinates of the associated Gaussian primitives using pixel-
based sampling. To address this, we incorporate an analyt-
ical fallback strategy that samples barycentric coordinates
uniformly within the triangle, enabling the assignment of
UV coordinates even when no valid pixels are present.

As illustrated in Fig. 1, after applying Temporal Adap-
tive Density Control, our UV-Adaptive Sampling adaptively
allocates more Gaussians to regions requiring finer details
across different identities. In particular, the central facial
region of biden contains more points due to the presence
of facial wrinkles, which demand higher density. Addition-
ally, the density in nf 01’s eye region significantly increases
because nf 01 wears glasses, which typically require more
Gaussians for accurate modeling.
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Figure 1. Visualization of UV-Adaptive Sampling’s points.

2.3. Silhouette Coefficient.
To determine an appropriate number of clusters K for
grouping structurally similar frames based on FLAME [6]
parameters, we adopt the Silhouette Coefficient as the selec-
tion metric. Given a data point i, the silhouette score s(i) is
defined as:

s(i) =
b(i)− a(i)

max {a(i), b(i)}
, s(i) ∈ [−1, 1], (6)

where a(i) denotes the mean intra-cluster distance of point
i, and b(i) represents the smallest mean distance between
point i and all points in the nearest neighboring cluster.
These quantities are computed as:

a(i) =
1

|Ci| − 1

∑
j∈Ci
j ̸=i

d(i, j), (7)

b(i) = min
k ̸=i

 1

|Ck|
∑
j∈Ck

d(i, j)

 , (8)

where Ci is the cluster to which point i belongs, and
d(i, j) denotes the Euclidean distance in the PCA-projected
FLAME parameter space. A higher average silhouette score
across all points indicates better-defined and more compact
clustering. We evaluate the silhouette score across varying
K ∈ [5, 12], and select the value that maximizes the overall
score.

2.4. Summed-Area Table.
To efficiently compute aggregated error values over rectan-
gular regions in the screen-space image domain, we adopt
the two-dimensional Summed-Area Table (SAT) strategy,

Algorithm 1 UV-Adaptive Sampling
Input:
B ∈ NN : face binding index per Gaussian
Vuv ∈ RV×2: UV coordinates of mesh vertices
Fuv ∈ NF×3: triangle face indices over UV mesh
R: UV rasterization resolution (e.g., R = 256)
Output:
U ∈ RN×2: UV coordinates per Gaussian

1: Rasterize UV mesh (Vuv,Fuv) into R×R grid
→ (Mface,Mbary) ∈ ZR×R,RR×R×3

2: Initialize per-face pixel pool map P[f ]← ∅, ∀f ∈ Fuv

3: for each pixel (i, j) whereMface[i, j] ̸= −1 do
4: f ←Mface[i, j]
5: Append (i, j),Mbary[i, j] into P[f ]
6: end for
7: Faces with valid pixels: Fvalid ← {f | P[f ] ̸= ∅}
8: Initialize barycentric buffer b ∈ RN×3, face index

buffer fidx ∈ NN

9: for each face f that appears in bindings B do
10: If ← {i | B[i] = f} {Indices of points bound to f}
11: Cf ← |If |
12: if f ∈ Fvalid then
13: Pixel-based Sampling
14: Let pf be sorted pixel list of face f in P[f ]
15: if |pf | ≥ Cf then
16: Select Cf evenly spaced pixels from pf

17: else
18: Select all |pf | pixels and sample extra with re-

placement to reach Cf

19: end if
20: Extract barycentric coordinates bf from P[f ]
21: else
22: Analytical Sampling
23: for i = 1 to Cf do
24: Sample u, v ∼ U(0, 1)
25: Compute: b0 = 1−

√
u, b1 =

√
u(1−v), b2 =√

uv
26: Append [b0, b1, b2] to bf

27: end for
28: end if
29: Assign: b[If ]← bf , fidx[If ]← f
30: end for
31: U ← BarycentricReweight(Vuv,Fuv, fidx,b)

also known as the integral image. This data structure al-
lows the summation of any axis-aligned rectangular region
in constant time using only four memory accesses.

Given an input error map E ∈ RH×W , where H and W
denote the image height and width, respectively, the SAT



I ∈ R(H+1)×(W+1) is constructed as:

I(u, v) =

u−1∑
y=0

v−1∑
x=0

E(y, x), (9)

with the boundary conditions I(0, v) = I(u, 0) = 0 for
all u, v, which provide zero-padding to simplify index han-
dling. The SAT is built in a single pass using two cumulative
summations:
1. Compute the row-wise prefix sum for each row.
2. Compute the column-wise prefix sum of the row-wise

sums.
This process is equivalent to:

I(u+ 1, v + 1) = E(u, v) + I(u, v + 1)

+I(u+ 1, v)− I(u, v)
(10)

= +

Figure 2. Inclusion–exclusion principle

Once the SAT is constructed, the sum over any rectan-
gular region [x1, x2]× [y1, y2] can be computed in constant
time using:

x2∑
x=x1

y2∑
y=y1

E(y, x) = I(y2+1, x2+1)− I(y1, x2+1)

− I(y2+1, x1) + I(y1, x1).

(11)

This formula leverages the inclusion–exclusion principle to
compute the sum via four corner indices, as illustrated in
Fig. 2. The SAT reduces the computational complexity
from O(R2) per Gaussian to O(1) per region, enabling ef-
ficient error accumulation for tens or hundreds of thousands
of Gaussians in real-time optimization.

3. Experiments

3.1. Baselines
As stated in the main paper, the number of training epochs
is set to 10 for GA [7], RGBA [5] and Fate [14], 20 for
FA [12], 30 for SA [8] and 100 for MGA [1] to ensure con-
vergence. Except for the PointAvatar [16] dataset, we fol-
low Fate’s training schedule by training all baseline meth-
ods for 50 epochs and our method, STAvatar, for 30 epochs.
Additionally, following the DECA-based [3] preprocessing
pipeline, we further refine the FLAME coefficients for 50
epochs using a learning rate of 5 × 10−4 during testing,
which is consistent with the IMAvatar [15] protocol.

(a) biden (b) malte_1

(d) obama

(e) nf_01

(c) justin

(f) nf_02

Figure 3. t-SNE visualization of different identities after applying
FTC. Each color represents a distinct video frame cluster.

3.2. t-SNE of FTC.
To intuitively demonstrate the effectiveness of our FTC
strategy, we visualize the clustering results using t-SNE [9]
in Fig. 3. The number of clusters K is adaptively deter-
mined using the silhouette coefficient, which allows FTC to
dynamically adjust to the inherent data distribution across
identities. As shown in the Fig. 3, embeddings belonging to
different identities are clearly separated in the latent space,
suggesting that FTC effectively groups structurally similar
frames into coherent clusters, which facilitates the compu-
tation of the average densification criterion.

3.3. Additional Ablation Study
We conduct additional ablation studies to further validate
the effectiveness of each proposed component and the se-
lection of key hyper-parameters. All results are summarized
in Tab. 1, where we compare multiple candidate settings
for the FPE’s Ld-ssim weight, the FTC’s randomly training
epochs M , and the FTC’s cluster weights. The configura-
tion adopted in the main paper is indicated in bold.
FPE: Ld-ssim weight. We examine three choices for the
perceptual weighting coefficient. The setting λ1 = 0.2
consistently achieves the highest PSNR, SSIM, and low-
est LPIPS, demonstrating that it provides a more balanced
trade-off between pixel-level reconstruction and perceptual



Table 1. Hyperparameter ablation results. The row in bold in-
dicates the configuration used in the main paper: FPE’s Ld-ssim

weight λ1 = 0.2, FTC’s randomly training epochs M = 1, and
FTC’s cluster weights (0.3, 0.6, 0.1).

Hyperparameter Setting Metrics

PSNR↑ SSIM↑ LPIPS↓

λ1

0.1 30.52 0.9577 0.0312
0.3 30.48 0.9579 0.0311
0.2 30.63 0.9587 0.0304

M
2 30.53 0.9582 0.0310
0 30.42 0.9572 0.0311
1 30.63 0.9587 0.0304

cluster weights
(0.5, 0.4, 0.1) 30.44 0.9584 0.0312
(0.4, 0.5, 0.1) 30.50 0.9583 0.0311
(0.3, 0.6, 0.1) 30.63 0.9587 0.0304

fidelity. This result aligns with the intuition that moderate
perceptual emphasis yields better alignment with human vi-
sual sensitivity.
FTC: Randomly training epochs M . We further evalu-
ate the influence of the FTC training strategy by varying the
number of random training epochs M . The configuration
M = 1 produces the best performance, indicating that per-
forming clustered training followed by a single fine-tuning
epoch on the entire training set is sufficient and effective.
This observation verifies the necessity and contribution of
FTC in facilitating the computation of the densification cri-
terion which benefits the reconstruction of transiently visi-
ble regions.
FTC: Cluster weights. Besides, we test different
FLAME-based cluster weight combinations to assess their
impact on the clustering quality. The best-performing set-
ting (0.3, 0.6, 0.1) (corresponding to expression, pose, and
translation components) assigns a larger weight to pose-
related components, highlighting that pose cues dominate
the temporal variations relevant to our densification crite-
rion. This confirms that emphasizing pose information im-
proves the reliability of cluster formation and benefits the
downstream optimization process.

3.4. Visualization of Offset Maps
To further clarify the spatial effect of the learned offsets, we
visualize the distribution of the predicted UV attribute off-
set maps in Fig. 4. The position map is constructed based
on the canonical FLAME mesh topology, which does not
explicitly model fine-grained structures such as hair. There-
fore, it is important to examine whether the learned offsets
compensate for these missing details and to identify the re-
gions that benefit most from offset learning.

As illustrated in Fig. 4, Gaussians corresponding to hair
are primarily associated with the scalp-related UV regions.
Notably, the learned offsets exhibit significantly larger mag-

nitudes in high-frequency and highly deformable areas,
such as expression-related facial regions (e.g., mouth and
eye surroundings) and hair regions. In contrast, offsets re-
main relatively small in geometrically rigid regions, such as
the cheeks and forehead. These observations indicate that
the offset learning mechanism adaptively concentrates its
modeling capacity on spatially and temporally complex re-
gions, enabling the representation of fine-scale structures
(including hair) and dynamic deformations that are not ex-
plicitly captured by the underlying FLAME topology.

Id position rotation colorUV regions

Figure 4. Visualization of learned UV attribute offset maps. Larger
magnitudes are primarily observed in high-frequency and highly
deformable regions, such as hair and expression-related areas.

3.5. Limitations and Discussion
In recent years, numerous generalizable methods [2, 4, 10,
11, 13] for single-image 3D reconstruction have achieved
remarkable performance. Compared with these approaches,
our optimization-based framework requires a monocular
video sequence and per-subject training, which may limit its
applicability in certain scenarios. Although generalizable
methods demonstrate strong cross-identity generalization,
they are inherently designed for single-image settings and
therefore cannot exploit temporal information for subject-
specific optimization. As a result, their capacity to learn
fine-grained identity-specific characteristics and to capture
complex dynamic motions is constrained. Nevertheless,
optimization-based methods typically achieve higher iden-
tity fidelity due to subject-specific optimization.

To illustrate this trade-off, we conduct additional exper-
iments on the INSTA dataset, selecting GAGAvatar and
LAM as representative baselines. As reported in Tab. 2
and illustrated in Fig. 5, these methods struggle to faith-
fully reconstruct subtle identity details, such as teeth geom-
etry and fine facial wrinkles, whereas our method preserves
such high-frequency structures more accurately.

Method PSNR↑ SSIM↑ LPIPS↓

LAM-20K 21.71 0.8655 0.1292
GAGAvatar 22.81 0.8942 0.1042
Ours 30.63 0.9587 0.0304

Table 2. Quantitative comparison with GAGAvatar and LAM on
the INSTA dataset.

3.6. Self-Reenactment
As shown in Fig. 6, STAvatar reconstructs fine-grained geo-
metric and appearance details (e.g., hair strands, eye con-
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Figure 5. Qualitative comparisons on the INSTA dataset.

tours, and glasses frames) more faithfully than prior ap-
proaches. With the assistance of Temporal Adaptive Den-
sity Control, our model allocates higher density to transient
or frequently occluded regions, leading to improved recon-
struction of structures such as teeth. As summarized in
Tab. 3 and Tab. 4, although STAvatar does not outperform
all baselines on every metric, it achieves the best overall
performance on all datasets.

3.7. Cross-Reenactment
As illustrated in Fig. 7, our method accurately transfers di-
verse expressions and motions—such as eye-closing, mouth
asymmetry, and pouting—from the source actor while pre-
serving the target identity’s geometry and appearance. Even
under significant pose variations and complex non-rigid de-
formations, the reconstructed avatars retain stable identity-
related geometry and appearance, demonstrating the robust-
ness of the proposed soft binding and temporal density con-
trol.

4. Ethical Discussion
All datasets used in this study are publicly available and col-
lected in compliance with their respective licenses. While
our method enables the generation of realistic and control-
lable 3D head avatars, we acknowledge its potential misuse
in fabricating synthetic content that may infringe on privacy
or mislead the public. We explicitly oppose any use of this
technology for malicious or unauthorized purposes, includ-
ing identity fraud or deceptive media creation. Developers
and practitioners should act responsibly and follow ethical
guidelines to prevent potential harm from misuse.
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Figure 6. Qualitative comparisons of head reconstruction results across different state-of-the-art methods. Our method STAvatar produces
more accurate geometry and fine-grained details, particularly in challenging regions such as occluded inner mouth areas.
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Figure 7. Qualitative comparison of cross-reenactment results with state-of-the-art methods. Our approach achieves achieves faithful
expression transfer while maintaining consistent identity-specific geometry and appearance.



Table 3. Full comparison of quantitative results with state-of-the-art methods on INSTA dataset.

Datasets INSTA Dataset

bala biden justin malte 1 marcel nf 01 nf 03 obama person 4 wojtek 1

PSNR↑

SplattingAvatar 27.01 29.25 28.01 27.97 29.02 24.59 27.59 23.83 27.19 30.35
MonoGaussianAvatar 25.39 29.38 27.32 28.25 28.27 25.09 28.01 27.10 24.48 30.16
GaussianAvatars 27.41 29.11 27.49 27.69 27.84 23.71 27.27 23.40 26.04 29.89
FlashAvatar 28.86 28.95 27.20 28.46 29.07 24.90 27.87 27.24 25.80 30.61
RGBAvatar 29.11 30.45 28.48 28.39 30.56 26.44 27.95 27.53 24.53 30.65
FateAvatar 29.02 30.28 28.54 28.35 29.21 25.40 28.20 27.93 25.40 30.94
Ours 29.26 32.79 29.16 31.73 32.54 28.38 30.72 31.48 29.23 30.98

SSIM↑

SplattingAvatar 0.9138 0.9498 0.9570 0.9326 0.9325 0.9225 0.9133 0.9158 0.9452 0.9466
MonoGaussianAvatar 0.8956 0.9546 0.9577 0.9386 0.9322 0.9324 0.9205 0.9426 0.9273 0.9498
GaussianAvatars 0.9287 0.9551 0.9589 0.9356 0.9370 0.9242 0.9179 0.9205 0.9488 0.9516
FlashAvatar 0.9187 0.9519 0.9513 0.9345 0.9298 0.9307 0.9162 0.9401 0.9377 0.9457
RGBAvatar 0.9432 0.9685 0.9705 0.9470 0.9452 0.9488 0.9314 0.9542 0.9255 0.9591
FateAvatar 0.9299 0.9646 0.9641 0.9438 0.9403 0.9384 0.9193 0.9511 0.9398 0.9552
Ours 0.9406 0.9757 0.9706 0.9584 0.9541 0.9524 0.9481 0.9724 0.9575 0.9571

LPIPS↓

SplattingAvatar 0.1386 0.0771 0.0811 0.0839 0.1042 0.1325 0.1294 0.1126 0.1101 0.0769
MonoGaussianAvatar 0.1135 0.0486 0.0539 0.0639 0.1338 0.1058 0.1098 0.0581 0.1151 0.0563
GaussianAvatars 0.0976 0.0593 0.0655 0.0714 0.1032 0.1049 0.1138 0.0854 0.0908 0.0593
FlashAvatar 0.0405 0.0315 0.0384 0.0401 0.0775 0.0692 0.0642 0.0407 0.1258 0.0347
RGBAvatar 0.0535 0.0260 0.0327 0.0409 0.0655 0.0577 0.0666 0.0364 0.1029 0.0361
FateAvatar 0.0534 0.0338 0.0360 0.0412 0.0681 0.0714 0.0603 0.0400 0.0691 0.0351
Ours 0.0378 0.0166 0.0249 0.0234 0.0432 0.0406 0.0346 0.0182 0.0386 0.0256

Table 4. Full comparison of quantitative results with state-of-the-art methods on the HDFT dataset, PointAvatar dataset, and NerFace
dataset.

Datasets HDFT Dataset PointAvatar Dataset NerFace Dataset

subject1 subject2 subject3 subject4 subject5 subject6 yufeng marcel soubhik person1 person2 person3

PSNR↑

SplattingAvatar 27.30 31.46 30.04 29.08 19.71 18.52 25.06 26.17 23.55 24.59 26.24 27.59
MonoGaussianAvatar 28.57 32.89 30.30 30.15 20.42 19.92 28.86 25.90 28.97 25.09 26.46 28.01
GaussianAvatars 26.21 31.06 29.63 28.69 18.16 16.74 24.93 26.15 22.77 23.71 26.25 27.27
FlashAvatar 28.88 32.77 29.25 30.13 20.37 19.60 25.86 26.04 26.67 24.90 28.10 27.87
RGBAvatar 28.83 30.30 29.57 29.44 20.97 21.23 26.34 27.35 26.32 26.44 26.99 27.95
FateAvatar 28.98 33.10 30.59 30.24 20.52 19.66 29.07 26.77 29.25 25.40 27.75 28.20
Ours 30.38 34.39 32.54 28.45 20.76 21.11 27.85 28.81 28.10 28.38 31.14 30.72

SSIM↑

SplattingAvatar 0.8827 0.9679 0.9556 0.9421 0.8366 0.7684 0.8757 0.9198 0.8858 0.9225 0.9357 0.9133
MonoGaussianAvatar 0.9164 0.9745 0.9588 0.9553 0.8743 0.8231 0.9258 0.9154 0.9419 0.9324 0.9469 0.9205
GaussianAvatars 0.8826 0.9687 0.9571 0.9447 0.8400 0.7341 0.8904 0.9302 0.9014 0.9242 0.9417 0.9179
FlashAvatar 0.9198 0.9728 0.9488 0.9538 0.8592 0.8114 0.8870 0.9126 0.9169 0.9307 0.9524 0.9162
RGBAvatar 0.9347 0.9705 0.9618 0.9598 0.8806 0.8588 0.9020 0.9288 0.9343 0.9488 0.9513 0.9314
FateAvatar 0.9256 0.9747 0.9593 0.9554 0.8700 0.8271 0.9223 0.9254 0.9385 0.9384 0.9515 0.9193
Ours 0.9456 0.9826 0.9719 0.9562 0.8799 0.8522 0.9236 0.9348 0.9426 0.9524 0.9697 0.9481

LPIPS↓

SplattingAvatar 0.1753 0.0638 0.1167 0.1200 0.3096 0.3070 0.1512 0.1388 0.1534 0.1325 0.0817 0.1294
MonoGaussianAvatar 0.1081 0.0471 0.0977 0.0997 0.1776 0.2049 0.0958 0.1552 0.0830 0.1058 0.0545 0.1098
GaussianAvatars 0.1502 0.0617 0.1115 0.1237 0.2446 0.3661 0.1397 0.1263 0.1340 0.1049 0.0709 0.1138
FlashAvatar 0.0639 0.0296 0.0794 0.0578 0.1200 0.1139 0.1100 0.1051 0.0690 0.0692 0.0331 0.0642
RGBAvatar 0.0595 0.0327 0.0617 0.0503 0.1532 0.1351 0.0872 0.0767 0.1011 0.0577 0.0408 0.0666
FateAvatar 0.0638 0.0320 0.0643 0.0694 0.1389 0.1413 0.0709 0.0960 0.0660 0.0714 0.0356 0.0603
Ours 0.0356 0.0160 0.0275 0.0410 0.1162 0.0893 0.0505 0.0576 0.0404 0.0406 0.0180 0.0346


