
UIKA: Fast Universal Head Avatar from Pose-Free Images

Supplementary Material

In this supplementary material, we first provide addi-
tional implementation details for our model, along with vi-
sualizations of components (Sec. A). We then present and
evaluate our synthetic dataset (Sec. B). Next, we report ad-
ditional comparative experiments and a user study, cov-
ering both self and cross reenactment on monocular and
multi-view settings (Sec. C). We also include extended ab-
lation studies, examining the impact of training data size
as well as ablations of our method itself (Sec. D). We
then provide more in-the-wild cases and applications, e.g.,
text-to-head-avatar generation (Sec. E). Finally, we discuss
the limitations of our method (Sec. F) and its associated eth-
ical implications (Sec. G). Additional dynamic results are
provided in our supplementary video.

A. Additional Implementation Details

A.1. Facial Correspondence Estimator

As illustrated in Fig. S2, our facial correspondence estima-
tor network consists of three main components: a frozen
feature extractor, a trainable alternating attention module,
and a trainable UV decoding head. We first extract patch-
wise features using DINOv3 ViT-B/16 [14], which serves as
a powerful pre-trained visual backbone. The extracted fea-
tures are processed through four alternating attention lay-
ers. Following VGGT [16], Frame Attention first captures
intra-frame spatial relationships within each individual im-
age by computing self attention across patches of the same
frame. Global Attention then establishes inter-frame corre-
spondences by attending to tokens across all input frames
simultaneously. This hierarchical attention design enables
the network to jointly reason about local facial structures
and global multi-view consistency. On top of it, we initial-
ize a trainable DPT [12, 13] head to predict two-channel UV
coordinates within the range [0, 1]. The predicted UV coor-
dinates map is further multiplied by the input image mask
to extract the valid foreground region of the human head.

A.2. UV coordinates map

We visualize the predicted UV coordinates map and com-
pare them with Pixel3DMM [5]. As shown in Fig. S1,
our approach produces significantly smoother results in
the boundary regions, particularly around the hair. This
smoothness is crucial for our subsequent reprojecting of
screen-space color back into UV space, enabling more co-
herent and reliable reprojection results.

(c) Ours(b) Pixel3DMM(a) Input

Figure S1. Visualization and Comparison of UV coordinates
map.

Hyperparameter Value
Input &
Output

Input image resolution 512 × 512
Train render resolution 512 × 512

Feature
Extractor

DINOv3 version vitl16
DINOv3 patch size 16 × 16

DINOv3 feature size N × 1024 × 1024
DINOv3 intermediate layer 4, 11, 17, 23

MultiModal
Transformer

Hidden dimension 1024
Head numbers 16

Self attention layers 12
Learnable UV token size 96 × 96 × 1024

UV
Gaussian
Decoder

Gaussian attribute map size 384 × 384
Aggregated UV map size 384 × 384
UV DPT inner dimension 256

MLP inner dimension 512
MLP layers 3

MLP activation SiLU

Gaussian
Settings

Offset max range 0.2
Scaling clip range 0.01

Init scaling exp(-5.0)
Init density 0.1

Table S1. Hyperparameters used in our method. N represents
the number of input views.
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Figure S2. Architecture of our facial correspondence estimator network.

Input number 1 2 4 8 16 32
V-D Latency (s) 1.96 2.51 3.57 6.02 12.8 32.9

Table S2. Latency analysis for view-dependent (V-D) modules.
We show running time for different number of input images.

Real / Synthetic Datasets NeRSemble-v2 Ours CAP4D
Spatial WE (×10−2) ↓ 2.377 4.252 10.45

Temporal WE (×10−4) ↓ 4.605 7.868 31.27

Table S3. Data quality evaluation. We use Warping Error(WE)
as metric to evaluate spatial and temporal consistency of datasets.

A.3. Hyperparameters

In Tab. S1, we provide additional detailed hyperparameters
used in our model configuration.

A.4. Latency analysis.

In general, one pass inference consists of view-dependent
(V-D) and view-independent (V-I) components. As shown
in Tab. S2, the latency of V-D components (UV prediction,
Transformer, and decoder) scales in O

(
N2

)
with the num-

ber of input images inherent to the self-attention mecha-
nism. Once the canonical Gaussian avatar is obtained, the
V-I module takes 3ms for LBS and 2ms for rendering. The
total latency is in second level.

(a) Inputs (b) only NeRSemble-v2 (c) w/o synth data (d) Full data

Figure S3. Ablation study on identity robustness across differ-
ent training data configurations.

Input w/o synth Ours Input w/o synth Ours

Figure S4. Visual analysis of 3D consistency under varying
training data settings.

B. Synthetic Dataset

Visualization. In Sec. 3.4 of the main paper, we ex-
plain the curation process of our synthetic multi-view head
dataset. In this section, we provide visualization results of



Method InvertAvatar [18] DiffusionRig [4] GPAvatar [2] LAM [6] GAGAvatar [1] Portrait4D-v2 [3] Ours
Render Quality ↑ 1.4 1.95 2.7 2.51 3.29 3.48 4.37

Motion Consistency ↑ 1.85 2.05 2.73 2.93 3.45 3.4 4.17
Identity Preservation ↑ 1.7 2.15 2.74 2.54 3.44 3.54 4.23

Table S4. User study evaluation. We ask users to rate the results in 1-5, the higher the better.

this dataset, as shown in Fig. S5, which illustrates the re-
sults of each identity under different camera viewpoints and
expressions.
Quality assessment of our dataset. We evaluate our
synthetic dataset in Tab. S3 by using warping error as
in HuGe100K [19]. Our generated dataset achieves
numeric results comparable to the real-captured dataset
NeRSemble [7] and outperforms a synthetic dataset using
CAP4D [15] in both spatial and temporal dimensions.

Our synthetic data achieves a well-balanced combination
of identity diversity and expression richness, while main-
taining multi-view and 3D consistency. Such a dataset con-
tributes to training a more robust model. Please refer to our
supplementary video for additional dynamic results.

C. Additional Comparison Results

Monocular Setting. In Fig. S6, we show more self
and cross reenactment results on the VFHQ dataset and
NeRSemble-v2 dataset.
Multi-view Setting. In Fig. S7, we show more results of
self and cross reenactment on the NeRSemble-v2 dataset.
Please refer to our supplementary video for additional dy-
namic results.
User Study. We have also included a human evaluation
in Tab. S4 as an additional validation. Our method outper-
forms baselines in render quality, motion consistency, and
identity preservation.

D. Additional Ablation Results

D.1. Ablation on training data
Thanks to the paradigm of our framework, the model can
accept an arbitrary number of input images. Although
the number of input views during training is limited to
1 ∼ 16 due to VRAM constraints, similar to VGGT [16],
our model can take more than 16 input images during in-
ference. This flexibility enables us to train on monocular
video datasets, unlike methods such as Avat3r [8] that re-
quire a fixed set of four input views and therefore rely exclu-
sively on multi-view datasets. The monocular video dataset
VFHQ [17] contains approximately 7k identities, which
is an order of magnitude larger than existing multi-view
datasets such as NeRSemble-v2 [7], Ava-256 [10], and
RenderMe-360 [11], each of which typically includes only
a few hundred identities.

To evaluate the importance of high-quality training data,
we prepare two ablated versions. One model is only trained
on the NeRSemble-v2 dataset, as shown in Fig. S3 (b),
which can hardly preserve the identity of input images.
When using both NeRSemble-v2 and a rich-identity dataset
VFHQ, the model generalizes better to novel identities, but
would collapse in some extreme viewpoint in Fig. S3 (c).
When including our multi-view synthetic data, our model
demonstrates superior generalization capability of identity
as shown in Fig. S3 (d). As shown in Fig. S4, our model
achieves better 3D consistency using our synthetic dataset.

D.2. Ablation on our method

In this section, we provide additional visualizations of ab-
lation studies on our method. Other than the ablated ver-
sions in the main paper, we further include an extra ablation
on our self-adaptive fusion strategy, as shown in Fig. S8
(d). In our full model, the fusion weight for each Gaus-
sian is predicted by the network as a per-Gaussian value
in the range [0, 1]. In contrast, this ablated variant re-
places the learned weight with a fixed value computed as 0.5
times the UV-domain confidence map described in Sec. 3.1.
The results demonstrate that our proposed full model effec-
tively leverages information from the input views, leading
to higher-fidelity head avatar reconstruction. Please refer to
our supplementary video for additional dynamic results.

E. Applications

In-the-wild Image Reenactment. We also demonstrate the
reenactment results of our method on in-the-wild Internet
cases, as shown in Fig. S9.

Text-to-Head-Avatar Generation. In addition, we visu-
alize the pipeline for generating controllable head avatars
from text prompts. Given a textual description, we em-
ploy advanced multimodal large models such as ChatGPT
or Gemini to synthesize corresponding images, which are
then fed into our model to produce a animatable head avatar.
Detailed visualizations are provided in Fig. S10.

Such results show that our method generalizes well to a
wide variety of visual styles, benefiting from both our pro-
posed approach and the synthetic dataset. Please refer to
our supplementary video for additional dynamic results.



F. Limitations
Despite its effectiveness, our approach has several lim-
itations. First, the expressiveness of our reconstructed
head avatars is inherently constrained by the FLAME [9]
model used for both data tracking and avatar driving. As
a result, fine-grained facial dynamics such as subtle wrin-
kles, micro-expressions, and tongue motions cannot be reli-
ably captured or reproduced. Second, although our train-
ing includes both real and synthetic data, the combined
dataset still exhibits certain demographic biases, which may
lead to degraded performance or failure cases for under-
represented groups. Third, while our framework supports
an arbitrary number of input images, the computational cost
and memory consumption grow with the number of views,
whereas the performance improvement saturates beyond a
certain point. These limitations highlight important direc-
tions for future work, such as integrating more expressive
parametric models, reducing data bias, and improving scal-
ability for large-view inference.

G. Ethics
Our work focuses on feed-forward reconstruction of ani-
matable head avatars from arbitrary numbers of input fa-
cial images. While the proposed method advances the ef-
ficiency and accessibility of personalized head avatar cre-
ation, it also raises several potential ethical concerns. First,
the ability to reconstruct high-fidelity 3D human heads from
sparse or casually captured images introduces risks of mis-
use, such as generating unauthorized digital replicas of in-
dividuals or producing manipulated content that may com-
promise privacy, consent, or identity integrity. Second, re-
constructed avatars could be misappropriated for malicious
applications, including impersonation, deepfake-style syn-
thesis, or other forms of deceptive media generation.

To mitigate these risks, our research uses only publicly
available datasets with established licenses and synthetic
data generated in-house. We emphasize that our method
is intended for legitimate applications such as virtual telep-
resence, animation, and human computer interaction. We
strongly discourage any use of this technology for surveil-
lance, non-consensual persona reproduction, or deceptive
content creation. Future deployment of systems built upon
our approach should incorporate suitable safeguards, such
as perceptual watermarking, provenance tracking, or iden-
tity verification mechanisms, to ensure responsible and eth-
ical use.



Figure S5. Visualization of examples from our synthetic dataset.
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Figure S6. Visualization of self and cross reenacted results on the VFHQ and NeRSemble-v2 datasets for the monocular input
setting.
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Figure S7. Visualization of self and cross reenacted results on the NeRSemble-v2 dataset for the multi-view setting.

(a) Input (b) w/o uv_attn (d) w/ fixed weight (e) Ours full (f) GT(c) w/o aggr

Figure S8. Visualization of ablation study results of our method.
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Figure S9. Visualization of in-the-wild cases.

Classical oil painting style male 
bust portrait, from the shoulders 

up, wearing a dark coat and white 
shirt, with a dark blurred oil-

painted wall background, 
illuminated with warm 

candlelight-like lighting, 
featuring rich texture, visible 

canvas grain, and soft yet 
volumetric brushstrokes.

Watercolor style female bust 
portrait, from the shoulders up, 
front view, with slightly blurred 
edges, transparent and luminous 

colors, a background of faint 
abstract color blocks, visible 

paper texture, overall light and 
soft atmosphere.

Futuristic digital human bust 
portrait, from the shoulders up, 

gender-neutral, with skin 
featuring subtle metallic 

reflections, adorned with glowing 
geometric line patterns, set 

against an abstract tech-inspired 
background, in cool color tones, 
with a strong three-dimensional 

feel, sci-fi style.

Head and shoulders portrait of a 
young woman, front view, with 
slight grain, film camera color 
style, warm tones, background 
featuring blurred street neon 

lights, slightly overexposed, soft 
focus, portrait photography, film 

look.

Driving

Given text 
prompts

Text to image 
generation

Figure S10. Visualization of text-to-head-avatar generation.
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