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In this supplementary material, we provide additional
details and results for our method, ELITE, that are
not included in the main paper due to the space limit.
Also, we encourage readers to watch the attached video,
where we show dynamic avatar visualizations.

Contents

A. Video for Summary & Visual Results 1

B. Details of ELITE Pipeline 1
B.1. Mesh2Gaussian Prior Model (Sec. 3.1) . . . 1
B.2. Single-step Diffusion Enhancer (Sec. 3.3) . . 2

C. More Ablation Studies 2
C.1. Necessity of Stage 1 Test-time Adaptation

with Real Images (Main Sec. 3.2) . . . . . 2
C.2. Effect of 3D Data & 2D Generative Priors . 3
C.3. Effect of the Number of Real Video Frames . 4

D. More Results 4
D.1. Comparison of MGPM and Recent Feed-

forward 3D Avatar Recon. Methods . . . . 4
D.2. Comparison of Generated Supervision Images 4
D.3. Limitations on Modeling Accessories . . . . 4
D.4. Multi-view/-expression Renderings . . . . . 5

E. Broader Impacts & Ethical Considerations 5

A. Video for Summary & Visual Results
In the attached video, we provide the following content:

• ELITE overview and differences from existing methods.
• Multi-view videos of avatars synthesized by ELITE.
• Visual comparisons w/ competing methods [10, 13, 15].

B. Details of ELITE Pipeline

B.1. Mesh2Gaussian Prior Model (Sec. 3.1)

Our Mesh2Gaussian Prior Model (MGPM) serves as the core
component of our feed-forward 3D data prior. It provides
a fast and stable initialization of 2D Gaussian primitives
from tracked mesh observations, enabling reliable identity-
preserving avatar synthesis before any test-time adaptation.

Architecture. MGPM is a U-Net-based architecture that
accepts a conditioning embedding vector through FiLM mod-
ulation [5]. Since our goal is to translate the concatenated
FLAME UV texture map and UV geometry map into UV-
aligned 2D Gaussian parameters, we adopt the U-Net design
from SplatterImage [12], a feed-forward per-pixel 3D Gaus-
sian parameter predictor, and repurpose it for the UV domain
to use the U-Net to translate per-texel color and geometry to
per-texel 2D Gaussian parameters. Following SplatterImage,
we use a variant of SongUNet [11] with built-in self-attention
layers, enabling the model to capture long-range dependen-
cies across the UV maps.

Note that the FLAME geometry map contains the UV-
unwrapped surface points’ coordinates in a three-channel
UV map. Since it contains 3D coordinate information, it
has distinct statistics compared to UV texture maps, which
typically have a limited range from 0 to 255. To mitigate
this statistic mismatch between UV texture and geometry
maps, we pre-compute the mean and standard deviation of
UV geometry maps across all NerSemble [4] identities, and
standardize the UV geometry maps, so that we can balance
the statistic between the texture and geometry. Also, we use
independent convolution layers for UV texture and geometry
maps, so that we can balance the feature statistic before
querying them into the U-Net.

To account for expression- and pose-dependent changes
in the resulting UV-aligned 2D Gaussian primitives, we use
a dedicated driving signal encoder implemented as a combi-
nation of lightweight MLP projection layers. The encoder
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Figure S1. Data samples for training diffusion enhancer. We use
the rendered Gaussian avatars, corresponding clean target images,
and clean reference images from heterogeneous views and frames
to build data triplet for training our diffusion enhancer.

receives FLAME driving parameters, global head rotation
(R3), jaw rotation (R3), eye rotations (R6), neck rotation
(R3), and expression code (R100), projects each into a com-
pact latent space, and aggregates them into a single embed-
ding (R128). This embedding modulates the U-Net features
via FiLM layers across multiple resolution levels.
Training. The full MGPM contains 36.2M learnable param-
eters: approximately 0.2M parameters belong to the driving
signal encoder, and the remaining 36M to the U-Net. We
train MGPM using four NVIDIA RTX A6000 GPUs (48GB)
with Distributed Data Parallel (DDP) for two days.

B.2. Single-step Diffusion Enhancer (Sec. 3.3)
Our single-step diffusion enhancer serves as an essential
module for achieving plausible generalization of an avatar
across diverse views and expressions.
Dataset. To train such a diffusion enhancer, we need a
paired dataset of {Degraded avatar rendering, Clean refer-
ence image, Clean ground-truth image}.

As a preliminary step, we first render animated Gaus-
sian avatars from a pre-trained 3D prior model, MGPM
(Sec. 3.1), for all the identities, viewpoints, and timeframes
from NerSemble [4]. Then, we construct a data triplet by
sampling two sets of viewpoints and the frame. First, we
sample view vref, frame tref, and retrieve a clean image from
the NerSemble dataset, where this image will serve as the
“Clean reference image.” Then, we sample view vtgt, frame
ttgt, and render the avatar from the view and frame, and this
will serve as the “Degraded avatar rendering.” From the same
view and frame (vtgt, ttgt), we also retrieve the corresponding
clean image from the NerSemble dataset, which will serve
as the “Clean ground-truth image.” We collect total 10,688
triplets for training the single-step diffusion enhancer. We
visualize the data triplet samples in Fig. S1. By sampling

Figure S2. Effects of using diffusion enhancer at test-time. We
use our trained diffusion enhancer at test-time to add fine details.

heterogeneous views and frames for the inputs, the model
becomes robust across varying viewpoints and expressions.
Training. Following DIFIX [14], we train our cross-
viewpoint and cross-expression single-step diffusion en-
hancer by fine-tuning the pre-trained single-step diffusion
model SD-Turbo [9]. We freeze the VAE encoder and con-
duct LoRA finetuning for the decoder. During training, we
supervise the model using L1, LPIPS [16], and Gram matrix
losses [7], and conduct LoRA fine-tune [3] on DIFIX [14].
We use a single NVIDIA RTX A6000 GPU (48GB) for 6
hours to train the single-step diffusion enhancer model.
Test time. We mainly use the enhanced avatar images to
supervise the test-time adaptation process, i.e., we distill
the 2D enhanced images back to 3D avatars. At test time,
following DIFIX, we further enhance the rendering quality
of the final synthesized avatar (after the stage 2 adaptation),
by using our diffusion enhancer as the final post-processing
step at test time (see Fig. S2). By only using the avatar
rendering as an input, without reference image and fp16
precision, we achieve an interactive post-processing rate
(∼80 ms per image) on a single NVIDIA RTX A6000 GPU.

C. More Ablation Studies
C.1. Necessity of Stage 1 Test-time Adaptation with

Real Images (Main Sec. 3.2)

Figure S3. Stage 1 prevents diffusion hallucination.

Stage 1 test-time adaptation is essential for preventing
diffusion hallucination. Feed-forward MGPM avatars may
exhibit ID misalignment for challenging cases, e.g., com-
plex hairstyles. Since our diffusion enhancer enhances im-
age details by leveraging ID semantics and spatial attention,
querying ID-misaligned avatar images leads to hallucination
(Fig. S3a, CSIM: 0.5235). Stage 1 pre-aligns the avatar to
the target ID, providing a reliable anchor, allowing the dif-
fusion to focus on enhancing fine details without ID drift,
achieving ID preservation (Fig. S3b, CSIM: 0.9406).



Figure S4. Ablation on the 3D data prior and the 2D generative prior. Self re-enactment (left) shows that methods without the 3D
prior ((a),(b)) overfit and produce unrealistic geometry, while (c) and (d) preserve plausible structure. Cross re-enactment (right) highlights
generalization differences: (a) fails in both geometry and appearance, (b) improves appearance but not geometry, (c) maintains geometry but
lacks appearance generalization, and (d) (our proposed method) achieves both.

Table S1. Ablation on the 3D data prior and the 2D generative
prior (Self Re-enactment). Our hybrid 3D data & 2D generative
prior approach achieves the highest reconstruction performance on
self re-enactment task, and achieves the most plausible appearance
and geometry results on cross re-enactment (Fig. S4-right).

Variants 3D Data Prior 2D Gen. Prior PSNR (↑) SSIM (↑) LPIPS (↓) CSIM (↑)

(a) ✗ ✗ 22.23 0.8334 0.0910 0.6827
(b) ✗ ✓ 23.19 0.8392 0.0891 0.7128
(c) ✓ ✗ 24.63 0.8521 0.0816 0.7113

(d) Ours ✓ ✓ 25.220 0.8771 0.0732 0.7396

C.2. Effect of 3D Data & 2D Generative Priors

We analyze the contribution of each prior by evaluating four
system variants: (a) an overfitting baseline without the 3D
data prior or the 2D generative prior, (b) a 2D generative
prior variant without the 3D data prior, (c) a 3D data prior
variant without the 2D generative prior, and (d) our hybrid
model combining both priors. Variant (b) discards a 3D
data prior (MGPM) and initializes using a template mesh;
it adapts avatar to real images (Stage 1 w/o 3D prior) and
uses generated images for Stage 2 adaptation. Variant (c) is
identical to ELITE w/o Stage 2; it initializes via MGPM and
adapts using only real images.

Fig. S4-left shows self re-enactment results, evaluated on
held-out frames for which full metrics can be computed. For
all the variants, we use three input frames for supervising the
test-time adaptation. Quantitative comparisons for the self
re-enactment PSNR, SSIM, LPIPS, and CSIM are provided
in Table S1. Since the held-out frames are visually similar
to the training data (speech-driven frames with limited pose
variation), all the methods achieve comparable PSNR values.
However, geometry quality differs significantly: methods (a)
and (b), which lack a 3D data prior and optimize directly

from a template mesh, overfit to RGB observations and
converge to flattened, unrealistic facial geometry. In contrast,
methods (c) and (d) benefit from the 3D prior and faithfully
preserve plausible facial structure. Because the held-out
frames are close to the training distribution, the influence of
the 2D generative prior is less noticeable in this setting.

Fig. S4-right further evaluates cross re-enactment, where
each avatar is driven by novel and challenging poses and
expressions. This setting exposes clear differences in gener-
alization performance. Variant (a) shows limited generaliza-
tion in appearance due to the absence of any prior and produc-
ing noticeable geometric collapses. Variant (b) leverages the
2D generative prior and therefore plausibly generalizes to un-
seen poses and expressions, yet still suffers from unrealistic
geometry because it lacks the 3D prior. Variant (c) produces
realistic geometry thanks to the learned 3D prior, but its RGB
appearance does not generalize well to out-of-distribution
poses when trained solely on real monocular data. Finally,
our hybrid approach (d), using both priors, achieves faith-
ful geometry and appears to have strong view/expression
generalization simultaneously, producing the most plausible
re-enactment results.

Overall, this ablation confirms three key observations:
(1) without a 3D data prior, monocular reconstruction easily
overfits and produces inaccurate geometry even when the
rendered appearance seems plausible; (2) without a 2D gener-
ative prior, appearance-space generalization to unseen poses
and expressions remains limited; and (3) combining both
priors yields a complementary effect, enabling ELITE to
achieve realistic geometry and plausible re-enactment qual-
ity across both seen and unseen driving signals.



Figure S5. Effect of the number of real frames.

C.3. Effect of the Number of Real Video Frames

Figure S5 compares the cross re-enactment quality as we
vary the number of real supervision frames Nreal. Although
self re-enactment metrics (e.g., PSNR) improve with more
real frames (Sec. 4.3 & Fig. 10 in the main paper), we ob-
serve that ELITE already produces stable and high-quality
cross re-enactment results even with a single supervision
frame. We attribute this robustness to our 3D data prior,
which provides strong initialization, and to our generative
adaptation stage, which supplies synthetic multi-view super-
vision regardless of Nreal. In contrast, overfitting-based meth-
ods, FlashAvatar [15] and SplattingAvatar [10], show limited
generalization to unseen expressions when Nreal is small, as
they rely solely on limited observations. CAP4D [13] bene-
fits from synthetic views but still suffers from identity drift
and limited expression fidelity. Overall, ELITE maintains
strong cross-view and cross-expression generalization even
under extremely sparse supervision.

Figure S6. Comparison with recent feed-forward methods.

D. More Results
D.1. Comparison of MGPM and Recent Feed-

forward 3D Avatar Recon. Methods
We compare feed-forward avatars of our MGPM and re-
cent feed-forward 3D avatar reconstruction models [1, 2]
in Fig. S6. LAM [2] animates a canonical avatar via ex-
plicit LBS, limited in modeling expression-aware effects,
e.g., wrinkles. GAGAvatar [1] shows grid artifacts that
may be attributed to its 3D point-based MLP, limited in
expressing details. Our MGPM is a convolutional U-Net
with expression-aware feature modulation, which models
complex expression-aware effects with superior details.

D.2. Comparison of Generated Supervision Images
In Fig. S7, we qualitatively compare the uncurated sets of
supervision images produced by CAP4D and our method.

Since CAP4D synthesizes each image by performing full
diffusion denoising from pure noise, its outputs frequently
exhibit severe artifacts (e.g., distorted facial regions, incon-
sistent geometry, or implausible textures) and suffer from
noticeable identity drift. In contrast, our single-step diffu-
sion enhancer is grounded on the rendered Gaussian avatar,
providing strong geometric and appearance cues that guide
the single-step generation process. As a result, our generated
images preserve identity much more faithfully and contain
significantly fewer visual artifacts. Moreover, by avoiding
multi-step diffusion sampling, our method achieves 60×
faster generation while delivering cleaner and more reliable
supervision for test-time adaptation.

D.3. Limitations on Modeling Accessories
Our method has room for improvement in modeling acces-
sories such as eyeglasses. Because the underlying 3D data
prior model, MGPM, is trained on NerSemble [4], and we
filtered out few identities with accessories to focus on pure
head geometry and appearance, ELITE did not have a chance
to learn explicit geometry priors for glasses. As a result,
while the RGB appearance partially follows the glasses in
input frames, the rendered normal maps reveal that no corre-
sponding 3D structure is reconstructed (see Fig. S8), mean-
ing the glasses are effectively baked into the texture space
rather than modeled as geometry. Extending the prior to
jointly learn facial and accessory geometry remains an im-
portant direction for future work.



Figure S7. Uncurated comparison of generated supervision images. (a) CAP4D produces images via full denoising from pure noise,
leading to severe artifacts and identity drift, whereas (b) our rendering-grounded single-step enhancer generates identity-preserving, artifact-
free images with significantly higher consistency, with 60× faster generation speed.

Figure S8. Limitation in modeling accessories. Although the
RGB appearance from ELITE follows the eyeglasses in the input,
the normal maps show no corresponding geometry, indicating that
the glasses are baked into the texture.

D.4. Multi-view/-expression Renderings

In Figs. S9 & S10, we show multi-view rendered images
and normal renderings of the Gaussian avatars synthesized
from our method. We use our held-out test identities from
the NerSemble-V2 dataset and test identities from the IN-
STA dataset. For all the identities, we use three images
from the videos as test-time supervision for avatar adapta-
tion. Overall, our method synthesizes high-fidelity, authentic
Gaussian avatars with faithful appearances and geometries

that generalize across diverse expressions and viewpoints.

E. Broader Impacts & Ethical Considerations

Societal Impact. The primary goal of ELITE is to enabling
accessible high-fidelity avatar synthesis for applications in
telepresence, mixed reality, and we recognize the potential
risks associated with misuse. To mitigate these risks, we
advocate for the community’s ongoing efforts in avatar fin-
gerprinting [6] and digital media forensics [8] to support
the detection of synthetic media. To promote transparency
and reproducibility, we plan to release our code and models
strictly for research purposes.

Data Considerations. ELITE utilizes open-sourced aca-
demic datasets (NerSemble-V2, INSTA) to learn geometric
and appearance priors. While ELITE demonstrates plausible
generalization across various identities, we are aware of the
importance of continued improvements in dataset diversity.
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