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This supplement contains more details and derivations in
Secs. 2 and 3, supplementary results in Sec. 4, and discusses
the potential societal impact of this work in Sec. 5.

1. Positioning with respect to Related Works

We provide an overview of the main differences between
HyperGaussians and the most closely related works on
Gaussian avatars in Tab. 1. We partition the methods into
3 categories: optimization-based, feed-forward, and pseudo
ground-truth. Since the latter two categories require sub-
stantial computational resources for pre-training, we mainly
focus on optimization-based techniques in our experiments.

2. HyperGaussian Details

This section provides more details about the formulation of
HyperGaussians.

2.1. Parameterization

Each HyperGaussian consists of a high-dimensional mean
p and covariance matrix 3 (or precision matrix A when
applying the inverse covariance trick, Sec. 2.3) with opti-
mizable parameters. We parameterize the mean p directly
and decompose the covariance 3 into its Cholesky factor
L [3], such that XX = LLT, where L is a lower triangular
matrix with positive diagonal entries. To ensure the unique-
ness of the factorization, we apply an exponential activa-
tion function, L;; < exp L;, to the diagonal entries of
the parameter matrix. We further show in Sec. 2.3 that it
is not necessary to parameterize the entire Cholesky factor
L when working with the inverse covariance trick (Egs. (5)
and (6)).

2.2. Splatting

This paragraph explains how we construct the 3D covari-
ance matrix for splatting the conditioned Gaussians. We
build on top of the same decomposition of ¥3p into rota-
tion and scaling as in vanilla 3DGS, but replace the static
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Figure 1. Geometric interpretation of Gaussian conditioning
on two examples with large (left) and small (right) uncertainty
at different realizations of -y,. As a result, the conditional mean
shifts, while the conditional covariance is the same for both slices.

terms R and S by their conditional analogues. More for-
mally,

Ssp = R(g)SS' R(g)T, (1)

where R(-) denotes quaternion to rotation matrix con-
version, § = E[A44|2], and § = diag(E[A4,|z]). Moreover,
z is the latent code and A stands for attribute (see Eq. (4)
in the main paper).

This is an important distinction to NDGS [3], which di-
rectly splats using the conditional covariance matrix ¥sp =
Cov[A,,,|z]. NDGS has no degrees of freedom for the
conditional orientation of the 3D Gaussians, i.e., the 3D
Gaussians cannot conditionally rotate.

To illustrate this, note that conditioning can be in-
terpreted geometrically as taking an m-dimensional slice
through the multivariate Gaussian with (m + n) total di-
mensions. Fig. 1 shows two examples for m = n = 1.
Notice that the conditional covariance matrix has the same
shape regardless of where the slice is taken (Eq. (3) in the
main paper).

We instead use Cov[A,, |z], Cov[Ag|z], and
Cov[As|z] for visualizing uncertainties (see Fig. 2).
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Method Representation Local context Dynamic context Resource requirements
GaussianAvatars [14] 3DGS X X Low
SurFHead [9] 2DGS X X Low
SplattingAvatar [15] 3DGS v X Low
MonoGaussianAvatar [ 1] 3DGS X v Moderate
FlashAvatar (FA) [20] 3DGS X v Low
GaussianHeadAvatar (GHA) [21] 3DGS X v Moderate
GAGAvatar [2] FF 3DGS v v High
LAM [5] FF 3DGS v X High
FastAvatar [11] FF 3DGS v X High
Avat3r [17] FF 3DGS v v High
GAF [17] MVDiffusion 3DGS X X Very High
CAP4D [18] MVDiffusion 3DGS X X Very High
Ours (FA) HGS v v Low
Ours (GHA) HGS v v Moderate

Table 1. Differences to the most closely related works. GaussianAvatars [14] and SuRFHead [9] deform 3D Gaussians based on
an underlying FLAME mesh [10] without local embeddings or dynamic inputs like facial expressions. SplattingAvatar [15] optimizes
local embeddings, but the Gaussian properties are not dependent on expressions or pose. MonoGaussianAvatar [1], FlashAvatar [20],
and GaussianHeadAvatar [21] predict expression-dependent offsets to the Gaussian properties, but their lack of local context leads to
blurry or distorted results, see comparison in the main paper. Our proposed representation (HGS) attaches high-dimensional Gaussians
to the mesh and optimizes learnable local embeddings for modulating the Gaussian properties based on expressions. A more recent line
of work deploys large-scale generative models to either directly regress 3D Gaussian parameters or augment the training signal during
optimization. GAGAvatar [2] and LAM [5] derive 3D Gaussians from DINOv2 [12] features. FastAvatar [11] and Avat3r [8] train an
encoder-decoder model from scratch, where Avat3r additionally uses position maps from DUSt3R [19] and feature maps from Sapiens [6].
GAF [17] and CAP4D [18] train multi-view diffusion models [4, 13, 16] to generate pseudo ground-truth images for 3DGS optimization.
These feed-forward and pseudo GT methods show promising results in sparse-view settings, their primary focus. However, they lose
the ability to leverage all information when more views are available. The typical range is 1 to 4 images per forward pass. CAP4D
proposes a sophisticated inference scheme to address this issue. However, it still takes 12 GPU hours to produce a single avatar. Traditional
optimization-based techniques still achieve superior performance at significantly lower computational effort in such cases.

2.3. Derivation of the Inverse Covariance Trick tor L1; of A, as a side product:

We explain in the main paper that a naive implementation of Aue Aup L, O LL L;rl
the conditioning is very inefficient for large latent codes ~y,. [ Aba Abb:| = [ Lo ng} [ 0 L;Q]
Here, we provide a more detailed derivation of the inverse T - 4)
covariance trick. — [LllLu Ly, Ly, } _
We reformulate our HyperGaussians in terms of their L21L1Tl L21L2T1 + L22L2Tz

precision matrix A = X' such that v ~ N(u,Afl).

. . L With this new formulation, the conditional mean and co-
We consider the following block matrix view:

variance matrix can be expressed as

) Hapy = ta — Agd Map (7 — 1)
Sap = Ag,

aa ?

A Awp

-1 _ _ Aaa Aab
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with Apg = A,

As the inverse of 3, A inherits symmetry, Eq. (3), as
well as positive definiteness since its eigenvalues are the re-
ciprocal of the eigenvalues of X, and therefore all positive:

where the term A A,; can be further broken down into
_ -1 -
AaalAClb = (LHLL) LllL; = L11TL;1' (6)

Note that products with Ll_lT can be evaluated in an effi-
cient and numerically stable manner since L1 is a triangu-
lar matrix of small size, which is independent of the latent

A=Y == '=2"=A @3

This is important, as it allows us to reuse the same pa-
rameterization that we described in Sec. 2.1 to represent
A=LL". Conveniently, we also get the Cholesky fac-

dimension. These equations also show that it is sufficient
only to parameterize L, and Ls; for modeling the condi-
tional distribution. This reduces the number of parameters



from O ((m+n)?) to O(m?*+mn) compared to the full pa-
rameterization. Please see the main paper for a benchmark
comparison between the naive implementation and the one
applying the inverse covariance trick.

2.4. Derivation of Uncertainty

We observe an interesting property about HyperGaussians,
which arises naturally from their Bayesian interpretation.
HyperGaussians are at their core multivariate Gaussian dis-
tributions. Their conditional covariance matrices indicate
the variance of each Gaussian across the different expres-
sions of the training subject and can be intuitively inter-
preted as uncertainty.
More formally defined, we have

o :=logdet X,
=—logdetA,, (1)

7
= — 210g det L11 (2) ( )
= —2trlog L1, (3)
where we used det 3, = det ALl = (det Agq) “lin step

(1), det Agy = det Ly, L], = (det L11) in step (2), and
det L1 = [[:~,(L11);, in step (3). The log in step (3) is
applied element-wise.

Again, the inverse covariance trick (Sec. 2.3) is key to
efficiently compute this quantity. These values are summed
up across the conditional distributions for all Gaussian at-
tributes. To render these uncertainties, we further apply a
sigmoid function and map the values to colors. This agree-
ment between the uncertainty estimates and what would in-
tuitively be considered difficult regions emerges without ex-
plicit supervision. We demonstrate an example of this effect
in Fig. 2. Note that the foreground mask in the bottom-
left neck area was unstable throughout the video, leading to
high uncertainty despite being rigid. Moreover, the uncer-
tainty correctly captures the variability of the lips and spec-
ular reflections on glasses. We further observe that, while
rigid, the glass frames exhibit significant displacements due
to underlying mesh deformations.

3. GaussianHeadAvatar Details

GaussianHeadAvatar (GHA) [21] represents a scene with N
Gaussians, which have position X, multi-channel color C,
rotation @, scale S and opacity A. The way GHA models
expression-dependent effects is by maintaining a canonical
set of Gaussians { Xy, Fo, Qo, So, Ao}, where Fy is a per-
point feature vector, and training an MLP-based expression
conditioning dynamic generator ®, which predicts dynamic
changes with respect to the canonical model. More specifi-
cally, given expression # and head pose /3, they compute

{X707Q7S7A}:¢(X07F07Q07507A0;976) (8)
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Figure 2. Uncertainty quantification on one of the training sub-

jects. - denotes low uncertainty, while - denotes high
uncertainty. Note that the semantic structure arises purely from the

probabilistic formulation without additional supervision.

in order to obtain a deformed set of Gaussians.

For our HyperGaussians integration, we modify the
pipeline such that the MLP outputs per-Gaussian latent
codes for each attribute, which are then used to condition
the HyperGaussians. Formally,

{ZX,ZC,ZQ, Z8, ZA} = @(Xo, FOa QO? SO? AOv 0) 6)
)

are the expression-dependent latents, which are then
used for computing the conditional means E[A|z] that are
fed to the remainder of the pipeline, just like the MLP off-
sets in the original method, analogous to our FlashAvatar
integration.

4. Supplementary Experiments

NeRSemble Details For our multi-view setting, we used
10 subjects from the NeRSemble [7] dataset, with the fol-
lowing IDs: 017, 018, 024, 031, 033, 036, 037, 129, 141,
144. We select all sequences labelled with EMO, EXP (ex-
cluding tongue sequences), SEN for training, and the FREE
sequences for testing.

4.1. Qualitative Results

We show video results for self- and cross-reenactment on
the supplementary HTML page. In addition, Figs. 3 and 4
show additional results against NDGS [3] after integra-
tion into the baseline methods, similar to HyperGaussians.
Moreover, Fig. 5 provides qualitative results for varying la-
tent dimensionalities.



Ground Truth Ours

Figure 3. Comparison with NDGS integrated into FlashAvatar.
The limited degrees of freedom in NDGS lead to misalignments
of thin structures and edges. The numbers show PSNR,

, and

4.2. Comparison with NDGS

Our approach differs from NDGS [3] in its mathematical
formulation and capabilities. While NDGS uses the condi-
tional covariance matrix, which is independent of the latent
code, to represent the size and shape directly, our Hyper-
Gaussians apply multivariate Gaussians on each attribute
where the conditional means dynamically adapt the loca-
tion, scale, and orientation of the derived 3D Gaussians in
response to the latent code. This crucial difference gives
HyperGaussians the necessary degrees of freedom to model
thin geometry and complex deformations with higher ac-
curacy. Fig. 3 shows our method eliminates the artifacts
visible in NDGS (particularly on glass frames) and pro-
duces substantially more precise geometry at curved bound-
aries. We further demonstrate the benefits of HyperGaus-
sians over NDSG by integrating them into GaussianHead A-
vatar [21] in a similar fashion. Again, we can observe in
Fig. 4 that NDGS produces inferior reconstructions com-
pared to HyperGaussians. More specifically, it lacks detail
for specular reflections on the glasses and teeth (row 3), and
it fails to accurately position the glasses at the correct verti-
cal location (a downward shift in row 4 due to surrounding
skin deformations). Moreover, the bottom-right wrinkles in
row 4 disappear when the expression latent deviates too far
from the mean, since NDGS uses the joint probability den-
sity to modulate opacity. These observations can also be
made quantitatively in Tab. 2.

Method PSNRT SSIM(10~') 1 LPIPS(10~2) |
GaussianHeadAvatar (GHA) [21]  24.10 8.819 20.273
NDGS (GHA) [3] 2422 8.820 20.235
Ours (GHA) 2438 8.819 19.768

Table 2. Quantitative comparison with GHA and NDGS in the
multi-view setting. Notice that NDGS is unable to match the im-
provements of HyperGaussians in terms of PSNR and LPIPS, and
performs only marginally better on SSIM. This highlights the lim-
ited capabilities of NDGS due to its reduced degrees of freedom.

4.3. Ablation Study

We complement the ablation study from the main paper
with supplementary results for different MLP configura-
tions in Tab. 3 and Fig. 5. The default FlashAvatar MLP
[20] has 6 layers with 256 neurons, totaling 375K parame-
ters. Replacing vanilla 3D Gaussians with HyperGaussians
adds optimizable parameters (see Sec. 2.1). One might as-
sume that simply increasing the parameter count for the
FlashAvatar MLP would improve the results. However, this
is not the case. We ablate different MLP configurations in
Tab. 3. Adding more parameters to the MLP does not per-
form as well as adding HyperGaussian. In fact, it performs
the same, or worse than the baseline, while significantly
slowing down rendering speed. FlashAvatar with vanilla
3DGS runs at 347 FPS. With a large MLP, this number
drops to 158 (for 256 x 40, 2.6M parameters) and 178 (for
512 x 11, 2.7M parameters). With HyperGaussians (n = 8
and 2.6M parameters), the original MLP (256 x 6) outper-
forms the other MLP variants for all metrics while main-
taining a rendering speed of 300 FPS. All metrics and ren-
dering times were computed on a single NVIDIA GeForce
RTX 2080 Ti for images with resolution 512 x 512. In
summary, the HyperGaussians’ performance improvement
cannot be matched by increasing the complexity of the
MLP. HyperGaussians boost the performance while main-
taining fast rendering speed. Moreover, while FlashAvatar
with vanilla 3DGS achieves higher FPS, we observe faster
convergence with HyperGaussians. Fig. 6 visualizes the
training progress over time and shows that HyperGaussians
achieve a higher quality for a given time budget.

A fundamental advantage of HyperGaussians is their
ability to distill highly local context, enabling independent
deformations between spatially proximate but semantically
distinct regions. For instance, our method can indepen-
dently model glass frames near the upper cheek or the upper
teeth adjacent to the jaw. In contrast, FlashAvatar suffers
from stronger coupling between neighboring Gaussians due
to its shared MLP architecture and direct offset approach.
This coupling creates an optimization challenge where im-
provements in one region often degrade quality in others.
Our approach allows each region to optimize independently,
preserving detailed geometry and appearance across seman-
tically different but spatially adjacent facial features.

We ablate the effect of different latent dimensionalities in
Tab. 3. We find that HyperGaussian are robust towards dif-
ferent latent dimensions. A latent dimension of 8 performs
very well, but we already observe an improvement for a sin-
gle latent dimension (n = 1) over the vanilla 3DGS variant.
The top row corresponds to the FlashAvatar baseline [20],
which does not use any HyperGaussians.



MLP (widthxdepth) HGS-Dim. _#Param. FPS | PSNR1 SSIM (10~') t+ LPIPS(10-%) |

256x6 375K 347 29.43 9.466 5.107
256x40 - 2.6M 158 28.10 9.380 5.720
S512x11 - 2.1IM 178 29.50 9.472 5.122
256x6 1D 1.2M 291 29.73 9.492 5.066
256x6 2D 1.4M 304 29.92 9.503 5.000
256x6 4D 1.8M 293 ‘ 29.89 9.507 4.994
256x6 8D 2.6M 300 29.99 9.510 4.978
256x6 16D 4.1M 298 29.92 9.511 4.978
256x6 32D 7.2M 281 29.89 9.511 4.976
256x6 64D 134M 273 29.91 9.512 5.020

Table 3. MLP and Latent Dimensionality Ablations. Simply
increasing the parameter count for the FlashAvatar MLP does not
improve the metrics. Our HyperGaussians, however, improve the
performance of the original MLP out-of-the-box. As an addi-
tional benefit, HyperGaussians render at around 300 FPS while
the deeper MLPs, with comparable parameter counts, drop to 158
FPS (256 x40) and 178 FPS (512 x 11), respectively. Note that the
drop of 10 FPS for 1D is likely due to memory bottlenecks caused
by poor cache and vector load/store locality. Green denotes the

best and Yellow the second best.

5. Societal Impact

It is important to be aware that photorealistic, high-quality
face avatars from monocular videos can have societal im-
plications. While our novel HyperGaussian representation
offers exciting possibilities for entertainment, communica-
tion, and virtual experiences, it could potentially be mis-
used to spread misinformation and deception. Realistic face
avatars could be exploited to produce convincing deepfakes,
potentially undermining trust in visual media and influenc-
ing societies and politics. We strongly condemn any form of
abuse or malicious use of our research and advocate for re-
sponsible development and application of face avatar tech-
nology, always in strict accordance with local laws and reg-
ulations.
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Figure 4. Qualitative Comparison with GHA and NDGS on subjects from the NeRSemble [7] dataset. While NDGS helps improve
skin deformations, the resulting wrinkles are less pronounced (rows 2 and 4 show blurrier, washed-out results). Moreover, NDGS lacks
visual fidelity for specular highlights (row 3) and struggles with accurate geometric alignment (teeth artifacts in row 1 and downward
displacement of the glass frames in row 4).
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Figure 5. Qualitative comparison for varying latent dimensionalities. We find that HyperGaussians are robust towards different latent
dimensions. A latent dimension of 8 performs best, but we already observe an improvement for a single latent dimension (n = 1) over the
vanilla 3DGS variant.
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Figure 6. We compare the convergence speed of FlashAvatar [20] vs. Ours. The only difference between FlashAvatar and Ours is the
substitution of 3D Gaussians (top) with HyperGaussians (bottom), as described in the case study in the main paper. From the beginning,

HyperGaussians display sharper results.
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