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Figure 1. FlexAvatar. From just a single portrait image of a person, FlexAvatar creates a high quality 3D head avatar representation that
can be freely animated and rendered from diverse viewpoints. Our model can be flexibly applied to other scenarios including creating
avatars from a phone scan or from monocular videos. The entire avatar creation process can be executed within minutes.

Abstract

We introduce FlexAvatar, a method for creating high-quality
and complete 3D head avatars from a single image. A core
challenge lies in the limited availability of multi-view data
and the tendency of monocular training to yield incom-
plete 3D head reconstructions. We identify the root cause
of this issue as the entanglement between driving signal
and target viewpoint when learning from monocular videos.
To address this, we propose a transformer-based 3D por-
trait animation model with learnable data source tokens,
so-called bias sinks, which enables unified training across
monocular and multi-view datasets. This design leverages
the strengths of both data sources during inference: strong
generalization from monocular data and full 3D complete-
ness from multi-view supervision. Furthermore, our train-
ing procedure yields a smooth latent avatar space that fa-
cilitates identity interpolation and flexible fitting to an ar-
bitrary number of input observations. In extensive evalua-
tions on single-view, few-shot, and monocular avatar cre-
ation tasks, we verify the efficacy of FlexAvatar. Many ex-
isting methods struggle with view extrapolation while Flex-
Avatar generates complete 3D head avatars with realistic
facial animations.
Website: https:// tobias-kirschstein.github.io/flexavatar/

1. Introduction

3D head avatars have many exciting applications in im-
mersive teleconferencing, virtual try-on, personalized video
games, or education. Ideally, users can create high-quality
animatable 3D head avatars from one or a few input images
without expensive capture equipment or long optimization
times. The avatars could even be generated from text de-
scriptions using existing text-to-image methods.

However, creating a high-quality 3D head avatar from
just a single image is extremely challenging because it is
underconstrained in two regards: (i) There are many un-
observed regions complicating accurate 3D reconstruction.
(ii) The model must infer realistic facial animation for a
person without having seen any facial expressions of them.
These issues are typically addressed by using multi-view
video recordings for training, but those are hard to obtain
for sufficiently many persons. Many existing approaches
therefore rely on monocular portrait video datasets scraped
from the internet because they offer broad identity cover-
age and in-the-wild variability. A natural disadvantage of
these datasets is that they provide only a single viewpoint
per identity and typically have a strong front-view bias. As
a result, models trained solely on monocular data tend to
reconstruct incomplete 3D heads.
Despite these challenges, existing works have successfully
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trained single-image 3D head avatar pipelines, typically
by relying heavily on geometric priors. The most com-
mon priors are 3D morphable models (3DMMs) such as
FLAME [29] which provide a coarse but animatable head
geometry. In these approaches, the predicted 3D primitives,
such as meshes, radiance �elds, or Gaussians, are typically
rigged to the 3DMM, using its deformation �eld to drive
facial motion. This approach reduces over�tting on mono-
cular training data but limits expressiveness to the 3DMM's
prede�ned expression space. Still, many methods struggle
with novel-view rendering.

We identify the underlying issue to be the entanglement
of driving signal and target viewpoint in monocular train-
ing data. More speci�cally, models exploit the fact that in
a monocular self-reenactment setting, the control for the fa-
cial expression is derived on the ground-truth target image
itself, encouraging the model to guess the viewpoint from
the expression input. Simply mixing monocular and multi-
view training data does not prevent this behavior. We there-
fore introduce a transformer-based 3D portrait animation
module with bias sinks that explicitly separate the model's
behavior on the two dataset types. In practice, we feed
learnable tokens into the transformer depending on whether
a training sample stems from a monocular or a multi-view
dataset. During inference, we simply use the multi-view to-
ken, prompting the model to produce a complete 3D head
regardless of the input image. We further avoid relying on
a restrictive 3DMM and instead learn facial expressions di-
rectly from the data, yielding more �exible animation. Fi-
nally, to improve the quality of the renderings, we propose
an upsampling architecture for the transformer based on a
combination of PixelShuf�e and StyleGAN [20] blocks. As
a side product of our training, FlexAvatar learns a smooth
latent space of 3D head avatars, allowing interpolation be-
tween identities and enabling �exible �tting to arbitrary
numbers of input views. Therefore, our pipeline can be used
not only in a single-input scenario but also in few-shot and
monocular video avatar creation settings.

In summary, our contributions are as follows:
• A novel and ef�cient pipeline for creating high-quality

3D head avatars from a single image
• Learnable bias sinks that combine the strengths of monoc-

ular and multi-view training to provide both strong gen-
eralization and complete 3D head avatar reconstruction

• An ef�cient upsampler architecture based on StyleGAN2
and PixelShuf�e for improved visual quality

2. Related Work

2.1. 3D Head Avatars from Sparse Observations

In 3D portrait animation, the goal is to predict 3D head
avatars from a single image by utilizing 3D representations
such as meshes [23], Neural Radiance Fields (NeRFs) [5,

10, 30, 31, 37, 50, 61] or 3D Gaussians (3DGS) [4, 14,
15, 22], which allows rendering of novel viewpoints. Many
methods heavily rely on priors from 3D morphable mod-
els (3DMMs) such as FLAME [1, 29] for coarse geome-
try and animation of their 3D representation. For example,
both LAM [15] and GAGAvatar [4] rig 3D Gaussians to the
morphable FLAME mesh, inheriting its limited animation
space. In contrast, our method avoids these limitations in
expressiveness by learning facial motion directly from data.

Another line of work reconstructs avatars from one or
a few observations of a person. Regression-based meth-
ods [26] can provide an avatar near instantly but often strug-
gle to generalize to out-of-domain inputs or varying num-
bers of observations. Distillation-based methods [48, 49,
56] instead use a pre-trained multi-view image or video gen-
eration network to synthesize additional views, which are
then used to reconstruct a high-quality avatar [43]. While
this generally improves quality, distillation is inherently
slow due to the cost of invoking image or video generation.
Our method generalizes well to any image domain while
reconstructing high-quality avatars within minutes.

A different approach is to learn a photorealistic 3D head
prior which can later be �tted to any set of input im-
ages [16, 57, 58, 63, 69]. These models are typically
Autodecoder-based [40] and trained on multi-view data.
Because multi-view recordings are limited, recent meth-
ods also leverage synthetic data [2, 46]. Our approach also
learns a latent space of avatars which can be utilized for �t-
ting to arbitrary observations. However, we use an encoder-
decoder structure, avoiding the issue of growing dictionar-
ies in Autodecoders and enabling fast inference.

2.2. Learnable Dataset Embeddings

Learnable embeddings or tokens are used in several set-
tings. In task adaptation, they are used for parameter-
ef�cient �netuning [18, 27, 45]. In multi-dataset training,
dataset indicators help unify heterogeneous datasets into a
shared feature space [36, 70]. Multi-modal transformers
similarly use modality-speci�c embeddings to distinguish
input types [17, 71]. In 3D reconstruction, NeRF-in-the-
wild [34] learns a per-image embedding that captures as-
pects of the input that the subsequent generalized NeRF
cannot explain. Similarly, methods like Ner�es [41] or
Cafca [2] bake unwanted temporal variations of the input
images into learnable embeddings.

The difference in our setting is that we introduce dataset-
level embeddings to explicitly capture dataset-induced bi-
ases. This allows us to suppress these biases at inference
time, enabling a model trained on mixed monocular and
multi-view data to behave as if it were supervised by multi-
view observations alone while keeping the generalization
capabilities induced by the monocular training data.



Figure 2. Method Overview of FlexAvatar. Given the single input imageI , our method allows to change both viewpoint� and facial
expressionzexp . The transformer-based encoderE �rst produces a compressed avatar codeA via cross-attention. The decoderD then
incorporates the effect of the facial expressionzexp into the avatar representation. Crucially, the corresponding bias sinks are concatenated
to the expression tokens:z2D if the input imageI comes from a monocular dataset, andz3D if it comes from a multi-view dataset. Finally,
the upsampled avatar code is decoded into the 3D Gaussian attributes for rendering. During training, the bias sinks absorb data modality-
speci�c biases such as the entanglement of driver expression and target viewpoint of monocular datasets. At inference time, onlyz3D is
used to inherit the disentangled behavior of multi-view datasets yielding both generalized and complete 3D head avatars.

3. Method

Given a single portrait imageI , our goal is to create an an-
imatable avatar representationA which we can control via
animation codeszexp and render from arbitrary viewpoints.
A visual overview of our approach is depicted in Fig. 2. We
adopt an encoder-decoder perspective and split the image
synthesis process into multiple stages: (1) An EncoderE
that �nds a suitable avatar codeA based on the input im-
ageI , (2) a decoderD that creates a set of articulated 3D
Gaussians given an expression codezexp , and (3) a renderer
R which renders the 3D Gaussian representation from the
desired viewpoint� :

A = E(I ) (1)

G = D(A ; zexp ) (2)

I pred = R(G; � ) (3)

In practice, we use the tile-based differentiable rasterizer
from 3DGS [22] asR and expression codeszexp from
FLAME [29]. E and D are implemented via transform-
ers [51], andA 2 RH l � W l � D is a 2-dimensional latent code
that lives in the UV-space of a template head mesh.

Crucially, the encoder-decoder design choice leads to the
emergence of a smooth latent space of avatars during train-
ing. This enables applications that go beyond direct feed-
forward prediction of a 3D head avatar from a single image
(see Sec. 3.5).

3.1. EncoderE : Projecting onto an Avatar manifold

The general design of our encoder is inspired by LAM [15]
with the focus on producing a compressed avatar represen-
tation. For this purpose, we employ a head template mesh
with corresponding UV space which will host the avatar
code's features. We begin by �rst extracting image features

Figure 3.Architecture of the StyleGAN-PixelShuf�e block.

f img with a pre-trained DINOv2 [38] model and a shallow
learnable ViT.

f img = MLP([DINO(I ); V IT([I; I pluck ])]) (4)

where I pluck are the plucker embeddings of the camera
viewpoint of the input imageI . To map the image features
into the template's UV space, we de�ne queriesQ anchored
in UV space. This is done by uniformly sampling 3D sur-
face positions in the UV space of the template meshT and
encoding them with sinusoidal frequencies:

xmesh ; xuv  T (5)

Q = PE(xmesh ) (6)

Finally, we perform cross-attention from the UV-anchored
queriesQ to the image featuresf img :

A = ATTENTION(Q; f img ; f img ) (7)

In practice, we use the attention implementation from
MMDIT [11]. The result is a compact 2-dimensional latent
codeA 2 RH l � W l � D that contains all relevant information
from the input image but is agnostic to both viewpoint and
facial expression.



3.2. DecoderD : Decode Articulated 3D Gaussians

The decoder's goal is to incorporate the effect of facial ex-
pressions on the avatar representation and to produce the
�nal 3D Gaussians for rendering. For animation model-
ing, we adopt the approach of Avat3r [26] and use cross-
attention from the internal representation to a sequenced
expression codesexp 2 RN exp � D . This model-free ap-
proach allows the network to learn facial animations from
the data without being limited to the animation space of a
pre-de�ned 3D face model:

sexp = MLP(zexp ) (8)

hdec = ATTENTION(A ; sexp ; sexp ) (9)

The expression codezexp can be any description of the fa-
cial state, such as audio, 3DMM coef�cients, or an image
embedding derived from a driving image. In practice, we
use the expression codes of FLAME [29]. However, note
that our network design makes no assumptions about the
structure ofzexp and can easily be applied to different driv-
ing signals.

The resulting decoder feature maphdec 2 RH l � W l � D is
then upsampledL times yieldingh(L )

map 2 RL �H l � L �W l � D
L 2 .

This is crucial for decoding suf�ciently many 3D Gaus-
sians. Fig. 3 shows an overview of our upsampler design
which uses a combination of PixelShuf�e [47] and CNN
blocks inspired by StyleGAN2 [20]:

h( l +1)
x = CNN

�
h( l )

x

�
(10)

h( l +1)
map = PIXEL SHUFFLE

�
h( l )

map

�
+ CNN

�
h( l +1)

x

�
(11)

with h(0)
x = h(0)

map = hdec. This is followed by bilinear grid
sampling to extract one feature per Gaussian:

x = GRIDSAMPLE
�

h(L )
map ; xuv

�
(12)

where xuv are the texel locations of the sampled points
xmesh on the template mesh. In practice, we useL = 2
upsampling steps and perform grid sampling with another
2x upsampling, yielding a total upsampling rate of 8x. The
resulting featuresx 2 RG� D

L 2 hold information for each
3D Gaussian that are decoded with an MLP:

G = MLP(x) (13)

We also initialize the Gaussians' positions on the template
mesh surfacexmesh :

Gpos  G pos + xmesh (14)

The �nal 3D GaussiansGcan then be rendered via the tile-
based rasterizer of [22]:

I pred = R(G; � ) (15)

In practice, we use the batched rendering implementation of
gsplat [60] for better training performance.

Figure 4.Entanglement of driving signal and target viewpoint.
Naive training on monocular data works well as long as both ex-
pression codezdrive and rendering camera� target are transferred
to the avatar (� target = � drive ). Artifacts occur when the render-
ing camera is moved, i.e., rendering and driving viewpoint differ
(� target 6= � drive ). This issue is �xed by our proposed bias sinks.

3.3. Fighting Entanglement with Bias Sinks

During training, 3D portrait animation models minimize
an image lossL (f (I source ; ztarget ); I target ) where the ex-
pression codeztarget = TRACK(I drive ) is derived from a
driving image that matches the target expression. In monoc-
ular video datasets,I drive = I target since there is only a
single camera available. In this case, the derived expres-
sion codeztarget can leak information about the viewpoint
� target of the target image. The model may exploit this
by predicting only a partial 3D head which is suf�cient to
satisfy the loss from that speci�c viewpoint. We refer to
this failure mode asentanglement of driving signal and tar-
get viewpoint. Although acceptable when� target = � drive

(e.g., standard portrait animation), it breaks in applications
requiring free-view rendering (� target 6= � drive ), leading to
incomplete heads as seen in Fig. 4.

Multi-view datasets break this entanglement by provid-
ing multiple viewpoints for the same facial expression, but
they are too limited in scale for good generalization. To ad-
dress this, we introduce bias sinks, which are two learnable
tokensz2D andz3D that are concatenated to the expression
code sequencesexp before decoding:

sexp  [sexp ; zbias ] (16)

During training, samples from monocular datasets usez2D

and multi-view samples usez3D . This makes the decoder
explicitly aware of a sample's provenance absorbing the
bias of a particular dataset type. In practice, the model
learns to predict incomplete 3D heads whenever it sees the
z2D token and produces a complete avatar whenz3D is
given. Crucially, this design still allows the model to share
knowledge across dataset types. In particular, when feed-
ing in z3D , the model still bene�ts from the generalization
obtained from the monocular video training. During infer-
ence, we always feed in thez3D token to obtain both well
generalized and complete 3D head avatars from a single im-
age.



Task #Inputs Output assumption Training data Evaluation data Fitting Figures

3D Portrait Animation (§4.3) 1 � target = � drive CelebV-Text
Hallo3

NeRsemble
Cafca

9
>=

>;
+

Ava256 VFHQ-Test 200 steps Tab. 2
Single-image Avatar Creation (§4.4) 1 � target 6= � drive - Ava2565 persons 200 steps Tab. 3, Fig. 5
Few-shot Avatar Creation (§4.5) 4 � target 6= � drive Ava256Avat3r train Ava256Avat3r test 1000 steps Tab. 3
Monocular Avatar Creation (§4.6) 900 � target 6= � drive Ava256 NeRSemble Benchmark 2000 steps Tab. 4, Fig. 6

Table 1.Overview of Experimental Results.We evaluate FlexAvatar on 4 different tasks and 3 different datasets.

3.4. Training with Perceptual Losses

We use the L1 and SSIM losses from 3DGS:

L 1 = kI pred � I target k1 (17)

L SSIM = 1 � SSIM(I pred ; I target ) (18)

Inspired by PercHead [39], we additionally employ percep-
tual losses based on DINOv2 [38] and the Segment Any-
thing Model (SAM) [44]:

L DINO = kDINOf (I pred ) � DINOf (I target )k1 (19)

L SAM = kSAMf (I pred ) � SAMf (I target )k1 (20)

where DINOf (:) and SAMf (:) extract intermediate feature
maps of the given image. The �nal reconstruction loss is a
combination of all terms:

L rec = L 1 + L SSIM + L DINO + L SAM (21)

3.5. Fitting A to Additional Observations

Often, more than one image of a person is available, e.g., a
set of images(I many ; zmany

exp ; � many ) with corresponding
expression codes and cameras. We can use our encoderE to
get an initialization forA by using any one of the available
observations:

A init = E (I many
0 ) (22)

This initial estimate of the avatar can then be optimized by
�tting it against all observations:

I many
pred = R(D(A init ; zmany

exp ); � many ) (23)

L f it = L rec (I many
pred ; I many ) (24)

By minimizingL f it , one can obtain an animatable 3D head
avatar representationA f it that incorporates all available ob-
servations of the person. Crucially, we only makeA init

learnable and keep the entire decoderD �xed to avoid over-
�tting on the sparse inputs.

This procedure is similar to how autodecoder-style
photorealistic 3D head models such as GPHM [57],
HeadGAP [69], or HeadNeRF [16] create an avatar of
an person. However, our approach has two advantages:
First, it can be trained on mostly monocular video datasets
whereas autodecoder-style models typically require multi-
view training. Second, our approach also has an encoder
which speeds up the optimization process by providing al-
ready an initial guess of the latent avatar code.

4. Experimental Results

4.1. Training

We train FlexAvatar on 5 datasets: 2 monocular portrait
video datasets (CelebV-Text [62] and Hello3 [6]), 2 multi-
view datasets (NeRSemble [25] and Ava256 [35]), and the
synthetic multi-view Cafca dataset [2]. We sample 40k
clips from the monocular sets, use all Ava256 recordings,
� 25% of NeRSemble, and neutral-expression frames from
all Cafca identities. While monocular data provides gen-
eralization, NeRSemble and Ava256 offer high-quality ex-
pressions, and Cafca supplies full 360° supervision.

We extract cameras� and expression codeszexp using
Pixel3DMM [13]. For NeRSemble and Ava256, we only
track the frontal camera. Training uses Adam [24] with a
learning rate of1e � 4. Perceptual losses are introduced
after 400k steps to avoid early over�tting to high-frequency
details. In total, the model is trained for 1M steps with a
batch size of 20 on one A100 GPU, taking roughly 3 weeks.

4.2. Experiment Setup

Tasks. Tab. 1 shows an overview of our experiment setup.
We evaluate FlexAvatar's ability to create 3D head avatars
in a variety of situations:

3D Portrait Animation.In this well-established task, the
goal is to animate a portrait image by transferring both ex-
pression and head pose from a second image (which can
be of a different person). In this setting, methods can ex-
ploit the entanglement of driving signal and target view-
point since� target = � drive .

Single-image 3D Head Avatar Creation.Similar to 3D
Portrait animation, a single image is given with the addi-
tional requirement to be able to freely change the camera
viewpoint. In this setting, no connection between the driv-
ing signal and the rendering viewpoint can be assumed since
� target 6= � drive .

Few-shot 3D Head Avatar Creation.In this task, 4 im-
ages of a person are provided with the goal to create a com-
plete 3D head avatar that can be freely animated and ren-
dered from any viewpoint.

Monocular 3D Head Avatar Creation.For the last task,
one or several monocular videos of a person are available to
create a 3D head avatar. We compare against recent state-of-
the-art methods on the public leaderboard of the NeRSem-
ble benchmark.



Self Reenactment Cross Reenactment

PSNR" SSIM" LPIPS# CSIM" AED# APD# AKD# CSIM" AED# APD#

GPAvatar [5] 21.04 0.807 0.150 0.772 0.132 0.189 4.226 0.564 0.255 0.328
Real3DPortrait [61] 20.88 0.780 0.154 0.801 0.150 0.268 5.9710.663 0.296 0.411
Portrait4D [9] 20.35 0.741 0.191 0.765 0.144 0.205 4.854 0.596 0.286 0.258
Portrait4D-v2 [10] 21.34 0.791 0.144 0.803 0.117 0.187 3.749 0.656 0.268 0.273
GAGAvatar [4] 21.83 0.818 0.122 0.816 0.111 0.135 3.349 0.633 0.253 0.247
LAM [15] 22.65 0.829 0.109 0.822 0.102 0.134 2.059 0.651 0.250 0.356
Ours 23.47 0.837 0.099 0.830 0.075 0.0102.965 0.663 0.223 0.026

Table 2. 3D Portrait Animation comparison on the VFHQ dataset. We evaluate the ability to animate a single image by transferring
facial motion and head pose from a driving video showing the same person (self-reenactment) or a different person (cross-reenactment).

PSNR" SSIM" LPIPS# AKD# CSIM"

S
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gl
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e

Portrait4Dv2 [10] 11.9 0.671 0.404 7.77 0.578
LAM [15] 13.1 0.702 0.399 11.2 0.411
GAGAvatar [4] 12.7 0.709 0.371 7.45 0.555
Ours 16.9 0.762 0.265 5.52 0.695

F
ew

-s
ho

t InvertAvatar [68] 13.0 0.288 0.590 52.3 0.296
GPAvatar [5] 20.0 0.700 0.291 5.72 0.341
Avat3r [26] 20.8 0.715 0.310 5.66 0.616
Ours 21.1 0.733 0.218 5.39 0.755

Table 3.Single-image and Few-shot Avatar Creation compari-
son on the Ava256 dataset.

Metrics. Across all our experiments, we employ three
paired-image metrics to measure the quality of individ-
ual rendered images: Peak Signal-to-Noise Ratio (PSNR),
Structural Similarity Index (SSIM) [52], and Learned Per-
ceptual Image Patch Similarity (LPIPS) [67]. Furthermore,
we make use of two face-speci�c metrics: Average Key-
point Distance (AKD) measured in pixels with keypoints es-
timated from PIPNet [19], and cosine similarity (CSIM) of
identity embeddings based on ArcFace [7]. Temporal con-
sistency is measured with FovVideoVDP [33] (JOD) which
is sensitive to �ickering, noise and other temporal artifacts.
Finally, we estimate 3DMM coef�cients using the forward
regressor of [8] to compute Average Expression Distance
(AED) and Average Pose Distance (APD) by computing the
L1 distance of the corresponding 3DMM coef�cients.

4.3. 3D Portrait Animation

We follow the evaluation protocol of GAGAvatar [4] and
evaluate both self-reenactment and cross-reenactment per-
formance on the VFHQ test split [54]. The results can be
seen in Tab. 2. Our method improves in all metrics except
AKD over the previous state-of-the-art. This shows that
FlexAvatar can generalize well to unseen persons and can
animate portraits with different driving persons.

4.4. Single­image 3D Head Avatar Creation

We evaluate single-image 3D head avatar reconstruction on
the Ava256 dataset [35]. We select one challenging se-
quence for 5 diverse subjects. The frontal frame of the �rst
timestep serves as input, and we uniformly sample 10 target
expressions from 4 distinct cameras per sequence, yielding
200 test images. Expression codeszexp are extracted from
the frontal view, unlike standard 3D portrait animation set-
tings where the driving and target viewpoints coincide. This
setup is more demanding as methods that exploit viewpoint
information in zexp are penalized. This evaluation better
re�ects real applications that require freely animating an
avatar without assumptions about the rendering viewpoint.

Results in Tab. 3 and Fig. 5 show that our method sub-
stantially outperforms recent approaches, producing realis-
tic, complete, and expressive 3D heads. For fairness, the
entire Ava256 dataset is held out during training. Note that
the publicly released version of LAM used in the compari-
son was trained on both monocular (VFHQ [54]) and multi-
view (NeRSemble [25]) data. Hence, our gains cannot be
attributed solely to multi-view supervision. Further analy-
sis is provided in the ablation section.

4.5. Few­shot 3D Head Avatar Creation

Thanks to FlexAvatar's smooth avatar latent space, we can
seamlessly integrate multiple observations of a subject via
�tting following Sec. 3.5. We evaluate this on the Ava256
dataset using the same protocol as Avat3r [26]: 4 input im-
ages of a person are provided, and the model must render
a novel expression from a novel viewpoint. To build an
avatar, we encode one of the 4 images to obtain an initial
codeA init and then optimize it for 1000 steps (� 7 minutes
per avatar) to match all four inputs. For fair comparison,
we train with Ava256 but exclude all test identities, follow-
ing Avat3r. Metrics are computed on a subset of sequences
where Pixel3DMM tracking succeeds. As shown in Tab. 3,
our method outperforms Avat3r, particularly in sharpness
(LPIPS) and identity preservation (CSIM).



Input Driver Portrait4Dv2 [10] LAM [15] GAGAvatar [4] Ours GT

Figure 5.Qualitative Single-image Avatar Creation comparison on the Ava256 dataset.We compare our method to the recent state-
of-the-art on 3D head avatar creation from a single portrait image. Our method produces more complete 3D head avatars and re-enacts the
target expression more faithfully.

PSNR" SSIM" LPIPS# JOD" AKD# CSIM"

INSTA [72] 15.8 0.771 0.344 4.83 5.22 0.631
FlashAvatar [53] 16.3 0.731 0.386 4.15 19.18 0.304
TaoAvatar [3] 18.2 0.789 0.267 5.28 5.50 0.715
FATE [65] 19.1 0.820 0.220 5.56 3.52 0.770
HRAvatar [64] 19.5 0.817 0.214 5.76 4.62 0.765
CAP4D [49] 19.8 0.821 0.185 5.79 4.19 0.793
RGBAvatar [28] 20.6 0.829 0.181 6.033.41 0.824
Ours 20.9 0.830 0.156 6.08 3.80 0.827

Table 4. Monocular Avatar Creation comparison on the
NeRSemble Benchmark.We evaluate the ability to render novel
views and novel expressions given monocular videos of 5 persons.

4.6. Monocular 3D Head Avatar Creation

Finally, we evaluate the scalability of FlexAvatar on the
NeRSemble monocular 3D head avatar benchmark [25],
which requires creating 3D avatars from video clips of 5
subjects. As in our few-shot experiments, we predict an
initial avatar codeA init and �t it to 900 evenly sampled
frames from the training videos for 2000 iterations (� 10
minutes per avatar). No benchmark subject data is used
during training. Results in Tab. 4 show that we outperform
all baselines on nearly all metrics, with signi�cant gains in
sharpness (LPIPS). A visual comparison is shown in Fig. 6.
Notably, our method surpasses CAP4D [49], that relies on a
strong multi-view 3D head prior, while using fewer frames
and achieving much faster �tting (10 minutes vs. 4 hours).

Driver RGBAvatar CAP4D Ours

Figure 6.Comparison on the NeRSemble Benchmark.

4.7. Ablations

In Tab. 5 and Fig. 7, we present ablations of our dataset
and architecture choices. The ablations are compared on the
Ava256 dataset on the single-image 3D head avatar creation
task. Crucially, we hold out the entire Ava256 dataset from
training to measure performance on an unseen data domain.

Effect of Training Data. Training only on monocular
data (only 2D) produces partial 3D heads due to entangle-
ment between driving signal and target viewpoint. Multi-
view training (only 3D) resolves this, yielding complete
high-quality avatars, but generalization to unseen identities
is poor, re�ected in low CSIM scores.

Effect of bias sinks. Simply combining monocular and
multi-view data (w/o bias sinks) does not produce com-
plete 3D heads for unseen images. The model mainly
learns to identify the dataset rather than resolve view-



Input Only 2D Only 3D w/o bias sinks w/o StyleGAN Oursref Ours + �tting GT

Figure 7.Qualitative Ablation of method components on the Ava256 dataset.

2D 3D B U F PSNR" SSIM" LPIPS# AKD# CSIM"

only 2D � � � � � 13.7 0.736 0.358 6.59 0.593
only 3D � � � � � 13.2 0.699 0.378 10.4 0.119
w/o bias sinks � � � � � 14.5 0.747 0.351 5.98 0.583
w/o StyleGAN � � � � � 17.1 0.765 0.287 7.03 0.614
Oursref � � � � � 17.2 0.768 0.285 6.34 0.621
Ours + �tting � � � � � 16.9 0.771 0.280 5.59 0.682

B = bias sinks U = StyleGAN-PixelShuf�e Upsampler F = Fitting

Table 5.Quantitative Ablation on the Ava256 dataset.Ablation
models are only trained for 500k iterations to save compute re-
sources. Hence, the numbers forOurs + �tting differ slightly from
Oursin Tab. 3 even though both use the same evaluation setup.

point–expression entanglement. Our full architecture
(Oursref) successfully generates complete 3D heads.

Effect of StyleGAN-PixelShuf�e upsampler. Replacing
the StyleGAN-PixelShuf�e block with standard PixelShuf-
�e slightly reduces metrics and visual quality, particularly
in sensitive facial regions like the eyes and mouth interior.

Effect of Fitting. A single forward pass already pro-
duces accurate avatars, but �tting further improves identity
(CSIM), sharpness (LPIPS), and expression �delity (AKD).
Fitting is fast (� 1 minute) as it optimizes only the avatar
codeA while keeping the network frozen.

4.8. Limitations.

While FlexAvatar generates high-quality and complete 3D
head avatars from a single image, several limitations re-
main. First, lighting is baked from the input image, prevent-
ing explicit control. This can appear unnatural if the avatar
is placed in a different virtual environment. Second, al-
though the architecture is 3DMM-free, all experiments use
FLAME expression codes, which limits �ne details such
as the tongue. However, thanks to its model-agnostic de-
sign, FlexAvatar can be trained with more expressive de-

Figure 8. In-the-wild results. We test FlexAvatar on highly di-
verse inputs and perform cross-reenactment.

scriptors, e.g., expression codes from implicit morphable
models [12, 42] or features from generalized expression en-
coders [50, 55, 57].

5. Conclusion

We introduced FlexAvatar, a method for generating high-
quality, complete 3D head avatars from a single image.
Existing methods struggle with view extrapolation. We
identify the entanglement between driving signal and tar-
get viewpoint in monocular training to be a key issue. To
address this, we propose bias sinks, which combine the gen-
eralization of monocular datasets with the 3D completeness
of multi-view supervision. Extensive experiments show that
FlexAvatar generalizes well and produces realistic avatars.
Its smooth latent space enables �exible applications, includ-
ing few-shot avatar creation from phone scans or monocu-
lar videos. Our proposed design is quite general and makes
little domain-speci�c assumptions. Extending it to differ-
ent domains such as human bodies or generalized dynamic
novel view synthesis is a promising research direction. Fur-
thermore, we believe our �ndings on bias sinks may bene�t
other domains where scarce multi-view or 3D data has to be
combined with partial supervision from monocular data.
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FlexAvatar: Learning Complete 3D Head Avatars with Partial Supervision

Supplementary Material

Figure 9. Interpolation of 3D Head Avatars. FlexAvatar can
produce realistic 3D interpolations between people by interpolat-
ing the latent avatar codeA , the expression codezexp , and the
camera� of two persons.

In this supplementary document, we provide additional
comparisons, analysis, and training details. We also highly
recommend readers to watch the supplementary video
which highlights several aspects of our method, shows
plenty of avatars in motion, and features a real-time where
a user is walked through the process of creating their own
avatar.

A. Additional Comparisons

A.1. Qualitative Comparison on Portrait Animation

Fig. 17 shows qualitative comparisons on the cross-
reenectment setting on the VFHQ test split. We compare
with the two most recent baselines GAGAvatar [4] and
LAM [15]. In both cases, we use the publicly available
code to obtain the renderings. Our method produces highly-
realistic portrait animations that can capture subtle expres-
sions. Furthermore, our renderings are noticeably sharper
than the baselines and contain fewer artifacts, especially un-
der large head rotations of the driver.

Input FaceLift Ours GT

Figure 10. Visual comparison with FaceLift on the Ava256
dataset.

Front Back

PSNR" SSIM" LPIPS# AKD# CSIM" PSNR" SSIM" LPIPS#

FaceLift 12.8 0.715 0.357 6.32 0.658 13.2 0.687 0.411
Ours 17.2 0.786 0.265 4.72 0.771 15.2 0.709 0.408

Table 6.Quantitative comparison with FaceLift on Ava256.

A.2. Qualitative Comparison on Few­shot Setting

Fig. 18 shows qualitative comparisons on the few-shot
avatar creation setting following Avat3r [26]. Our method
creates artifact-free 3D head avatars that closely resemble
the input persons and allow expressive animations.

A.3. Comparison with FaceLift

We compare our method with FaceLift [32] for single-
image 3D head reconstruction in two settings:

(i) On Ava256 (Fig. 10 and Tab. 6), we use 4 frontal and 4
back cameras for 5 subjects. Our model slightly outper-
forms FaceLift quantitatively on back-head renderings
and produces noticeably more accurate frontal recon-
structions. For fairness, we use a version of our model
not trained on Ava256.

(ii) On in-the-wild images (Fig. 11), our method matches
FaceLift in completeness while better handling acces-
sories such as caps and glasses.

In contrast to FaceLift, our method also supports head ani-
mation, which is part of our core contribution.



Input FaceLift Ours

Figure 11.In-the-wild 360° Comparison with FaceLift.

B. Additional Analyses

B.1. Interpolation Between Persons

Due to the smooth nature of our avatar latent space, we can
produce interpolations between persons. This is done by
�rst obtaining the avatar codes from each portrait and then
computing a convex combination between them:

A 1 = E(I 1) (25)

A 2 = E(I 2) (26)

A int = � A 1 + (1 � � )A 2 (27)

Fig. 9 shows example interpolations.

B.2. Analysis of Bias Sinks

To better understand the effect of bias sinks on the model,
we �netune a 2D-only model on the NeRSemble dataset us-
ing 1 bias sink per each of the dataset's 16 cameras. As
shown in Fig. 12, the model learns that the presence of the
“left cam” bias sink correlates with a head that is only com-
plete from the left side. This validates, that the bias sinks
are an effective way to make the model mirror the behavior
of a speci�c training data subset during inference without
loosing generality.

B.3. Analysis of 3D Data Ratio for Bias Sinks

We analyze how much 3D data is required for the bias sink
mechanism to work. To do that, we �netune a 2D-only
model with various amounts of multi-view data. Fig. 13
shows that the bias sinks already lead to noticeably more
complete heads with only 1% of the 3D training data (=17
different people). Gradually increasing the amount of 3D
training data makes the bias sinks more effective with 10%
(=186 people) already producing a complete 3D head.

B.4. Analysis of Robustness

In Fig. 14, we show our method on 2 challenging lighting
situations. Sole inference withz3D (w/o �tting) attenuates
shadows due to the even lighting bias of multi-view data.
This is resolved in our full pipeline with �tting. We also
refer to our supplementary video that contains 57 avatars
from in-the-wild images.

B.5. FPS and VRAM usage

During inference, our model needs 1.7GB of VRAM. Ani-
mation and rendering run at 20 fps on an RTX 3090 GPU.
Avatar creation, including all processing, takes 2 minutes.
For a demonstration, see the live demo in the supplemental
video.
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Figure 12. Analysis of Bias Sinks. In this ablation experiment, there is one bias sink for each of the 16 cameras of the NeRSemble [25]
dataset. Using the bias sink for a left camera during inference results in a head that is only complete when seen from the left side.
Analogously, the bias sink for a right camera leads to the opposite effect. As such, each bias sink effectively captures the viewpoint bias of
its respective training data subset. In our full method, we exploit this behavior to obtain a bias sink that produces full 360° heads.

Input Only 2D + 1% 3D + 10% 3D + 100% 3D

Figure 13. Amount of 3D data required for bias sinks. The bias sink mechanism leads to noticeably more complete heads even when
only a small proportion of multi-view training data is available.

B.6. Analysis of FLAME dependence
We finetune our model using codes from VOODOOXP’s
expression encoder [50] instead of FLAME expression
codes. Fig. 15 shows that our method is not dependent on
FLAME’s expression space.

B.7. Analysis of Data Efficiency during Fitting
In Fig. 16, we analyze how the quality of an avatar in-
creases with the number of available input images. To do
so, we use the monocular videos from the 5 NeRSemble
benchmark [25] persons and apply the fitting procedure as
described in the main paper with 2000 optimization steps.
It can be seen that both image quality (PSNR) as well as
identity preservation (CSIM) greatly increase with the first
�100 frames and level off after that. We achieve competi-
tive performance on the benchmark with an order of magni-
tude less input frames required.

C. Training Details
C.1. Data Preparation
To remove the background in the training videos, we use
MatAnyone [59]. For single input images during inference,
we use MODNet [21]. We also use MODNet to segment

out the background in the generations of GAGAvatar [4]
in the supplemental video and in Fig. 17. This is because
GAGAvatar can only render images with black background
due to its use of a screen-space renderer.

Head-centric coordinates. We simplify the models task
by always predicting the avatar in FLAME’s canonical
space, i.e., factoring out the effect of rigid head movement.
To do this, the rigid head transformation matrix is instead
applied to the cameras. During inference, head movement
is then also modelled by factoring the head motion into the
rendering viewpoint. As a side effect, it becomes harder
for the model to predict the correct torso pose which has to
move relative to the canonical head pose.

Expression codes. As it can be seen in Fig. 15, our archi-
tecture is agnostic to the specific choice of animation sig-
nal. In our experiments, we use FLAME expression codes
obtained from Pixel3DMM [13]. However, note that our
design allows to train on different animation signals with-
out any change to the architecture itself. Possible animation
controls may be expression codes from implicit morphable
head models [12] or codes derived from speech.
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