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Abstract. We propose HeadsUp, a scalable feed-forward method for
reconstructing high-quality 3D Gaussian heads from large-scale multi-
camera setups. Our method employs an efficient encoder-decoder archi-
tecture that compresses input views into a compact latent representation.
This latent representation is then decoded into a set of UV-parameterized
3D Gaussians anchored to a neutral head template. This UV represen-
tation decouples the number of 3D Gaussians from the number and
resolution of input images, enabling training with many high-resolution
input views. We train and evaluate our model on an internal dataset with
more than 10000 subjects, which is an order of magnitude larger than ex-
isting multi-view human head datasets. HeadsUp achieves state-of-the-art
reconstruction quality and generalizes to novel identities without test-time
optimization. We extensively analyze the scaling behavior of our model
across identities, views, and model capacity, revealing practical insights
for quality-compute trade-offs. Finally, we highlight the strength of our
latent space by showcasing two downstream applications: generating novel
3D identities and animating the 3D heads with expression blendshapes.

1 Introduction

High-fidelity 3D head assets are foundational to photorealistic digital humans,
enabling convincing and authentic social co-presence in immersive digital en-
vironments. Such assets are particularly valuable for view-consistent, close-up
rendering in applications such as telepresence, actor digitization, and content
creation [36]. To achieve this level of quality, multi-camera capture systems have
become a standard approach for producing dense calibrated images of human
heads [11]. However, it remains a challenge to reliably and efficiently transform
these detailed captures into compact 3D reconstructions at scale [34L76].
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Fig. 1. We introduce HeadsUp, a novel feed-forward approach leveraging 3D Gaussians to
predict high-quality avatars. By scaling to thousands of subjects and diverse expressions,
our method achieves exceptional rendering quality on completely held-out subjects.
Notice the accurate, high-resolution recovery of intricate fine details, such as eyelashes,
complex earrings, teeth and tongue. The figure displays renders from novel subjects
unseen during training.

Existing solutions for converting multi-view head captures into renderable
assets span a spectrum that reflects a recurring tension between reconstruction
fidelity and throughput. At one end, instance-specific optimization methods, such
as per-subject fitting using Neural Radiance Fields [4}33,/48] or 3D Gaussian
Splatting (3DGS) |271/58], serve as strong baselines for high-quality view-consistent
rendering. However, the computational cost of per-identity optimization makes
their large-scale deployment challenging. At the other end, recent feed-forward
reconstruction methods [68.34,/85] amortize computation across datasets and
enable fast inference, but their compute and memory costs typically scale with
the number and resolution of input views. This hinders the full utilization of
dense, high-resolution capture setups. Orthogonally, another line of work targets
animatable avatars by predicting geometry and appearance in a canonical, model-
conditioned space [9}/28,/76]. While this supports temporal coherence and control,
it often sacrifices the representation capacity needed for high-quality rendering.
Together, these trends suggest a clear need for methods that can fully leverage
multi-camera rigs (i.e., many views, high resolution, many identities) while
producing compact head assets suitable for photorealistic rendering. To address
this need, we prioritize high-fidelity reconstruction quality from high-resolution
multi-view captures spanning thousands of identities and millions of frames.

We propose HeadsUp, a scalable feed-forward approach for reconstructing
high-fidelity 3D Gaussian head assets from large-scale multi-camera studio cap-
tures. Specifically, our method transforms input multi-view images to the UV
parameterization of a set of 3D Gaussians attached to a neutral head template. In
contrast to pixel-aligned prediction [23}[34], the UV-space formulation decouples
the number of output Gaussians from the number and resolution of input images.
This allows our method to scale gracefully with the number of high-resolution
input views, which is crucial for resolving fine details such as hair strands and
jewelry. Our feed-forward model is based on an encoder-decoder architecture: a
cross-attention transformer efficiently encodes the input images into a compact 2D
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latent representation, which is then decoded into the corresponding Gaussian UV
maps. To better capture the high-frequency details, we introduce a background
model to improve fine boundary structures such as hair, and a high-resolution
finetuning stage that leverages multi-scale and region-specific losses to enhance
overall render quality and the fidelity of core facial features like the eyes and
mouth.

To demonstrate the reconstruction quality and scalability of our method, we
train and evaluate our model on a large-scale internal dataset that is an order of
magnitude larger than existing multi-view face datasets, comprising over 10 000
subjects with diverse appearances and facial expressions. For comparison with
prior work, we also report results on the publicly available Ava-256 dataset [47].
HeadsUp achieves state-of-the-art reconstruction quality on novel identities and
expressions (examples in Fig. . We further characterize the scaling behavior
of our model with respect to the number of training subjects and input views,
as well as the model’s capacity. Finally, we highlight the strength of our learned
latent space by showcasing two downstream applications: generating novel 3D
identities with latent diffusion models and animating the 3D heads from expres-
sion blendshapes.

In summary, our main contributions are as follows:

— We address the challenge of large-scale, high-fidelity 3D head reconstruction
from multi-camera studio captures spanning thousands of identities and
millions of frames.

— We introduce HeadsUp, a feed-forward model that predicts UV maps that
encode the parameters of 3D Gaussians anchored to a neutral head template.
Our model decouples the output representation from the input resolution
and view count, enabling efficient scaling on dense, high-resolution data.

— We introduce explicit background modeling and a tailored training strategy
to improve reconstruction in high-frequency regions (hair, eyes, and mouth).

— We achieve state-of-the-art reconstruction quality on novel identities and ex-
pressions, and characterize the scaling behavior of our model across identities,
views, and model capacity.

2 Related Work

Novel View Synthesis of Human Heads. Various 3D representations have
been explored for head reconstruction and novel view synthesis. Earlier attempts
based on Neural Radiance Fields [2}[161/33,/51/89] have succeeded at photorealistic
rendering but required lengthy per-scene optimization. Implicit surface meth-
ods [87] and point-based approaches [84},88] offered alternatives with different
trade-offs between quality and efficiency. Hybrid methods like MonoNPHM |[17]
combine neural parametric models with implicit representations for monocular
reconstruction. Works on Codec Avatars |38},/43/461[58] and others |66] achieve
high-fidelity head avatars through learning on multiple dense multi-view captures.
Often, these methods involve per-subject optimization or fine-tuning at test
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time. 3DGS optimization-based approaches have quickly become popular due
to their efficiency and more explicit representation, albeit limited in scalability
because of the large number of Gaussians required. GaussianAvatars [54] ties 3D
Gaussians to a parametric model [41] for fully controllable heads but requires
minutes of optimization per identity, excluding multi-view tracking time. Splattin-
gAvatar [59] embeds Gaussians within triangle meshes for hybrid mesh-Gaussian
avatars. GAF [64] distills multi-view diffusion priors using pseudo-ground truths
to enhance monocular avatar reconstruction. These works, along with |65[71] and
others, demonstrate that 3DGS is an excellent representation for detailed head
avatars. However, the reliance on slow optimization makes scaling to thousands
of subjects with high-resolution studio captures challenging.

Feed-forward 3D Head Reconstruction. Following the advances in Large
Reconstruction Models (LRMs) |6} [8[21}(63}(69}|72]|81], recent works develop
feed-forward 3DGS head models to bypass per-subject optimization.

Multi-view feed-forward methods address the well-constrained setting of re-
construction from multiple input images. GPAvatar [10] learns efficient Gaus-
sian projections from multi-view inputs by employing deep feature extractors.
HeadGAP [86] learns generalizable Gaussian priors from multi-view data and
personalizes to new identities from a few images, though it still requires a per-
subject adaptation step. Avat3r |34] regresses animatable 3D head avatars from
as few as four images using DUSt3R position maps |70] and Sapiens features |29].
While template-free, its pixel-aligned Gaussians scale linearly with input views,
causing memory constraints and potential temporal inconsistencies. The reliance
on DUSt3R and Sapiens makes the pipeline time- and memory-constrained in a
practical setting. Similarly, FastGHA |23] achieves few-shot real-time animation
via pixel-aligned features, yet faces comparable scaling limitations. The concur-
rent work MATCH [53] efficiently predicts Gaussian textures within the fixed UV
layout of a template mesh, whereas our method aggregates multi-view features
into a compact latent representation prior to UV decoding. Finally, Pippo [26]
achieves high quality results by employing a diffusion transformer trained on a
large-scale dataset. While practical for single images, inference scales to minutes
for multi-view captures, and strict 3D view consistency is not guaranteed. Parallel
works on full-body reconstruction explore similar concepts, such as efficiently
reconstructing animatable humans from pose-free images [55//56], regressing Gaus-
sians in UV space [35], or training DiT-based generators [75|. Despite achieving
impressive full-body results, these methods remain bottlenecked by the limited
facial resolution of available datasets.

Single-view feed-forward methods tackle the ill-posed problem of reconstructing
human heads from a single input image. GAGAvatar [9] is one of the first
generalizable triplane-based Gaussian head models. Portrait4D [13,[14] learns
novel view synthesis and driving from synthetic 2D data and pseudo multi-
view supervision, generated from a triplane-based generator. However, triplane
representations often struggle with extreme novel viewpoints and are sensitive to
image cropping. LAM [20] and PanoLAM [39|] perform one-shot head synthesis
based on UV-aligned Gaussians, similar to our method but with a focus on rigging.
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FastAvatar [42] predicts residual Gaussians from a canonical template in <10 ms,
specifically targeting the fast rigging setting. PercHead [50] uses perceptual
supervision from DINOv2 [49] and SAM |31] for disentangled geometry and
appearance control. Our method partially borrows inspiration from some of
these methods and uses a UV-aligned Gaussian map that naturally supports
an arbitrary number of views, including a single view, while remaining fast and
supporting a wide range of novel viewpoints. Rather than optimizing for real-
time rigging, in this work we prioritize maximum reconstruction quality. Like
Pippo |26], several recent methods rely on diffusion priors to reconstruct human
heads [7,401/441|45L|73}/74}78-80], but this reliance comes at computational cost
and compromises rendering fidelity.

3D GAN inversion represents a parallel track for single-image 3D head synthe-
sis. PanoHead [1] and SphereHead [37] extend EG3D [5] to 360° head synthesis
with back-of-head supervision. Encoder-based latent inversion methods like Tri-
PlaneNet [3] and GOAE |77], alongside optimization-based PTI [57], facilitate
reconstruction from real images, while DiffPortrait3D [19] and VOODOO3D |[67]
focus on one-shot reenactment. InvertAvatar [83] adapts this inversion strategy
to multiple images for incremental improvement. However, triplanes can funda-
mentally limit the level of achievable resolution and expressivity. Furthermore,
triplane-based generators rely on external 2D head pose estimation that can
introduce compounding errors; these methods also usually impose strict cropping
requirements on the input image and camera assumptions [5,/61].

Summary. Ultimately, our work distinguishes itself from relevant prior work by
combining several key properties: (1) a fully feed-forward architecture that avoids
lengthy optimization to a novel subject and decouples memory from the input
view count, enabling massive scalability; (2) universal support for monocular,
sparse, or dense multi-view inputs; (3) independence from strict parametric face
models, allowing for natural reconstruction of accessories and diverse expressions;
and (4) state-of-the-art photorealism and subject recognizability in novel views.

3 Method

Here we introduce our method HeadsUp. Fig. |2| shows the overall architecture
of our model. Given N calibrated time-synchronized images, our model jointly
predicts 3D Gaussians for the foreground and background. Explicit background
modeling bypasses the need for foreground matting, which often fails to accurately
segment high-frequency boundary details like hair or jewelry.

Our model is based on UV-parameterized 3D Gaussians anchored to a template
mesh. Our feed-forward network consists of two main components: a multi-view
encoder based on a transformer architecture to extract latents from the input
images, and a 3D Gaussian decoder to map the latents to the 3D Gaussians’
UV parameters. To ensure high-fidelity rendering of core facial features with-
out prohibitive computational costs, we employ a two-stage training strategy
where a high-resolution finetuning stage leverages region-specific and multi-scale
supervision. Below, we detail our model architecture and training methodology.
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Fig. 2. Overview of HeadsUp. Our method reconstructs high-fidelity 3D Gaus-
sian heads from multi-view images. Given a set of input views, our model utilizes a
transformer-based encoder and a 3D Gaussian decoder to predict UV-parameterized 3D
Gaussians for both the foreground and background. The model is trained end-to-end
using a combination of photometric and perceptual supervision.

3.1 UV-Parameterized 3D Gaussian Splatting

Our model predicts a multi-channel 2D UV map, representing a fixed number of
Gaussians anchored to a template mesh. The channels of the UV map correspond
to the Gaussian attributes: position u € R3, scale s € ]R3+, quaternion rotation
q € R*, opacity a € [0, 1], and spherical harmonic color coefficients {c(“™} up to
degree L = 1. The foreground Gaussians are anchored to a neutral head template
shared among all identities in a canonical coordinate system. The head canonical
coordinate system is defined with its origin at the mid-pupil point of the template
and its orientation aligned to the Frankfurt plane [22]. The background Gaussians
are anchored to a sphere template fitted to the capture rig and are transformed
into the canonical coordinate system for joint rendering.

The UV formulation in our method offers several advantages, including;:
(1) Shared geometric prior. The canonical mesh topology provides consistent
spatial structure across subjects and expressions, allowing the network to focus
on appearance and local variations rather than coarse global head geometry.
(2) Efficient multi-view aggregation. The mesh-anchored UV parameterization
decouples the number of output Gaussians from the number and resolution of
input images, allowing for efficient aggregation of information from dense and
high-resolution captures.
(8) Robustness to tracking errors. As the 3D Gaussians are anchored to a fixed
neutral template, our representation only requires rigid head pose tracking and
does not rely on fragile and error-prone facial expression tracking for inference.
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3.2 Network Architecture

Here we describe our network architecture, composed of a multi-view encoder
and a Gaussian UV decoder.

Multi-View Encoder. Given N calibrated input views {I;}¥ ,, I, € R3*HxW
and their camera extrinsics {E;}Y;, E; € R4 along with intrinsics {K;}Y |,
K; € R3*3, we first patchify the images and convert each into patch embeddings
e;, € R¥xhxw T explicitly encode the camera geometry into the features, we
concatenate per-patch Pliicker embeddings [60] with the corresponding patch
embeddings along the channel dimension:

f! = Concat(e}, P(K;, E;)) € R(+0)xhxw (1)

where P(-) computes the 6D Pliicker coordinates. Two parallel convolutional
encoders process these features to disentangle each input view into foreground
and background features, Fgg € Rexhsxws and F?g € R¢*hsxws  regpectively.

We employ a transformer architecture [15,/68] to map these unstructured
multi-view foreground features to a low-resolution 2D latent representation of
the target 3D head. The transformer converts a 2D grid of learnable tokens
Q € Ré=xh=xw: tq the 2D latent Z € R?%*"=Xw= by agoregating information
from multi-view features through cross-attention layers:

Z = CrossAttnTransformer(Q, Fi,). (2)

When discussing our latent representation throughout the paper, we refer to the
foreground latent Z.

To model the background, we use a shallow convolutional network with global
average pooling to map the stacked multi-view background features {F;’g}ﬁil to
the background latent z,, € R%s. This design choice is motivated by the fact
that the background is mostly constant between different frames, apart from
small variations such as lighting.

3D Gaussian UV Decoder. We use a convolutional decoder to convert the
resulting latent variable Z into a high-resolution UV feature map U € RH*Wx23,
Specifically, for each UV location (u,v), the output UV features are mapped to
the corresponding 3D Gaussian attributes as follows:

tuw = V(u,0) + TP (u,0),  [UP (4, 0)[] < max 3)
Suw = exp(U (u, ) (4)
Quoy = normalize(U@ (u, v)) (5)
(6)
(7)

Qo = U(U(a) (ua U))
{cii} = U (u,0),

where V(u,v) is the corresponding 3D vertex position on the template mesh
V € REXWIX3 "and §iax is the position offset bound (empirically set to 200mm).
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Similarly, zs4 is decoded into the background 3D Gaussians using a similar but
separate decoder (with 6. = 10mm). During training, we find it important to
perform a warm-up period of 1000 iterations, where opacity and scale attributes
are detached from the gradient backpropagation graph.

3.3 Training Objectives
Our overall training loss consists of reconstruction and regularization terms:

Liotal = AL1L11 + ALPips LLr1Ps + AadvLadv + AposLpos T Amask Lmask + ATv LTV,
(8)

where the A hyperparameters control the relative influence of each term.

Reconstruction Losses. Let I and Iy denote the rendered and ground-truth
composite images (foreground and background) from a randomly sampled view.
We optimize an L1 photometric loss L1 = ||I — I||1 and a multi-scale LPIPS
perceptual loss Lpprps [25]. To enhance high-frequency details, we employ a
Perceptual Discriminator [18.62] to compute an adversarial loss L,4,. To main-
tain training stability, L£,q, is activated only after 240k iterations, and the
discriminator operates on random 256 x 256 spatial crops of the input.

Regularization Terms. To guide the geometry during the warm-up phase, we
utilize expression-tracked meshes to regularize the Gaussian positions. Specifically,
the loss term L,os penalizes the distance between p(uw,v) and the 3D point
Ve(u,v), derived via barycentric interpolation of the Gaussian UV coordinates
on a tracked mesh V€. Concurrently, a silhouette loss Ly asx minimizes the
discrepancy between the rendered foreground alpha map and the ground-truth
segmentation mask Mg. The weights for both L0 and Ly,,s1 are decayed over
the course of training. Finally, a Total Variation loss L1y is applied to the
rendered UV-space colors [32] to encourage spatial smoothness and prevent
surface holes.

3.4 Two-Stage Training

Training our model on a large dataset of high-resolution input images can be
computationally expensive as the transformer scales quadratically with the
number of input tokens. Therefore, we adopt a two-stage training strategy: we
first train on 2x downscaled images, followed by a high-resolution finetuning
stage that uses the native image resolution. During high-resolution finetuning we
make two key modifications:

— Region-Specific Losses. We introduce region-specific losses for areas with
high-frequency details. Specifically, we extract image crops around the eyes
and mouth using the head canonical coordinate frame and supervise with
additional multi-scale LPIPS perceptual losses.
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— Multi-Resolution Loss Strategy. We observed that applying global per-
ceptual and discriminator losses directly at native resolution leads to training
instability, likely due to noisy high-frequency gradients. Therefore, to ensure
stable convergence, we compute these losses on 2x downsampled outputs.

More implementation details are provided in the Supplementary Material.

4 Experiments

4.1 Datasets

Internal Multi-View Head Dataset. Our internal dataset contains over
10000 unique participants recorded in a head-focused rig with 16 calibrated RGB
cameras. The images have a resolution of 1000 x 750. Participants were asked
to perform various facial expressions and speech sequences. We train on 10000
subjects with 100 frames per subject sampled for expression diversity. We evaluate
on 100 frames from 50 validation subjects. All participants provided written
informed consent for use of their data. The internal dataset will not be publicly
released. Images shown in this paper are from subjects who provided explicit
written consent for the use of their images in the publication and visualizations.

Ava-256 Dataset. We also finetune and evaluate our model on the public
dataset Ava-256 |[47], which contains high-resolution multi-view head captures.
We use the 4TB version of the dataset, containing 256 subjects recorded with 80
RGB cameras. The images have a resolution of 1024 x 667. Following Avat3r’s
setup [34], we train on 244 subjects with 1000 frames per subject and evaluate on
12 validation subjects with around 2000 sampled frames in total. Unlike previous
methods restricted to frontal views, we sample views from all 80 cameras.

4.2 Experimental Setup

Training. We train our model on the internal dataset for 900K steps with 2x
downscaled images (batch size 64) in the first stage, followed by 200K steps
of full-resolution finetuning (batch size 32). We use 10 input images for this
setup. Training with the Adam optimizer |30] with a learning rate of 2 x 10~*
converges in approximately 10 days on 16 H100 GPUs with bfloat16 precision.
We perform full-resolution finetuning on Ava-256 for 200K steps with 16 input
images, converging in less than a day.

Metrics. We evaluate rendering quality with three image metrics: Peak Signal-
to-Noise Ratio (PSNR), Structural Similarity (SSIM), and Learned Perceptual
Image Patch Similarity (LPIPS) [82]. Following Avat3r |34], we also report two
face-specific metrics: Average Keypoint Distance (AKD) which measures the
distance in pixels between 2D keypoints estimated from PIPNet [24], and cosine
similarity (CSIM) of ArcFace identity embeddings [12].
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Fig. 3. Visual Comparison on Ava-256. Our method produces sharper reconstruc-
tions with better identity preservation compared to prior work. Increasing the number
of views permits reconstruction of details like earrings, hair and skin texture. Addition-
ally, our background model successfully captures intricate head-boundary details that
previous foreground-masking techniques typically discard; we only use the background
model during training. Due to GPU memory constraints during training, Avat3r is
limited to a maximum of 6 views.

4.3 Baseline

For our baseline comparison, we evaluate our method against Avat3r, representing
the state-of-the-art in feed-forward 3D head reconstruction.

Avat3r [34]. Avat3r uses DUSt3R |70| position maps and Sapiens features |29]
to reconstruct head avatars from sparse views. Since the official code is not
released, we carefully reimplemented Avat3r and made some modifications to
enable fair comparison to our work. Specifically, we adapt Avat3r from a sparse-
view self-reenactment setting to a large-scale 3D head reconstruction pipeline by
(1) removing the expression rigging module and (2) providing time-synchronized
multi-view images as input. Furthermore, the original method precomputes
DUSt3R and Sapiens features for only 10 frames per subject, whereas our
experimental setup scales this to 1000 frames per subject. As extracting DUSt3R
position maps at this scale is computationally prohibitive, we instead compute
them using the more efficient VGGT [69].

4.4 Baseline Comparison

We compare our method with Avat3r [34] on our internal dataset (Internall0K)
and Ava-256 dataset [47] using different metrics. In Ava-256 experiments, both our
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Table 1. Quantitative Compari-
son. We evaluate both our method and
Trermel i Avat3r [34] on two datasets: our Inter-
#V_#G PSNRY SSIMT LPIPSy AKDY CSIMT  1)5]10K dataset, and Ava-256 [47] (fine-
Avatdr 4 0.8M 2410 0830 0371 1278 0738  tuyoq from the Internall0K models),
Avat3r 6 1.IM 24.37 0.831 0.362 12.99 0.787 . . .
across varying numbers of input views
Ours 10 65K 29.25 0.821 0.117 10.39 0.922 .
(#V). Our approach significantly out-
performs the baseline with major gains
v oG PSNR?V:;;: LPIPS, AKD] CSIMT in rendering quality (PSNR, LPIPS)
and facial fidelity (AKD, CSIM) metrics.
Avat3r 4 0.8M 21.54 0.788 0.370 6.39 0.738 | b hese |
Avat3r 6 1.IM 22.31 0.795 0.359 6.10 0.775 NoFab ¥, weac 16ve § eseilmprovements
Ours 4 65K 23.04 0805 0178 509 o0ss3 While requirmeg substantially ffewer 3D
Ours 6 65K 2462 0.815 0161 470 o.s73 Gaussians (#G). Also, Avat3r is bottle-
Ours 16 65K 26.13 0.831 0.110 4.27 o0.9014 necked by GPU memory limits at 6
views on our training GPU budget.

model and Avat3r are finetuned from the models pretrained on Internall0K. As
shown in Tab. [I} our method significantly outperforms the baseline, with major
gains in rendering quality (PSNR, LPIPS) and face fidelity (AKD, CSIM) metrics,
while requiring more than an order of magnitude fewer Gaussians. Qualitative
results in Fig. 3] also show renders with much higher fidelity and sharper details
for our method, capturing fine hair and facial details, with sharper eye and mouth
regions than the baseline. Notably, Avat3r is bottle-necked by GPU memory limits
at 6 views, whereas our efficient formulation allows for many more inputs. More
results and video visualizations are provided in the Supplementary Material.

4.5 Analysis and Ablation Study

We ablate the proposed components of our overall method in Fig. [d] We conduct
extensive analysis to validate our design choices and characterize the scaling
behavior of our method. We organize our analysis around five key aspects: number
of training identities, number of input views, representation capacity, number
of target views used for supervision, and our high-resolution finetuning strategy.
Moreover, we study the effect of the background model, region-specific perceptual
losses, and multi-resolution loss.

Number of training identities. As depicted in Fig. [fh, PSNR improves
1.7-1.8 dB per doubling of subjects up to 2K, with reduced performance gains
after 4K. Identity preservation (CSIM) scales more steeply, from 0.441 (250
subjects) to 0.888 (8K). Models trained on <1K subjects fail catastrophically on
out-of-distribution faces. Visual comparisons are provided in Fig.

Number of input views. We train our model with an increasing number of
random input views. For evaluation, we use a fixed set of views with varying size
per experiment, e.g. the frontal view for the monocular case. As shown in Fig.
and Fig. [6] more views improve the quality, with diminishing gains after 8 views.
Notably, our monocular model is able to convincingly reconstruct the subject.
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Fig. 4. Ablation study on a single-stage model trained for 500K steps with 10K
subjects, 10 input views, 32x32 latent and 256 x256 Gaussian UV resolution unless
stated otherwise. (a) Training data scaling: log-linear improvement up to 2K sub-
jects, diminishing returns beyond 4K. (b) Input view scaling: quality improves with
more views, with diminishing returns after 8. (¢) Model capacity: increasing latent
resolution yields larger gains than increasing Gaussian UV resolution. (d) Template
mesh type: a fixed neutral mesh outperforms expression-tracked meshes. (e) Number
of target views: more supervision views improve geometric consistency (f) High-
resolution finetuning: Effect of different components in our second-stage training
strategy. (g) Background model ablation: Our background modeling permits recon-
struction of foreground details such as strands of hair, without background artifacts
caused by imperfect image matting techniques.
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Latent and Gaussian UV resolution. As shown in Fig. [, increasing the
latent resolution yields more significant improvements than the UV resolution.

Template mesh type. Our ablation in Fig. [dd shows that using a fixed neutral
template significantly outperforms using an expression-tracked one.

Number of target views. Adding more supervision views improves all the
metrics by encouraging better view-consistency as shown in Fig. k.

High-resolution finetuning. As discussed in Sec. after our low-resolution
training has converged, we finetune our model on high-resolution target and input
images. In Fig. [ff we examine our design choices for the second training stage:
Region-specific losses. Our eye and mouth crop losses improve reconstruction
quality in critical facial features where human perception is most sensitive.
Finetuning perceptual losses. Downsampling the rendered and real inputs to the
Discriminator and LPIPS losses is important for the stability of the adversarial
losses. Naively computing LPIPS on high resolution images leads to quality
regressions.

Background Gaussian model. As shown in Fig. [, removing the background
model degrades rendering quality for regions with semi-transparent areas or fine
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Fig. 5. Training data scaling. Models trained on fewer subjects fail to generalize to
reconstruction of novel identities. At 250 subjects, facial features and hair color deviate
significantly from ground truth. The reconstruction quality improves with more training
data. On this validation set, the quality improves marginally after 4K subjects.

N=1 N=2 N =4 N =6 N =8 N =16 GT

Fig.6. Impact of the number of input views. Reconstruction quality scales
naturally with the number of input images. A single frontal view (N = 1) yields blurry
results, identity drift, and fails to recover shirt text. However, adding more views
progressively resolves these ambiguities, yielding clear improvements in fine details like
the teeth and hair.

foreground elements. Without explicit background modeling, the model hallu-
cinates background artifacts, such as discoloration in the hair. Since computed
foreground masks are not pixel-perfect and view-consistent, background details
are often combined with foreground elements within masked ground truth images
used for supervision. By eliminating the need for these masks, our dedicated
background model prevents artifacts from background regions, such as the multi-
camera capture rig, and allows the foreground model to focus more Gaussians on
facial details.
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“A photo of an old
man, dark ski

goldchain”

(a) Text-driven identity generation (b) Blendshape-driven latent animation

Fig. 7. Downstream Applications. (a) Text-driven identity generation: Novel
identities generated by a text-conditioned diffusion model trained on our latents. Using
nearest-neighbor face similarity, we verify that these synthesized subjects do not exist
in our training set. (b) Blendshape-driven latent animation: We train a network
conditioned on expression blendshapes, applying a target expression (blue box) to a
source identity (green box). The model successfully animates the faces while preserving
the subject’s appearance. Both applications operate entirely within the latent space,
requiring no per-subject fine-tuning.

4.6 Downstream Applications

Text-driven Identity Generation. Our compact, yet information-rich latent
space enables a range of downstream applications, such as novel identity gen-
eration. To show this, we train a text-conditioned DiT on a large dataset
of latents Z precomputed from our base model. At inference time, we sample
latents and decode them into Gaussians using our frozen decoder. Fig. [Ta] shows
randomly sampled identities from our trained model. Based on face-similarity
analysis, we have confirmed these identities do not appear in the training set.

Blendshape-driven Latent Animation. We showcase facial animation con-
trolled by expression blendshapes, operating entirely within our latent space.
Given triplets (Z,,, Zp,b) of a neutral latent Z,,, an expression latent Z; of the
same subject and the corresponding blendshape coefficients b, we train a trans-
former Fy to predict the target expression latent Zy=Fy (Z,,b) with supervised
losses on the latents, Gaussians and renders. Results are displayed in Fig. [T

5 Conclusion

We present HeadsUp, a highly scalable feed-forward approach for state-of-the-art
reconstruction of 3D Gaussian heads from multi-camera studio captures. By an-
choring a compact set of 3D Gaussians to a neutral UV template and employing
a lightweight cross-attention transformer, our method achieves photorealistic
rendering while gracefully scaling with respect to the number of input views.
Crucially, our explicit background modeling eliminates the reliance on imperfect
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segmentation masks. Combined with a two-stage training strategy and region-
specific perceptual losses, this enables the faithful reconstruction of challenging,
high-frequency details such as hair strands and jewelry. We show that HeadsUp
successfully scales to a production-level dataset of 10000 unique identities, deliv-
ering state-of-the-art reconstruction quality and exhibiting robust generalization
to unseen subjects. Finally, beyond feed-forward reconstruction, we show that our
learned latent space enables downstream generative applications, including the
text-driven synthesis of novel identities and blendshape-driven latent animation.

Additional details on the methodology and experimental setup, along with
qualitative results including rendered images and videos, are provided in the
supplementary material.
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