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Figure 1. FaceLift transforms a single facial image into a high-fidelity 3D Gaussian head representation. Trained exclusively on synthetic

3D data, our pipeline first generates sparse, identity-preserving multiview images of the input head using a diffusion model. These sparse

generated views are then fed into a transformer-based 3D Gaussian splats reconstructor, producing complete and detailed 3D head represen-

tation that generalize remarkably well to real-world human images. Project page: https://weijielyu.github.io/FaceLift.

Abstract

We present FaceLift, a novel feed-forward approach for

generalizable high-quality 360-degree 3D head reconstruc-

tion from a single image. Our pipeline first employs a multi-

view latent diffusion model to generate consistent side and

back views from a single facial input, which then feed into

a transformer-based reconstructor that produces a com-

prehensive 3D Gaussian splats representation. Previous

methods for monocular 3D face reconstruction often lack

full view coverage or view consistency due to insufficient

multi-view supervision. We address this by creating a high-

quality synthetic head dataset that enables consistent su-

pervision across viewpoints. To bridge the domain gap be-

tween synthetic training data and real-world images, we

propose a simple yet effective technique that ensures the

view generation process maintains fidelity to the input by

learning to reconstruct the input image alongside the view

generation. Despite being trained exclusively on synthetic

data, our method demonstrates remarkable generalization

to real-world images. Through extensive qualitative and

quantitative evaluations, we show that FaceLift outperforms

state-of-the-art 3D face reconstruction methods on identity

preservation, detail recovery and rendering quality.

*Work was done when Weijie Lyu was an intern at Adobe Research.

1. Introduction

3D face reconstruction has been a central focus in com-

puter vision and graphics research for decades, driven by

its crucial applications in immersive virtual and augmented

realities, VFX and gaming, digital entertainment, and next-

generation telepresence systems. However, achieving high

quality reconstruction from a single image remains very

challenging. On one hand, the monocular face reconstruc-

tion problem is highly ill-posed – a single 2D image can

be produced by countless different 3D face shapes, creating

fundamental ambiguity. On the other hand, the human vi-

sual system is highly attuned to facial details, making even

subtle artifacts and imperfections noticeable to the eye.

Traditional 3D head synthesis approaches typically use

parametric textured mesh models [32, 60] trained on 3D

scan datasets. While these models enable basic head gen-

eration, the rendered images frequently lack fine-scale ge-

ometric detail, realistic textures, and convincing hair, lim-

iting their perceptual realism and expressiveness. Recent

breakthroughs in image generative models [19, 23] and

novel view synthesis techniques [27, 40] have opened new

possibilities for this research area. Leveraging these devel-

opments, recent works [1, 72] use neural 3D representations

to learn effective 3D head representation from unstructured

real face image datasets [25, 68]. While these datasets im-

prove the realism and diversity of rendering results, they fail

to provide multi-view supervision for modeling 3D consis-
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Input RodinHD FaceLift

Figure 2. Comparison with RodinHD. RodinHD [73] trains tri-

plane diffusion with synthetic data, resulting in apparent identity

loss. In contrast, FaceLift achieves better identity preservation and

generalizes effectively to real human portraits.

tency causing view inconsistency and artifacts on the back

of the head. Since diverse multi-view real images are hard

to acquire, RodinHD [73] leverages synthetic multi-view

images to train generative models that directly output 3D

neural representations of the head. However, training solely

on synthetic data often results in significant perceptual iden-

tity loss in the generated outputs, as demonstrated in Fig. 2.

In this work, we present FaceLift, a pipeline for learn-

ing generalizable and high-fidelity single image to 3D face

representation from synthetic head data. To achieve high

quality reconstruction that preserves the input facial iden-

tity, we adopt a two-stage pipeline to first generate identity

preserving multi-view images using a diffusion model [48],

followed by a transformer-based feed-forward reconstruc-

tor to fuse the generated sparse views into a comprehen-

sive 3D Gaussian representation. We train the model with

synthetic images – multi-view renderings of 3D synthetic

human portraits using Blender. We highlight two key tech-

niques for generalizing to real-world images and preserving

input facial identity. First, we emphasize the importance of

reconstructing the input image alongside the view synthe-

sis task in the conditional diffusion model training, which

significantly improved generalization capability in testing.

Second, we demonstrate that training the feed-forward re-

constructor benefits from a two-stage training process: pre-

training on general objects [12] to acquire a rich geometry

and texture prior, followed by fine-tuning on synthetic hu-

man head data to capture head-specific geometry. With our

two-stage approach, we focus on learning identity preser-

vation in the image space during the first stage, achieving

higher input fidelity compared to existing methods.

Comparing with prior art, we achieve three key advance-

ments: (1) robust view consistency through multi-view at-

tention and supervision, (2) improved generalization from

training techniques and foundational model, ensuring accu-

rate identity preservation, (3) high-quality facial texture and

hair details via pixel-aligned Gaussian representation.

We extensively evaluate FaceLift quantitatively and

qualitatively across diverse datasets. Using real multi-

view studio captures [39] and an independent synthetic hu-

man dataset [8], our approach consistently surpasses previ-

ous state-of-the-art methods across all evaluation metrics.

Through extensive testing on in-the-wild portrait images,

we demonstrate that our method reconstructs complete 3D

heads with fine-grained details, accurate identity preserva-

tion, and high visual fidelity. Comparisons and ablation

studies confirm that multi-view consistent training data is

crucial for high-fidelity face reconstruction. Our contribu-

tions are summarized as follows:

• We propose FaceLift, a framework that reconstructs a

high-fidelity 3D head from a single image using view gen-

eration and feed-forward reconstructor.

• Despite being trained solely on synthetic human head

data, our approach shows no domain gap on real-world

images, highlighting both the effectiveness of synthetic

data and our model’s robust generalization capabilities.

• We construct two benchmarks on single-image to 3D

full head reconstruction tasks using the publicly avail-

able datasets Cafca [8] and Ava-256 [39] to quantitatively

evaluate models’ performance on both reconstruction ac-

curacy and identity preservation ability.

• Our comprehensive evaluation confirms that our approach

achieves state-of-the-art performance in reconstruction

accuracy and identity preservation.

2. Related Work

Face Reconstruction. 3D face reconstruction has been

a long-standing challenge in computer vision, with sub-

stantial progress driven by diverse approaches. Vetter and

Blanz [60] pioneer a method for synthesizing 3D faces by

linearly blending multiple 3D templates, now widely known

as blendshapes. This work establishes the foundation for

3D Morphable Models (3DMMs), which represent 3D face

shapes and textures as principal components derived from

scanned data. Subsequent research [5, 6, 32, 34, 47] extend

this framework, enabling the generation of new 3D faces by

manipulating blending coefficients. However, these meth-

ods produce mesh-based representations that lack fine de-

tails and are limited to modeling the front of the face,

excluding hair and 360-degree synthesis. While 3DMM-

based methods have been foundational, recent advances in

deep learning, especially Generative Adversarial Networks

(GANs) [19, 25, 26], have greatly improved 3D face syn-

thesis quality. EG3D [72] uses a tri-plane NeRF represen-

tation with a pose-conditioned StyleGAN2 [26] framework.

Follow-up works [3, 33] achieve single-image-to-3D gen-
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eration through GAN inversion [11]. Despite their success,

these methods can only synthesize near-frontal views. To

overcome this, PanoHead [1] introduces a tri-grid neural

volume representation, enabling full 360-degree head syn-

thesis. Unfortunately, it does not provide a 3D head rep-

resentation for consistent multi-view rendering. Recent ef-

forts explore alternative representations for 3D face recon-

struction from sparse input, such as a single image [17, 42,

61] or few-shot images [7]. However, these methods still

require pre-instance optimization. Rodin [63] and its exten-

sion RodinHD [73] employ an image-conditioned diffusion

model to generate a triplane representation of a human head

for full-head novel view synthesis. Nevertheless, their tri-

plane diffusion model is limited to synthetic data and strug-

gles to achieve high-fidelity reconstructions from real-world

images. For animatable 3D head avatars generations, Mor-

phable Diffusion [10] generates multi-view consistent im-

ages from a single image using a morphable mesh, while

HeadGAP [76] generates 3D animatable head avatars us-

ing few-shot input, leveraging 3D head priors learned from

large-scale data. In contrast, our work focuses on leverag-

ing synthetic training data to produce high-fidelity, detailed

3D Gaussian head models.

Synthetic Human Data. Capturing high-quality 3D data

of real humans requires a controlled studio environment

and costly photography equipment [39]. As an alternative,

large-scale synthetic 3D head datasets have emerged as an

effective and resource-efficient solution for tasks like hu-

man head reconstruction [8, 63, 65, 73] and photorealistic

relighting [9, 71], offering a scalable way to train models

without the restrictions of real-world data acquisition. In-

spired by these previous works, we aim to use synthetic data

to improve the model’s understanding of the human head

and minimize the generalization gap between synthetic data

training and real-world inference.

Image or Text to 3D. Generative models have achieved re-

markable success in 2D image generation with VAEs [28,

58], GANs [19, 25, 26], and diffusion models [23, 48, 54].

Building on this success, extensive research has extended

these models to 3D content generation [18, 41, 43, 66].

Starting with DreamFusion [45], numerous works [36, 46,

51, 57, 64] try to distill NeRF [40, 62, 72] or 3D Gaus-

sians [27] representation from 2D image diffusion using

a Score Distillation Sampling (SDS) loss. These methods

can produce high-quality results but often encounter chal-

lenges such as slow optimization, over-saturated colors, and

the Janus problem. To overcome these challenges, recent

works [30, 31, 35, 37, 53] generate multi-view images with

high consistency, which can be directly used for 3D recon-

struction with neural reconstruction methods [27, 40, 62].

However, optimizing NeRF or NeuS remains far from real-

time performance. Recent advancements in large 3D re-

construction models (LRMs) [24, 30, 56, 74] offer a path-

way to faster 3D reconstruction. Leveraging scalable trans-

former architectures [15, 59] and large datasets like Obja-

verse [12, 13], these models effectively capture generaliz-

able 3D priors. Unlike traditional pre-scene optimization

methods [27, 40, 62], LRMs employ a feed-forward ap-

proach, enabling the prediction of high-quality NeRF, mesh,

or 3D Gaussian representations from sparse images in un-

der a second. However, most of these research efforts are

applied to general objects, with limited or suboptimal re-

sults for 3D head reconstruction.

3. Proposed Method

As shown in Fig. 3, given a single frontal image of a hu-

man face y, our goal is to reconstruct a complete 3D head

G, represented as 3D Gaussian splats, with detailed facial

texture and preserved identity. This requires our system to

have prior knowledge on the geometry structure of a hu-

man face and the ability to synthesis plausible details which

are not visible in the input view. Hence, we train a multi-

view diffusion model fD on synthetic human head data to

generate N views x1
0, x

2
0, . . . , x

N
0 covering 360◦ of the hu-

man head while achieving multi-view consistency and pre-

serving identity. We choose pixel-aligned 3D Gaussians to

obtain the final 3D representation. Compared to NeRFs

and meshes, 3D Gaussians offer explicit volumetric prim-

itives that better capture subtle facial geometry and fine

details. Their semi-transparent kernels naturally model ef-

fects like wispy hair and translucency, which are challeng-

ing for discrete surfaces or density fields. These generated

views x1:N
0 from the diffusion model, along with their cor-

responding Plücker ray coordinates P(1:N), are input into

a transformer-based Gaussian reconstructor fR to predict a

set of 3D GaussiansG. Training of the Gaussian reconstruc-

tor follows a pre-training process on general objects [12]

and a fine-tuning process on synthetic human head data.

3.1. Synthetic Human Head Dataset

We implement a 3D head asset generation pipeline in-

spired by [65]. Our process begins with a collection of

high-quality, artist-created 3D head meshes, which we en-

hance by incorporating detailed facial components, includ-

ing eyes, teeth, gums, and both facial and scalp hair. We

then augment these base models through rigging for pose

variation and blendshape deformation for diverse facial ex-

pressions. The final head models are enriched with a set

of PBR texture maps, including albedo, normal, roughness,

specular, and subsurface scattering maps. At last, we dress

the head model with a collection of clothing assets. The en-

tire pipeline is implemented in Blender and the images are

rendered with Cycles renderer.

To train our networks, we render images (samples shown

in Fig. 4) at 512×512 resolution from 200 unique iden-

tities, each with 50 varied appearances, including differ-

ent hairstyles, skin tones, expressions, clothes, poses, etc.
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Figure 3. Overview of FaceLift. Given a single image of a human face y as input, we train an image-conditioned, multi-view diffusion

model to generate novel views x1

0, . . . , x
N

0 covering the entire head. By generating x1

0 the same as y and leveraging the high-quality

synthetic data, our multi-view latent diffusion model can hallucinate unseen views of the human head with high-fidelity and multi-view

consistency. We then train a transformer-based reconstructor fR, which takes multi-view images x1:N

0 and their camera poses P1:N as

input and generates 3D Gaussian splats G to represent the human head.

Figure 4. Synthetic data examples. Top row: six views for dif-

fusion training. Bottom row: samples of random views for recon-

structor training.

We render our training dataset under two types of lighting

conditions: (1) ambient light and (2) random HDR envi-

ronment light. We render six views for each subject to

train the multi-view diffusion model. For fine-tuning the

transformer-based reconstructor, we render 32 views with

random camera poses.

3.2. View Generation

We model the sparse view generation from a single image

input as a conditional diffusion process. We use a multi-

view diffusion model fD to generate N views, denoted as

X1
0 , X

2
0 , . . . , X

N
0 , given a single front-facing image y and

CLIP text embeddings e1, e2, . . . , eN corresponding to each

generated view. This process is expressed as:

{X1
0 , X

2
0 , . . . , X

N
0 } = fD(y, {e1, e2, . . . , eN}). (1)

We aim to learn the joint distribution of all these views,

conditioning on the input image y and text embedding

e1, e2, . . . , eN . We denote the joint distribution as:

pfD (x
1:N
0 | y, e1:N ) := pfD ({x

1
0, . . . x

N
0 } | y, {e1, . . . eN}).

(2)

View Selection. Given a single near frontal view face image

with azimuth α, our multi-view diffusion model generates

six views with azimuths equal to {α, α ± 45◦, α ± 90◦,

α+180◦}, covering 360 degrees of the human head. Eleva-

tion is 0 for all images. We opt for six views as the optimal

balance - fewer views compromise detail quality while more

views become computationally prohibitive for full head re-

construction. An ablation study comparing four, six, and

eight views is presented in Sec. 5.2.

Multi-view Attention. To ensure the consistency of the

generated novel views, we use a multi-view attention mech-

anism to facilitate information propagation and implicitly

encode multi-view dependencies. Our attention module en-

courages multi-view consistency by extending the 2D self-

attention mechanism to 3D and enabling interactions across

views. Instead of treating each view independently, we ap-

ply self-attention across all views simultaneously, allowing

information to be shared between them. Specifically, we

start with an input tensor of shape B×V×H×W×C, where

B is the batch size, V is the number of views, H and W de-

note the spatial resolution of the intermediate feature maps,

and C is the number of feature channels. We reshape this

tensor to B×V HW×C, treating all spatial locations across

all views as a unified sequence of tokens for self-attention.

This design allows the model to learn multi-view correla-

tions by sharing information across views within the atten-

tion layers, enabling it to generate consistent RGB images.

We provide an ablation study on the multi-view attention

mechanism in the supplementary material.

Input View Reconstruction. During Training, we enforce

the first generated view to share the same camera with the

input image. In other words, we reconstruct the input view

in the view generation process. We find this approach,

combined with the multi-view attention mechanism, sig-

nificantly outperforms the alternative strategy of generating

only novel views, which tends to overfit to synthetic train-

ing identities and compromises generalization capability as

we will show in Sec. 5.1 and the supplementary material.

3.3. Multi­view to 3D Gaussians Reconstruction

Transformer-based Reconstructor. We choose pixel-

aligned 3D Gaussians as the final 3D representation. Each

Gaussian Gi is defined by position pi, scale si, orientation

qi, opacity αi, and color features ci. We use a transformer-

based reconstructor fG to obtain 3D Gaussians from gen-

erated multi-view images x1:N
0 and their corresponding

Plücker ray coordinates [44] P1:N :

{Gi}
NHW
i=1 ={pi, si, qi, αi, ci}

NHW
i=1 =fG(x

1:N
0 , P1:N ),

(3)
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Our fG is a large reconstruction model [24, 74] which fol-

lows the implementation of GS-LRM [74]: the N multi-

view images are concatenated with their Plücker ray co-

ordinates computed from the camera intrinsic and extrin-

sic parameters for pose conditioning. Then, the inputs are

patchified by dividing the per-view feature map into non-

overlapping patches with a patch size of p. Each 2D patch

is then flattened into a 1D vector. Finally, a linear layer L is

utilized to map the 1D vectors to image patch tokens:

{Tn
j }j=1,2,...,HW

p2
= L(Patchifyp(Concat(I

n, Pn))).

(4)

Where {Tn
j } denotes the set of patch tokens for image n,

totaling HW
p2 tokens per image. The set of multi-view im-

age tokens {Tn
j } are concatenated and processed through

a chain of transformer blocks. Each transformer block is

equipped with residual connections [20] and consists of Pre-

LayerNorm [2], multi-head Self-Attention [59] and MLP.

Later, the output tokens from the transformer are decoded

into Gaussian parameters using a single linear layer. Then,

the Gaussian parameters are unpatchified into p2 Gaussians.

Finally, we end up with HW Gaussians for each view,

where pixel encodes one 3D Gaussian.

Two-stage Training. We find that training the transformer-

based reconstructor solely on synthetic human head data

leads to inferior texture details when applied to real-world

images (see ablation study in Fig. 12). We suspect this lim-

itation arises because the synthetic datasets lack geometric

diversity. To address this, we propose a two-stage train-

ing approach in which the reconstructor is pre-trained on

diverse object data [12] and subsequently fine-tuned using

synthetic head data. The pre-training stage enables the re-

constructor to learn a broad prior of diverse geometric struc-

tures, yielding more detailed and clearer textures in deli-

cate facial regions such as the eyes, nose, and ears. The

fine-tuning process then imparts specific knowledge of head

structure, producing smoother and more realistic results.

During training, we randomly select four input views to re-

construct a total of eight views, four input and four novel

views. Following [74], we optimize the model using a com-

bination of MSE and perceptual losses. During inference,

the reconstructor processes the six-view outputs from multi-

view diffusion model to reconstruct the head.

3.4. Real­world Image Inference

For inference on real-world images, since their intrinsic pa-

rameters are unknown, we adopt a camera fov of 50◦, same

as during training. To ensure plausible outputs, we first ap-

ply an MTCNN face detector to estimate the face’s size and

center. The image is then resized and cropped/extended to

match the average face size and center computed from the

training data. We find this alignment compensates for the

unknown intrinsic parameters well, ensuring plausible re-

construction results.

4. Experiments

4.1. Experimental Setup

Evaluation Datasets. To quantitatively evaluate FaceLift,

we establish two benchmarks for single-image to 3D full

head reconstruction tasks using publicly available datasets:

(1) Cafca dataset [8]: We select 40 subjects with 7 to 19

test camera poses each. Since the camera positions are

randomly distributed, we manually select the most frontal

view as input. Note that this synthetic dataset was indepen-

dently developed and differs significantly from our train-

ing dataset. (2) Ava-256 dataset [39]: This studio-captured

dataset contains real human subjects. We sample 10 sub-

jects and 10 test camera poses for our evaluation. More de-

tails in supplemental. To demonstrate our system’s general-

ization capabilities, we also evaluate on a set of in-the-wild

face images for qualitative assessment.

Baselines. We compare our results against three state-

of-the-art methods for single-face 3D reconstruction:

GGHead [29], PanoHead [1], and Dual Encoder [4]. We

perform GAN-inversion to reconstruct 3D head from a

given input image using these models. To emphasize the

importance of utilizing our synthetic human head data for

training, we also compare our method with two methods

that focus on general object reconstruction: Era3D [31]

and LGM [56]. More comparison results with mesh-based

methods are provided in the supplementary material.

We further developed a baseline, Our MV + LGM, which

leverages the multi-view outputs generated by our diffusion

model and employs LGM for reconstruction. This demon-

strates that our method can be seamlessly integrated with

other reconstruction frameworks to enhance performance

on face reconstruction tasks. We tried to fine-tune the LGM

reconstructor with our synthetic data, but it provides inferior

results with incorrect geometry and artifacts compared with

the original weights, which we suspect is due to training

data mismatch (see details in the supplementary material).

Evaluation Metrics. We evaluate reconstruction quality

using four standard metrics: PSNR, SSIM, LPIPS [75], and

DreamSim [16]. To evaluate identity preservation, we per-

form face verification using ArcFace [14] through the Deep-

Face [52] implementation.

Implementation Details. Both Cafca [8] and Ava-256 [39]

datasets provide multi-view RGB images and correspond-

ing camera poses. However, their camera system differs

from the ones utilized in FaceLift and baselines. We re-

calculate the test camera extrinsic in each method’s camera

system. For a more accurate comparison, we use the Me-

diapipe facial landmark detection algorithm [38] to identify

facial landmarks in both the target images and the rendered

outputs, aligning them based on landmark distributions. De-

tails are provided in the supplementary material.

Our system takes approximately 8 seconds to infer a
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Method PSNR ↑ SSIM ↑ LPIPS ↓ DreamSim ↓ ArcFace ↓

GGHead [29] 10.35 0.7406 0.3636 0.3252 0.2681

PanoHead [1] 10.72 0.7594 0.3351 0.2048 0.2183

Dual Encoder [4] 10.78 0.7385 0.3922 0.2785 0.2421

Era3D [31] 13.69 0.7230 0.3662 0.2892 0.2978

LGM [56] 16.52 0.7933 0.3060 0.1552 0.2557

Our MV + LGM [56] 14.13 0.7812 0.2956 0.1282 0.1767

FaceLift 16.61 0.7968 0.2694 0.1096 0.1573

Table 1. Quantitative results on Cafca. FaceLift achieves favor-

able performance on all evaluation metrics.

Ground TruthPanoHead [1] FaceLiftInput Dual Encoder  [4]GGHead [29]

Figure 5. Visual results on Cafca compared with face recon-

struction methods. FaceLift renders novel views that closely

match the ground truth, while other baselines often fail to recon-

struct the 3D head in correct colors or geometry structures.

Ground TruthEra3D [31] LGM [56] FaceLiftOur  MV+LGM [56]Input

Figure 6. Visual results on Cafca compared with general ob-

jects reconstruction methods. Comparison with general object

reconstruction methods shows the importance of specialized data.

3D Gaussian head from a single image: about 1.5 seconds

for preprocessing (background removal, rescaling, etc.), 5.5

seconds for multi-view image generation, and under 1 sec-

ond for 3D Gaussians reconstruction.

4.2. Experiments on the Cafca Dataset

We report numerical comparison results on Cafca in Tab. 1.

FaceLift performs favorably against baselines, especially on

DreamSim [16] metric, indicating high-quality perceptual

similarity. It also achieves better identity preservation per-

formance, as demonstrated by a lower ArcFace [14] dis-

tance. We show visual results in Fig. 5 and Fig. 6. FaceLift

yields rendering results that closely match the ground truth.

Compared with other baselines, GGHead [29] does not

support full-head rendering, resulting in unrealistic outputs

when the view angle significantly deviates from the input.

PanoHead [1] struggles with challenging hairstyles, while

Dual Encoder [4] produces blurred facial textures. Addi-

tionally, Era3D [31] introduces artifacts on the back of the

head, and LGM [56] yields inaccurate nose and jaw shapes,

underscoring the importance of our synthetic human head

data. When integrated with our multi-view diffusion ap-

proach, LGM achieves enhanced performance, demonstrat-

ing that our method can be seamlessly combined with exist-

ing baselines to boost their results.

Method PSNR ↑ SSIM ↑ LPIPS ↓ DreamSim ↓ ArcFace ↓

Era3D [31] 14.77 0.7963 0.2538 0.2515 0.3721

LGM [56] 14.05 0.8136 0.2476 0.1496 0.3142

Our MV+LGM [56] 15.24 0.8213 0.2292 0.1093 0.2264

FaceLift 16.52 0.8271 0.2277 0.1065 0.1871

Table 2. Quantitative results on Ava-256. FaceLift performs fa-

vorably than baseline methods in both reconstruction metrics and

identity facial identity metric, showing a better generalization abil-

ity towards real-captured human images.

Ground TruthEra3D [31] LGM [56] FaceLiftInput Our  MV+LGM [56]

Figure 7. Visual results on Ava-256. Compared with baselines,

FaceLift provides multi-view renderings that are more realistic and

similar to ground truth. Era3D fails to deliver delicate facial struc-

tures, while LGM generates inaccurate head shapes and colors.

4.3. Experiments on the Ava­256 Dataset

We further evaluate FaceLift against other baselines on a

studio-captured real human dataset, Ava-256 [50]. GAN-

inversion based methods [1, 4, 29] fail to produce reason-

able results with the test camera poses in this dataset, so

we exclude these baselines. Tab. 2 shows that FaceLift out-

performs all other baselines across all evaluation metrics,

demonstrating superior reconstruction quality and identity

preservation. It also highlights FaceLift’s strong ability to

generalize to real human faces. As shown in Fig. 7, FaceLift

achieves more realistic head synthesis, while Era3D [31]

struggles with accurate skin and hair textures, as well as

facial details. LGM [56] produces inaccuracies in the

nose shape. When combined with our multi-view diffusion

model, LGM yields more accurate geometric structures, yet

its texture quality remains inferior to that of FaceLift.

4.4. Experiments with In­the­wild Images

We collect in-the-wild human face images and present qual-

itative results in comparison with other baselines in Fig. 8.

Baseline methods often produce undesirable artifacts. For

instance, PanoHead [1] frequently fails to render the back

of the head and sometimes generates extra eyes at the rear.

It also struggles to synthesize hair, shadows, wrinkles, and

facial paint accurately, and its outputs lack multi-view con-

sistency (e.g., the girl continues to face the camera in novel

view 1 despite a changed pose). Dual Encoder [4] improves
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PanoHead [1] Era3D [31] LGM [56] FaceLift

Input View Rendered View  1 Rendered View  2

PanoHead [1] Era3D [31] LGM [56] FaceLiftDual Encoder  [4] Dual Encoder  [4]Our  MV+LGM [56] Our  MV+LGM [56]

Figure 8. Visual comparison on in-the-wild data. FaceLift demonstrates great generalization ability and robustness towards in-the-wild

images, provides realistic unseen view rendering results. Era3D [31] and LGM [56] generate 3D head representation in inaccurate shape.

PanoHead [1] often creates severe artifacts on the back of the head and can not handle challenging hairstyles well. Dual Encoder [4] shows

improved performance on reconstructing the back of the head but exhibits more pronounced identity loss.

Input Novel View  Render ings Input Novel View  Render ings

Figure 9. Results of FaceLift on in-the-wild images. FaceLift accurately reconstructs 3D head models under challenging lighting condi-

tions, achieving high fidelity (row 1). It captures fine facial details such as wrinkles (row 2), mustaches (row 3), and individual hairs (row

2 and row 4). Additionally, it remains robust to complex facial expressions (row 3) and various skin tones (row 4). Furthermore, it can

realistically reconstruct facial paint (row 4). More results are provided in the supplementary materials.

back-of-head rendering but suffers from severe identity loss

(row 2) and fails to accurately reconstruct face paint (row 4).

Era3D [31] often produces an inaccurate head shape, partic-

ularly from side views, and offers fewer geometric details

compared to FaceLift. LGM [56] generates Gaussians with

inaccurate color and opacity and lacks proper facial geome-

try, resulting in distorted features. Baseline Our MV + LGM

shows that our multi-view diffusion model enhances LGM

by providing improved facial geometry and texture details.

However, the LGM reconstructor still produces Gaussians

with inaccurate shapes and opacities, further underscoring

the advantages of our transformer-based reconstructor.

We present more FaceLift’s novel view rendering results

in Fig. 9 to demonstrate FaceLift’s ability to produce high-
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Input w /o. Input View  Reconstruction w. Input View  Reconstruction

Figure 10. Importance of input view reconstruction. The dif-

fusion model that is not trained to perform the input view recon-

struction, i.e., w/o. Input View Reconstruction, overfits to synthetic

training distribution, suffers from severe identity loss during infer-

ence. Trained with input view reconstruction, our method pre-

serves the input identity and expression faithfully.

fidelity, realistic 3D head reconstructions with intricate de-

tails across a variety of challenging scenarios. FaceLift ef-

fectively handles faces under various lighting conditions. It

can especially render realistic novel view images given a

photo captured with an iPhone under dark lighting condi-

tions (row 1 column 1), emphasizing its robustness and po-

tential for real-world application. It reconstructs facial de-

tails with high fidelity, especially the wrinkles and folds on

the face caused by extreme expression. FaceLift also excels

at reconstructing challenging textures, such as mustaches

and hair. Furthermore, it faithfully reconstructs facial paint,

despite such data not being included in our synthetic face

dataset, showcasing its strong generalization ability.

5. Ablation Study

5.1. Input View Reconstruction

We conduct an ablation study to demonstrate the impor-

tance of reconstructing the input view during training. For

comparison, we train a multi-view diffusion model that gen-

erates six novel views. In this baseline, the first generated

view’s elevation is adjusted from 0
◦ to 20

◦, while the re-

maining views adopt the same camera poses as in our de-

fault setting. We refer to this variant as w/o. Input View

Reconstruction. Fig. 10 presents the view generation re-

sults of the two diffusion models when applied to real-

world images. Without the input view reconstruction task,

the model trained on the synthetic dataset generates views

within a limited distribution, leading to noticeable identity

loss. Moreover, it loses its ability to preserve facial expres-

sions and face paint. In contrast, incorporating the input

view reconstruction task during training enables our dif-

fusion model to faithfully regenerate the input view, sig-

nificantly improving its generalization ability. Quantitative

comparison is provided in the supplementary material.

5.2. Number of Views

We evaluate three configurations: four views (front, left,

right, and back), six views (adding front-left and front-

right), and eight views (further including front-top and

front-bottom). Fig. 11 compares the baselines using dif-

ferent numbers of input views. With only four views, the

reconstructor fails to capture a complete forehead; however,

Input 4 Views 6 Views 4 Views 6 Views8 Views 8 Views

Figure 11. Number of input views of Gaussian reconstruc-

tor. Using six views strike a good balance between reconstruction

quality and computational efficiency.

Input w /o. Fine-tuning Oursw /o. Pre-tr aining

Figure 12. Two-stage training of reconstructor. Without pre-

training on general objects, the reconstructor fails to produce clear

textures in the reconstruction results. Meanwhile, without fine-

tuning on synthetic human head data, the model lacks a refined

understanding of facial structures, including the eyes and nose.

with six views, it reconstructs the eyes and eyebrows more

smoothly and renders challenging textures—such as facial

wrinkles and ear folds—more realistically. Eight views

do not offer significant visual improvements, and incur a

higher computational cost in both stages. Thus, we find that

six views achieve a good balance between reconstruction

quality and computational efficiency.

5.3. Two­stage Reconstructor Training

As illustrated in Sec. 3.3, our Gaussian reconstructor fol-

lows a two-stage training pipeline. Fig. 12 shows that pre-

training on general objects helps the model learn a diverse

prior of geometric structures, resulting in clearer textures on

delicate facial regions. Meanwhile, fine-tuning on synthetic

human head data enables the reconstructor to gain a more

refined understanding of facial structure, thereby enhancing

the accuracy of features such as the eyes, nose, and hair.

6. Conclusions

We propose FaceLift, a feed-forward approach that lifts a

single facial image to a detailed 3D reconstruction with

preserved identity features. Our method uses multi-view

diffusion to generate unobservable views and employs a

transformer-based reconstructor to reconstruct 3D Gaussian

splats, enabling high-quality novel view synthesis. To over-

come the difficulty of capturing real-world multi-view hu-

man head images, we render high-quality synthetic data for

training and show that, despite being trained solely on syn-

thetic data, FaceLift can reconstruct 3D heads from real-

world captured images with high fidelity. Compared with

baselines [1, 4, 29, 31, 56], FaceLift generates 3D head rep-

resentation with finer geometry and texture details and ex-

hibits better identity preservation ability.
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