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Abstract

We propose a novel one-stage method, NVB-Face, for gen-
erating consistent Novel-View images directly from a single
Blind Face image. Existing approaches to novel-view synthe-
sis for objects or faces typically require a high-resolution RGB
image as input. When dealing with degraded images, the con-
ventional pipeline follows a two-stage process: first restoring
the image to high resolution, then synthesizing novel views
from the restored result. However, this approach is highly de-
pendent on the quality of the restored image, often leading to
inaccuracies and inconsistencies in the final output. To address
this limitation, we extract single-view features directly from
the blind face image and introduce a feature manipulator that
transforms these features into 3D-aware, multi-view latent
representations. Leveraging the powerful generative capacity
of a diffusion model, our framework synthesizes high-quality,
consistent novel-view face images. Experimental results show
that our method significantly outperforms traditional two-stage
approaches in both consistency and fidelity.

1 Introduction
Reconstructing 3D structures or generating novel-view im-
ages from a single face image has long been a fundamental
research topic, with applications spanning digital human mod-
eling and 3D animation. Humans can effortlessly imagine
different viewpoints of a given face due to their extensive
prior knowledge of facial structures and multi-view consis-
tency. However, in computer vision, faithfully synthesizing
novel views while preserving the exact identity, expression,
background, and other attributes remains an extremely chal-
lenging and ill-posed problem.

Currently, mainstream approaches for novel-view face gen-
eration fall into three major categories: regression-based mod-
els such as 3D Morphable Models (3DMM) (Paysan et al.
2009; Wu et al. 2019; Deng et al. 2019b; Dib et al. 2021;
Zhuang et al. 2022), Neural Radiance Fields (NeRF)-based
methods (Chan et al. 2021; Gu et al. 2021; Zhang et al. 2022;
Chan et al. 2022; Yin et al. 2023; Yuan et al. 2023; An et al.
2023; Trevithick et al. 2023; Bhattarai, Nießner, and Sev-
astopolsky 2024), and generative methods leveraging Stable
Diffusion and ControlNet (Rombach et al. 2022; Zhang, Rao,
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Figure 1: We compare our method with typical two-
stage pipelines, such as CodeFormer (Zhou et al. 2022) +
PanoHead-PTI (An et al. 2023), which first restore the de-
graded image and then synthesize novel views. It is evident
that when the restoration stage fails to recover accurate de-
tails, these errors are further amplified during the novel view
synthesis, leading to results that deviate significantly from
the original identity and appearance. In contrast, our method
generates novel views in a single stage directly from the
low-quality input. This end-to-end design suppresses error
accumulation, resulting in more reliable and faithful novel-
view images.

and Agrawala 2023; Gu et al. 2024, 2025). Despite their dif-
ferences, these methods share a critical limitation—they all
require a high-quality, single-view face image as input. Un-
fortunately, obtaining high-quality face images is not always
feasible, as most images inevitably suffer from some degree
of degradation. When dealing with low-resolution, blurry,
noisy, or compression-degraded face images, the conven-
tional approach involves a two-stage pipeline: first restoring
the input image and then performing novel-view synthesis.
However, this two-stage inference process introduces a fun-
damental issue: the performance of novel-view generation
is entirely dependent on the quality of the restored image.
Since the two stages operate independently without explicit
connections, any errors in the upstream image restoration
step get amplified in the downstream novel-view synthesis,
significantly degrading the final output quality (as shown in
Figure 1). Moreover, such a pipeline is inherently inefficient.
Novel-view synthesis can only be performed after obtaining
and evaluating the restoration results, often requiring addi-
tional selection or filtering to ensure quality. This dependency
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introduces a major bottleneck for large-scale deployment,
making it less practical for real-world applications.

To address this issue, we propose an end-to-end framework
based on Stable Diffusion (Rombach et al. 2022) that enables
the direct generation of high-quality novel-view images from
a single blind face image in a single inference stage. Our over-
all pipeline begins with extracting features from a low-quality
input face image. These features are then transformed into
novel-view feature representations corresponding to the target
camera viewpoint. Finally, we leverage the strong generative
capability of Stable Diffusion to reconstruct high-resolution
novel-view images from the transformed low-quality fea-
tures. Specifically, to enable viewpoint transformation in
latent space, we introduce a Transformer-based 3D Feature
Construction Module, which builds a latent 3D face represen-
tation grid from the single-view input. By leveraging camera
parameters, we are able to directly project this 3D represen-
tation into novel-view features within the latent space. It is
important to highlight that, unlike previous diffusion-based
novel-view synthesis methods (Papantoniou et al. 2024; Gu
et al. 2024, 2025) that rely on ControlNet (Zhang, Rao, and
Agrawala 2023), where camera parameters are first used to
generate image templates as conditional inputs, our method
directly performs viewpoint-conditioned mapping on the gen-
erated 3D feature grid using the camera parameters. This not
only provides a more intuitive and flexible modeling strategy,
but also significantly improves multi-view consistency due to
the use of an explicit 3D feature representation. Furthermore,
our pipeline employs a single-stage, end-to-end inference pro-
cess, which avoids the error accumulation commonly found
in multi-stage approaches, resulting in higher computational
efficiency and stronger generalization.

Our contributions can be summarized as follows.
1. We propose a novel tuning-free framework that directly

generates high-quality novel-view face images from a
single blind face input at specified viewpoints. To the best
of our knowledge, our approach is the first work to explore
this end-to-end manner.

2. We introduce a novel 3D latent space representation of fa-
cial features, which enables consistent and accurate multi-
view feature projection. This structured representation
helps maintain cross-view consistency during novel-view
synthesis.

3. Extensive qualitative and quantitative experiments demon-
strate that our one-stage novel-view synthesis method
achieves state-of-the-art performance, validating that our
framework produces superior perceptual quality compared
to traditional two-stage pipelines.

2 Related Work
Our proposed method integrates two challenging tasks: blind
face restoration and novel view synthesis. In this section,
we provide a brief overview of related works in both areas
and discuss why directly combining these two tasks into a
single inference stage for generating high-quality novel views
from a degraded image is inherently difficult.

Blind Image Restoration. Restoring a degraded image
into a high-resolution, detail-rich version is an inherently

ill-posed problem. Over the past decade, researchers have
leveraged the powerful generative capabilities of deep mod-
els, particularly GANs (Yang et al. 2021; Dib et al. 2021;
Wang et al. 2021a, 2022; Zhou et al. 2022; Wang et al. 2023a)
and diffusion models (Wang et al. 2023b; Yue, Wang, and Loy
2023; Wang et al. 2024b; Lin et al. 2024; Yue and Loy 2024;
Sun et al. 2024; Yue, Wang, and Loy 2023; Wu et al. 2025;
Wang et al. 2024a), to reconstruct missing details in degraded
images. GAN-based methods typically employ a U-Net-style
generator to map degraded images to high-quality outputs,
while a discriminator is used to enforce realism. However,
GANs suffer from two major limitations. First, they are noto-
riously difficult to train, as maintaining the balance between
the generator and discriminator remains a long-standing chal-
lenge. Second, their performance heavily depends on large-
scale training data, often requiring millions of samples to
generalize well. To address these issues, recent works have
explored diffusion-based approaches for image restoration.
Early diffusion-based methods (Wang et al. 2023b; Lin et al.
2024; Yue and Loy 2024; Sun et al. 2024) for blind image
restoration typically condition on the degraded image, us-
ing modules such as ControlNet (Zhang, Rao, and Agrawala
2023) or a similar image encoder (Wang et al. 2024b) to ex-
tract features and inject them into a frozen pretrained Stable
Diffusion model. The strong generative capability of Stable
Diffusion then reconstructs the high-quality image. Given the
compelling advantages of diffusion models, we also adopt
a diffusion-based backbone. However, instead of following
existing diffusion-based image restoration paradigms which
require to first restore a single-view high-resolution image
before performing a separate multi-view synthesis step, we
propose a novel pipeline specifically designed to integrate
seamlessly with the task of novel-view face synthesis.

Novel-View Face Synthesis. Traditional regression-based
models, such as 3D Morphable Models (3DMM) (Paysan
et al. 2009; Wu et al. 2019; Deng et al. 2019b; Dib et al. 2021;
Zhuang et al. 2022), estimate parametric geometric priors
of human faces and synthesize novel views by rendering 3D
facial reconstructions. However, due to the limited expressive-
ness of the parameter space, 3DMM-based methods struggle
to capture rich identity variations, expressions, and other
facial attributes. As a result, researchers proposed NeRF-
based methods (Chan et al. 2021; Gu et al. 2021; Zhang
et al. 2022; Trevithick et al. 2023) or their more efficient
evolution, triplane-based representations (Chan et al. 2022;
Bhattarai, Nießner, and Sevastopolsky 2024; An et al. 2023;
Yin et al. 2023; Yuan et al. 2023). Among these, EG3D (Chan
et al. 2022) was the first method to leverage 3D-aware GANs
to generate a latent triplane representation and render high-
quality, multi-view consistent face images. Following this
work, a series of studies (Yin et al. 2023; Yuan et al. 2023;
Trevithick et al. 2023; Bhattarai, Nießner, and Sevastopol-
sky 2024) explored GAN inversion techniques to fit EG3D’s
framework. However, all of these approaches rely on first
extracting the camera viewpoint information from the input
image to ensure consistency with EG3D’s triplane represen-
tation. If the input image is degraded, extracting accurate
camera parameters becomes highly challenging, making it
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Figure 2: An overview of the proposed NVB-Face architecture. (a) Our first training step focuses solely image restoration. (b) In
the second training step, we update only the parameters of the newly introduced modules (highlighted in dark green), keeping the
rest of the network frozen. After training, this two-step process forms our complete inference pipeline.

necessary to first restore the image before novel-view synthe-
sis — a process that inevitably introduces error accumulation
and dependency on restoration quality. More recently, (Gu
et al. 2024) introduced the first diffusion-based approach for
novel-view face generation. However, our experiments re-
veal a major limitation of this approach that while it works
well for high-quality input images, it fails significantly for
degraded inputs, leading to severe information loss.

To overcome these challenges, we propose a single-stage
framework that seamlessly integrates blind face restoration
and novel-view synthesis into a unified process. Unlike pre-
vious methods, our approach is able to directly take any face
image of arbitrary quality and generate high-resolution and
consistent novel-view outputs at specified camera viewpoints.

3 Method
Given an input image Iref with an arbitrary level of degra-
dation, our goal is to reconstruct the original details of Iref
while generating a high-resolution image that preserves the
same identity, expression, and attributes, but from the speci-
fied new camera viewpoint Ci. To achieve this, we propose
NVB-Face, a framework that is trained in two steps. First, an
image encoder extracts latent features Fref from Iref , which
are then fed into a Stable Diffusion (SD) model (Section 3.1).
Leveraging its strong generative capabilities, the SD model
restores fine details and reconstructs a high-quality version of
the degraded image while maintaining identity consistency.
Next, we introduce a 3D-aware viewpoint transformation
model that takes the single-view feature Fref and transforms
it into new features F i

out according to the ith camera view-
points Ci. The transformed features are then passed into our
pretrained SD model to synthesize high-resolution novel-
view images (Section 3.2). Finally, we design a tailored loss

function that effectively bridges blind face restoration and
novel view synthesis into a unified training objective. We fur-
ther provide theoretical and empirical justifications for how
this loss formulation ensures seamless optimization of both
tasks within a single-stage inference pipeline (Section 3.3).

3.1 Image Restoration
As depicted in Figure 2a, given an low-quality (LQ) image,
the restoration component of our NVB-Face first employs
an image encoder Enc to extract the feature Fref of ref-
erence image Iref , which are then fed into the SD model
through cross-attention to generate a high-quality image. It
is important to note that we did not apply average pooling
to the output features of the last layer. Instead, we retained
the original feature Fref ∈ RH×W×C dimensions before
feeding them into the Cross-Attention module. Since our task
is image restoration, keeping the full latent spatial resolution
of the features ensures that more fine-grained details from the
input image are maintained, in order to faithfully reconstruct
high-resolution outputs that accurately preserve the original
contents.

Following the approach of (Liu et al. 2023; Wang et al.
2024b), we integrate temporal information into the image
encoder to enhance generation quality and training stability.
We incorporate the same time step embedding used in SD
model into each image encoder block, making the image
encoder time-aware, to ensure that the extracted features are
synchronized with each time step of the downstream SD
model.

Fref = Enc(Iref , t) (1)

Since we replace the original CLIP (Radford et al. 2021)
text encoder in the SD model with our custom image encoder,
the existing cross-attention module, which was designed for
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text conditioning, is no longer effective. To address this, we
jointly fine-tune both image encoder and the cross-attention
parameters. Additionally, to make the model better suited
for our specific task while preserving the inherent generative
capabilities of the SD model, we fine-tune all components of
the SD model using LoRA (Hu et al. 2022; Luo et al. 2023),
except for the cross-attention module.

The training objective remains consistent with the original
SD model, where the model is trained to predict noise at each
time step.

LSD = Ex0,Fref ,t,ϵ∼N (0,1)

[
∥ϵ− ϵθ(xt, t,Fref )∥2

]
, (2)

where x0 is the latent image encoded by VAE encoder, and
is diffused t time steps into a Gaussian-distributed xt ∼
N (0, 1). And the ϵθ is a U-Net structured noise predictor.

In addition to using conventional high-quality face dataset,
we also leverage multi-view face datasets during the first
training step. This ensures that, regardless of the subject ID
or viewpoint of the features generated in the second step,
the SD model can consistently reconstruct high-resolution
images with accurate identity and detail preservation. Details
about the datasets used in our experiments will be discussed
in Section 4.1.

3.2 Novel View Synthesis
3D Feature Construction Model. To generate novel-view
images of Iref , previous approaches (Gu et al. 2024; Papan-
toniou et al. 2024) have attempted to synthesize a template
image from the target viewpoint and feed it into Control-
Net (Zhang, Rao, and Agrawala 2023) to condition the model
with camera parameters. However, there are two major is-
sues. First, in our case, the SD model has already been fine-
tuned during the first training step specifically for the image
restoration task, which may partially compromise its genera-
tive capability for other tasks such as novel view generation.
Second, ControlNet cannot inherently guarantee multi-view
consistency, necessitating the integration of a trainable View
Consistency Module within the SD model (Gu et al. 2024),
thereby increasing the overall model complexity.

Inspired by (Peebles and Xie 2023) and (Hong et al. 2023),
We propose a transformer-based 3D Feature Construction
Model, denoted as Trans, which transforms the single-view
feature Fref extracted from the image encoder into a 3D
feature volume Vout that fuses multi-view information, in
order to enforces multi-view consistency in 3D space.

Vout = Trans(Vin,Fref , Cin, t),
Cin = CameraPredictor(Fref )

(3)

where Cin represents the camera parameters of the input
image, while t denotes the time step embedding, which is
synchronized with the image encoder and the SD model.
This design is inspired by (Hong et al. 2023), which advo-
cates constructing a 3D representation by leveraging both
image features and corresponding camera parameters. The
primary objective is to disentangle facial context (e.g., iden-
tity, expression) from pose, thereby enabling a more stable
and consistent 3D feature representation. However, during
inference, it is often impractical to obtain accurate viewpoint

information from degraded input images. To address this is-
sue, we introduce a Camera Predictor module that estimates
the camera parameters directly from the input image features.
The predicted viewpoint is then used to supervise the gener-
ation of the 3D feature representation, ensuring it remains
view-consistent even in the absence of explicit camera inputs
at inference time.

To generate the 3D feature volume Vout, we define a spa-
tial positional embedding Vin to serve as the query, which is
then fed into Cross-Attention to integrate information from
Fref , as illustrated in Figure 2b. This mechanism injects in-
formation beyond the current viewpoint, including identity,
expression, attributes, and other contextual details. To condi-
tion the 3D representation on the input camera viewpoint, we
introduce a Time-Aware Camera Modulation Block based on
an Adaptive Layer Normalization, denoted as ModLN (the
Modulation Block in Figure 2b)

γ, β = MLP (Cin),
ModLN(f ′) = LayerNorm(f) · (1 + γ) + β + t,

(4)

which is applied between every attention module and feed-
forward layer within the Transformer.

2D Features Sampling and Aggregation. Following (Liu
et al. 2023) and (Yang et al. 2024), the 3D grid features are
then warpped into frustum volume features corresponding
to the specified camera viewpoint Ci by ray sampling and
feature interpolation along each viewing direction

F i
frustum = Warp(Vout, Ci), F i

frustum ∈ RD×H×W×C .

(5)

Since our method operates entirely in the latent space, we do
not adopt volumetric rendering as used in NeRF (Mildenhall
et al. 2021; Zhang et al. 2022), which fuses depth information
based on explicit physical modeling. Instead, we design a
Depth Aggregation Transformer Aggr, whose modules
contain cross-depth attentions and spatial attentions (Fig 2b
rightmost), to enhance the expressive ability of the resulting
2D features from each novel view. Finally, we apply average
pooling along the depth dimension of the frustum volume
to produce novel-view features F i

out that match the spatial
dimensions of the input feature Fref .

F i
out = AvgPool(Aggr(F i

frustum)), F i
out ∈ RH×W×C

(6)

It is important to note that during the second training step,
only the parameters of the 3D Feature Construction Model,
Depth Aggregation Transformer and the Camera Predictor
are updated. The parameters of the image encoder and the
SD model remain frozen, as they were already fine-tuned
for the image restoration task during the first training step.
Modifying these parameters would negatively impact restora-
tion quality. In summary, our approach decouples the target
task into two independent objectives during training but fuses
into a unified pipeline during inference. This modular design
enhances the model’s scalability and robustness, while also
simplifying the training complexity.
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3.3 Loss Functions
In the second training step, we use the same diffusion loss
as in Eq 2 but additionally introduce a feature loss Lfeat to
align the generated novel-view features with their ground
truth counterparts. The ground truth features are obtained by
first degrading the novel-view ground truth images Itgt using
the same degradation level applied to Iref . These degraded
images are then passed through the pretrained image encoder
from the first step to extract the ground truth novel-view
features Ftgt. Since the SD model has already learned how
to restore high-resolution images from degraded features,
applying the same noise pattern ensures that the generated
features and ground truth features share the same distribution.
This allows the model to focus solely on novel-view feature
generation rather than on restoration, effectively decoupling
the two tasks. The feature loss is formulated as below

F i
tgt = Enc(Degrade(Ii

tgt), t),

Lfeat =
1

N

N∑
i=1

((
F i

out −F i
tgt

)2
+ λ (1−

F i
out · F i

tgt

∥F i
out∥∥F i

tgt∥
)
)

(7)
where N is the number of camera views and Lfeat comprises
two components, MSE Loss and Square Cosine Loss, to
jointly constrain the generated features at pixel level and
feature space level. Additionally, to ensure that the camera
parameters predicted by the Camera Predictor Cin align with
the ground truth of the input image, we compute an MSE loss
between the predicted and ground-truth camera parameters,
which referred to as the camera loss,

Lcam = ∥Cin − Creal∥22 (8)

Consequently, the total loss function in the second training
step is defined as

Ltotal = LSD + λ1Lfeat + λ2Lcam. (9)

4 Experiments
4.1 Experimental Settings

Datasets. Similar to the dataset setting in (Gu et al. 2024),
we use a mixed training dataset for novel view synthesis in
the second training step, which includes both photo-realistic
multi-view dataset NeRSemble (Kirschstein et al. 2023) and
synthetic data generated using PanoHead (An et al. 2023).
NeRSemble dataset contains dynamic expression videos of
220 subjects captured from 16 synchronized fixed viewpoints.
We sample 3000 sets of multi-view frames from this dataset.
To expand the range of viewpoints, increase subject diver-
sity, and enhance background variance, we further augment
the training data with 3000 sets of images generated using
PanoHead. This augmentation addresses the low diversity
inherent in NeRSemble, as it is a lab-controlled dataset with
limited variability. For our first training step, we enhance the
model’s adaptability to multi-view faces by incorporating
the above-mentioned datasets. Additionally, we mix in the
high-resolution face dataset FFHQ (Karras, Laine, and Aila
2019) to improve the model’s generalization ability. During
training, all input images are cropped and aligned following
the preprocessing strategy used in EG3D. To generate the

Input LQ PanoHead-PTI GOAE TriPlaneNet DiffPortrait3D Ours Ground Truth

Figure 3: Qualitative comparisons on NeRSem-
ble (Kirschstein et al. 2023) dataset. As shown in our
results, this end-to-end strategy achieves superior perceptual
quality and preserves identity and expression information
more effectively than two-stage methods, minimizing the
loss of critical facial attributes.

LQ input images Iref , we adopt the Real-ESRGAN (Wang
et al. 2021b) pipeline for degradation simulation. For quanti-
tative evaluation, we sample 300 unseen sets of multi-view
images from the NeRSemble dataset. To evaluate our model’s
generalization ability on in-the-wild data, we perform qual-
itative evaluation on LFW-Test (Huang et al. 2008) dataset
and quantitative evaluation for single view reconstruction on
CelebA-Test (Karras et al. 2017) dataset.

Training details. In the first training step, the image en-
coder, the cross-attention layers of the SD model, and the
LoRA parameters (with a rank of 16) are jointly optimized for
200K interations, with a learning rate of 5e-5 and a batch size
of 8. In the second training step, we set the hyper-parameters
in Eq 7 as λ = 2.0, λ1 = 10 and λ2 = 0.05 in Eq 9. For
each input image, we randomly sample 7 different target
viewpoints from the remaining views (the total views N = 8)
to supervise the generation of the latent 3D representation.
This step is trained with a learning rate of 1e − 4, a batch
size of 2 for 300K iterations. During inference, we adopt the
DDIM (Song, Meng, and Ermon 2020) denoising sampler
with 50 steps. All training and inference experiments are
conducted on a cluster of 8 NVIDIA RTX 6000 Ada GPUs.

4.2 Qualitative Comparisons
We conduct comparative experiments with several state-of-
the-art novel-view synthesis methods, including PanoHead-
PTI (An et al. 2023), GOAE (Yuan et al. 2023), Tri-
PlaneNet (Bhattarai, Nießner, and Sevastopolsky 2024) and
DiffPortrait3D (Gu et al. 2024), and present qualitative com-
parisons on the NeRSemble (Kirschstein et al. 2023) and
LFW-Test (Huang et al. 2008) datasets in Figure 3 and Fig-
ure 4, respectively. Among the compared methods, DiffPor-
trait3D is based on SD model, while the others are GAN-
based. Since these existing methods are not designed to han-
dle degraded facial images, we first apply CodeFormer (Zhou
et al. 2022) for blind face restoration before passing the re-
sults to each method for novel view generation. Notably,
GAN-based approaches require accurate camera parameters
as input to perform novel view synthesis. However, due to
the degraded quality of the CodeFormer-restored images, it
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Figure 4: Qualitative comparisons on LFW-Test (Huang et al. 2008) dataset. Our method produces consistently stable results
across varying levels of input degradation. Compared to other approaches, our generated images preserve the most information
from the original input and exhibit higher visual realism, even under severe degradation.

is often difficult to extract reliable camera parameters from
them. To ensure successful generation for these methods, we
can only instead use the original high-quality images to ex-
tract the input camera parameters. Actually this is impossible
in real-world blind restoration, hence highlights a critical lim-
itation of two-stage methods: poor restoration quality makes
accurate camera parameter estimation for novel view synthe-
sis intractable. Our single-stage approach avoids this entirely,
as it does not rely on external parameter estimation.

As shown in Figure 3, our method achieves results that are
closest to the ground truth in terms of both identity and ex-
pression preservation. In contrast, restoration-based pipelines
inevitably introduce errors during the blind restoration pro-
cess, such as identity shift, expression shift, and visual arti-
facts. When these imperfect restorations are used as inputs
for novel view generation, the errors are often amplified,
leading to substantial information loss and noticeable degra-
dation in image quality. We further evaluate our method on
the LFW-Test dataset to demonstrate its robustness under
varying levels of degradation in real-world conditions. We
adjust the hyper-parameters of Real-ESRGAN (Wang et al.
2021b) to generate degradation level 1 and 2, from weak
to strong. As shown in Figure 4, when the input is a clean
image, our method produces results comparable to prior ap-
proaches. However, as the degradation level increases, the
performance of other methods drops significantly, resulting
in poor-quality novel views. While our method may also ex-
hibit some identity and expression shifts, these changes are
generally plausible predictions based on the degraded input,
and the generated results remain substantially more stable

compared to other approaches.

4.3 Quantitative Comparisons
Similar to (Gu et al. 2024), we evaluate our method on
both multi-view generation and single-view reconstruction
tasks. For quantitative evaluation, we adopt a comprehen-
sive set of metrics, including LPIPS (Zhang et al. 2018),
DISTS (Ding et al. 2020), SSIM (Wang et al. 2004), ID
similarity, FID (Heusel et al. 2017), and POSE error. The
ID similarity is computed by extracting face embeddings
from the generated images using the method in (Deng et al.
2019a), followed by measuring the cosine similarity with the
ground truth embeddings. The POSE error is computed by
estimating the facial pose using the approach from (Deng
et al. 2019b) and calculating the Mean Squared Error (MSE)
with respect to the estimated pose from ground truth images.
For the multi-view generation task, we use our unseen test
split of the NeRSemble dataset, where the model generates
all the other novel views from a single degraded input image.
For the single-view reconstruction task, we use degraded
images from the CelebA-Test dataset and aim to reconstruct
the original view from the same pose. Competing methods
follow a two-stage pipeline, where the degraded image is
first restored using CodeFormer (Zhou et al. 2022) before
novel-view synthesis.

As shown in Table 1a, our proposed method outperforms
all baseline approaches across all evaluation metrics. These
results validate that our model can not only faithfully preserve
the original content, but also robustly generate novel views,
even from heavily degraded inputs.
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PanoHead-PTI GOAE TriplaneNet DiffPortrait3D Ours

SSIM↑ 0.73/0.62 0.73/0.58 0.75/0.63 0.68/0.62 0.78/0.63

LPIPS↓ 0.48/0.50 0.45/0.53 0.51/0.51 0.52/0.49 0.17/0.49

DISTS↓ 0.26/0.28 0.25/0.27 0.32/0.29 0.26/0.27 0.10/0.22

FID↓ 83.19/65.88 90.00/71.12 111.84/63.63 80.16/67.06 5.67/22.71

ID↑ 0.32/0.22 0.27/0.21 0.30/0.34 0.29/0.21 0.77/0.46

POSE↓ 0.0446/- 0.0425/- 0.0456/- 0.0341/- 0.0084/-

(a)

w/o
Lfeat

w/
Lfeat

SSIM↑ 0.75 0.78

LPIPS↓ 0.24 0.17

DISTS↓ 0.16 0.10

FID↓ 11.72 5.67

ID↑ 0.57 0.77

(b)

Table 1: (a) Quantitative comparisons with other methods on NeRSemble dataset (novel-view synthesis) / CelebA-Test (single-
view reconstruction). (b) Ablation study on NeRSemble dataset to assess the effectiveness of the feature loss in our framework.
Specifically, we compare the quantitative performance of our model with and without feature loss.

Reference 
HQ

Input LQ

With Feature 
Loss (Ours)

No Feature 
Loss 

Figure 5: Qualitative ablation study on LFW-Test dataset to
compare our method with and without feature loss.

4.4 Ablation Studies
Without Feature Loss. We conduct ablation studies on
both NeRSemble and LFW-Test datasets to evaluate the im-
pact of the feature loss on both quantitative and qualitative
performance. In the ablated setting, we remove the feature
loss and optimize only the diffusion loss, keeping all other
training procedures identical. As shown in Table 1b, remov-
ing the feature loss results in a significant drop in perfor-
mance on NeRSemble test set. To further investigate which
aspect of performance is most affected, we evaluate the model
on the LFW-Test dataset, which contains challenging in-the-
wild samples. As shown in Figure ??, removing the feature
loss leads to severe multi-view inconsistency in the gener-
ated outputs. We attribute this issue to the lack of explicit
constraints in the latent space during training. Without fea-
ture loss, the model is only optimized to produce visually
plausible final images, while ignoring the alignment and con-
sistency of novel-view features in latent space. Although
the powerful generative capacity of the diffusion model can
superficially compensate for misaligned features during train-
ing, this shortcut fails to generalize. When tested on unseen
data, the unaligned latent features lead to noticeable multi-
view inconsistency, severely degrading the reliability of the
generated results.

Feature Correction in Training Step 2 We further investi-
gate whether suboptimal image restoration in training step 1
would negatively affect the final novel-view synthesis results.
To this end, we use the image restoration model of training
step 1 to recover high-resolution images from degraded in-
puts, and compare these with the final novel-view outputs

LQ Input Novel-View ResultsStep 1 
Restoration 

Result

Reference HQ

Figure 6: Feature correction of our training step 2.

produced by our whole NVB-Face model. As shown in Fig-
ure 6, even when the restored images from training step 1 are
not visually satisfactory—indicating that the image encoder
failed to extract all critical information—our training step
2 is still able to correct the imperfect features and produce
more realistic novel-view images. This is made possible by
our viewpoint transformation model, which is trained inde-
pendently in training step 2. As a result, it can generate robust
novel-view features even when the input features are partially
flawed. As discussed earlier, traditional two-stage methods
tend to amplify errors during novel-view synthesis when the
restoration quality is suboptimal. In contrast, our single-stage
approach is able to mitigate such error propagation, resulting
in more stable and reliable outputs.

5 Conclusion
In this paper, we propose NVB-Face, the first framework
capable of directly generating novel views from a single
blind face image. NVB-Face decouples the overall task into
two carefully designed and independently optimized steps,
while introducing tailored loss functions that seamlessly in-
tegrate the two components. In contrast to traditional two-
stage pipelines that perform face restoration followed by
novel-view synthesis, our end-to-end approach significantly
reduces error accumulation and better preserves identity and
other essential image attributes. Furthermore, by construct-
ing novel-view features in a 3D latent space, our method
effectively enforces multi-view consistency across generated
images. Extensive experiments demonstrate that our NVB-
Face reliably synthesizes high-quality and consistent novel
views for arbitrary in-the-wild blind face images.
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