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Abstract

Gaze redirection methods aim to generate realistic human
face images with controllable eye movement. However, recent
methods often struggle with 3D consistency, efficiency, or
quality, limiting their practical applications. In this work, we
propose RTGaze, a real-time and high-quality gaze redirection
method. Our approach learns a gaze-controllable facial repre-
sentation from face images and gaze prompts, then decodes
this representation via neural rendering for gaze redirection.
Additionally, we distill face geometric priors from a pretrained
3D portrait generator to enhance generation quality. We evalu-
ate RTGaze both qualitatively and quantitatively, demonstrat-
ing state-of-the-art performance in efficiency, redirection accu-
racy, and image quality across multiple datasets. Our system
achieves real-time, 3D-aware gaze redirection with a feedfor-
ward network (~0.06 sec/image), making it 800x faster than
the previous state-of-the-art 3D-aware methods.

Introduction

Gaze is one of the most important facial features (Cheng
et al. 2021; Wang et al. 2023a; Cheng and Lu 2023; Wang
et al. 2024) and it conveys human attention and intention in
interaction. Gaze redirection involves redirecting the gaze of
a face image to a given target direction without changing the
identity. It has various applications including virtual reality
(Pai et al. 2016; Mania, McNamara, and Polychronakis 2021;
Tse et al. 2022; Zheng et al. 2023), digital human (Jack and
Schyns 2015; Choi et al. 2025; Wang et al. 2023b) and CG
film-making (Yang et al. 2022; Blanz et al. 2004).

Existing gaze redirection methods can be broadly divided
into two categories: 2D-based and 3D-based, depending on
whether they incorporate 3D representations. 2D-based meth-
ods achieve gaze redirection either by warping pixels in the
input image (Ganin et al. 2016) or by generating new gaze
images through deep generative models such as Generative
Adversarial Networks (GANs) (He et al. 2019; Jindal and
Wang 2023), encoder-decoder networks (Park et al. 2019),
and Variational Autoencoders (VAEs) (Zheng et al. 2020).
While effective to some extent, these methods do not cap-
ture the inherently 3D nature of gaze redirection, resulting in
suboptimal performance under larger head poses.
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Figure 1: 3D-aware gaze redirection results from our pro-
posed RTGaze, which generates photo-realistic face images
under novel gazes and views with good 3D consistency in real
time. Compared to the state-of-the-art 3D-aware gaze redirec-
tion method GazeNeRF (Ruzzi et al. 2023), which requires
approximately one minute during inference, our approach
achieves real-time performance at 61ms while maintaining
superior image quality.

3D-based methods, on the other hand, construct a 3D rep-
resentation of each input face image using techniques like
the neural radiance field (NeRF) (Mildenhall et al. 2020).
Once trained, these models can generate a full 3D face and,
by adjusting camera poses, produce images with varied head
orientations, ensuring strong 3D consistency across a wide
range of poses. Among these, GazeNeRF (Ruzzi et al. 2023)
is the state-of-the-art, employing two separate multilayer per-
ceptrons (MLPs) to model the radiance fields for the face and
eyes independently. GazeNeRF generates novel views using
latent codes and gaze labels, but during inference, it requires
GAN inversion and updating learnable latent codes before
rendering (Hong et al. 2022; Ruzzi et al. 2023), a process that
is time-consuming and delays gaze redirection. Balancing 3D
consistency with real-time performance, therefore, remains
an open challenge in gaze redirection.

In this paper, we introduce RTGaze, a novel method for
real-time gaze redirection with 3D awareness, achieving both
high-efficiency and high-quality generation. As illustrated in
Fig. 2, our method takes images and gaze prompts as inputs,
learns a gaze-controllable facial representation. We employ
two distinct encoders to separately extract high-frequency
and low-frequency features from images. The gaze prompt
is injected via a cross-attention mechanism, merging it di-



rectly with the high-frequency features, which are later fused

with the low-frequency features. On the other hand, directly

optimizing appearance and shape in a lightweight model is
challenging, particularly when inferring 3D geometry from

a single image (Liu et al. 2023, 2024). To address this, we

distill prior knowledge of facial geometry from a pre-trained

3D portrait generator into our module. Our method utilizes

NeRF’s 3D structure learning and applies a distillation loss

to the learned geometric depth images.

Our system achieves real-time 3D-aware gaze redirection
through a feedforward network, processing each frame in just
61ms on a standard consumer GPU. Extensive quantitative
and qualitative evaluations validate our approach, and a series
of ablation studies confirm the effectiveness of our design
choices. Compared with existing methods (Ruzzi et al. 2023;
Hong et al. 2022), RTGaze offers superior image quality and
redirection accuracy with a significant boost in inference
speed. In summary, our contributions are as follows:

1. We present a real-time 3D-aware gaze redirection model
that achieves both high-efficiency and high-quality gaze-
controllable image generation. Our method surpasses
state-of-the-art methods in inference speed, redirection
accuracy, and image quality across different datasets.

. We propose a novel module for learning gaze-controllable
facial representation from face images and a gaze prompt.
It consists of two distinctive encoders for extracting fa-
cial features and a gaze injection module to effectively
incorporate the gaze prompt into the facial representation.

. We introduce the distillation of 3D face priors from a
3D portrait generation network into our gaze redirection
model. By applying a distillation loss on the learned geo-
metric depth images, our approach enhances the overall
quality of gaze-redirection synthesis.

Related Work

Gaze redirection methods can generally be categorized into
2D-based methods and 3D-based methods, depending on
whether they incorporate 3D representations.

2D-based Gaze Redirection

Deepwarp (Ganin et al. 2016) employs warping maps learned
from pairs of eye images with different gaze directions, which
requires extensive annotated data. To reduce this reliance on
annotated real data, Yu, Liu, and Odobez (2019) incorporate
a pretrained gaze estimator with synthetic eye images, further
refined by Yu and Odobez (2020) with an unsupervised gaze
representation learning network. GAN-based approaches (He
et al. 2019) enable gaze redirection by leveraging generative
models. FAZE introduces an encoder-decoder framework
that encodes eye images into latent vectors, which are then
manipulated with rotation matrices to produce synthetic im-
ages featuring redirected gaze. ST-ED (Zheng et al. 2020)
builds on this by disentangling latent representations to per-
form both head and gaze redirection for full-face images,
achieving highly accurate results. ReDirTrans (Jin et al. 2023)
projects edited embeddings back into the original latent space,
allowing for attribute replacement with minimal impact on
other features and preserving the latent distribution. 2D-based
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methods often struggle with 3D consistency, as they lack an
explicit 3D facial representation.

3D-based Gaze Redirection

3D-based gaze redirection methods offer improved 3D con-
sistency via learned 3D representation. EyeNeRF (Li et al.
2022) combines explicit surface modeling for the eyeball
with implicit volumetric representations of surrounding eye
structures, enabling high-fidelity gaze redirection with photo-
realistic effects using a minimal setup of lights and cameras.
GazeNeRF (Ruzzi et al. 2023) employs a two-stream MLP
architecture to separately model the face and eye regions via
neural radiance fields, allowing for independent manipulation
of the eyeball orientation. HeadNeRF (Hong et al. 2022) can
be adapted for gaze redirection by integrating gaze labels as
conditional inputs. Despite their robust 3D consistency, these
methods often require complex, resource-intensive models,
limiting their real-time applicability.

Method
Preliminary

This work introduces RTGaze, a novel method for real-time
gaze redirection from a single image. Given an input image I
and a target gaze direction g, RTGaze generates a new face

image I with the specified gaze. Our pipeline consists of
three main components. First, we build a feature extractor to
obtain a gaze-controllable facial representation f from I and
g. Then, we feed f into a decoder G to generate the triplane
representation T (Chan et al. 2022). Finally, we perform
neural rendering A based on T to synthesize images under
the target camera pose. The process could be formulated as:

f=FLg), T=G(f), I=N(T,c) ()

RTGaze employs a hybrid facial representation, leveraging
two distinct networks to separately learn high-frequency and
low-frequency facial features. To effectively incorporate gaze
control, we design a gaze injection module that integrates the
gaze input into the hybrid facial representation. Additionally,
we distill 3D geometry priors from a pre-trained 3D portrait
generation model to enhance the quality of gaze redirection.

Gaze-Controllable Facial Representation

Given an input image I, we construct a hybrid image encoder
comprising a high-frequency feature encoder F;, and a low-
frequency feature encoder F; (Trevithick et al. 2023). The
high-frequency encoder captures fine-grained appearance
details, while the low-frequency encoder extracts global geo-
metric information. We feed I into F}, and J;, producing the
corresponding high-frequency feature z;, and low-frequency
feature z;, respectively. In detail, We employ the DeepLabV3
network (Chen et al. 2019), pre-trained on ImageNet (Deng
et al. 2009), to capture global contextual and semantic in-
formation. This information is then processed by a vision
transformer encoder (Trevithick et al. 2023), which lever-
ages self-attention mechanisms to refine the extracted global
features, producing the final low-frequency feature repre-
sentation. Simultaneously, a convolutional neural network
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Figure 2: Our model takes three inputs: gaze prompts, source images, and frontal images during training. It consists of a
gaze-controllable facial representation learning module and face geometric prior distillation module. First, the model extracts
high-frequency and low-frequency features from the source images and injects the gaze prompt into the high-frequency features.
The final representation is a fusion of the injected gaze features and the low-frequency features. This combined representation is
then fed into a triplane decoder, which generates a 3D face representation in the form of a triplane. This triplane representation is
used to render the final gaze-redirected image. The target image provides a mask-guided 2D constraint along the eye region.
Additionally, we aim to distill 3D face geometry prior from a pre-trained 3D portrait generation model. We compute depth
images from both the pre-trained model and our model, and apply a distillation loss.

(CNN) is used to extract high-frequency features, focusing
on fine details within the input image.

Gaze Prompt Injection. Our aim is to inject the gaze
prompt into the hybrid facial representation to obtain a
gaze-controllable facial representation. The gaze serves as a
prompt for generating the target image, ensuring accurate eye
appearance. The gaze prompt g € R? consists of pitch and
yaw angles of eyeball rotation. Since gaze redirection primar-
ily affects eye appearance rather than geometry, our strategy
first injects the gaze prompt into the high-frequency feature.
The injected feature is then fused with the low-frequency
feature to produce the final gaze-controllable facial represen-
tation. More concretely, given the gaze prompt g, we first
embed it using an MLP layer, ensuring that the embedding
length matches that of the high-frequency feature. Next, we
employ a cross-attention layer (Rombach et al. 2022) to inject
the gaze embedding into the high-frequency feature. In this
process, the high-frequency feature serves as the query, while
the gaze embedding acts as both the key and value. Finally,
we integrate the injected high-frequency feature with the low-
frequency feature to obtain the final facial representation.

Face Geometric Prior Distillation

Directly optimizing appearance and shape from a single im-
age is challenging, as it lacks sufficient constraints to ac-
curately represent a 3D scene. In this work, we distill face
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geometric priors from a pre-trained model to enhance the
quality of the generated images. Notably, the pre-trained
model is typically not designed for gaze redirection.

In detail, we distill face geometric prior from a pre-trained
3D portrait generation model (Trevithick et al. 2023). We
find the model has the best performance when the face in
the input image is oriented frontally. Therefore, we input a
frontal image whose identity and gaze are same as the target
image to the pre-trained model and obtain a NeRF representa-
tion, i.e., the triplane feature T'. The triplane feature enables
the rendering of multi-view images and dense depth maps by
predicting the color and density of 3D points along camera
rays. In this work, we focus solely on depth map generation
and apply a distillation loss on the predicted depth, as the
synthesized images do not always maintain appearance con-
sistency with the target images. Specifically, we sample 3D
points along the camera rays r under the target camera pose
c. For each ray r, the depth value D(r) is computed as:

N

ZWi(l —exp (—

i=1

D(r) = 0i6;)) d;, (2)

and

Z 00, 3)

= exp



N is the number of samples along the ray, d; is the distance
between the ¢-th sample and the camera, o; is the density of
the i-th sample, and §; is the distance between the i-th and
(i + 1)-th samples. The depth map D under the camera pose
c is obtained by integrating all depth values. We compute the
teacher depth map D*® from the pre-trained model and the
student depth map D® from our model, applying an L1 loss
to enforce depth consistency between them.
Lp=|D'-D?,. )
Training Objectives
We train the model using a pair of images I and I; with
the same identity but different gazes. The 3D face prior is
obtained from an additional frontal image with the same
identity and gaze as I,. We optimize our model using the
following objective function:

L=a Lr+pB Lp+7Lp, %)

where L, Lp, Lp represent the reconstruction loss, distilla-
tion loss, and perceptual loss, respectively.
Mask-Guided 2D Reconstruction Loss. We apply a recon-
struction loss that minimizes the differences between the
generated image I and the target image I, in pixel level. To
improve the eye generation quality, we apply an eye region
mask to the reconstruction loss and enhance eye region recon-
struction by applying a greater loss coefficient specifically to
the eye area.

Lr =y LI+ ay - LY

(6)

where £ and £L5¥° stand for face region reconstruction
loss (excluding the eyes) and eye region reconstruction loss

respectively. The £ is formulated as:
phoee - 1 Mo (i-1,) 7
RO Mpen It Yl

where M ; is the face region mask and © denotes the pixel-
wise Hadamard product operator. L, is formulated as:

1

M. © L
where M., is the eye region mask, and My = 1 — M..

Perceptual Loss. We utilize a perceptual loss (Johnson,
Alahi, and Fei-Fei 2016) function to ensure perceptual align-

ment between the gaze-redirected image I and the target
image I;:

LY = HM6® (ifIt)

) ®)
1

¢i(I) — ¢; (It)‘

) ®

1
£ =Y G| ;
where ¢; denotes the i-th layer of a VGG16 (Simonyan
and Zisserman 2014) network pre-trained on ImageNet
(Krizhevsky, Sutskever, and Hinton 2012).

During inference, our model only takes a single 2D portrait
image and a specified gaze direction as input and produces
a gaze-redirected, triplane-based 3D face NeRF. Our model
enables photorealistic view synthesis, allowing for highly
realistic visualizations from multiple perspectives.
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Experiments
Datasets

ETH-XGaze (Zhang et al. 2020) is a large-scale gaze dataset
with high-resolution images covering diverse head poses and
gaze directions. Collected via a multi-camera setup under
various lighting conditions, it includes 756K frames from 80
subjects, each frame captured from 18 angles. A personalized
test set comprises 15 subjects, each contributing 200 images
with accurate gaze labels. Following GazeNeRF (Ruzzi et al.
2023), we train RTGaze on 14.4K images from 10 frames
per subject, with 18 views per frame, using the ETH-XGaze
training set. Models are tested on the personalized test set.
MPIIFaceGaze (Zhang et al. 2017) is an extension of
the MPIIGaze dataset (Zhang et al. 2015), designed for
appearance-based gaze estimation. This dataset comprises
3000 facial images, each annotated with two-dimensional
gaze labels for a total of 15 subjects.

ColumbiaGaze (Smith et al. 2013) comprises 5880 high-
resolution images collected from 56 subjects. For each sub-
ject, the images were captured using five consistent head
poses, each linked to 21 fixed gaze directions.

Experimental Setup

Data Preparation. We first normalize the data and resize
the face images into a resolution of 512x512 following the
method provided in ETH-XGaze (Zhang et al. 2020). Then
we process the normalized data following EG3D (Chan et al.
2022) to get the camera pose for each image. To realize the
mask-guided 2D constraint, we generate face region masks
and eye region masks with face parsing models (Yu et al.
2018). We convert the provided gaze labels into pitch-yaw
labels in the head coordinate system for convenience of gaze
controlling in 3D space.

Implementation Details. Our model is trained in an end-
to-end manner. We employ Adamw (Loshchilov and Hutter
2017) as our optimizer for whole model The learning rates are
set to 1e~® and 1e~" for the encoding part and the rendering
part respectively. We train our model with a batch size of 4 for
50 epochs. We empirically set the loss coefficients (L, Lp,
Lp) in equation (5) to 1, 1, 0.8 respectively. The coefficients

(,sz“ce, L7) of in equation (6) are assigned with 1 and 2
separately. It takes around 18 hours to train the whole model
on two NVIDIA A100 GPUs with 40GB memory.

Evaluation Metrics. We evaluate our model with various
metrics regarding model efficiency, generated image quality,
redirection accuracy, and identity preservation. To evaluate
the efficiency of models, we report inference time (including
encoding time and rendering time) measured on a single
NVIDIA 3090 GPU in the inference stage with an average of
100 samples. To evaluate the quality of generated image, we
report four widely used metrics including Structure Similarity
Index (SSIM) (Wang et al. 2004), Peak Signal-to-Noise Ratio
(PSNR), Learned Perceptual Image Patch Similarity (LPIPS)
(Zhang et al. 2018), and Fréchet Inception Distance (FID).
To evaluate the accuracy of gaze redirection, we report gaze
error and head error in degrees. Identity similarity (ID) is
assessed using the face recognition model from FaceX-Zoo
(Wang et al. 2021). This model evaluates the discrepancies in



Method 3D-based FID| PSNR{ LPIPS| SSIM?T EncTime] RendTime,| Total Time |

ST-ED X 115.020  17.530 0.300 0.726 - - -
HeadNeRF v 69.487 15.298 0.294 0.720 60s 0.058s 60.058s
GazeNeRF v 81.816 15.453 0.291 0.733 60s 0.060s 60.060s

RTGaze (ours) v 38.346 19.007 0.262 0.715 0.026s 0.035s 0.061s

Table 1: Quantitative comparisons on ETH-XGaze dataset. We compare our model with state-of-the-art methods regarding
image quality (SSIM, PSNR, LPIPS, FID) and inference speed (Encode Time, Render Time, Total Time). For fairness, we
only report inference speed metrics for 3D methods. Image quality is evaluated on the personalized test set from ETH-XGaze,
while inference speed is averaged over 100 samples on a single NVIDIA 3090 GPU. RTGaze achieves real-time performance,
processing each image in 61ms, outperforming other methods in most quality metrics and maintaining competitive SSIM scores.
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Figure 3: Qualitative comparisons on ETH-XGaze dataset. The background is removed by applying face masks. The images
generated from RTGaze are photo-realistic and have extensive details. ST-ED (Zheng et al. 2020) struggles to preserve identity
information while retaining the unmasked green background which is not found in 3D-based methods. HeadNeRF (Hong et al.
2022) and GazeNeRF (Ruzzi et al. 2023) suffer from losing facial details.

identity between the redirected images and the corresponding sured by averaging results from 100 samples on a single
ground truth images. NVIDIA 3090 GPU.
Baseline Methods. We compare our model against the For inference speed, RTGaze achieves real-time perfor-
state-of-the-art gaze redirection methods including 2D-based mance in both encoding and rendering stages, with a total
method ST-ED (Zheng et al. 2020) and 3D-based method processing time of 61ms per image. This is attributed to the
GazeNeRF (Ruzzi et al. 2023). ST-ED realizes gaze redi- efficient triplane-based lightweight module distilled from a
rection on full-face images by disentangling latent vectors pre-trained 3D GAN (Trevithick et al. 2023), as well as the
with a novel self-transforming encoder-decoder architecture. avoidance of the inversion process by requiring only a single
GazeNeRF disentangles eye and face with two-stream MLPs image as input. In contrast, both HeadNeRF and GazeNeRF
and achieves 3D-aware gaze redirection based on NeRF rep- are based on the same parametric head model with NeRF
resentation. We also compare our model with HeadNeRF representation. Their inputs are parameters of a specific head
(Hong et al. 2022), a state-of-the-art NeRF-based 3D portrait instead of images. Therefore, they have to conduct an inver-
generation model. It is adapted to gaze redirection task by sion process to update the parameters with the input image,
simply adding two-dimension gaze labels as additional input. which takes a great amount of time like one minute. They suf-
fer from slower encoding times due to the involved inversion
Quantitative Comparison in Image Generation process. Regarding image que.llity, RTGaze beats the other
SOTA methods on most metrics (PSNR, LPIPS, FID) and
We show the quantitative results of the comparison with achieves a comparable result on SSIM. Notably, our model
SOTA methods in Table 1. We evaluate our model against Qutperforms other methods on FID by a large margin.

other state-of-the-art methods in terms of generated image
quality, using widely used metrics including SSIM, PSNR,

. ualitative Comparison in Image Generation
LPIPS, and FID. To ensure fairness, we only compare our Q P g

model with other 3D-based methods on inference speed, ex- We show the qualitative results of the comparison with SOTA
amining encoding time, rendering time, and total inference methods in Fig. 3. Following GazeNeRF (Ruzzi et al. 2023),
time. Image quality is assessed on the personalized test set we pair the images with the different gazes from the personal-
from the ETH-XGaze dataset, and inference speed is mea- ized test set of ETH-XGaze to get the input and target images.
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ETH-XGaze ColumbiaGaze MPIIFaceGaze
LPIPS| 1IDt Gaze| Head| H LPIPS, IDT Gaze| Head| \ LPIPS, IDT Gaze| Head|

ST-ED 0.300 24.347 16.217 13.153 | 0413 6.384 17.887 14.693 | 0.288 10.677 14.796 11.893
HeadNeRF | 0.294 46.126 12.117 4.275 0.349 23579 15250 6.255 | 0.288 31.877 14.320 9.372
GazeNeRF | 0.291 45207 6.944 3.470 0.352  23.157 9.464 3811 | 0.272 30981 14.933 7.118
RTGaze 0.262 60.708 9.047 3.631 0249 61.765 7.625 3.326 | 0.251 46.098 9.409 6.444

Table 2: Comparison of gaze and head redirection on ETH-XGaze, ColumbiaGaze, and MPIIFaceGaze datasets. Lower values
are better for Gaze, Head, and LPIPS, while higher values are better for ID. Our model demonstrates a consistent superiority
over other SOTA methods across all key metrics on the ColumbiaGaze and MPIIFaceGaze datasets. These results highlight the
robustness and adaptability of our model in effectively executing gaze redirection tasks, even when applied to diverse datasets.
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Figure 4: Visualization of generated results under novel views and gazes. Our model is able to generate 3D faces with controllable
gazes using one single image as input. It can generate photorealistic face images in a large range of head pose and gaze directions.
The results under novel views show that our model keeps good 3D consistency in the generation process. Its ability to generate
consistent gaze images is also demonstrated by the results under novel gazes. Please zoom in for better visualization.

Injecting into FID| IDT Gaze| Head| learn a mapping from the input image and gaze label to the
Low-Frequency Feature 67.298 38.517 18.973 5.409 target image, while 3D-based methods are trained to build 3D
High-Frequency Feature 38.346 60.708 9.047 3.631 face representations by integrating extensive multi-view infor-

mation. It demonstrates the robustness of 3D-based methods

Table 3: Ablation study on gaze prompt injection. The results in handling defective inputs. GazeNeRF (Ruzzi et al. 2023)

indicate that injecting gaze prompt into low frequency feature generates gaze-redirected images whose gazes are aligned

cannot achieve competitive performance. with target images, while it struggles to preserve more fa-

cial details including facial texture and fine-grained hair. In

FID | IDT Gaze| Head] contrast, our model can generate photorealistic face images

Lr 101.053 47.2951 9.332  4.208 with extensive details while maintaining the ability to redirect

Lr +Lp 54.682 52.518 10.911 3.700 gaze accurately. Notably, our model works in real time which
Lr+Lp+Lp 38346 60.708 9.047 3.631 outperforms all the existing 3D-aware methods.

Table 4: Ablation study on loss functions. Note that, Lp Gaze Redirection Accuracy Evaluation

denotes the inclusion of 3D face prior distillation. We further assess the performance of our model on the ETH-

XGaze, ColumbiaGaze and MPIIFaceGaze datasets regarding
redirection accuracy and identity preservation. We compare

Our model takes an image and a target gaze label as inputs, our model with ST-ED (Zheng et al. 2020), HeadNeRF (Hong
generating a photorealistic gaze-adjusted image. et al. 2022), and GazeNeRF (Ruzzi et al. 2023) in terms of

As shown in Fig. 3, ST-ED (Zheng et al. 2020) suffers from gaze error, head error, LPIPS, and identity similarity. The
preserving identity information tending to generate similar detailed results of this evaluation are presented in Table 2.
faces with different inputs. Besides, the results from ST-ED Our model outperforms the competing methods regarding
preserve the unmasked green background by mistake which image quality (LPIPS) and identity preservation (ID) and
is barely found in 3D-based methods. 2D-based methods only achieves comparable redirection accuracy on ETH-XGaze
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Figure 5: Visualization of ablation on fusion feature choices.
The findings suggest that solely relying on low-frequency
geometric features leads to blurriness and inaccurate gaze
redirection. Conversely, combining high-frequency appear-
ance features with gaze embedding maintains facial structure
while enabling efficient gaze redirection.

dataset. Notably, our model consistently outperforms com-
peting methods across all key metrics on ColumbiaGaze and
MPIIFaceGaze datasets. These findings underscore the ro-
bustness and adaptability of our model in performing gaze
redirection tasks, even when applied to diverse datasets.

Face Rendering under Novel Views and Gazes

To showcase the effectiveness of our model in generating 3D-
consistent results and achieving consistent gaze redirection,
we show the visualization of face rendering under novel
views and gazes in Fig. 4. We set the gaze as looking forward
during the generation under novel views and interpolate the
gaze from left to right under a frontal view in the generation
under novel gazes. The results demonstrate that our model
can generate face images with strong 3D consistency and
enables smooth and coherent gaze interpolation. The good
performance relies on our expressive gaze-controllable facial
representation and the simple but effective face geometric
prior distillation. It is important to note that our model allows
the generation of photorealistic face images across a large
range of head poses and gaze directions.

Ablation Study

Gaze-Controllable Facial Representation. RTGaze extracts
high-frequency and low-frequency features, and the gaze
prompt injection module inject gaze prompt embedding with
high-frequency feature. We first perform ablation study on
the choices of features for gaze prompt injection. The re-
sult is shown in Table 3, where injection with low-frequency
feature cannot achieve competitive performance. We also
try to inject gaze prompt into both low-frequency and high-
frequency features, but the training fails to converge due to
the difficulty of modifying appearance and geometry simulta-
neously. We present the generated images with the fusion of
low-frequency features in Fig. 5. The results exhibit overall
blurriness, and the gaze redirection fails to produce accu-
rate outcomes. When the gaze embedding is fused with low-
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Input Image Target Image
Figure 6: Visualization of ablation on 3D face prior distilla-
tion. The results without the distillation show shape distor-
tions, whereas the model utilizing the 3D prior accurately
reconstructs the 3D shape.

frequency features, the geometry of the 3D face entangled
with the input gaze labels. Ideally, the model should modify
only the geometry around the eye region; however, without
specific geometric constraints, the model struggles to focus
on the eye region alone. Instead, it tends to alter the entire
face, leading to noticeable instability in the generated results.
In our approach, we fuse the high-frequency features with
the gaze embedding while keeping the geometric features un-
changed. This enables the model to perform gaze redirection
by adjusting only the appearance of the eye region, ensuring
a stable face shape throughout the process.

3D Face Prior Distillation. We also conduct an ablation
study on the 3D face prior distillation and the proposed loss
functions. Results are shown in Table 4. L5 denotes the inclu-
sion of 3D face prior distillation in our method. The results
demonstrate that incorporating 3D face prior distillation and
proposed loss functions significantly improves the perfor-
mance of the model. We also show the qualitative results
with and without 3D face prior distillation in Fig. 6. The
results without 3D prior exhibit distortions in shape, while
the model with 3D prior successfully reconstructs the 3D
shape of the input face. This demonstrates that the chosen 3D
GAN prior provides effective information on 3D face shape,
improving the final generation performance.

Conclusion

We propose RTGaze, a real-time 3D-aware gaze redirection
method from a single image. Our model achieves real-time
inference by employing an expressive gaze-controllable fa-
cial representation to directly fuse gaze prompt into image
space and distilling the prior knowledge from 3D GANSs into
a lightweight module. Benefiting from the gaze-controllable
facial representation and the face geometric prior distillation,
our model realizes accurate gaze redirection while maintain-
ing superior image quality. With its exceptional real-time
performance and high-quality generation, our model holds
great potential for numerous downstream applications, par-
ticularly in scenarios with high real-time requirements.
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