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Figure 1. We present ID2Reflectance, a high-quality, identity-conditioned reflectance reconstruction method. ID2Reflectance learns multi-
domain face codebooks by using limited captured data and generates multi-view domain-specific reflectance images guided by facial
identity. Our approach greatly reduces the dependency on captured data and generates high-fidelity reflectance maps for realistic rendering.

Abstract

Recent 3D face reconstruction methods have made re-
markable advancements, yet there remain huge challenges
in monocular high-quality facial reflectance reconstruction.
Existing methods rely on a large amount of light-stage cap-
tured data to learn facial reflectance models. However, the
lack of subject diversity poses challenges in achieving good
generalization and widespread applicability. In this paper,
we learn the reflectance prior in image space rather than
UV space and present a framework named ID2Reflectance.
Our framework can directly estimate the reflectance maps
of a single image while using limited reflectance data for
training. Our key insight is that reflectance data shares
facial structures with RGB faces, which enables obtaining
expressive facial prior from inexpensive RGB data thus re-
ducing the dependency on reflectance data. We first learn
a high-quality prior for facial reflectance. Specifically, we
pretrain multi-domain facial feature codebooks and design
a codebook fusion method to align the reflectance and RGB
domains. Then, we propose an identity-conditioned swap-
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ping module that injects facial identity from the target image
into the pre-trained autoencoder to modify the identity of
the source reflectance image. Finally, we stitch multi-view
swapped reflectance images to obtain renderable assets.
Extensive experiments demonstrate that our method exhibits
excellent generalization capability and achieves state-of-
the-art facial reflectance reconstruction results for in-the-
wild faces. Our project page is https://xingyuren.

github.io/id2reflectance.

1. Introduction

Facial reflectance reconstruction aims at predicting re-
flectance components (e.g., diffuse and specular albedo) and
high-frequency normals of the input in-the-wild face image.
The recovered 3D faces can be realistically rendered in ar-
bitrary illumination environments. Facial reflectance recon-
struction is one of the fundamental problems in computer
vision and graphics, with applications ranging from avatar
creation [70], telecommunication [49], video games, films,
and interactive AR/VR.

To achieve a realistic facial reflectance model, it is
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necessary to collect a large-scale and high-quality re-
flectance dataset from various individuals. However, cap-
turing high-fidelity facial reflectance data is costly and time-
consuming, requiring specialized scanning equipment (e.g.,
Light Stage [8, 21]) and skilled artists for post-processing.
Therefore, recent efforts [32, 38, 58] only manage to collect
facial reflectance datasets with less than three hundred sub-
jects. As a result, these reflectance models [32, 38, 47, 58]
can not generalize very well across diverse real-world iden-
tities. To this end, AvatarMe++ [33] employs an image-
to-image translation network [27] to synthesize diffuse,
specular, and normal maps from large-scale facial texture
maps [4]. Based on the complete pairs of facial reflectance,
FitMe [34] and Relightify [50] achieve good performance
in facial reflectance reconstruction by using StyleGAN [30]
and latent diffusion model [54] to learn facial reflectance
prior. Nevertheless, none of the facial reflectance data is
released from these works [33, 34, 50].

Since the current facial reflectance models [32, 38, 58]
are mainly trained in the UV space, a considerable amount
of facial reflectance data is needed to learn facial struc-
ture, chromaticity, complex details, and other features from
scratch. To this end, we train the facial reflectance model
with limited light stage captures in the image space instead
of the UV space, thus we can take advantage of large-scale,
high-quality, and diverse RGB images (e.g., FFHQ [29]).
As shown in Fig. 2, facial reflectance data (e.g., diffuse
albedo, specular albedo, roughness, and surface normal)
share the same facial structure as the RGB faces in the im-
age space. Through joint training, basic facial structure pri-
ors can be learned from inexpensive RGB data, leading to a
significant reduction in the necessity of reflectance data.

To learn a joint facial reflectance and RGB model, we
combine multi-domain data to train VQGAN [15, 42, 61,
72], which employs discrete generative priors, in terms of
codebooks, for high-quality image synthesis. However, it is
difficult to rely on a single codebook to reconstruct vastly
different facial reflectance images as obvious artifacts can
be observed in the reconstructions (Fig. 12). To this end,
we design a multi-domain codebook learning scheme and
each codebook represents a domain-specific discretization
of the latent space. For an input image, the final latent rep-
resentation is a weighted combination derived from these
codebooks, resulting in a more expressive and robust repre-
sentation.

After we train the facial reflectance model, we further
apply it for unconstrained facial reflectance reconstruc-
tion. Inspired by ID2Albedo [53], we employ identity-
conditioned reflectance prediction instead of employing the
iterative fitting [34] or conditional inpainting [50]. To inject
identity information from the target face into the pre-trained
quantized autoencoder, we propose an identity integration
module by using AdaIN [26] and train identity swapping

only in the RGB domain. As the facial reflectance domain
and RGB domain are aligned in our VQGAN model, the
identity-swapping capacity learned from the RGB domain
can be automatically transferred to the facial reflectance do-
main. To obtain the complete reflectance maps in UV space,
we synthesize three-view identity-conditioned reflectance
images in the wrapped space and finally stitch them together
for realistic rendering, as illustrated in Fig. 1.
In summary, we make the following contributions:

* We propose a novel facial reflectance reconstruction
framework that utilizes multi-domain codebooks to align
the facial reflectance domain with the RGB domain to sig-
nificantly reduce the requirement of captured data.

* We propose a lightweight face swapper module to inject
the identity feature into the pre-trained decoder to achieve
identity-conditioned facial reflectance generation.

* Extensive experiments demonstrate that the proposed
ID2Reflectance can predict high-fidelity facial reflectance
from in-the-wild face images.

2. Related Work

Facial Reflectance Reconstrucion. 3D Morphable Mod-
els (3DMMs) [3, 14] are typical approaches for face re-
construction from unconstrained images. The linear para-
metric face model constrains face reconstruction in a low-
dimensional space by encoding facial shapes and textures
with Principal Component Analysis (PCA), thus neglecting
high-frequency facial details. To achieve high-fidelity facial
representation, non-linear 3DMM methods [17, 36, 59, 60]
are introduced. These models are formulated as neural net-
work decoders where the 3D faces are generated directly
from latent vectors. To obtain high-quality facial texture,
GANFit [19] employs ProgressiveGAN [28] as the texture
generator [9, 20]. However, GANFit lacks relighting capa-
bilities due to backed illumination in the texture.

To overcome the backed illumination problem, the Light
Stage [8] is employed to capture high-quality facial re-
flectance data [32, 38, 58]. By using multiple gradient il-
luminations with polarization [21], the diffuse and specu-
lar components of reflection can be separated. Given re-
flectance data, face reconstruction is upgraded into facial
reflectance reconstruction [1, 13, 25, 32, 34, 38, 47, 50,
58, 69, 70]. AlbedoMM [58] first proposes a drop-in re-
placement to the 3DMM statistical albedo model with sep-
arate diffuse and specular albedo priors, but AlbedoMM is
still based on a linear per-vertex color model. Since the
capture process by the light stage is expensive and time-
consuming, the identity number is usually limited to sev-
eral hundreds [32, 38, 58]. To this end, AvatarMe++ [33]
synthesizes diffuse and specular colors for high-quality tex-
tures [4] by training an image-to-image translation net-
work using limited lightstage data. Based on the data from
AvatarMe++ [33], FitMe [34] proposes a BRDF generative

886



Tewture Codebook

| I—
——)

Mormal Codebook

c

refiectance data

Decoder

—

r
ArcFace Swapper
A S

Decoder
SN
B G %

Zq

ID2Reflectance Pipeline e
 Swapping

Stitching

Reflectance Maps Relighting

Figure 2. Overview of the proposed method. Our core insight is to build a facial reflectance prior in image space by using limited captures
and to recover the reflectance maps for any unconstrained face. We first train multi-domain facial codebooks using a large amount of RGB
data and limited reflectance data. Then, given an input unconstrained face, we extract the identity feature from the pre-trained ArcFace [10]
model. This feature is fed into the swapper module, which guides the decoder to perform identity injection for all domains. We finally
stitch three-view identity-conditioned reflectance images to acquire high-quality rendering assets and renderable 3D faces.

network and a two-stage fitting method to predict facial re-
flectance for unconstrained images. Relightify [50] utilizes
a powerful diffusion model to infer diffuse, specular, and
normal.

Even though the series of AvatarMe [32], FitMe [34],
and Relightify [50] achieve good performance in facial re-
flectance reconstruction, neither the texture synthesized re-
flectance data nor the light stage captured reflectance data
is released. In this paper, we define the facial reflectance
model in the image space instead of the widely-used UV
space, thus we can take advantage of large-scale and high-
quality RGB faces to learn facial structure priors. By train-
ing multi-domain aligned codebooks, we only require lim-
ited reflectance training data for facial reflectance recon-
struction.

Face Swapping. The task of face swapping is to trans-
fer the facial identity of the source image/video into the
target image/video. Early works mainly utilize traditional
image processing [2] and 3D morphable models [62]. Re-
cent methods [18, 40, 48, 52, 56, 65-68, 73] heavily rely
on Generative Adversarial Networks [29, 30] and advanced
face recognition models [10] to achieve photo-realistic and
identity-preserved face swapping. However, all of these
face-swapping methods are designed for the RGB domain
and cannot be directly used when the target face is from
the reflectance domain. In this paper, we first train multi-
domain codebooks by using VQGAN [15]. Then, we de-
sign an identity injection module for the decoder by using

AdalN [7, 26, 37] to train face-swapping in the RGB do-
main. As the facial reflectance codebooks and RGB face
codebook are aligned during our multi-domain codebook
learning, the swapping capacity in the RGB domain can be
automatically transferred to the reflectance domain. There-
fore, we can decode high-quality identity-conditioned facial
reflectance when the input of the encoder is from the facial
reflectance domain.

3. Methodology

This work aims to reconstruct high-quality reflectance maps
for a single unconstrained face image. To this end, we
first train a high-quality facial reflectance model through a
multi-domain codebook learning scheme (Sec. 3.1). Based
on the pre-trained multi-domain codebooks and a pre-
trained face recognition model [10], we train face swapping
in the RGB domain and automatically transfer the swap-
ping capacity to the reflectance domain (Sec. 3.2). As il-
lustrated in Fig. 2, we finally design a simple yet efficient
inference framework to achieve monocular high-quality fa-
cial reflectance map reconstruction (Sec. 3.3).

3.1. Codebook Learning

The main challenge in training expressive facial reflectance
models is the absence of large-scale and high-quality re-
flectance maps scanned from diverse individuals. Exist-
ing reflectance models [32, 39] are learned from scratch in
the unwrapped facial UV space with limited captured data
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(several hundred subjects). As we can see from Fig. 2, fa-
cial reflectance data (e.g., diffuse albedo D, specular albedo
S, roughness R and surface normal N) share the same fa-
cial structure prior as the common RGB faces in the im-
age space. Since the face structure remains consistent in
the image space regardless of different domains, we train a
joint quantized autoencoder (i.e. VQGAN [15]) to learn the
RGB and reflectance codebook simultaneously. Through
joint training, the identity diversity in the large amount of
inexpensive RGB data can be shared with the limited facial
reflectance data. To achieve high-quality facial multi-modal
codebooks, we adopt a two-stage training approach.

In the first stage, we simply train the quantized autoen-
coder with a shared codebook using both high-quality fa-
cial RBG and reflectance data. For the single-channel data,
we duplicate roughness into three-channel images and put
specular albedo in the blue channel to simplify the train-
ing. Following VQGAN [15], we employ a quantized au-
toencoder [61] architecture which consists of a encoder &,
a discrete codebook C, a decoder G, and a discriminator D.
Given a high dimensional image z € R¥*Wx3_ the en-
coder £ embeds the input image into the low dimensional
code vector z = £(x) € RM*wXd where d = 256 is the di-
mension of the latent vector. Then, each grid vector in z is
replaced by the nearest vector from the learnable codebook

C={cn eRY} .
29 = q(z07) = arg min 20 — ¢ | (1)

where z, € R"*%wXd jg the quantized feature, q(-) is a quan-
tisation operation, and N = 1,024 is the number of codes
in the codebook. Taking the quantized representation z, as
input, the decoder G can reconstruct the high-quality face
image & = G(q(£(x)))).

To train the quantized autoencoder, we follow [15] to
employ three image-level losses: (1) photo reconstruction
loss Lpnoto = || — x||1, (2) perceptual loss [71] Lper =
S, V(@) = Vi(@) |13, where I denotes the different level
of a pre-trained VGG [57] model V, and (3) adversarial
loss [22] Laawi = logD(z) + log(1 — D(&)). As the
quantization operation in Eq. 1 is non-differentiable, VQ-
GAN [15] simply copies the gradients from the decoder to
the encoder. The intermediate code-level loss is:

Leode = ||5g [E()] = 2|2+ Bllsg [z — E@)]Z, @)

where sg = [-] denotes the stop-gradient operation and 5 =
0.25 is controlling the update frequency of the codebook.

With the above image-level and code-level losses, we
summarize the training objective as:

»Cl - »Cphoto + nlﬁper + n?»cadvl + 773£50d67 (3)

where the loss weights 71, 772, and 73 are set as 1.5, 0.2
and 1.0, respectively. After training, the shared codebook C

Input i Specular
Figure 3. Visualization of codebook fusion weights. Our method
uses multiple basis codebooks (especially the RGB texture code-
book) for discrete representations, indicating the cross-domain
correlation learned by our model.

Roughness Normal Texture

presents the facial features containing context-rich struc-
tures and details. However, a single codebook makes it
hard to reconstruct vastly different facial reflectance im-
ages, and the reconstruction results sometimes contain ar-
tifacts (Fig. 12).

In the second stage, we train domain-specific codebooks
to further improve facial reflectance reconstruction. More
specifically, we fix the encoder and decoder, and fine-tune
the codebook C learned from the first stage by separately
using the reflectance data and the RGB data. Therefore, we
obtain another five codebooks, i.e. diffuse albedo codebook
CP, specular albedo codebook CS, roughness codebook CR,
surface normal codebook CN, and texture codebook CT.

For a given input z, five quantized representations
{zqr € thde}le can be generated by quantizing the
latent code z with the five domain-specific codebooks
{CD, CS,cR. cN, CT}. To combine these five discrete rep-
resentations zq1 ... g, we further train the swin transformer
blocks [45] as the fusion weight prediction module, which
takes z € R"*®Xd a5 input and outputs a weight map
w € RMWWXEK Dyring the training of the fusion module,
the encode, the decoder, and all codebooks are fixed. The
code fusion can be expressed by

K
2 =W(2q1,... k) = Zwkzqk, “)
k=1

where WW(-) denotes the code fusion operation. By decod-
ing the fused code Z,, we can get the reconstruction data
& = G(%,). As shown in Fig. 3, the reflectance data (e.g.,
normal) uses multiple basis codebooks (e.g., normal and
RGB texture codebooks) for discrete representations, which
indicates the alignment behavior between the reflectance
domain and RGB domain.

3.2. Identity Swapping

Since the facial reflectance domain and RGB domain are
aligned during our multi-domain codebooks learning in
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Figure 4. Detailed architecture of our swapper module. The yel-
low boxes represent the original multi-scale features from the de-
coder G, and the green boxes represent the residual features gen-
erated by each identity injection branch. We use the small-scale
feature map as input to generate identity-conditioned residual fea-
tures, which will be added to the up-sampled feature map.

Sec. 3.1, we explore training identity swapping [37] in the
RGB domain and automatically transferring the identity-
swapping capacity to the facial reflectance domain. Specif-
ically, we propose an identity-conditioned swapper module
(denoted as S) and integrate it with the above-learned quan-
tized autoencoder.

As illustrated in Fig. 4, our swapper module consists
of serval parallel branches, each containing three identity
injection blocks. Each block consists of convolution and
AdalN [26] operators and uses the Leaky ReLU as the ac-
tivation function. We insert the swapper branch into each
upsampling stage of the decoder G. Specifically, we take
the small-scale feature map as the input and use identity
as the condition to generate a residual feature, which is fi-
nally incorporated into the up-sampled feature map. The
identity embedding network is a ResNet-100 model trained
on the large-scale WebFace dataset [74] using the ArcFace
loss [10]. By using this pre-trained ArcFace model, we can
extract face identity features that are robust to changes in
illumination, pose, and occlusion. For identity embedding
integration, it is achieved by using AdalN [26] as follows:

AdaIN(f.20) = 0 T )

where z;4 € R'*512 is the identity embedding, i and o
are the channel-wise mean and standard deviation of the in-
put feature f, and o,,, and y,, are two modulation param-
eters generated from z;4 through FC layers.

To train our swapper module, we employ the RGB face
recognition dataset [5]. During training, we fix the pre-
trained encoder, codebooks, and decoder. We employ the
identity loss function, which is the cosine distance between

the input image I;q and the decoded face 2:

A(Liq) A(z)

£i = ]- - ~ 9
¢ [AGa)[2 - [[A@)]]2

(6)

where A is the pre-trained ArcFace model. Besides, we
utilize a pyramid discriminator by referring to projected
GAN [55].

Loasz = minmax Y (Exllog Di(Fi(x))]
leL (7
+ Bz, [log(1 = Di(FUG(E))))),

where [ € {1,---,L}, L = 4 indicates different feature
levels, F is a fixed ImageNet model mapping the high-
resolution image « or decoded image G(Z,) into four-scale
feature pyramids, and D; is the corresponding discriminator
applied to each feature level. The complete training objec-
tive for face swapping is as follows:

Lo = Lig+ M1Lphoto + Mo Lipips + A3Ladv2,  (8)

where [ is the indicator function which is 1 when the input
face x and the target face I;q are from the same identity and
0 otherwise. Li,ips denotes the LPIPS loss [71]. The loss
weights A1, A2, Ag are set as 1.5, 0.1 and 0.1, respectively.
Compared to general face-swapping networks [7, 37], the
proposed codebook-based identity swapping explicitly de-
couples identity features from non-identity features, ensur-
ing the swapped face & and input template = in the same
domain as well as maintaining the high-resolution output of
the original decoder.

3.3. Monocular Facial Reflectance Inference

Once multi-domain codebooks and the identity-conditioned
swapper are trained, we design an ID2Reflectance frame-
work to reconstruct the reflectance maps as shown in Fig. 2.
Unlike previous facial reflectance prediction methods [32,
39] designed in the UV space, our framework first synthe-
sizes multi-view identity-conditioned reflectance images in
the wrapped space and then stitches them together to obtain
the final reflectance maps.

Multi-view Reflectance Swapping. Given an input face
Iia, we employ the identity similarity to search for the
closet reflectance template (e.g., diffuse albedo D, specu-
lar albedo S, roughness R, and surface normal IN). For
each of these four reflectance domains, we select the three
fixed views (i.e., left, frontal, and right). These 12 tem-
plate reflectance images provide the condition of the fa-
cial attribute (e.g., domain and pose) for the quantized au-
toencoder, while the I;q provides the information of iden-
tity. As illustrated in Fig. 2, the input face Iiq is passed
through the ArcFace embedding network A to extract the
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identity feature z;; € R'*512, while the 12 multi-view re-
flectance templates separately go through the encoder, mul-
tiple codebook quantization, latent representation fusion,
and identity-conditioned generator to obtain multi-view
identity-conditioned reflectance data.

Multi-view UV Stitching. To stitch the three-view re-
flectance images to get the reflectance map, we use
Deep3D [12] to estimate the shape in each view of the dif-
fuse albedos, establish dense correspondences among three
views, and unfold the facial reflectance in the UV space.
Besides, we employ a face parsing model [41] to predict the
facial region, excluding non-facial areas (e.g., hats) for the
unwrapped texture UV maps. To blend three-view diffuse
albedos, we perform color matching in the YUV space [1] to
merge the maps from the left and right views with the map
from the frontal view. To obtain the specular albedo, rough-
ness, and surface normal maps, we employ the same dense
correspondences estimated for multi-view diffuse albedos.
In this way, we obtain high-quality and identity-preserved
facial reflectance assets as shown in Fig. 2.

4. Experiments
4.1. Implementation Details

All our implementations are based on PyTorch [51] and
Nvidia A6000 GPUs. We employ the Adam [31] optimizer
with a batch size of 16 for all training tasks in this paper. For
reflectance prior, we first train our models on FFHQ [29]
and captured dataset, and all images are resized to 512 x 512
for training. We set the latent code size as 16 x 16, and the
codebook size as 1024 x 256. Our captured dataset con-
tains 135 participants with gender, age, and race diversity.
We randomly select 115 subjects for training and the rest
20 subjects for testing. In the first stage, we train the model
on a mixture of FFHQ and reflectance data, with an initial
learning rate of 8e-5 and a total iteration number of 700K. In
the second stage, we fine-tune each domain-specific code-
book on the corresponding dataset and finally fine-tune the
fusion module by a balanced sampling on FFHQ and cap-
tured data. For each fine-tuning step, the initial learning rate
is set as 5e-5, and the iteration number is 100K.

To train the face swapper module, we choose VG-
GFace2HQ [5] as our training set. To improve the training
data quality, we remove small images, improve the resolu-
tion by GFPGAN [64], and resize images to 512 x 512 for
training. The pre-processed dataset contains 1.77 Million
images from 8K identities. Our swapper module S uses a
fully connected architecture with random initialization. The
target image is resized to 112 x 112 [11, 23, 43, 44] for
ID feature embedding and the size of the final swapped re-
flectance is 512 x 512. Here, the initial learning rate is set
as 7e-5, and the iteration number is set to S00K.

Our entire ID2Reflectance framework consists of iden-
tity embedding, multi-view reflectance swapping, dense
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Figure 5. Comparlson of diffuse and specular albedo recon-
struction on Digital Emily project. From left to right: input
image, Dib er al. [13], AvatarMe++ [33], Relightify [50], Re-
flectanceMM [24], ours and ground-truth.
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Figure 6. Comparison with recent single image reﬂectance predic-
tion methods. From left to right: input image, AlbedoMM [58],
AvatarMe [32], Dib et al. [13], FitMe [34], ReflectanceMM [24]
and ours.

correspondence estimation, and stitching. The total infer-
ence time is 3.8 seconds/face on the A6000 GPU. To vi-
sualize our relighting results, we employ the off-the-shelf
geometry prediction network Deep3D [12] to estimate the
face shape.

4.2. Reflectance Reconstruction Results

We first evaluate our method in the task of monocular fa-
cial reflectance prediction. Following recent state-of-the-
art methods [13, 24, 33, 34, 50], we perform visual compar-
isons on the well-known Digital Emily and in-the-wild data,
respectively. In Fig. 5 and 6, our method yields consistent
and identity-preserved results regardless of the illumination
variation. The minor lipstick artifacts in our results are due
to the VGGFace2HQ dataset. This is because the restorer,
GFPGAN, alters the makeup of some female subjects.

In our approach, we select the reflectance template with
the highest similarity from the template library as the input
of the encoder. To evaluate the impact of template selection,
we randomly select a Chinese male adult template and pro-
vide step-wise qualitative results in Fig. 7. Even though the
reflectance template is fixed, our method still attains a high
level of identity preservation. The only difference is the
skin tone colour in diffuse albedo. As shown in Fig. 8, we
visualize some relighting results of our method. Given the
ethnicity-diverse template library, our method is capable of
reconstructing a wide range of races, producing relighting
results at superior quality.

4.3. Albedo Reconstruction Results

We employ CelebAMask-HQ [35] and our test set (ground
truth reflectance data captured from 20 participants) to eval-
uate our facial diffuse albedo prediction. As shown in Fig. 9
and 10, we compare these results with recent state-of-the-
art albedo estimation methods. Even though some of the in-
put images contain occlusions, the albedos estimated by our
method are robust under these occlusions, exhibiting real-
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Figure 7. Qualitative results on unconstrained images. Given an input image, we initially obtain multi-domain three-view images through
reflectance swapping and then stitch them into high-quality reflectance maps for relighting.

Input HDR1
Figure 8. Relighting results for people from different races. Each
column of images maintains the same HDR illumination.

HDR2 HDR3 HDR4 HDR5

ism, identity preservation, and race consistency. In addition,
we quantitatively compare our method with previous meth-
ods using identity similarity, PSNR, SSIM, and LPIPS [71]
metrics. To calculate identity similarity for TRUST [16],
ID2Albedo [53], and our method, we first overlay the dif-
fuse albedo onto the original input image and then compute
the cosine similarity between the overlaid albedo and the in-
put face by using a pre-trained CosFace [63] model. Tab. 1
demonstrates that our method achieves the best results in all
image-level metrics.

4.4. Ablation Studies

ID2Reflectance Framework. In the first and second rows
of Tab. 2, we reconstruct the three-view reflectance images
directly using the captured data and stitch them together to
get complete UV maps. As we can see, the multi-domain

Input

ID2Albedo

TRUST

Figure 9. Comparisons of albedo estimation on in-the-wild and
constrained images. Input images are from CelebAMask-HQ [35]

and our captured test set.
‘a “
= -
22 e

*

I

Relightify

< B

Figure 10. Comparisons of albedo estimation on in-the-wild and
constrained images. From top to bottom: Input, Ours, Relight-
ify [50], and FitMe [34].

codebook learning significantly outperforms the joint code-
book learning. In the third and fourth rows, we compare
reflectance swapping under the fixed template and the clos-
est template by using multi-domain codebooks. The results
indicate that the fixed template setting obviously underper-
forms the closest template setting on diffuse albedo estima-
tion. As depicted in Fig. 7, using a fixed template results in
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Methods | PSNRT SSIMf LPIPS| IDf
TRUST [16] 2163 0.852 | 02014 0478
ID2Albedo [53] | 23.72  0.884 | 0.1549 0532
Ours | 2847 0923 | 0.1248 0.735

Table 1. Comparisons of our method with previous methods [16,
53] on albedo estimation. Note that we compute PSNR and SSIM
on the captured test set, while the ID similarity and LPIPS metrics
are computed on the CelebAMask-HQ [35] dataset.

Configs | Diffuse | Specular | Roughness | Normal
Joint codebook 24.87 20.95 21.31 20.56
Multi-domain codebooks | 31.62 30.96 31.59 30.32
Fixed Template 25.26 26.44 29.56 25.77
Closest Template 28.47 26.68 30.32 26.83

Table 2. Comparison of ID2Reflectance framework under differ-
ent configurations. (1) joint codebook v.s. multi-domain code-
books for reflectance reconstruction, and (2) fixed swapping tem-
plate v.s. closest swapping template for identity-conditioned re-
flectance prediction. We calculate the average PSNR between the
reconstructed and the ground truth reflectance maps on our test set.

Input Diffuse Only ~ w/o Normal ~ w/o Specular w/o Roughness Ours
Figure 11. Ablation studies on each reflectance component pre-
dicted by our model.

a skin tone gap in diffuse albedos when the target and source
faces are from two different races. In addition, we perform
ablation studies on each reflectance component predicted
by our method in Fig. 11. The results verify that the pre-
dicted normal, specular, roughness maps are beneficial to
improve the quality of physically based rendering. While
good results were achieved, it’s important to note that our
reconstructed PBR maps may not be physically plausible,
as they weren’t supervised using ground truth PBR maps.
Multi-domain Codebook. As shown in Fig. 12, the input
and reconstruction results from the RGB and reflectance do-
mains demonstrate that the joint codebook has limited ca-
pability in recovering cross-domain data, leading to visible
artifacts and an over-smoothed face structure. By contrast,
our multi-domain codebooks achieve finer facial structure
and better reconstruction quality.

Swapper Module. In Fig. 13, we compare our swapping
module with state-of-the-art methods. As we can see, Sim-
Swap [7] and InfoSwap [18] encounter great difficulties in
the reflectance domain, generating obvious noises and arti-
facts in the results. Moreover, StyleGAN-based swapping
methods (e.g., E4S [46] and 3dSwap [40]) can only run
in the texture and diffuse domains as the patterns in Style-
GAN [29] and EG3D [6] are insufficient to cover other re-
flectance domains. By contrast, our approach achieves con-

Joint
codebook

Multi-
domain 3
codebooks' -

Figure 12. Reconstruction comparison of using joint and multi-
domain codebooks. Inputs are the same faces from PBR domains.

Input Texture Specular

Diffuse Roughness  Normal

SimSwap

InfoSwap

Figure 13. Cross-domain swapping comparison with other
methods (e.g., SimSwap [7], InfoSwap [18], E4S [46], and
3dSwap [40]). Input RGB face provides the source identity while
other reflectance data are the target.

sistent and high-quality swapping results on both RGB and
reflectance domains.

5. Conclusions and Discussions

In this paper, we present a novel monocular facial re-
flectance reconstruction method. By learning high-quality
multi-domain discrete codebooks, we can obtain a reliable
reflection prior from limited captured data. Our model uti-
lizes identity features as conditions to reconstruct multi-
view reflectance images directly from the multi-domain
codebooks and then stitches them together into a complete
reflectance map. Experiments demonstrate that our method
exhibits good qualitative and quantitative performance, and
excellent generalization to real-world images.

Broader Impacts. Although not the purpose of our work,
monocular facial reflectance reconstruction may potentially
be abused. Nevertheless, our method can be used for high-
quality reconstruction and rendering, opening new avenues
for faster avatar creation and promotion of the metaverse.
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