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Abstract

Unlike existing methods, we propose a disentangled representation Transformer
network (DRTN) for 3D dense face alignment and reconstruction. Unlike tra-
ditional 3DMM-based methods, in which the target parameters (i.e., shape, ex-
pression, and pose parameters) are individually estimated without considering
their direct influences on each other, although they are jointly optimized, our
DRTN aims by learning:-
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Abstract—In this paper, we propose a Disentangled Representation Trans-
former Network (DRTN) for 3D dense face alignment and reconstruction. Unlike
traditional 3DMM-based approaches that individually estimate target parame-
ters (shape, expression, and pose) without considering their direct mutual influ-
ences—although they may be jointly optimized—our DRTN aims to enhance the
semantic representation of facial attributes by learning the correlations among
different 3D facial attribute parameters. To achieve this, we present a novel
strategy for designing disentangled 3D face attribute representation, which de-
composes given facial attributes into identity, expression, and pose components.
Specifically, the estimation of 3D face parameters in the regression network
depends on the correlation with other face attribute parameters rather than
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being independent. The identity branch reinforces the learning of expression
and pose attributes by preserving the overall facial geometry structure while
keeping identity intact. Accordingly, the expression and pose branches main-
tain the consistency of their respective attributes, helping refine reconstruction
and alignment of facial details in large poses primarily through coupling with
other facial attribute parameters. Extensive qualitative and quantitative exper-
imental results on widely-evaluated benchmarking datasets demonstrate that
our approach achieves competitive performance compared to state-of-the-art
methods.

Index Terms—Face alignment and reconstruction, convolutional neural net-
works, disentangled representation learning, feature interaction, biometrics.

I. INTRODUCTION

3D face reconstruction is an essential topic in computer vision and graphics. The
human face is one of the most discriminative parts of the human body, with facial
features and contours containing abundant attributes and semantic information.
Single-view 3D face reconstruction aims to recover a complete facial geometry
shape from a given single-view image, which plays a significant role in many
visual analysis applications such as face recognition [?], face verification [?],
facial expression analysis [?], and facial animation [?].

However, many face images are affected by shooting angles and surrounding
environments. Problems such as partial facial occlusion and blurring occur,
resulting in distortion of reconstructed 3D faces. Therefore, how to perform
accurate 3D face reconstruction and facial landmark alignment under large face
poses, partial occlusion, and insufficient illumination remains an unsolved prob-
lem.

Conventional methods are mainly based on optimization algorithms, e.g., Iter-
ative Closest Point [?], Shape from Shading [?, ?], and Photometric Stereo [?].
Nevertheless, these face reconstruction techniques suffer from problems of local
optima, short model initialization, and high optimization complexity, making
the 3D face reconstruction process complex and costly.

With the rise of deep learning in recent years, CNN-based regression methods
[?, ?] have emerged and achieved remarkable success in 3D face reconstruction
and dense alignment. It is very challenging to reconstruct 3D face shapes from
2D images without prior knowledge, primarily because 2D data does not con-
vey clear depth information. A common approach to solving single-view 3D
face reconstruction involves using heat maps, which are regressed with input
RGB images by learning 3D face depth values through a residual network. A
video-based 3D cascade regression method has been developed by Jeni et al. [?].
This method generates a dense 3D shape in real-time from an input 2D face
image by estimating the position of a dense set of markers and their visibil-
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ity, then achieves dense 3D face alignment by fitting a partial 3D model. Xin
Ning et al. [?] proposed a real-time 3D face alignment method that uses an
encoder-decoder network with efficient convolutional layers to enhance informa-
tion transfer between different resolutions in the encoding and decoding stages,
achieving advanced performance.

Currently, several works perform face alignment by fitting 3D Morphable Mod-
els (3DMM) to 2D facial images. [?] fits a 3DMM using a single CNN in an
iterative manner, where the CNN augments the input channel with represented
shape features in each iteration. [?] uses multi-constraint training CNNs to
estimate 3DMM parameters and provides very dense 3D alignment. Lei Jiang
et al. [?] proposed a dual-attention mechanism and a practical end-to-end 3D
face alignment framework, constructing a stable network model through deep
separable convolution, densely connected convolution, and a lightweight channel
attention mechanism. This model-based 3D reconstruction method can easily
accomplish the task of 3D face alignment. However, these methods only use
deep networks to directly learn the relationship between 2D input images and
3D models without considering the integrity of correspondence between face
attributes. To address this, our model decomposes face attributes through a
unified deep learning architecture and automatically extracts useful feature in-
formation directly from pixels using complementary information between face
attributes. This approach infers face contours in invisible regions and improves
face alignment in large poses.

B. 3D Face Reconstruction

Initially, 3D face reconstruction was mainly used in medical applications for hu-
man head diagnosis, typically done by scanning faces with a 3D scanner [?, ?] to
obtain shape, structure, and texture information for reconstructing a complete
3D face. Although reconstructing 3D faces using scanners is more accurate, the
entire implementation process is complicated and time-consuming. Therefore,
Volker Blanz et al. [?] proposed the 3D Morphable Model (3DMM). The 3D mor-
phable model is built based on a 3D face database, using face shape and texture
statistics as constraints. The influence of pose and illumination factors on the
facial reconstruction process is considered to make the generated 3D face model
more accurate. Later, Paysan et al. [?] proposed a Basel Face Model (BFM)
based on the original 3DMM with improved alignment algorithms for higher
shape and texture accuracy. However, most of these methods establish vertex
correspondence between the input image and the 3D model through complex
fitting processes.

Recent methods bypass problems associated with constructing and fitting 3D
deformation models by using a single 2D face image to regress the volume of
3D face geometry for reconstruction. These methods are no longer restricted to
the model space but require complex network structures and considerable time
to predict voxel data. Recently, some works decompose a given 3D face into
identity and expression parts and encode them nonlinearly to achieve 3D face re-
construction with remarkable results. However, these methods do not consider
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the interaction between face attributes and only estimate attributes individ-
ually during parameter regression. Unlike the above methods, our approach
enhances semantically meaningful face attribute representation and directly ob-
tains complete 3D face geometry and its corresponding information by learning
the correlation of different 3D face attribute parameters.

III. PROPOSED METHOD

In this section, we first introduce a 3D face model with latent representations
and design our approach based on it. Then we propose a transformer-based joint
learning pipeline for encoders and decoders. Finally, we provide specific imple-
mentation details of this face attribute branching method, including network
structure, training data, and training procedure.

A. A Composite 3D Face Shape Model

The 3D Morphable Model is one of the most successful methods for describing
3D face reconstruction. In this work, we adopt a common practice in 3DMM [?],
representing a 3D human face as a combination of shape and expression. Each
3D face shape is represented as the concatenation of its vertex coordinates:

S = ['Tlv Y1521, L2 Y2522, 5 Ly Yns Zn]T
where n is the number of vertices in the 3D face point cloud, and T denotes
transpose. S; = (x,,y;, 2;) represents the (z,y, z) coordinates in the Cartesian

coordinate system. In this paper, we use a 3D Morphable Model (3DMM) [?]
to recover the 3D geometry of a human face from a single image.

We use the 3DMM PCA model to represent the face geometry Sy oqe 85

S]\/Iodel =S + ASid + AEewp =S + Aidaid + Bezpﬁewp

where S € R®" is the mean geometry, AS;; is the identity-sensitive difference
between S and Sy/,4., and AE,,,, denotes the expression-sensitive difference.
A;; and o, are the identity basis and identity parameters of the face, while
B.,, and B, are the expression basis and expression parameters. S and A, are
learned from the Basel Face Model [?], and B,,,, is obtained from FaceWarehouse

[7].
In the 3D face fitting process, we use weak perspective projection to project the
3D face onto the 2D face plane:

Clp)=f-Pr-R-S+t
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where C is the geometry projected in image coordinates, f is a scale factor,
Pr is an orthogonal projection matrix, R is a rotation matrix consisting of 9
parameters, and ¢ is a translation vector. We can thus transform the 3D face
reconstruction problem into a face parameter regression problem. We have 62
parameters to regress for the 3D face model, where the pose parameter v,,,,. =
[f, R, t], so the complete set of model parameters is p = [v040; Qigs Begp)”

B. Transformer Module

Previous approaches [?] used disentangled representation to extract individual
face attributes from face images. However, these approaches cannot simultane-
ously model shape, expression, and texture without decomposing the underlying
representation into relevant factors such as identity and expression while pre-
serving identity information. Therefore, we use an encoder to extract three
different sets of features: identity, expression, and pose. Inspired by [?], the
Transformer architecture can extract global information from input features
and implement information exchange within each entry, whereas the small re-
ceptive field of convolutional neural networks can only mine local information.
To achieve an effective combination of global and local information, we intro-
duce the Transformer module inside the encoder and decoder. This module can
obtain global representation from shallow layers and extract geometric struc-
ture information of the face. Additionally, it can capture more similarity of face
attributes between shallow and deep representations and extract deep facial
semantic information.

As shown in [Figure 2: see original paper], we introduce the Transformer module
inside the encoder and decoder, which plays a vital role in the 3D face space.
Semantic features in the image are extracted layer by layer inside the encoder in
a structured manner through multi-layer convolutional connections with Trans-
former blocks. Specifically, the encoder module consists of four layers and a
Transformer structure. First, the input face image is convolved by a 3 x 3 Conv
layer to obtain initial face features. Then the encoder network extracts these
initial face features layer by layer to gradually increase the number of feature
channels. Finally, the Transformer block maps features to a high-dimensional
space, where the Transformer structure encodes the face as a series of 2048 x 7 x 7
feature sequences.

Additionally, while the traditional Transformer structure uses a self-attention
mechanism to directly compute attention weights at each position through cer-
tain operations and then compute the implied vector representation of the entire
sequence as a weighted sum, this self-attention mechanism has the drawback of
overly focusing on a single attribute position when encoding information at the
current position. Therefore, we use a multi-head attention mechanism to learn
different attribute behaviors of faces and combine these behaviors with differ-
ent face attributes as knowledge. The aim is to capture dependencies between
individual attributes of the face within a sequence and improve subspace repre-
sentation.
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Moreover, to preserve the local features of the face image and not destroy its
spatial structure, in the decoder we do not encode the image with position
vectors as in the TRT-ViT [?] approach. Instead, we convolve the passed face
feature sequence by 1x1 Conv and then input the obtained feature sequence into
the Transformer structure. Subsequently, the Transformer module transforms
the input face attribute features dimensionally, examines the distribution of
each face attribute from the feature space, and calculates correlations between
face attribute feature points.

C. Attribute Decomposition Representation

Single-view 3D face reconstruction aims to obtain estimates of shape «;,, expres-
sion f3,,,, and pose parameters v, given an input image I. Various attribute
sources in the face may lead to variability in facial reconstruction. For example,
expressions may cause distortion of geometric contours. Therefore, our goal
is to obtain the representational values of each latent attribute from the face
image through a function F; given input image I:

(Eid7 Eewp’ Epose) = FZ(I7 Qs Be;r;m Upose)

where a,q, Beqp, and v,,,. are the identity, expression, and pose parameters

involved in F,. Typically, the latent face attributes E,,, E‘exp, and Epose are
represented in much lower dimensions than the input 2D face image I and output

3D face shape S.

Alternatively, previous approaches extracted shape, expression, and pose at-
tribute information independently given input image I:

E,,=F;

K2

d(Iv aid)? Eemp = Fezp(j; aezp)? Epose = Fpose (I’ apose)
However, this simple feature extraction does not consider correlations between
face attributes but only decomposes low-dimensional 3D faces across attribute
variables.

We designed a Disentangled Representation Transformer Network (DRTN) to
solve this problem. The network structure is shown in [Figure 3: see original
paper], where dependencies between face attributes are learned through regres-
sion from identity, expression, and pose branches. The specific learning of face
attributes for each branch is described below.

Identity Branch: One branch of the identity component aims to enhance learn-
ing of expression and pose attributes by preserving the overall facial geometry
structure while keeping identity unchanged. In the identity branch, we explic-
itly model individual face attribute dependencies, where joint expression and
pose attributes are decomposed under the condition that the identity attribute

E,, = F,;(I; a;;) remains consistent:
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Eid7ewp = Fid7ewp(ﬁe:vp7 [ E )
id,exp,pose — Fid,ewp,pose( pose’ I’ E Ezd ezp)
Eid,pose = Fid,pose( pose’ I Ezd)

Eid,pose,emp = Fid,pose,emp(ﬂea:p’ I Ezd7 Ezd pose)

We formulate the learning process of these parameters with three autoencoders

Eiy, Eeyp, and E,, .. E,, is the identity attribute information learned from
input image I after passing through E,;. E,, -exp 18 the expression information

obtained by E.,,, encoder learning based on identity attribute B,y E

id,exp,pose

is the pose informatlon learned by the F encoder based on E; Similarly,

_ pose id,exp”
E

id,pose 1S the pose information obtained by E, encoder learning based on

pose
is the expression information obtained by
E,,, encoder learmng based on Em,pose- F,(-) represents the learnable encoder

among autoencoders that have undergone different processing orders.

identity property E,;. E

id,pose,exp

Although this method can effectively solve the problem of non-interactive in-
formation between face attributes, parameter estimation using this sequential
decomposition approach is somewhat scattered. To address this, we use a cou-
pled variable method to fuse expression and pose attribute information under
identity invariance, with the fused attribute representation value defined as:

N~

(aid’ /86$p7 Upose) = Eid ® Eid,ewp ® Eid,ewp,pose

T<aid’ Upose’ 561}])) = Eid ® Eid,pose ® Eidmose,exp
where T(0g, Beoaps Upose) 1A T(0g, Vposes Beyp) TePresent the face expression
and pose features obtained after facial attributes pass through different en-
coder networks based on identity consistency, and ® denotes the element-wise
Hadamard product.

Expression Branch: Correspondingly, the expression branch couples iden-
tity and pose attributes to refine facial detail reconstruction while preserving
expression attribute consistency E,,, = F,,,(I; 8,,,)- Its joint attribute decom-
position is expressed as:

Eewpﬂ‘d = Fewp7id(aid; I7 Eemp)

exp,id,pose — Fea:p,id,pose( pose’ I Eewp’ Eezp,id)
Eewp,pose = Fexp,pose( pose? i1 Eezp)
Eezp,pose,id = Fea:p,pose,id( ids I Eea:p’ Ee:rp,pose)
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where E_’emp is the expression attribute information obtained from input image
I after E,,,, encoder learning. Eezp’id is the identity information obtained by

E,, encoder learning based on expression attribute E‘ezp. E is the pose

exp,id,pose

information obtained by E,; encoder learning based on E Similarly,

exp,id,pose*
E.yp pose 18 the pose information obtained by E,, .. encoder learning based on
expression property Eewp. Eegjpmosmd is the identity information obtained by
E,,; encoder learning based on E_'expmose. The representation values of identity

and pose attributes under constant expression are:

T(ﬂezpa Qg Upose) =k

zp ® Eexp,id ® Eerp,id,pose
T(ﬂerpa Uposev aid) = Eexp ® exp,pose ® Eezp,pose,id
where T(ﬁezp, Qs Upose) and T(ﬂmp, VUpose» Qiq) Tepresent the face pose and iden-
tity features obtained after facial attributes pass through different encoder net-
works based on expression consistency.

Pose Branch: The pose branch aims to improve 3D face landmark alignment
by coupling identity and pose attributes while preserving pose attribute con-
sistency Eppse = Fpose(15Upose)- 1ts joint attribute decomposition is expressed
as:

Epose,id = Fpose,id(aid; Iv Epose)

Epose,id,ewp = Fpose,id,ewp (ﬁexp; I? Epose’ Epose,id)
Epose,ewp = Fpose,exp(ﬁewp; I’ Epose)
Epose,ewp,id = Fpose,exp,id(aid; I’ Epose’ Epose,ea:p)

where E, .. is the pose attribute information obtained from input image /

after B, learning. FE, .. ., and Eposmw are the identity and exprefsion
information obtained by E,; and E,,, encoders based on pose attribute E,,..

Epose,id,ezg is the expressioniinformation obtained by E,,, encoder learning
based on E,, . ;4. Similarly, E}, .. ..., ;q is the identity information obtained by

E;; encoder learning based on E,, . ..,,- The standard attribute representation
values of identity and expression under constant pose are:

T(Upose7 Qs ﬂewp) = Epose ® Epose;id ® Epose,id,ea:p

T(Upose7 Bewp’ aid) = Epose ® Epose,emp Y Epose,ea:p,id
where T(Vyose: Qigs Beap) 1A T(Vpyeer Begps Qig) Tepresent the face expression
and identity features obtained after facial attributes pass through different en-

coder networks based on pose consistency.
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Fusion Module: To reconstruct a more realistic and complete 3D human
face, we extract face information related to each attribute from the identity,
expression, and pose branching networks, then use the fusion module to merge
these attributes to complete accurate 3D face reconstruction. This ensures
the validity of face attribute decomposition. Additionally, face images passing
through low-level networks typically have higher resolution and contain more
detailed information. Therefore, we introduce shallow face attribute information
from each branch in the fusion module to better refine facial details. The face
attribute features of the fusion module are represented as:

Gi = Ti(R<T(aid7 Be:v;m Upose)’ T(aid’ Uposw Bea:p)7 T(ﬁezgﬂ Qg Upose)’ T(ﬁexp’ Uposeﬂ aid)’ T(Upose? Qs Bewp)7 T(Up

where T;(-) denotes feature information after fusion of face attributes, R(-) de-
notes fusion of identity, expression, and pose attributes, and G,(-) is the final
feature output after fusion.

D. Objective Loss Function

In the face attribute branching network, we introduce four learning objectives
for model training. For learning face attribute parameters, we constrain from
three parts: identity, expression, and pose. To improve the network’ s effective
learning of identity attributes, we optimize parameters o, by minimizing the
vertex distance between predicted face geometry and ground truth 3D face:

Lig= ||S

model = Smodetl = [88:q — ASigll = (Azqctiq — Asadia) |2

where a;; denotes the predicted face identity parameter, &;, is the ground truth
parameter, and A,; is the identity basis of the 3D deformation model PCA.
Additionally, different a,;; dimensions and singular values affect face geometry
differently. Therefore, the L,; constraint on identity information can reduce the

influence of essential dimensions, especially those with large singular values.

Similarly, to refine facial expression details, we use expression consistency loss
to enhance expression preservation:

Lewp = ”AEewp - AEexp” = H(Bea:pﬁea:p - Bea:pBewp>”

denotes the predicted face expression parameter, B_mp is the ex-

is the expression basis of the 3D

where 3.,
pression ground truth parameter, and B,
deformation model PCA.

P

Since face pose has limited degrees of freedom, to simplify computation we
constrain pose estimation through facial landmark loss:

Lp = ”(f'PT'R"gmodel +t) - (.f'Pr'R"§7rLodel +E)”2
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where v,,,,. = [f, R, t] is the predicted pose parameter and v,,,,, = [f, R,1] is the
ground truth pose parameter. This further improves face landmark alignment

accuracy under significant pose conditions by constraining pose parameters.

Although L4, L.,,, and L, loss functions provide strong constraints on iden-
tity, expression, and pose attributes across the three branches, reconstructed 3D
faces still lack geometric contour constraints. Therefore, we use sparse 2D face

landmark constraints to improve reconstructed geometric contour information:

Les =[(f-Pr-R-Sgg+1t)—(f-Pr-R-Sgg+1)],

The final loss function L is defined as:

L= AidLid + AexpLexp + /\pr + )‘68L68

where A;j, Aczps Aposer and Agg are weights to balance these constraints.

IV. EXPERIMENTS

In this section, we perform several experiments and ablation studies on DRTN
using different settings on three extensively evaluated datasets—300W-LP [?],
AFLW2000-3D [?], and AFLW [?]—to demonstrate the method’ s effectiveness
in 3D face reconstruction and dense face alignment. Additionally, we evaluate
the generalization performance of DRTN on the HELEN [?], LS3D-W [?], and
CelebA [?] datasets.

A. Implementation Details

We use the PyTorch [?] deep learning framework to train the DRTN model. For
training, face regions are cropped according to ground truth 3D facial landmarks
and scaled to 256 x 256 as network input. Throughout branching network train-
ing, increasing network layers and parameters slows neural network training and
occasionally causes overfitting to the training set, potentially preventing deep
cascade regression networks from learning useful information from overfitted
samples. To better balance learning weights of each branch parameter, we set
loss weights of \;; = 1.0 x 1073, Aezp = 1.0 X 10~*, and Apose = 1.0 % 1074 after
extensive experimental tuning.

All training and testing experiments were conducted on a PC with NVIDIA
GeForce GPU and CUDA 11.2. The SGD solver was used with a minimum
batch size of 128 and initial learning rate of 0.03. Our training set contained
687,854 face images, including 122,450 natural face images and 565,404 synthetic
face images. Natural face images are from the 300W-LP [?] dataset, extended
using various data augmentation algorithms. We performed a total of 70 training
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batches, reducing the learning rate to 0.02, 0.004, and 0.0008 after 30, 40, and
60 batches, respectively.

B. Datasets

The proposed DRTN is trained on 300W-LP [?] and evaluated on five popular
datasets: AFLW [?], AFLW2000-3D [?], LS3D-W [?], and CelebA [?].

300W-LP: The 300W-LP dataset [?] is used to train our model, extended
from 300W by standardizing multiple alignment datasets with 68 landmarks,
including AFW [?], LFPW [?], HELEN [?], IBUG [?], and XM2VTS [?].

AFLW2000-3D: AFLW2000-3D [?] is constructed to evaluate 3D face align-
ment on challenging unconstrained images. This dataset contains the first 2,000
images from AFLW and expands its annotations with fitted SDMM parameters
and 68 3D landmarks. We use this dataset to evaluate our method’s performance
for face alignment and reconstruction tasks.

AFLW: AFLW [?] is a large-scale face dataset including multiple poses and
views, commonly used to evaluate facial landmark detection effectiveness. The
dataset has 25,993 face images with 21 landmarks annotated per face, though
landmarks are not annotated for invisible regions. The dataset also includes
face pose angle annotations obtained from average 3D face reconstruction. Most
AFLW images are color images, with a few grayscale images; 59% are female and
41% are male. This dataset is well-suited for multi-angle multi-face detection,
landmark localization, and head pose estimation, making it essential for face
landmark alignment research.

LS3D-W: LS3D-W [?] is a large-scale face alignment annotation dataset cre-
ated by the Computer Vision Laboratory at the University of Nottingham. Face
images are from AFLW [?], 300-VW [?], 300-W [?], and FDDB [?]. Each face
image contains 68 annotated landmarks, totaling approximately 230,000 accu-
rately labeled face images.

CelebA: CelebA [?] is a large-scale face attribute dataset containing over 200K
images, each with 40 attribute annotations. Images cover extensive pose varia-
tions and complex backgrounds. The CelebA dataset includes 10,177 identities
and 202,599 face images.

C. Evaluation

For face alignment and reconstruction, we quantitatively evaluate performance
using NME2d and NME3d metrics:

N .
X v = v,

NME,, = S
=1"1J

N _
Zi:kl |‘/;3d B ‘/;3d||2
Ny
Zi:l Sj

NME,, =
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where V¢ and V*? denote estimated 2D landmarks and 3D vertices, and V2%
and V>? are ground truth landmarks and vertices for N, test images. D; and
S; are the diagonal sizes of the face region in image space and 3D coordinate
space, respectively. NM E,; evaluates normalized 2D facial landmark prediction
error, while NM E,; evaluates normalized 3D face geometry estimation accuracy.
Due to ambiguity in weak perspective projection reconstruction results, different
methods have some ambiguity in the z-axis direction. We use rigid translation
along the z-axis to align each result with ground truth.

D. Analysis of 3D Face Alignment Results

We quantitatively evaluate face landmark alignment performance using normal-
ized mean error NM E, (%) on AFLW2000-3D [?] and AFLW [?] datasets. We
divide the test set into three subsets based on absolute yaw angle: [0°,30°],
[30°,60°], and [60°,90°]. Our DRTN was compared experimentally with cur-
rent state-of-the-art methods [?, 7, 7, 7, ?]. Results are shown in , with best
results in each category highlighted in bold (lower values are better). [Figure
4: see original paper| shows corresponding CED curves, comparing our DRTN
only with methods having available code from Table 1. Other methods are not
comparable primarily due to lack of open-source code.

Compared to benchmark methods [?, 7, ?, 7, 7, 7], the DRTN method achieves
lower normalized mean error on AFLW [?] and AFLW-2000 [?] datasets. Ex-
perimental results show that DRTN significantly improves 3D face landmark
alignment accuracy across the full pose range, with robust landmark alignment
even under large pose conditions.

[Figure 5: see original paper| shows our method’ s 3D face landmark alignment
results on AFLW [?] and AFLW2000-3D [?] datasets. The advantage of using
3DMM over other geometry representations is that normal mapping can asso-
ciate semantic facial landmarks with corresponding points in reconstructed ge-
ometry. Visualization results demonstrate that DRTN significantly outperforms
3DDFA [?], DAMDNet [?], GSRN [?], MARN [?], and MFRRN [?] methods for
3D face landmark alignment under large pose, extreme expression, and occlusion
conditions, particularly for eyes, mouth, and face contours. Qualitative results
show that our DRTN method significantly improves network learning of face
attribute features in complex environments, thereby enhancing face landmark
alignment accuracy.

E. Analysis of 3D Face Reconstruction Results

The AFLW dataset is unsuitable for evaluating 3D face reconstruction because
recovering 3D faces from annotated visible landmarks usually leads to ambiguity
problems. To validate our model’ s effectiveness in 3D face reconstruction, we
compare 3D normalized mean error NM Es5;(%) on the AFLW2000-3D dataset,
as shown in (first-best results in each category highlighted in bold; lower is
better). Table 2 results show that our DRTN method outperforms state-of-the-
art methods [?, ?, 7, 7, ?] for face reconstruction in both medium and large poses.
Compared to recent MARN [?], DRTN reduces NMFEs5,(%) by 3.2%, 3.9%,
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and 4.9% at offset angles [0°,30°], [30°,60°], and [60°,90°], respectively. Our
method significantly improves prediction accuracy at large offset angle [60°,90°],
indicating the model can accurately reconstruct 3D faces in small, medium, and
large poses. These results fully validate the robustness of our DRTN algorithm
for reconstruction tasks under large pose conditions.

Visualization results are shown in [Figure 8: see original paper]. Our DRTN
method reconstructs 3D faces with clear texture and natural expressions under
large poses, extreme expressions, and partial occlusion. As shown in [Figure 9:
see original paper|, DRTN achieves more geometrically accurate reconstructed
facial geometry compared to current state-of-the-art methods, particularly re-
garding local details of eyes, mouth, and wrinkles. Methods such as 3DDFA [?],
DAMDNet [?], MARN [?], and MFIRRN [?], due to lack of face attribute corre-
lation learning, cannot reconstruct faces with fine expression details. Therefore,
our DRTN approach offers significant advantages for high-fidelity 3D facial re-
construction under large poses, occlusion, and extreme expressions.

[Figure 6: see original paper] shows the corresponding CED for 3D face recon-
struction, intuitively proving that DRTN can achieve accurate 3D face recon-
struction.

To further demonstrate our method’ s effectiveness on face reconstruction in
large poses, we regard the entire AFLW2000-3D as the test set and divide it
into three subsets according to absolute yaw angles: [0°,30°], [30°,60°], and
[60°,90°] with 1,312, 383, and 305 samples respectively. [Figure 7: see origi-
nal paper| shows CED curve results from left to right for small pose [0°,30°],
medium pose [30°,60°], and large pose [60°,90°]. Comparing CED curves, our
method demonstrates improvement even under unconstrained large pose con-
ditions. Compared with GSRN [?], DRTN reduces NM E,,;(%) by 1.0% and
6.6% at medium pose [30°,60°] and large pose [60°,90°], respectively, further
validating the superior 3D reconstruction capability of our DRTN model under
complex occlusions.

F. Ablation Experiments

To verify the effectiveness of each attribute branch module in DRTN, presents
ablation experiments on the AFLW-2000 dataset, where normalized mean er-
rors of face landmark alignment and reconstruction are NM E,p and NME;p,
respectively. Comparing the first four rows of Table 3 shows that networks with
face pose, expression, and identity attribute branches achieve lower reconstruc-
tion and alignment errors than the baseline model without any face attribute
branches. These results demonstrate that disentangled representation of face
attributes can improve the model’ s attribute learning ability and robustness.

Additionally, rows 2-4 of Table 3 reveal that the identity attribute model out-
performs expression and pose attribute models in single-branch face attribute
networks because training dataset labels contain more identity attribute pa-
rameters than expression and pose parameters. Therefore, when labels contain
more annotation information in a single-branch face attribute network, it is
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more beneficial for the network to learn attribute parameters. Similarly, rows 5-
7 show that network models using two-branch face attributes achieve lower face
alignment and reconstruction errors than single-branch face attribute networks.
These results further indicate that using disentangled face attribute represen-
tation can improve network learning of face attribute features. Finally, error
results demonstrate that our DRTN method shows good attribute learning abil-
ity in face alignment and reconstruction, primarily because information between
face attributes is correlated rather than existing singularly. We can enrich face
reconstruction details through attribute correlations.

To further demonstrate the role of face attribute branching networks in face land-
mark alignment and reconstruction, we visualize results for each branch network
in [Figure 10: see original paper]. The reconstructed high-fidelity 3D face and
geometry results show that 3D faces reconstructed by our DRTN method have
natural expressions, fit original image shapes well, and exhibit clear facial edge
geometry and five-feature contours.

We visualize reconstructed 3D faces of each model as heat maps, which show
that our method produces more realistic 3D faces with fewer errors. Regarding
3D face landmark alignment, DRTN also achieves higher landmark alignment
accuracy than other face attribute branching models in large poses. Other face
attribute branching networks lack mutual learning between attributes during
parameter learning. Although these networks learn independent face attributes
well, reconstruction and alignment accuracy in complex and diverse situations
could be improved because 3D faces are not linear models. In contrast, the
DRTN model incorporates identity, expression, and pose information, demon-
strating good stability in reconstructing unconstrained scenes.

G. Visualization Experiment on LS3D-W

This section compares qualitative results of our DRTN method with state-of-
the-art methods on LS3D-W [?]. [Figure 11: see original paper] shows 3D face
reconstruction and landmark alignment results in complex scenes with insuffi-
cient illumination and large face poses. The red dashed box demonstrates that
DRTN achieves higher reconstruction accuracy than 3DDFA [?], DAMDNet [?],
MARN [?], and MFIRRN [?] models in high-fidelity 3D face reconstruction,
particularly in facial feature contours, validating that our model better cap-
tures local details and geometric contour information. LS3D-W [?] is collected
in highly unconstrained complex environments with varying illumination and
face offset angles. The blue dashed box shows face landmark alignment results,
where DRTN maintains good alignment performance even under self-occlusion
and low-light conditions. These excellent results verify the powerful 3D re-
construction capability and landmark alignment accuracy of the face attribute
disentangled representation method.

H. Qualitative Results on CelebA and Casual Photos

To further validate DRTN’ s generalization ability on other datasets, we evalu-
ated it on casual photos and CelebA [?]. As shown in [Figure 12: see original
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paper], face images in the green dashed box show CelebA [?] results, while those
in the red dashed box are from random life photos and anime character pho-
tos. Our DRTN accomplishes accurate landmark alignment and fine 3D face
reconstruction on both datasets, reflecting good generalization ability. Because
DRTN enables the network to learn correlations between identity, expression,
and pose attributes and fuse underlying information between face attributes, it
can reconstruct accurate high-fidelity 3D faces and perform 3D face landmark
alignment.

V. CONCLUSION

In this paper, we propose a Disentangled Representation Transformer Network
capable of recovering detailed 3D faces in unconstrained environments and per-
forming dense face alignment more accurately. Our DRTN method enhances
network learning of latent face attribute information and addresses effects of
facial expression, head pose, and partial occlusion on reconstruction and land-
mark alignment. Quantitative results show that DRTN is more accurate than
state-of-the-art dense face alignment and 3D reconstruction methods. Addition-
ally, extensive qualitative experiments demonstrate that DRTN can successfully
reconstruct high-fidelity 3D faces from 2D images with rich details and strong
generalization ability. In future work, we will further investigate the proposed
method for 3D face reconstruction in videos and cartoon character reconstruc-
tion to evaluate its generalization capability more comprehensively.
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