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Abstract

In computer vision and graphics applications, the precise representation of 3D
faces is of critical importance. This paper proposes a novel 3D deformable face
model that learns complex continuous spaces through implicit representation.
Firstly, multi-scale context features are extracted from the input image by us-
ing a dense dilated convolution branch, capturing both global semantics and
local geometric details. Then, through position encoding and gated fusion, an
adaptive mapping between image features and 3D spatial coordinates is achieved.
To enhance the implicit decoding capability, local expert decoders are con-
structed, and spatial regularization constraints are introduced to ensure the
local continuity and geometric smoothness of the implicit field. Experiments
show that this method performs well on the FaceScape dataset, with a chamfer
distance of 0.553 and an F-score of 93.74. It also demonstrates high-fidelity
details in 3D face reconstruction when compared with multiple classic algo-
rithms.
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1. Introduction

Three-dimensional face reconstruction (3D Face Reconstruction) [1]-[3] has be-
come a fundamental research direction in computer vision and digital human mod-

eling, aiming to accurately recover the 3D geometric structure and deformation at-
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tributes of human faces from two-dimensional images. The 3D Morphable Face
Model (3DMM) [4], first proposed by Blanz and Vetter, is a well-known statistical
representation that provides a general framework for facial modeling. The 3DMM
leverages the non-rigid iterative closest point (NICP) algorithm [5] to register a
known template mesh to all training scans, and was later extended into multilinear
formulations. The FLAME model [6], for instance, represents facial expressions
through the combination of jaw articulation and linear expression blendshapes.
Further extensions [7]-[9] introduced multilinear decompositions that encode
various facial modes independently. However, due to the inherently limited rep-
resentational capacity of linear models, these methods struggle to handle complex
and nonlinear variations in facial geometry.

With the rapid development of deep learning, nonlinear 3DMM approaches
based on neural networks have emerged. These methods [10] are capable of learn-
ing 3D facial representations directly from large-scale, unconstrained 2D datasets.
Models such as DECA [11] and PRNet [12] achieved notable progress in data-
driven facial feature extraction. Bagautdinov et al [13] further mapped 3D meshes
into 2D domains, while others applied spiral convolutions to directly learn 3DMMs
from mesh data. Despite their progress, these neural approaches are built upon dis-
crete 3D representations, which limit their ability to model complex deformations.
Furthermore, because of the dimensional constraints inherent to these models,
they often lack high-frequency geometric details and fail to achieve high-fidelity
reconstruction.

To address these limitations, implicit representation-based methods [14]-[17]
have recently demonstrated superior spatial continuity and topological flexibility,
becoming a promising alternative for 3D face reconstruction. These methods im-
plicitly represent facial surfaces by learning continuous signed distance functions
(SDFs) [18] or occupancy fields [19] from low-dimensional shape embeddings of
observed inputs. The continuous parameterization and unified representation en-
able implicit models to outperform traditional mesh- or voxel-based methods in
geometric consistency and fine-grained detail reconstruction, achieving impres-
sive results in both shape recovery and surface registration. For instance, NPHM
[20] introduces a parametric head model using local implicit fields to represent
identity and a global conditional implicit neural representation (INR) for expres-
sion deformation. However, its capacity to capture high-frequency facial details
remains limited by the global conditioning network. H3D-Net [21] constructs an
implicit head shape space from 2D inputs but cannot serve as a general model.
I3DMM [22], the first implicit deformable model for human heads, achieves effi-
cient reconstruction through disentangling global deformation and local details,
yet still suffers from low-quality reconstruction in facial regions. Mildenhall et al
[23] employ differentiable volume rendering to learn deformable radiance fields,
but their density-based geometry representation tends to introduce geometric noise.
ImFace [18] combines implicit representations with 3D facial identity embeddings

to enable structural priors shared across individuals; however, as it relies solely on
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coordinate-based and implicit embeddings, it lacks multi-scale semantic features
extracted from images and fails to effectively leverage global contextual cues for
shape recovery.

In this paper, we propose a novel 3D face reconstruction framework that sub-
stantially upgrades the traditional 3DMM by integrating multi-scale image encod-
ers and implicit neural representations (INRs). Independent INR subnetworks are
designed to separately model identity and expression, while incorporating feature
sampling [24] and positional encoding to enhance detail learning. Furthermore, a
mixture-of-local-experts decoder, composed of multiple MLPs, adaptively parti-
tions and models complex fine-grained facial details.

The main contributions of this work are summarized as follows:

1) Multi-scale feature extraction: We construct a multi-scale image encoder
based on dense dilated convolutions, which enhances facial responses at different
scales. This design enlarges the receptive field while preserving spatial resolution,
thereby enabling joint modeling of global structures and local textures to capture
fine-grained facial details.

2) Disentangled implicit deformation fields: The signed distance field is decom-
posed into two sub-fields representing identity and expression, respectively. A mix-
ture-of-experts structure partitions the implicit field into multiple local subspaces,
allowing each to learn independent implicit mappings. This alleviates overfitting
and generalization issues often encountered by single-MLP representations in high-
dimensional spaces.

3) Spatial regularization: A spatial regularization term is introduced to con-
strain the SDF prediction differences between neighboring points, ensuring that

the implicit field remains spatially continuous and physically interpretable.

2. Method

We employ implicit neural representations (INRs) to learn a nonlinear 3D facial

model, where the facial geometry is formulated as a conditional continuous signed
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Figure 1. Algorithm flowchart.
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distance function (SDF). To enhance detail fidelity and spatial stability, we incor-
porate multi-scale image features, implicit query embeddings, and a spatially reg-
ularized adaptive local-expert decoder. The overall framework of the proposed
method is illustrated in Figure 1.

2.1. Multi-Scale Contextual Feature Extraction

In previous implicit representation frameworks, the conditioning of 3D query
points typically relies on latent codes and sparse keypoint localization, while lack-
ing direct guidance from 2D image features. This absence of image-level condi-
tioning limits the recovery of high-frequency textures and geometric details, and
may amplify projection ambiguities in single-image reconstruction.

To bridge this gap, we introduce a multi-scale contextual feature extraction mod-
ule. Specifically, a pre-trained ResNet-50 [25] backbone is first employed to ex-

tract mid-level feature maps F e R"/&W/&C

that capture hierarchical facial struc-
tures—such as landmark distributions and preliminary texture patterns H/8x H /8
—while maintaining spatial resolution across multiple scales. Before feature ex-
traction, a Dlib-based facial alignment module [26] is applied to normalize the input
image into a 256 x 256 canonical frontal view, ensuring geometric consistency
across samples.

To further aggregate contextual details and enrich semantic information, we
design a multi-branch dilated convolutional module with dense connections. This
structure effectively reduces channel redundancy and enhances receptive field di-
versity for facial geometry optimization. We set the number of branches to K = 5,
with a dilation rate sequence of r ={r, }kK:1 ={1,6,12,18,24} , thereby covering re-
ceptive fields ranging from local to global contexts. The outputs of all branches
are concatenated along the channel dimension to form a unified multi-scale rep-
resentation that encodes both fine-grained and large-scale contextual cues for
subsequent implicit modeling.

The extracted image features are sampled through a weak-perspective projec-
tion, where the camera intrinsic K € R*® and extrinsic parameters [R | t] are
estimated from 2D facial landmarks via a least-squares optimization. Each 3D
query point P is projected onto the corresponding UV coordinate
(uv)= 7[( p;K,[R |t]) on the image plane. To mitigate depth ambiguity and
sampling artifacts, we adopt a Gaussian-weighted 3 x 3 neighborhood sampling
strategy, which aggregates local contextual information around each projected lo-
cation, formulated as:

fing(P)= 2 @y M(UV)e RC (1)

(u’,v’)EN(u,v)

where, N(u,v) denotes the neighborhood centered at the projected point (u,v),

J(w-uv v

5 Z represents the Gaussian weighting co

and @y = XD .

efficient for each sampled pixel. This sampling strategy primarily facilitates 2D -
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3D alignment, providing image-guided supervision for the deformation field to
enhance the consistency between image features and 3D geometry.

The multi-scale feature maps M are obtained through global average pooling
across all dilated convolution branches, followed by a fusion convolution layer
that aggregates contextual information from multiple receptive fields. The result-
ing feature maps are downsampled via bilinear interpolation to a fixed network
resolution, effectively reducing computational complexity while preserving essen-
tial semantic cues.

Branches with low dilation rates focus on capturing local fine-grained details,
whereas those with high dilation rates integrate global structural contours, thereby
alleviating the detail loss typically caused by purely latent-code-based implicit rep-
resentations. The proposed multi-scale feature extraction module thus provides
rich multi-scale correlations between local and global facial regions, serving as a
strong prior for implicit field learning.

Implicit Query Encoding

The core concept of implicit neural representations (INRs) is to train a neural
network to approximate a continuous function f , which represents a 3D surface
implicitly via its level set formulation. In this work, we employ a deep signed dis-
tance function (SDF) conditioned on latent embeddings of expression and iden-
tity to achieve a comprehensive and disentangled facial representation. For each

spatial query point X € R®, the network outputs a signed distance value:
£ 1(D)Zop 2 ) € ROXR™ xR% 1> 5 € R @)

where, peR® denotes the spatial coordinate of the query point in 3D space,
while z; and Zz,, representthe identity and expression deformation fields, re-
spectively. The identity and expression deformation fields are constructed by first
mapping each sampled point p into a canonical geometric space. The identity field
receives only the canonical coordinates together with the identity latent code as
input, and is responsible for modeling the stable and person-specific facial struc-
ture. The expression field is driven solely by the expression latent code and pre-
dicts localized displacement residuals, whose outputs are combined with the iden-

tity field’s canonical geometry to obtain the final dynamic facial surface.

Zid resize
cat o °
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Zexp MLP Generated
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Figure 2. Landmark-Net.

The latent codes are disentangled into identity and expression components through
independent multilayer perceptron (MLP) projections. Each MLP consists of three

fully connected layers activated by ReLU functions, with shared parameters to en-
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hance model generalization. As shown in Figure 2, a Landmark-Net module is
designed to determine the spatial position of query points p within the neural
blend field. By conditioning on the input identity latent code, the network pre-
dicts a set of canonical facial landmarks, denoted as | = 77( Zeyo s Zig ) eR® and
I'=7'(z,4) e R*, which provide geometric priors for both deformation fields.
Each of the three-layer MLPs within Landmark-Net guides the local semantic de-
formation of the identity and expression fields, ¢ and ¢, respectively.

In this work, we use SE(3) to represent the facial shape deformation, which
exhibits superior capability in modeling jaw articulation and rotation. The corre-

sponding rotation matrix €“ is formulated as:

(U:|

3)

sinf|a| l—cos||co||( A)z

+ ®
| ol

All deformation fields are implemented using a shared mini-network architec-
ture. A lightweight module conditioned on the spatial coordinates of query points
is appended to the end of each mini-network, enabling adaptive local field blend-
ing to capture spatially varying deformations.

Implicit neural networks generally exhibit strong performance in representing
low-frequency components but struggle to encode high-frequency geometric de-
tails. To enhance the network’s capability in modeling fine-grained geometry, we
apply a multi-frequency Fourier positional encoding to each spatial point p, ex-
panding the original low-dimensional 3D coordinates into a high-dimensional pe-

riodic feature representation:

-1

7(p):[sin(2" np),cos(Z"np)]:: (4)

0

Each coordinate component is independently encoded, ensuring that the net-
work learns a continuous and smooth deformation field. The encoded positional
features are then concatenated with the latent variables z,; and z,, from Equa-

tion (1), forming a composite feature vector:
h(p):[y(p)’fimg(p)'zid'zexp:| (5)

The introduction of implicit representations expands the latent space and ena-
bles precise optimization during single-image fitting, while maintaining identity

consistency under facial expression editing.

2.2. Adaptive Local-Expert Decoder

Traditional approaches typically employ a single MLP decoder that performs a
uniform mapping for all spatial points, which makes it difficult to capture region-
specific high-frequency details. To address this limitation, we propose an adaptive
local-expert decoding mechanism. Specifically, the proposed model preserves the
local field structures of the Mini-Nets as backbone modules and introduces mul-
tiple independent local MLPs to model different facial regions separately. The hu-
man face exhibits significant variations across different regions in terms of geo-

metric morphology, texture complexity, and sensitivity to expression changes. For
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example, areas such as the regions around the left and right eyes, the mouth, the
nasal bridge, and the jaw demonstrate notably distinct geometric dynamics. There-
fore, the face is partitioned into eight semantically consistent and structurally sta-
ble subregions based on these anatomical characteristics. We define K =8 local
subregions {ek}::1 , each corresponding to a local field in the Mini-Nets ¥,
which facilitates fine-grained modeling of structural details specific to each re-
gion.

By incorporating region-aware specialization, facial regions are partitioned
during training using landmark-based guidance on the FaceScape dataset [27],
dividing the face into semantically meaningful parts such as the eyes, mouth, and
cheeks. Each expert network is trained to learn localized deformations within its
assigned region. A two-layer gating network G, receives the implicit feature
vector h(p) hasinput and produces soft assignment weights across the K ex-
perts. This mechanism adaptively fuses local field predictions, enhancing both the
representation capability and training stability of the model while reducing the
risk of overfitting in geometrically complex regions.

Finally, the outputs of the local experts are aggregated to produce the local im-
plicit predictions y, (p), which are combined via weighted summation to yield
the final signed distance field (SDF) value:

y(p)=k2wk(p)yk(p) (6)

2.3. Loss Function

Several loss functions are employed to train the proposed method for learning a
reliable facial shape representation.
Reconstruction Loss. A basic SDF structural loss is applied to learn the implicit
field:
Ly =4 X |T(p)-5]+4 X (1-(V (p).M)) )
peQd; peQ;
where S and N denote the ground-truth SDF value and field gradient, respec-
tively, Q,

. represents the sampled space of the i -th facial scan, and A is the

loss weight coefficient.
Embedding Loss. The embedding vectors are regularized using a zero-mean

Gaussian prior:

Lo =0

exp

gy Q

Smooth Regularization Loss. Since the soft assignment of the gating network
may lead to discontinuities or unstable boundaries among expert regions, we in-
troduce a smoothness constraint to enforce local weight consistency. For each

sampled neighboring point pair {( P, P; )} :

Lomootn = ZAEpi,pj ~N [“a( P )_ a( Pj )Hj 9)
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where N denotes the neighborhood set of point p . This term encourages smooth
transitions between adjacent regions, such as gradual blending from the forehead
to the nose bridge.

Entropy Regularization Loss. To prevent degeneration caused by uniform ex-
pert activation in the gating network, an entropy-based regularization is intro-

duced to promote sparse and discriminative expert selection:
K
Lo ==, {Zak(p)log 2 (p)} (10)
k=L

Therefore, the total loss is:

’C = ’Cisdf + ’Cemb + ’Csmooth + 'Cent (1 1)

3. Experimental Results and Analysis
3.1. Dataset

FaceScape is a large-scale, high-quality 3D face dataset consisting of 938 individ-
uals and 20 types of facial expressions. It is one of the most comprehensive and
high-precision 3D facial datasets available. Among them, data from 365 subjects
are publicly released and are used in this work. Specifically, 5323 facial scans from
355 subjects with 15 expressions are used for training, while 200 scans from the

remaining 10 subjects with 20 expressions are used for testing.

3.2. Experimental Details

1) Training

The proposed model is trained end-to-end using the Adam optimizer with an
initial learning rate of 0.0001 for 1500 epochs. After 200 epochs, the learning
rate decays by a factor of 0.95 every 10 epochs. The ResNet-50 backbone is fro-
zen during the first 10 epochs, and the Mini-Nets component is fixed during
pretraining to preserve deformation priors. Training is conducted on a single
NVIDIA RTX 4090 GPU for approximately 2 days with a batch size of 72. Dur-
ing testing, optimizing 200 samples on a single GPU takes about 5 hours. Due
to the lightweight architectures employed in all components of the proposed
framework, the overall inference time is marginally reduced compared to IM-
Face. Nevertheless, the model is able to preserve and reconstruct finer geometric
variations, demonstrating better detail representation without sacrificing com-
putational efficiency.

2) Data Preprocessing

Since the implicit function requires strictly aligned inputs, we adopt the pseudo-
watertight mesh generation method from [18]. Facial meshes are rigidly aligned
to the frontal view using landmarks and normalized to a 10 cm unit scale. Sam-
pling is performed within a sphere centered 4 cm behind the nose tip with a radius
of 10 cm, and points outside the sphere are removed. To construct a directed
pseudo-watertight mesh, holes around the nose and mouth are filled, enabling

distance transformation to compute SDF values.
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3.3. Experimental Results

We use the proposed model to fit facial scans and compare reconstruction results
against the geometric models of FLAME [6], i3DMM [22], and ImFace [18],
demonstrating the superiority of our approach. The official FLAME code is used
to fit full-face scans in the test set, which includes 300 identity parameters and 100
expression parameters. Since the FaceScape dataset is employed for both training
and evaluation in this work, the publicly released models from the dataset are also
used for comparison. For Imface, both the identity and expression embeddings
are 128-dimensional, consistent with the dimensionality used in i3DMM and in
the proposed method. Since the original i3DMM model is trained on only 58 sub-

jects, we retrain it on the same dataset used in this paper for a fair comparison.

3.3.1. Quantitative Analysis
We adopt symmetric Chamfer Distance (CD) and F-score as evaluation metrics,
where the F-score threshold is set to 0.001 as a strict criterion. The F-score is a
comprehensive measure combining precision and recall, providing an overall as-
sessment of model performance. A smaller Chamfer Distance indicates better re-
construction accuracy, while a higher F-score reflects improved consistency.

The results are summarized in Table 1, showing that our proposed method sur-
passes competing approaches across both metrics, clearly demonstrating its effec-

tiveness.

Table 1. Quantitative analysis of facial reconstruction accuracy.

Methods Dim. Chamfer (mm)* F-score@1mm?
I3DMM 256 1.635 42.26
FaceScape 352 0.929 67.09
Imface 256 0.625 91.11
Ours 256 0.553 93.74

3.3.2. Qualitative Analysis

This section visualizes the reconstruction results obtained by different models, as
shown in Figure 3, where each column corresponds to a test subject with a non-
neutral facial expression.i3DMM is the first deep implicit model designed for hu-
man heads; however, when dealing with more complex scenes, it fails to capture
intricate deformations and detailed features, resulting in noticeable artifacts on
the reconstructed faces. FaceScape, benefiting from high-quality training scans
and the inclusion of test subjects within its training set, performs well in preserv-
ing identity characteristics. Nevertheless, when handling nonlinear deformations,
it tends to produce rigid facial expressions and struggles to capture fine texture
details. ImFace achieves better overall performance compared to the above meth-
ods, as it incorporates both identity and expression attributes. However, it still
lacks precision in reconstructing fine-grained facial structures. In contrast, our
proposed method not only reconstructs faces with more accurate identity and ex-

pression representations but also maintains geometric robustness while effectively
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capturing subtle and rich nonlinear facial muscle deformations—such as frowning

and pouting—that contribute to more realistic and expressive results.

Ground Truth I3DMM FaceScape Imface ours

Figure 3. Comparison of results with i3DMM, FaceScape, and Imface.

3.3.3. Ablation Study
The core components of the proposed algorithm include context feature extrac-
tion, local expert decoder, and regularization losses. In this section, we conduct
ablation experiments to verify the effectiveness of each key component.

Since the regularization losses are designed to prevent instability in the soft as-
signments of the gating network, we specifically examine cases where the local

expert decoder is used alone or combined with the regularization losses.

\ \

N Q /
\ - ) \ ) ) \ 8 \ e
\__/ . \/ ) »

|
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GT Multi-scale | ocal expert  ours
feature decoder
extraction

Figure 4. Ablation study.
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Table 2. Presents the results of the ablation study.

Multi-Scale Local Expert L
. Regularization Chamfer (mm)" F-score@lmm?
Feature Extraction Decoder

v 0.602 91.82

4 0.619 91.59
4 4 0.569 92.53

v v 0.575 92.96
v v v 0.553 93.74

From the ablation experiments in Table 2 above, it can be seen that the core
components proposed in this paper are effective improvements. While adding ei-
ther the feature extraction or the local expert decoder individually is effective, the
combined effect of both yields better results. As shown in Figure 4, the algorithm

proposed in this paper is more refined and accurate.

4. Conclusions

To enhance the fine-detail reconstruction capability of 3D face modeling, this pa-
per proposes a novel 3D facial deformation model that substantially upgrades tra-
ditional 3DMM:s by integrating context-aware encoding and decoding with Im-
plicit Neural Representations (INRs). The improved regularization losses effec-
tively mitigate instability caused by the soft assignment in the gating network, re-
sulting in more refined and stable 3D face reconstructions. Experimental results,
both qualitative and quantitative, demonstrate that the proposed method achieves
superior performance compared to existing approaches in terms of geometric ac-
curacy and expression fidelity.

However, the current method remains relatively limited in handling illumina-
tion and reflection variations. In future work, we plan to incorporate realistic dif-
fuse and specular reflectance fusion to further enhance the overall robustness of

3D face reconstruction and its ability to cope with complex lighting environments.
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