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Abstract

Facial expression recognition (FER) remains challeng-
ing due to subtle inter-class variations and significant intra-
class differences, often exacerbated by identity-specific fea-
tures confounding the expression features. While recent
methods attempt to disentangle identity from expression,
they often rely on auxiliary labels or computationally expen-
sive image generation, limiting scalability. To address this,
we propose DICE-FER (Decoupling Identity Confounders
for Enhanced FER), a novel framework that decouples
identity confounders from expression features through mu-
tual information (MI) estimation without requiring labels
or reconstruction. DICE-FER processes paired images
with shared expressions, partitioning their features into (1)
expression representations which is maximized via cross-
referenced MI and (2) identity representations which is ad-
versarially minimized for MI with expression. This dual op-
timization isolates identity-invariant expression cues while
eliminating the need for costly generation or subject an-
notation. Experiments on benchmark datasets demonstrate
that DICE-FER outperforms state-of-the-art methods in
both disentanglement quality and recognition accuracy.

1. Introduction

Facial expressions are a cornerstone of nonverbal com-
munication, driving advancements in facial expression
recognition (FER) for applications ranging from mental
health diagnostics to human-robot interaction. Despite
progress, FER systems remain hindered by identity-related
factors, which act as a confounding variable that ampli-
fies two core challenges: the fine-grained distinctions be-
tween expression classes (e.g., a smile vs. a smirk) and
pronounced intra-class variability across individuals (e.g.,
happiness expressed by different demographics). Unlike
transient exogenous factors like pose or lighting, identity
systematically biases learned representations by conflating
static facial attributes (e.g., bone structure, demographic
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Fig. 1. Given images M and N, we aim to learn a feature space that decou-
ples the shared information (expression) from the exclusive information
(identity) of the image.
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traits) with dynamic expression semantics. Although recent
methods have aimed to tackle these issues, many still strug-
gle to separate exogenous identity factors efficiently, com-
plicating the extraction of pure expression features [36].

Disentangling expression features from other confound-
ing factors has emerged as a promising strategy to am-
plify FER performance. Some methods [41], [42], [4],
[38], [8] attempt to disentangle expression-related features
from identity-related ones, complete disentanglement re-
mains a challenge due to the overlap between these feature
sets. For instance, TDGAN [39] employs a generative ad-
versarial strategy to separate expression information, while
DDL [32] leverages multitask and adversarial learning to
simultaneously remove multiple interfering factors. Li et
al. [22] use HSIC contrastive loss in a Siamese network to
achieve identity invariant FER, and IPD-FER [17] decou-
ples identity and posture to isolate expression features. DR-
ALNet [10] uses a combinatorial loss function to isolates
expression features from non-expression features but it may
struggle to address complex scenes involving variations in
race, age, and individual differences. Many of these dis-
entanglement approaches rely on auxiliary datasets or addi-
tional label information. In contrast, our work aims to dis-
entangle expression features from non-expression attributes
without the need for auxiliary data or labels, providing a
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more efficient and streamlined approach to FER.

In this study, we introduce DICE-FER to overcome the
limitations of existing approaches in achieving identity-
invariant FER. Unlike previous methods that generate syn-
thetic images or use subspaces to compare expressions
within the same identity, our model offers a more effi-
cient solution. DICE-FER disentangles identity from ex-
pression through mutual information (MI) estimation, elim-
inating the cost of subject annotation and the need for ex-
pensive image reconstruction or generation. By processing
paired images with shared attributes, our model creates a
feature subspace consisting of shared representations (for
expression) and exclusive representations (for identity). We
encode common expression representation by maximizing
cross-referenced MI while minimizing the MI between ex-
pression and identity representations through an adversarial
ojective. Our contibutions are summarized below:

1. We propose DICE-FER, a mutual information
estimation-based approach that learns disentangled
representations for identity and expression without
relying on identity labels or resource-intensive image
reconstruction and generation methods.

2. We introduce an innovative two-stage training methodol-
ogy: initially, the expression representation is learned by
estimating and maximizing cross-referenced mutual in-
formation; subsequently, identity features are learned by
maximizing mutual information while minimizing the
mutual information between expression and identity fea-
tures.

3. We incorporate an adversarial objective to effectively
minimize mutual information within expression and
identity representations, overcoming the limitations of
the statistical networks method described in Section 4.

4. We validate our approach experimentally on the CK+,
Oulu-CASIA, RAF-DB, and AffectNet datasets, demon-
strating its superiority over state-of-the-art methods.

2. Related Work
2.1. Identity-Invariant FER

Numerous methods have been developed to address the
impact of identity factors on facial expression recognition
(FER). Modern approaches predominantly leverage deep
learning, with deep metric learning gaining prominence for
its effectiveness in tasks like face recognition. For instance,
Cai et al. [7] proposed the island loss, which minimizes
intra-class variations while enhancing inter-class separa-
tions, while Liu er al. [27] introduced a cluster loss to im-
prove feature discriminability by clustering positive sam-
ples and separating negatives. However, these methods of-
ten emphasize feature discriminability in the final feature

space, overlooking critical aspects of the network’s learn-
ing process. Huang et. al [16] tackled identity-related chal-
lenges using StarGAN for expression synthesis combined
with deep metric learning, while Chopra et al. [11] em-
ployed Siamese networks with contrastive loss for identi-
fying whether image pairs belong to the same subject. Sim-
ilarly, Meng et al. [30] proposed an identity-aware CNN
to disentangle expression and identity features through an
auxiliary layer, revealing that these features remain partially
inseparable. Li et al. [22] extended this idea by creating im-
age pairs to facilitate feature disentanglement via a Siamese
network.

GAN-based methods have also been widely adopted for
FER. Yang et al. [42] developed IA-gen, which uses con-
ditional GANs to generate standard expressions for each
identity and compares features across the same identity sub-
space. Other GAN-based techniques, like hard negative
generation networks [26], produce identity-specific images
for training radial metric learning models to disentangle
identity from expressions. However, the success of these
methods relies heavily on the quality of generated images,
and artifacts often degrade performance. Some researchers
attempt to disentangle identity and expression components
directly. For example, Xie et al. [40] proposed a multi-path
CNN leveraging autoencoder features, while Bai et al. [4]
and Yang et al. [41] utilized neutral-expression images to
compare query and neutral samples for expression disentan-
glement. These methods, however, depend on the availabil-
ity of neutral images. Approach like conditional GAN [8],
which average expressions across identities, sacrifice data
diversity and complexity, limiting their generalizability and
exchange-GAN [43] use partial feature swapping to isolate
identity and expression features but face significant compu-
tational overhead, limiting their practicality for real-world
applications. Recent advancements, such as TDGAN [39]
and TERGAN [1], use dual encoders to independently ex-
tract identity and expression features, while methods like
Cross-VAE [38], IPD-FER [17] and AGILE [2] rely on gen-
erative models to disentangle these aspects. Despite their
innovations, these techniques often struggle with sponta-
neous, in-the-wild datasets due to variability in expressions,
poses, and external factors like head movement.

While these strategies aim to address FER challenges
using unsupervised or semi-supervised generative models,
they often face limitations in interpretability, control, or
representation quality. Additionally, their reliance on aux-
iliary datasets or extra label information presents further
challenges. In contrast, our work focuses on disentangling
expression features from non-expression confounders, such
as identity, using mutual information estimation. This ap-
proach eliminates the need for additional label information,
or costly image reconstruction, providing a more efficient
and streamlined solution for FER.
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3. Theoretical Base

This section elaborates on the mathematical foundations
of information bottleneck theory and mutual information
estimation in the context of deep learning [35], [15].

A. Mutual Information: Consider two random variables
M € Mand Z € Z. Let p(m, z) represent the joint proba-
bility density function of M and Z, with p(m) and p(z) be-
ing their respective marginal probability density functions.
The mutual information between M and Z is given by:

I(M,Z) :/M/Zp(m,z) log (m) dmdz.(l)

From this expression, Z(M, Z) resembles the KL di-
vergence between Pyrz and Py Py, that is, Z(M,Z) =
D1, (Prz||PaPz). In our approach, we draw inspiration
from MINE [5] and [33] and employ the Donsker-Varadhan
representation to estimate mutual information, expressed
as:

Ipv(M,Z) = Dpv(Puyz||PuPsz). 2

This method is preferred due to its robustness and ef-
fectiveness in maximizing mutual information. The mutual
information estimator in this context is defined as:

j.DV,H (Mv Z) = IEp(m,z) [UG (m’ Z)]*log ]Ep(m)p(z) [eUe(m’Z)]v

3)
where Uy : M x Z — R is a deep neural network, known
as the statistics network. Belghazi et al. [5] propose this es-
timator to maximize the mutual information between an im-
age M € M and its feature representation Z € Z, referred
to as global mutual information. This feature representation
Z is extracted by a deep neural network &, : M — Z, and
the objective function is:

L8N (M, Z2) = Ipy,e(M, 2). (4)

Furthermore, local mutual information maximization is
also suggested, which is defined by the equation:

Elg,czzl(Ma Z) = ZjDv,¢(]:$)(M), 7). 5)

where Fy, (M) represents the information content of the
spatial regions of M, and Z denotes the feature represen-
tation.

4. Proposed Method

Let M and N be two images from the domains M and
N, respectively, with Ty € Taq and Ty € Tar denoting
their corresponding representations. These representations
are divided in two components: expression components,
FE)r and E, that capture the shared representation between
M and N, and identity components, I, and Iy, that repre-
sent the identity information specific to each image. Thus,

the representation for M is written as Ty = [Er, L], and
similarly, for N, itis Ty = [En, In].

To facilitate the disentangling of these representations,
we introduce a two-step training process. In the first stage,
the expression information between images is learned to
form an expression representation (refer to Section 4.1).
With the expression information established, the second
stage focuses on learning the identity representation, which
captures the unique subject details not present in the ex-
pression representation (see Section 4.2). An overview of
the model is depicted in Figure 2.

4.1. Expression Representation Learning

In order to learn the expression encodings Ejy; and En
from the images M and NN, respectively, we define the en-
coder functions E77 : M — €y & EFT 1 N — €y
The mutual information linked with the images and their
expression features is estimated and optimized using the
global statistics networks Uy "’ and Uy ™", as well as the
local statistics networks sz{p and Ugi}p . Equation (4) and
(5) are employed for this purpose. Unlike MINE [5], we
utilize a technique known as swapping the shared (expres-
sion) representations to compute the cross-referenced mu-
tual information across images M and N. This approach
considers the fixed coefficients **P and v**P, which eval-
uate the relative importance of the global and local mutual
information components. An essential component of the
suggested method is the exchange of expression representa-
tions, which guarantees the removal of exclusive (identity)
information from each image (see to Section 5.5).

ex ex lobal lobal
£577 = e (L8700 (M. Bx) + L5375, (N, Bu) )
V(LG g (ML EN) + L0, (N, EM)()6)
Also, it is necessary for images M and N to possess
same expression representations, thus £y = En. For this,

the L, distance is minimized between the expression repre-
sentations F/j; and E in the following manner:

L1 =Epp,..B)[[EMm — EN|]. (7

Consequently, expression learning objective is a linear
combination of Eq. 6 and 7, where 0 is a weighting param-
eter. This is given by:

max

Lo — [P 5T, 8
(9060 vy M ®

4.2. Identiy Representation Learning

By now, the model has the ability to effectively extract
the expression representations £y, and E. Define the en-
coder functions Sé‘jl : M — T and 5,% N = Ty
as necessary for extracting the identity representations I,
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Fig. 2. Overall framework. (a) The initial step involves learning the expression representation. Images M and N are processed through expression
representation encoders to extract Eyy and Ey. MI maximization is performed via statistics networks for M and E, and N and Ejy. (b) The subsequent
step focuses on learning the identity representation. Image M is processed through identity encoder to acquire Ips. The statistics networks maximize MI
between M and Ty = [Ear, Ins], whereas the MI between Eps and Iy is minimized by the discriminator. This procedure is similarly applied to image

N to obtain I (Best vsible in colour).

and I from images M and N, respectively. We estimate
and maximize the mutual information between the image
M and its corresponding representation T, to learn these
representations. This representation includes both expres-
sion and identity features, denoted as Thy = [Enr, In]-
The identical process is executed between the image /N and
Tn = |En, In], as illustrated in Eq. (9), where p’¢ and
v*? are fixed weighting parameters. We compute the mu-
tual information using the global statistical network Uéif
and Ugi, as well as the local statistical networks Ué‘L and
U;‘fv. By maintaining a constant expression representation,
we ensure that the identity representation incorporates the
information that is unique to the image and is not included
in the expression representation.

ﬁ?\l}[[ _ ‘uid (ﬁglobal (M, TM) + ﬁglobal

On N

(M, TM) + Llocal

NN

On,mm

id local
+v (‘C¢M M

(N7 TN))
(Nv TN))

Conversely, it is required that the representation /s ex-
cludes any information captured by FEj; while ensuring
that the mutual information between M and T}, is maxi-
mized. Consequently, it is imperative to minimize the mu-
tual information between I, and Th;. Although mutual
information estimation and maximization via Eq. (3) effec-
tively enhance mutual information, the use of statistics net-
works encounters convergence problems during the calcu-
lation and minimization of MI. Minimizing Eq. (3) causes

€))

statistics networks to diverge. To circumvent this we min-
imize the mutual information between Ej; and I, (i.e.,
Z(En, In)) through an adversarial objective as illustrated
in Eq. (10). Minimizing Z(Er, Is) is tantamount to min-
imizing Dpy (Pg,, 14 | PEy Pl ), Which is accomplished
via a adversarial framework. Consequently, a discrimina-
tor network D, , parameterized by pjs, is trained to dif-
ferentiate between representations sampled from Pg,,1,,
and Pg,, Pr,,, treating the former as fake and the latter as
real samples. To obtain samples from Pg,,,,, the image
M s passed through the encoders £;*” and gl 1o ex-
tract (Eps, Ins). Conversely, samples from Pg,, Pr,, are
obtained by shuffling the identity representations within a
batch. The encoder function 8}'& is designed to generate
identity representations I, such that, when combined with
E, they mimic samples drawn from Pg,, Pr,,. By min-
imizing Equation (10), the Donsker-Varadhan divergence
Dpv(Pg,, 13, | PEy, Pr,, ) is minimized, leading to the min-
imization of mutual information between I;; and Fj;. An
analogous method to produce samples from the joint distri-
bution’s marginals is suggested by [60], [18]. These models
utilize an adversarial objective to ensure that each dimen-
sion of the representation is independent of the others. In
contrast, our approach employs an adversarial objective to
distinctly separate the dimensions of the expression repre-
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sentation from identity.

‘Cadv = EP(GNI)p(iM) [IOg DPM (EMv IM)]+
EP(GM,Z'M) UOg(l - DPM (EM7 IM))]

Identity learning objective is a linear formulation of pre-
ceding terms, where ( represents a weighting parameter.
This is given by:

max  min £ = £, — ¢adv(calv 4 Ladvy (11)
{71797¢}M,N {f’}M,N

Finally, a classifier trained on pure expression represen-

tation space (Fjs/En) is used for the FER task.

(10)

5. Experiments
5.1. Datasets
51.1 CK+

The CK+ dataset [28] is a laboratory-controlled collection
of posed facial expressions, capturing data from 210 indi-
viduals across diverse age groups, genders, and regions. It
comprises 593 image sequences from 123 subjects, aged 18
to 50 years. The grayscale images, sized 640x490 pixels,
depict transitions from neutral expressions to peak emo-
tions. For evaluation, we utilized the first and last frames of
each sequence, creating a subset of 500 images representing
the seven basic expressions.

5.1.2 Oulu-CASIA

The Oulu-CASIA dataset [48] is a prominent benchmark
used for facial expression recognition (FER) and face veri-
fication studies. Collected in a controlled laboratory setting,
it includes six basic expressions from 80 participants aged
23 to 58. The dataset features 480 sequences, with each
individual contributing one sequence per expression. Each
sequence begins with a neutral expression and transitions to
a peak expression. Following standard research protocols
[47], the last three frames of each sequence were chosen for
model training and evaluation.

5.1.3 RAF-DB

RAF-DB [20] is a large-scale, in-the-wild facial expression
dataset comprising approximately 30,000 diverse facial im-
ages collected from thousands of individuals online. The
labeling process involved 315 human coders, with final an-
notations determined using crowdsourcing methods. Each
image was reviewed by around 40 independent labelers to
ensure annotation reliability. The dataset includes 12,271
training samples and 3,068 test samples categorized into
seven basic emotions: angry, disgust, fear, happy, neutral,
sad, and surprise. While RAF-DB also provides compound
expressions labeled into 11 classes, these were not utilized
in our experiments.

5.1.4 AffectNet

The AffectNet database [3 1] is a large-scale collection com-
prising over 400,000 labeled images, making it the most ex-
tensive FER dataset available. These images were sourced
from the internet using three different search engines and
keywords related to facial expressions. For our experi-
ments, we focus on the seven basic expression categories,
similar to RAF-DB, which provides approximately 280,000
images for training. The validation set includes 500 samples
per category, totaling 3,500 images.

5.2. Preprocessing

The datasets are preprocessed using MTCNN [47] to ex-
tract facial landmarks. A similarity transformation crops
and aligns the primary facial region, followed by whitening
to reduce redundancy. Images are resized to 112x112x1.
To counter the scarcity of expression images, we applied
14 data augmentation techniques, including rotations (£15°,
+10°, £5°, and 0°) and horizontal flipping. A 10-fold cross-
validation is applied to all three datasets. An image pair
is created by sampling two images of the same expres-
sion from each dataset. We train our model on all datasets
to learn a shared (expression) and unique (identity) 64-
dimensional representation.

5.3. Implementation details

The architectural details of the model consist of ResNet-
18 [14] based encoders pre-trained on CASIA-WebFace
[44], with the statistics networks derived from those used
in MINE [5]. The discriminator is designed as a network
comprising three fully connected layers. For classifier, two
fully-connected hidden layers are used. We initialize and
train each network using a batch size of 32. We used 100
epochs for training our model. Optimization is done using
the Adam optimizer [19] with a learning rate of 10~%. The
loss coefficients applied in the model are ;P = ;' = 0.5,
ve® = pid = 10, and & = 0.1. The effect of coefficient
¢V is discussed in detail in the ablation stud. The com-
putational platform consists of a Ryzen 9 octa-core proces-
sor with 16GB RAM and a 4GB NVIDIA GeForce RTX-
3050 graphics card, with PyTorch used as the deep learning
framework.

5.4. Quantitative evaluation of disentanglement

We quantitatively evaluate disentanglement performance
using a modified Mutual Information Gap (MIG) metric,
adapted for unsupervised settings. Unlike traditional MIG,
which relies on ground-truth labels, we compute the gap
between (1) mutual information (MI) of expression features
E)/EN (maximized across paired images) and (2) MI be-
tween expression (E;r) and identity (Ip;) features (mini-
mized via adversarial training), i.e., MIG = Z(Ey;, Ex) —
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Fig. 3. Image retrieval on the CK+ dataset. Retrieved images using the (a) shared (Expression) representations (on the left) and the (b) exclusive (Idnetity)

representations (on the right).

TABLE 1 TABLE 2
MODEL EVALUATION FOR EXPRESSION DISENTANGLEMENT ON FOUR ABLATION STUDY: EFFECT OF EACH ELEMENT ON ACCURACY ACROSS
DATASETS THREE DATASETS
Methods ‘ MIG (1) Feature/Element ‘ Accuracy (%)
| CK+ | Oulu-CASIA | RAF-DB | AffectNet | CK+ | Oulu-CASIA | RAF-DB | AffectNet
TDGAN [39] 0.454 0.400 0.365 0.350 Ideal E5f 100.00 100.00 100.00 100.00
Cross-VAE [38] 0.490 0.411 0.371 0.383 Baseline 99.50 91.10 90.30 64.36
TERGAN[I] | 0.496 0432 0.388 0.388 Non-SER 93.45 80.50 82.37 52.95
IPD-FER [17] 0.465 0.455 0.394 0.427 §=0 98.75 88.50 87.40 60.41
DICE-FER (Olll'S) 0.592 0.497 0.418 0.448 peIP — () 96.80 83.00 83.20 58.80
. . 100 e s C Srr—
Z(Enr, Ins). Higher MIG scores reflect stronger separation 904 A s SRR A
between expression and identity features. As shown in Ta- 80 ';,/X b S SO M i
ble 1, DICE-FER consistently outperforms prior methods — 0] >
< g
(TDGAN [39], Cross-VAE [38], IPD-FER [17], AGILE [2]) < 60
across all datasets. Notably, on challenging in-the-wild @ 501
datasets like RAF-DB and AffectNet, DICE-FER achieves § 40
0.418 and 0.448 MIG (vs. TDGAN’s 0.365/0.350), demon- < 301 ::' gKl" CASIA
. . . . . . ¢= Oulu-
strating robust retention of expression cues despite identity, 2071 m. RAF-DB
pose, and background variability. 109 —4— AffectNet
0 . . . .
Lo . . 0.00 0.01 0.02 0.03 0.04 0.05
5.5. Qualitative disentanglement through image re- gaav

trieval

In the context of FER, image retrieval serves as a critical
qualitative tool to validate disentanglement between expres-
sion (shared representation) and identity (exclusive repre-
sentation). For a query image M, its shared representation
E'3r (encoding expression attributes) is compared to shared
representations of all other images in the dataset using a
cosine similarity. The top-k closest matches are retrieved.
These should share the same shared attributes (expression)
but vary in exclusive attributes (identity). Similarly, the ex-
clusive representation I; (encoding identity attributes) is
compared to exclusive representations of other images. The

Fig. 4. Various values of ¢4 are employed to learn the expression repre-
sentation, with the results plotted to show accuracy as a function of ¢24Y,

retrieved images should share the same exclusive attributes
(identity) but vary in shared attributes (expression). These
are evident from the results shown in Figure 3 on CK+
dataset, where querying with the shared representation of
expression “Happiness” retrieves other “happy faces” with
different identities, while querying with the exclusive repre-
sentation of a “particular identity” retrieves expressions of
different classes with same identity.
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Fig. 5. Plots of confusion matrix on three datasets (a) CK+, (b) Oulu-CASIA, (c) RAF-DB, and (d) AffectNet

TABLE 4
PERFORMANCE COMPARISON ON THE OULU-CASIA DATASET IN TERMS
OF 6 EXPRESSIONS (WITHOUT NEUTRAL)

TABLE 3
PERFORMANCE COMPARISON ON THE CK+ DATASET.

Methods | Setting | Expression | Metric
| | Accuracy (%) | Precision | Recall | F1 Score Methods ‘ Setting ‘ Metric
DeRL(2018) [41] image-based 7 97.30 0.98 0.97 0.975 ‘ | Accuracy (%) | Precision | Recall | F1Score
TA-gen (2018) [42] image-based 7 96.57 0.96 0.98 0.969
ADFL (2019) [4] image-based 7 98.17 0.99 0.99 0.990 DeRL (2018) [41] image-based 88.00 0.89 0.86 0.874
DDL (2020) [37] image-based 7 99.16 0.99 097 | 0979 TA-gen (2018) [42] image-based 88.92 0.87 0.88 0.875
TDGAN (2020) [39] image-based 7 97.53 0.98 098 | 098 ADFL (2019) [4] image-based 87.50 0.86 0.88 0.869
Cross-VAE (2020) [38] image-based 7 94.96 0.95 0.93 0.939 Exchange GAN (2020) [43] sequence-based 86.33 0.87 0.88 0.875
IE-DBN (2021) [46] image-based 7 96.02 0.97 0.94 0.954 DDL (2020) [32] image-based $8.26 0.89 0.88 0.885
HT?ZG,AN] (égill)) H] ' ‘“‘“:‘;':‘h’:“j ] T pred B e Cross-VAE (2020) [38] image-based 86.87 0.88 086 | 0.869
e o e ’ ; : : IE-DBN (2021) [46] image-based 85.21 085 085 | 0850
Hsrc(:l(l)_nﬁ::\:vf](zi)(él)Jzz) 22] imaier:a:ﬁeg g 3325 3:3: ?iz? 82(7)(5) Huang et. al (2021) [10] image-based 87.90 0.88 0.88 0.880
IPD-FER (2022) [17] image-based 7 98.65 0.97 097 0.970 HSIC-Contrastive loss (2022) [22] image-based 88.82 0.87 0.88 0.875
DR-ALNet (2024) [10] image-based 7 99.34 0.99 0.99 0.990 DR-ALNet (2024) [10] image-based 90.00 0.91 0.90 0.905
AGILE (2024) [2] image-based 7 99.00 1.00 0.99 0.995 AGILE (2024) [2] image-based 90.00 0.91 0.89 0.899
ResNet-18 image-based 7 9739 0.95 096 | 0955 ResNet-18 image-based 36.00 0.85 086 | 0855
DICE-FER (ours) image-based 7 99.50 1.00 0.99 0.995 DICE-FER (ours) image-based 91.10 0.92 0.92 0.920
TABLE 5 TABLE 6
PERFORMANCE COMPARISON ON RAF-DB DATASET PERFORMANCE COMPARISON ON AFFECTNET DATASET
Methods | Metric Methods | Metrlc
| Accuracy (%) | Precision | Recall | F1Score | Accuracy (%) | Precision | Recall | F1 Score
DDL (2020) [32] 87.71 0.88 0.85 0.864 PG-CNN (2018) [25] 55.33 0.56 0.54 0.549
Cross-VAE (2020) [38] 84.81 0.85 0.85 0.850 Separate loss (2019) [23] 58.89 0.60 0.58 0.590
IF-GAN (2021) [8] 88.33 0.89 0.90 0.895 IPA2LT (2018) [45] 57.31 0.57 0.57 0.570
TDGAN (2020) [39] 81.91 081 | 080 | 0805 RAN (2020) [37] 59.50 060 | 059 | 0595
IE-DBN (2021) [46] 84.75 0.85 0.83 0.839 SNA (2020) [12] 62.70 0.62 0.61 0.615
IPD-FER (2022) [17] 88.89 0.89 0.89 0.890 BregNet (2019) [13] 63.54 0.65 0.64 0.645
DR-ALNet (2024) [10] 89.34 0.90 0.88 0889 Chen et al. (2021) [9] 61.98 0.62 0.60 | 0.610
ResNet-18 3748 0.85 0.87 0.859 IPD-FER (2022) [17] 62.23 0.63 0.61 0.620
DICE-FER (ours) 90.30 0.91 090 | 0905 THIN (2022) [] 6397 065 | 062 | 0634
ResNet-18 59.06 0.59 0.59 0.590
DICE-FER (ours) 64.36 0.65 0.65 0.650

5.6. Ablation Study

To assess each element’s contribution during expression
representation learning, we remove them and evaluate the
impact on classification accuracy. Our baseline settings
(Section 5.3) are: u¢*P = 0.5, v°*? = 1.0, 6 = 0.1, and
swapped expression representations (SER). Ablation results
for the three datasets (Tables 2) show that swapping ex-
pression representations is key to disentanglement. With-
out SER, accuracy on expression representation decreases,
indicating expression representations capture identity infor-
mation. Removing the L1 distance (§ = 0) reduces the ac-
curacy slightly, and eliminating global mutual information
(u*P = 0) causes slight mix-up of identity with expression

features. Local mutual information (v“*P = 0) is crucial for
capturing expression information, with accuracy dropping
sharply when excluded. These findings affirm that all loss
terms contribute to the overall performance of the model.

1) Impact of parameter (°?: To understand the im-
pact of the parameter (*"' on minimizing mutual infor-
mation between expression and identity representations,
we trained our model using different values of (v ¢
{0.0,0.005,0.010, 0.025,0.04,0.05}. The expression rep-
resentations were then used for classification tasks. The re-
sults, shown in Fig. 4, indicate that lower Cad" is linked
to weak disentanglement causing expression features to
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TABLE 7
CROSS-DATASET EXPERIMENTS

Method ‘ Train ‘ Test ‘ Accuracy (%)
CK+ Oulu-CASIA 45.83
MSDModel 3411 5 1 cAsIA CK+ 55.55
gACNN[24] | RAFDB | CK+ | 81.07
RAF-DB CK+ 81.72
SPWFA-SE [21] AffectNet CK+ 85.44
RAF-DB CK+ 81.88
VTFE-FER [29] AffectNet CK+ 86.24
CK+ Oulu-CASIA 48.12
AGILE [2] Oulu-CASIA CK+ 61.32
CK+ Oulu-CASIA 50.67
Oulu-CASIA CK+ 62.48
DICE-FER (ours) |~ p AF-DB CK+ 82.34
AffectNet CK+ 86.91

contain identity information, degrading classification per-
formance and compromising the purity of the expression
space. Optimal value of (! achieves a balanced disentan-
glement, with pure expression space, leading to high ac-
curacy for the FER task. Higher ¢*¥ over-enforces disen-
tanglement, stripping away useful expression information,
which can degrade classification accuracy on FER task.

5.7. Comparison with SOTA methods

Tables 3-6 highlight DICE-FER’s superiority across
datasets. On CK+ (Table 3), it achieves near-perfect 99.50%
accuracy (vs. IA-GAN’s 98.17%) and flawless precision
(1.00), excelling in controlled settings by isolating sub-
tle expression distinctions. For Oulu-CASIA (Table 4),
91.10% accuracy (vs. DR-ALNet’s 90.60%) reflects robust-
ness to occlusions like glasses, while on RAF-DB (Table 5),
90.30% accuracy (vs. IPD-FER’s 88.89%) underscores ef-
fectiveness in real-world clutter. AffectNet results (Table 6:
64.36% vs. BregNet’s 63.54%) validate scalability to noisy,
large-scale data. Confusion matrices (Fig. 5) reveal errors
align with human perceptual ambiguities—e.g., fear vs. dis-
gust or neutral vs. sad—highlighting challenges in fine-
grained distinctions. The adversarial mutual information
minimization ensures identity features do not corrupt ex-
pression representations, yielding balanced precision-recall
trade-offs (F1: 0.99 on CK+). By decoupling static iden-
tity attributes from dynamic expressions, DICE-FER ad-
vances identity-invariant recognition, offering a scalable,
annotation-free solution for both controlled and in-the-wild
scenarios.

5.8. Cross-Dataset Evaluation

DICE-FER demonstrates robust generalization across di-
verse domains, as evidenced by cross-dataset experiments
in Table 7. When trained on CK+ (controlled, posed

expressions) and tested on Oulu-CASIA (occlusions, de-
mographic diversity), it achieves 50.67% accuracy, out-
performing MSDModel (45.83%) and AGILE (48.12%).
Conversely, training on AffectNet (in-the-wild) and testing
on CK+ yields 86.91% accuracy, surpassing SPWFA-SE
(85.44%) and VTFF-FER (86.24%). These gains stem from
DICE-FER’s disentangled representations, which suppress
identity-specific biases (e.g., facial structure) and prioritize
expression semantics, enabling adaptability to unseen do-
mains with varying noise levels and demographics.

6. Conclusion

This paper presents DICE-FER, a novel approach for
identity-invariant FER. Instead of generating synthetic im-
ages or using subspaces for comparison, our model disen-
tangles identity from expression through mutual informa-
tion estimation. Our method eliminates the costly need for
subject annotation and image reconstruction. By processing
paired images with shared attributes, we create shared (ex-
pression) and exclusive (identity) representations. We then
maximize mutual information between images and their ex-
pression representations and use an adversarial framework
to minimize the overlap between these representation types.
Our method demonstrates improved performance on the
CK+, Oulu-CASIA, RAF-DB, and AffectNet datasets, out-
performing state-of-the-art techniques.
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