
Hypergraph-Guided Disentangled Spectrum Transformer Networks for
Near-Infrared Facial Expression Recognition

Bingjun Luo1, Haowen Wang1, Jinpeng Wang1, Junjie Zhu1, Xibin Zhao1*, Yue Gao1*

1BNRist, KLISS, School of Software, Tsinghua University
luobingjun@gmail.com, {wang-hw21,wjp21,zhujj18}@mails.tsinghua.edu.cn, {zxb, gaoyue}@tsinghua.edu.cn

Abstract

With the strong robusticity on illumination variations, near-
infrared (NIR) can be an effective and essential complement
to visible (VIS) facial expression recognition in low lighting
or complete darkness conditions. However, facial expression
recognition (FER) from NIR images presents a more chal-
lenging problem than traditional FER due to the limitations
imposed by the data scale and the difficulty of extracting
discriminative features from incomplete visible lighting con-
tents. In this paper, we give the first attempt at deep NIR facial
expression recognition and propose a novel method called
near-infrared facial expression transformer (NFER-Former).
Specifically, to make full use of the abundant label informa-
tion in the field of VIS, we introduce a Self-Attention Orthog-
onal Decomposition mechanism that disentangles the expres-
sion information and spectrum information from the input
image, so that the expression features can be extracted with-
out the interference of spectrum variation. We also propose a
Hypergraph-Guided Feature Embedding method that models
some key facial behaviors and learns the structure of the com-
plex correlations between them, thereby alleviating the inter-
ference of inter-class similarity. Additionally, we construct a
large NIR-VIS Facial Expression dataset that includes 360
subjects to better validate the efficiency of NFER-Former.
Extensive experiments and ablation studies show that NFER-
Former significantly improves the performance of NIR FER
and achieves state-of-the-art results on the only two available
NIR FER datasets, Oulu-CASIA and Large-HFE.

Introduction
FER is an important biometric technology in the field of af-
fective computing, which has been widely used in many ar-
eas, including health care and social networks. The goal of
FER is to encode emotional information from facial geomet-
ric and texture details. However, under low lighting or com-
plete darkness conditions, VIS light sensors are not suitable
for acquiring high-quality images, which inevitably hinders
the accuracy of subsequent FER. Fortunately, the NIR spec-
trum has been proven to be more robust to visible light illu-
mination variations, showing great potential to be an effec-
tive complement to VIS FER. Hence, how to perform NIR
FER can be a critical problem for real-world systems.

*Corresponding author.
Copyright © 2024, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Comparison of VIS and NIR expression images
under different lighting conditions. VIS expression images
exhibit richer appearance information when captured in nor-
mal lighting conditions. However, in the case of low-light
conditions, NIR expression images demonstrate superior
stability and preservation of visual qualities.

As we know, having as many labeled training data as pos-
sible is extremely important for designing a deep FER sys-
tem. Due to the limitation of training samples, NIR FER
presents more challenging issues that cannot be solved by
simply extending the successful VIS FER method to the
NIR spectrum. To acquire sufficient VIS expression images,
researchers have made tremendous efforts. From the earli-
est CK dataset, which collected 486 videos, to Multi-PIE,
which collected 755,370 images, both the scale and qual-
ity are rapidly improving. In contrast, up until now, there
has been only one available NIR expression dataset, Oulu-
CASIA, which contains 480 valid NIR image sequences.
This is far from sufficient for obtaining a well-performing
NIR FER model.

Since collecting large-scale facial expression images is
expensive and time-consuming, starting from scratch may
not be feasible. A more ideal solution would be to lever-
age the rich annotation information from the VIS domain
to help alleviate the problem of insufficient data in the NIR
domain. To achieve this goal, there are two main chal-
lenges as follows: (1) High intra-class variation raised by
different geometric and textural details between VIS and
NIR images. Since VIS images (380–750 nm) and NIR im-
ages (780–1100 nm) are captured through different sensing
modalities, even the same person with the same expression
in these two modalities will show different patterns. VIS
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images lack the characteristic spectral information found in
NIR images, particularly when it comes to extreme lighting
conditions. Additionally, NIR images frequently fail to cap-
ture some visual appearances or contents such as the pixels
encompassing the cheek and hair. (2) High inter-class simi-
larity. As indicated by Ekman’s Facial Action Coding Sys-
tem (FACS) [43], different expressions often share some key
facial behaviors or action units (AU), showing the same vi-
sually discernible facial movements. Moreover, individuals
in different expression classes also exhibit highly similar fa-
cial appearance characteristics.

To address these challenges, we propose a feasible
method termed near-infrared facial expression transformer
(NFER-Former), which can better extract modality-invariant
emotional features from NIR-VIS heterogeneous samples
and model high-order correlations among different expres-
sion classes for NIR FER. Firstly, the self-attention orthog-
onal decomposition (SAOD) module is proposed to decom-
pose the expression and spectrum information from the in-
put image. To avoid the limitation of external orthogonality
constraint in previous methods, the SAOD module proposes
an endogenously orthogonal decomposition strategy based
on the linear algebra theorem, and then adapts the Trans-
former encoder layer to the task of orthogonal subspace de-
composition. With the support of the Transformer network,
the modality-invariant feature is extracted from heteroge-
neous image samples. Secondly, the hypergraph-guided fea-
ture embedding (HGFE) module is proposed to model the
complex inter-class correlations among expression classes.
HGFE module explores the AU-expression co-occurrence
relationships and represents them as an AU-based knowl-
edge hypergraph. With the embedding of hypergraph neural
networks (HGNN), knowledge-guided expression features
are learned to alleviate the interference of inter-class simi-
larity. Finally, to further validate the performance of NFER-
Former, we collect a new dataset called Large Heteroge-
neous Facial Expression (Large-HFE). Large-HFE dataset
consists of 360 subjects ranging in age from 5 to 70, repre-
senting various cultural backgrounds.

In summary, our main contributions are three-fold:
(1) We develop a novel method, i.e. NFER-Former, to im-

prove NIR FER performance by leveraging rich annotation
information from VIS modality. To the best of our knowl-
edge, this is the first effort to utilize NIR-VIS heterogeneous
samples for the improvement of NIR FER performance.

(2) We collect a new dataset named Large-HFE for better
evaluation of NIR FER. The number of subjects in Large-
HFE is 4.5 times larger than the previous NIR facial expres-
sion dataset. A new benchmark on Large-HFE and Oulu-
CASIA is also established to quantitatively evaluate the im-
provement of NIR FER performance.

(3) We conduct extensive experiments on Oulu-CASIA
and Large-HFE. The results demonstrate that the proposed
method significantly outperforms state-of-the-art methods.

Related Work
Facial Expression Recognition. With the advancement of
deep learning, the accuracy of FER has increased rapidly.
Researchers have shifted their focus from designing manual

features to improving the FER system’s robustness in real-
world scenarios. Various challenges, such as occluded facial
image (Xing et al. 2022), noisy labels (Wang et al. 2022),
cross-dataset generalization (Li and Deng 2020), dynamic
FER (Zhao and Liu 2021), have been addressed through
numerous efforts. However, FER in extreme lighting con-
ditions remains an open problem. NIR imaging has shown
great potential in outperforming traditional VIS FER in un-
controlled or non-visible light conditions due to its robust-
ness to visible light variations. In this paper, we make the
first attempt to utilize NIR-VIS heterogeneous samples to
alleviate the overfitting problem on small-scale data, so that
better NIR FER performance can be obtained.

Orthognal Subspace Decomposition. To utilize hetero-
geneous samples, many efforts have been made to re-
duce the domain discrepancy between NIR and VIS im-
ages. Among them, one mainstream solution is to extract
modality-invariant features by mapping the input into a com-
mon subspace, which was widely used in heterogeneous face
recognition (He et al. 2017, 2018; Hu and Hu 2019, 2022).
Recently, deep networks are usually proposed to map both
NIR and VIS images to a compact Euclidean space and fur-
ther divide the feature space into two orthogonal subspaces
of modality-invariant and modality-specific information re-
spectively by adding additional orthogonality constraints.
However, it is hard for such soft orthogonality constraints
to enforce orthonormality in models (Li, Li, and Todor-
ovic 2020). The extra regularization also bring challenges
to model optimization (Huang, Zhou, and He 2022). In this
paper, we propose a novel endogenously orthogonal decom-
position strategy to disentangle the modality-invariant and
modality-specific information in the feature space, which is
more effective and friendly for training.

Problem Formulation
Given a NIR-VIS heterogeneous facial expression recogni-
tion dataset D = {(x(i), l(i), y(i))}ni=1, where x(i) is the
image data, l(i) ∈ {N,V } is the modality label (NIR or
VIS), y(i) is the corresponding expression label, and n is the
number of training samples. From the given dataset D, The
goal of NIR facial expression recognition is to learn a fea-
ture extractor f(·,Θf ) that encodes modality-invariant fea-
tures from both NIR and VIS facial images, and a classifier
g(·,Θg) that predicts the expression label from the encoded
feature, where Θf and Θg are the parameters of the feature
extractor and classifier respectively. During the test process,
the recognition performance of the learned feature extrac-
tor and classifier is expected to be improved with the joint
training of both NIR and VIS facial expression samples.

Our Model
To resolve the intra-class variation and inter-class simi-
larity challenge in the NIR-VIS FER task, we propose a
transformer-based network named NFER-Former, includ-
ing Self-Attention Orthogonal Decomposition (SAOD) and
Hypergraph-Guided Feature Embedding (HGFE). In this
section, we present the overview of our model and the de-
tails of the proposed SAOD and HGFE modules.
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Figure 2: The main framework of the proposed NFER-Former network for near-infrared facial expression recognition. The
framework consists of two modules, including a self-attention orthogonal decomposition module (the blue part) and a
hypergraph-guided feature embedding module (the green part). OS and OI denote the modality-specific output and modality-
invariant output of the dual-head orthogonal attention block defined in Eq. (3).

Model Overview
As shown in Fig. 2, the proposed NFER-Former consists
of two components: Self-Attention Orthogonal Decomposi-
tion (SAOD) and Hypergraph-Guided Feature Embedding
(HGFE). Firstly, a self-attention orthogonal decomposition
mechanism is proposed to remove the spectrum information
from the heterogeneous facial expression samples by de-
composing the information into orthogonal subspaces. In the
SAOD module, the dual-head orthogonal attention is con-
structed to guarantee the orthogonality of the decomposed
features via linear algebra theorem. Secondly, a hypergraph-
guided feature embedding method is proposed to allevi-
ate the interference of inter-class similarity by modeling
the complex inter-class correlations using hypergraph. In
the HGFE module, the AU-based knowledge hypergraph is
constructed to explore the AU-expression co-occurrence re-
lationships and then fed into hypergraph neural networks
(HGNN) to learn the knowledge-guided expression features.
The whole framework is trained in an end-to-end manner.

Self-Attention Orthogonal Decomposition
In cross-modality FER task, the appearance of facial expres-
sions may be affected by various factors, such as spectrum,
identity, pose, etc., which brings large intra-class variations.
Similar to the challenge in heterogeneous face recognition
(Hu and Hu 2019), the spectrum information usually takes
up the main part among these factors. Therefore, the key
challenge is to disentangle the expression information and
spectrum information from the input image, so that the ex-
pression features can be extracted without the interference
of spectrum variation.

According to Related Work, a mainstream solution is to
decompose the feature map of a backbone network into two
orthogonal subspaces, one of which is the modality-specific
subspace and the other is the modality-invariant subspace.
However, the previous orthogonal decomposition methods

rely on external orthogonality constraints, which are ineffi-
cient and unfriendly to the optimization of deep neural net-
works. Furthermore, the previous methods are either based
on or heavily relied on the property of CNN backbone.
Therefore, it is still an open problem to incorporate simple
yet effective orthogonal decomposition modules with a Vi-
sion Transformer network for heterogeneous FER.

To solve the above problem, we propose a self-attention
orthogonal decomposition (SAOD) module based on the en-
coder block of Vision Transformer (Vaswani et al. 2017;
Dosovitskiy et al. 2020). To conduct effective orthogonal de-
composition in the self-attention mechanism, we construct
an endogenously orthogonal matrix via linear algebra the-
orem to parameterize the projection matrix, and further de-
velop a dual-head structure to decompose the input feature
into two orthogonal subspaces without imposing any extra
constraints. Besides, in the input embedding process we ap-
pend an additional [spectrum] token, which is utilized to
indicate the spectrum information of the input image and
perform the spectrum classification task. The details are pre-
sented as follows.

In each transformer encoder block, the input feature map
Z ∈ RN×d is linearly transformed to queries, keys, and
values Q,K,V ∈ RN×d. Given the matrices of query,
key, and value, the attention output matrix O is then com-
puted as O = softmax(QK⊤

√
d

)V . Inspired by the multi-
head mechanism (Vaswani et al. 2017), a dual-head mech-
anism is employed in the encoder block. The value matri-
ces V are split into two parallel heads as V = [VS ,VI ]

where VS ,VI ∈ RN× d
2 are the modality-specific value ma-

trix and modality-invariant value matrix respectively. In this
way, the input feature Z can be decomposed into two repre-
sentation subspaces using VS and VI respectively. However,
these subspaces are not orthogonal to each other, since VS

and VI can be optimized as arbitrary matrices.
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To guarantee the orthogonality of the decomposed sub-
spaces, we further introduce an orthogonal projection W⊥ ∈
Rd×d on the value matrices VS ,VI using Householder trans-
formation as

W⊥ =
N∏
i=1

(I − 2
viv

T
i

∥vi∥2
) (1)

where vi ∈ RN (i = 1, · · · , d) are learnable parameters.
Denote W⊥ = (w1, · · · ,wd)

⊤. By the projection of W⊥,
VS and VO are transformed as

V⊥;S = VS(w1, · · · ,wd/2)
⊤,V⊥;I = VI(wd/2+1, · · · ,wd)

⊤

(2)
Given the transformed value matrices, we can derive the
modality-specific output OS and modality-invariant output
OI as

Oi = softmax(
QK⊤
√
d

)V⊥;i, i ∈ {S, I} (3)

We will prove the orthogonality of these two decomposed
output subspaces in the following.

Firstly, we formulate the proof goal as OSO
⊤
I = 0. De-

note OS = (oS;1, · · · ,oS;d)
⊤, OI = (oI;1, · · · ,oI;d)

⊤.
For any i, j = 1, · · · , d, row vectors oS;i,oI;j are any rep-
resentations in the modality-specific and modality-invariant
output subspaces respectively. Therefore, the orthogonal-
ity of the two subspaces can be proved by showing that
o⊤
S;ioI;j = 0, which is equivalent to OSO

⊤
I = 0.

Secondly, we start from the property of W⊥ and derive
the proof goal OSO

⊤
I = 0. It has been proved that W⊥ is

endogenously orthogonal and can be optimized as arbitrary
orthogonal matrices (Huang, Zhou, and He 2022). There-
fore, the row vectors of W⊥ are orthogonal to each other,
i.e., w⊤

i wj = 0 (i ̸= j). By multiplying V⊥;S and the trans-
pose of V⊥;I , we have

V ⊤
⊥;SV⊥;I = VS(w1, · · · ,wd/2)

⊤(wd/2+1, · · · ,wd)V
⊤
I

= 0
(4)

Hence, OSO
⊤
I = 0.

From the above, it is proved that the input feature map
Z is decomposed into two orthogonal subspaces OS and
OI through the proposed SAOD module. Since the or-
thogonality is guaranteed endogenously without any ex-
tra constraints, the proposed module is more flexible and
friendly to the optimization of deep neural networks com-
pared with the existing regularization-based decomposition
method (Huang, Zhou, and He 2022). Through the great rep-
resentation power of the self-attention mechanism, orthogo-
nal feature maps are extracted from the input feature map
and then fed into the following layers for further processing.

For better disentanglement of expression and spectrum in-
formation, we further introduce the spectrum labels to super-
vise the model besides the original expression labels. Specif-
ically, in the patch embedding process (Dosovitskiy et al.
2020), we append a spectrum token [spectrum] to the ex-
isting [class] token. Given the modality-specific output OS ,
a spectrum head implemented by linear and sigmoid layers

is proposed to transform the representation of [spectrum]

token into the spectrum classification score l̂. The spectrum
classification loss is defined as the binary cross-entropy loss
between the predicted spectrum score l̂ and the ground-truth
spectrum label l as Lspectrum.

Hypergraph-Guided Feature Embedding
After extracting the modality-invariant feature OI by the
SAOD module, the framework still faces a great challenge of
large inter-class similarity, which lies in the fact that differ-
ent expressions often share some key facial behaviors (Xue,
Wang, and Guo 2021). For example, the expressions happy,
fearful and surprised usually share the same behavior of
parted lips in the mouth, while sad and fearful share the
same behavior of lowered brows in the eyes (Du, Tao, and
Martinez 2014). The sharing of key behaviors forms com-
plex correlations among different expressions and makes it
difficult for the framework to learn discriminative features.
Therefore, it is necessary to model these key facial behav-
iors and learn the structure of the complex correlations to
alleviate the interference of inter-class similarity.

Fortunately, facial action units (AU) can be utilized to
represent the key facial behaviors and further construct the
complex correlation structure among different expressions.
According to the facial action coding system (Ekman and
Friesen 1978), AU is defined to encode the subtle facial mus-
cle representations and movements, which are widely uti-
lized in the FER field and believed to have strong correla-
tions with facial expression analysis (Lien et al. 1998; Tian,
Kanade, and Cohn 2001).

Therefore, we propose a hypergraph-guided feature em-
bedding (HGFE) module to address the above challenge of
inter-class similarity. The details are described as follows.

Firstly, we introduce the preliminary knowledge of hyper-
graph. Hypergraph is a generalization of graph where one
hyperedge can connect two or more vertices. A hypergraph
is defined as G = (V, E), where V is the set of vertices and E
is the set of hyperedges. The hypergraph G can be also repre-
sented as an incidence matrix H ∈ {0, 1}|V|×|E|, with each
entry h(e, v) as the indicator of whether hyperedge v con-
tains vertex c. If the vertex v is connected by the hyperedge
e, then h(v, e) = 1, otherwise h(v, e) = 0.

Secondly, we formally construct the AU-based knowl-
edge hypergraph. Hypergraph explicitly models the high-
order correlations among vertices and edges rather than pair-
wise relationships, which is suitable for the representation
of complex AU-expression relationships. Therefore, we con-
struct an AU-based knowledge hypergraph to represent the
co-occurrence relationships between expressions and pro-
totypical AUs according to (Du, Tao, and Martinez 2014).
Specifically, the AU-based knowledge hypergraph Gk is con-
structed as Gk = (V, E), where V = {v1, v2, · · · , vN} de-
notes the N prototypical AUs involved in the expression
dataset, and E = {e1, e2, · · · , eM} denotes the M expres-
sion classes (M = 6 for six basic expressions). The entry
h(v, e) of the incidence matrix H is defined as

h(v, e) =

{
1, if v is consistently active in e
0, otherwise (5)
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Thirdly, we decompose the modality-invariant feature and
feed it into HGNN (Feng et al. 2019) convolutional lay-
ers with the guidance of the constructed knowledge hyper-
graph. The [class] embedding ecls ∈ Rd is obtained from
the modality-invariant feature OI of the SAOD module and
then mapped into N branches with fully connected layers as

ei = FCi(ecls), i = 1, 2, · · · , N (6)

where ei ∈ Rd(0)

can be regraded as the vertex feature
of vi in the knowledge hypergraph Gk. The vertex features
are concatenated to form the vertex feature matrix E(0) =
(e1, · · · , eN )⊤ ∈ NN×d(0)

at the input layer. Given the ver-
tex matrix E(l) at layer l and the hypergraph Gk, the result
E(l+1) at HGNN layer l is calculated as

E(l+1) = HGNNConv(E(l),Gk;Θ
(l)) (7)

where Θ(l) is the learnable parameter matrix at layer l.
Finally, we obtain the output of the HGNNConv layer se-

quences and utilize it to aggregate the multiple branches for
final feature embedding. Through the HGNNConv layer se-
quences of length L, the dimension of the vertex feature is
gradually reduced to 1. The output E(L) ∈ RN×1 of the
last HGNNConv layer is fed into a sigmoid activation layer
to produce the vertex-wise attention weight. Based on this
attention weight, the decomposed branches ei, · · · , eN are
further aggregated using weighted sum to produce the final
feature embedding Eagg =

∑N
i=1 Sigmoid(E(L)

i ) · ei.
Based on the feature embedding Eagg, an expression clas-

sification head implemented by a single fully connected
layer is attached to obtain the final expression prediction re-
sult ŷ = FCcls(Eagg). The expression classification loss Lcls
is defined as the cross-entropy loss between the prediction
result ŷ and the ground truth y.

Loss Function
In our method, the spectrum classification loss Lspectrum from
the SAOD module and the expression classification loss Lcls
from the HGFE module are jointly optimized in an end-to-
end manner. The overall loss function is defined as

L = Lcls + λLspectrum (8)

where λ is the balance parameter between the two parts.

Experiment Setup
In this section, we present the details of datasets, task set-
tings, baselines, and implementation.

Datasets
We conduct experiments on two NIR&VIS facial expression
datasets: Oulu-CASIA (Zhao et al. 2011) and the proposed
Large-HFE. There are rather few publicly available datasets
in the field of NIR-VIS heterogeneous FER (Yu et al. 2022).
To the best of our knowledge, Oulu-CASIA is the only
publicly available dataset before this paper, which consists
of NIR&VIS video sequences captured in the lab environ-
ment with 6 basic facial expressions and 80 subjects. Among

the subjects, there are 21 females and 59 males. Following
(Ruan et al. 2021), we select the last 3 frames in each se-
quence of strong illumination to construct the image dataset.

Large-HFE is a new NIR&VIS facial expression dataset
proposed in this paper. Compared with Oulu-CASIA, the
proposed dataset has a larger size in subjects, and more di-
versity in gender and age distribution. In Large-HFE, the im-
ages are also captured in the laboratory-controlled environ-
ment, with 6 basic expressions plus neutral and 360 subjects
at the age of 5-70. Among the subjects, there are 184 fe-
males and 176 males. For each expression of each subject,
1-2 images captured in the normal illumination are selected
to construct the dataset.

To enhance the training set with extra VIS samples, we
select 2 VIS facial expression datasets: KDEF (Lundqvist,
Flykt, and Öhman 1998) and CFEE (Du, Tao, and Martinez
2014). KDEF accommodates 70 subjects with 6 basic ex-
pressions plus neutral, in which images from the front view
are utilized in the experiments. CFEE consists of 230 sub-
jects with basic and compound expressions. For compara-
bility with the NIR&VIS datasets, the selected datasets are
both from the laboratory-controlled environment and only
samples of 6 basic expressions are selected.

Baselines and Task Settings
To verify the effectiveness of the proposed method, we se-
lect baselines from two related tasks: single-modality FER
methods and heterogeneous face recognition methods. For
the single-modality FER methods, we select four baselines
including IL-CNN (Cai et al. 2018), SCN (Wang et al. 2020),
MA-Net (Zhao, Liu, and Wang 2021), and FDRL (Ruan
et al. 2021). For the heterogeneous face recognition (HFR)
methods, we select two subspace learning methods includ-
ing DSVNs (Hu and Hu 2019) and DFD (Hu and Hu 2022),
and two image synthesis methods including HiFaceGAN
(Yang et al. 2020) and T2V-DDPM (Nair and Patel 2023).

In the experiments, the training set of each NIR&VIS fa-
cial expression dataset (original set) and the full set of the
above 2 VIS facial expression datasets (extra set) are mixed
to form the enhanced training set (enhanced set). For the
train set of NIR only, only the NIR samples in the original
set are utilized to train the single-modality FER models. For
the train set of NIR + VIS, both NIR and VIS samples from
the original set is utilized to train the single-modality FER
models and subspace learning HFR models. For the train set
of NIR + VIS + Extra VIS, both NIR and VIS samples from
the enhanced set are utilized to train all the models. The test
set of NIR&VIS facial expression dataset is used as the test
set for all settings. The classification accuracy and macro F1
score are evaluated on the NIR part of the test set.

Implementation Details
The proposed method is implemented with PyTorch 1.12.
The backbone is Vision Transformer (Dosovitskiy et al.
2020). Before training, the facial areas of the image sam-
ples are detected and cropped by the face detector in dlib
library. The cropped images are then resized and randomly
cropped to 224 × 224 and the batch size is set to 64. The
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Train Set Method
Oulu-CASIA Large-HFE

Acc F1 Acc F1

NIR only

ResNet (He et al. 2016) † 76.39±0.55 76.32±0.71 74.23±0.67 74.07±1.12

IL-CNN (Cai et al. 2018) † 72.71±0.21 72.36±0.52 72.08±0.44 71.94±0.69

FDRL (Ruan et al. 2021) † 70.29±0.38 69.71±0.48 71.95±1.55 70.75±1.40

MA-Net (Zhao, Liu, and Wang 2021) † 71.46±1.73 71.40±1.16 73.96±0.38 73.70±0.60

SCN (Wang et al. 2020) † 78.86±0.69 78.78±0.69 79.34±0.62 79.23±0.62

NIR + VIS

ResNet (He et al. 2016) † 78.75±0.76 78.91±0.83 77.28±0.91 77.30±0.90

IL-CNN (Cai et al. 2018) † 76.25±0.49 76.23±0.59 76.18±0.34 76.35±0.70

FDRL (Ruan et al. 2021) † 76.67±0.31 76.63±0.49 77.15±1.71 77.49±1.59

MA-Net (Zhao, Liu, and Wang 2021) † 68.68±1.47 68.74±1.40 70.40±0.53 70.34±0.57

SCN (Wang et al. 2020) † 80.04±0.95 79.97±0.51 80.04±0.68 79.79±0.33

DSVNs (Hu and Hu 2019) ‡ 72.57±1.14 73.08±1.12 71.01±0.72 70.07±0.79

DFD (Hu and Hu 2022) ‡ 64.58±1.74 63.94±1.78 77.78±1.32 77.68±1.36

NFER-Former (proposed) 81.95±0.60 81.86±0.65 80.49±0.90 80.11±1.00

NIR + VIS + VIS Extra

ResNet (He et al. 2016) † 77.64±0.78 77.83±0.90 76.43±0.91 76.41±0.91

IL-CNN (Cai et al. 2018) † 79.17±0.68 79.15±0.75 76.59±0.63 76.74±0.72

FDRL (Ruan et al. 2021) † 78.82±0.61 78.69±0.61 79.12±1.45 78.92±1.55

MA-Net (Zhao, Liu, and Wang 2021) † 73.54±1.40 73.70±1.42 72.67±0.36 72.48±0.36

SCN (Wang et al. 2020) † 80.53±0.71 80.61±0.72 79.48±0.55 79.23±0.54

DSVNs (Hu and Hu 2019) ‡ 76.39±1.07 61.56±1.06 72.81±0.52 72.32±0.51

DFD (Hu and Hu 2022) ‡ 66.67±1.43 66.21±1.48 79.83±1.04 79.82±1.13

HiFaceGAN (Yang et al. 2020) ‡ 75.83±1.21 75.76±1.19 77.31±1.20 77.36±1.27

T2V-DDPM (Nair and Patel 2023) ‡ 73.15±1.30 73.02±1.30 74.80±1.44 74.70±1.04

NFER-Former (proposed) 84.03±0.65 83.82±0.71 82.17±1.08 81.99±1.18

Table 1: The performance on two NIR&VIS facial expression datasets in %. NIR only means only using the NIR part of the
dataset as the train set. NIR + VIS means using both NIR and VIS parts of the dataset as the train set. NIR + VIS + Extra VIS
means using the dataset and extra samples from VIS facial expression datasets as the train set. † denotes single-modality FER
methods. ‡ denotes heterogeneous face recognition (HFR) methods. The best results are highlighted in bold.

training process is stopped after 40 epochs. The AdamW op-
timizer is adopted to optimize the backbone with the learn-
ing rate set to 10−4 and a one-cycle scheduler. The weight
decay is set to 5 × 10−4. The hyper-parameter λ is set to
0.1 for both Oulu-CASIA and Large-HFE. For each exper-
iment, subject-independent five-fold cross-validation proto-
col is adopted and the average results are reported.

Results and Analysis
In this section, we present the experimental results and anal-
ysis. First, we compare the proposed method with the base-
lines on the two NIR&VIS facial expression datasets. Then,
we conduct ablation study to verify the effectiveness of each
component in the proposed method.

Comparison with State-of-the-art Methods
Table 1 shows the performance of the proposed method
and several state-of-the-art baselines on Oulu-CASIA and
Large-HFE under different settings of train set. The com-
pared baselines are categorized into two groups, including
facial expression recognition baselines and heterogeneous
face recognition baselines. From the results, we can obtain
the following observations.

(1) It is significant that the proposed framework achieves
the best performance on both datasets under all settings.
Compared with the best baseline with NIR + VIS + Extra
VIS setting, the proposed method improves the accuracy by

3.50% and 2.34%, and the macro F1 score by 3.21% and
2.17% on Oulu-CASIA and Large-HFE respectively. The re-
sults demonstrate the effectiveness of the proposed method
for NIR FER with the augmentation of visible facial ex-
pression datasets. This is mainly due to the proposed SAOD
module and HGFE module, which can perform effective dis-
entanglement of spectrum information using vision trans-
former and extract the discriminative feature embeddings
with the guidance of knowledge-hypergraph. Therefore, the
proposed method can make full use of the visible samples to
enhance the performance of NIR FER.

(2) Among the compared baselines, FER methods tend to
show higher performance than HFR methods. FER baselines
including SCN, IL-CNN and FDRL achieve relatively high
performance on both datasets, since they are specially de-
signed to address the challenges in FER task, such as inter-
class similarity and noisy labels. The performance of HFR
methods such as DSVNs and T2V-DDPM is relatively less
satisfactory in most situations since the consideration for
subtle facial representations and high-order inter-class cor-
relations is lacking for facial expression modeling.

Ablation Study
In order to verify the effectiveness of each component in
the proposed method, ablation study is conducted on Oulu-
CASIA and Large-HFE with different combinations of the
key modules. Specifically, 4 combinations of key modules
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Method
Oulu-CASIA Large-HFE

Acc F1 Acc F1

Baseline 81.21 81.22 79.11 78.89
SAOD 82.71 82.75 80.51 80.20
HGFE 82.15 82.03 80.78 80.59
SAOD + HGFE 84.03 83.82 82.17 81.99

Table 2: The ablation study results on Oulu-CASIA and
Large-HFE in %. The best results are highlighted in bold.
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Figure 3: Ablation study results for different values of hyper-
parameter λ on Oulu-CASIA and Large-HFE.

are compared in the ablation study as the followings:

• Baseline: The basic ViT backbone.
• SAOD: The basic model with SAOD module.
• HGFE: The basic model with HGFE module.
• SAOD + HGFE: The proposed NFER-Former method.

As shown in Table 2, the ViT backbone performs the
worst, which is limited by the modality gap and subtle inter-
class variation in NIR FER. Incorporating the SAOD module
into ViT backbone significantly improves the performance,
which indicates that the SAOD module effectively disentan-
gles the spectrum information from the modality-invariant
feature extraction. Moreover, the performance is further im-
proved by incorporating the HGFE module, which demon-
strates the effectiveness of the high-order inter-class correla-
tion from knowledge hypergraph. The proposed framework
that combines SAOD and HGFE modules makes full use of
the above advantages and achieves the best performance.

In order to verify the recognition performance of the
proposed method with different values of hyper-parameter
λ, we conduct ablation study of the hyper-parameter
λ = 0.01, 0.1, 1, 5, 10 on Oulu-CASIA and Large-HFE, as
shown in Fig. 3. It is observed that our method achieves the
best performance when λ = 0.1 for both datasets. Therefore,
we set the values of λ to 0.1 in the experiments.

Visualization
In order to demonstrate the performance on the challenges
of intra-class variation and inter-class similarity, we visual-

Figure 4: Visualization of intra-class variation and inter-
class similarity of the expression features learned by base-
line and proposed method. Different colors denote different
classes of expressions.

ize the expression features extracted by the baseline and the
proposed NFER-Former on Large-HFE dataset in Fig. 4.

As shown in Fig. 4.a, the intra-class variations of the
extracted features are illustrated in the scatter plot, where
the features are reduced to 2D space using t-SNE (Van der
Maaten and Hinton 2008). From the figure, we can see that
the features learned by the baseline are not compact for each
expression class. In contrast, the features learned by the pro-
posed method show more compact intra-class variation.

As shown in Fig. 4.b, the inter-class similarities of the ex-
tracted features are illustrated in the chord diagram, where
each expression class is regarded as a node and the fea-
ture similarity is regarded as the edge weight between two
classes. The similarity between two classes is calculated
from the average distance from the features of one class to
the features of another class. For clarity, the edges with sim-
ilarity score less than a constant threshold are removed. It
is observed that features extracted by baseline method have
higher inter-class similarity, such as happiness and anger,
sadness and surprise. In contrast, the proposed method ef-
fectively alleviates the inter-class similarity problem.

Conclusion
In this paper, we propose a novel NFER-Former method
to utilize NIR-VIS heterogeneous facial expression samples
for effective NIR FER. We introduce Self-Attention Orthog-
onal Decomposition and Hypergraph-Guided Feature Em-
bedding modules to learn the modality-invariant discrimi-
native features from NIR-VIS heterogeneous samples. We
construct a new dataset named Large-HFE with 4.5 times
more subjects than the previous dataset. The experimental
results show that our NFER-Former method achieves lead-
ing performance on existing NIR FER datasets.
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