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ABSTRACT

Analysing learners' facial expressions during learning and exploring their learning processes and emotional changes are of great
significance for assisting teachers' teaching and promoting smart education. In complex learning environments, static facial
expression recognition fails to capture the dynamic changes of learners' expressions losing the continuous features in the
learning process, and its recognition effect is easily interfered with by factors such as occlusion and lighting variations during
learning. To address the above issues, a network model based on adaptive global attention and temporal difference is proposed
to recognise learners' dynamic expression sequences. Firstly, we have designed an Adaptive Global Attention (AGA) block,
which adaptively models inter-channel relationships to dynamically enhance key channels that are highly correlated with
learners' states while suppressing redundant information, thereby improving the model's feature representation capability
under noisy environments. Secondly, we have designed a Differential Temporal Transformer (DTFormer) to extract differential
information between consecutive frames, increasing the model's sensitivity to learners' facial expression dynamics and
improving recognition performance. The two components complement each other in terms of spatial feature enhancement and
temporal dynamic modelling effectively improving the model's overall capability for representing learners’ dynamic facial ex-
pressions. Experiments were conducted on public datasets DFEW, FERV39k and the learner E-learning emotional state data set
DAISEE, and comparisons were made with classical methods using objective indicators. The results demonstrate that the
proposed method outperforms the comparison methods in multiple performance indicators, thereby verifying its effectiveness.

1 | Introduction usually reflected through their expressions, and variations in

emotional states exert an impact on their learning motivation and

With the continuous advancement of artificial intelligence tech-
nology, educational methods are undergoing profound changes,
and the concept of smart education has been widely recognised.
As an important part of the smart education field, expression
recognition technology realises accurate perception of learners’
emotions by analysing facial expressions during learning, which
is an indispensable component in smart classrooms. Emotion is a
key factor in the learning process. Learners' emotional states are

learning outcomes [1]. Therefore, using expression recognition
technology to analyse learners' facial expressions in the classroom
and explore their learning processes and emotional changes can
help teachers better understand learners' classroom states,
thereby improving teaching efficiency and quality.

Over the past few years, learners’ facial expression recognition
has emerged as a critical technique for evaluating learning
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states, and numerous scholars have conducted extensive
research on expression recognition algorithms. At present, most
expression recognition tasks for learners’ learning states rely on
feature extraction from single-frame images of learners' faces
[2]. However, in real-world classroom learning scenarios,
learner facial expression recognition faces challenges from
specific facial occlusion behaviours, such as resting the chin on
the hand and wearing glasses as well as significant pose varia-
tions caused by activities such as note-taking and problem-
solving. Learners' learning states are a process rather than an
instant. Therefore, although static image-based expression
recognition methods are efficient, they lack motion information
of learners’ expressions and cannot well reflect learners’ states.
To better adapt to complex learning scenarios, we choose to
perform dynamic expression recognition based on image se-
quences of learners' learning expressions, which can better
reflect the changes in learners' expressions during learning.

However, current dynamic image sequence-based expression
recognition also faces challenges. Traditional convolutional
neural networks (CNNs) [3] struggle to capture long-term de-
pendencies and dynamic evolution patterns in consecutive
frames [4]. Moreover, indiscriminate extraction of spatial and
channel-wise features during facial expression recognition tends
to introduce background noise leading to inefficient resource
utilisation and insufficient discriminative features, which may
cause key facial regions to be overlooked and ultimately degrade
recognition performance. In addition, undifferentiated and un-
inhibited extraction of expression features leads to resource
waste and insufficient features, affecting the final recognition
effect. Unlike generic dynamic facial expression recognition
tasks, learners' expressions in real learning scenarios exhibit
distinctive characteristics, such as subtle emotional variations
and short expression durations. Moreover, from a spatial
perspective, key facial regions often yield weak responses while
redundant features dominate the representation; from a tem-
poral perspective, local variations (e.g., head movements)
coexist with long-term emotional states. These characteristics
render traditional facial expression recognition methods based
on static features or single-frame modelling inadequate for
accurately characterising learners' true learning states.

To address the aforementioned challenges of facial expression
recognition in learning scenarios, this paper proposes a dynamic
facial expression recognition method for learners based on
Adaptive Global Attention (AGA) and Differential Temporal
Transformer (DTFormer). The proposed approach focuses on
two complementary dimensions—selective spatial-channel
modelling and temporal differential perception—to achieve
precise extraction and effective modelling of discriminative
facial expression features in real-world learning environments.
The main contributions of this work are summarised as follows:

1. We have proposed an Adaptive Global Attention (AGA)
mechanism with a gated fusion strategy. To address the
weak responses of key facial features and the presence of
various interferences in learning scenarios, the AGA
module is designed with two complementary attention
branches: adaptive channel attention and global convolu-
tional attention. Specifically, the adaptive channel atten-
tion branch captures local feature variations by modelling

fine-grained inter-channel dependencies and employs a
gated fusion mechanism to adaptively integrate global and
local channel information, enabling dynamic allocation of
channel-wise feature weights and deep modelling of
spatial-channel correlations. The global convolutional
attention branch extracts global contextual semantic
information to ensure the stability of global feature rep-
resentations. In addition, a temporal global pooling oper-
ation is introduced to jointly model channel-wise and
temporal information enhancing the sensitivity of channel
responses to inter-frame variations. As a result, the pro-
posed AGA module selectively emphasises salient features
while suppressing noncritical information under complex
conditions such as pose variations and facial occlusions,
thereby effectively enhancing the discriminative power of
features.

2. We have constructed a Differential Temporal Transformer
(DTFormer). Given that learners' facial expressions exhibit
intertwined short-term rapid changes and long-term
emotional states over time, a bidirectional temporal
enhancement module is introduced before the Trans-
former encoder. This module explicitly models the tem-
poral dynamics of facial expressions through forward and
backward frame difference operations between adjacent
frames, whereas depthwise separable convolutions are
incorporated to enhance local temporal modelling capa-
bility. Temporal feature reshaping is thus completed prior
to the multi-head self-attention mechanism. The proposed
DTFormer not only preserves the Transformer's strength
in capturing long-range temporal dependencies, but also
significantly improves the model's sensitivity to short-term
dynamic variations, leading to enhanced temporal feature
extraction and effective collaborative modelling of short-
term facial changes and long-term emotional states in
learning scenarios.

3. To assess the validity of the proposed method in the task of
dynamic facial expression recognition for learners, we
utilise the DAISEE dataset, which contains affective state
data collected from learners in online learning environ-
ments. In addition, the large-scale dynamic facial expres-
sion datasets DFEW and FERV39k contain samples with
extreme illumination conditions, self-occlusions and sig-
nificant pose variations, which effectively simulate the
influences of lighting variations, facial occlusions and head
movements in real classroom learning scenarios. There-
fore, we have conducted experiments on the DFEW and
FERV39k datasets using Weighted Average Recall (WAR)
and Unweighted Average Recall (UAR) as evaluation
metrics to validate the effectiveness of the proposed
method. Compared with other network models, it dem-
onstrates excellent recognition performance.

2 | Related Work
2.1 | Learner Expression Recognition
Different from traditional expression recognition, the classroom

environment for facial expression recognition is more complex.
Furthermore, some facial expressions classified in traditional
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facial expression classification are not easy to occur in a class-
room setting. Therefore, for facial expression recognition in
classroom scenarios, it is necessary to redefine facial expression
categories according to the characteristics of the application
scenario, while excluding those facial expression categories that
are irrelevant to the classroom [5, 6]. Nowadays, there is no
unified concept for the classification of learners' classroom
emotions. Savchenko et al. analysed learners' learning behav-
iours in online classrooms and divided learners' expressions into
anger, contempt, disgust, fear, happiness, neutrality, sadness
and surprize [7]. Gupta et al. collected learners' online learning
videos, constructed the DAIiSEE dataset and divided it into four
emotional states: boredom, confusion, engagement and frus-
tration [8].

With the in-depth research and wide application of deep
learning methods, learner classroom expression recognition has
made significant progress in accuracy and speed. In their study,
Tang et al. introduced a classroom evaluation system utilising
CNN-based object recognition and further designed an emotion
recognition model by eliminating fully connected layers and
combining depthwise separable convolutions with other com-
ponents [9]. A deep attention network was utilised by Yu et al.
to construct both a learner expression recognition system and a
teaching evaluation algorithm [10]. Firstly, multipath facial
images were generated through preprocessing methods such as
cropping and occlusion and input into multipath deep attention
networks respectively; then, different weights were assigned to
the multipath networks through the self-attention mechanism,
and constraint loss functions were used to limit weight assign-
ment; finally, expression classification was performed based on
the learnt global features to realise learner classroom expression
recognition under occlusion. By combining the varying states of
multiple facial tissues, Li et al. evaluated learners’ states, they
also developed a video-based classroom evaluation technique,
leveraging facial features—including head angle, eyebrows, eyes
and lips—to interpret learners’ expressions and evaluate class-
room effectiveness [11]. Krishnnan et al. come up with a new
algorithm framework using SSIM to identify key frames in
videos to improve recognition rate and combined facial ex-
pressions with drowsiness detection to perceive learners’
learning states [12]. The SFER-MDFAE model, proposed by
Shou et al., achieved a significant improvement in the accuracy
of learner facial expression recognition within smart classroom
scenarios by leveraging multiscale feature aggregation and fine-
grained regional attention mechanisms [13]. Chen et al. pro-
posed an attention fusion-based occluded facial expression
recognition model (AFNet), which employs a multibranch
spatial attention network to extract local facial features, auto-
matically perceive occluded facial regions and address the oc-
clusion issue in online learning [14]. Additionally, Chen et al.
derived learners' emotional states from classroom expressions
and cognitive feedback from behaviours subsequently inte-
grating these two aspects to generate a comprehensive evalua-
tion of classroom states [15]. Wang et al. used vision-language
models to analyse 5000 images depicting confused, distracted,
happy, neutral and tired expressions through zero shot prompt
analysis, achieving moderate performance in academic facial
expression recognition [16].

The existing learner expression recognition methods mentioned
above are mostly static expression recognition methods based on
images, but static expression recognition methods are difficult to
adapt to complex expression recognition scenarios. Therefore,
we choose to perform dynamic expression recognition on
learners’ expressions. In addition, since most current learner
expression datasets are private, we select the abovementioned
public dataset DAISEE, which classifies learners’ expressions
into four categories: boredom, confusion, engagement and
frustration, and perform preprocessing such as frame process-
ing, face detection and alignment on the learners’ online
learning videos in this data set to confirm the effectiveness of
the proposed method in learner expression recognition.

2.2 | Dynamic Expression Recognition

Currently, static image-based facial expression analysis remains
the mainstream in the field of expression analysis. Due to the
similarity between different facial expression emotions, Lee
et al. proposed a divide-conquer learning strategy to precisely
classify plenty of facial expression data, thereby more effectively
assisting in extracting expression features [17]. Luo et al. pro-
posed a facial expression recognition network integrated with a
multiscale fusion attention mechanism aiming to enhance the
representation capability of critical facial features [18]. Song
et al. proposed HFE-Net, which achieves collaborative model-
ling of local and global facial expression information through
parallel fusion of convolutional features with a multi-head self-
attention mechanism, thereby enhancing the model's ability to
perceive overall facial expression structures [19].

With advances in deep learning, particularly the use of temporal
neural networks and 3D convolutional models, research has
moved from static to dynamic facial expression recognition
aiming to more effectively capture the evolution of facial ex-
pressions. In comparison with static facial expression recogni-
tion (SFER), dynamic facial expression recognition (DFER)
methods take into account the spatial features of single-frame
images as well as the dependencies and temporal information
among frames in video sequences [20, 21]. Early studies mostly
used CNN models to extract spatial features from each frame of
images, then used RNN models to analyse the temporal re-
lationships between image frames and later proposed 3D-CNN-
based methods for 3D data modelling and joint learning of
spatial-temporal features. Liu et al. proposed a dynamic
expression recognition framework based on a hybrid attention
mechanism, aiming to balance the relationship between local
changes and global feature representation of facial expressions
[22]. An et al. proposed channel-adaptive model parameters for
the initialisation problem of CNN and LSTM [23], which can
effectively reduce gradient explosion during training and further
improve the accuracy of expression classification and recogni-
tion. In recent years, with the successful application of Trans-
formers in the field of computer vision [24], temporal modelling
methods based on self-attention mechanisms have gradually
emerged as an important research direction in dynamic facial
expression recognition (DFER), and researchers have begun
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utilising the structural merits of such models for extracting
spatial-temporal information from video sequences [25].
Former-DFER, designed by Zhao et al., utilises a Transformer
architecture combining CS-Former and T-Former modules to
separately learn spatial and temporal characteristics in dynamic
facial expression recognition [26]. Ma et al. developed a Spatial-
Temporal Transformer aimed at capturing key intra-frame de-
tails, exploring frame-to-frame relationships and fusing spatial
and temporal information in a unified manner [27]. Wang et al.
designed a CNN-Transformer model, integrating Spa-CNN for
spatial processing and T-Former for temporal modelling, to
capture global temporal relations at consistent spatial positions
across frames while maintaining feature resolution [21, 28].
Beyond architectural innovations, several studies have explored
dynamic facial expression recognition from the perspectives of
robustness and representation consistency, aiming to alleviate
the impact of noisy frames and improve cross-domain general-
isation in real-world scenarios. Li et al. introduced NR-DFERNet
to suppress the influence of noise frames in video sequences [29].
Wei et al. proposed a super image-based spatiotemporal con-
volutional model and a two-stream LSTM model for facial ex-
pressions to capture local spatial-temporal features and learn
global temporal clues of emotional changes [20]. Han et al.
proposed the RTT model, which utilises an IR50 network pre-
trained on large-scale face datasets to extract static facial
expression features and further incorporates a Transformer-
based Temporal Feature Enhancement Module (TFEM) to
strengthen the perception of complex dynamic expression vari-
ations [30]. Lu et al. proposed the Multi-Snippet Spatiotemporal
Learning (MSSL) framework, which integrates (2 + 1)D multi-
snippet spatiotemporal modelling, the BTMSE module, and a
Temporal Transformer module to hierarchically capture subtle
expression dynamics and long-term temporal dependencies [31].
Inspired by the reference encoding paradigm in neuroscience in
neuroscience, Stettler et al. proposed the multi-domain neural
reference encoding (MD-NRE) model, which represents facial
expressions as offset vectors relative to domain-specific neutral
references. This design enables effective cross-domain facial
expression recognition in few-shot scenarios, significantly
improving data efficiency and generalisation ability [32].
Focussing on the complementary roles of global and local in-
formation, Jiang et al. adopted a dual-path modelling strategy to
separately learn structural features and high-frequency texture
details and achieved collaborative optimisation through multi-
scale feature fusion, thereby mitigating structural bias and
excessive information smoothing commonly observed in single-
network architectures for complex visual tasks [33]. Shi et al.
proposed a Dual-Spike Self-Attention (DSSA) mechanism and
designed the SpikingResformer architecture, which integrates
the hierarchical structure of ResNet with spike-based self-
attention. This approach preserves multilevel local feature
extraction while introducing global attention modelling, effec-
tively mitigating the limitations of pure attention-based archi-
tectures in local representation learning [34].

Despite the notable progress achieved by the aforementioned
methods in improving dynamic facial expression recognition,
several limitations remain. On the one hand, most existing
channel- or spatial-attention mechanisms rely on coarse-grained
operations such as global average pooling or max pooling. In
particular, traditional attention modules such as SE and CBAM

generate channel weights through a single-path global pooling
strategy. In learning scenarios where learners’ facial expression
variations are subtle and discriminative regions are highly
localised, such designs tend to overlook fine-grained spatial
information within channels leading to weakened responses of
critical local expression features and the loss of essential spatial
positional cues [35, 36]. On the other hand, some approaches
primarily focus on global temporal modelling and assume equal-
quality temporal features before entering the temporal model-
ling stage resulting in insufficient attention to short-term tem-
poral patterns and rapid local variations. Consequently, these
methods struggle to effectively capture subtle dynamic expres-
sion changes [37, 38]. In addition, spatiotemporal features
across different temporal scales often lack effective collaborative
modelling mechanisms, which further limits the robustness and
generalisation ability of models in complex real-world scenarios.

To address the above limitations, this paper proposes a learner
dynamic facial expression recognition method based on fine-
grained feature modelling and multiscale temporal representa-
tion, which integrates Adaptive Global Attention and Differen-
tial Temporal Transformer. An improved fine-grained channel
attention mechanism is introduced, which incorporates a dual-
branch attention structure and a gated fusion strategy to model
channel-wise relationships between global contextual semantics
and local fine-grained features. Learnable gating weights are
employed to achieve adaptive fusion, enabling the model to
maintain global perceptual capability while significantly
enhancing responses to discriminative channel features. Mean-
while, a bidirectional temporal enhancement module is com-
bined with a Temporal Transformer to collaboratively model
short-term temporal patterns and long-term emotional states,
thereby improving the model's sensitivity to facial expression
variations and enabling effective recognition of complex dy-
namic expressions in real-world learning scenarios.

3 | Methodology

The overall architecture of the proposed learner dynamic
expression recognition method based on Adaptive Global
Attention and Differential Temporal Transformer is shown in
Figure 1. The model adopts ResNetl8 as the spatial feature
extraction backbone, which consists of four residual stages
(Block1-Block4). To mitigate the interference of noise and
redundant information commonly present in classroom envi-
ronments, Adaptive Global Attention (AGA) modules are
inserted into the second and third residual stages of ResNet18.
These modules enhance channel responses that are highly
relevant to facial expression discrimination while suppressing
redundant features, thereby providing reliable and discrimina-
tive representations for subsequent temporal modelling.
Furthermore, a Differential Temporal Transformer (DTFormer)
is introduced to perform differential temporal modelling on the
feature sequences refined by AGA, enabling the model to focus
on both short-term evolution and long-term dependencies of
facial expression features and to capture the temporal progres-
sion of learners’ emotional states. The collaborative and com-
plementary design of AGA and DTFormer allows the proposed
model to effectively address the challenges of subtle expression
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FIGURE 1 | Overall architecture of the proposed learner dynamic facial expression recognition network derived from Adaptive Global Attention

(AGA) and Differential Temporal Transformer (DTFormer). The AGA module dynamically fuses global and local information to emphasise salient

features, whereas the DTFormer captures subtle temporal changes through inter-frame difference operations.

variations and temporal instability in real-world classroom
scenarios.

Firstly, the expression video sequence is preprocessed to obtain
an image sequence with a fixed number of frames; the
ResNet18 backbone network serves to extract features from the
input image sequence, and then the adaptive global attention
module is employed to obtain global and local features. The
feature map is flattened in the time dimension to obtain a new
temporal feature sequence, and the differential temporal
Transformer module is used to model the temporal de-
pendencies between frames to obtain temporal features; finally,
the fully connected network generates the final classification
output yielding the learner's dynamic facial expression recog-
nition results.

3.1 | Backbone Network for Image Feature
Extraction

The image feature extraction network uses the ResNetl8
network as the backbone to extract image features and obtain
basic global features. The network takes a frame set composed
of T RGB face images with height H and width W as input,
which is obtained by random dynamic sampling of segments
from the original video. To be more specific, all frames in the
training video samples are first evenly divided into U segments,
and then V frames are randomly chosen from each segment. For
the test video samples, all frames are initially divided into U
segments, but then V frames are sequentially selected at the
middle position of each segment [39]. Thus, frames are gener-
ated as input for training or testing.

3.2 | Adaptive Global Attention
Mechanism (AGA)

In traditional learner classroom facial expression recognition
tasks, most methods rely on convolutional neural networks
(CNNs) to extract facial features and then adopt global pooling
or single-branch channel attention mechanisms for global
feature modelling. However, in real-world scenarios, learners’
facial expression variations are often subtle. Conventional
attention mechanisms based on a single global pooling pathway
are therefore insufficient to simultaneously capture global
emotional states and fine-grained expression changes, which
limits the discriminative capability of the model.

To address this issue, we have proposed a dual-branch adaptive
channel attention mechanism that differs from conventional
single-branch channel attention mechanisms as illustrated in
Figure 2. Specifically, this mechanism consists of two comple-
mentary attention branches: an Adaptive Channel Attention
(ACA) module and a Global Convolutional Attention (GCA)
module [40]. The ACA branch models fine-grained inter-chan-
nel dependencies to capture subtle local feature variations,
whereas the GCA branch focuses on extracting global contex-
tual semantic information. By jointly modelling local and global
channel relationships, the proposed mechanism enhances
sensitivity to fine-grained features while preserving global
perceptual awareness, thereby improving recognition accuracy.
Furthermore, considering that most existing channel attention
mechanisms lack explicit temporal modelling capability, we
introduce global convolution and temporal global pooling op-
erations to integrate channel-wise features with temporal dy-
namics. This design enables dynamic adjustment of channel
responses across frames, endowing the model with cross-frame
channel selection capability and facilitating the capture of stable
and discriminative facial expression evolution patterns.

3.2.1 | Adaptive Channel Attention (ACA)

This module obtains channel correlation features and channel
compression expressions through local convolution and fully
connected operations, and adaptively adjusts attention weights
using the attention degree between channels and the gated
fusion mechanism, finally obtaining channel attention to ach-
ieve accurate enhancement of emotion-related channels.

Specifically, to capture feature information in the channel
dimension, we initially perform Global Average Pooling (GAP)
and Global Max Pooling (GMP) operations on the network
feature X € RE*#*W with input dimension C x H x W to
obtain global and local feature representations at the channel
level as shown in Equations (1) and (2):

H W
favg = GAP(X.) = Z ZXC(L]) € RTXCx1x1 )

xXW i=1 j=1
_ _ T><C><1><1
Jmax = GMP(X.) = < <IE?§J<W)Q(1 ,)ER )

where fag and fmax are the global channel feature representa-
tion and local significant feature representation respectively,
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FIGURE 2 | The proposed Adaptive Global Attention (AGA) module diagram. The module is composed of adaptive channel attention and global

convolutional attention and employs gated fusion to model cross-channel and temporal dependencies, dynamically emphasising salient features and

suppressing irrelevant information.

and X.(i, j) represents the feature response of the cth channel at
spatial position (i, j).

For the global average feature f,,, extracted by GAP, local
modelling is performed using a 1D convolution operation to
obtain l; € R*!; for the local significant feature fyax extracted
by GMP, global modelling is performed through a fully con-
nected operation to obtain I, € R°*!. For the purpose of pro-
moting effective interplay between global and local information,
the obtained global and local information are combined, and a
cross-similarity matrix is constructed by matmul product of
their transposes to capture their correlation as shown in Equa-
tions (3) and (4):

A=l -1 € RXC (3)

B=1 -1l € R™C, 4)

Subsequently, to enable effective collaboration between
different attention branches, an adaptive gated fusion mecha-
nism is designed to dynamically regulate the integration of fine-
grained features and global semantic features at the channel
level. Since the channel correlation matrix contains rich inter-
channel dependency information, row-wise and column-wise
statistical information is first extracted from the channel cor-
relation matrices A, B, respectively, to generate global and local
weight vectors a, b. These vectors serve as prior weights that
quantify the importance of global contextual semantics and
local fine-grained responses.

Building upon this, a learnable gating parameter vector is
introduced, which is normalised through a Sigmoid activation
function to produce channel-wise gating parameters con-
strained within the range [0,1] as formulated in Equation (5):

w = o(ConvlD([a, b])) € [0, 1]. (5)

here, w € R'*“*1X1 denotes the learnable gating parameters
vector, and o(-) represents the Sigmoid activation function. This
design ensures the continuity and differentiability of the fusion
weights facilitating stable network training. Subsequently, the
generated gating coefficients are used to perform adaptive

weighted fusion of the fine-grained features and global features.
The computation process is formulated as Equation (6):

fur=wxa+ 1 —w)xbe R, )

here, ® denotes element-wise multiplication across channels,
and fy represents the channel attention vector obtained after
adaptive fusion. To further constrain the magnitude of channel
responses and enhance numerical stability, the fused channel
attention vector is normalised again using a Sigmoid activation
function. It is then applied to the original input feature map to
achieve channel-wise feature recalibration as formulated in
Equation (7):

X=X ® G(fatt) c IRTXCXHXW. (7)

Through the above process, the model can adaptively emphasise
more discriminative feature representations across different
samples and channels. It selectively highlights informative fea-
tures while suppressing noncritical ones, enabling more precise
weighting of facial expression-related features. As a result, the
proposed mechanism effectively enhances both the accuracy
and robustness of facial expression recognition in complex
classroom scenarios.

3.2.2 | Global Convolutional Attention (GCA)

To boost the model's spatial representation capability for key
facial regions of learners, a global convolutional attention
module is adopted to model dependencies between various
spatial positions in facial images. It can not only suppress
relatively unimportant channels but also retain feature position
information through global convolution, which is crucial for
improving the performance of learner expression recognition.

For the feature map X adjusted through the channel attention
described earlier, global average pooling and global maximum
pooling operations are first executed in the channel dimension.
This results in two distinct spatial feature descriptions z4,; and
Zmax as presented in Equations (8) and (9), which not only
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realise the aggregation of feature maps in the channel dimen-
sion but also emphasise spatial position-related information.

14,
Zag = GAP(X) = 3 X(1) € RV, ®)
i=1
Zmax = GMP(X®) = 1ma)éXc(i) € RTXIXEXW, 9)
<i<i

Then, the above two spatial feature descriptions are concate-
nated in the channel dimension, and a convolution layer is used
for feature fusion and dimensionality reduction to further
extract feature relationships in the spatial dimension as shown
in Equation (10):

Zair = ConV([Zavg, Zmax|) € RV, (10)

The result processed by the convolution layer is transmitted
through a Sigmoid activation function to obtain spatial attention
weights, which are multiplied by the input feature map to
obtain the output feature map X* as shown in Equation (11):

XS =X ® U(Zatt) c RTXCXHXW. (11)

Finally, to achieve dynamic adjustment of channel response,
global convolution is introduced to fuse channel and temporal
information as shown in Equations (12) and (13):

Zge = 9(Convix(X) + Convi (X)) € R™X, - (12)
X' = zge ® GAPy(zg) € RTXHXW, (13)

where zg is the feature representation obtained after global
convolution, and GAP; represents the global pooling operation
in the temporal dimension. To retain the original input features
and improve expressive ability, a residual connection is ulti-
mately incorporated to obtain the final attention output feature
map M € RTXC*HXW_ Although learning key regions, global or
local information is not lost, thereby further improving the ac-
curacy of expression recognition.

3.3 | Differential Temporal Transformer
(DTFormer)

In previous studies, most dynamic facial expression recognition
(DFER) methods relied on optical flow-based handcrafted fea-
tures. Although such methods can capture inter-frame motion
information, they are typically loosely coupled with the back-
bone network and lack end-to-end adaptive learning capabil-
ities. Some approaches introduced temporal positional encoding
or temporal attention mechanisms within Transformers [26];
however, they still mainly perform global modelling, which is
insufficient for capturing instantaneous expression variations.

Although the multi-head self-attention mechanism in Trans-
formers enables direct global temporal modelling and long-term
dependency extraction, it tends to overlook short-term tem-
poral information. In classroom learning scenarios, learners’
emotional states are often reflected in rapid facial muscle
movements or instantaneous expressions over short time

periods, which possess strong short-term temporal characteris-
tics and are critical for emotion discrimination. To fully leverage
short-term temporal features and enhance sensitivity to
expression dynamics, we have introduced a differential tempo-
ral enhancement module prior to the Transformer encoder.
Unlike existing differential methods, such as LG-TDL or five-
frame differencing techniques [41, 42], which either regard
temporal differences as auxiliary constraints without directly
participating in temporal modelling or operate independently of
global temporal modelling, these approaches often fail to cap-
ture the holistic dynamics of facial expressions and introduce
additional parameter overhead. For dynamic expression recog-
nition tasks, relying solely on either short-term temporal
changes or auxiliary constraints is insufficient to simultaneously
capture both short-term and long-term temporal dependencies.

To this end, we have proposed the Differential Temporal
Transformer (DTFormer), which leverages forward and back-
ward temporal differencing as a temporal feature enhancement
module for Transformer-based temporal modelling. This
module captures bidirectional changes between adjacent
frames and employs a learnable gating mechanism to adap-
tively regulate the differential information at a fine-grained
scale. The reshaped temporal features are then fed into the
multi-head self-attention mechanism, guiding the model to
naturally assign higher weights to regions with significant
motion. Consequently, DTFormer not only retains the advan-
tages of Transformers in global temporal modelling but also
enhances the extraction of short-term temporal features,
enabling effective collaborative modelling of short-term facial
dynamics and long-term temporal dependencies in learner
expressions.

As shown in Figure 3, the module comprises differential tem-
poral enhancement module and M temporal encoders, realising
a differential temporal Transformer module with short-term
temporal modelling capability.

First, a convolution layer is used for local context modelling,
and a global average pooling operation is performed to
generate frame-level image representations x;, so that the
representations of all frames form a sequence feature X' =
{x}, %}, ... X} € RTC, that is, T spatial feature vectors are ob-
tained. As shown in Equations (14) and (15), the feature rep-
resentation of the feature vector at any time ¢ is denoted as Xj,
and forward and backward frame shift operations are per-
formed on it to obtain forward shifted features and backward
shifted features:

X; =Roll(X}, +s), (14)
X; = Roll(X;, —s). (15)
where Roll(-) represents the cyclic shift operation of time frame

positions, s is the displacement step size, defaulting to 1 and

)r( 1, X, represent forward displacement by one frame and

backward displacement by one frame, respectively, and the
module preserves the sequence length without introducing
additional parameters, thereby avoiding potential interference
from padding on the temporal structure. Subsequently,
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FIGURE 3 | The proposed Differential Temporal Transformer (DTFormer) module diagram. The module utilises inter-frame difference operations

combined with depthwise separable convolutions to capture facial expression dynamics, improving temporal feature sensitivity and model robustness.

bidirectional differential branches are constructed to capture
dynamic changes as formulated in Equations (16) and (17):

Af=X,-X,t=1,.,T—1, (16)
Ab=X,-X,t=2,..,T. (17)

where Af, Ab represent forward difference and backward dif-
ference, respectively, and the forward difference represents the
feature change from the current frame to the next frame,
whereas the backward difference captures the feature changes
from the previous frame to the current frame. This approach not
only preserves the variations between adjacent frames but also
helps suppress background bias, thereby better capturing the
dynamic patterns of inter-frame changes. To further enhance
the model's ability to adaptively model dynamic changes in both
directions, learnable weighting parameters ay, o are introduced
to perform adaptive fusion of the forward and backward dif-
ferential features as shown in Equation (18):

A=as - Af +ap - Ab € R™C. (18)

where ay, a) are learnable parameters, initialised to 0.5 and
used to balance the contribution of differential features in
different directions to the representation at the current time
step. To further model local temporal consistency and suppress
abrupt changes caused by noise, a 1D depthwise separable
convolution is applied to the fused differential features, and the
A is processed by 1D convolution in the temporal dimension as
shown in Equation (19):

A’ = ConvlDg,(A) € RT*C. (19)

where the convolution kernel size is set to 3 and symmetric
padding is applied to preserve the temporal dimension, allowing
each channel to independently learn its local temporal variation
patterns and enhancing temporal representation capability.

Considering that differential features may contain irrelevant
dynamics caused by head movements or background changes, a
gating mechanism is further introduced to selectively regulate
the differential information. The Sigmoid activation function is

used as the gating function to generate a gating weight matrix G
as shown in Equation (20):

G=o(A") € R™C. (20)

This gating tensor adaptively adjusts the retention degree of
dynamic features at each moment within the interval [0,1],
thereby realising feature-level temporal information control.
Finally, as shown in Equation (21), the original input and
temporal differential enhanced features are fused with residuals
through a gating mechanism to obtain the module output.

X, =X, + GO AeR™C. (21)

here © denotes element-wise multiplication. Through this re-
sidual fusion approach, the model can selectively preserve re-
gions with key dynamic changes based on the magnitude of
temporal variations in the input, effectively suppressing irrele-
vant or noisy information. The above differential method is
applied before the Transformer as a short-term dynamic
enhancement layer, which enhances the Transformer's sensi-
tivity to short-term dynamic facial expressions.

Subsequently, the temporal features X; obtained from the Dif-
ferential Temporal Enhancement module are combined with
learnable temporal positional encodings and used as the input
to the temporal encoder as shown in Equation (22):

Z =X + epos. (22)

where e, represents a learnable position embedding for
encoding temporal positions, t' €{0, 1, ..., T}. The obtained Z, is
input into the temporal encoder to obtain the attention output
as shown in Equations (23) and (24):

w (k) g )T
DY = Softmax( ~*—L— |, (23)
¢ ( \/H
Sgl,k) — gl Lo, (24)

where C' = C/ks head is the channel dimension of each
attention head, k° is the total number of attention heads and [ is
the Ith encoder. The outputs of all attention heads are
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concatenated and the dimension is restored through linear
mapping, and the output Z., is obtained by combining residual
connections. After normalisation, it is input into the feedfor-
ward neural network for nonlinear transformation, and the
representation of this layer's spatial encoder is output as shown
in Equation (25):

ZL = MLP(LN(Z.)) + Z... (25)
where MLP(-) is a feedforward neural network composed of two
fully connected layers and a GELU function. The Transformer
output is obtained after M encoders. Finally, the cross-entropy
loss function is used as a supervised training method to ac-
quire the ultimate classification outcome.

4 | Experiments

For the purpose of evaluating the effectiveness of the proposed
method, experimental parameters and datasets are first given,
ablation experiments are performed, and comparisons are made
with other advanced dynamic facial expression recognition
methods.

4.1 | Experimental Datasets

To assess the performance of the proposed learner dynamic
facial expression recognition model, experiments were con-
ducted on two large-sized public dynamic facial expression
datasets: DFEW [43] and FERV39k [44]. Both datasets were
collected from a large number of movie clips across multiple
countries and contain various real-world scenarios, effectively
simulating diverse and highly challenging conditions, including
extreme lighting, self-occlusion and unpredictable head move-
ments as shown in Figure 4. They can appropriately replicate
factors such as lighting, occlusion and head motion in real

classroom scenarios. In addition, both datasets are annotated
with seven basic expression categories: happiness, sadness,
neutral, anger, surprize, disgust and fear.

In addition, the DAISEE dataset [8] is used to validate the
effectiveness of the method in recognising learner states in
learning scenarios. Designed specifically for affective computing
in educational settings, the DAISEE dataset supports multilevel
engagement analysis. It is a multi-label video classification
dataset composed of 9068 video clips captured from 112 users,
including video recordings of subjects in e-learning environ-
ments with four types of labels: engagement, frustration,
confusion and boredom. Each emotion is divided into four
levels: very low, low, high and very high [45, 46].

To utilise this dataset in the present study, we followed the
processing method proposed by Zhu [47]. The engagement
category was assigned the lowest priority, as it is considered a
baseline in educational scenarios and is only labelled when
other more meaningful emotional signals are absent. Accord-
ingly, the multi-label DAISEE dataset was converted into a
single-label task following these rules: for each video sample,
the emotion with the highest intensity level was selected as the
dominant label. In cases where multiple dimensions share the
same intensity, a priority ranking based on educational rele-
vance from high to low is applied: frustration, confusion,
boredom and engagement. To preserve the characteristics of real
classroom scenarios while mitigating class imbalance, all frus-
tration and confusion samples from the original dataset were
retained, whereas boredom and engagement samples were
randomly undersampled. In the final experimental subset, the
proportion of boredom: engagement: confusion: frustration is
approximately 3:1:1:1. The processed dataset information is
summarised in Table 1, which alleviates the original distribu-
tion bias of high engagement and low negative emotions,
thereby enhancing the model's ability to discriminate features of

minority classes.
. .

DAiSEE FERV39k DFEW
FIGURE 4 | Partial images of DFEW, FERV39k and DAISEE datasets.
TABLE 1 | Sample counts by emotion category for the DAISEE dataset: Before and after processing (unit: Samples).
Number of training samples Number of validation samples Number of test samples

Emotion Before After Before After Before After
category processing processing processing processing processing processing
Boredom 849 259 264 91 470 139
Engagement 4163 582 1301 204 1040 312
Confusion 275 275 90 90 106 106
Frustration 194 194 68 68 104 104
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4.2 | Data Preprocessing

In real classroom scenarios, learner dynamic facial expression
recognition is significantly affected by complex lighting condi-
tions, partial occlusions and variations in head pose. To ensure
that experimental results accurately reflect the model's perfor-
mance in practical applications, a systematic preprocessing and
data augmentation strategy adopted. All operations were per-
formed on video frame groups as the fundamental unit,
ensuring spatial transformations are consistent within the same
sequence and preserving the temporal continuity required for
effective temporal modelling.

4.21 | Video Processing and Geometric Alignment

To eliminate geometric differences caused by head rotation,
pitch or spatial shifts and to ensure structural consistency of
input faces, a standardised processing pipeline was applied for
different datasets. For publicly available datasets with already
aligned faces (DFEW and FERV39k), the officially provided
aligned data were used directly, and all face images were resized
to 112 x 112 using bilinear interpolation as model input. For the
DAISEE dataset, which consists of raw classroom videos, frames
were first extracted at fixed intervals using FFmpeg. Then,
MTCNN was applied to detect faces in each frame, and the face
region was cropped and aligned based on bounding boxes and
facial keypoints. To ensure completeness and clarity of the face
region, cropped images were first resized to 224 X 224 and then
scaled to 112X 112 as the final model input.

4.2.2 | Data Augmentation for Complex Environments

To simulate uncontrollable factors in real classroom scenarios
and avoid overfitting to idealised distributions, a frame group-
based augmentation strategy implemented. By maintaining
consistent spatial transformations across frames within the
same sequence, the temporal continuity of facial expression
evolution was effectively preserved. Random gamma correction
and colour jittering were applied to dynamically adjust image
brightness, contrast and saturation, simulating lighting changes
during different periods of a class. Multiscale cropping with
fixed offset sampling and horizontal flipping were also
employed to simulate visual deformations caused by head pitch
and involuntary forward or backward leaning, enhancing the
model's ability to capture facial features under nonfrontal
viewing angles.

4.3 | Training Strategy

All experiments for every dataset and model were conducted
using the PyTorch deep learning framework on a single NVIDIA
GeForce RTX 4060 GPU (16 GB VRAM). Data loading was
performed with 4 parallel threads (num_workers = 4), and the
batch size was set to 40 to balance computational efficiency and
stable gradient updates.

For DFEW and FERV39k, the models were optimised using the
stochastic gradient descent (SGD) algorithm with an initial

learning rate of 1 X 1073, a momentum of 0.9 and a weight
decay of le — 4 to enhance regularisation and prevent over-
fitting in complex video backgrounds. The learning rate was
scheduled using the StepLR policy, decaying by 50% every 7
epochs, with a total training duration of 100 epochs. For DAi-
SEE, considering the extreme class imbalance, a weighted
random sampling mechanism implemented during training.
Instead of conventional linear decay, a cosine annealing with
warm restarts strategy employed for learning rate scheduling
with an initial period of T, = 10 and a period multiplication
factor of T, = 2. For DFEW and FERV39k, we followed
previous work and adopted the unweighted average recall
(UAR, i.e., the accuracy of each class divided by the number of
classes, with no consideration of the number of instances in
each class) and weighted average recall (WAR, i.e., accuracy) as
metrics [21, 28]. For the DAISEE dataset, accuracy serves as the
evaluation metric following previous research methods.

4.4 | Ablation Studies

To validate the effectiveness of each module in the proposed
method, we conducted ablation experiments on the ResNet18
backbone by progressively introducing different temporal
modelling and attention mechanisms. Model performance was
evaluated across DFER datasets using UAR and WAR as metrics
with results summarised in Table 2.

Comparing ResNet18 + TFormer with ResNet18 + DTFormer, it
can be observed that incorporating differential temporal model-
ling improves WAR from 67.42% to 68.13%, indicating that dif-
ferential temporal features can more effectively capture dynamic
information during facial expression changes positively contrib-
uting to emotion classification. Further introducing channel
attention mechanisms, although SE and CBAM provide stable
performance improvements under the ResNet18 + DTFormer
framework, the use of the AGA module combined with the dif-
ferential temporal Transformer achieves even more significant
gains in both UAR and WAR. Moreover, when AGA and
DTFormer are directly combined without the gated fusion
mechanism, the performance improvement is limited, suggesting
that simply stacking attention and differential temporal model-
ling is insufficient to fully exploit their complementary advan-
tages. The complete model achieves the best performance with
WAR reaching 69.30%, demonstrating that the AGA module and

TABLE 2 | Ablation study results on the DFEW dataset (w/o
gate = without gated fusion strategy).

Metrics (%)

Setting UAR WAR
Resnetl8 + TFormer 53.56 67.42
Resnetl8 + DTFormer 54.22 68.13
Resnetl8 + CBAM + DTForme 55.14  68.65
Resnetl8 + SE + DTForme 55.35 68.79
Resnetl8 + AGA + TForme 54.98 68.51
Resnetl8 + AGA + DTFormer (w/o gate) 54.67  68.44
Resnetl8 + AGA + DTFormer 55.63  69.30
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differential temporal Transformer can form an effective synergy
under a proper fusion mechanism. Their complementarity en-
hances the model's robustness in capturing dynamic facial
expression features in complex, nonideal classroom scenarios.

4.5 | Comparative Experiments

TTo confirms the validity of the proposed method in classroom
expression recognition, and comparative experiments are con-
ducted not only on DFEW and FERV39k datasets with other
models but also on the DAISEE dataset. The comparative
analysis of the proposed method and other methods on the three
datasets is shown in Tables 3-5. For previously published
studies, we directly cited the reported performance on the
respective datasets. For models that did not provide results on
the DAISEE dataset, we re-implemented them based on their
official source code under the same preprocessing and evalua-
tion metrics.

TABLE 3 | Comparison of different methods on the FERV39k
dataset.

Metrics (%)

Method UAR WAR
C3D [44] 22.68 31.69
I3D-RGB [48] 30.17 38.78
VGG13 + LSTM [49] 3241 43.37
Resnet18 + LSTM [50] 30.92 42.59
Former-DFER [25, 26] 37.20 46.85
NR-DFERNet [25, 29] 33.99 45.97
NSNP-DFER [51] 37.80 46.40
MSSL [31] 39.27 48.01
TG-DFER [52] 41.50 51.67
AGDTNet (ours) 35.25 47.08

4.5.1 | FERV39k

The recognition results of different methods on the FERV39k
dataset are summarised in Table 3. Methods based on 3D
convolution or static features (e.g., C3D, I3D-RGB) exhibit
relatively limited performance in complex real-world scenarios,
whereas methods incorporating temporal modelling mecha-
nisms (e.g., LSTM or Transformer architectures) achieve more
consistent performance gains in both UAR and WAR. In terms
of weighted average recall (WAR), the proposed method out-
performs most baseline approaches, for example, it surpasses
ResNet18 + LSTM by 4.49% and NR-DFERNet by 1.11% but still
trails behind some weakly supervised or self-supervised
methods (e.g., TG-DFER). This indicates that there is still
room for improvement in the model's class-level balanced
recognition especially for classes with fewer samples.

The confusion matrix of our method on FERV39k is illustrated
in Figure 5 where diagonal elements represent the proportion of
correctly classified samples for each emotion category, and off-
diagonal elements reflect inter-class confusion. It can be
observed that emotions with more pronounced expressions,
such as happiness and sadness, are recognised effectively,
whereas noticeable confusion occurs among surprize, disgust
and fear mainly because these emotions exhibit subtle facial
changes and similar expressions, which are easily influenced by
individual differences. These results further indicate that,
although the proposed method demonstrates stable overall

TABLE 5 | Comparison of different methods on the DAISEE dataset.

Method Accuracy (%)
13D [54] 51.03
ResNet + LSTM [55] 58.24
Former-DFER [26] 59.83
LSTPNet [56] 61.37
AGDTNet (ours) 62.56

TABLE 4 | Comparison of different methods on the DFEW dataset.

Accuracy of each emotion (%)

Metrics (%)

Method Happy Sad Neutral Angry Surprise Disgust Fear UAR WAR
C3D [44] 75.17 39.49 55.11 62.49 45.00 1.38 20.51 42.74 53.54
I13D-RGB [48] 78.61 44.19 56.69 55.87 45.88 2.07 20.51 43.40 54.27
VGG11 + LSTM [49] 76.89 37.65 58.04 60.70 43.70 0.00 19.73 42.39 53.70
Resnetl18 + LSTM [50] 78.00 40.65 53.77 56.83 45.00 4.14 21.62 42.86 53.08
Former-DFER [26] 84.05 62.57 67.52 70.03 56.43 3.45 31.78 53.69 65.70
NR-DFERNet [29] 88.47 64.84 70.03 75.09 61.60 0.00 19.43 54.21 68.19
LOGO-former [38] 85.39 66.52 68.94 71.33 54.59 0.00 32.71 54.21 66.98
Dual-STT [39] 87.65 68.32 67.55 71.70 57.93 8.97 36.14 56.89 68.29
NSNP-DFER ([51] 87.93 65.08 62.48 71.89 62.46 0.00 40.56 56.05 68.02
MSSL [31] — — — — — — — 59.86 68.58
ST_RDGCN [53] 89.57 69.92 62.17 79.31 62.24 20.69 30.39 59.18 69.37
TG-DFER [52] 90.92 74.92 71.41 73.36 59.43 13.10 38.03 60.17 71.62
AGDTNet (ours) 88.96 68.07 67.79 76.27 65.99 0.00 22.35 55.63 69.30
CAAI Transactions on Intelligence Technology, 2026 11
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FIGURE 5 | Confusion matrix on the FERV39k dataset.

recognition performance, there remains room for improvement
in fine-grained discrimination of low-intensity emotions.

452 | DFEW

The recognition results of different methods on the DFEW
dataset are presented in Table 4. The proposed method achieves
a Weighted Average Recall (WAR) of 69.30%, outperforming
ResNetl8 + LSTM by 17.15%, Former-DFER by 4.53% and
LOGO-Former by 2.04% among others. For emotions with more
pronounced facial changes, such as happiness and anger, most
methods achieve relatively high recognition accuracy. In
contrast, for categories like Neutral and Fear, which involve
subtler facial muscle movements, recognition performance is
generally lower across methods. Although the model maintains
strong overall recognition capability under class-imbalanced
conditions, the accuracy for subtle emotions such as Disgust
and Fear still requires improvement.

The confusion matrix of our method on the DFEW dataset is
illustrated in Figure 6. The accuracy for the Happy class reaches
89%, and for Angry it exceeds 70%. However, confusion remains
between categories such as Disgust and Fear with Disgust often
misclassified as Neutral. This is primarily because these emo-
tions exhibit subtle facial changes in real-world scenarios, and
the facial action patterns across different emotions share certain
similarities, increasing the difficulty of discrimination.

4.5.3 | DAISEE

The recognition results on the DAISEE dataset are shown in
Table 5. The proposed AGDT method achieves an overall ac-
curacy of 62.56%, outperforming comparative methods such as
13D and Former-DFER, which demonstrates the effectiveness of
our approach for dynamic facial expression recognition in real
learning scenarios. As shown in the confusion matrix in
Figure 7, there are differences in recognition accuracy across
categories. The Boredom, Engagement and Frustration classes
achieve relatively high accuracies of 65%, 56% and 76%,
respectively, whereas the Confusion class has a slightly lower
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FIGURE 7 | Confusion matrix on the DAISEE dataset.

accuracy of 63%. This is mainly because Confusion exhibits
partial facial similarity with Boredom or Engagement leading to
misclassifications in some samples.

To address this, our method redefines the labels, randomly
samples and balances the sample numbers resulting in improved
recognition performance. For categories with subtle expression
differences that are easily confused, some misclassifications
still occur. This indicates that, although the proposed method
effectively captures dynamic facial expression features in real
learning scenarios and improves overall performance, its
recognition capability for subtle emotional categories still has
room for improvement providing guidance for future model
enhancements.

4.5.4 | Complexity Analysis

The proposed method was compared with representative base-
line approaches in terms of model complexity and inference
efficiency as summarised in Table 6. Model complexity was
evaluated using parameter count (Params), floating-point op-
erations (FLOPs) and inference time. FLOPs were calculated
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TABLE 6 | Comparison of model complexity and inference efficiency among representative methods.

Method Params (M) FLOPs (G) Inference time (ms)
C3D [44] 78 39 —
Former-DFER [26] 18 9 8
NR-DFERNet [29] — 6 —
MAE-DFER |[57] 85 50 —
AGDTNet (ours) 19 6 11

FIGURE 8 | Attention visualisation. The feature maps within the yellow boxes correspond to the outputs of the complete model, whereas the red
boxes show the feature maps of the model without the gated fusion mechanism.

per video clip, and inference time was measured on a single-
GPU setup.

The results show that the proposed model has 19.10 M param-
eters and a computational complexity of 5.98 GFLOPs placing it
at a moderate scale. Compared with some baselines that rely
heavily on large-scale temporal modelling, the proposed model
achieves strong recognition performance while maintaining
relatively low computational cost. In terms of inference effi-
ciency, under a batch size of 1, the average GPU inference time
is 11.71 ms making it suitable for offline analysis and near
real-time emotion recognition in classroom scenarios. These
results indicate that the proposed method achieves a reasonable
trade-off between recognition performance and computational
efficiency.

4.6 | Visual Analysis

To further validate the model'’s ability to focus on key discrim-
inative regions in dynamic facial expression recognition under
real classroom scenarios, visual analyses were conducted on
samples with occlusion and pose variations. As illustrated in
Figure 8, the first row displays the original video frames, the
second row shows visualisation results of the model without the
gated fusion mechanism and the third row presents results of
the complete model.

Without the gated fusion mechanism, the model's attention
responses are relatively scattered with some activations
spreading to background regions or nondiscriminative facial
contours and exhibiting unstable spatial variations across adja-
cent frames. In contrast, the complete model concentrates
consistently on subtle facial regions such as the eyes, eyebrows,
mouth and other facial muscles effectively highlighting key

expression changes. This indicates that the model can suppress
redundant and noisy features, enhancing selective modelling of
critical facial regions and improving the discriminability and
robustness of dynamic expression recognition. However, in
cases of weak expression intensity or severe occlusion, attention
responses may still show some dispersion, suggesting that future
work should explore more robust feature modelling strategies.

5 | Conclusion

This paper proposes a learner expression recognition model
based on adaptive global attention and differential temporal
Transformer. The model introduces adaptive global attention to
selectively emphasise informative features and suppress
noncritical features and adds a differential temporal Trans-
former module to enhance sensitivity to expression changes,
thereby improving recognition performance. However, in real
classroom scenarios, this task still faces significant challenges.
When learners’ expressions are weak, accompanied by large
head pose variations or substantial occlusions, local facial
cues can be easily diminished. Under extreme interference
conditions, the model's attention may still become somewhat
dispersed affecting prediction stability. Furthermore, due to the
lack of explicit annotations for demographic attributes such as
skin colour and ethnicity in existing public classroom datasets,
this study could not perform grouped evaluations to assess po-
tential individual biases. Future work will consider incorpo-
rating more diverse datasets with fairness annotations to further
improve the model's robustness and fairness across different
populations and real-world scenarios. Additionally, given the
limited size of publicly available learner expression video data-
sets, imbalanced class distributions and the constraints of
single-modality information, future research could explore
multi-modal inputs (e.g., audio, text) or self-supervised learning
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frameworks to mitigate the dependency on large-scale labelled
data and further enhance recognition performance.
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