
 

Cross-Modal Knowledge Distillation for Depression Recognition: An
Explainability Method with EEG and Pupil Area Signals
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Abstract: Multimodal  physiological  signals  provide  a  more  reliable  data  source  for  depression  detection.  For

instance,  combining  electroencephalography  (EEG)  and  pupil  area  (PA)  signals  can  enhance  depression

recognition.  However,  EEG  acquisition  is  challenging,  limiting  the  practical  use  of  EEG-based  multimodal

approaches, while PA signals are more accessible. Additionally, while existing explainability methods for time

series  models  can  quantify  the  contribution  of  each  feature,  they  often  fail  to  provide  a  comprehensive

understanding of how these contributions drive performance improvements, limiting insights into the underlying

mechanisms. To address these limitations and enhance the generalizability of PA-based depression detection

models,  this  paper  proposes  a  cross-modal  knowledge  distillation  method,  using  an  EEG  and  PA-based

multimodal  teacher model  and a PA-based unimodal  student  model.  Through knowledge distillation,  complex

multimodal  features  are  transferred  to  the  PA-based  model,  enhancing  its  performance.  We  also  introduce

Entropy-GradCAM (E-GCAM),  an explainability  method combining information entropy and gradient-weighted

class  activation  mapping  (Grad-CAM),  to  clarify  mechanisms behind  the  student  model’s  performance  gains.

Quantitative  results  show  that  knowledge-distilled  time  series  models  encode  more  useful  information,

consistent  with  observed  student  model  improvements.  Experimental  results  demonstrate  that  the  proposed

method achieves  optimal  performance on two datasets,  effectively  reducing  reliance on  multimodal  data  and

increasing the practicality of depression recognition models.

Key words:  electroencephalography (EEG); pupil area (PA); knowledge distillation; multimodal fusion; depression

detection; explainability method

1　Introduction

Depression is a common yet serious mood disorder that
has  a  profound  impact  on  millions  of  people
worldwide.  Its  clinical  manifestations  are  diverse,
including  low  mood,  loss  of  interest[1],  changes  in
appetite,  and  difficulty  concentrating[1],  often

accompanied  by  sleep  disturbances[2],  anxiety[3],  and
chronic  pain[4, 5].  The  prolonged  presence  of  these
symptoms  not  only  severely  impacts  patients’ daily
lives but can also lead to a decline in social functioning
and  even  an  increased  risk  of  suicide[6].  Therefore,
timely and accurate recognition of depression is crucial 
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for effective intervention.
Currently,  the  assessment  of  depression  primarily

relies  on  clinical  interviews  and  self-report
questionnaires.  However,  these  methods  have
limitations, such as high subjectivity and susceptibility
to patients’ personal perceptions and social desirability
bias.  Studies  showed  that  even  experienced  clinicians
find it challenging to accurately identify depression[7, 8].
Therefore,  finding  a  more  objective  and  effective
assessment  method  holds  significant  clinical
importance.  To  address  the  limitations  of  traditional
methods,  an  increasing  number  of  studies  began
focusing on using physiological  signals  for  depression
detection,  as  these  signals  provide  objective  data  that
are  unaffected  by  subjective  factors  and  allow
continuous monitoring of an individual’s physiological
changes.  Among these,  electroencephalography (EEG)
signals  have  attracted  considerable  attention  due  to
their  non-invasive  nature  and  high  temporal
resolution[9–11].  However,  EEG data  based  on  a  single
modality  suffer  from  incomplete  information  in
depression  recognition,  making  it  difficult  to  fully
capture  the  multidimensional  characteristics  of
depression,  thereby  limiting  diagnostic  accuracy.
Therefore,  combining  EEG  signals  with  other
physiological  signals,  such  as  pupil  area  (PA)  signals,
to construct a multimodal model holds the potential to
fully  capture  the  characteristics  of  depression  and
improve recognition accuracy and robustness.

Multimodal  physiological  signals  can  make
depression  detection  more  accurate  and  objective,  but
data  acquisition  poses  certain  challenges[12].  In
particular,  EEG  signals  are  easily  affected  by  factors
such  as  environmental  noise  and  electromyographic
interference,  and  the  acquisition  process  requires
multiple  electrodes,  which  demands  high-quality
equipment.  Additionally,  subjects  need  to  remain  still
for extended periods during the experiment, which may
impact  the  feasibility  of  data  collection.  In  contrast,
eye-tracking data  acquisition  is  relatively  simple,  with
stable  signal  quality  and  easy-to-operate  equipment,
making it highly practical. Studies[13, 14] found that the
PA or pupil response of patients with depression differs
significantly  from  that  of  the  normal  control  group,
indicating  the  potential  value  of  PA  signals  in
depression  detection.  However,  unimodal  models
solely  based  on  PA  data  often  lag  behind  multimodal
models  in  terms  of  recognition  accuracy  and
robustness. Therefore, it is necessary to figure out how

to  achieve  satisfactory  depression  recognition  results
using  only  the  PA  modality  during  testing  after
leveraging multimodal information.

Although  existing  methods  have  advanced  the
explainability of deep models, each has its limitations.
Gradient  explanations[15] are  sensitive  to  noise.  Class
activation  mapping  (CAM)[16] depends  on  specific
architectures.  Attention  maps[17],  constrained  by
particular network layers, can only indicate the model’s
focus  at  different  time  points.  Shapley  additive
explanations  (SHAP)[18] is  computationally  expensive.
local  interpretable  model-agnostic  explanations
(LIME)[19] may provide different explanation results in
different runs. Existing methods can quantify each time
point’s contribution to the model output, but they often
struggle to provide a clear understanding of how these
contributions  influence  performance  improvements,
hindering  deeper  insights  into  the  effectiveness  of
knowledge  transfer.  Moreover,  the  lack  of  universal
standards in current explainability methods complicates
their application to diverse time series tasks, making it
difficult  to  accurately  assess  the  contribution  of
individual features.

To  address  these  challenges,  this  paper  proposes  a
multimodal teacher model based on EEG and PA data,
alongside a unimodal student model that only uses PA
data.  Using  knowledge  distillation  techniques,  we
achieve the transfer of rich feature knowledge from the
multimodal  teacher  model  to  the  unimodal  student
model.  Additionally,  we  introduce  Entropy-GradCAM
(E-GCAM),  a  novel  time  series  explainable  method
that  integrates  information  entropy  theory  with  the
gradient-weighted  class  activation  mapping  (Grad-
CAM)  technique.  This  method  quantifies  and
visualizes  feature  contributions  in  time  series  models,
providing  insight  into  the  mechanisms  underlying  the
performance  improvements  achieved  through
knowledge distillation.  The contributions of  this  paper
are as follows:

● Proposed  cross-modal  knowledge  distillation
framework: We  propose  an  EEG  and  PA-based
multimodal  model  that  explores  and  integrates  the
intrinsic features and interactions between the EEG and
PA  modalities  through  a  cross-modal  interaction
module  and  an  adaptive  modality  fusion  module,
ensuring  the  transfer  of  critical  knowledge  during  the
knowledge distillation process.

● Development  of  the  E-GCAM  explainable
method: We  propose  a  method  that  combines
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information  entropy  with  Grad-CAM  to  quantify
feature  contributions  in  time  series  models.  Results
indicate that knowledge distillation enables the student
model to encode more effective information.

●  Experiments  on  two  depression  recognition
datasets demonstrate  that  our  method  significantly
enhances the PA-based unimodal model’s performance
and  that  E-GCAM  effectively  quantifies  feature
contributions,  clarifying  the  mechanism  behind
performance improvements in time series models under
knowledge distillation.

2　Related Work

2.1　Multimodal depression recognition

Traditional affective computing methods primarily rely
on  unimodal  data,  such  as  text[20],  audio[21],  or
physiological  signals  (e.g.,  EEG,  electrodermal
activity)[9, 22].  A  unimodal  approach  typically  offers
advantages  such  as  simplicity  of  implementation  and
low  computational  cost.  However,  its  performance  is
often  constrained  by  the  quality  of  the  data,  and  a
single  data  source  is  insufficient  to  comprehensively
capture  the  complex  characteristics  associated  with
depressive  states.  In  recent  years,  multimodal
approaches  have  gained  widespread  attention  in
depression  recognition.  Multimodal  approaches,  by
integrating information from multiple data sources, not
only  provide  more  comprehensive  feature
representations  but  also  leverage  complementary
information across  different  modalities.  This  improves
the accuracy and robustness of depression recognition,
demonstrating  potential  advantages  over  unimodal
methods.

In the early stages, studies on depression recognition
typically relied on handcrafted features combined with
traditional machine learning classifiers. In recent years,
end-to-end  deep  learning  approaches  have  gained
increasing  popularity,  particularly  models  based  on
attention  mechanisms  and  the  Transformer
architecture, which demonstrate superior capabilities in
feature  extraction  and  representation  learning.  Liu  et
al.[23] used  a  residual  network  and  a  convolutional
neural  network  (CNN)  to  extract  features  from  facial
expressions and pupil diameter, further extracting high-
dimensional  features  through  attention  networks,  and
finally  concatenating  them  for  depression  recognition.
Chen  et  al.[24] extracted  low-dimensional  features  and
high-dimensional  semantic  representations  from

acoustic,  visual,  and  textual  modalities.  They  used  an
improved  MulT  network  to  perform  both  intra- and
inter-modal  fusion  and  employed  the  fused  results  for
depression  classification.  Fan  et  al.[25] used  a  CNN to
extract video and audio features and employed a short-
term end-to-end remote photoplethysmography (rPPG)
estimation  framework  to  obtain  rPPG  signals.  They
then  captured  intra- and  inter-modal  dynamic
relationships  using  a  multi-layer  Transformer  module
and  achieved  depression  detection  through  a  graph
fusion  network  (GFN)  and  a  multilayer  perceptron
(MLP).

Due  to  the  high  temporal  resolution  and  other
advantages  of  EEG,  many  researchers  focus  on
multimodal  depression  recognition  studies  based  on
EEG.  Ning  et  al.[26] extracted  linear  and  nonlinear
features  from  EEG  and  speech  signals  and  performed
feature-level  fusion  to  construct  a  multimodal  feature
space  for  training  the  classifier.  Zhang  et  al.[27]

extracted  multiple  effective  features  from  EEG  and
speech  signals  and  trained  each  modality  using  six
representative classifiers. They then used a co-decision
tensor  to  represent  the  decision  diversity  and
correlation  among  the  classifiers  and  combined  these
decisions into a final classification result using a multi-
agent strategy. Cai et al.[28] proposed two feature-level
fusion methods to integrate features extracted from two
modalities:  Eyes-closed  resting  state  EEG  and
emotion-regulation  EEG.  Various  machine  learning
classifiers  were then used to  evaluate  the performance
of the proposed methods. Zhu et al.[29] used PA signals
to select EEG electrodes based on mutual information,
then  extracted  features  from  different  EEG  bands  and
PA signals. A denoising autoencoder was employed for
bimodal feature fusion.

Current  research  on  multimodal  depression
recognition  primarily  focuses  on  the  effective
integration and utilization of information from multiple
modalities  to  improve  recognition  accuracy  and
reliability.  However,  while  multimodal  approaches
benefit from incorporating diverse information sources,
they also introduce new challenges. Specifically, many
methods  rely  on  the  fusion  of  EEG signals  with  other
modalities for depression detection, yet obtaining high-
quality  EEG  data  remains  a  nontrivial  task.  EEG
signals  are  easily  affected  by  various  external
interferences  and  noise[12],  including  environmental
noise,  electromagnetic  interference,  and  the  subject’s
own  physiological  activities,  such  as  eye  movements,
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muscle movements,  and heartbeat.  These interferences
can  significantly  impact  the  quality  of  EEG  signals,
thereby increasing the difficulty of  data processing.  In
addition,  EEG  equipment  demands  are  high[30],
typically  requiring  high-quality  electrodes  and  wires,
along  with  precise  placement  and  good  contact  to
ensure signal accuracy and stability. Such high-demand
equipment  is  not  only  expensive  but  also  requires
professional  personnel  for  operation  and  maintenance.
More  importantly,  during  EEG  experiments,  subjects
typically  need  to  remain  still  for  extended  periods  to
avoid  artifacts  and  noise  caused  by  body  movements,
which  places  high  demands  on  their  comfort  and
tolerance. These factors combined make the acquisition
and analysis of EEG signals highly challenging.

In contrast, thanks to the mature development of eye-
tracking  technology,  the  acquisition  of  eye-tracking
data  is  not  only  simple  to  operate  but  also  provides
stable and reliable signals, which can be gathered with
small  pieces  of  glasses[31].  Alghowinem  et  al.[32]

extracted  eye-tracking  features  from clinical  interview
videos  and  employed  Gaussian  mixture  models
(GMMs)  and  support  vector  machines  (SVMs)  for
depression  detection.  Shen  et  al.[33] trained  a
psychological  state  classifier  based  on  SVMs  using
psychological features extracted from eye-tracking data
to classify depression patients and normal controls.

2.2　Cross-modal knowledge distillation

Knowledge distillation aims to  transfer  the  knowledge
of  a  large  and  complex  teacher  model  to  a  smaller
student model, enabling the student model, with fewer
parameters,  to  achieve  accuracy  closer  to  that  of  the
teacher  model.  This  is  particularly  crucial  for  mobile
devices  and  edge  computing.  Hinton  et  al.[34] first
proposed  response-based  distillation,  followed  by
Romero  et  al.[35],  who  introduced  feature-based
distillation.  Knowledge  distillation  has  also  been
extended  to  broader  learning  paradigms  beyond
standard  supervised  settings,  such  as  federated  and
semi-supervised learning[36].

With  the  rise  of  multimodal  learning,  researchers
have  gradually  recognized  that  knowledge  distillation
can  be  performed  not  only  within  the  same  modality
but also across different modalities, a process known as
cross-modal  knowledge  distillation.  As  an  early
attempt,  Gupta  et  al.[37] utilized  knowledge  from  red,
green,  and  blue  (RGB)  images  to  enhance  the
performance of depth images. Albanie et al.[38] trained

a  teacher  network  using  facial  expression  data  and
employed  cross-modal  distillation  to  transfer  emotion
labels  from  the  visual  domain  (facial  expressions)  to
the  audio  domain  (speech).  This  enabled  the  student
model to learn to recognize emotions in speech without
having  been  exposed  to  labeled  audio  data.  Zhang  et
al.[39] trained  a  teacher  model  using  video  frame  data
and  transferred  the  dark  knowledge  from  the  visual
modality  to  a  student  model  trained  with  EEG  mean
band  power  features,  improving  continuous  emotion
prediction in the EEG modality. Liu et al.[40] proposed
a cross-modal knowledge distillation framework called
EmotionKD,  which  distilled  the  fused  multimodal
features of EEG and galvanic skin response (GSR) into
a  unimodal  GSR  model.  Additionally,  an  adaptive
feedback  mechanism  was  introduced  to  dynamically
adjust  the  distillation  process,  enhancing  the
performance of the GSR model in emotion recognition
tasks.  Despite  its  broad  application  potential,  cross-
modal  knowledge  distillation  still  faces  several
challenges,  such  as  modality  heterogeneity  and  the
performance gap between teacher and student models.

In  addition,  to  the  best  of  our  knowledge,  there  is
limited  work  that  addresses  the  problem  of  multi-to-
one  cross-modal  transfer  in  the  field  of  depression
recognition.  We  propose  a  cross-modal  knowledge
distillation method that transfers the fused information
from  EEG  and  PA  to  a  PA-based  unimodal  model,
reducing  reliance  on  EEG  and  improving  the
generalization  capability  of  the  PA-based  unimodal
model.

2.3　Explainable methods in time series

Explainability  methods  for  deep  neural  networks
(DNNs)  have  evolved  significantly  over  time.  Early
techniques  such  as  gradient  explanations[15] and
CAM[16] focused  on  identifying  important  input
regions  that  influence  model  predictions.  Gradient
explanations  compute  the  gradient  of  input  features
with  respect  to  the  model’s  output  to  assess  the
contribution of each feature, while CAM leverages the
weights  between  the  global  average  pooling  layer  and
the  full  connected  (FC)  layer  to  assign  importance
scores  to  different  positions  in  the  input.  As  deep
learning  architectures  incorporating  attention
mechanisms  became  more  prevalent,  Attention
maps[17] emerged  as  a  popular  interpretation  method.
These  maps  visualize  the  attention  weights  within  the
model  to  highlight  which  features  or  time  steps  are

    4 Tsinghua Science and Technology, xxxx xxxx, x(x): 1−19

 



being  emphasized  during  prediction.  More  recently,
model-agnostic  approaches  such  as  SHAP[18] and
LIME[19] have  gained  attention  for  their  general
applicability.  SHAP assigns  feature  importance  scores
using  Shapley  values,  considering  all  possible
combinations  of  input  features,  while  LIME  explains
individual  predictions  by  approximating  the  model
locally  with  an  interpretable  surrogate  model.
However,  these  methods  have  limitations[41].  Gradient
explanations  are  severely  affected  by  noisy  gradients
and  may  not  satisfy  the  continuity  of  explanations[42].
CAM  is  dependent  on  specific  network
architectures[43].  The  magnitude  of  attention  weights
does not always reflect the true importance of specific
inputs  to  the  model’s  output[44].  SHAP  is
computationally  expensive,  especially  for  models  with
many  features[18].  LIME  may  produce  inconsistent
explanations across different runs due to its reliance on
local  approximations[19].  Ma  et  al.[45],  building  on
previous research related to the information bottleneck
theory[46, 47],  viewed  the  forward  propagation  process
of  DNNs  as  a  layer-by-layer  filtering  of  input
information.  They  proposed  a  method  to  explain  the
model by quantifying the information discarded by the
model  during  this  process.  This  method  has  been
validated  in  image  classification  tasks  but  its
application  to  time  series  data  remains  relatively
limited.

To  address  these  issues,  we  integrate  information
entropy  theory  with  the  Grad-CAM  technique  and
propose  a  novel  explainability  method.  This  method
not  only  quantifies  the  information  loss  in  time  series

data  but  also  uses  Grad-CAM  to  evaluate  the
contribution  of  individual  features  to  model
predictions,  providing  a  more  detailed  and  general
explainable  tool  for  understanding  and  optimizing  the
knowledge distillation process.

3　Methodology

The  proposed  method  aims  to  (1)  train  an  EEG  and
PA-based  multimodal  model,  (2)  use  knowledge
distillation  to  transfer  the  knowledge  captured  by  the
teacher  model  to  PA-based  unimodal  student  model,
and  (3)  apply  an  information  entropy  theory-based
approach  combined  with  Grad-CAM  to  explain  the
performance improvement of the student model. In this
section,  we  first  introduce  the  multimodal  teacher
model and the unimodal student model, followed by an
explanation of  the interaction between the teacher  and
student  models,  along  with  the  explainability  methods
used.

3.1　Teacher: The EEG-PA model

In  the  process  of  cross-modal  knowledge  distillation,
the key to improving the performance of the unimodal
model  lies  in  effectively  learning  and  absorbing  the
rich  knowledge  transferred  from  the  multimodal
teacher  model.  Therefore,  efficiently  capturing  the
diverse and rich feature information in the multimodal
model is a prerequisite for the success of the distillation
process.  The  upper  part  of Fig.  1 presents  the  overall
structure of  the multimodal  teacher model.  To explore
the heterogeneity  and correlations between modalities,
we design a cross-modal interaction module to capture

 

COS KL

 
Fig. 1    Framework of our proposed method. The teacher consists of EEG and PA branches, which interact through the cross-
modal interaction module and the adaptive modality fusion module. To ensure maximum similarity, the student’s PA branch is
identical to the teacher’s, except for the cross-modal attention. The classification module has the same structure in both models.
CSP: Common spatial pattern, AMF: Adaptive modality fusion, 1D: One-dimensional.
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the  rich  knowledge  both  within  and  between
modalities, and an adaptive modality fusion module to
balance  the  impact  of  the  two  modality  branches  on
classification.
3.1.1　Feature extraction

XE ∈ RC1×T

XP ∈ RC2×T C1 C2

T

In  the  multimodal  teacher  model,  CSP  is  first  applied
to  EEG  data  to  extract  task-related  spatial  features.
Then,  as  with  PA,  CNN  is  used  to  extract  temporal
features.  Let  the raw EEG data be  and the
raw PA data be , where  and  represent
the  number  of  channels,  and  represents  the  number
of  sampling  points.  The  feature  extraction  process  is
defined as Eqs (1) and (2), 

ZE = CNN(CSP(XE)) (1)
 

ZP = CNN(XP) (2)
ZE

ZP

where  denotes  the  EEG  feature  representation
extracted  by  CSP  followed  by  CNN,  and  denotes
the  PA feature  representation  extracted  by  CNN,  both
are used for subsequent cross-modal interaction.
3.1.2　Cross-modal interaction module

n

ZE =
[
ZE1 , ZE2 , . . . , ZEn

]
ZP =

[
ZP1 , ZP2 , . . . , ZPn

]

Each cross-modal interaction (CMI) module includes a
cross-modal  attention  and  a  self-attention  mechanism.
The  EEG  and  PA  features  obtained  from  feature
extraction are divided into  embedding vectors  along
the  temporal  dimension,  serving  as  inputs  to  this
module.  The  EEG  features  are  represented  as

,  and  the  PA  features  are
represented as .

(1)  Cross-modal attention. To achieve cross-modal
information  exchange  and  mutual  enhancement,  while
mitigating the distribution differences between the two
modalities at the feature level, we design a cross-modal
attention  mechanism.  This  cross-modal  attention
involves  bidirectional  information  exchange,  where
EEG  information  is  transferred  to  PA,  and
simultaneously,  PA information is  transferred to EEG.
This  thorough  information  interaction  provides  rich
and  meaningful  feature  representations  for  subsequent
knowledge  distillation.  In  this  way,  when  distilling  to
the unimodal model, the PA modality can acquire more
comprehensive and accurate knowledge for depression
recognition,  significantly  enhancing  the  effectiveness
of knowledge distillation. The formula for cross-modal
attention is as Eqs. (3) and (4), 

AttentionE→P = softmax
QE KT

P√
d

VP (3)
 

AttentionP→E = softmax
QPKT

E√
d

VE (4)

AttentionE→P AttentionP→E

QE QP

KT
E KT

P
VE VP√

d
softmax

where  and  both  denote
cross-modal  attention  between EEG and PA branches.

 and  represent  the  query  matrices  for  the  EEG
and  PA  modalities,  respectively.  and  are  the
key  matrices,  and  and  are  the  value  matrices.
The scaling factor  is used to stabilize the numerical
values.  normalizes  the  scaled  dot-product
similarity scores into attention weights.

(2)  Self  attention. While  multimodal  data  can
provide  a  comprehensive  and  rich  perspective,  it  also
introduces  additional  noise  and  redundant  data.  The
role  of  self-attention is  to  enable  the  network to  focus
on  key  features  within  a  single  modality,  effectively
filtering out irrelevant information[48].  The formula for
self-attention is as Eqs. (5) and (6), 

AttentionE = softmax
QE KT

E√
d

VE (5)
 

AttentionP = softmax
QPKT

P√
d

VP (6)

AttentionE AttentionPwhere  and  denote  the  self-
attention in the EEG and PA branches, respectively.
3.1.3　Adaptive modality fusion module
To  effectively  balance  the  contributions  of  the  two
modality  branches  to  the  final  classification  outcome,
we  propose  an  AMF  module. Figure  2 shows  the
overall structure of the AMF module. This module first
concatenates  the  high-dimensional  features  from
different  modality  branches  and  then  generates
contribution weights for each modality through several
network layers. Finally, these weights are used to apply
weighting  to  the  features  from  both  modalities,
ensuring that  the  impact  of  each modality  on the  final
result can be flexibly adjusted during classification.
 

 

ω1 ω2

Fig. 2    Structure  of  the  adaptive  modality  fusion  module.
 and  represent  the  weights  of  the  two  features,

respectively.  FC:  Fully  connected,  LayerNorm:  Layer
normalization, ReLU: Rectified linear unit.
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FeatureE

FeatureP

After the CMI module,  the resulting features for the
EEG  and  PA  branches  are  denoted  by  and

,  respectively.  The  operation  of  the  AMF
module can be defined as Eq. (7), 

(WeightsE, P, WeightsP) =
η
(
FC2(ψ(FC1(Concat(FeatureE , FeatureP))))

)
(7)

WeightsE WeightsP

FeatureE FeatureP

η

FCi i ψ

Concat

FeatureE

FeatureP

where  and  denote  the  learned
adaptive  fusion  weights  for  and ,
respectively.  denotes the softmax activation function,

 represents  the -th  FC  layer,  represents  the
ReLU  activation  function,  and  represents  the
tensor  concatenation  operation.  After  the  softmax
layer,  two  weights  are  obtained,  which  are  then
multiplied  with  the  input  features  and

,  respectively,  and  subsequently  added  to
obtain the fused feature, defined as Eq. (8), 

XAMF
output = FeatureE ·WeightsE +FeatureP ·WeightsP (8)

XAMF
outputwhere  denotes  the  final  fused  feature

representation produced by the AMF module, which is
subsequently fed into the classifier for prediction.
3.1.4　Classifier
Finally,  the  fused  features  obtained  from  the  AMF
module  are  fed  into  a  classification  module  composed
of two FC layers.

In summary, the proposed teacher model can extract
heterogeneous  and  interactive  features,  which
theoretically  enhances  the  classification  accuracy  and
generalization ability of the student model.

3.2　Student: The PA model

In  knowledge  distillation,  the  capacity  gap  is  a
common  issue[49, 50].  Specifically,  teacher  models
typically have a larger capacity, enabling them to learn
complex  features  and  patterns  with  strong
representational  power.  In  contrast,  student  models,
with  their  smaller  capacity,  are  unable  to  fully  match
and  replicate  the  teacher  model’s  complex  behaviors
and outputs. This capacity gap makes it difficult for the
student  model  to  effectively  learn  and  absorb  the
knowledge  provided  by  the  teacher  model  during
knowledge distillation, thereby affecting the distillation
effectiveness  and  the  final  model  performance.  To
minimize the capacity gap, we design a structure in the
student  model  similar  to  the  PA branch  in  the  teacher
model.  First,  a  CNN  is  used  to  extract  temporal
features,  followed  by  a  self-attention  mechanism  to
capture  deeper  contextual  associations  and  detailed

information. Finally, the same classification module as
in  the  teacher  model  is  used  for  classification.  The
lower part of Fig. 1 presents the overall structure of the
unimodal student model.

3.3　Knowledge distillation

P Q LKL

The right  side  of Fig.  1 shows the  overall  structure  of
the  distillation  process.  We aim for  the  student  model
to  closely  mimic  the  behavior  of  the  teacher  model,
meaning  that  its  output  probability  distribution  should
approximate  that  of  the  teacher  model.  Therefore,
following the original knowledge distillation approach,
KL-divergence  is  used  as  a  loss  term.  Assuming  the
output  probability  distribution  of  the  teacher  model  is

 and that of the student model is , the loss term 
is defined as Eq. (9), 

LKL =
∑

i

Pi ln
(

Pi

Qi

)
(9)

Pi

i Qi

i

where  represents  the  predicted  probability  of  the
teacher  model  for  the -th class,  and  represents  the
predicted  probability  of  the  student  model  for  the -th
class.

Additionally,  to  enable  the  student  model  to  gain
richer  representational  capacity,  the  intermediate  layer
features  within  the  student  model  should  align  as
closely  as  possible  with  the  corresponding  layer
features of the multimodal teacher model. Specifically,
we  select  the  output  of  the  first  FC  layer  in  the
classification  module,  which  typically  contains  the
model’s  most  abstract  and  high-level  feature
representations. Moreover, in the process of knowledge
distillation  from  a  multimodal  model  to  a  unimodal
model,  differences  in  feature  scales  exist  between
modalities  and  models.  Using  mean  squared  error
(MSE)  directly  as  a  loss  function  carries  the  risk  of
overfitting.  Therefore,  cosine  similarity  is  used  to
capture  the  directional  relationship  between  feature
vectors,  reducing the impact  of  scale  differences.  This
approach  enhances  the  cross-modal  transfer  of
semantic information, improving both the performance
and generalization capability of the student model.

k
T k

S k

LCOS

Assuming the  output  feature  of  the -th  layer  in  the
teacher  model  is  and  the  corresponding  output
feature in the student model is , the cosine similarity
loss term  is defined as Eq. (10), 

CosineSimilarity(T k, S k) =
T k ·S k

∥T k∥∥S k∥
(10)

CosineSimilarity(T k, S k)where  measures  the
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directional  similarity  between  the  teacher  and  student
features by computing the normalized inner product. 

LCOS = 1−CosineSimilarity(T k, S k) (11)

Y
Q

LCE

To further improve the classification accuracy of the
student model,  cross-entropy loss is introduced as part
of  the  supervision.  Given  a  one-hot  label  and  the
output  of  the  student  model,  the  cross-entropy  loss
term  is defined as Eq. (12), 

LCE = −
∑

i

Yi ln(Qi) (12)

Yi i
Qi

i

where  is  the -th  component  of  the  one-hot  label,
and  is the predicted probability of the student model
for the -th class.

The  total  loss  function  is  the  weighted  sum  of  the
three loss terms, as shown in Eq. (13), 

Loss = αLKL+βLCOS+γLCE (13)
α β γwhere , ,  and  are balancing factors used to adjust

the relative weights of the different loss terms.

3.4　Entropy-GradCAM-based  time  series
explanation method (E-GCAM)

Currently, effective quantitative methods are lacking to
explain  why  the  knowledge  distillation  process  is
effective  in  time  series.  Inspired  by  Ma  et  al.[45],  we
introduce, for the first  time, the concept of knowledge
point quantification in time series and propose a novel
method  for  calculating  knowledge  point  quality.  The
overall  computational  process  of  the  proposed method
is summarized in Algorithm 1.

z ∈ Rn

f = h(z) ∈ Rm

z
f

z
Xobj = {z′ | ∥h(z′)− f ∥2 ⩽ θ}
z′ z h(z′)

According  to  previous  studies  on  the  information
bottleneck  theory[46, 47],  the  forward  propagation
process in deep neural networks (DNNs) can be viewed
as a layer-by-layer filtering of input information. In this
way,  given  the  features  of  an  intermediate  layer,  it  is
possible  to  measure  the  information  discarded  from
each input unit. In this study, input units are considered
as several tokens obtained by sequentially dividing the
input  sample  along  the  temporal  dimension.
Specifically,  let  denote  an  object  instance,  and

 represent  the  feature  extracted  from  an
intermediate  layer  of  the  DNN.  A  previous  study[45]

proposed the DNN represents a specific object instance
 using  a  very  limited  range  of  features,  with  the

average  feature  denoted  as .  Similarly,  for  an  object
instance ,  there  exists  a  latent  space

,  where  all  perturbed  inputs
 around  yield  features  that  remain  within  a

f θ

z′

∆z z

H(Z′)

small neighborhood of the feature . Here,  is a small
constant. We obtain a perturbed sample  by adding a
small  noise  to  the  input ,  and  measure  the
maximum noise magnitude that each token can tolerate
while ensuring that the change in intermediate features
remains  sufficiently  small.  In  this  way,  the  entropy

 can  be  used  to  quantify  how  much  input
information can be discarded, 

H(Z′), s.t., ∀z′ ∈ Z′, ||h(z′)−h(z)||2 ⩽ θ (14)
 

z′ = z+∆z ∼ N
(
z,

∑
(σ) = diag

(
σ2

1, σ
2
2, . . . , σ

2
n

))
(15)

n

Z′

σi

i
H(Z′)

{Hi}

Assuming  the  input  sample  consists  of  tokens,
independent and identically distributed Gaussian noise
is added to these tokens, yielding a set of inputs  that
correspond  to  a  specific  object  instance,  where 
denotes  the  standard  deviation  of  the  Gaussian
perturbation  for  the -th  token.  The  Gaussian  noise
allows the entropy  to be decomposed into token-
level entropies , 

H(Z′) =
n∑

i=1

Hi, Hi = lnσi+
1
2

ln
(
2πe

)
(16)

 

Algorithm  1　 Entropy-GradCAM-based  time  series
explanation method (E-GCAM)

zP τ σi
σi i
b1
b2

Input: PA  feature , :  The  threshold  for  selecting ,
:  The  variance  of  the  perturbation  added  to  the -th  token,
: The threshold for determining a token as a knowledge point,
:  The  threshold  for  determining  a  token  as  part  of  the

foreground
[num(NKP), λ]Output: 

σi  1: Initialize ;

z′ δ2
f  2: Calculate , ;

  3: for epochs do
Hi  4: 　Calculate entropy  by Eq. (16);

Loss(σi)  5: 　Calculate  by Eq. (18);
σi  6: 　Update ;

  7: end for
Hi τ

σi τ

  8: Compare each  obtained in Line 4 with , and select the
　   corresponding to the entropy closest to ;

Hi σi  9: Calculate the entropy  based on the  obtained in Line 8;
H110: Use the entropy  of the first token as the baseline;

11: Determine the knowledge points by Eq. (19);
ci1 ci2 i12: Calculate the contribution  and  of the -th token in the

　  two classes using Grad-CAM;
cdiff = |ci1 − ci2|13: ;

14: Determine the foreground by Eq. (20);
λ15: Calculate the quality  by Eq. (21);

[num(NKP), λ]16: return 

    8 Tsinghua Science and Technology, xxxx xxxx, x(x): 1−19

 



Hi

Hi

i

where  measures  the  information  discarded  at  the
token level, with a larger  indicating that information
from  the -th  token  is  discarded  more  during  forward
propagation.  To  obtain  the  optimal  noise,  Lagrange
multipliers are used to approximate Formula (14) as the
loss function shown in Formulas (17) and (18), 

min
σ

Loss(σ) (17)
 

Loss(σ) =
1
δ2

f

Ez′=z+σ·δ,δ∼N(0,1)
[
∥h(z′)−h(z)∥2

]
−µ

n∑
i=1

Hi

(18)

σ = [σ1, σ2, . . . , σn]T

Ez′=z+σ·δ, δ∼N(0, 1)

z z′ =
z+∆z

δ2
f = limϕ→0+ Ez′∼N (z,ϕ2)

[
∥h(z′)−h(z)∥2

]
ϕ

µ

h(z) h(z′)
z

z′

where  is  the  parameter  that  we
aim  to  learn,  represents  the  noise  added  to  different
tokens.  denotes  the  expectation  over
standard  Gaussian  noise  added  to  to  form 

,  averaged  across  multiple  samples.
 is  the  inherent

variance of intermediate-layer features subject to small
input  noises  with  a  fixed  magnitude ,  which  is  used
for  normalization.  is  used  to  balance  the  two  loss
terms.  and  denote  the  intermediate-layer
feature  representations  of  the  original  input  and  the
perturbed input , respectively.

n

For  tokens  with  less  discarded  information,  it  is
considered  that  they  encode  more  discriminative
information useful for prediction, which we refer to as
knowledge  points.  Specifically,  in  this  experiment,
input  samples  are  divided  into  tokens  along  the
temporal  dimension.  As shown in Figs.  3a and 3c,  the
entropy  of  discarded  information  in  the  first  token  is
relatively  high  in  the  majority  of  samples,  indicating
that  the  pupil  data  in  the  early  stages  of  stimulus
exposure  carry  sparse  knowledge  information.  Siegle
et  al.[51] noted  that  patients  with  depression  often

H1

i
H1

b1

exhibit  slower  initial  responses  in  emotional  stimulus
tasks,  requiring more time to process this information.
This slower response is reflected in both reaction time
and pupil  response.  Oliva and Anikin[52] demonstrated
that pupil dilation associated with emotion recognition
is  not  instantaneous  but  rather  accumulates  gradually.
Therefore, the entropy  of the first token is used as a
baseline  for  determining  knowledge  points.
Specifically,  we  label  token  as  a  knowledge  point
when  its  entropy  drop  relative  to  the  baseline 
exceeds a threshold , 

H1−Hi > b1 (19)

b1

If  the  entropy  of  a  token  is  significantly  lower  than
the baseline entropy, it can be considered a knowledge
point.  Formula  (19)  is  used  to  determine  whether  a
given  token  constitutes  a  knowledge  point,  where 
serves  as  the  threshold  for  determining  knowledge
points,  allowing  for  the  quantification  of  knowledge
points in the model. Theoretically, the distilled student
model encodes more knowledge points than the student
model trained from scratch.

ci1

Additionally,  to  evaluate  encoding  quality  in  time
series,  we  propose  a  novel  method  for  calculating
knowledge  point  quality.  In  image  processing,  the
concepts of foreground and background are commonly
utilized,  where  the  foreground  typically  contains
information  strongly  relevant  to  classification  tasks,
while  the  background  often  consists  of  irrelevant
information.  Analogously,  we  aim  to  identify
foreground  tokens  and  background  tokens  in  time
series data.  To achieve this,  we employ Grad-CAM to
quantify  the  contribution  of  each  token  to  the
classification  outcome.  The  absolute  difference
between the two class contributions for each token, 

 

 
Hi

Hi

Fig. 3    Knowledge  point  visualization  in  EFVP  dataset.  Dark  regions  represent  low  entropy  values  ( )  of  discarded
information. Figures  3a and 3c display  the  values  of  students  trained  from  scratch  and  those  subjected  to  distillation,
respectively. Each row represents a different sample, and each column corresponds to a time-segmented token of that sample.
In  this  study,  all  samples  were  uniformly  divided  into  50  tokens. Figures  3b and 3d illustrate  the  distribution  of  knowledge
points  derived  from Figs.  3a and 3c,  respectively.  Knowledge  points  located  in  the  foreground  are  considered  effective
knowledge points.
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ci2 cdiffand , denoted as . This value is used as the basis
for determining foreground relevance. 

cdiff > b2 (20)
cdiff b2

b2

λ

If a token’s  is greater than ,  the token can be
considered  as  part  of  the  foreground,  where  is  the
threshold for determining foreground, which allows for
the  quantification  of  knowledge  point  quality  within
the  model.  Knowledge  points  in  the  foreground  are
regarded  as  effective  knowledge  points,  and  the
proportion of  effective knowledge points  is  defined as
quality . 

λ =
num(NF ∩NKP)

num(NKP)
(21)

NKP

NF num

num(NF ∩NKP)
num(NKP)

where  represents the set of knowledge points, and
 represents  the  set  of  foreground  tokens,  and 

denotes  the  number  of  elements  of  a  set.  Thus
 counts  the  number  of  effective

knowledge  points,  while  counts  the  total
number of knowledge points.

4　Result and Discussion

4.1　Dataset

Affective  attention  dot-probe  (AADP)  dataset: This
is  a  multimodal  dataset  comprising  EEG  and  eye-
tracking data  from 35 patients  with  depression and 35
normal  controls.  The  data  were  collected  at  Gansu
Provincial  Hospital.  The  study  protocol  was  approved
by the Ethics Committee of Gansu Provincial Hospital
(Approval  No.  2017-071).  Each  participant  completed
400  trials,  where  they  first  viewed  a  combination  of
neutral and emotional faces for 500 ms. Following this,
they were tasked with identifying the position of a dot
on the screen and responding as quickly as possible by
pressing a button. EEG data were collected using a 64-
channel  device  with  a  sampling  rate  of  1000  Hz,  and
eye-tracking data were sampled at 1000 Hz.

Emotion free-viewing EEG-pupil (EFVP) dataset:
This  is  another  multimodal  dataset,  comprising  EEG
and  eye-tracking  data  from  20  patients  with  mild
depression  and  20  normal  controls.  The  data  were
collected  from  students  at  Lanzhou  University  with
approval  from  the  Ethics  Committee  of  the  Second
Hospital  of  Lanzhou  University  (Approval  No.  2015
A-037).  All  participants  provided  written  informed
consent  prior  to  participation.  Each  participant
completed  40  trials,  with  each  trial  involving  the
viewing of a combination of neutral-neutral or neutral-

negative  emotional  faces  for  6  s.  EEG  data  were
collected  using  a  128-channel  device  with  a  sampling
rate of 250 Hz, and eye-tracking data were sampled at
1000 Hz.

Both  datasets  are  private  and  are  available  upon
reasonable  request  by  contacting  the  corresponding
author.

4.2　Data preprocessing

In  this  study,  raw  EEG  data  are  preprocessed  using
NetStation  software,  including  the  removal  of  bad
electrodes  and  baseline  correction.  To  effectively
suppress  physiological  artifacts  such  as
electrooculogram  (EOG)  and  electromyogram  (EMG)
signals, a 0.5 Hz high-pass filter and a 50 Hz low-pass
filter  are  applied  to  the  EEG  signals.  In  addition,  the
Fast  ICA  algorithm[3] is  employed  to  isolate  and
remove  EOG  artifact  interference  from  the  EEG  data.
For  the  eye-tracking  data,  only  segments  with  a  data
loss  rate  below  30% are  retained.  In  cases  where
certain  features  within  a  segment  have  missing  values
(less  than 30%),  the  missing values  are  imputed using
the mean of the corresponding feature. Previous studies
indicated  that  pupil  dilation  is  a  key  indicator  of
cognitive  load  and  is  closely  associated  with  neural
activity in brain regions implicated in depression[53, 54].
We  extract  the  PA  signal  from  EyeLink  data  files
recorded  by  the  EyeLink  1000  system  for  subsequent
analysis. Missing values are imputed using the mean of
the segments immediately before and after the missing
interval.  Additionally,  to align the sampling frequency
with  that  of  the  EEG  signals  and  reduce  processing
complexity,  the  PA  signals  in  the  EFVP  dataset  are
resampled to 250 Hz.

4.3　Experimental setup

To obtain a PA-based model suitable for cross-subject
deployment,  we  adopt  a  subject-independent  cross-
validation strategy. All trials from the same subject are
strictly  kept  within  the  same  fold  to  prevent  data
leakage.  Specifically,  for  the  AADP  dataset,  we
perform seven-fold cross-validation by dividing the 70
participants  into  seven  folds:  Five  folds  are  used  for
training,  one for  validation,  and the remaining one for
testing.  For  the  EFVP  dataset,  we  conduct  ten-fold
cross-validation  by  dividing  40  participants  into  ten
folds:  Eight  folds  are  used  for  training,  one  for
validation, and one for testing. All folds are balanced to
ensure an equal number of participants with depression

    10 Tsinghua Science and Technology, xxxx xxxx, x(x): 1−19

 



and  healthy  controls,  thereby  maintaining  class
balance. Classification accuracy and F1 score are used
to evaluate classification performance.

Additionally,  EEG  and  eye-tracking  data  are
collected  simultaneously  in  both  datasets.  The  teacher
model is trained using paired EEG and PA data, while
the student model is trained using only PA data.

4.4　Results

To  verify  the  effectiveness  of  our  proposed  cross-
modal  knowledge  distillation,  the  distilled  unimodal
student  model  is  compared  with  the  baseline  model
based  on  PA  signals  and  with  cross-modal  baseline
methods  applied  to  the  unimodal  student  model.  All
methods  are  evaluated  on  PA  data.  The  experimental
results,  shown  in Table  1,  indicate  that  the  proposed
method  achieved  the  highest  accuracy  and  F1  score,
demonstrating  the  effectiveness  of  the  distillation
approach.  Specifically,  our  method  uses  a  multimodal
teacher  model  to  deeply  explore  the  intrinsic  features
of  EEG  and  PA  modalities  and  their  interactions.
Through  knowledge  distillation,  the  rich  information
and valuable insights obtained from the teacher model
are  efficiently  transferred  to  the  student  model.  This
enables  the  student  model  to  learn  not  only  the  high-
level abstract features from the teacher model but also
the interactions between modalities, resulting in higher
accuracy  in  classification  tasks.  Methods  such  as
MLA+LSTM[55],  CNN+RNN[56],  LCTNN[57],  and
TCNN[58] which  rely  solely  on  unimodal  data,
inevitably  face  limitations  in  information  availability.
Without  guidance  from  multimodal  knowledge,  their

performance  reaches  a  bottleneck.  CGAN[59] adopts  a
cross-domain  knowledge  transfer  strategy  but  lacks
deep  modeling  of  modality-specific  complexities,
limiting its performance on highly heterogeneous data.
scalp-EEG  to  ear-EEG  KD[60] uses  identical
architectures  for  teacher  and  student,  failing  to
showcase  the  model  compression  benefits  of
knowledge distillation.  CMTKD[61] focuses  on teacher
collaboration  but  lacks  deep  interaction  modeling,
limiting  the  benefits  of  multi-teacher  fusion.
EmotionKD[40] uses  a  dual-stream  Transformer  and  a
temporary  student  for  feedback,  greatly  increasing
training cost.

Additionally, to demonstrate the effectiveness of the
proposed  multimodal  teacher  model  in  multimodal
depression  recognition,  it  is  compared  with  other
baseline  models  on  both  datasets.  All  methods  are
evaluated  on  both  EEG  and  PA  data,  and  the
experimental  results  are  presented  in Table  2.  The
GSCCA[62] method  explores  the  linear  correlation
between EEG and eye-tracking data but cannot capture
the complex nonlinear interactions between modalities.
The  DCCA[63] method  places  excessive  emphasis  on
inter-modal  correlations,  which  may  weaken  the
independent  features  of  each  modality.  MTS-Net[64]

focuses  on  capturing  the  heterogeneity  of  multimodal
signals,  but  it  uses  simple  concatenation  for  feature
fusion, failing to fully capture the complex interactions
between  modalities.  MIBFM[29] relies  on  high-
dimensional  feature  extraction  and  feature  selection,
which  limits  further  improvement  in  model
performance.  MFFNN[65] uses  CNNs  for  feature

 

Table 1    Comparison  of  the  student  model  with  other  baseline  methods  (mean ± standard  deviation).  *  denotes  that
EmotionKD was not implemented on the AADP dataset due to its high computational resource demands. The best results in
terms of the mean accuracy and mean F1 score are highlighted in boldface.

(%)

Method
AADP dataset EFVP dataset

Accuracy F1 score Accuracy F1 score
MLA+LSTM[55] ±77.33  9.36 ±76.27  11.13 ±73.75  11.65 ±73.31  11.91
CNN+RNN[56] ±77.06  8.43 ±77.05  10.68 ±74.00  12.13 ±72.80  9.46

LCTNN[57] ±78.07  4.05 ±77.85  4.18 ±74.58  12.21 ±73.53  13.39
TCNN[58] ±78.79  2.22 ±78.49  2.35 ±75.00  14.50 ±74.41  15.34
CGAN[59] ±70.44  7.21 ±71.78  6.36 ±75.58  19.61 ±71.53  28.70

Scalp-EEG to ear-EEG KD[60] ±76.26  7.98 ±75.07  10.17 ±72.83  11.31 ±72.16  11.52
CMTKD-student[61] ±75.58  2.97 ±74.49  3.05 ±72.50  13.73 ±71.57  14.32

EmotionKD-student[40] * * ±72.67  14.32 ±73.23  13.48
Scratched-student ±75.83  5.91 ±75.25  5.84 ±73.25  15.10 ±71.76  16.77
KD-student (ours) ±81.45  3.29 ±80.95  3.52 ±78.50  12.46 ±77.53  13.26
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extraction  but  struggles  to  model  long-range  cross-
channel  dependencies,  limiting  its  grasp  of  global
physiological patterns. MCAF[66] fuses modalities early
via  channel-wise  concatenation,  but  EEG’s  higher
channel  count  can  dilute  the  other  modality’s
contribution. The OurKD-Teacher model, with its CMI
and  AMF  modules,  not  only  models  modal
heterogeneity,  but  also  captures  modal  interactivity.
Consequently,  it  achieves  state-of-the-art  performance
among multi-modal models.

4.5　Why did the student improve?

For  the  student  model  obtained  through  knowledge
distillation  (K)  and  the  student  model  trained  from
scratch  (S),  we  measure  the  knowledge  points  on  the
first FC layer in the classification module, as shown in
Figs.  3b and 3d. The FC layer integrates and abstracts
features  from  the  preceding  layers,  forming  global
features  that  directly  impact  the  final  task.  By
quantifying knowledge points in this layer,  it  becomes

possible  to  more  accurately  identify  and  analyze  key
input  units  that  significantly  impact  model
performance,  thereby  supporting  model  optimization
and explainability.

b1 b2We select three thresholds  and four thresholds ,
and then compare the knowledge points encoded in the
KD  student  model  and  the  scratched  student  model.

 

Table 2    Comparison of the teacher model with other baseline methods (mean ± standard deviation). * denotes that MIBFM
was not implemented on this dataset due to the complexity of its procedure and the laborious feature extraction process. The
best results in terms of the mean accuracy and mean F1 score are highlighted in boldface.

(%)

Method
AADP dataset EFVP dataset

Accuracy F1 score Accuracy F1 score
GSCCA[62] ±71.68  0.06 ±74.46  0.04 ±67.58  9.16 ±67.62  6.08
DCCA[63] ±81.75  5.81 ±82.13  6.49 ±75.67  16.38 ±73.36  19.18

MTS-Net[64] ±88.56  7.33 ±88.44  13.17 ±74.90  18.85 ±79.09  13.53
MIBFM[29] * * ±82.00  11.47 ±85.14  9.25
MFFNN[65] ±89.01  4.40 ±89.89  4.22 ±77.83  12.79 ±76.38  14.02
MCAF[66] ±88.21  3.38 ±88.15  3.37 ±79.58  9.14 ±78.94  9.57

CMTKD-teacher[61] ±73.63  15.05 ±72.84  14.52 ±66.67  13.20 ±65.75  13.73
EmotionKD-teacher[40] * * ±77.50  6.12 ±78.08  6.46

KD-teacher (ours) ±90.83  4.09 ±90.79  4.12 ±86.08  10.74 ±85.41  11.44

 

Table 3    Comparison  of  the  number  of  knowledge  points
between  the  KD  student  and  the  scratched  student.  Bold
numbers  indicate  the  better  results  in  terms  of  the  number
of knowledge points.

b1Threshold Model
num(NKP)

AADP dataset EFVP dataset

0.10
KD student 21.90 19.67

Scratched student 18.56 13.57

0.15
KD student 19.39 10.68

Scratched student 10.45 4.09

0.20
KD student 17.06 6.70

Scratched student 4.74 1.45

 

 

b1 b2

Fig. 4    Comparison of the number of effective knowledge points and knowledge points quality between the KD student model
and the scratched student model. Figures 4a and 4b show the number of effective knowledge points and the quality for the two
models  on  AADP dataset,  while Figs.  4c and 4d show the  number  of  effective  knowledge  points  and  the  quality  for  the  two
models  on  EFVP  dataset.  denotes  the  threshold  for  identifying  knowledge  points,  and  represents  the  threshold  for
foreground determination.
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Table  3 indicates  that  the  KD  student  model
consistently  encodes  more  knowledge  points.  As  seen
in Fig.  4,  the  KD  student  model  typically  encodes  a
larger  number  of  effective  knowledge  points  and  a
higher  quality .  This  explains  the  reason  for  the
performance  improvement  in  the  KD  student  model:
Knowledge  distillation  enables  the  KD  student  model
to  encode  more  knowledge  points  with  higher  quality
than  the  scratched  student  model.  This  method,
combining  information  entropy  and  Grad-CAM  to
quantify  useful  information  in  the  model,  can  also  be
applied to other time series models.

Furthermore, to validate the effective guidance of the
multimodal  teacher  model  on  the  unimodal  student
model  in  cross-modal  knowledge  distillation,  we
visualize  the  distribution  of  discarded  information
entropy  over  time  for  both  the  teacher  and  student
models.  As mentioned earlier,  the smaller the entropy,
the  more  discriminative  information  is  encoded.  As
shown  in Fig.  5a,  in  AADP  dataset,  where  the  data
duration  is  1  s,  the  EEG  branch  responds  rapidly  and
significantly  to  the  stimulus  (0−150  ms),  with  its
entropy  dropping  below  baseline  levels  first.  This
significance  is  referred  to  as  early  knowledge.  In
contrast,  the  pupil  branch exhibits  slower  changes.  As
observed in Fig. 5b, after distillation, the student model

alter the original early knowledge distribution, shifting
to concentrate in both earlier and later time periods. As
shown  in Fig.  5c,  in  EFVP  dataset,  where  the  data
duration  is  6  s,  the  EEG  branch  has  a  limited  early
knowledge  distribution,  while  the  pupil  branch
gradually  exhibits  more  significant  changes  in  early
knowledge  over  a  longer  timescale  (1.5  to  6  s).  As
observed  in Fig.  5d,  after  distillation,  the  student
model’s  early  knowledge  distribution  closely  aligns
with that of the pupil branch, with the concentration of
knowledge further enhanced.

Previous  studies[67, 68] have  that  EEG  signals  are
highly  sensitive  to  external  stimuli  and  emotional
changes, and can respond rapidly within a short period,
reflecting the timely regulation of brain neural activity.
Therefore,  the  student  model  may  learn  the  rapid
response mechanism in the EEG branch, enabling it to
adaptively  respond  to  sudden  changes  in  emotional
fluctuations  or  cognitive  load.  In  addition,  related
studies[51, 52] indicated  that  pupil  typically  reflects  the
regulation  of  physiological  or  emotional  states,  with  a
longer  timescale  for  responses  to  cognitive  load,
emotional  changes,  and  other  factors.  This  also  helps
explain why the student model primarily relies on EEG
signals at the 1-s short timescale and on pupil signals at
the 6-s long timescale.

 

 
Hi HiFig. 5    Distribution  of  discarded  information  entropy  value  at  different  time  stages.  The  time  segments  where  is

significantly lower than the baseline level,  as determined by the Wilcoxon signed-rank test,  are marked with shaded regions.
The baseline level for each model is the mean of its entire dataset. Figures 5a and 5b are from AADP dataset, and Figs. 5c and
5d are from EFVP dataset.
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4.6　Ablation experiment

We conduct  ablation  studies  from three  dimensions  to
evaluate  the  importance  of  key  components  in  the
teacher  model,  multimodal  data  sources,  and  the  loss
function  during  distillation.  First,  we  focus  on  the
cross-modal  attention  mechanism  and  the  AMF
module.  Second,  we  compare  the  performance
differences  between  the  multimodal  teacher  and  the
unimodal  teacher  model.  Finally,  we  analyze  the
impact  of  different  loss  functions  on  the  performance
of  the  student  model.  These  experiments  clarify  the
specific  contribution  of  each  component  to  overall
performance.  The  experimental  results  are  shown  in
Table 4.

By sequentially eliminating the cross-modal attention
mechanism and the AMF module to observe changes in
overall  performance,  their  importance  in  the  teacher
model is validated. During this process, the structure of
the student  model  is  kept  unchanged,  and cross-modal
knowledge  distillation  is  performed  again  using  the
ablated  teacher  model.  The  experimental  results  show
that  removing  either  the  cross-modal  attention
mechanism or the AMF module led to a decline in the
teacher  model’s  performance,  along  with  a  notable
decrease  in  the  performance  of  the  student  model
obtained through knowledge distillation. This indicates

that the cross-modal attention mechanism and the AMF
module  are  essential  for  enhancing  the  expressive
capability  of  the  teacher  model.  The  cross-modal
attention  mechanism  alleviates  the  distribution
differences  between  different  modalities,  while  the
AMF  module  ensures  the  recognition  performance  of
the  teacher  model.  Both  contribute  to  information
transfer to the student model.

To further validate the importance of the multimodal
model  in  the  knowledge  distillation  process,  the  PA
modality  is  removed  from  the  multimodal  teacher
model,  simplifying  it  to  the  EEG-based  unimodal
teacher  model.  The  structure  of  the  new  EEG-based
unimodal teacher model is kept consistent with that of
the  PA-based  unimodal  student  model,  and  cross-
modal  knowledge  distillation  is  then  performed  again.
The experimental results indicate that when the teacher
model is transformed from multimodal to unimodal, its
own  performance  decreases,  and  the  performance  of
the  student  model  obtained  through  knowledge
distillation  also  declines.  This  may  be  because,
compared  to  the  multimodal  teacher  model,  the  EEG-
based  teacher  lacks  rich  knowledge  and  exhibits
modality heterogeneity with the PA-based student.

LKL LCOS LCE

To  assess  the  importance  of  different  loss  functions
in  the  multimodal-to-unimodal  knowledge  distillation
process,  the  loss  functions , ,  and  are

 

Table 4    Ablation  experiment  results  of  the  proposed  network  on  AADP  Dataset  and  EFVP  Dataset  (mean ± standard
deviation). “-teacher” represents the ablated teacher model, and “-student” denotes the corresponding student model obtained
through distillation from this teacher. In Variant 1, the CMA and AMF components of the teacher model are ablated, where
“w/o CMA” indicates the removal of cross-modal attention, “w/o AMF1” replaces AMF with element-wise addition, and “w/o
AMF2” replaces  it  with  feature-level  concatenation.  Variant  2  uses  an  EEG-based  unimodal  teacher  model  for  distillation.
Variant 3 ablates the loss function in the student model during knowledge distillation. The best results in terms of the mean
accuracy and mean F1 score are highlighted in boldface.

(%)

Method
AADP dataset EFVP dataset

Accuracy F1 score Accuracy F1 score

Variant 1

W/o CMA-teacher ±90.16  3.79 ±90.09  3.82 ±84.25  9.86 ±83.70  10.32
W/o CMA-student ±78.83  3.84 ±78.16  4.27 ±74.33  14.03 ±71.95  17.02
W/o AMF1-teacher ±90.21  3.89 ±90.27  3.81 ±84.42  9.50 ±83.66  10.14
W/o AMF1-student ±79.11  0.67 ±78.32  5.00 ±74.17  13.05 ±72.08  15.57
W/o AMF2-teacher ±89.69  5.87 ±89.51  6.42 ±85.33  10.42 ±84.71  10.98
W/o AMF2-student ±78.35  1.99 ±77.44  2.26 ±74.08  14.73 ±72.11  16.94

Variant 2
W/o PA-teacher ±86.68  6.27 ±86.48  6.55 ±83.08  9.17 ±82.50  9.62
W/o PA-student ±78.31  3.93 ±77.62  4.04 ±75.67  15.53 ±72.90  19.22

Variant 3
LKLW/o ±78.96  3.60 ±80.61  4.72 ±74.58  13.66 ±74.20  13.77
LCOSW/o ±78.29  2.04 ±77.73  1.84 ±74.25  14.78 ±78.00  11.94
LCEW/o ±78.54  4.98 ±78.14  1.91 ±75.58  14.05 ±76.40  15.50

Our method KD student ±81.45  3.29 ±80.95  3.52 ±78.50  12.46 ±77.53  13.26
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LKL

LCOS

LCE

removed  sequentially,  and  the  model’s  performance
was  evaluated.  The  experimental  results  show  that
removing  any  of  the  loss  terms  leads  to  a  decrease  in
model  performance,  indicating  that  each  loss  term
plays an indispensable role in the training process. 
transfers  the  knowledge  of  the  teacher  model  through
soft  labels.  helps  maintain  angular  consistency
between  the  teacher  and  student  models.  ensures
that  the  student  model  learns  the  correct  classification
information  directly  from  hard  labels.  Compared  to
using a single loss term alone, the complete multi-loss
function setup better guides the student model to learn
richer  representations,  thereby  improving  its  overall
performance.

4.7　Discussion on robustness and practicality

Our  proposed  framework  demonstrates  strong
robustness  and  practical  value  in  real-world
deployment scenarios. The student model distilled from
the  multimodal  teacher  is  evaluated  under  a  subject-
independent  cross-validation  setting,  where  all  trials
from  unseen  individuals  are  used  exclusively  for
testing. This ensures that the performance gains are not
limited  to  subject-specific  patterns  but  instead
generalize  across  individuals,  even  in  the  presence  of
inter-subject  variability  and  potential  session-related
shifts.

The  knowledge  distillation  framework  is  not  only
effective  but  also  practically  necessary.  While  one
could  theoretically  train  a  large  PA-only  model  on
massive unimodal data,  collecting such large-scale PA
datasets  is  often  costly  and  time-consuming.  In
contrast, our method leverages a relatively small set of
high-quality  multimodal  data  to  train  a  teacher  model
that  captures  rich,  depression-relevant  patterns.  These
learned  representations  are  then  efficiently  transferred
to  the  lightweight,  PA-only  student  model.  Empirical
results  show  that  our  distilled  student  model
significantly  outperforms  the  same-structure  model
trained  solely  on  PA  data,  highlighting  the
effectiveness of cross-modal knowledge transfer.

Given  the  practical  limitations  of  EEG  collection—
such as the need for expensive equipment, professional
setup,  and  subject  compliance—our  approach  of
deploying  a  high-performance,  EEG-free  model  offers
a  much  more  feasible  solution  for  scalable  depression
screening in community or low-resource settings.

Nonetheless,  individual  differences  and  session
dependence  remain  challenging.  While  our  model

shows  strong  generalization  overall,  performance  may
still  degrade  on  subjects  with  highly  atypical  patterns.
Future  work  may  explore  subject-adaptive
mechanisms,  to  further  enhance  robustness  without
sacrificing deployment efficiency.

5　Conclusion and Future Work

We propose a novel cross-modal knowledge distillation
method for depression recognition. In this method, the
multimodal  teacher  model  uses  a  cross-modal
interaction  module  and  an  adaptive  modality  fusion
module  to  deeply  explore  the  intrinsic  features  and
interactions  between  the  EEG  and  PA  modalities,
capturing  rich  multimodal  information.  Subsequently,
this  information  is  transferred  to  the  PA-based
unimodal  student  model  through  knowledge
distillation,  enhancing  the  student  model’s
performance. To further clarify the mechanisms driving
improvements  in  the  student  model,  we  propose  E-
GCAM,  an  explainability  method  combining
information  entropy  theory  with  Grad-CAM.
Quantitative results indicate that the time series model
under  knowledge  distillation  encodes  more  useful
information, consistent with the observed performance
improvements  in  the  student  model.  E-GCAM reveals
the mechanisms behind the performance improvements
of  the  student  model  and  is  equally  applicable  for
analyzing  performance  in  other  time  series  models.
Compared  to  other  baseline  models,  the  proposed
method achieved the best results on both datasets. Our
work significantly reduces the reliance on EEG signals
for  depression  recognition,  thereby  expanding  the
applicability  and  potential  use  cases  of  depression
recognition  models.  Additionally,  this  explainability
method  can  also  be  applied  to  other  time  series  tasks,
and  when  combined  with  specific  scenarios,  it
facilitates  a  more  comprehensive  analysis  of  model
performance.  Moreover,  the  distilled  student  model
does  not  require  retraining  for  individual  subjects  and
may  be  used  as  an  auxiliary  tool  for  depression
recognition.

Future  research  will  focus  on  investigating  the
impact  of  modality  heterogeneity  on  cross-modal
knowledge  distillation,  an  underexplored  factor  that  is
crucial  for  understanding  how  modality  differences
influence  knowledge  transfer  efficiency.  A  better
understanding  of  this  aspect  will  provide  key  insights
for optimizing the distillation process. Additionally, we
aim to refine the knowledge point selection mechanism
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to  more  effectively  identify  and  transfer  relevant
information,  thereby  improving  the  performance  of
knowledge distillation.
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