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DBNet: A Dual-Branch Network for Single-Trial Feedback EEG Decoding and
Supporting Avoidance Coupling in MDD

Congming Tan', Wu Wang?, Ting Pan?, Hongli Liao%, Haoyu Ning' & Yin Tian (tianyin@cqupt.edu.cn) '>"
!School of Computer Science and Technology, Chongqing University of Posts and Telecommunications
2School of Life Health Information Science and Engineering, Chongqing University of Posts and Telecommunications

Abstract

Major depressive disorder (MDD) involves heightened
sensitivity to negative outcomes and altered avoidance learning.
While deep learning has advanced EEG-based depression
detection, most studies focus on resting-state signals rather
than single-trial task feedback and its behavioral relevance.
Using a public feedback-locked EEG dataset from a
probabilistic learning paradigm, we decode correct versus
incorrect feedback trials separately in MDD and healthy
controls (HC) and propose DBNet, a dual-branch network
combining time-domain modeling with learnable wavelet time-
frequency representations. The time branch captures feedback-
related ERP dynamics and trial-wise temporal variability,
whereas the time-frequency branch learns task-relevant
spectral components via adaptive wavelets. DBNet
outperforms baselines, with higher decoding performance in
MDD. Visualizations indicate that the model emphasizes
FRN/P3 time windows and fronto-midline activity, and its
learned wavelet spectra show a stronger theta-band emphasis
in MDD, consistent with error-monitoring processes. Subject-
level representations from DBNet further exhibit stronger
coupling with test-phase NoGo accuracy in MDD.

Keywords: Major depressive disorder; dual-branch network;
task feedback; avoidance learning.

I. Introduction

Major depressive disorder (MDD) is a highly prevalent and
burdensome condition, affecting ~280 million people
worldwide (Dong et al., 2025), and is clinically characterized
by persistent low mood and anhedonia with broader cognitive
and functional impairment (Tanzilli et al., 2021). Beyond
affective symptoms, MDD is closely linked to biased
processing of negative outcomes, heightened punishment
sensitivity, and altered avoidance-related learning and
decision-making (Kratochwil et al., 2025). Computational
psychiatry further formalizes these abnormalities using
reinforcement learning (RL) frameworks to quantify
reward/punishment-driven value updating and behavioral
adjustment (Cavanagh et al., 2011; Cavanagh et al., 2019),
with meta-analytic evidence indicating punishment-related
alterations in RL parameters across the depression/anxiety
spectrum (Pike & Robinson, 2022) and reinforcement
sensitivity work suggesting stronger associations of
depression with punishment sensitivity and more depression-
specific reductions in reward sensitivity (Katz et al., 2020).
Given that these mechanisms depend on rapid outcome
evaluation and error monitoring, EEG provides a high
temporal-resolution approach for probing feedback-related
neural dynamics in MDD (Liu et al., 2022; Pegg et al., 2021).

At the neural level, feedback-locked signatures such as
FRN/RewP and frontal-midline theta are thought to index fast
mPFC-based representations of outcomes relative to
expectation and to support behavioral adjustment and
avoidance learning (Burkhouse et al., 2016; Cavanagh et al.,
2019; Csifcsak & Mittner, 2026); FRN typically emerges
~250-350ms post-feedback and is theta-dominant and
punishment-sensitive (Becker et al., 2014; Puusepp et al.,
2021; Zhang et al., 2024). Consistent with aberrant reward-
punishment processing in MDD, larger FRN amplitudes and
stronger error-related theta to negative feedback have been
reported (Webb et al., 2017), although FRN effects show
heterogeneity moderated by factors such as stress, sleep, and
comorbidity (QIN et al., 2021), and machine-learning studies
increasingly relate delta/theta features to individual
differences to dissociate depression from anxiety
(Grabowska et al.,, 2024). Importantly, enhanced post-
punishment FRN/theta in MDD does not necessarily imply
poorer performance and may, under some conditions, predict
better avoidance (e.g., NoGo) behavior (Cavanagh et al.,
2011).

Feedback-locked EEG provides high temporal resolution
for studying reward-punishment processing and error
monitoring but is limited by conventional methods, which
often rely on condition-averaged ERPs or power spectra, and
hand-crafted features that may not fully capture single-trial
spatiotemporal-spectral information (Bachmann et al., 2018;
Ding et al., 2020; Liao et al., 2017; Sharma et al., 2018).
Additionally, manual feature engineering can alter or discard
key cognitive-neural components, limiting interpretability. In
contrast, deep learning enables end-to-end learning from raw
EEG, preserving task-relevant information. Recent advances
in deep EEG representation learning include compact
convolutional architectures (Tan et al., 2024) and semi-
supervised learning for small-sample or cross-task settings
(Hu et al., 2025; Xiong et al., 2025). However, deep-learning
applications to MDD have focused mostly on resting-state
EEG classification, with fewer studies addressing task-
evoked feedback dynamics. To bridge the gap between deep
model cues and interpretable cognitive mechanisms, we
propose DBNet, a dual-branch framework for single-trial
feedback-locked EEG. DBNet captures error-monitoring and
outcome-evaluation dynamics from two complementary
perspectives: a time-domain branch for feedback-locked
temporal patterns and a time-frequency branch for adaptive
wavelet-based representation learning, focusing on
discriminative sub-bands related to error/punishment
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Figure 1: The overall framework of DBNet proposed in this study

processing. We use a binomial GLM to test the predictive
association of DBNet’s high-level features with NoGo
accuracy and group differences, providing a statistical
framework to evaluate the consistency of DBNet’s cues with
MDD-related feedback processing and avoidance learning.

In summary, our main contributions are as follows:

(1) We propose DBNet, a dual-branch deep network that
integrates time-domain and learnable wavelet-based time-
frequency modeling for decoding task-based feedback EEG.
The time-domain branch captures ERP components and trial-
to-trial variability, while the time-frequency branch uses
continuous wavelet transforms to adaptively emphasize task-
relevant frequency components. Both branches are fused to
decode correct versus incorrect feedback trials.

(2) We evaluate DBNet on a task-based feedback EEG
dataset with MDD and healthy control (HC) participants.
Visualization analyses reveal that the model’s temporal
windows and frequency distributions align with cognitive-
neuroscience evidence (e.g., error-monitoring windows and
theta-band  rhythms), enhancing neurophysiological
interpretability.

(3) We incorporate subject-level features from DBNet into
a binomial GLM to assess their association with NoGo
accuracy and examine group differences. The results show
stronger coupling between error-related neural signals and
avoidance behavior in MDD, providing statistical evidence
for heightened punishment sensitivity and avoidance-
learning bias in depression, and offering a new approach for
representation learning in task-based EEG.

I1. Methodology

A. Overview of DBNet Model

Let a single-trial feedback-locked EEG segment be denoted
as X € R®”“*  where B is the batch size, C is the number of
electrodes, and L is the number of time points. DBNet aims
to learn discriminative neural representations from single-
trial, task-based feedback EEG for distinguishing correct and
incorrect feedback, while remaining robust to trial-to-trial
variability (Fig. 1). The network consists of two branches: the
time-domain branch directly extracts informative cues from
raw waveforms, capturing subtle temporal and amplitude
distinctions between correct and incorrect feedback; the
adaptive wavelet time-frequency branch uses learnable
continuous wavelet transforms to focus on task-relevant
frequencies and extract stable discriminative features. These
high-level features from both branches are fused for binary
prediction, with auxiliary outputs retained to enhance
supervision and training stability. DBNet effectively decodes
single-trial feedback and links learned representations to
behavioral measures (e.g., NoGo accuracy).

B. Temporal feature extraction branch

The time feature extraction branch (TFE Branch) is designed
to extract ERP-related temporal morphological cues and their
trial-to-trial temporal variability from single-trial feedback-
locked EEG.
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(1) Spatiotemporal convolution. To capture feedback
fluctuations within short time windows while learning stable
spatial filters, the TFE Branch first applies temporal
convolution on each electrode to extract local temporal
patterns, and then uses a depthwise spatial convolution with
kernel size (C,1) to perform channel-wise spatial projection
of the temporally filtered responses. This design substantially
reduces the number of trainable parameters while learning
discriminative electrode combinations.

(2) Temporal attention mechanism. To emphasize
informative periods during feedback processing, we
introduce a temporal attention block (TA block) in the time
branch. Let the sequence features after spatiotemporal

convolution be {4, }IT‘:1 , where T, is the number of time steps

after downsampling. The TA block first computes a scalar
score s, for each time step and then applies a softmax

normalization to obtain the attention distribution:

0 =22 am(a..q,) ®

7
> ets)
j=1

The attention weights are then applied to the sequence
features for weighted aggregation, yielding a global temporal
representation:

Ui
V=Y ah e RO ()
=1

(3) Fast temporal convolution block. To model long-
range temporal dependencies, we design a Fast Temporal
Convolution Block (FTC Block) with non-sliding kernels.
Each kernel models the relationship between adjacent time
points, recursively composing these local relations to capture
long-term temporal structure efficiently. This design reduces
convolution operations and enhances efficiency.

The FTC Block first projects the feature dimension to F’
via a linear layer:

, T
V' =(V'p) 3)
where V' e REF*1 | 7T e RO denotes the transpose of

V along the feature dimension, and € R™" s the learnable
weight matrix of the linear layer. The FTC Block then defines
akernelset f = { Jiseos I3 } and applies zero padding to keep

the temporal dimension unchanged, enabling stable
aggregation of adjacent time-point relations during the
recursive composition process.

After obtaining the output of the FTC Block, we use a
projector composed of fully connected layers to map it into a
fixed-dimensional high-level representation space, yielding
the time-branch feature vector Z” .

C. Adaptive Wavelet Time-Frequency Feature
Extraction Branch.
The time-frequency branch employs learnable Morlet

wavelet convolutions to adaptively select task-relevant
frequencies in an end-to-end manner, and integrates

convolutional blocks with channel attention to extract
discriminative time-frequency representations.

(1) Learnable Morlet wavelet convolution. We construct
a Morlet filter bank. Each filter is parameterized by a
learnable scale parameter a : we first compute the
corresponding scale s, then generate a normalized Morlet
kernel, and apply adaptive wavelet convolution to each EEG
channel to obtain the sub-band time-frequency response map
Htf 1= RB><C><F><T:

/. X’

s=L yry =2 cos@ep(-=) ()
a-2rw 2

g0)=w).H, = x*g 5)
S S

where @), is the center-frequency constant of the mother

wavelet.

(2) Multi-subband wavelet decomposition and adaptive
time-frequency feature refinement. Given that feedback-
related EEG activity in task is predominantly concentrated in
the low-frequency range, we restrict the frequency-of-interest
to 0-20 Hz and partition it into five equally spaced, adjacent

sub-bands F ={[0, £,].[ £, £ ].-...[ /3, 20]} .

For the b-th sub-band [f,,,f,], we first apply an
independent wavelet transform to the input single-trial EEG
X , yielding the corresponding time-frequency response:

Hy =g, 5% X e RECE (©)

where 8. denotes the learnable Morlet wavelet

]
transform, and F, =2-(f, — f,_,) is the number of filters.
We then feed the time-frequency representation ; of
each sub-band into an adaptive time-frequency refinement
block @(-) (ATFR), which consists of a convolutional layer
followed by squeeze-and-excitation (SE) operations. This
block enhances discriminative patterns within the sub-band

while suppressing redundant responses, and can be
formulated as:

V; =®(H,)=SE(Conv(H,)) (7
where Conv(-) performs within-subband aggregation
across frequencies and SE(-) is a channel-attention module

that adaptively reweights channels based on global statistics
to emphasize task-relevant time-frequency responses. The
five sub-bands produce a set of refined time-frequency

features {Vf }Z—l , which are then mapped by a projector to a

fixed-dimensional high-level representation space Z“”.

Finally, the high-level representations from the time and
time-frequency branches, Z” and Z“”, are concatenated to
form Z“ =[7Z";Z"] , which is then fed
classification head to discriminate task-related correct versus
incorrect feedback.

into a
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D. Learning Strategy

We apply auxiliary classification supervision to both time
and time-frequency branches to ensure each learns task-
relevant features. A cross-view consistency constraint aligns
the predictive distributions of both branches. Additionally,
supervised contrastive learning pulls same-class samples
closer and pushes different-class samples apart, while
pseudo-label filtering on high-confidence, consistent samples
enhances discriminability and robustness.

(1) Classification loss. We apply classification supervision
to the main (fusion), time, and time-frequency branches to

ensure they all learn discriminative features. A weighted

(all)
c B

cross-entropy loss balances their contributions. Let z

t

z" and z!") be the logits from each branch, and y the

ground-truth label. The total multi-head loss is defined as:
Log = [’o_ (Ziam D)+ % Lex (Zit) V) + % Lex (ny‘) 7)) (8)

(2) Cross-view consistency constraint. We align the
predictive distributions of the time and time-frequency
branches wusing a cross-view consistency constraint,
measured by the Jensen-Shannon divergence (JSD):

%(m)=§KL<p||m)+%KL(q||m),m=%<p+q) ©)

where p and ¢ are the predicted distributions from each
branch, and the divergence is computed using Kullback-
Leibler divergence.

(3) Contrastive learning. Supervised contrastive learning
(SupCon) improves discriminability by pulling same-class
samples together and pushing different-class samples apart.
We treat features from the time and time-frequency branches
as two views of the same trial, normalize them, and compute
their similarity:

| exp(sin(u.,u )/ T)
E o 1 10 i P
SupCon Z | P(i) |p€ZP:4,_) & E exp(sin(uf ,Ma) /7)

ac A(i)

(10)

where sim(,,-) denotes dot-product similarity; u, and u,
represent the embedding-space representations; A(i) and
P(i) denote the sets of positive and all samples.

(4) Pseudo-label gating. To improve robustness, we apply
pseudo-label gating to unlabeled samples. A sample is
included in training if (i) both branches predict the same class,
and (ii) the maximum prediction confidence is above 0.8.
These pseudo-labels are then incorporated into supervised
contrastive learning for refinement.

Combining the above learning objectives, the overall
training loss is defined as:

L=Ley+ AL+ /150£Sup00n (1)

where A, = A, =0.1 are weighting coefficients.

E. Group Differences in Coupling with Avoidance
Behavior

During the training phase (with feedback), feedback-locked
EEG trials are input into DBNet, which discriminates

between Correct and Incorrect feedback. The final layer
outputs two-class logits, denoted as z'’ € R*, where s

c,s,t
indexes subjects and ¢ indexes trials. For each subject s, we
group trials by predicted class 7, and extract the

corresponding logit / ,. We then average the logits within

each subject for the Incorrect and Correct feedback categories
to obtain subject-level representations, /; , and / .. The

incorrect relative to correct enhancement is defined as
A =l -l ., and is z-standardized across subjects for

comparability.

To examine the relationship between A, and behavioral
performance, we use test-phase NoGo accuracy as the
dependent variable and assess whether the coupling is
moderated by group (MDD vs HC) using a binomial GLM
with an interaction term. The model is specified as:

logit(p,) = B, + B,group, + B,A] + B, [groups Af] (12)
where group, is 0 for HC and 1 for MDD. The coefficient
B, captures the between-group difference in coupling, and

the interaction effect is evaluated using a likelihood-ratio test
(LRT). This procedure quantifies the coupling between error-
related neural representations and avoidance behavior, and
examines whether this coupling differs between MDD and
HC groups.

III. Results

A. Datasets and Preprocessing

We used a public University of Arizona EEG dataset
(Cavanagh et al., 2011) including 21 participants with major
depressive disorder (MDD; BDI > 13) and 24 healthy
controls (HC; BDI < 7); to balance groups, 21 participants
were randomly selected from each group. Participants
completed a probabilistic learning task with a feedback-based
training phase and a feedback-free test phase, designed to link
error-related feedback signals to avoidance learning (NoGo
performance in test phase); we performed within-group
binary decoding of correct versus incorrect feedback to
characterize group differences. EEG was preprocessed in
EEGLAB using a 0.5-30 Hz band-pass filter, re-referencing
to Dbilateral mastoids, ICA-based artifact removal,
downsampling to 128 Hz, and baseline correction (-300 to -
200 ms) with epochs retained from -200 to 1000 ms.

B. Baselines and Experimental Setup

We compare the proposed method with widely used deep
learning baselines for EEG classification, including models
originally developed for ERP decoding, BCI applications,
and motor imagery. The baselines are ShallowNet/DeepNet
(Schirrmeister et al., 2017), EEGNet (Lawhern et al., 2018),
EEG-Inception (Santamaria-Vazquez et al., 2020), JMNet
(Kim et al., 2024), EEGNex (Chen et al., 2024), and SJNet
(Jalilpour & Miiller-Putz, 2025). These architectures have
been applied to P300, movement-related cortical potentials,
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Table 1: Performance comparison between the proposed method and baseline models on the MDD.

Model ACC Kappa MS MF1 MP
ShallowNet 72.08+5.83 31.73+8.83 64.701+4.45 65.221+4.88 69.09+4.96
DeepNet 74.84+4.98 44.35+7.65 72.62+3.86 72.06+3.83 72.17+4.06
EEGNet 75.00+5.96 43.34+8.63 71.33+4.11 71.62+4.29 72.29+4.99
EEG-inception 74.8615.81 43.45+10.54 71.8715.56 71.6615.29 71.8645.21
EEGNeX 76.09+5.86 44.81+10.81 71.894+543 72.33+5.43 73.25+5.53
JMNet 74.44+5.10 36.38+9.79 66.86+5.21 67.54+541 73.61+7.56
SJNet 76.611+6.93 44.66t12.75 71.17+6.24 72.09+6.52 75.38+8.13
DBNet (ours) 79.8747.23 53.9618.41 76.2243.72 76.8413.77 78.6715.41

Table 2: Performance comparison between the proposed method and baseline models on the HC.

Model ACC Kappa MS MF1 MP
ShallowNet 70.39+6.18 29.38+8.14 63.841+4.28 64.121+-4.48 67.46+5.11
DeepNet 73.271+6.58 43.28+9.12 71.661+4.58 71.611+5.50 71.75+5.67
EEGNet 73.35+5.43 44.72+8.07 72.20+4.14 72.311+4.05 72.70+4.06
EEG-inception 74.65+5.73 44.50£9.17 72.73+5.09 72.17+4.63 72.07+4.24
EEGNeX 75.93+6.31 45.89+9.23 72.481+4.48 72.891+4.62 73.71+£5.01
JMNet 73.58+5.52 36.751+6.38 67.091+3.32 67.901+3.44 72.29+6.10
SJNet 75.88+6.34 43.01£8.83 70.03+4.05 71.15+4.60 75.24+6.71
DBNet (ours) 77.51+5.28 45.79+9.13 71.261+5.06 72.47+4.41 77.28+6.13
sensorimotor rhythms, and other BCI paradigms. effective at capturing post-feedback ERP temporal-structure

Performance was evaluated using subject-independent 10-
fold cross-validation and reported in terms of Accuracy
(ACC), Cohen’s kappa (Kappa), Macro-Sensitivity (MS),
Macro-F1 (MF1), and Macro-Precision (MP).

C. Feedback Detection

In the MDD group (Table 1), DBNet achieved the best
performance across all evaluation metrics, with an ACC of
79.87%, Kappa of 53.96%, MS of 76.22%, MF1 of 76.84%,
and MP of 78.67%. Compared with other baselines, the
improvements over the strongest competitors were notable.
For example, relative to SJNet (ACC: 76.61%), DBNet
increased accuracy by approximately 3.26%; relative to
EEGNeX (Kappa: 44.81%, MF1: 72.33%), DBNet improved
Kappa by about 9.15% and MF1 by about 4.51%. Overall,
DBNet not only improved accuracy but also showed more
pronounced gains in Kappa and MF1, indicating enhanced
agreement with the ground-truth labels and a more balanced
discriminative capability across the two feedback classes.

In the HC group (Table 2), DBNet also showed stable and
favorable performance. It achieved the highest ACC (77.51%)
and MP (77.28%) among all methods, while maintaining
relatively high Kappa (45.79%) and MF1 (72.47%),
suggesting that its agreement and overall performance did not
markedly deteriorate across groups. Overall, DBNet’s
advantage is primarily attributable to the complementary
dual-branch design integrating time-domain and adaptive
wavelet time—frequency modeling: the time branch is

differences and trial-wise temporal variability, whereas the
time—frequency branch can adaptively emphasize task-
relevant spectral components through end-to-end learning.
Their fusion enhances discriminability and robustness for
correct versus incorrect feedback decoding, leading to
improved results in both the MDD and HC groups.

D. Visualization

To enhance model interpretability, we visualized key
representations, as shown in Fig. 2. In Fig. 2(a), the feedback-
locked ERP waveforms reveal clear morphological
differences between correct and incorrect feedback,
particularly within the FRN (200-350 ms) and P3 (300-500
ms) windows, with more pronounced fluctuations in the
Incorrect condition. This aligns with classical models of
feedback processing, where rapid outcome evaluation and
error monitoring are expressed in these time windows. Fig.
2(b) shows that the model’s temporal attention focuses on the
200-350 ms feedback interval, closely matching the ERP
differences in Fig. 2(a). Figs. 2(c)-(d) highlight the model’s
spatial emphasis on fronto-midline regions (e.g., FCz),
particularly under Incorrect feedback, and a more prominent
fronto-midline focus in the MDD group during error
feedback. These visualizations demonstrate that DBNet
primarily utilizes FRN/P3-related temporal information and
fronto-midline spatial patterns for error monitoring,
supporting the interpretability of its learned features. Fig. 2
(e)-(f) shows the average spectral responses learned by the
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five adaptive wavelet branches in the MDD and HC groups.
The MDD group exhibits a sharper peak in the theta-related
branch, concentrating discriminative spectral emphasis in the
theta range. In contrast, the HC group shows a more balanced
distribution of peaks across frequency bands. These results
suggest that DBNet adaptively emphasizes task-relevant
frequencies, with the most informative discriminative cues in
MDD c:oncentrated in the thet%)-band dynamics.
> 0.10

a)
14

T oo MDD TIC
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<

LS

1015 20 2530 35 4
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Figure 2: Visualization results of DBNet.

E. Coupling between avoidance behavior across
groups

To  directly link  feedback-related  discriminative
representations learned by the DBNet model to test-phase
avoidance behavior (NoGo accuracy), we used the subject-
level A (the logit enhancement for Incorrect relative to
Correct feedback) as the explanatory variable and fit a
binomial GLM to assess its coupling with the probability of
NoGo success as well as group differences. As shown in Fig.
3, the regression slope of A in the HC group was close to
zero (B, =0.013), indicating a weak association between

this neural representation and NoGo performance. In contrast,
A showed a stronger positive relationship with NoGo
success probability in the MDD group ( S, =0.346 ).

Importantly, the group-by- A interaction was positive and
statistically ~ significant ( S, =0.333, p=0.0052 ),

demonstrating that the coupling between enhanced error-
related feedback signals and avoidance behavior (NoGo) was
significantly stronger in MDD than in HC.

IV. Discussion

Across Tables 1-2, correct/incorrect feedback decoding was
generally easier in MDD than in HC, suggesting more stable
or stronger discriminative feedback-locked patterns in
depression, which is consistent with DBNet’s dual-branch
design (Fig. 1): the time branch captures ERP dynamics with
long temporal convolutions and focuses on informative
windows via attention, while the learnable wavelet time—
frequency branch adaptively selects task-relevant spectral
components and complements phase-locked ERP cues with
induced activity. Visualization further supports the cognitive-

neurophysiological meaning of the learned cues: raw ERPs
show clear correct/incorrect differences within FRN/P3
windows (Fig. 2(a)), consistent with prior findings in this
dataset (Cavanagh et al., 2011) that also relate the peak—
trough interval to a 5-7 Hz rhythm; temporal attention aligns
with these critical periods (Fig. 2(b)); spatial patterns
emphasize fronto-midline/central regions (Fig. 2(c)) in line
with frontal-midline theta as a marker of cognitive control
and conflict/error monitoring(Eisma et al., 2021); and learned
wavelet spectra exhibit a stronger theta emphasis in MDD but
a more balanced distribution in HC (Fig. 2(e)-(f)), supporting
adaptive task-relevant band selection by learnable wavelets
(Kim et al., 2024). Importantly, GLM results (Fig. 3) show
that subject-level representations from DBNet have
behavioral relevance: the group x A interaction is significant
(p=0.0052), with stronger positive coupling between error-
related representations and test-phase NoGo accuracy in
MDD, consistent with computational psychiatry evidence
that mood/anxiety disorders tend to show heightened
punishment-related learning parameters (Pike & Robinson,
2022). Therefore, the high-level features extracted by DBNet
are more capable of capturing individual differences in MDD,
offering a robust measure for representation learning.

1.0 °
° L]
0.8 °
> ° - o °©
= 0.6 —
3 o
2 e HC
° ° MDD
Q 0.4 ° —— HC fitted
2 e ° MDD fitted
02 ° ° L]
L]
0.0

-1.5 -1.0 -0.5 0.0 05 1.0 1.5 20
A (Incorrect -correct)

Figure 3: Coupling results of avoidance behavior between
groups.

V. Conclusion

This study proposes DBNet, a dual-branch network that
combines time-domain modeling with adaptive wavelet time-
frequency learning to decode correct versus incorrect
feedback from single-trial EEG separately in MDD and HC.
DBNet achieves stable, superior performance in both
groups—more pronounced in MDD—supporting the utility
of jointly capturing ERP morphology and frequency-specific
oscillations. Visualizations show that the model emphasizes
FRN/P3 time windows, fronto-midline topography, and a
stronger theta-band focus in MDD, consistent with canonical
error-monitoring mechanisms. Moreover, a binomial GLM
links DBNet-derived subject-level representations to test-
phase NoGo accuracy, revealing stronger coupling in MDD
and indicating that the learned features provide behaviorally
meaningful markers of avoidance-related individual
differences. Overall, DBNet offers an interpretable deep
decoding and statistical-inference framework for relating
feedback processing to avoidance behavior in depression.
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