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Abstract

In stimulus-driven EEG emotion classification, labels are de-
fined at the trial level. Each trial corresponds to a fixed stim-
ulus, and windowing yields multiple dependent repeated mea-
surements within the same trial. However, standard pipelines
treat windows as independent samples, which ignores the trial
as the true unit and encourages models to latch onto transient
noise, leading to inconsistent within-trial predictions and unsta-
ble generalization. We turn the trial-as-unit prior in stimulus-
driven emotion EEG into a trial-defined structural constraint.
Specifically, windows are grouped by their trial IDs and a loss
is added that makes predictions for windows within the same
trial agree with each other. This penalizes reliance on window-
specific transient noise and encourages the model to encode
stable, trial-level representations. Across SEED and SEED-IV
and three backbones including EEGNet, EEGConformer, and
CTNet, the proposed constraint increases within-trial prediction
consistency and stabilizes validation behavior. It also improves
cross-session classification accuracy.

Keywords: EEG emotion classification; repeated measure-
ments; reliability; trial consistency

Introduction
EEG-based emotion recognition has been widely studied and
integrated into affective computing systems for emotion-aware
human–computer interaction, such as adaptive multimedia
recommendation and content evaluation, user-state monitor-
ing for learning and workload management, and affect as-
sessment in mental-health–related applications (Abdul et al.,
2018; Picard, 1997; Schlicher et al., 2025). The standard
stimulus-driven pipeline performs window-level classification
on short EEG segments, for example 4-second windows ex-
tracted in real time from continuous recordings (Li et al.,
2023; Zheng & Lu, 2015). Nevertheless, EEG recordings
remain highly noise-prone and non-stationary due to artifacts
and physiological fluctuations, so practical emotion recogni-
tion requires stable representations and reliable predictions,
especially when generalizing across sessions and subjects.

Prior works on improving the stability of EEG emotion
recognition typically introduces auxiliary losses during train-
ing, which can be grouped into three categories. First, con-
sistency and smoothing approaches enforce invariance of pre-
dictions or representations under perturbations and augmen-
tations (Laine & Aila, 2017; Tarvainen & Valpola, 2017;
Wang et al., 2018). Second, contrastive and self-supervised
representation learning methods learn robust embeddings

that capture stable temporal structure and reduce reliance
on noisy supervision (Alghamdi et al., 2025; Chen et al.,
2020). Third, domain generalization and alignment methods
address session-to-session and subject-to-subject shifts by en-
couraging domain-invariant representations through distribu-
tion matching or adversarial objectives (Arjovsky et al., 2019;
Ganin & Lempitsky, 2015; Sun & Saenko, 2016). Despite
the progress of augmentation consistency and cross-domain
alignment, we further ask (1) whether stability objectives can
explicitly suppress transient, window-specific noise so that
predictions remain coherent within a trial, and (2) whether
the trial-defined repeated-measurement structure can be lever-
aged as a training signal to improve cross-session robustness
without introducing any test-time dependence on metadata.

Accordingly, we propose a consistency learning principle
for stimulus-driven EEG emotion recognition that exploits the
trial-as-unit prior while preserving the standard window-level
deployment interface. It consists of two key components:

(1) Trial-Defined Weak Grouping. In stimulus-driven
protocols, each trial corresponds to one stimulus presentation
and yields multiple window observations that share the same
context and annotation. We use training-set trial identifiers to
form weak groups, which expose the repeated-measurement
structure without introducing any architectural changes.

(2) Intra-Trial Predictive Alignment. Building on this
grouping, we augment the standard window-level objective
with an intra-trial regularizer that aligns the predictive dis-
tributions of windows from the same trial toward a shared
trial-level prototype. This discourages the model from fitting
window-specific transient cues and promotes trial-consistent
representations.

Experiments on SEED and SEED-IV demonstrate improved
reliability from three complementary perspectives, including
higher intra-trial prediction consistency, more stable training
dynamics as measured by reduced epoch-to-epoch variation in
validation accuracy, and stronger robustness to task-irrelevant
perturbations under test-time Gaussian noise. Overall, ex-
ploiting weak trial-level structure via training-only consis-
tency learning yields consistent performance gains and more
reliable emotion recognition across datasets and backbones.
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Related Work

EEG Emotion Recognition Benchmarks and
Architectures

EEG-based emotion recognition is a widely used testbed
for affective inference under low signal-to-noise ratio, pro-
nounced non-stationarity, and repeated-measurement vari-
ability. This work focuses on SEED and SEED-IV, two
stimulus-elicited benchmarks with trial-based organization
and repeated recordings (Zheng & Lu, 2015; Zheng et al.,
2019). To ensure representative architectural coverage, ex-
periments are conducted with commonly adopted EEG back-
bones spanning compact CNNs and CNN–Transformer hy-
brids, including EEGNet (Lawhern et al., 2018), EEGCon-
former (Song et al., 2023), and CTNet (Zhao et al., 2024).
Rather than introducing a new architecture, the emphasis is
on whether a training-only principle can improve reliability in
a backbone-agnostic manner.

Robust Learning Under Structured Shift

A substantial literature in EEG affective computing addresses
distribution shift across subjects and sessions, often through
transfer learning or domain adaptation (Chai et al., 2016).
More broadly, robust learning frameworks such as group dis-
tributionally robust optimization and invariance-based learn-
ing aim to mitigate failures under group-wise shifts, where
spurious correlations vary across environments (Arjovsky et
al., 2019; Sagawa et al., 2020). Related discussions of “short-
cut learning” highlight that deep models may exploit predic-
tive but non-causal cues, leading to inflated in-distribution
performance yet poor robustness (Geirhos et al., 2020). In
contrast to shifts defined by subjects or sessions, this work
targets the trial-defined repeated-measurement structure in
stimulus-elicited paradigms, where multiple windows con-
stitute correlated observations of a trial-level latent affective
state.

Consistency Regularization

Consistency regularization promotes prediction agreement
under perturbations and has been effective for stabilizing
learning, especially in semi-supervised settings. Prior meth-
ods typically define perturbations through data augmentation,
teacher–student targets (e.g., temporal ensembling), or ad-
versarially chosen noise (Miyato et al., 2019; Tarvainen &
Valpola, 2017). The key distinction here is that perturbations
arise naturally from the data collection process: repeated mea-
surements within a stimulus trial induce structured variability
across windows that share the same trial label. Accordingly,
trial-defined groups are used as a training-only supervision
signal to encourage within-trial predictive agreement and re-
spect within-trial latent-state stability, reducing intra-trial in-
consistency and validation oscillation while keeping inference
unchanged and free of trial metadata.

Method
Problem Setup, Notation
Stimulus-elicited EEG emotion classification is studied in a
within-subject setting with a cross-session evaluation proto-
col. In paradigms such as SEED and SEED-IV, recordings are
naturally organized into trials: each trial corresponds to a con-
tinuous stimulus segment (e.g., a video clip) and is assigned
a single emotion label. From the standpoint of experimental
design, the latent affective state within a trial is expected to
be relatively stable at the label level, whereas windowed EEG
segments can be viewed as repeated and noisy observations
of that trial-level state.

After windowing, the learning problem is formulated at the
window level while respecting the session-based split. The
training set is

Dtr = {(x𝑖 , 𝑦𝑖 , 𝑔𝑖)}𝑁𝑖=1, (1)
where x𝑖 ∈ R𝐶×𝑇 denotes the 𝑖-th EEG window (in our
experiments 𝐶 = 62 channels and 𝑇 = 800 samples),
𝑦𝑖 ∈ {1, . . . , 𝐾} is the emotion label, and 𝑔𝑖 ∈ {1, . . . , 𝐺}
is the trial identifier (trial ID) indicating which trial the win-
dow comes from. Crucially, 𝑔𝑖 is used only during training to
construct a regularization term; it is not provided as an input
feature to the model, and it is not used during validation or
testing.

Taking SEED for example, the raw recordings can be sum-
marized as subject × session × trial × channel × time: each
subject completes 3 sessions; each session contains 15 trials;
and each trial corresponds to one stimulus segment with a
single label. Segmenting the continuous EEG within each
trial into fixed-length windows yields samples x𝑖 ∈ R62×800.
This windowing step exposes an additional piece of structure:
windows originating from the same trial share the same stim-
ulus context and trial-level label, and thus can be viewed as
repeated measurements of a common latent affective state.
We refer to this as trial-defined weak grouping, and use it only
to define training-time regularization.

Trial-Defined Weak Grouping.
Windows sharing the same trial ID form a group

I𝑔 = {𝑖 | 𝑔𝑖 = 𝑔}, 𝑛𝑔 = |I𝑔 |. (2)

This grouping provides a lightweight, metadata-derived no-
tion of “same-state” windows within each mini-batch, which
we exploit to encourage stable within-trial predictive distribu-
tions during training.

Backbone Classifier and Supervised Objective
Let 𝑓𝜃 (·) denote an EEG classifier backbone (e.g., EEGNet,
EEGConformer, or CTNet) parameterized by 𝜃. Given an
input window x𝑖 , the model outputs logits

z𝑖 = 𝑓𝜃 (x𝑖) ∈ R𝐾 , (3)

and a predictive distribution via softmax

p𝑖 = softmax(z𝑖), 𝑝𝑖,𝑘 =
exp(𝑧𝑖,𝑘)∑𝐾
𝑗=1 exp(𝑧𝑖, 𝑗 )

. (4)
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Figure 1: Conceptual illustration of TrialCons. In this illustration, colors represent classification results (white indicates
unclassified windows), while shapes (e.g., squares, circles) correspond to windows from different trials. The dashed lines depict
the loss constraints applied to the backbone model. Left: Traditional window-based training leads to intra-trial inconsistency
and validation oscillation. Right: TrialCons aligns predictions within trials, ensuring consistency and stable improvement.

The standard supervised loss is cross-entropy:

Lcls (𝜃) =
1
𝐵

𝐵∑︁
𝑖=1

ℓCE (z𝑖 , 𝑦𝑖), ℓCE (z𝑖 , 𝑦𝑖) = − log 𝑝𝑖,𝑦𝑖 , (5)

where 𝐵 is the mini-batch size.

Intra-Trial Predictive Alignment
Motivation. Under the trial-stability assumption, windows
from the same trial are repeated observations of a shared trial-
level latent affective state and therefore should yield similar
predictive distributions. Standard window-level ERM ignores
this grouping and may overfit transient, task-irrelevant fluctu-
ations. A training-only regularizer is introduced to promote
within-trial predictive agreement (Figure 1). To avoid short-
cut learning from explicit trial metadata, trial identifiers are
never fed to the model as input features; they are used only to
define groups for a training-only consistency regularizer.

Trial mean distribution. Consider a mini-batch containing
trial IDs. Let p𝑖 = softmax( 𝑓𝜃 (x𝑖)) ∈ [0, 1]𝐾 denote the
window-level predicted class-probability vector, where 𝑓𝜃 (·)
is the backbone and 𝐾 is the number of classes. For any trial
𝑔 appearing in the batch, define its index set and size as

I𝑔 = {𝑖 ∈ {1, . . . , 𝐵} | 𝑔𝑖 = 𝑔}, 𝑛𝑔 = |I𝑔 |. (6)

The mean predictive distribution for trial 𝑔 in the batch is

p̄𝑔 =
1
𝑛𝑔

∑︁
𝑖∈I𝑔

p𝑖 . (7)

In implementation, we stop gradients through the batch mean
and treat p̄𝑔 as a target distribution, i.e., we use stopgrad(p̄𝑔)
in the consistency term to avoid self-influence through the
mean.

KL consistency loss. Disagreement between each window
prediction and the (stopped-gradient) trial mean is measured
using Kullback–Leibler divergence:

𝐷KL (p𝑖 ∥stopgrad(p̄𝑔)) =
𝐾∑︁
𝑘=1

𝑝𝑖,𝑘 log
𝑝𝑖,𝑘

stopgrad(𝑝𝑔,𝑘)
. (8)

The batch-level trial-consistency loss averages this divergence
over all trials with at least two windows in the batch:

Lcon (𝜃) =
1
|G|

∑︁
𝑔∈G

1
𝑛𝑔

∑︁
𝑖∈I𝑔

𝐷KL (p𝑖 ∥stopgrad(p̄𝑔)), (9)

where G = {𝑔 | 𝑛𝑔 ≥ 2} denotes the set of eligible trials in
the batch. Trials appearing only once (𝑛𝑔 = 1) are excluded
because within-trial agreement cannot be computed. In prac-
tice, the effectiveness of Lcon depends on how often multiple
windows from the same trial co-occur within a mini-batch.

Batch eligibility for TrialCons. The consistency term Lcon
is defined only when a mini-batch contains at least one eligible
trial, namely a trial with at least two windows in the batch
(𝑛𝑔 ≥ 2). Under default random mini-batch sampling, the
number of eligible trials per batch is 5.48 on average (median
6.00) for SEED and 8.28 on average (median 8.00) for SEED-
IV, with an activation rate of 1.00 on both datasets. This
indicates that Lcon is active in essentially every mini-batch
and provides a persistent training signal.

Overall objective
The final training objective is

L(𝜃) = Lcls (𝜃) + 𝜆Lcon (𝜃), (10)

where Lcls is the standard cross-entropy classification loss,
Lcon is the proposed trial-consistency regularizer, and 𝜆 ≥ 0
controls the regularization strength.
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Experiments
Experimental Setup
Datasets. Experiments are conducted on two emotion
recognition benchmarks: SEED (3-class) and SEED-IV (4-
class) (Zheng et al., 2019). Each session contains a fixed
set of stimulus trials: SEED has 15 trials per session, while
SEED-IV has 24 trials per session.

Windowing. Two segmentation protocols are considered for
each dataset: (i) non-overlap (stride 𝑠 = 𝑤) and (ii) 50%
overlap (stride 𝑠 = 0.5𝑤), where the window length 𝑤 is
fixed to 800 samples. Each window is represented as x ∈
R62×800 (62 EEG channels for both SEED and SEED-IV ).
After windowing, samples are represented as tensors of shape
R𝑁×62×800. Under the cross-session within-subject protocol,
the resulting numbers of windows are summarized in Table 1.

Table 1: Number of windows (𝑁) in two datasets.

Dataset Non-overlap 50% overlap

Train Test Train Test

SEED 25, 260 12, 630 50, 310 25, 155
SEED-IV 25, 245 12, 330 50, 100 24, 465

Evaluation protocol. A cross-session within-subject pro-
tocol is adopted. Each subject is treated as an independent
evaluation unit, where Sessions 1–2 are used for training and
Session 3 is used for testing. From Sessions 1–2, 15% of
windows are held out for validation and the remaining 85%
are used for training. TrialCons is implemented as an addi-
tional loss term on top of standard EEG classification back-
bones, including EEGNet (Lawhern et al., 2018), EEGCon-
former (Song et al., 2023), and CTNet (Zhao et al., 2024),
with architectures kept unchanged. For each backbone, ERM
is compared with ERM + TrialCons. Trial identifiers are
used only within the training split to construct the regularizer,
and no trial metadata is used during validation or testing. The
checkpoint with the highest validation accuracy is selected for
reporting.

Optimization details. All methods share the same opti-
mization protocol within each dataset and backbone setting.
To ensure that validation oscillation is not an artifact of an
overly aggressive learning rate, we perform a learning-rate
sweep for each method and report results under its best vali-
dation performance. Unless otherwise specified, we use Adam
with a base learning rate of 0.001, batch size 256, and train
for 50 epochs; the consistency weight is set to 𝜆 = 0.5. All
results are averaged over 5 random seeds.

Metrics
Both predictive performance and reliability are evaluated. Per-
formance is measured by test accuracy. Reliability is charac-

terized by (i) trial consistency (TC), which measures agree-
ment among window-level predictions within the same trial,
and (ii) validation total variation (TV), which measures epoch-
to-epoch variability of validation accuracy.

Trial consistency. For a trial 𝑔 with windows {𝑥𝑖}𝑖∈I𝑔 , the
predicted label for window 𝑖 is 𝑦̂𝑖 = arg max𝑐 𝑝𝜃 (𝑐 | 𝑥𝑖).
Trial consistency is defined as the fraction of windows whose
predicted labels match the trial’s majority prediction,

TC(𝑔) = 1
|I𝑔 |

∑︁
𝑖∈I𝑔

I
[
𝑦̂𝑖 = mode

(
{𝑦̂ 𝑗 } 𝑗∈I𝑔

)]
, (11)

and the overall TC is averaged across trials in the evaluation
split,

TC =
1
|G|

∑︁
𝑔∈G

TC(𝑔). (12)

Lower TC indicates larger within-trial disagreement, mean-
ing that windows from the same trial lead to less coherent
decisions.

Validation total variation. Let 𝑎𝑡 ∈ [0, 1] denote the val-
idation accuracy at epoch 𝑡 ∈ {1, . . . , 𝑇}. Validation total
variation is defined as

TV =
1

𝑇 − 1

𝑇∑︁
𝑡=2

|𝑎𝑡 − 𝑎𝑡−1 | . (13)

Larger TV indicates greater epoch-to-epoch variability, while
smaller TV indicates a smoother validation trajectory.

Main Results
Table 2 reports cross-session emotion classification results
across two datasets, two windowing protocols, and three back-
bones. Adding TrialCons consistently improves both perfor-
mance and reliability. Specifically, classification accuracy in-
creases by 3.8–9.4 percentage points across all settings, with
the largest gain achieved by CTNet on SEED with 50% over-
lap (57.3 → 66.7). Trial-level reliability also improves, as
TC increases by 0.07–0.20, with the largest improvement on
SEED-IV (non-overlap) using CTNet (0.40→0.60), indicat-
ing substantially more coherent predictions among repeated
windows from the same trial. Moreover, validation dynamics
become markedly smoother, as TV achieves up to 38% rela-
tive reduction, e.g., EEGConformer on SEED-IV with 50%
overlap (0.108→0.067), suggesting that the optimization pro-
cess is less sensitive to epoch-to-epoch fluctuations. Overall,
the joint gains in accuracy, higher TC, and lower TV support
that enforcing trial-consistent predictions reduces reliance on
transient window-specific cues and improves generalization
under session shifts.

Ablation and Analysis
Hyperparameter analysis. To assess robustness to the con-
sistency weight and justify the default choice, 𝜆 is swept in
{0, 0.1, 0.3, 0.5, 1.0} with all other settings fixed (Table 3).
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Table 2: Results under the cross-session within-subject protocol. Best in each column is bold; second-best is underlined.
Acc/TC: higher is better; TV: lower is better.

Backbone Method
SEED SEED-IV

Non-overlap 50% overlap Non-overlap 50% overlap

Acc (%)↑ TC↑ TV↓ Acc (%)↑ TC↑ TV↓ Acc (%)↑ TC↑ TV↓ Acc (%)↑ TC↑ TV↓

EEGNet ERM 53.7
(±0.71)

0.51
(±0.03)

0.183
(±0.022)

55.2
(±0.66)

0.54
(±0.02)

0.227
(±0.019)

33.8
(±0.67)

0.40
(±0.02)

0.095
(±0.019)

34.9
(±0.62)

0.40
(±0.02)

0.068
(±0.018)

+TrialCons 60.3
(±0.69)

0.63
(±0.01)

0.150
(±0.020)

62.7
(±0.51)

0.65
(±0.02)

0.168
(±0.022)

39.9
(±0.55)

0.48
(±0.02)

0.070
(±0.018)

40.3
(±0.64)

0.54
(±0.01)

0.047
(±0.017)

EEGConf ERM 54.5
(±0.71)

0.52
(±0.01)

0.165
(±0.025)

53.9
(±0.80)

0.52
(±0.03)

0.115
(±0.020)

33.1
(±0.63)

0.38
(±0.02)

0.103
(±0.019)

33.6
(±0.72)

0.39
(±0.02)

0.108
(±0.020)

+TrialCons 60.9
(±0.55)

0.60
(±0.02)

0.149
(±0.019)

61.8
(±0.70)

0.69
(±0.02)

0.097
(±0.019)

36.9
(±0.62)

0.48
(±0.01)

0.088
(±0.021)

37.8
(±0.63)

0.39
(±0.02)

0.067
(±0.019)

CTNet ERM 55.8
(±0.70)

0.57
(±0.02)

0.241
(±0.026)

57.3
(±0.65)

0.63
(±0.01)

0.182
(±0.023)

34.1
(±0.64)

0.40
(±0.02)

0.081
(±0.018)

33.9
(±0.59)

0.38
(±0.02)

0.089
(±0.019)

+TrialCons 63.6
(±0.63)

0.68
(±0.01)

0.173
(±0.022)

66.7
(±0.55)

0.70
(±0.02)

0.126
(±0.020)

40.5
(±0.60)

0.60
(±0.01)

0.064
(±0.017)

39.1
(±0.48)

0.53
(±0.02)

0.082
(±0.018)

Table 3: Accuracy (%) versus consistency weight 𝜆 under the
cross-session within-subject protocol using EEGNet. Values
are mean ± std across random seeds. Best in each column is
bold; second-best is underlined.

𝝀 SEED SEED-IV

Non-overlap 50% overlap Non-overlap 50% overlap

0.0 53.7±0.7 55.2±0.7 33.8±0.7 34.9±0.6
0.1 53.9±0.6 57.2±0.7 34.5±0.5 36.8±0.6
0.3 58.1±0.6 62.0±0.6 37.6±0.7 38.0±0.6
0.5 60.3±0.7 62.7±0.5 39.9±0.6 40.3±0.6
1.0 59.3±0.6 61.3±0.6 40.0±0.6 39.5±0.6

Introducing a small-to-moderate 𝜆 consistently improves ac-
curacy over ERM, while overly large values can saturate or
slightly degrade performance, suggesting that 𝜆 should be
chosen in a moderate range.

Loss variant analysis. The proposed trial-consistency con-
straint aligns window-level predictive distributions within
each trial. To test whether the effect depends on a partic-
ular divergence, we evaluate three variants under the same
protocol: (i) KL divergence to the trial-mean prediction (KL,
default), (ii) Jensen–Shannon divergence to the trial-mean pre-
diction (JS), and (iii) a variance penalty(Var) that discourages
within-trial dispersion of predicted class probabilities. All
other settings are kept identical, and we report performance
(accuracy) as well as reliability metrics (TC, TV) for compar-
ison. The results are shown in Figure 2. In summary, KL
performs best overall, yielding the strongest gains in both ac-
curacy and trial consistency (TC) compared with JS-to-Mean
and the variance penalty, while maintaining comparable or
lower validation variation (TV). We therefore adopt KL-to-
Mean as the default instantiation in all main experiments.

Figure 2: Effect of different trial-consistency regularizers us-
ing EEGNet. Bars and lines with "-IV" suffix: results on
SEED-IV; bars and lines without suffix: results on SEED.

Negative control. To test whether the benefit of TrialCons
depends on genuine within-trial coherence (rather than a
generic regularization/smoothing effect), we run a shuffle con-
trol. Specifically, during training we randomly permute trial
IDs across windows, thereby destroying the correspondence
between windows and their original trial while leaving the
model, loss form, and optimization settings unchanged. This
control preserves the existence of grouped regularization but
removes the intended semantic meaning of a trial as repeated
measurements from the same stimulus segment. As shown
in Figure 3, under the shuffled grouping, classification per-
formance consistently degrades compared to using true trial
IDs, supporting the interpretation that TrialCons is effective
because it aligns predictions across true repeated measure-
ments rather than merely smoothing outputs in an arbitrary
grouping.

Generic smoothing baselines. A remaining alternative is
that TrialCons gains arise from generic prediction smooth-
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Figure 3: Trial-ID shuffle control: classification performance
comparison across three conditions: ERM , TrialCons with
true trial IDs, and TrialCons with shuffled trial IDs.

Table 4: Generic smoothing baselines using EEGNet.

Setting(on SEED) Acc (%)↑ TC↑ TV↓
ERM 53.7±0.7 0.51±0.03 0.183±0.022
Label Smoothing 54.0±0.6 0.45±0.02 0.170±0.013
Mean Teacher 54.6±0.6 0.54±0.02 0.173±0.019
TrialCons 60.3±0.7 0.63±0.01 0.150±0.020

ing rather than trial-defined repeated-measurement structure.
We therefore compare against two training-only regularizers
that use no trial metadata: Label Smoothing (LS) and Mean
Teacher (MT). All methods follow the same cross-session
within-subject protocol and use the same backbone and train-
ing pipeline as ERM; neither LS nor MT uses trial IDs.
Label Smoothing (LS). We train with cross-entropy on soft-
ened targets 𝑦̃𝑘 = (1−𝛼)I[𝑘 = 𝑦] +𝛼/𝐾 (with 𝐾=3 for SEED
and 𝐾=4 for SEED-IV); 𝛼 is tuned on validation.
Mean Teacher (MT). We maintain an EMA teacher 𝜃′ and
add a consistency term between teacher and student predic-
tions: Lmt = Lce + 𝜆mt𝐷KL (p𝜃 ′ ∥p𝜃 ), where 𝜃′ is updated
with momentum 𝛽; 𝛽 and 𝜆mt are tuned on validation.
Results. Table 4 shows that generic smoothing alone cannot
explain the gains of TrialCons. Both LS and MT yield only
marginal accuracy changes relative to ERM and do not im-
prove TC consistently (LS even reduces TC), while TrialCons
delivers a large accuracy jump together with a substantial in-
crease in trial consistency and lower validation variation. This
pattern supports our claim that TrialCons benefits from ex-
ploiting trial-defined repeated-measurement structure rather
than from generic regularization effects.

Robustness to Additive Gaussian Noise
Model robustness is evaluated via a controlled inference-time
perturbation test. Each test window is first normalized using
the same preprocessing as in the main experiments. Then,
additive Gaussian noise is injected according to

x̃ = x + 𝛼𝝐 , 𝝐 ∼ N(0, I). (14)

Figure 4: Noise robustness under additive Gaussian pertur-
bations using EEGNet.Lines with "-IV" suffix: results on
SEED-IV; Lines without suffix: results on SEED.

Interpreting degradation under different clean accuracies.
Since TrialCons typically achieves higher clean accuracy at
𝛼 = 0, absolute accuracy drops are not directly comparable
across methods. We therefore interpret robustness relative to
the chance level, which is 1/3 for SEED and 1/4 for SEED-IV.
Figure 4 shows ERM often reaches chance under moderate
noise, whereas TrialCons maintains accuracy above chance
over a wider range of 𝛼. This supports the view that TrialCons
reduces sensitivity to task-irrelevant perturbations.

Computational Overhead
TrialCons adds no extra forward passes and does not modify
the backbone. Its overhead comes only from (i) computing
trial-wise mean probabilities within each mini-batch and (ii)
evaluating the divergence terms.

We measure wall-clock overhead as average step time us-
ing synchronized CUDA timing after a warm-up phase, and
report mean±std over 5 seeds. Under the default setting, Tri-
alCons increases step time by 0.3% ± 0.02% (always < 1%),
confirming that the cost is negligible relative to backbone
computation.

Conclusion
Trial-defined repeated measurements are intrinsic to stimulus-
driven EEG emotion recognition, yet standard methods com-
monly treat windows as i.i.d., which can yield inconsistent
within-trial predictions and unstable validation dynamics.
This work introduces TrialCons, a loss function that uses
training-set trial IDs to align window-level predictive distribu-
tions within each trial, without changing the backbone or the
test-time interface. Experiments follow a cross-session pro-
tocol, with models instantiated by three standard backbones
and evaluated under non-overlap and 50% overlap window-
ing. Reliability is assessed by trial consistency and valida-
tion total variation, together with test accuracy. Across SEED
and SEED-IV, TrialCons consistently reduces epoch-to-epoch
validation variability, and delivers stable accuracy gains, in-
dicating smoother optimization and improved generalization.
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