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Abstract. Clinical EEG interpretation relies on expert narratives, yet
existing self-supervised methods often ignore this textual context. We
propose a two-stage multimodal framework using a novel Graph Tem-
poral Relational Encoder (GTRE) that learns montage-agnostic
features grounded in 3D brain topology. Stage 1 establishes domain-
invariant representations across datasets via multi-domain grounding and
prototype-based regularization. Stage 2 (Masked-DPO) introduces
a preference-guided objective using expert-validated summary triplets
(Fleiss' κ = 0.71, 90.1% accuracy) to prioritize clinically salient features.
By employing a similarity-scaled margin and pathology-aware masking,
our model adaptively focuses on diagnostic intent. Results show su-
perior cross-institutional transfer, achieving 96.0% accuracy with only
5% supervision and a +12.7% gain for under-represented seizure types.
This highlights the power of preference-based alignment for developing
clinically-grounded EEG foundation models.

Keywords: Epilepsy · EEG · Seizure Classi�cation · Transformer · Con-
trastive Learning · Multimodal Pretraining · Preference Based Pretrain-
ing · Clinical Text

1 Introduction

Electroencephalogram (EEG) recordings sourced from diverse clinical environ-
ments exhibit signi�cant heterogeneity due to varying electrode con�gurations,
hardware speci�cations, annotation protocols, and patient demographics. These
inconsistencies induce substantial domain shifts across benchmark datasets such
as TUSZ [1] and TUAB [2], often rendering models trained on a single source
unreliable for real-world deployment. While self-supervised EEG methods have
shown promise [5], cross-modal alignment of EEG with clinical text remains un-
derexplored. To address these challenges, we leverage weak supervision from clin-
ical text including neurologist reports and annotations to learn domain-invariant,
semantically grounded EEG representations.
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Fig. 1. GTRE architecture overview

Our contributions are threefold. (1) Encoder: we propose the Graph-Temporal
Relational Encoder (GTRE), whose representations are biologically consistent
and montage-agnostic. (2) Multi-Domain Grounding (Stage 1): a con-
trastive framework aligns EEG segments with clinical reports in a shared se-
mantic space while mitigating global embedding drift across disparate datasets.
(3) Masked-DPO alignment (Stage 2): a preference-based objective focuses
the encoder on clinically critical features rather than super�cial lexical patterns,
built on preference pairs (t+, t−) that share semantics but di�er in diagnostic
precision, a pathology-aware mask (M) that restricts gradients to clinical en-
tities, and a similarity-scaled margin that modulates supervision strength by
the informativeness gap. We evaluate on seizure classi�cation and abnormality
detection, demonstrating strong in-domain, cross-domain, and few-shot perfor-
mance.

2 Related Work

EEG foundation models. Recent large-scale encoders learn transferable EEG
representations via masked or tokenized self-supervision: LaBraM [15] uses dis-
crete neural tokens, FEMBA [9] scales masked pretraining, EEGFormer [7] tar-
gets transferable and interpretable features, and BioSerenity-E1 [16] studies
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clinical-scale pretraining, building on MAE-style and self-supervised work [10,5].
These are largely signal-only and montage-speci�c. EEG�text and multi-
modal alignment. CLIP-style cross-modal objectives [11] with clinical text en-
coders [4] enable weak supervision, yet prior EEG work rarely grounds segments
in clinical entities or re�nes alignment by diagnostic preference. GTRE di�ers
through montage-agnostic spatial grounding and preference-guided re�nement;
we compare against these baselines at similar parameter budgets (∼32M) and
comparable pretraining volume, so the reported gains are architectural rather
than from scale.

3 Datasets

We construct EEG�text pairs from two clinical EEG corpora, TUSZ and TUAB,
and additionally draw on ICU/neurology clinical text from MIMIC-IV (which
contains no EEG) to enable multimodal representation learning under domain
shift in both signal and language.

TUSZ (Temple University Seizure Corpus).We selected 828 single-seizure-
type recordings, resampled to 250 Hz and mapped to 20 channels. Each recording
includes neurologist reports, allowing precise EEG�text alignment for seizure
morphology and localization, ideal for �ne-grained supervision.

TUAB (Temple University Abnormal EEG Corpus). TUAB includes
3,295 abnormal recordings with associated reports describing a wide range of
pathologies. Though seizures are rare, TUAB introduces linguistic and physio-
logical diversity, supporting learning of generalizable EEG-text semantics.

MIMIC-IV. We leverage clinical narratives from the MIMIC-IV dataset [3] to
enrich our clinical-text resource. These ICU and neurology notes improve the
quality of GPT-generated summaries by introducing domain-speci�c linguistic
nuances, independent of EEG data.

Text Pair Construction. We extracted relevant sections (e.g., Findings, Im-

pression) and used GPT-4-based summarization to create concise (100�150 word)
descriptions. We also curated a �xed clinical entity vocabulary (waveform
patterns, seizure types, behavioral cues) used only for the pathology maskM and
entity alignment, distinct from the learnable prototypes P of Sec. 3. Three cer-
ti�ed experts validated 1000 random samples under a two-task rubric: whether
(1) the source meaning from Findings/Impression was preserved, and (2) t+

was more diagnostically informative than t−; uncertainty terms (�possible�, �un-
clear�) were kept, not stripped, to avoid overcon�dent supervision. Agreement
was Fleiss' κ = 0.71 [8], with 90.1% of summaries and 87.9% of preference pairs
validated by ≥2 experts (p < 0.01). This pipeline yields semantically aligned
EEG�text pairs across datasets, enabling contrastive pretraining over clinically
heterogeneous sources despite variation in annotation granularity.
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4 Methodology

To address the inherent heterogeneity across clinical corpora, where electrode
con�gurations, sampling rates, and noise pro�les vary signi�cantly, we depart
from standard channel-wise tokenized transformers [20]. Instead, we propose a
Graph-Temporal Relational Encoder (GTRE) designed to learn montage-
agnostic representations by grounding the transformer in the physical topology
of the brain.
Topographical Coordinate Embedding. Standard transformers treat EEG
channels as an unordered list, ignoring spatial relationships critical for localized
seizure detection. We map each channel ci from dataset Dm ∈ {TUSZ, TUAB} to
3D coordinates (xi, yi, zi) based on the International 10�20 system. These are
projected through a spatial MLP to produce a location embedding eposi =
MLPgeo(xi, yi, zi) ∈ Rd, which is added to temporal features heegm,i. This treats
each electrode as a spatially anchored token, enabling robustness to varying
montages and improving cross-domain transfer.
Graph-Aware Self-Attention. To capture the dynamic functional connec-
tivity and seizure localization described in neurologist reports, we modify the
self-attention mechanism to include a Geometric Bias. The attention weight
between channel i and channel j is augmented by their physical proximity on
the scalp:

Attn(i, j) = Softmax

(︄
QiK

T
j√

dk
− γ · dist(posi, posj)

)︄
(1)

where dist(·) is the Euclidean distance between electrodes and γ a learnable
scalar. This is a learnable soft bias, not a hard mask: the full QiK

⊤
j con-

tent score is preserved, so distant electrodes still attend freely. It regularizes
montage noise while remaining content-agnostic, and since γ is learned it does
not suppress genuine long-range coordination from volume conduction or global
rhythmic synchrony (e.g., generalized seizures).
Temporal Hierarchical Processing. To preserve high-frequency morphology
(e.g., spikes) over long recordings, we use two scales. Signals are tokenized into
overlapping 200 ms micro-patches Zmicro, whose intra-patch positional encod-
ing retains local transients (a token does not collapse all temporal information);
these are aggregated by self-attention into �xed, non-overlapping 5 s macro-
segments Zmacro ∈ R256 encoding rhythmic context. The 5 s windows de�ne
the S segments used for segment-to-token alignment.

By unifying spatial coordinates and temporal hierarchies, the GTRE ensures
that the learned representations are not only semantically grounded via text
alignment but also biologically consistent across heterogeneous clinical domains.

4.1 Stage 1: Fine-Grained Segmental Alignment and
Domain-Invariant Pretraining

The inherent heterogeneity of EEG across datasets stems from varying elec-
trode montages and hardware-speci�c noise pro�les. To ensure the encoder learns
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physiologically grounded features that generalize across such shifts, we propose a
two-fold alignment strategy: (1) local segment-to-token grounding and (2) global
prototype-based regularization.
Fine-Grained Segment-to-Token Alignment. Instead of global session-level
alignment, we decompose the EEG representation heegm into S temporal seg-
ments {s1, . . . , sS} and tokenize the clinical report Tm into medical entities E =
{e1, . . . , eV } using a frozen BioClinicalBERT [4] encoder. Here, m ∈ {1, . . . ,M}
indexes domains and n denotes sample indices within each domain. A local simi-
larity matrix A ∈ RS×V is de�ned as Aj,k = cos(zs,j , ze,k), measuring alignment
between EEG segments and clinical entities.

To emphasize localized pathological patterns (e.g., spike-and-wave morphol-
ogy), we introduce a Segmental CLIP loss [11]:

Lm
seg-clip = − 1

Nm

Nm∑︂
n=1

log
exp

(︂
maxj,k A

(n)
j,k /τ

)︂
∑︁Nm

n′=1 exp
(︂
maxj,k A

(n′)
j,k /τ

)︂ . (2)

Here τ denotes temperature. This objective encourages the Graph-Temporal
Relational Encoder to identify neural segments that justify clinical entities
while suppressing loosely correlated textual content.
Domain-Invariant Prototype Regularization. To mitigate inter-domain
shifts, we maintain K global prototypes P ∈ RK×d representing shared clin-
ical concepts [6]. Each segment embedding zs is softly assigned via q(zs) =
softmax(zsP

⊤/τ). Let q̄m denote the mean assignment within domain m, and q̄
the global mean across domains. Cross-domain consistency is enforced by mini-
mizing Ldom =

∑︁M
m=1 DKL(q̄

m∥q̄). The complete Stage 1 objective is Lstage1 =
1
M

∑︁M
m=1 Lm

seg-clip + λdomLdom, where λdom controls the strength of domain in-
variance. This joint formulation yields representations that are both semantically
precise and robust to dataset-speci�c bias.

4.2 Stage 2: Fine-Grained Preference Re�nement via Masked-DPO

While Stage 1 establishes global cross-modal grounding, clinical reports often
contain stylistic shorthand or loosely written descriptions that introduce seman-
tic ambiguity. To distinguish clinically precise summaries (t+) from vague ones
(t−), we introduce a preference-based re�nement stage using Masked Direct
Preference Optimization (Masked-DPO).
Automated Preference Distillation. To scale beyond manual validation, we
employ a Reward Model Distillation strategy. Using a seed set of doctor-
validated triplets (Xeeg, t

+, t−), we train a lightweight clinical reward proxy.
This proxy automatically ranks multiple GPT-generated summaries for unla-
beled recordings (e.g., TUAB), prioritizing summaries containing veri�ed clini-
cal entities (e.g., �3Hz spike-and-wave�) over generic descriptions (e.g., �abnormal
activity�).
Masked-DPO objective. Standard preference objectives treat the entire text
as a single unit, which is suboptimal due to boilerplate language in medical



6 M. Azfar and I.D. Khan

Table 1. Examples of �ne-grained preference triplets (t+, t−) used for Masked-DPO.
Entities highlighted in bold represent masked clinical tokens M that drive the prefer-
ence gradient.

Perturbation
Strategy

Preferred Detailed Summary (t+) Non-Preferred/Vague Summary (t−)

Entity
Underspeci�cation

EEG shows generalized 3 Hz spike-and-
wave discharges consistent with absence
seizures.

EEG shows generalized abnormal activity
suggestive of possible seizure events.

Topographical
Deletion

Frequent right temporal sharp waves
observed during drowsiness, suggesting fo-
cal epilepsy.

Sharp waves observed during drowsiness;
interpretation pending.

Causal
De-alignment

Patient exhibited tonic sti�ening follow-
ing aura; consistent with focal to bilat-
eral tonic�clonic seizure.

Tonic activity observed; unclear if related
to focal or generalized onset.

Artifact
Disambiguation

Burst suppression likely due to Propo-
fol; no epileptiform discharges noted.

Low amplitude EEG in sedated patient;
seizure activity not clearly visualized.

reports. We de�ne a Pathology-Aware Mask M ∈ {0, 1}V , where Mk = 1
only for diagnostic entities identi�ed via medical NER [4]. The preference loss
is computed exclusively over masked tokens, ensuring that optimization focuses
on pathological content rather than stylistic variations. Let ze denote the EEG
embedding from the GTRE; the similarity-scaled Masked-DPO loss is de�ned
as:

Lm-dpo = − log σ
(︁
β
[︁
(s+θ − s+ref)− (s−θ − s−ref)

]︁
− λ(1− δ)

)︁
(3)

where s±θ =cos
(︁
ze, M⊙ zt±

)︁
are normalized dot-product similarities (not genera-

tive likelihoods) between the EEG embedding and masked entity embeddings un-
der the learned encoder θ and the frozen Stage-1 reference, and δ=cos(zt+ , zt−).
Eq. 3 is thus a Bradley�Terry preference over similarity margins; the adaptive
term λ(1− δ) prevents over�tting when t+≈ t− (δ ≈ 1).

Consistency-Based Prototype Regularization. To preserve the domain-
invariant structure learned in Stage 1, we enforce consistency between original
and re�ned embeddings (zold, znew) using shared prototypes P ∈ RK×d. Soft as-

signments pold and pnew are aligned via Lproto = −
∑︁K

k=1 p
(k)
old log p

(k)
new. The �nal

training objective is Ltotal = Lm-dpo+λLproto, where λ controls the retention of
structured representations from Stage 1. This formulation promotes alignment
with clinically richer text while preserving the generalizable EEG-text semantics
learned earlier.

Implementation Details GTRE uses a shared Transformer backbone (L=8
layers, H=8 heads, FFN dimension 800, latent dimension d=256 so Zmacro ∈ Rd,
sequence length 100). Each recording yields 200 ms patches Zmicro forming S
macro-segments aligned against V clinical entities, and spatial grounding maps
3D electrode coordinates into Rd via a 3-layer MLP. We train for 20 epochs
(Adam, batch 1024, learning rate 5 × 10−4 decayed ×0.96 after 80% of train-
ing). Stage 1 grounding uses λdom=0.1 with K=4 global prototypes; Stage 2
re�nement uses λreg=0.3, K=8 semantic prototypes, and Masked-DPO with
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Table 2. Comprehensive downstream classi�cation accuracy across diverse clinical
EEG datasets. Statistical signi�cance was con�rmed via paired t-tests (p < 0.05) with
a mean performance variation of ±0.4%.

Model TUSZ (Seizure) TUAB (Abnormal) CHB-MIT (Seizure)

From Scratch 85.2 87.3 87.9
Stage 1 Only 83.0 86.2 86.5
Stage 1 + Stage 2 (Ours) 94.3 88.8 91.5
Few-shot Finetuned (Ours) 96.0 89.1 94.3

Foundation / Large-Scale Models
LaBraM (2024) [15] 95.2 85.0 91.5
FEMBA (2025) [9] 93.0 82.5 89.7
EEGFormer (2024) [7] 93.6 83.0 91.0
BioSerenity-E1 (2025) [16] 94.0 83.5 90.3
MAEEG (2022) [10] 89.2 80.3 86.8

Specialized SOTA Baselines
ScatterFormer (2023) [19] 95.7 87.8 92.6
Attention-TSS (2024) [12] 95.5 � �
WaveNet+LSTM [14] 89.5 89.0 �
Deep-ConvNet [17] 90.0 86.0 88.8
TSCNN [13] 80.0 � 88.0
ChronoNet [18] 90.5 87.0 90.0

preference scale β=0.1 and adaptive margin λ=0.3. Prototypes are learnable,
Xavier-initialized, and optimized jointly with the encoder. No explicit signal pre-
processing is applied; raw EEG is tokenized into �xed-length sequences. Stage 1
uses subject-disjoint EEG�text pairs across datasets for domain invariance, while
Stage 2 uses a labeled subset whose dispreferred summaries (t−) are controlled
LLM perturbations of preferred ones (t+). All evaluations (downstream, trans-
fer, few-shot at 5% labels) use held-out subjects and standard splits to prevent
leakage.

5 Results

We evaluate on three clinical EEG corpora (TUSZ, TUAB, CHB-MIT), cover-
ing downstream performance, cross-domain generalization, rare-class learning,
and robustness to sensor variation. Unless noted, a single-layer MLP head is
used: few-shot �ne-tunes the encoder and head on only 5% of labels, SOTA
comparisons use full �ne-tuning on all labels with subject-disjoint splits, and
zero-shot transfer assigns classes by cosine similarity to medical-entity embed-
dings (no task-speci�c training).

Every component of GTRE contributes measurably. On downstream clas-
si�cation (Table 2), two-stage pretraining lifts TUSZ accuracy to 94.3% (+9.1
over from-scratch), on par with fully-supervised specialists (ScatterFormer 95.7%,
Attention-TSS 95.5%); with few-shot �ne-tuning on 5% labels it reaches 96.0%,
surpassing those baselines, and gains over matched-capacity foundation mod-
els (LaBraM, FEMBA) thus re�ect architecture rather than scale. The ben-
e�t is largest for rare seizure types (Table 3(a)): TCSZ and TNSZ gain
+12.7 and +11.1 points and Masked-DPO adds +10.4 on SPSZ, so entity-aware
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Table 3. Component-wise results: (a) rare-class gains (TUSZ); (b) ablations (TUAB,
Acc/F1); (c) cross-domain zero-shot accuracy; (d) entity-level alignment; (e) robust-
ness to sensor/montage variation. In (c), † denotes auxiliary MIMIC-IV notes added
during training

(a) Rare-class gains (TUSZ)

Type Scratch S1 S1+2 ∆

GNSZ 86.2 84.8 93.5 +7.3
FNSZ 87.4 85.3 94.7 +7.3
CPSZ 85.1 83.6 92.8 +7.7
SPSZ 78.5 74.2 88.9 +10.4
TCSZ 75.0 70.9 87.7 +12.7
TNSZ 68.3 65.1 79.4 +11.1
ABSZ 79.1 76.3 87.5 +8.4

(b) Ablation (TUAB): Acc / F1

Full 88.8 85.2
w/o Geo. Bias 86.3 81.6
w/o Loc. Embed. 84.9 80.1
w/o Mask 83.7 79.0
w/o Proto. 82.1 78.3
w/o Margin 83.0 79.4
Raw Reports 80.5 76.8

(c) Cross-Domain Zero-Shot Accuracy

Train Test Scr. S1 S1+2

TUAB TUSZ 66.7 71.0 75.5
TUAB+MIMIC-IV† TUSZ 70.2 74.5 78.3
TUSZ+MIMIC-IV† TUAB 72.1 76.7 80.4

Unseen Hospital Transfer
(Pretrained) CHB-MIT 87.9 86.5 91.5

(d) Entity-Level Alignment

Clinical Entity Prec. Rec. F1

3Hz Spike-Wave 0.92 0.89 0.90
R. Temporal Sharp 0.88 0.85 0.86
Burst Suppr. 0.94 0.91 0.92
Triphasic Waves 0.85 0.82 0.83

Avg (Ours) 0.90 0.87 0.88
Avg (Stage 1) 0.76 0.72 0.74

(e) Robustness (TUSZ Acc)

Scenario Model Full Part. Extr.

Ch. Dropout Std 85.2 81.4 68.2
GTRE 94.3 93.8 91.2

Rand. Montage Std 85.2 62.4 45.1
GTRE 94.3 92.5 90.4

Add. Noise Std 85.2 78.9 71.3
GTRE 94.3 93.5 92.8

0 1 2 3 4 5
Latent Dimension 1 — Semantic progression (Normal → Seizure)
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alignment o�sets class imbalance. Our ablations (Table 3(b)) isolate each de-
sign choice: removing the pathology-aware mask (−5.1 Acc), location embedding

(−3.9 Acc), or geometric bias (−2.5 Acc) each degrades performance, con�rm-
ing the geometric prior outperforms unconstrained attention rather than merely
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restricting it; dropping prototype regularization (−6.7 Acc) or using raw re-

ports (−8.4 F1) is most harmful. Cross-domain transfer (Table 3(c)) stays
strong (75.5%→78.3% on TUAB→TUSZ with auxiliary MIMIC text; 91.5%
on unseen-hospital CHB-MIT), and robustness (Table 3(e)) holds under ex-
treme channel dropout (91.2% vs. 68.2%) and shu�ed montages (90.4% vs.
45.1%), validating the spatial prior. Entity-level alignment (Table 3(d)) rises
from 0.74 to 0.88 F1 with Stage 2, and latent-trajectory analysis (Fig. 2)
decomposes EEG�text embeddings along a normalized semantic axis vsem =
(zseiz−znorm)/∥zseiz−znorm∥; the orthogonal residual z⊥ = zeeg−(z⊤eegvsem)vsem
captures non-diagnostic variance from institutional bias and boilerplate. Stage 1
shows large z⊥ �uctuations (drifting toward vague t−), whereas Stage 2 (Masked-
DPO) minimizes this residual, yielding consistent paths toward informative t+.

6 Conclusion

Our two-stage GTRE with preference-guided alignment achieves robust embed-
dings that generalize across tasks and datasets, �ltering non-diagnostic noise,
separating rare seizures, and improving downstream clinical performance. While
we acknowledge potential residual biases from LLM-based supervision, we ad-
dress these through future e�orts in multimodal expansion to foster more robust,
scalable diagnostic AI.

Disclosure of Interests. The authors have no competing interests.
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