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Abstract

This paper describes our team’s submission
to AbjadMed at AbjadNLP 2026. The task
involves classifying Arabic medical question-
answer pairs into 82 categories, characterized
by a long-tail distribution and significant se-
mantic overlap. While domain-specific Arabic
models exist, they are primarily optimized for
Named Entity Recognition or span-extraction
tasks rather than high-cardinality sequence clas-
sification. Consequently, our system adopts a
robust optimization approach using a general-
purpose encoder. We utilize ARBERTYV2 as
the backbone, employing Label-Distribution-
Aware Margin (LDAM) loss to mitigate class
imbalance and Fast Gradient Method (FGM)
adversarial training to enhance generalization
boundaries. Our approach achieves a Macro-F1
score of 0.4028 on the private test set, demon-
strating that advanced optimization techniques
can yield competitive performance on special-
ized taxonomies without requiring domain-
specific pre-training.

1 Introduction

Medical question-answer classification systems
play a crucial role in healthcare information re-
trieval, enabling automated triage and clinical deci-
sion support. While English medical NLP benefits
from robust biomedical encoders such as Clinical-
BERT and BioBERT, Arabic medical NLP remains
under-resourced, with most existing models focus-
ing on specific tasks rather than providing general-
purpose representations suitable for diverse medi-
cal taxonomies.

The AbjadMed (Gupta et al., 2026) addresses
this gap by requiring classification of Arabic medi-
cal question-answer pairs into 82 categories. The
dataset presents two key challenges: (1) severe
class imbalance with a long-tail distribution, where
some categories have fewer than 10 training exam-
ples while others have hundreds; and (2) semantic

ambiguity between related categories, where de-
cision boundaries are inherently unclear. For in-
stance, distinguishing Dental Diseases (Class 13)
from Dentistry (Class 15) requires nuanced under-
standing beyond simple keyword matching.

Our approach combines ARBERTV2, a general-
purpose Arabic encoder, with techniques specifi-
cally designed to address these challenges. To han-
dle class imbalance, we employ Label-Distribution-
Aware Margin (LDAM) loss, which dynamically
adjusts decision margins based on class frequency.
To improve robustness against ambiguous labels
and noisy training signals, we integrate Fast Gra-
dient Method (FGM) adversarial training. Addi-
tionally, we apply manual re-weighting to highly
confusable category pairs identified through valida-
tion analysis.

The remainder of this paper is organized as fol-
lows: Section 2 discusses related work, Section 3
describes the shared task and dataset characteris-
tics, Section 4 details our methodology, Section 5
presents results and error analysis, and Section 6
discusses limitations and concludes.

2 Background

Task and Data: The AbjadMed (Gupta et al.,
2026) benchmarks Arabic medical question-answer
classification. The dataset contains 27,951 training
samples and a blind test set of 18,634 samples (split
equally into public and private evaluation sets). It
presents two primary challenges: (1) severe class
imbalance with a long-tail distribution where 39
"head" classes have 600 samples each while mi-
nority classes like Biochemistry have as few as 7
(imbalance ratio ~86:1), and (2) semantic ambigu-
ity between overlapping categories such as Dental
Diseases (13), Dental Health (14), and Dentistry
(15), which share significant lexical overlap.

Related Work: Generic Arabic models like AR-
BERTV2 (Abdul-Mageed et al., 2021) lack spe-
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cialized medical vocabulary, and domain-specific
pre-training remains limited due to scarce anno-
tated corpora. Common methods for handling class
imbalance include re-sampling, cost-sensitive re-
weighting (Cui et al., 2019), and loss modifica-
tion techniques like Focal Loss (Lin et al., 2017).
However, margin-based losses like LDAM (Cao
et al., 2019) have shown superior generalization for
deep encoders by enforcing larger decision bound-
aries for minority classes. Additionally, adversarial
training (FGM), adapted for NLP by Miyato et al.
(2017), acts as a regularizer to smooth decision
boundaries and improve robustness against label
noise.

3 Methodology

We address the challenges of class imbalance and
semantic ambiguity through a combination of ar-
chitectural choices and targeted optimization tech-
niques. Our system uses ARBERTV2 (Abdul-
Mageed et al., 2021; Elmadany et al., 2022) as
the base encoder with custom head-tail truncation,
optimized using Layer-wise Learning Rate Decay
(LLRD) (Howard and Ruder, 2018), adversarial
training (FGM) (Miyato et al., 2017), and a mod-
ified Label-Distribution-Aware Margin (LDAM)
loss (Cao et al., 2019).

3.1 Model Architecture

We utilize ARBERTV2 (Abdul-Mageed et al., 2021;
Elmadany et al., 2022), a BERT-Base model pre-
trained on 243GB of Modern Standard Arabic
(MSA) text. We extract the [CLS] token embed-
ding (d = 768) and pass it through a linear classi-
fication head to compute probabilities over the 82
categories.

3.2 Head-Tail Truncation

Standard truncation (keeping only the first 512
tokens) is not ideal for medical QA, as the doc-
tor’s final recommendation often appears at the end.
We construct inputs as [CLS] Question [SEP]
Answer [SEP]. To preserve both the patient’s com-
plaint and the doctor’s conclusion within the 512-
token limit, we reserve at least 50 tokens for the
answer. If the answer exceeds the remaining space,
we retain the first and last 50% of the available
answer tokens.

3.3 Optimization Strategy

We employ two regularization techniques to stabi-
lize training on the noisy dataset.

Layer-wise Learning Rate Decay (LLRD): Fol-
lowing Howard and Ruder (2018), we assign a
higher learning rate (15cqq) to the classification
head and decay the rate for lower layers layer-by-
layer. The learning rate for layer [ is defined as:

M = Nhead - €& (1)

where £ = 0.9 is the decay factor and L = 12 is
the number of layers.

Adversarial Training (FGM): To improve ro-
bustness, we apply the Fast Gradient Method
adapted for text (Miyato et al., 2017). We com-
pute the perturbation 7,4, as:

Tado =€ 20—, g=V.L(f(x:0),y) (2)
llgl]2

We set ¢ = 0.2. This forces the model to learn
smooth decision boundaries in the embedding
space.

3.4 Class Imbalance Handling

We address the long-tail distribution using LDAM
Loss (Cao et al., 2019). LDAM enforces a class-
dependent margin A, that is inversely related to
the class frequency ny,:
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3)

Lipam = —log

where A, = C’/m}/‘l. We use the default C' = 1.0
and apply Deferred Re-Weighting (DRW)), training
with standard Cross-Entropy for 5 epochs before
switching to LDAM.

Targeted Margin Boosting: Validation analy-
sis revealed high confusion among semantically
overlapping categories in the Dental, Pediatric,
and Psychiatric domains. These "head" classes
(600 samples each) suffered from high inter-class
ambiguity. To enforce sharper decision bound-
aries, we artificially reduced their frequency counts
(ny — ny/10) exclusively for the margin calcula-
tion (A,). Crucially, we decoupled this from the
DRW schedule, which continued to use the original
frequencies. This ensures that while the decision
boundaries for ambiguous classes are pushed out-
ward, the overall loss weighting remains stable.

3.5 Experimental Setup

We trained our model on a single NVIDIA A100
(40GB) GPU using mixed-precision (BF16). The
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model was trained for 8,000 steps (approx. 20
epochs) with a batch size of 64. We used the
AdamW optimizer with a linear warmup (10% of
steps) and set the random seed to 42 for repro-
ducibility.

4 Results and Analysis

4.1 Main Results

Our model achieved a Macro-F1 of 0.4028 on the
private test set (Rank 16/42), surpassing our public
score of 0.3968. This improvement on the private
set suggests that our regularization strategies (FGM
and LDAM) successfully prevented overfitting.

4.2 Per-Class Performance

To understand our model’s behavior across the im-
balanced distribution, we analyzed per-class F1
scores on our local validation set (80/20 split). Ta-
ble 1 highlights representative categories.

High-frequency classes with distinct medical ter-
minology achieved strong performance (e.g., Ad-
diction: 0.86, Diabetes: 0.84). However, major-
ity classes with high semantic overlap remained
challenging despite targeted margin boosting: Den-
tal Diseases (F1: 0.27) and Dentistry (F1: 0.48)
performed significantly worse than unambiguous
classes of similar size. Finally, severe minority
classes (<10 samples) failed completely, with cat-
egories like Biochemistry and Vascular Surgery
achieving F1 scores of 0.00, indicating that loss
re-weighting alone cannot overcome severe data
scarcity.

Category Count ValF1 Observation
Distinct Majority Classes

Addiction 600 0.86 Distinct symptoms
Diabetes 600 0.84 Clear terminology

Ambiguous Majority Classes

Child Health 600 0.50 Confused w/ Pediatric
Dental Diseases 600 0.27 Confused w/ Dentistry
Extreme Minority Classes

Biochemistry 7 0.00 Data insufficient
Vascular Surg. 7 0.00 Data insufficient

Table 1: Validation F1 scores for selected categories
representing distinct performance clusters. Count refers
to training samples.

5 Discussion and Conclusion

Our results on the AbjadMed (Gupta et al., 2026)
demonstrate that general-purpose Arabic encoders
can achieve competitive performance (Rank 16/42)

on specialized medical taxonomies when paired
with robust optimization strategies. By combin-
ing LDAM loss (Cao et al., 2019) with adversarial
training, we successfully recovered performance
for "middle-tail" classes without relying on domain-
specific pre-training.

However, our analysis defines clear boundaries
for this optimization-centric approach:

* Extreme-Tail Limit: Loss re-weighting hits
a hard limit with classes having fewer than 10
samples, which remained unlearnable in our
experiments.

* Semantic Ambiguity: Near-synonymous cat-
egories (e.g., Dental Diseases vs. Dentistry)
persist despite margin enforcement, indicating
that lexical overlap outweighs margin separa-
tion.

* Scalability: Our reliance on manual heuristic
adjustments for these ambiguous pairs is ef-
fective but not automatically scalable to new
datasets.

In summary, while our system establishes a com-
petitive standard for the task, the fundamental chal-
lenges of extreme data scarcity and semantic am-
biguity in Arabic medical NLP remain significant
hurdles that likely require data-centric rather than
model-centric solutions. Furthermore, given the
critical nature of healthcare, such systems should
function as decision-support tools subject to hu-
man verification rather than autonomous diagnostic
agents.
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