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Abstract

We describe NLPBeasts’ submission to the
Paragraph-Aware (PA) Closed track of the
AraSeg 2026 shared task, which frames Ara-
bic sentence segmentation as per-token binary
boundary classification. We compare two
closed-track-compliant systems trained with-
out any pretrained embeddings or language
models: (1) a feature-based CRF using hand-
crafted punctuation, bracket, and paragraph-
distance features, and (2) a character- and word-
level BiLSTM with a linear-chain CRF decoder,
both trained entirely from scratch on the shared
task’s training and development splits. The
feature-based CRF plateaus at a hard recall
ceiling (≈82–83%) regardless of regularization
strength, while the BiLSTM-CRF captures sub-
stantially more boundary cases through learned
context. Our BiLSTM-CRF system, using
only permitted training data with the develop-
ment split reserved strictly for model selection,
achieves P=86.37, R=90.51, F1=87.60 on the
blind test set. We additionally report ablations
on chunk length and training hardware (CPU vs.
GPU), neither of which meaningfully changes
development F1, suggesting our system’s per-
formance ceiling on this closed-track data size
is data-limited rather than compute- or context-
length-limited.

1 Introduction

Sentence segmentation is a foundational prepro-
cessing step for most downstream Arabic NLP
pipelines, yet Arabic punctuation is used incon-
sistently across genres, and paragraph structure
interacts with sentence boundaries in ways that
simple punctuation-based splitting cannot capture.
The AraSeg 2026 shared task frames this as super-
vised sequence labeling: given a tokenized docu-
ment, predict for every token whether a sentence
boundary follows it. The Paragraph-Aware (PA)
closed track we participate in additionally provides
paragraph-break tokens as input and restricts sys-

tems to training only on the provided corpus, with-
out pretrained embeddings or language models.
This closed-track restriction makes the task inter-
esting from a modeling perspective: without access
to large pretrained representations, systems must
rely either on strong hand-engineered priors or on
what a small amount of task-specific data can teach
a model from scratch.

Our initial hypothesis was that, given the small
labeled corpus (174 training documents), a care-
fully feature-engineered CRF would be competi-
tive with or superior to a neural sequence tagger
trained from scratch. We test this hypothesis di-
rectly by building both systems under identical
data conditions and comparing them on the same
development set. We find the opposite: the CRF’s
engineered features impose a recall ceiling that reg-
ularization tuning cannot overcome, while a from-
scratch character-word BiLSTM-CRF learns to re-
cover a meaningfully larger share of true bound-
aries. We submit the BiLSTM-CRF as our final
system and report both approaches, along with abla-
tions that helped us understand where our system’s
remaining error is coming from.

2 Background

We participate in the Paragraph-Aware (PA)
Closed track of AraSeg 2026 (Elkholy et al.,
2026b,a). Each document is provided as a list
of whitespace-delimited tokens, with paragraph
breaks represented as literal newline tokens ("\n")
inside the token sequence. The label for each token
is binary: 1 if a sentence boundary immediately
follows that token, else 0. The closed track pro-
hibits pretrained embeddings, pretrained language
models, and any data outside the released AraSeg
corpus; all representations must be learned from
the training split itself. Systems are scored with
per-document boundary precision, recall, and F1
on the 1 class, macro-averaged across documents
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in a split.
The public data release provides 174 training

documents and 222 development documents, rang-
ing from 38 to over 21,000 tokens (mean 737), i.e.
documents span short passages to full book chap-
ters. A near-universal regularity in the training
data is that documents end in a sentence bound-
ary: 174/174 (100%) of training documents have
a positive label on their final token, which moti-
vates a simple postprocessing heuristic described
in Section 3.

Sentence boundary detection has a long history
outside Arabic: Kiss and Strunk (2006) treat it as
unsupervised abbreviation detection followed by
rule-based disambiguation, while Gillick (2009)
show that a fully supervised, feature-based statisti-
cal classifier substantially outperforms such unsu-
pervised heuristics on English news text, particu-
larly on hard cases like abbreviation-final periods.
Our CRF baseline follows this feature-based tra-
dition, adapted to Arabic-specific punctuation and
paragraph structure. On the Arabic side, general-
purpose toolkits such as CAMeL Tools (Obeid
et al., 2020) provide preprocessing, morphologi-
cal analysis, and dialect identification, but do not
include a dedicated, learned sentence segmentation
component, leaving punctuation-based heuristics
as the default in most Arabic NLP pipelines — pre-
cisely the gap AraSeg 2026 is designed to address.

3 System Overview

We implement and directly compare two closed-
track-compliant systems for boundary prediction,
trained under identical data conditions so that any
performance difference between them reflects mod-
eling choices rather than data access: a feature-
based linear-chain CRF (Section 3.1) that relies on
hand-crafted punctuation and paragraph-structure
features, and a character-word BiLSTM with a
learned CRF decoder (Section 3.2) that replaces
those hand-crafted features with representations
learned end-to-end from the training data. Sec-
tion 3.3 then describes a postprocessing heuristic
shared by both systems.

3.1 Feature-based CRF baseline

Our first system is a linear-chain CRF (Lafferty
et al., 2001) over hand-crafted per-token features,
trained with sklearn-crfsuite. For each
token xi we extract: the token’s surface form;
a coarse shape class (WORD, DIGIT, PUNCT, or

NEWLINE); token length; boolean flags for strong
sentence-final punctuation (period, Arabic question
mark, exclamation mark, ellipsis), weak punctua-
tion (comma, Arabic comma, semicolon, Arabic
semicolon, colon), opening/closing brackets, and
digits; boolean flags for document-initial/final posi-
tion; identity and shape of tokens in a ±2 window
around xi; the shape of the next non-newline to-
ken (to distinguish sentence-final punctuation from
paragraph-final punctuation); and the (capped) to-
ken distance to the nearest preceding and following
newline token. Given a length-n token sequence x,
the CRF defines a distribution over label sequences
y as

P (y | x) =

exp
( n∑

i=1

ψ(yi−1, yi,x)
)

Z(x)
(1)

where ψ(yi−1, yi,x) linearly combines the emis-
sion features above (evaluated at position i) with a
pairwise label-transition weight, and

Z(x) =
∑

y′
exp

( n∑

i=1

ψ(y′i−1, y
′
i,x)

)
(2)

normalizes over all label sequences. We tune
the L1/L2 regularization coefficients c1, c2 over
a 6 × 6 grid ({0.01, 0.05, 0.1, 0.3, 0.5, 1.0}2)
using lbfgs optimization with
all_possible_transitions=True;
as Section 5 shows, precision and recall respond
very asymmetrically to this tuning, which we
return to in the comparative error analysis of
Section 5.

3.2 Character-word BiLSTM-CRF
Our submitted system replaces hand-crafted fea-
tures with representations learned end-to-end. Each
token xi is encoded as the concatenation of (a)
a learned word embedding (dw=100) and (b) a
character-level representation: characters of xi are
embedded (dc=30) and passed through a bidirec-
tional character LSTM (hidden size 50 per direc-
tion), whose final forward and backward hidden
states are concatenated. This 200-dimensional to-
ken representation is passed through a 2-layer bidi-
rectional word-level LSTM (hidden size 128 per
direction, dropout 0.4), producing per-token emis-
sion scores via a linear layer to 2 classes, which
are decoded with a linear-chain CRF layer (Huang
et al., 2015) identical in form to Equations 1–2, but
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with ψ now a learned emission score plus a learned
2×2 transition matrix rather than hand-built fea-
tures. The model is trained by minimizing the
negative log conditional likelihood (CRF loss) with
Adam (lr = 10−3, weight decay 10−5), gradient
norm clipping at 5.0, and dropout 0.4. Word and
character vocabularies are built exclusively from
the training split (28,628 word types, 172 character
types), keeping the system closed-track compliant.

Since some documents run to tens of thou-
sands of tokens, we split each document into
non-overlapping chunks of at most max_len to-
kens for both training and inference, and stitch
chunk-level predictions back into full-document
sequences before scoring or writing submissions.
This avoids out-of-memory failures on the longest
documents at the cost of losing cross-chunk context
at chunk boundaries.

3.3 Postprocessing

Motivated by the near-100% boundary rate on final
tokens (Section 3), both systems apply a force-last-
token heuristic: the final token’s predicted label is
set to 1 if this improves development F1, which we
verify empirically before applying it to blind test
predictions.

4 Experimental Setup

Both systems are trained exclusively on the 174-
document training split. The 222-document de-
velopment split is used only for model selection:
the CRF’s regularization coefficients are chosen
by grid search against development F1, and the
BiLSTM-CRF’s checkpoint is chosen by early stop-
ping (patience of 6 epochs without development
F1 improvement). Neither system updates its pa-
rameters using development labels at any point;
blind test predictions (100 documents) are gener-
ated directly from the resulting model, with no ad-
ditional training or fine-tuning on the development
split. We use sklearn-crfsuite for the CRF
baseline and PyTorch with pytorch-crf for
the BiLSTM-CRF. Evaluation follows the shared
task metric: per-document P/R/F1 on the boundary
class, macro-averaged over documents.

5 Results

CRF regularization sweep. Table 1 shows rep-
resentative points from our 6× 6 grid search over
(c1, c2). Precision remains consistently in the low-
to-mid 90s across the entire grid, while recall never

exceeds 83%, regardless of regularization strength.
This pattern — a fixed gap that tuning cannot close
— indicates the hand-crafted feature set itself is
missing cues for a meaningful share of true bound-
aries, rather than the model being over- or under-
regularized.

c1 c2 P R F1

0.01 1.0 92.56 81.48 84.56
0.1 0.01 91.21 82.30 84.53
0.3 0.1 91.62 82.59 84.82
0.5 0.01 91.44 82.79 84.84
1.0 1.0 92.63 81.36 84.35

Table 1: Representative CRF development results across
the regularization grid (best in bold). Full grid: P ∈
[91.2, 92.6], R ∈ [81.4, 82.8], F1 ∈ [84.3, 84.8].

BiLSTM-CRF and ablations. Our configuration
(chunk length 300, patience 6) reaches develop-
ment F1 88.80 (88.89 with the force-last heuris-
tic), clearly ahead of the best CRF result. On the
blind test set this system scores P=86.37, R=90.51,
F1=87.60. Relative to development performance,
blind test recall is higher and precision lower; since
the blind and development sets are drawn from the
same collection process, we take this as normal
generalization variance rather than a systematic ef-
fect, though we note it rather than smoothing over
it. To understand whether more context per chunk
or more compute would help, we ran two ablations
with chunk length increased to 500 and patience
increased to 10: one on CPU, one on an NVIDIA
RTX 3050 Ti laptop GPU. Table 2 shows neither
ablation improves on the submitted configuration,
and CPU and GPU training converge to statisti-
cally indistinguishable development F1. This sug-
gests that, at our current corpus size (∼400 total
labeled documents under closed-track constraints),
our system’s performance ceiling is governed by
data availability rather than chunk context length
or training compute.

Comparative error analysis. We do not have
token-level error annotations, but the aggregate pre-
cision/recall profiles of the two systems are infor-
mative on their own. The CRF’s errors are heavily
concentrated on one side: precision stays in the
low-to-mid 90s across every point in our regular-
ization grid (Table 1) while recall never exceeds
83%, meaning the CRF is rarely wrong when it pre-
dicts a boundary, but consistently misses roughly
one in five true boundaries regardless of tuning —
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a false-negative-dominated error profile consistent
with a feature set that captures strong, unambigu-
ous cues (sentence-final punctuation, brackets) but
not weaker or more implicit ones. The BiLSTM-
CRF’s precision and recall are far more balanced
(development P=89.68, R=89.34 at the selected
checkpoint; blind P=86.37, R=90.51), indicating
it recovers many of the boundaries the CRF’s fea-
ture set cannot represent, at the cost of a small
increase in false positives. This asymmetry sug-
gests a union-style ensemble (predicting a bound-
ary wherever either system does) could recover
some of the CRF’s confidently-correct boundaries
that the BiLSTM-CRF misses, at a small precision
cost from the CRF’s comparatively rare false posi-
tives; whether the net F1 effect is positive depends
on how much the two systems’ errors overlap,
which we cannot determine without token-level
alignment of their predictions. We were unable to
test this within the shared task’s timeline and leave
it, along with a full category-level breakdown by
boundary type (punctuation-adjacent, paragraph-
adjacent, neither), to future work.

Configuration Best F1 +Force-last F1

Submitted (len 300, CPU) 88.80 88.89
len 500, patience 10, CPU 88.75 88.78
len 500, patience 10, GPU 88.81 88.84

Table 2: BiLSTM-CRF development F1 across chunk
length, early-stopping patience, and hardware. All rows
use identical architecture and optimizer settings.

6 Conclusion

We compared a feature-based CRF and a from-
scratch character-word BiLSTM-CRF for closed-
track paragraph-aware Arabic sentence segmenta-
tion. Contrary to our initial expectation that hand-
engineered features would be competitive on a
small labeled corpus, we found the CRF’s features
impose a hard recall ceiling that no amount of regu-
larization tuning removes, while the BiLSTM-CRF
learns to recover substantially more boundaries
from the same data. Our BiLSTM-CRF reaches
F1=87.60 on the blind test set when trained strictly
within the closed-track’s data constraints. Ab-
lations over chunk length and training hardware
show neither materially affects development perfor-
mance, indicating that further gains at this corpus
size are more likely to come from better architec-
tures or feature integration (e.g., combining learned
representations with the CRF’s punctuation/bracket

priors) than from longer context windows or addi-
tional compute.

Limitations

Our chunking strategy discards cross-chunk con-
text at chunk boundaries, which may dispropor-
tionately affect the longest documents in the cor-
pus. We did not have time, under the shared task’s
testing-phase deadline, to run an ensemble of the
CRF and BiLSTM-CRF systems. Section 5 rea-
sons from the two systems’ error asymmetry that
a union-style ensemble could plausibly help recall
at modest precision cost, but this remains untested.
We also did not perform a systematic hyperparam-
eter search over the BiLSTM-CRF’s architecture
(embedding sizes, LSTM depth, dropout), instead
selecting reasonable defaults and comparing only
chunk length, early-stopping patience, and hard-
ware. Our error analysis is limited to aggregate
P/R/F1; a category-level analysis of which bound-
ary types (e.g., punctuation-adjacent vs. paragraph-
adjacent vs. neither) the system still misses would
likely clarify what further modeling changes would
help most.
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