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Abstract

Byte Pair Encoding (BPE) is blind to morphol-
ogy, a poor fit for Arabic, whose words bundle
conjunctions, articles, and inflection into one
token. The leading morphology-aware strategy
for Arabic, Farasa+MorphBPE, relies on Farasa,
a supervised segmenter disallowed under the
BabyLM 2026 rule against off-the-shelf linguis-
tic tools. We study Arabic segmentation under
the BabyLM GPT-2 training pipeline and pro-
pose Morfessor+MorphBPE, an unsupervised
morphology-aware tokenizer.
We compare two dimensions: supervised vs.
unsupervised morphological segmentation and
the merging constraints used by BPE. All tok-
enizer variants cluster within a narrow accuracy
band, with improvements rather on language un-
derstanding tasks than knowledge tasks, even
though we do not observe consistent improve-
ments over BPE. Furthermore, we find that hold-
ing the Farasa segmentation fixed, the Mor-
phBPE constraint sharply lowers perplexity
but barely changes downstream accuracy; and
unsupervised Morfessor boundaries match su-
pervised Farasa on aggregate while scoring
higher on grammaticality (MultiBLiMP). Mor-
fessor+MorphBPE thus offers a practical path
to morphology-aware tokenization for Arabic.

1 Introduction

The BabyLM Challenge asks whether useful lan-
guage competence can emerge from a developmen-
tally plausible data budget of 100 million words
or less (Warstadt et al., 2023; Hu et al., 2024). At
this scale, implementation details like tokenization
become central; we study Arabic segmentation to
optimally represent its complex morphology. Ara-
bic is a natural stress test, since its words bundle
conjunctions, articles, and inflection into a single
orthographic token (Habash, 2010), so a frequency-
driven BPE tokenizer (Sennrich et al., 2016) learns
merges that are statistically optimal but morpholog-
ically opaque.

MorphBPE (Asgari et al., 2025) addresses this
mismatch with a single change to the BPE training
loop. Standard BPE repeatedly merges the most
frequent adjacent pair of symbols, wherever it oc-
curs; MorphBPE first segments each word into mor-
phemes with an external segmenter and then forbids
any merge whose two symbols lie on opposite sides
of a morpheme boundary. Frequency still decides
which merge to apply, but the boundaries act as
walls that merges cannot cross, so every learned to-
ken stays inside a single morpheme. We refer to this
rule as the MorphBPE constraint. The MorphBPE
recipe for Arabic obtains segmentation boundaries
from Farasa (Darwish and Mubarak, 2016), a su-
pervised segmenter trained on the Arabic Treebank.
BabyLM 2026 forbids the use of off-the-shelf lin-
guistic tools (Choshen et al., 2026).

In this study, we assess the respective impact
of the MorphBPE constraint and the segmentation
quality: we contrast the constrained MorphBPE
with plain BPE which allows to merge across mor-
pheme boundaries, and thus is able to compen-
sate over-splitting and to leave high-frequency se-
quences intact. In addition, we replace Farasa
with Morfessor 2.0 Baseline (Creutz and Lagus,
2007; Smit et al., 2014), an unsupervised segmenter
trained on simple corpus data.

We compare Morfessor+MorphBPE to six ref-
erence tokenizers: vanilla BPE, three pure Morfes-
sor variants, Farasa+plain-BPE, and Farasa+Mor-
phBPE. All seven variants cluster within a narrow
accuracy band, implying that the unsupervised Mor-
fessor is a sound substitute for Farasa at BabyLM
scale. Our contributions are:

1. Morfessor+MorphBPE a morphology-aware
tokenization strategy for Arabic based on an
unsupervised tokenizer competitive with its su-
pervised counterpart.

2. We show a dissociation between the Mor-
phBPE constraint and the segmentation: with
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the Farasa segmentation fixed, the no-cross-
boundary constraint sharply improves intrin-
sic boundary quality and perplexity but leaves
downstream accuracy largely unchanged - at
this scale, downstream accuracy is robust to
both the constraint and the choice of segmenter.

3. While BPE remains strong overall, we find
that morphology-aware tokenization yields task-
dependent effects, with improvements observed
rather in language understanding tasks than
knowledge or reasoning tasks.

2 Related Work and Background

Tokenization for morphologically rich languages.
A tokenizer maps raw text to the discrete units a
language model predicts and is the first step in
LLM pre-training. One dominant approach, Byte
Pair Encoding (BPE) (Sennrich et al., 2016), starts
from characters and iteratively merges the most fre-
quent adjacent pair until a target vocabulary size
is reached; merges are driven purely by corpus fre-
quency and are blind to morphology. Previous work
has questioned whether standard tokenization ap-
proaches like BPE, WordPiece (Schuster and Naka-
jima, 2012) and SentencePiece (Kudo and Richard-
son, 2018) can adequately capture morphological
structures, and several studies observed that linguis-
tically guided segmentation can lead to improve-
ment in downstream tasks.

Klein and Tsarfaty (2020) argue that linear seg-
mentation is not suitable to capture morphology by
investigating the task of multi-tagging Hebrew. Hof-
mann et al. (2021) find that linguistically aligned
segmentation improves sentiment and topic classi-
fication.

Further studies evaluate language-specific ap-
proaches for morphologically aligned segmenta-
tion, for example Antoun et al. (2020) and Asgari
et al. (2025) for Arabic relying on Farasa segmen-
tations, and Nzeyimana and Niyongabo Rubungo
(2022) relying on a custom morphological tool for
Kinyarwanda. Mager et al. (2022) compare mor-
phologically grounded tokenization strategies with
BPE for very low-resource languages. In particular,
they compare supervised and unsupervised segmen-
tation and find that unsupervised segmentation im-
proves over BPE, whereas supervised morphologi-
cal segmentation lead to comparatively low results.
Hou et al. (2023) explore tokenization with two un-
supervised segmentation methods (Morfessor and a
finite-state based system) for Russian, Turkish and

Finnish in comparison to BPE, and observe advan-
tages of a morphological segmentation with regard
to perplexity, efficiency and performance on down-
stream tasks. Jabbar (2023) explores non-surface
preserving tokenization into a canonical represen-
tation requiring an additional detokenization step;
he reports improvements on the GLUE Benchmark.
Hudspeth et al. (2026) implement a context-aware
tokenization strategy for Latin where multiple seg-
mentation options are dismabiguated based on POS
information.

Fusco et al. (2025) evaluate tokenization strate-
gies in a 10M BabyLM setting. While they find no
clear winning tokenizer, with BPE as a strong base-
line, they observe that morphological tokenization
obtains the best intrinsic segmentation which leads
to a more robust generalization in comprehension
tasks. This finiding is not unsimilar to our general
observations.

The BabyLM Challenge and BabyBabelLM.
The BabyLM Challenge (Warstadt et al., 2023; Hu
et al., 2024) studies pretraining under human-scale
data budgets (10M–100M words), motivated by
the observation that human learners acquire lan-
guage from orders of magnitude less input than
production-scale LMs receive. Its 2026 edition ex-
pands the challenge to a multilingual setting and
introduces an explicit prohibition on off-the-shelf
linguistic tools. The training data for self-trained
ancillary models is counted towards the total train-
ing budget; we follow Fusco et al. (2025) and train
our tokenizers on the full corpus.

MorphBPE. MorphBPE is a morphology-aware
BPE method (Asgari et al., 2025), which modifies
standard byte-pair encoding (Sennrich et al., 2016)
by a single algorithmic constraint: pair frequen-
cies are counted only within morpheme boundaries
provided by an external segmenter, such that no
merge can cross a boundary. On Arabic, the pa-
per reports a morphological consistency F1 rising
from 0.00 (vanilla BPE at 96K vocabulary) to 0.66
(MorphBPE at 96K). Separately, across four typo-
logically diverse languages, MorphBPE achieves
lower language-model training cross-entropy than
vanilla BPE.

Two aspects in their evaluation are important for
positioning our contribution. First, the reported
results are collected at 300M–1B parameter scale
on the FineWeb2 corpus, orders of magnitude be-
yond BabyLM scale, and the authors explicitly leave
extrinsic downstream evaluation as future work.
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Second, the Arabic experiments use Farasa (Dar-
wish and Mubarak, 2016), a supervised segmenter
trained on the Arabic Treebank, disallowed under
BabyLM rules. In this paper, we evaluate the dif-
ference between Farasa and Morfessor to provide
segmentation boundaries for tokenization.

Morfessor and its variants. Morfessor (Creutz
and Lagus, 2007) learns morpheme inventories
from raw word lists via Minimum Description
Length; it is fully unsupervised and requires no
external annotation. We use the Baseline model
from the Morfessor 2.0 toolkit (Smit et al., 2014),
which supports three canonical weighting variants
that yield systematically different segmentation be-
haviour: Type (every word type counted once, mor-
phologically faithful), Token (log-transformed fre-
quency, a statistical compromise), and Frequency
(highly frequent words kept unsegmented). All
three were compared as tokenizers for English
BabyLM in the SIGMORPHON 2024 shared-task
submission (Li, 2024), providing the direct prece-
dent for our experiment.

Morfessor was designed for concatenative mor-
phology (Finnish, Turkish), and its behaviour
on Arabic’s templatic root-and-pattern morphol-
ogy (Habash, 2010) is an open question we test
empirically. To our knowledge, no prior work
has evaluated Morfessor variants as BPE bound-
ary providers for Arabic under BabyLM scale con-
straints.

3 Methodology

This section describes the data, pre-processing,
training pipeline and evaluation.

3.1 Data and preprocessing
All seven tokenizers are trained on the BabyBa-
belLM Arabic Tier-2 corpus (Jumelet et al., 2025):
30,533 documents,∼7.85Mwhitespace tokens, and
701,698 unique word types. We use a 95/5 train–
validation split, identical across 5 runs with dif-
ferent seeds. We apply no Arabic-specific letter
normalization (no diacritic stripping, no alef fold-
ing); the BabyBabelLM upstream pipeline does not
apply such normalization either.

3.2 Seven tokenizers under comparison
The tokenizers span three axes: presence or ab-
sence of a morphological prior; whether that prior
is unsupervised (Morfessor) or supervised (Farasa);
and whether morphological information is used as

the sole segmentation signal (pure Morfessor), as
a hard constraint on BPE merges (MorphBPE), or
merely as a pre-segmentation that BPE may later
merge across (Farasa+plain-BPE).

1. Vanilla BPE. A byte-level BPE tokenizer (Sen-
nrich et al., 2016) trained on raw text with
frequency-only merges. This is the standard
baseline used by the BabyBabelLM Arabic
monolingual reference.

2. Morfessor Type. Pure Morfessor 2.0 Base-
line (Smit et al., 2014) in the Type-weighted
variant: every observed word type contributes
to the Minimum Description Length objective
with equal weight, producing morphologically
faithful segmentations.

3. Morfessor Token. Pure Morfessor with
token-weighted frequency smoothing (fnew =
log30(fold + 1)), a compromise that biases the
model toward frequency-typical segmentation.

4. Morfessor Frequency. Pure Morfessor with
a frequency cutoff: words above a corpus-
frequency threshold are left unsegmented, while
lower-frequency words are segmented normally.
All three Morfessor variants (Type, Token, Fre-
quency) follow the variant taxonomy of Li
(2024).

5. Farasa+plain-BPE. Farasa’s supervised seg-
mentations are used to pre-segment each word,
but plain BPE is then trained on the result with
no constraint - merges are free to cross the
Farasa boundaries. This isolates the effect of the
MorphBPE constraint: it shares Farasa’s seg-
mentation with Farasa+MorphBPE but drops
the no-cross-boundary rule.

6. Farasa+MorphBPE. MorphBPE with Farasa’s
supervised segmentations, where merges can-
not cross morpheme boundaries (equivalent to
the original MorphBPE (Asgari et al., 2025).

7. Morfessor+MorphBPE. Our proposed tok-
enizer: the MorphBPE algorithm using Mor-
fessor Type as its boundary provider.

3.3 The MorphBPE algorithm
Tokenizers 6 and 7 both instantiate the MorphBPE
algorithm, which differs from standard BPE by one
line: pair frequencies are counted only within mor-
pheme boundaries, so no merge crosses a boundary.

Algorithm 1 (MorphBPE)
1. Initialize vocab with individual chars
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2. Segment corpus using morph segmenter
3. while |vocab| < vocab_size:
4. Count byte-pair frequencies
5. [morph-aware: only within-morph]
6. Merge highest-frequency pair
7. Add merged symbol to vocab

The morphological segmenter is invoked only
during training. At inference, the learned merge
table is replayed on the raw character stream as in
standard BPE. Because the morpheme-boundary
constraint acts only on which merges are allowed
to form during training, a merge crossing a mor-
pheme boundary never enters the merge table and
can therefore never be applied at inference; the mor-
phological information is baked into the learned
vocabulary rather than reapplied per input.

3.4 Boundary providers for MorphBPE
We compare the supervised off-the-shelf tool Farasa
and Morfessor, an unsupervised model trained on
the BabyLM corpus.

Farasa (supervised). Farasa (Darwish and
Mubarak, 2016) is a supervised state-of-the-art
Arabic segmenter trained on the Arabic Treebank
with hand-annotated morphological segmentation.
Crucially, we use Farasa in a surface-preserving
mode: it only inserts boundaries between charac-
ters and never rewrites, expands, or normalizes
them, so the concatenation of the segments is
identical to the input.

Morfessor Type (unsupervised). Morfessor 2.0
Baseline (Smit et al., 2014) learns a morpheme in-
ventory from raw word-count data via Minimum
Description Length, without any external annota-
tion. We train it from scratch on the BabyBabelLM
Arabic corpus, restricted to word types with fre-
quency ≥ 30 to filter typos and single-occurrence
noise. Type weighting is chosen because it is the
most morphologically faithful of the three variants
(Section 3.2), which matters when Morfessor’s role
is to supply boundaries rather than to segment di-
rectly.

Comparison Table 1 shows the different tok-
enizer outputs on three Arabic words. The contrast
is clearest for اهنوبتكي (ya-ktub-ūna-hā, “they write
it”): Morfessor+MorphBPE recovers four morpho-
logically meaningful pieces (prefix, root, plural,
object clitic), whereas both Farasa variants keep the
verb stem بتكي fused. On مهتبتكمب (bi-maktabati-him,
“in their library”) the three non-Morfessor tokeniz-
ers coincide, illustrating that morphology-aware

Tokenizer Tokenization

ةسردملاو wa-l-madrasa, “and the school”

Vanilla BPE ةسر | دم | لاو
Farasa+plain-BPE ةسر | دم | لاو
Farasa+MorphBPE ة | سردم | لاو
Morfessor+MorphBPE ةسرد | ملا | و

مهتبتكمب bi-maktabati-him, “in their library”

Vanilla BPE مه | تب | تك | مب
Farasa+plain-BPE مه | تب | تك | مب
Farasa+MorphBPE مه | تب | تك | مب
Morfessor+MorphBPE مه | تب | تك | م ب|

اهنوبتكي ya-ktub-ūna-hā, “they write it”

Vanilla BPE اهنو | بتك | ي
Farasa+plain-BPE اهنو | بتكي

Farasa+MorphBPE اهنو | بتكي
Morfessor+MorphBPE اه | نو | بتك | ي

Table 1: Example tokenizations of three Arabic
words (| marks token boundaries). Tokens are
shown in right-to-left display order; the leading word-
boundary marker is omitted. Colour marks morpho-
logical quality: green = a meaningful morpheme
(or a valid fusion of adjacent morphemes, e.g. لاو
= wa+al), red = a spurious sub-morpheme fragment
with no standalone meaning. Morfessor+MorphBPE
is fully green on the clitic-heavy verb اهنوبتكي but over-
splits the stem بتكم in مهتبتكمب .

and frequency-driven tokenizers often agree and
diverge only on specific constructions.

The examples also reveal a systematic tendency
of Morfessor to oversplit. On this word, Farasa
keeps the noun stem بتكم (maktab, “library”) in-
tact - segmenting the word as مه ت| | بتكم ب|
- whereas Morfessor+MorphBPE fragments that
stem into تب | تك | ,م yielding the five-piece
مه | تب | تك | م .ب| Because Morfessor is unsuper-

vised and lacks a lexicon of Arabic stems, it some-
times breaks a single morpheme into sub-units that
recur frequently in the corpus but are not themselves
meaningful. This oversplitting is the main qualita-
tive weakness of the unsupervised boundaries; it is
mild on the clitic-heavy verb اهنوبتكي , where Morfes-
sor’s prefix/root/suffix split is linguistically apt, but
visible on stems that Farasa’s supervised lexicon
keeps whole.

3.5 Intrinsic boundary agreement
To quantify the morphological alignment of each
tokenizer, we measure segmentation quality with
Farasa’s segmentation as reference. For every word
in the corpus, we compute precision, recall and F1
of each tokenizer’s splits.

Table 2 reports the result over all word types
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Tokenizer P R F1

Vanilla BPE 0.172 0.312 0.222
Farasa+plain-BPE 0.157 0.310 0.209
Farasa+MorphBPE 0.304 0.634 0.411
Morfessor+MorphBPE 0.304 0.682 0.420
Morfessor (pure, Type) 0.334 0.825 0.476

Table 2: Intrinsic boundary agreement with Farasa
morpheme boundaries, over all BabyLM-Arabic
word types with ≥ 1 reference boundary. (High-
est F1 score in bold face.)

that carry at least one reference boundary (∼369K
types). Because the reference is Farasa, the two
Farasa-derived tokenizers could in principle be
favoured; in practice they are not near-ceiling (their
F1 is around 0.41), because the metric scores the
final tokenizer output after BPE merges, not the raw
segmentation.

Two patterns stand out. First, the constraint mat-
ters intrinsically: adding the no-cross-boundary
rule to the same Farasa segmentation nearly dou-
bles boundary F1 (0.209 → 0.411), since plain
BPE otherwise merges straight back across the mor-
pheme boundaries it was given. Second, the un-
supervised boundaries are competitive: Morfes-
sor+MorphBPE matches or exceeds Farasa+Mor-
phBPE (0.420 vs. 0.411), and pure Morfessor is the
most morpheme-aligned tokenizer of all (0.476),
confirming that Morfessor recovers Arabic mor-
pheme boundaries well despite using no labeled
data - though it also oversplits, which lowers its
precision.

3.6 Implementation choices
We seed the vocabulary with a 281-character al-
phabet that covers ASCII letters, digits, punctua-
tion, Arabic punctuation, and common Unicode
symbols, before any morpheme-aware merge is
performed. This guarantees that non-Arabic char-
acters have their own tokens, which is necessary
for downstream benchmarks whose scoring tem-
plates rely on ASCII option labels (A, B, C, D)
or digits. Second, we adopt GPT-2’s (Radford
et al., 2019) Ġ-prefix word-boundary convention
with add_prefix_space=True, so that a given
word tokenizes identically at every sentence po-
sition. Position consistency is a prerequisite for
minimal-pair evaluation frameworks that score can-
didates at arbitrary offsets.

3.7 Model, training, and evaluation
Model. We match the BabyBabelLM Arabic
monolingual baseline (Jumelet et al., 2025): a GPT-
2 style causal LM (Radford et al., 2019) with 4 trans-
former layers, 8 attention heads, hidden size 512,
FFN size 2048, context length 512, GELU acti-
vations, dropout 0.1, and vocabulary size 8,192 -
totalling 17.1M parameters.

Training. All seven models are trained for
10 epochs with batch size 16, learning rate 10−4,
using five random seeds (42, 41, 5, 11, and 12).
Validation loss is tracked on the 5% held-out split
and the checkpoint with best validation loss is used
for evaluation.

Evaluation. We use the BabyBabelLM Ara-
bic benchmark suite, scored with a single eval-
uation harness (lm-eval v0.4.12) and identical
task configurations across all tokenizers. The
BabyBabelLM Arabic evaluation group (Jumelet
et al., 2025) spans minimal-pair grammaticality
(MultiBLiMP Arabic), compositional semantics
(XCOMPS), natural language inference (XNLI Ara-
bic, MultiNLI Arabic), MMLU-style reasoning,
story completion, commonsense reasoning, factual
recall, reading comprehension, and topic classifica-
tion.

4 Experimental Setup

Evaluation harness. All numbers reported in
Section 5 are produced by lm-evaluation-
harness v0.4.12, invokedwith a custom task group
babybabellm_ara covering the subtasks in Ta-
ble 3. Scoring is zero-shot with no in-context exam-
ples. Each candidate answer is scored by loglikeli-
hood under the model, and the highest-likelihood
option is selected. We use acc,none as the pri-
mary metric for most tasks; TruthfulQA and XSto-
ryCloze use acc_norm,none (length-normalised
accuracy), following the harness defaults for those
tasks. No answer normalization, prompt engineer-
ing, or output post-processing is applied.

The BabyBabelLM Arabic task group. Ta-
ble 3 lists the 14 subtasks retained for anal-
ysis; they span formal linguistic competence
(MultiBLiMP, XComps), natural language infer-
ence (XNLI, MultiNLI), knowledge and reasoning
(MMLU, Include-44, BMLama, ARC-Easy, COPA,
WinoGrande, TruthfulQA), reading comprehension
(Belebele), topic classification (SIB200), and story
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Subtask Type Metric

MultiBLiMP Grammaticality (min. pair) acc
XComps Compositional semantics acc
XNLI NLI acc
MultiNLI NLI acc
MMLU Multitask knowledge acc
Include-44 Multi-domain knowledge acc
BMLama Factual recall (LAMA) acc
ARC-Easy Grade-school science QA acc
COPA Causal commonsense acc
WinoGrande Coreference / commonsense acc
TruthfulQA Truthfulness QA acc_norm
Belebele Reading comprehension acc
SIB200 Topic classification acc
XStoryCloze Story completion acc_norm

Table 3: The 14 subtasks reported for the
babybabellm_ara score.

completion (XStoryCloze). The aggregate reported
here is the arithmetic mean over the 14 displayed
subtask scores. All tasks are sourced from the Baby-
BabelLM Arabic evaluation suite (Jumelet et al.,
2025) and use the task templates distributed with
that suite.

5 Results

Table 4 reports accuracy for all seven tokenizers
on the 14 BabyBabelLM-Arabic subtasks retained
for analysis plus the aggregate score. Per-column
best scores are shown in bold, including the best
aggregate score.

Aggregate and per-task patterns. On the
corpus-level aggregate score, Morfessor Type
is the strongest tokenizer (0.3611), followed
by Farasa+MorphBPE (0.3377), Morfes-
sor+MorphBPE (0.3361), Vanilla BPE (0.3330),
Farasa+plain-BPE (0.3315), Morfessor Token
(0.3302), and Morfessor Freq (0.3288). All seven
sit within a ∼3-percentage-point band, and no
tokenizer dominates uniformly across the 14
subtasks. Because the aggregate spread is narrow
even with five seeds, we interpret small aggregate
differences as trends and focus our analysis on the
larger, directionally consistent per-task effects and
on the controlled pairwise comparisons (constraint
on/off; supervised/unsupervised boundaries) that
hold all other factors fixed.

Column-wise best scores are distributed across
five of the seven tokenizers. Vanilla BPE wins on
four subtasks that either scaffold on ASCII charac-
ters (ARC-Easy, TruthfulQA) or reduce to lexical
overlap (MultiBLiMP, Include-44). Morfessor Type
wins on four semantics-/classification-heavy sub-

tasks (XComps, MultiNLI, ARC-Easy tie, SIB200).
Morfessor Freq wins on two commonsense reason-
ing subtasks (COPA, WinoGrande). Farasa+Mor-
phBPE wins on four subtasks that mix NLI, knowl-
edge, reading comprehension, and story completion
(XNLI, MMLU, Belebele, XStoryCloze). Morfes-
sor+MorphBPE wins on one factual-recall subtask
(BMLama). Farasa+plain-BPE and Morfessor To-
ken win on no subtask.

MorphBPE constraint. Farasa+plain-BPE and
Farasa+MorphBPE share an identical Farasa seg-
mentation and differ only in whether BPE merges
may cross morpheme boundaries. The constraint
(Farasa+MorphBPE) yields a much lower language-
model validation perplexity (∼50 vs. ∼81), yet the
downstream aggregate difference is small (0.3377
vs. 0.3315, ∼0.6 points). The effect is task-
dependent: dropping the constraint helps on Multi-
BLiMP and COPA but hurts onMultiNLI, Belebele,
and XStoryCloze. Thus, the constraint substantially
improves the model’s next-token prediction while
producing only marginal, mixed downstream ef-
fects.

Supervised vs. unsupervised boundaries. At
the aggregate level, Farasa+MorphBPE and Mor-
fessor+MorphBPE are essentially tied (0.3377 vs.
0.3361, a ∼0.16-point gap). Morfessor+Mor-
phBPE outperforms on MultiBLiMP, XComps,
BMLama, and TruthfulQA and underperforms on
MultiNLI, COPA, Belebele, and XStoryCloze. The
largest single-task gap is on MultiBLiMP, where
the unsupervised variant improves grammaticality
accuracy by 4.4 percentage points, indicating that
the unsupervised boundaries are at least as useful
as Farasa’s for the task most directly targeting mor-
phosyntactic competence.

6 Discussion

Validation perplexity. Perplexity is the exponen-
tial of the model’s mean per-token cross-entropy on
the held-out validation split; lower values indicate
a better next-token predictor.1 We report the three
MorphBPE-family tokenizers and pure Morfessor
Type in Table 5, where we observe two effects.

1Perplexity is only loosely comparable across tokenizers,
since each induces a different token count for the same text.
The three MorphBPE-family tokenizers compared here share
vocabulary size 8,192 and a similar segmentation granularity,
so their comparison is reasonable but not a normalised per-byte
measure. The pure Morfessor Type result is included only as
an exploratory reference.
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Vanilla BPE 0.3330 ± 0.002 0.7539 0.5193 0.3313 0.3166 0.2311 0.1127 0.2307 0.2355 0.1877 0.2586 0.4944 0.4938 0.3333 0.5163

Morfessor Type 0.3611 ± 0.003 0.7531 0.6485 0.3333 0.3590 0.2289 0.2500 0.2295 0.2246 0.1036 0.2586 0.5056 0.4905 0.2058 0.5201

Morfessor Token 0.3302 ± 0.001 0.7416 0.5161 0.3333 0.3244 0.2289 0.1961 0.2295 0.2246 0.1624 0.2556 0.5169 0.4905 0.2857 0.5147

Morfessor Freq 0.3288 ± 0.001 0.7259 0.5226 0.3333 0.3154 0.2289 0.1961 0.2295 0.2246 0.1533 0.2518 0.5281 0.5021 0.2874 0.5170

Farasa+plain-BPE 0.3315 ± 0.002 0.7160 0.5253 0.3325 0.3238 0.2244 0.1961 0.2280 0.2264 0.1740 0.2484 0.5169 0.4773 0.3010 0.4992

Farasa+MorphBPE 0.3377 ± 0.003 0.7004 0.5273 0.3353 0.3396 0.2456 0.1961 0.2342 0.2192 0.1857 0.2548 0.4831 0.4946 0.2772 0.5217

Morfessor+MorphBPE 0.3361 ± 0.001 0.7449 0.5333 0.3333 0.3168 0.2333 0.1961 0.2307 0.2264 0.1888 0.2488 0.4607 0.4938 0.2925 0.4992

Table 4: BabyBabelLM Arabic evaluation across the seven tokenizers, with the 14 subtasks grouped into four capability
categories (Grammar & Semantics; Language Understanding; Knowledge & Reasoning; Discourse). BabyLM-ara
is the official babybabellm_ara aggregate; it is the benchmark-defined score and is not the arithmetic mean of the
displayed subtask columns. Per-subtask scores are single-seed (42). Per-column best is bolded.

Tokenizer Val. PPL ↓
Morfessor Type 50.7
Farasa+plain-BPE 80.9
Farasa+MorphBPE 50.2
Morfessor+MorphBPE 40.5

Table 5: Validation perplexity (lower is bet-
ter). Adding the MorphBPE constraint to a fixed
Farasa segmentation lowers perplexity by ∼38%
(80.9→50.2); replacing Farasa’s supervised bound-
aries with unsupervised Morfessor boundaries lowers
it by a further ∼19% (50.2→40.5). Pure Morfessor
Type is included as an exploratory reference and is
not used in the controlled comparisons.

The constraint effect: adding the no-cross-
boundary rule to a fixed Farasa segmentation cuts
perplexity from 80.9 to 50.2. The supervision effect:
replacing Farasa’s supervised boundaries with Mor-
fessor’s unsupervised ones cuts it further to 40.5 -
so the rule-compliant, unsupervised tokenizer is in
fact the strongest next-token predictor of the three
matched MorphBPE-family configurations. The
exploratory pure Morfessor Type result (50.7) is
higher than that of Morfessor+MorphBPE (40.5),
suggesting that Morfessor segmentation alone does
not explain the latter’s low perplexity.

Perplexity and downstream accuracy are not
connected. The clearest single result is that the
MorphBPE constraint buys a large reduction in
validation perplexity (∼50 vs. ∼81 against its un-
constrained twin) but only a ∼0.6-point aggregate
change downstream. Because the two tokenizers
being compared share an identical Farasa segmenta-
tion, this is not a confound of segmentation quality:
the constraint genuinely helps the language model
predict the next token, yet that intrinsic gain does

not propagate to the multiple-choice and minimal-
pair tasks that make up the benchmark suite. The
practical lesson for BabyLM-scale tokenizer de-
sign is that validation perplexity is a poor proxy
for downstream utility, and tokenizers should be se-
lected on task metrics rather than on training loss.

At this scale, segmentation matters more
than the constraint. Reading the three Farasa-
segmented tokenizers together - vanilla BPE (no
Farasa), Farasa+plain-BPE (Farasa segmentation,
no constraint), and Farasa+MorphBPE (Farasa seg-
mentation, with constraint) - the downstream scores
move little once the segmentation is fixed. The no-
cross-boundary rule reshapes the learned merge
table and the model’s perplexity, but the units the
model ultimately sees are dominated by the seg-
mentation it was given. This suggests that, at 10M
tokens, the value of morphology-aware BPE is car-
ried mostly by where the boundaries are drawn,
not by whether merges are forbidden from crossing
them.

Unsupervised boundaries are competitive with
supervised ones. Holding the MorphBPE con-
straint fixed, replacing Farasa’s supervised bound-
aries with Morfessor’s unsupervised ones costs es-
sentially nothing on aggregate (0.3377 vs. 0.3361)
and improves the benchmark most directly tied to
morphosyntax (MultiBLiMP, +4.4 points). Our
experiments indicate that not relying on a super-
vised segmenter does not degrade morphological
competence at this scale. Morfessor+MorphBPE
is thus not a compromise, but is competitive on its
own terms.
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Gains live on formal, not functional, compe-
tence. Every tokenizer performs near chance on
the knowledge- and reasoning-oriented subtasks
(MMLU, BMLama, ARC-Easy, Belebele), and tok-
enizer choice barely moves them. Where tokeniz-
ers separate at all is on minimal-pair grammatical-
ity and compositional semantics. In the formal-
vs-functional framing of Mahowald et al. (2024),
our results place any benefit of morphology-aware
tokenization squarely on the formal linguistic com-
petence axis: it can help a small model learn the
shape of the language, but it cannot manufacture
world knowledge that the 10M-token budget never
contained. This is consistent with prior BabyLM
findings that knowledge tasks are largely unlearn-
able at this scale (Jumelet et al., 2025; Hu et al.,
2024), and it clarifies what a tokenizer intervention
can and cannot be expected to do.

7 Conclusion

We studied morphology-aware tokenization for Ara-
bic at BabyLM scale through a controlled com-
parison of seven tokenizers - vanilla BPE, three
pure Morfessor variants, and three Farasa/Morfes-
sor combinations - all trained and evaluated under
an identical pipeline. Overall, BPE remains a strong
baseline and no tokenizer emerges as a clear winner.

Our central contribution is Morfessor+Mor-
phBPE, an unsupervised morphology-aware BPE
tokenizer that, to our knowledge, is the first Ara-
bic morphology-aware tokenizer compliant with
the BabyLM 2026 prohibition on off-the-shelf lin-
guistic tools. It is competitive with its supervised
counterpart on aggregate accuracy and matches or
exceeds it on minimal-pair grammaticality, without
consulting any labeled resource. Two comparisons
provide further insights: holding the Farasa seg-
mentation fixed, the MorphBPE no-cross-boundary
constraint substantially lowers perplexity but barely
changes downstream accuracy, indicating that at
this scale the segmentation - not the constraint -
drives downstream behaviour; and holding the con-
straint fixed, unsupervised Morfessor boundaries
are competitive with supervised Farasa boundaries.
Any benefit of morphology-aware tokenization con-
centrates on formal linguistic competence rather
than on knowledge-based tasks, which remain near
chance at 10M tokens. We hope these results offer
a practical, rule-compliant default for tokenizing
low-resource morphologically rich languages, and
a note of caution against selecting tokenizers by

perplexity alone.

Limitations

Limited seed budget. Every model is trained
with five random seeds (42, 41, 5, 11, and 12). This
improves stability over a single run, but the aggre-
gate scores still fall within a ∼3-percentage-point
band, so we deliberately frame small aggregate dif-
ferences as trends (Section 5). The larger per-task
effects (e.g. the ∼4-point MultiBLiMP gap and the
perplexity gap between the constrained and uncon-
strained Farasa tokenizers) are more likely to be
robust, but broader replication would be needed to
establish fine-grained significance.

Single corpus, scale, and architecture. All ex-
periments use the BabyBabelLM Arabic Tier-2 cor-
pus (∼10M tokens), one vocabulary size (8,192),
and one GPT-2-style architecture (17.1M parame-
ters). We do not test whether the observed patterns
hold at the 100M-token tier, at larger vocabularies
(the original MorphBPE paper uses 96K), or under
a masked or GPT-BERT objective. The near-chance
performance on knowledge and reasoning tasks is
a property of this scale, not of any tokenizer.

Morfessor and templatic morphology. Mor-
fessor was designed for concatenative morphol-
ogy and segments Arabic by splitting the lin-
ear character string; it cannot represent the non-
concatenative root-and-pattern structure of Arabic
templatic forms. It nonetheless reliably captures
Arabic’s frequent linear affixation - prefixed con-
junctions and prepositions, and suffixed inflection
and object clitics - directly from raw word counts
andwithout any labeled segmentation data, which is
exactly the boundary information our morphology-
aware tokenizer relies on. We explore only its three
standard Baseline variants and do not evaluate Mor-
fessor’s EM/Categories models or other unsuper-
vised segmenters.

No intrinsic morphological metric. We report
downstream task accuracy but not the intrinsic mor-
phological consistency metrics (µc, µe) used by the
original MorphBPE paper, so we cannot directly
relate our downstream results to tokenizer-level mor-
phological fidelity. We also did not audit Farasa’s
segmentation errors, which propagate into the two
Farasa-based tokenizers.

Evaluation scope. We evaluate the models only
on the official BabyBabelLM Arabic benchmark
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suite used in the BabyLM evaluation. We do not
test them on additional external Arabic downstream
tasks or generation benchmarks. Our conclusions
are therefore limited to the tasks represented in the
official suite.
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A Hyperparameters

Table 6 lists the hyperparameters used for all exper-
iments. The model architecture and training recipe
are identical across all seven tokenizers; only the
tokenizer varies.

Model (GPT-2) Value

Transformer layers (nlayer) 4
Attention heads (nhead) 8
Hidden size (nembd) 512
FFN size (ninner) 2048
Context length 512
Activation gelu_new
Dropout (attn / embd / resid) 0.1
Initializer range 0.02
LayerNorm ε 10−5

Vocabulary size 8,192
Total parameters 17.1M

Training Value

Epochs 10
Batch size 16
Learning rate 10−4

Max sequence length 512
Validation split 5%
Dataset BabyLM-

community/
babylm-ara

Tokenizer Value

Vocabulary size (all) 8,192
Min frequency (BPE) 2
Arabic normalization None
Add-prefix-space True (GPT-2 Ġ)

Table 6: Hyperparameters shared across all tokenizer
variants.
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