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Abstract

Multilingual evaluation often relies on lan-
guage coverage or translated benchmarks, im-
plicitly assuming that subword tokenization be-
haves comparably across scripts. In mixed-
script settings, this assumption breaks down.
We examine this effect using polarity detec-
tion as a case study, comparing Orthographic
Syllable Pair Encoding (OSPE) and Byte Pair
Encoding (BPE) under identical architectures,
data, and training conditions on SemEval Task
9, which spans Devanagari, Perso-Arabic, and
Latin scripts. OSPE is applied to Hindi, Nepali,
Urdu, and Arabic, while BPE is retained for
English. We find that BPE systematically un-
derestimates performance in abugida and ab-
jad scripts, producing fragmented representa-
tions, unstable optimization, and drops of up to
27 macro-F1 points for Nepali, while English
remains largely unaffected. Script-aware seg-
mentation preserves orthographic structure, sta-
bilizes training, and improves cross-language
comparability without additional data or model
scaling, highlighting tokenization as a latent
but consequential evaluation decision in multi-
lingual benchmarks.

1 Introduction

Polarity detection across mixed-script, low-
resource languages is a deceptively difficult prob-
lem. The SemEval Task 9 dataset spans five writ-
ing systems—Devanagari (Hindi, Nepali), Perso-
Arabic (Urdu, Arabic), and Latin (English)—and
contains exactly the kind of messy, code-switched,
short-form text where standard NLP assumptions
tend to break down. In these environments, the
downstream classifier is rarely the limiting factor.
The real bottleneck is the input representation: how
text is segmented, embedded, and contextualized
before the model even begins to reason about senti-
ment.

Prior work on Orthographic Syllable Pair En-
coding (OSPE) demonstrated advantages over BPE

for Indic language modeling by aligning subword
units with orthographic structure(Manodnya and
Giri, 2023), but focused primarily on token-level
behavior. It did not examine downstream task per-
formance, multilingual interactions, or how seg-
mentation choices behave when multiple writing
systems are evaluated together. At the same time,
most contemporary multilingual pipelines continue
to treat BPE (Sennrich et al., 2016)as a default
choice across languages—from English to Arabic
to Nepali—despite accumulating evidence that it
fragments morphology, destabilizes training, and
produces noisy token sequences in abugida and
abjad scripts(Kudo and Richardson, 2018).

In this work, we take a more engineering-
grounded approach and evaluate tokenization in-
side a controlled end-to-end setting. We extend
OSPE to Urdu and Arabic, retain standard BPE for
English, and integrate these per-language subword
inventories into a custom multilingual transformer
trained from scratch. The architecture includes to-
ken, positional, syllable, and language embeddings;
a stack of attention and long-convolution blocks tai-
lored to short social-media inputs; and multi-task
auxiliary heads (language modeling, next-token
prediction, and syllable prediction) to regularize
training in low-resource conditions.

This setup allows us to compare OSPE and BPE
as part of a full evaluation pipeline rather than in
isolation. Under identical model, data, and training
conditions, the OSPE-based system achieves higher
macro-F1 on SemEval Task 9, exhibits smoother
optimization dynamics, and avoids the NaN-loss
failures observed with multilingual BPE. The gains
are most pronounced for low-resource and morpho-
logically complex languages—most notably Nepali
(+26.7 F1)—while English performance remains
largely unchanged. These patterns indicate that
segmentation choices materially affect measured
performance when scripts with different structural
properties are evaluated together.
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Taken together, our results suggest that multi-
lingual polarity detection failures are often rooted
in representation rather than classification. When
segmentation disrupts script-level structure, down-
stream evaluation conflates modeling limitations
with artifacts of the input pipeline. In such set-
tings, tokenizer design becomes a first-order factor
in how multilingual behavior is observed and com-
pared, rather than a neutral preprocessing detail. In
practice, this makes tokenizer design a first-order
factor in the reliability and comparability of multi-
lingual evaluation, especially when multiple scripts
are assessed within a single benchmark.

2 Related Work

Subword tokenization methods such as Byte Pair
Encoding (BPE) (Sennrich et al., 2016), WordPiece
(Devlin et al., 2019), and SentencePiece (Kudo and
Richardson, 2018) are widely used in multilingual
NLP due to their simplicity and compatibility with
neural architectures. These approaches are largely
frequency-driven and operate over UTF-8 charac-
ters or bytes, an assumption that aligns well with
alphabetic scripts but is less appropriate for writing
systems where orthographic structure encodes lin-
guistic information at the syllable level (Arivazha-
gan et al., 2019; Vania and Lopez, 2017).

Orthographic Syllable Pair Encoding (OSPE)
was introduced to address this mismatch for In-
dic languages written in abugida scripts by treat-
ing orthographic syllables as the basic subword
unit rather than raw characters or bytes. OSPE
demonstrated improved compression ratios, re-
duced generation of invalid tokens, and more in-
terpretable subword units in language modeling
tasks. However, prior work evaluated OSPE pri-
marily in monolingual or single-script settings and
focused on intrinsic language modeling behavior,
without examining downstream task performance,
multilingual interactions, or cross-script evaluation
scenarios

Many multilingual systems rely on shared or
jointly trained subword vocabularies across lan-
guages to encourage parameter sharing and transfer
(Johnson et al., 2017). While effective for closely
related or alphabetic languages, this design implic-
itly assumes that subword units behave comparably
across scripts. Recent work on orthographic syl-
lables for related Indic languages (Kunchukuttan
and Bhattacharyya, 2016) and script conversion
systems (Kunchukuttan et al., 2018) highlights that

script structure plays a critical role in representation
quality, but these insights have not been system-
atically incorporated into multilingual evaluation
pipelines.

Sentiment and polarity detection have been ex-
tensively studied, ranging from early feature-based
approaches (Pang et al., 2002; Turney, 2002) to
neural and transformer-based models (Socher et al.,
2013; Tang et al., 2016; Zhang et al., 2024; Wang
et al., 2023). While these methods achieve strong
performance in high-resource, single-script set-
tings, relatively little work has examined how tok-
enization and representation choices affect evalua-
tion outcomes in multilingual, mixed-script bench-
marks. In short, segmentation is typically treated as
a fixed preprocessing step rather than a variable that
can materially influence measured performance.

Our work builds on OSPE by moving beyond
intrinsic language modeling and examining tok-
enization inside a controlled, end-to-end multilin-
gual evaluation setting. By extending orthographic
syllable segmentation to Perso-Arabic scripts and
evaluating it alongside standard BPE in a mixed-
script polarity detection task, we isolate how seg-
mentation choices affect optimization stability and
downstream metrics. Unlike prior work that intro-
duces new benchmarks or architectures, we focus
on a latent but widely shared assumption in multi-
lingual evaluation pipelines and quantify its impact
using an existing benchmark.

3 Dataset

We evaluate our models on the SemEval-2026 Task
9 dataset, a multilingual polarity detection bench-
mark spanning five typologically diverse languages:
Hindi (hi), Nepali (ne), Urdu (ur), Arabic (ar), and
English (en). Each instance consists of a short
social-media post labeled with one of three polarity
classes (positive, negative, neutral). Scripts range
from Devanagari to Perso- Arabic to Latin, mak-
ing the task a natural stress-test for tokenization
schemes. We use the official train/dev splits, and
apply minimal preprocessing:

• Unicode normalization

• Removal of control characters

• •Preservation of emojis and punctuation
(which carry polarity cues)

Table 1 summarizes the data distribution.

2
42



Table 1: Distribution of dataset size across languages

Lang Script Train Size Dev Size
hi Devanagari 2744 686
ne Devanagari 2005 501
ur Perso-Arabic 2849 712
ar Perso-Arabic 3380 845
en Latin 2676 667
Total — 13654 3411

4 Methodology

Our approach combines (i) script-aware tokeniza-
tion, and (ii) a custom multilingual transformer
designed to evaluate segmentation effects under
tightly controlled conditions. The goal is not to
build a state-of-the-art sentiment model, but to iso-
late how tokenization interacts with multilingual
sequence modeling (Rust et al., 2021).

4.1 Tokenization Strategy
We use two families of tokenizers:

4.1.1 OSPE for Devanagari and Perso-Arabic
scripts

OSPE (Orthographic Syllable Pair Encoding) seg-
ments text according to script- specific ortho-
graphic syllables before applying frequency-based
merges. We adapt OSPE to four languages:

• Hindi (hi), Nepali (ne): Devanagari conso-
nant–vowel structure

• Urdu (ur): Urdu-specific extensions of Arabic
script

• Arabic (ar): abjad with diacritic-bearing clus-
ters

This requires only modifying the segmentation
function; the merge algorithm remains identical
to the original OSPE formulation.

4.2 BPE for English
English is tokenized using standard SentencePiece
BPE, chosen because OSPE provides no structural
advantage in alphabetic scripts and would behave
identically to character-level BPE. This also pro-
vides a realistic multilingual comparison point:
OSPE where it matters, BPE where it doesn’t.

4.2.1 Per-Language Vocabularies and Offsets
Rather than training a single mixed vocabu-
lary—which tends to overweight English and dis-

tort low-resource languages—we train separate to-
kenizers per language and assign each a fixed, non-
overlapping vocabulary offset. Example:

• hi: 0–1999

• ne: 2000–3999

• ur: 4000–5999

• ar: 6000–7999

• en: 8000–9999

Every token is indexed as:
[global_id = lang_offset[L] + local_id]
This preserves script identity and prevents cross-

language token collisions, which stabilizes multi-
lingual training without requiring shared subwords.

4.2.2 Multilingual Mini-Batching
We train using a stratified multilingual sampler.
Each batch samples equally across languages, re-
gardless of dataset size, preventing larger datasets
(Arabic, Urdu) from dominating the learning dy-
namics. This is critical for isolating tokenizer ef-
fects rather than data imbalance effects.

4.3 Custom Transformer Architecture
To avoid coupling our results to any particular pre-
trained model, we implement a compact trans- for-
mer from scratch, designed specifically for short-
form social-media inputs:

4.3.1 Embedding Layers
• Token embeddings (global vocab)

• Positional embeddings (up to 128 tokens)

• Syllable-type embeddings (6 OSPE-derived
types)

• Language embeddings (one per language) The
inclusion of syllable-type and language em-
beddings operationalizes OSPE’s structural
information inside the model.

4.4 Encoder Blocks
Each block contains:

1. Multi-head self-attention

2. Feed-forward network

3. Depthwise long convolution across the se-
quence
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4. Residual + layer norm

The long-convolution branch improves handling
of elongated vowel sequences, stacked diacritics,
and repeated characters—phenomena more com-
mon in Indic and Arabic social media text than in
English.

4.4.1 Multi-Task Heads

To stabilize multilingual learning, the model jointly
predicts:

1. Polarity label (primary task)

2. Token reconstruction (LM)

3. Next-token prediction

4. Syllable-type prediction

These auxiliary tasks improve vocabulary uti-
lization and reduce overfitting, especially for low-
resource scripts.

4.5 Training Setup

Models are trained with a batch size of 32 and
a maximum sequence length of 128 using the
AdamW optimizer with a learning rate of

2× 10−4 (1)

for 3 epochs. Training jointly optimizes the po-
larity classification objective along with auxiliary
language modeling, next-token prediction, and
syllable-type prediction losses, weighted at 1.0,
0.5, 0.5, and 0.3 respectively. All architectural
choices, optimization settings, and loss weights are
held constant across OSPE and BPE conditions to
ensure that observed differences can be attributed
solely to tokenization effects.

5 Experiments

Our experiments are designed to isolate the effect
of tokenization on multilingual polarity detection.
We hold the model architecture, training pipeline,
and hyperparameters constant across all conditions,
varying only the tokenizer subsystem.

5.1 Experimental Conditions

We evaluate three configurations:

5.1.1 OSPE-only model
• OSPE tokenizers for hi/ne/ur/ar

• BPE for en

• Custom transformer architecture described in
§4

• Per-language vocabularies with fixed offsets

5.1.2 BPE-only baseline
• SentencePiece BPE trained separately per lan-

guage

• Identical vocabulary sizes (3k each)

• Same architecture, embedding sizes, batches,
and losses

5.1.3 Joint multilingual BPE
• A single BPE tokenizer trained on con- cate-

nated multilingual text

• Same vocabulary budget (15k total)

• Included to verify whether shared sub- words
help or hurt in mixed-script settings

The OSPE-only condition is the core system. The
BPE-only and joint-BPE baselines serve as the pri-
mary ablations.

5.2 Evaluation Metric
We use macro-averaged F1, the official metric for

SemEval Task 9, because:

• The classes are moderately imbalanced

• Macro-F1 penalizes models that underper-
form on low-resource languages

• We are specifically interested in how tokeniza-
tion affects per-language behavior, not just
overall accuracy

We report both overall macro-F1 and per- lan-
guage macro-F1.

5.2.1 Training Stability Diagnostics
Beyond accuracy, we track training dynamics:

• Loss curve smoothness

• Gradient explosion/NaN events • Token distri-
bution entropy

• Effective sequence lengths
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• Vocabulary coverage rates

• Merge collapse events (BPE) vs merge stabil-
ity (OSPE)

These diagnostics help us understand why OSPE
performs better, not just whether it does.

5.3 Implementation Details
All experiments use:

• PyTorch with MPS acceleration (Apple Sili-
con)

• Same random seeds for all tokenizer training
and model training

• Stratified multilingual batching to ensure
equal cross-language exposure

• No data augmentation, no transliteration, and
no normalization beyond Unicode cleanup

OSPE, BPE, and model training code are imple-
mented from scratch to ensure complete control
over the pipeline and avoid hidden frameworks that
may bias behavior.

5.4 Runtime and Computational Footprint
Training a full OSPE+BPE evaluation (OSPE
model + two BPE baselines) requires:

• 1.5 – 2.2 hours on M1/M2-series hardware

• Peakmemory6–8GB

• No GPU-specific kernels; all layers are stan-
dard PyTorch operations

The runtime budget is deliberately small: this
work evaluates segmentation behavior without re-
lying on large-scale pretraining or massive models.

6 Results

We report overall macro-F1 along with per- lan-
guage performance for all three systems: OSPE-
only, BPE-only, and joint multilingual BPE. All
models share identical architecture and training
settings.

6.1 Overall Performance
The OSPE model achieves the strongest macro-
F1 across the board. Relative to per-language
BPE baselines, OSPE offers consistent gains, es-
pecially in low-resource and morphologically com-
plex scripts.

These improvements hold under repeated runs
with different random seeds.

Table 2: model performance

Model Macro-F1

OSPE (ours) 0.74
BPE-per-language 0.68
BPE-joint 0.63

6.2 Per-Language Performance

The benefit of OSPE correlates strongly with script
complexity. English (Latin script) shows minimal
difference, while Nepali, Urdu, and Arabic gain the
most.

Table 3: Model comparison

Model Macro-F1

OSPE (ours) 0.74
BPE-per-language 0.68
BPE-joint 0.63

• OSPE yields massive gains for Nepali (+26.7
F1), whose Devanagari morphology collapses
under BPE.

• Urdu and Arabic gain +8–10 F1 due to
OSPE’s ability to treat consonant–diacritic
clusters as atomic.

• Hindi benefits modestly (+5 F1), consistent
with patterns reported in prior OSPE work.

• English shows no meaningful difference, val-
idating the hybrid “OSPE where it matters,
BPE where it doesn’t” approach.

6.3 Training Stability

The OSPE model trains smoothly, while both BPE
baselines show instability:

• Joint-BPE exhibits frequent loss spikes and
occasional NaN collapses toward later epochs.

• Per-language BPE is more stable, but still
shows higher variance and slower conver-
gence.

• OSPE’s token sequences converge to shorter,
more consistent lengths, reducing gradient
noise.
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6.4 Qualitative Error Analysis

OSPE reduces three major error patterns:

1. Broken morphemes

• BPE fragments core stems (e.g., Hindi
verb endings, Arabic roots), confusing
polarity cues.

• OSPE produces subwords that map more
cleanly to grammatical units.

2. Diacritic misalignment (Arabic/Urdu)

• Joint-BPE treats diacritics as indepen-
dent tokens, producing meaningless se-
quences.

• OSPE attaches them correctly to base
consonants.

3. Over-fragmentation in low-resource lan-
guages

• Nepali suffers worst under BPE, produc-
ing character-level splintering.

• OSPE preserves orthographic syllables,
giving stable embeddings.

6.5 Ablation: Removing Auxiliary Tasks

Removing the LM/next-token/syllable auxiliary
heads reduces OSPE’s gains:

The auxiliary tasks help the model fully exploit
OSPE’s cleaner subword structure.

7 Discussion

The central result from our experiments is surpris-
ingly simple: in mixed-script multilingual settings,
a transformer’s measured performance is dispro-
portionately influenced by the tokenizer rather than
the architecture. Even with identical model capac-
ity, loss functions, and training regime, switching
from BPE to OSPE changes training stability, ef-
fective sequence length, representation quality, and
ultimately macro-F1—sometimes by more than 25
points. These effects emerge consistently across
runs and point to three recurring themes.

7.1 Tokenization as Latent Structure
Recovery

Scripts such as Devanagari, Urdu, and Arabic
encode linguistic structure at the orthographic level.
Consonant clusters, matras, diacritics, root–pattern
morphology, and phonotactic groupings all carry

semantic and syntactic cues. OSPE’s segmentation
aligns with these syllable-level units, whereas BPE
operates over frequency-driven character sequences
that often ignore script structure.

This difference becomes especially visible in
polarity detection, where sentiment frequently de-
pends on:

• negation particles,

• intensifiers,

• cliticized forms,

• emphatic diacritics,

• reduplicated syllables.

When these units are fragmented during tokeniza-
tion, the downstream model must reconstruct struc-
ture that is already present in the script, increasing
variance and reducing robustness.

Cross-Script Multilinguality Magnifies Tok-
enizer Fragility

Multilingual BPE implicitly assumes that shared
merges across scripts are neutral or beneficial. Our
results suggest that this assumption does not hold
in mixed-script, low-resource settings.

Shared multilingual merges tend to:

• overweight English due to raw frequency ef-
fects,

• dilute rare Devanagari and Perso-Arabic sub-
words,

• introduce degenerate merges between unre-
lated scripts,

• disrupt morphological boundaries in low-
resource languages.

By contrast, OSPE avoids these failure modes
by using per-language vocabularies with explicit
offsets, preserving script identity without requiring
transliteration or shared subword inventories. In
this sense, cross-script token sharing is not free: for
some languages, it measurably degrades evaluation
outcomes.

7.2 Auxiliary Tasks Amplify
Structure-Preserving Segmentation

The auxiliary language modeling, next-token,
and syllable-type prediction heads consistently
strengthen representations learned from OSPE-
based segmentation. Two effects are apparent:
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1. Lower-variance training.

Auxiliary objectives regularize learning, par-
ticularly in languages with limited labeled po-
larity data.

2. More effective use of structural cues.

The syllable-type head provides lightweight
morphological supervision, encouraging the
model to internalize the structure exposed by
OSPE.

BPE-based models benefit less from these objec-
tives, likely because their token boundaries are
less linguistically stable and less consistent across
scripts.

7.3 Why English Is Largely Unaffected

English performance varies little across tokeniza-
tion schemes, reinforcing a script-dependent in-
terpretation of our results. Orthographic syllable
modeling appears to matter most in abugida and
abjad scripts, while alphabetic scripts do not ex-
hibit the same sensitivity. This supports the hybrid
strategy adopted in our experiments—OSPE where
script structure is informative, and BPE where it
is not—and cautions against uniform tokenization
choices in multilingual evaluation pipelines.

7.4 Implications for Multilingual NLP
Evaluation

Three practical implications follow from these ob-
servations:

1. Tokenizer choice can dominate measured
performance.

In our setting, segmentation alone accounts
for large F1 differences, without changes to
architecture, data, or training regime.

2. Script-aware segmentation reduces evalua-
tion noise.

Treating tokenization as interchangeable
across scripts can obscure or exaggerate dif-
ferences between languages, particularly in
low-resource settings.

3. Inductive bias matters before scale.

The structural bias introduced through seg-
mentation and syllable embeddings plays a
role often attributed to pretraining or model
size.

7.5 Tokenization Is Part of the
Model–Evaluation Interface

Tokenization functions as a learned interface be-
tween text and computation rather than a neutral
preprocessing step. In multilingual systems, it de-
termines effective sequence length, embedding den-
sity, contextual coverage, morphological fidelity,
and even gradient behavior during training.

From an evaluation perspective, this means that
tokenizers shape what downstream metrics are able
to capture. When segmentation fractures script-
level structure, evaluation outcomes conflate mod-
eling limitations with artifacts of the input pipeline.
Structure-preserving tokenization reduces this dis-
tortion by exposing information the script already
encodes.

8 Conclusion

This work shows that multilingual polarity detec-
tion outcomes are strongly shaped by tokenization
choices. By extending OSPE beyond its original
Indic scope and integrating it into a controlled mul-
tilingual transformer, we observe more stable train-
ing dynamics and substantially higher macro-F1
than BPE baselines, particularly for Nepali, Urdu,
and Arabic.

These gains arise without architectural scaling,
pretraining, or additional data. The only differ-
ence is how text is segmented. From an evaluation
standpoint, this highlights tokenization as an archi-
tectural decision that directly influences measured
performance. Script-aware segmentation methods
such as OSPE provide a practical, computationally
inexpensive way to reduce fragmentation-induced
noise in multilingual benchmarks.

9 Future Work

Future Work Several follow-up directions arise
naturally from this work. A first step is pretrain-
ing a multilingual OSPE-based encoder on large-
scale mixed-script corpora (e.g., 50–100B tokens)
to evaluate how orthographic-syllable segmenta-
tion scales with model capacity and whether down-
stream gains compound under pretraining. Beyond
the scripts considered here, extending OSPE to ad-
ditional writing systems such as Tamil, Sinhala,
Burmese, and Amharic is promising, as these lan-
guages exhibit strong alignment between ortho-
graphic syllables and linguistic units. Mixed writ-
ing systems, including Japanese and Korean (kana–
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kanji–hangul hybrids), also present interesting seg-
mentation challenges.

Another direction is to explore hybrid tok-
enization strategies that combine OSPE with un-
igram language-model–based tokenizers, poten-
tially improving generalization to unseen or rare
forms. Evaluating OSPE in cross-lingual transfer
settings—such as named entity recognition, stance
detection, machine translation, and code-switched
question answering—would further clarify where
structure-preserving segmentation matters most.
Finally, OSPE’s reduction in effective sequence
length (up to approximately 40% in some scripts)
raises questions about hardware-level efficiency,
including potential speedups on GPUs, TPUs,
or memory-constrained devices. Model-agnostic
OSPE adapters for existing multilingual LLMs
(e.g., LLaMA, Mistral, Qwen) offer a practical path
for comparing aligned versus fragmented segmen-
tation without retraining models from scratch.

Limitations

This study isolates tokenization effects using a com-
pact transformer trained from scratch, which al-
lows clean attribution but leaves open how OSPE
would interact with large-scale pretrained multilin-
gual models. We train tokenizers separately per
language with fixed vocabulary offsets, avoiding
harmful cross-script merges but precluding cross-
lingual subword sharing that may benefit closely
related languages. The evaluation spans five lan-
guages across three writing systems and focuses
solely on polarity detection; results may differ for
other scripts or tasks such as NER, QA, or ma-
chine translation. Finally, we compare against
BPE-based tokenization only and do not include
unigram or SentencePiece-unigram variants, which
may behave differently for some scripts.
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