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Abstract

Tokenization is fundamental to neural lan-
guage modeling, yet for Tamil it remains
largely adapted from general-purpose multi-
lingual models without systematic considera-
tion of the rich agglutinative morphology. We
introduce TamilMorph, a large-scale dataset
of more than 480,000 morphologically seg-
mented Tamil word forms. Building on
this new resource, we develop TamilTok,
a morphology-aware tokenization framework
that incorporates explicit morpheme structure
into tokenizer training. We benchmark Tamil
tokenization quality across multiple tokeniza-
tion algorithms and vocabulary configurations
and find that our approach improves both mor-
phological alignment and downstream perfor-
mance compared to previous approaches. Our
morphological resource for Tamil and our sys-
tematic empirical analyses can guide future
developments of tokenization for morphologi-
cally rich languages.

1 Introduction

Tokenization shapes the interface between raw
symbolic text and computational representations
in large language models. The choices of the to-
kenization algorithm and the granularity of the vo-
cabulary determine how textual input is segmented
into machine-learnable units, affecting model effi-
ciency, preservation of semantic information, and
generalization capabilities (Petrov et al., 2023).
Subword tokenization has been optimized for the
rather shallow morphological structure of English,
and it remains an open research question how well
the frequency-driven segmentation approach cap-
tures more complex agglutinative processes (Ahia
et al., 2023; Arnett and Bergen, 2025).

Tamil is a Dravidian language spoken by more
than 80 million people in India, Sri Lanka, Sin-
gapore, Malaysia, and communities of the global
diaspora. It is written in an abugida script

that encodes morphophonemic processes known
as sandhi phenomena: systematic sound changes
when two morphemes are combined. Tamil mor-
phology is agglutinative, which means that suf-
fixes can be stacked and the combined meaning
can be derived systematically from the meaning
of parts due to direct form–function correspon-
dences. For example, the word வ¥ருந்த¦னர்-
களுக்கும் (“for the guests as well”) is an ag-
glutinative form derived from the rootவ¥ருந்த¦-
னர் (“guest”). It is formed by sequentially adding
the plural marker -கள் and the dative marker -
உக்கும் (which additionally encodes the mean-
ing “also/too”).

Tamil uses systematic suffixation to inflect
nouns across multiple grammatical cases and en-
codes tense, aspect, and agreement of verbs via
sequential morpheme addition. Due to the high
morphological regularity, a single lexical root can
generate dozens of valid surface forms. The pro-
ductive stacking of suffixes presents a challenge
for frequency-driven subword tokenization, which
often fragments morphemes into frequent surface
forms, leading to disrupted morphological bound-
aries, especially in multilingual models (Bayram
et al., 2025; Chintha and Konduru, 2025; Jabbar,
2023; Parra, 2024).

Despite Tamil’s linguistic richness and large
speaker base, dedicated studies on Tamil tokeniza-
tion are scarce (Krishnan and Ragavan, 2021; T K
et al., 2024). In practice, Tamil is usually pro-
cessed with multilingual tokenizers, rather than
dedicated monolingual ones. The design assump-
tions of multilingual models are largely shaped by
high-resource analytic languages such as English,
which are structured by whitespaces and exhibit
only limited inflection. As a consequence, a dis-
proportionate portion of sharedmultilingual vocab-
ularies is allocated to high-frequency units from
resource-rich languages. This imbalance is fur-
ther compounded by the distinct Tamil script, re-
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sulting in minimal orthographic overlap with other
languages. As illustrated in Figure 1, morpholog-
ically rich languages such as Tamil are often over-
segmented, causing longer sequences with reduced
morphological coherence leading to higher compu-
tational cost (Ahia et al., 2023; Petrov et al., 2023).

அ னை த்து விரு ினந்த ர்க ளுக்கும்

அன்ப வண க்க ங்கள்ான .

Warm greetings to all guests .

Figure 1: Example of over-fragmentation of a Tamil
sentence by the Gemma tokenizer (Gemma Team,
2025). Words (visualized as boxes) are split into multi-
ple subword tokens and token splits (expressed by |) do
not align with morphological boundaries. For the En-
glish translation, the same tokenizer keeps all words as
a single token.

Recent work demonstrates that linguistically-
informed segmentation can improve morpholog-
ical alignment and downstream performance in
morphologically rich languages. Approaches
integrating morphological supervision (Pan et al.,
2020), rule-based constraints (Asgari et al.,
2025), morphological analyzers (Matthews et al.,
2018), architecture-level morphology modeling
(Kumar M et al., 2010; Ataman and Federico,
2018), or morphology-aware pre-tokenization
(Brahma et al., 2025) have shown gains in pre-
serving morpheme boundaries and reducing
over-segmentation. Yet, progress for Tamil
remains limited, largely due to lacking large-
scale high-quality morphological segmentation
resources for tokenizer training and evaluation.

We introduce TamilMorph, a large-scale mor-
phological segmentation dataset that contains over
480,000 valid morphological word forms with an-
notated morpheme boundaries to address the lack
of high-quality resources for Tamil. Based on this
gold standard, we present our morphology-aware
tokenization framework TamilTok. By decompos-
ing surface forms into valid morpheme sequences
prior to subword learning, we improve morpho-
logical coherence and downstream performance on
named entity recognition while maintaining com-
petitive compression efficiency.

Our dataset and tokenizer are publicly available
to support further research on Tamil NLP1.

1https://gitlab.gwdg.de/huds/projects/
tamiltok

2 Related Work

Tokenization is commonly conducted using
frequency-driven subword segmentation methods,
but their suitability for morphologically rich
languages has been questioned. While prior
work has demonstrated the potential benefits of
linguistically-informed segmentation, progress
remains uneven due to limited large-scale,
task-aligned morphological datasets for many
languages.

2.1 Subword Tokenization
Subword tokenization splits text input into se-
quences of frequently co-occurring characters. In
contrast to word-level segmentation, it can capture
novel sequences that were not seen during train-
ing (by fragmenting them into smaller parts) while
maintaining a manageable vocabulary size. The
most widely adopted approaches include Byte Pair
Encoding (BPE) (Sennrich et al., 2016), which
greedily merges the most frequent adjacent sym-
bols; WordPiece (Devlin et al., 2019), which in-
crementally builds a subword vocabulary using
likelihood-based merges that improve corpus mod-
eling; Unigram LanguageModeling (UnigramLM)
(Kudo, 2018), which formulates tokenization as a
probabilistic segmentation problem and iteratively
prunes subword units that minimally contribute to
the likelihood of the model.

Frameworks such as SentencePiece (Kudo and
Richardson, 2018) enable language-independent
preprocessing on raw text without relying on
whitespaces, while byte-level models such as
ByT5 (Xue et al., 2022) operate directly on raw
bytes. Despite architectural differences, all sub-
word segmentation approaches are fundamentally
frequency-driven and largely language-agnostic
without considering typological variation in mor-
phological structure, causing large cross-lingual
differences in tokenization quality.

2.2 Tokenization of Morphologically
Complex Languages

Tokenizing morphologically rich languages
presents unique challenges that standard subword
approaches often fail to address adequately. Tamil,
in particular, has been identified as one of the most
fragmented languages in multilingual tokenization
regimes, causing increased computational cost
and reduced semantic coherence (Ahia et al.,
2023; Petrov et al., 2023).
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To address these issues, several studies explore
morphology-aware tokenization strategies. For ex-
ample, Pan et al. (2020) incorporatemorphological
preprocessing into BPE for neural machine transla-
tion for Turkish and Uyghur, Ataman et al. (2019)
propose hierarchical character-based decoding that
explicitly preserves morpheme boundaries during
translation, and Matthews et al. (2018) introduce
morpheme-level embeddings.

More recent analyses examine the influence
of improved morphological alignment on down-
stream task performance. Previous research finds
positive correlations between morphology-aware
representations and downstream task accuracies
(Vemula et al., 2025), but others conclude that
the relationship is task- and language-dependent
(Arnett et al., 2025), or resolved by equalizing
data quantity (Arnett and Bergen, 2025). How-
ever, their evaluation does not include Tamil or
other Dravidian languages. In contrast, Brahma
et al. (2025) find that morphology-driven pre-
tokenization improves performance for Hindi and
Marathi using neural segmentation combined with
corpus-level heuristics. These results indicate that
morphology-aware tokenization can yield tangible
benefits when properly aligned with the linguistic
structure.

3 The TamilMorph Dataset

Previous approaches for morphological segmenta-
tion of Tamil morphology use finite-state analyz-
ers (Sarveswaran et al., 2021), rule-based segmen-
tation (Krishnan and Ragavan, 2021), or unsuper-
vised approaches (Virpioja et al., 2013), but the
existing systems only capture a very small set of

morphological phenomena and do not generalize
robustly. In order to assess morphological bound-
aries on a larger scale while maintaining gram-
matical accuracy, we introduce TamilMorph: an
extensive dataset specifically designed for identi-
fying linguistically reliable morpheme boundaries.
It provides broad coverage of morphological phe-
nomena such as inflectional and derivational pat-
terns of nouns and verbs (including phonologically-
conditioned alternations) while adhering to gram-
matical constraints.

3.1 Dataset Construction
Figure 2 visualizes our hybrid construction strat-
egy that combines linguistic rules with controlled
computational generation, ensuring both linguistic
validity and a broad morphological coverage. The
process follows a reverse engineering approach:
Tamil words are first synthetically generated ac-
cording to derivation and inflection rules while
keeping track of segmentation boundaries. Us-
ing this controlled procedure for manipulating root
forms, we avoid relying on an imprecise morpho-
logical analyzer. Instead, we focus on extract-
ing high-quality root forms and linguistically valid
rules.

Root Extraction We extract root morphemes di-
rectly from the annotated Tamil corpus provided
by the Tamil Virtual Academy (Tamil Virtual
Academy, 2022). Since our framework requires ex-
plicit identification of base forms, only the root in-
formation associated with each POS-tagged word
form is utilized. After normalization and dedupli-
cation of the 320,448 annotated word forms, we
obtained 28,209 noun roots and 3,078 verb roots.

AnnotationRootEntry

வ"வர$, Nவ"வர$வ"வரமாக

*+,-, N*+,-*+,-.ள

வ"ல12, Nவ"ல12வ"ல1ேகா5

… 

Tamil Virtual Academy Corpus

Root Extraction

Rule Schema Identification (Chithra et al. 2024)

Derivation RuleSuffixRoot
_# + % + க' க' _# 

_ை◌ + (++இ) + ட# இட# _ை◌ 

_# + (//+இ) + ட#இட# _# 

… 

Over-Generation

TamilMorph
SuffixRootWord Form
%க' வ1வர வ1வர%க' 

◌ாக 456ப 456பாக 

◌ிட# வ1ல%க வ1ல%கிட# 

… 

+ Corpus Filter

+

+

Figure 2: The dataset construction process for TamilMorph. We extract root morphemes and derivation rules from
linguistic resources, over-generate all possible forms, and then filter based on corpus frequencies.
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Rule Schema Identification We derive morpho-
logical rules from a grammar reference book for
Tamil (Chithra et al., 2024), which documents
the canonical patterns of well-formed derivation
in Tamil, including sandhi processes governing
phonological alternations at morpheme bound-
aries. As illustrated in Figure 2 in the Formation
Rule column, the locative suffix இடம் surfaces
differently depending on the phonological proper-
ties of the root endingம் andை◌. Distinct sandhi
operations, indicated within parentheses, account
for these variations, but the morphological func-
tion of the suffix remains the same.

Morphological Derivation Using the extracted
root morphemes and linguistic rules, we imple-
ment a synthetic expansion procedure to over-
generate inflected and derived forms. For each
root, all permissible suffix chains are applied ac-
cording to morphological rules and phonological
constraints. This process captures inflectional pat-
terns for number, case, tense, mood, aspect, and
voice for both nouns and verbs. In a second
stage, the over-generated surface forms are checked
against a strict corpus-based filter: only forms
that occur at least once in the IndicNLP corpus
(Kunchukuttan et al., 2020) are kept to avoid overly
artificial generations. The dataset statistics are pro-
vided in Table 1.

Stage Type Count

Generation
Verbal suffixes 31
Nominal suffixes 34
Unique roots 31,287
Generated forms 53,217,115

Filtered
Word Forms 481,099
Unique root forms 101,821
Unique suffixes 1,037
Avg. suffix length 3.8

Table 1: Dataset statistics for TamilMorph.

3.2 TamilMorph
Using the procedure described above, we created
TamilMorph to extract Tamil word forms with ex-
plicitly annotated morpheme boundaries that cor-
respond to the correct linguistic structure. Each
entry consists of a surface-form word decomposed
into two components: a root and a corresponding
suffix. To maintain structural consistency, all non-
root morphemes associated with a word are com-
bined into a single suffix unit, resulting in a fixed
two-part representation (root + suffix) for every

word form.2 An example of this representation is
shown in Figure 2.

The dataset systematically captures a broad spec-
trum of agglutinative inflectional and derivational
Tamil patterns. Beyond serving as a linguistic re-
source, TamilMorph serves as the backbone of our
TamilTok framework. The annotated segmenta-
tions enable supervised training of a neural mor-
phological segmentation model, which generalizes
beyond the dataset vocabulary and functions as an
upstream component in the morphology-aware to-
kenization pipeline. Furthermore, the explicit mor-
pheme annotations and broad lexical coverage pro-
vide a gold standard for evaluating tokenizer behav-
ior using morphological alignment metrics such
as MorphScore F1 (Arnett and Bergen, 2025) and
comparing tokenization strategies.

4 Experimental Setup
In our analysis, we compare the Tamil tokeniza-
tion quality of newly trained monolingual tokeniz-
ers to a range of pretrained multilingual tokeniz-
ers: mBERT (Devlin et al., 2019), XLM-R (Con-
neau et al., 2020), mT5 (Xue et al., 2021), Gemma
(Gemma Team, 2025), mBART (Liu et al., 2020),
IndicBERT (Doddapaneni et al., 2023). Our stan-
dardized evaluation setup compares the influence
of the training corpus, the tokenization algorithm,
and the vocabulary size.

4.1 Tokenizer Training
We train monolingual Tamil tokenizers using
standardized normalization and preprocessing
pipelines; the implementation details can be found
in our code repository provided in the supple-
mentary material. We use the three subword
tokenization algorithms BPE (Sennrich et al.,
2016), WordPiece (Devlin et al., 2019), and
UnigramLM (Kudo, 2018), as implemented in the
SentencePiece package.3

We use the Tamil portion of IndicNLP (Dod-
dapaneni et al., 2023) with 68,237,343 lines and
Tamil Wikipedia (Wikimedia Foundation, 2023)
with 4,716,963 lines as training data. Af-
ter filtering all lines containing non-Tamil char-
acters, we retain 10,693,052 lines from Indic
NLP and 2,997,493 from Wikipedia and ap-

2We found that the coarse-grained distinction provided
more robust information for the tokenizer in pilot experiments,
but we also provide the more fine-grained boundaries in our
resource repository.

3pypi.org/project/sentencepiece/0.2.0/
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ply Unicode normalization.4 We vary the
vocabulary size k of each tokenizer (k ∈
{3000, 5000, 8000, 16000, 32000}). Small values
of k are comparable to the limited vocabulary al-
location of Tamil in a shared multilingual vocabu-
lary; larger values are more common for monolin-
gual tokenizers.

4.2 Intrinsic Evaluation
We evaluate intrinsic tokenization quality along
two complementary dimensions: information com-
pression and linguistic plausibility. Information
compression focuses on the efficiency of informa-
tion reduction achieved by the tokenizer. In ad-
dition to the compression rate (ratio of characters
to tokens), we analyze word-level fertility (average
number of subword tokens per word) and Rényi
efficiency (Zouhar et al., 2023), which measures
how efficiently the tokenizer balances the token
distribution over the vocabulary. Higher values for
Rényi efficiency indicate that the usage of the vo-
cabulary is closer to a uniform distribution. While
this suggests more efficient resource allocation, it
is counterintuitive from a linguistic perspective be-
cause in all natural languages, vocabulary usage
follows a Zipfian distribution with a long tail of
rare words. A highly efficient tokenizer does not
necessarily use morphologically plausible bound-
aries to segment the input. Using our TamilMorph
dataset, we can quantify the linguistic plausibility
of the tokenizer by comparing subword splits to
morpheme boundaries. We quantify the difference
between the splits proposed by the tokenizer and
the morphological boundaries between root and
suffix using the Creutz–Linden F1 (Morph-F1) cal-
culation (Creutz and Linden, 2004). Unlike the
default MorphScore implementation (Arnett et al.,
2025), we compute boundary statistics within a
unified evaluation framework to accommodate for-
mat differences and allow consistent per-tokenizer
aggregation. The resultingF1-score penalizes both
over- and under-segmentation, providing a direct
and interpretable measure of how well a tokenizer
preserves morphologically meaningful structure.

4.3 Downstream Performance
In order to quantify the interaction between in-
trinsic tokenization quality and downstream perfor-
mance, we train a TamilBERT model using a stan-
dard encoder-only transformer architecture consist-

4Unicode normalization ensures that visually similar
Tamil characters are mapped to the same code points.

ing of eight transformer blocks with eight attention
heads. The model is pre-trained with a masked-
language-modeling objective on the IndicNLP cor-
pus using the different tokenizers and the small-
est vocabulary size (k = 3000). The pre-trained
TamilBERT models are finetuned on the WikiAnn
Tamil NER dataset (Pan et al., 2017), which pro-
vides BIO-tagged annotations for the categories
person (PER), location (LOC), and organization
(ORG). The dataset contains 38,728 instances that
are split into train (50%), dev (25%) and test (25%)
sets. Finetuning is performed with a sequence
length of 128 tokens, a batch size of 32, and a learn-
ing rate of 5× 10−5 for 10 epochs.

5 TamilTok: Tokenization with
Morphological Information

Subword tokenizers typically involve a pre-
tokenization step that splits the input based on
whitespaces. However, standard whitespace
tokenization fails to capture internal morpholog-
ical boundaries in agglutinative languages like
Tamil. We aim at introducing a pre-tokenization
step that splits the input based on morphological
boundaries before learning subwords. Using our
new dataset TamilMorph, we can now train a
morphological segmentation model capable of
decomposing unseen surface forms into valid
morpheme sequences. We model segmentation
as a conditional sequence generation task using
ByT5 (Xue et al., 2022). We employ a byte-level
architecture for this segmentation task as it
robustly handles out-of-vocabulary characters
without inducing prior biases, allowing the model
to learn morphological boundaries directly from
the provided data. We fine-tune the ByT5-Small
configuration (300M parameters) on 503,292
root-suffix pairs in TamilMorph using a 90/10
train–test split without providing any auxiliary
linguistic features or lexicon constraints. The
model is trained for 5 epochs with a learning rate
of 5 × 10−5 and deterministic decoding. The
segmentation algorithm correctly identifies 96%
of the boundaries between the root and the suffix
on the test set.

If we apply our novel morphological segmenta-
tion algorithm as a pre-tokenization step, we force
the subword algorithm to perform merge opera-
tions within morphologically valid units to reduce
cross-morpheme fragmentation. The segmenta-
tion algorithm alone cannot be used directly as in-
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Lang Type Config Fert.↓ Comp. Rényi Morph-F1 NER-F1

English Multilingual mBERT 1.32 4.61 .60 - -

Tamil

Multilingual

mBERT 3.64 2.55 .47 .24 -
XLM-R 2.47 3.79 .54 .31 -
mT5 2.54 3.65 .55 .29 -
Gemma 2.39 3.92 .56 .20 -
mBART 2.47 3.79 .54 .31 -
IndicBERT 3.39 2.73 .37 .11 -

Monolingual
Byte-level BPE 2.51 3.73 .87 .26 .64
Unigram 2.27 3.96 .85 .33 .65
WordPiece 2.59 3.60 .84 .26 .65

Morph. informed TamilTok 2.50 3.75 .83 .35 .67

Table 2: Comparison of pre-trained multilingual tokenizers to our small monolingual tokenizers (k = 3000) and to
our TamilTok variant with morphologically-informed pre-tokenization for the intrinsic evaluation metrics fertility,
compression, and Rényi efficiency, for the alignment with morphological boundaries (Morph-F1) and for down-
stream performance on named entity recognition (NER-F1). For comparison, we additionally report the results for
English using the mBERT tokenizer.

put for a neural model as it does not use a fixed vo-
cabulary size and does not necessarily align with
the surface structure of the input.

6 Results
In Table 2, we compare the tokenization quality of
Tamil when using existing pretrained multilingual
tokenizers to newly trained monolingual tokeniz-
ers.

6.1 Tokenizer Evaluation
For a fair comparison, we first provide the re-
sults for the monolingual tokenizers with the small-
est vocabulary size (k = 3000). Fertility, com-
pression ratio and Rényi efficiency are measured
using parallel Tamil-English sentences from the
Flores-101 dataset (Goyal et al., 2022), whereas
the Morph-F1 and NER-F1 are measured using
the TamilMorph test set and WikiAnn (Pan et al.,
2017), respectively. The results confirm our anec-
dotal impression that existing pre-trained multi-
lingual tokenizers perform poorly on Tamil in-
puts: high fertility and low compression rate indi-
cate over-fragmentation that violates morphologi-
cal boundaries. The mBERT model tokenizes En-
glish words into 1.32 subword tokens on average
and Tamil words into 3.64 subword tokens. The
monolingual tokenizers yield better information
compression (especially the one based on the Uni-
gramLM algorithm), and the high values for Rényi
efficiency indicate a better allocation of the vocab-
ulary. Our TamilTok shows a substantial improve-
ment inmorphological alignmentwithout reducing
information compression and downstream perfor-

mance.
The choice of the training corpus exhibits only

a marginal effect on alignment quality. For the
UnigramLM algorithm, the tokenizers trained on
the IndicNLP corpus achieve slightly higher fertil-
ity (3.91) and Morph-F1 (0.33) compared to those
trained on Wikipedia (3.87; 0.32). However, the
differences are minimal, indicating that both cor-
pora produce broadly comparable subword seg-
mentation quality when trained under controlled
and balanced conditions.

6.2 Tokenization Parameters
For the following experiments, we chose the Indic-
NLP corpus due to its larger overall token count
and higher number of unique word forms to better
examine the influence of the vocabulary size.

Tokenization Algorithm Figure 3 illustrates the
influence of the vocabulary size and the tokeniza-
tion algorithm on the F1 and fertility metrics.
Across all configurations, using UnigramLM con-
sistently leads to better morphological alignment
than BPE or WordPiece. Crucially, this advantage
is not accompanied by substantially higher fertil-
ity, indicating that the gains cannot be attributed to
increased subword fragmentation. Rather, the re-
sults suggest that the probabilistic objective under-
lying UnigramLM more effectively captures mor-
phologically coherent boundaries than determinis-
tic merge-based approaches.

Vocabulary Size Increasing the vocabulary sys-
tematically reduces fertility, reflecting improved
compression efficiency through longer and more
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Figure 3: Effect of tokenization algorithm and vocabulary size on morphological alignment (Morph-F1, left) and
fertility (right). Both metrics improve with increasing vocabulary size and the UnigramLM algorithm consistently
outperforms BPE and WordPiece in preserving morphological boundaries.

consolidated subword units. At the same time,
morphological alignment increases steadily across
the entire vocabulary range. The absence of satura-
tion within the examined range indicates that mor-
phological segmentation quality generally benefits
strongly from significantly larger vocabulary sizes
independent of the segmentation algorithm.

Evaluating fertility jointly with alignment there-
fore provides a more faithful characterization of
tokenizer quality and clearly establishes the supe-
riority of UnigramLM. Furthermore, as expected,
larger vocabulary sizes offer increased capacity for
extracting linguistically meaningful subword units,
contributing to improved alignment alongside re-
duced fragmentation.

7 Discussion

We observe three main observations in our ex-
periments. First, multilingual tokenizers exhibit
substantial over-segmentation for Tamil, as re-
flected in high fertility and low morphological
alignment scores. This confirms prior concerns
(Ahia et al., 2023; Arnett and Bergen, 2025; Petrov
et al., 2023) that frequency-driven shared vocabu-
laries disproportionately disadvantage morpholog-
ically rich and non-Latin-script languages. For
Tamil, the resulting fragmentation disrupts mor-
pheme boundaries and increases sequence length.

Second, the tokenization algorithm and the vo-
cabulary size have a stronger influence on mor-
phological alignment than the choice of the train-
ing corpus. UnigramLM consistently outperforms
BPE and WordPiece in Morph-F1 across con-
trolled settings and both compression and align-
ment benetfit from larger vocabulary sizes. Impor-
tantly, fertility alone does not sufficiently capture
qualitative tokenization differences, underscoring
the need for linguistically motivated evaluation.

Third, explicitly combining morphological in-
formation with existing frequency-based tokeniza-
tion algorithms in TamilTok further improvesmor-
phological alignment, in line with previous work
(Brahma et al., 2025; Bayram et al., 2025; Jab-
bar, 2023; Krishnan and Ragavan, 2021). Al-
though morphology-aware preprocessing intro-
duces a slight increase in fertility, the gain in
Morph-F1 indicates better preservation of linguis-
tically meaningful units. This suggests that mi-
nor compression trade-offs may be justified when
structural coherence is improved.

The proposed TamilMorph dataset plays a cen-
tral role in enabling these analyses. Its rule-derived
boundary-level annotations provide a consistent
gold standard for evaluating tokenizer–morpheme
agreement and support supervised training of neu-
ral segmentation models. It can be used for train-
ing and benchmarking in future research on Tamil
morphological segmentation and tokenization.

8 Conclusion

Our work introduces two contributions to
morphology-aware NLP for Tamil. We present
TamilMorph, a large-scale morphological seg-
mentation dataset comprising more than 480,000
linguistically validated word forms with explicit
morpheme segmentations. The dataset offers a
reproducible gold standard for evaluating mor-
phological alignment and supports supervised
morphological segmentation.

The proposed TamilTok algorithm, a
morphology-aware tokenization framework,
integrates neural morphological segmentation
into subword training. By injecting morpheme
structure prior to tokenizer training, the frame-
work improves morphological alignment while
maintaining competitive compression efficiency

58



and downstream performance.
Our approach can be extended to other agglu-

tinative languages, provided suitable morpholog-
ical resources are available. Overall, our work
demonstrates that linguistically-informed tokeniza-
tion leads to more structurally coherent repre-
sentations and offers a practical pathway toward
improved modeling of morphologically rich lan-
guages.

Limitations
We extracted the root forms from the Tamil Virtual
Academy corpus (Tamil Virtual Academy, 2022)
without systematically ensuring their lexical min-
imality. Manual examination indicates that some
entries labeled as roots in the corpus correspond
to compound forms (that function as surface-level
bases) rather than irreducible morphological units.
We do not expect this limitation to affect the seg-
mentation performance or structural consistency of
the dataset, but it may influence the strict linguistic
validity of the root annotations and thus, to an ex-
tent, affect the representation quality of linguistic
stems on downstream tasks.

The derivational rules used for generating the
forms in the dataset are not exhaustive. The full
range of possible derivational suffixes cannot be
derived from a single corpus or limited word-
formation references. Expanding the inventory of
suffixes will require broader linguistic investiga-
tion and the integration of additional lexical re-
sources.

Our corpus-based filter for ensuring lexical va-
lidity is overly strict. It might exclude forms that
occur with high frequency in domains not covered
in the IndicNLP corpus.
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