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Abstract

Low-resource agglutinative languages, charac-
terized by rich morphological inflection and
severe vocabulary sparsity in corpora, have
long posed numerous challenges in the field
of representation learning. Word-level represen-
tations preserve semantic integrity but strug-
gle to handle sparse surface forms, whereas
morpheme-level representations, though eas-
ier to learn, often lack holistic semantic in-
formation. Existing multi-granularity methods
are typically modeled at the word and phrase
levels, with very limited application to low-
resource agglutinative languages. Focusing on
the morphemes of agglutinative languages, this
paper proposes MAGNet, a morphology-aware
gated multi-granularity pre-training framework.
At the morpheme granularity, this framework
leverages morphological knowledge and inte-
grates morpheme segmentation with morpho-
logical tagging to construct fine-grained repre-
sentations. It further introduces a morphology-
aware masked language modeling objective to
facilitate the model in learning functional mor-
phological regularities. Meanwhile, at the word
granularity, a word-level encoder is employed
to capture contextual semantics and maintain
its semantic coherence. Finally, a gated fu-
sion mechanism dynamically fuses represen-
tations of different granularities according to
the context. Experiments conducted on two
low-resource agglutinative languages, Mongo-
lian and Turkish, for the tasks of dependency
parsing and named entity recognition (NER)
demonstrate that our method achieves consis-
tent performance improvements over strong
baseline models. Ablation studies further vali-
date the complementary roles of morphological
tagging and whole-word modeling in efficient
representation learning.

1 Introduction

Pre-trained language models such as BERT,
RoBERTa, and ALBERT (Devlin et al., 2019; Liu

etal.,2019; Lan et al., 2019) have achieved state-of-
the-art performance across a wide range of natural
language processing tasks by leveraging large-scale
pre-training on the Transformer architecture fol-
lowed by task-specific fine-tuning. These models
effectively capture lexical, syntactic, and semantic
information in high-resource settings.

However, modeling agglutinative languages re-
mains challenging. In such languages, words are
formed by concatenating multiple morphemes that
jointly encode grammatical and semantic informa-
tion, resulting in a large number of surface forms
and a high out-of-vocabulary rate. Especially un-
der low-resource conditions (Liu et al., 2021), Data
sparsity is further exacerbated by the combinato-
rial nature of morpheme sequences, limiting the
effectiveness of word-level modeling.

Although contextualized models based on Trans-
formers dynamically generate representations con-
ditioned on context, single-granularity modeling
remains insufficient for low-resource agglutinative
languages: fine-grained units are easier to learn but
lack holistic semantics (Arnett and Bergen, 2025),
whereas coarse-grained word units preserve seman-
tic integrity but suffer from sparsity and segmen-
tation ambiguity (Peters et al., 2018; Devlin et al.,
2019).

The development of existing multi-granularity
pre-training methods has opened up an important
innovative direction for natural language process-
ing tasks. These methods have achieved remark-
able performance on various benchmark tasks of
high-resource languages such as English and Chi-
nese(Sun et al., 2020; Joshi et al., 2020; Zhang
et al., 2021). This technical paradigm offers direct
enlightenment for tackling the modeling challenges
of low-resource agglutinative languages. Neverthe-
less, how to design adaptive multi-granularity unit
segmentation strategies, fusion mechanisms and
representation learning frameworks in light of the
grammatical properties of agglutinative languages
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constitutes the core entry point and innovative di-
rection of this study.

In this work, we propose MAGNet (Morphology-
Aware Gated multi-Granularity Pre-training), a
multi-granularity pre-training framework for ag-
glutinative languages. Our main contributions are
summarized as follows:

Propose a morphology-aware multi-granularity
word representation method. At the morpheme
level, we construct fine-grained representations
based on morphemes and their morphological anno-
tations, and introduce a morphology-aware masked
language modeling objective to help the model
learn morphological rules. At the word level, we
capture contextual semantic information via a word-
level encoder, which effectively preserves semantic
coherence and achieves multi-granularity represen-
tation.

Design a fusion method based on the gated mech-
anism. We introduce a learnable gated mecha-
nism to dynamically trade off between fine-grained
morphological representations and coarse-grained
word-level representations, enabling the model to
adaptively select the more appropriate representa-
tion granularity according to the context.

Validate the effectiveness of the proposed
method in low-resource agglutinative language
scenarios. Experimental results on multiple
downstream tasks for Mongolian and Turkish show
that the proposed multi-granularity pre-training
framework outperforms various strong baseline
models, verifying its effectiveness in improving the
robustness and semantic expressiveness of word
representations for agglutinative languages.

2 Related Work

Early studies on low-resource agglutinative lan-
guages adopted rule-based or statistical-based mor-
phemic analysis methods, which rely heavily on
extensive linguistic expertise and suffer from lim-
ited scalability (Creutz and Lagus, 2007). Sub-
sequently, static word embedding methods such
as Word2Vec and GloVe (Mikolov et al., 2013;
Pennington et al., 2014) alleviated the burden of
manual feature engineering, but their fixed word
representation form makes it difficult to handle
morphological inflection issues. Words in low-
resource agglutinative languages are composed of
stems concatenated with multiple affixes (Rasooli
and Tetreault, 2015). To address this characteristic,

the FastText(Bojanowski et al., 2017) method miti-
gates the representation challenges caused by mor-
phological inflection to a certain extent by incor-
porating character n-gram information. However,
this method still treats all subword units equally
and fails to accurately capture the semantic differ-
ences and grammatical functions between stems
and affixes (Heinzerling and Strube, 2018).

With the emergence of contextual representa-
tions, models such as ELMo (Peters et al., 2018),
BERT, and their multilingual variants (mBERT and
XLM-R) have significantly improved the effective-
ness of word representation through large-scale
pre-training and contextual information modeling
(Devlin et al., 2019; Ruder et al., 2019). Neverthe-
less, in low-resource agglutinative language scenar-
ios, these models often face problems such as poor
tokenization performance and insufficient learning
of rare morphological patterns, which limits their
ability to fully capture fine-grained morphological
semantics.

To tackle the issue of morphological richness in
agglutinative languages, a series of studies have
focused on explicitly integrating morphological in-
formation into word representation learning (Na
et al., 2024a). These studies explored composi-
tional models that construct representations of mor-
phologically complex words by fusing stem and
affix embeddings, demonstrating that explicit mod-
eling of morphological structures can effectively
alleviate the data sparsity problem (Lazaridou et al.,
2013). Subsequent works further introduced mor-
phological tagging or multi-task learning objectives
to enable embedding vectors to capture grammati-
cal functions while encoding semantic information
(Cotterell and Schiitze, 2015).

Research on multi-granularity representation
learning focuses on the word and phrase levels,
with the core goal of fusing information from dif-
ferent levels to enhance semantic representation ca-
pabilities. Among existing methods, many achieve
multi-granularity fusion through simple concatena-
tion or linear projection (Li et al., 2018). Although
these methods are easy to implement, they share
a common limitation: they tend to assume that all
granularities contribute equally in different con-
textual environments. However, in low-resource
agglutinative languages, the importance of morpho-
logical and lexical information carried by stems
and affixes (i.e., morphemes) dynamically changes
with syntactic and semantic conditions (Yang and
Nicolai, 2025). Therefore, it is necessary to design
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Figure 1: Overall architecture morphology-aware multi-granularity framework. The model is composed of a morphology-aware
fine-grained encoder and a coarse-grained word-level encoder. After being processed in parallel via morpheme segmentation,
morphological tagging, and word embeddings, the two types of representations are aligned at the word level and integrated via a
gated fusion mechanism to generate the final word representations.

an adaptive fusion mechanism to dynamically bal-
ance the information weights of morphemes and
whole words based on context.

3 Methodology

To simultaneously model the internal morpholog-
ical structure of words and cross-word contextual
semantics, we propose a unified multi-granularity
encoding framework. The overall framework is
shown in Figure 1, this framework constructs in-
put sequences at different granularities and con-
ducts contextual modeling via a shared Trans-
former encoder, thereby ensuring the consistency
and alignability of the representation space.

3.1 Morphology-Aware Fine-Grained
Representation

3.1.1 Morpheme Segmentation and
Morphological Tagging
Agglutinative languages encode rich grammatical

information within words through the concatena-
tion of multiple morphemes. To explicitly model

this morphological structure, this study adopts tai-
lored schemes for Traditional Mongolian and Turk-
ish respectively to implement morpheme segmenta-
tion and morphological tagging: for each word w;,
we first identify morpheme boundaries and segment
it into an ordered morpheme sequence

wi = (M1, M52, ..

S M) (D
and then assign a morphological tag ¢; ; to each
morpheme m; ; to clarify its functional role (e.g.,
root, case suffix, tense marker, etc.), providing
structured linguistic supervision for the subse-
quent morphology-aware fine-grained representa-
tion learning.

For Traditional Mongolian, a pre-trained fine-
tuned Multi-Task Learning Model (MTLM)(Liu
et al., 2025) is directly adopted to realize the joint
modeling of morpheme segmentation and morpho-
logical tagging. This method can effectively ad-
dress the data sparsity problem in low-resource
scenarios and avoid the error propagation problem
caused by serial processing.
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For Turkish, the Zemberek-NLP(Acar et al.)
toolkit is employed to complete the whole pro-
cess of morpheme segmentation and morpholog-
ical tagging: relying on the hybrid approach of
rule-based and statistical methods integrated in this
toolkit, we accurately identify Turkish morpheme
boundaries and perform segmentation. Meanwhile,
based on the UD_Turkish-IMST(Sulubacak and
Eryigit, 2018) annotation scheme, morphologi-
cal functional tags such as case, number, person,
tense/mood, and voice are assigned to each seg-
mented morpheme, directly outputting the struc-
tured morpheme sequence and corresponding tag
results.

3.1.2 Fine-grained Encoding

Joint Morpheme-Tag Embedding For each
morpheme m,; ;, we construct a morphology-aware
embedding by combining morpheme identity and
morphological function:

el ™ = B (m; ;) + Ey(ti ) 2
where E,,, and E; denote morpheme and tag em-
bedding matrices, respectively.

Morpheme-Level Encoding The sequence of
joint embeddings within each word is encoded us-
ing a morphology-aware encoder:

fine __ morph morph
H;™ = Encodermorph(€;;  +---,€; ., ) (3)
where Hi"® = {h;,,...,h; k,} are contextual-

ized morpheme representations.

Intra-Word Attention Pooling To obtain a
word-level fine-grained representation, we apply
attention-based pooling over morphemes. The at-
tention weight for each morpheme is computed as:

exp (u' tanh (Wh, ;))
Q5 = :
7 SO exp (uT tanh (Wh ;)

4

The resulting fine-grained word representation is:
K;
W™ =% ai;hy, 5)
—

This mechanism enables the model to dynami-
cally emphasize morphemes that contribute more
significantly to the semantic or grammatical mean-
ing of the word. Such contributions are learned
through the interaction between morphological su-
pervision and contextual attention, rather than be-
ing manually assigned.

3.2 Coarse-Grained Word-Level
Representation

Although the fine-grained path can explicitly model
the internal morphological structure of words, it
breaks the holistic semantic unit of words to a cer-
tain extent, thus affecting the modeling of semantic
integrity. To this end, we introduce a parallel word-
level contextual encoder to capture the semantic
information of words and cross-word dependencies
at the holistic level.For an input sentence:

S ={wy,wa,...,wn} (6)

We first construct the word-level embedding se-
quence:

word word _ word word
E :{el )y €2 yer ey N (7)

el = E, (w;) + P; ®)

(3

where E,,(w;) denotes the word embedding and
P; denotes the positional encoding. Different from
the fine-grained path, this input does not rely on
morpheme segmentation results, thus avoiding the
impact of segmentation errors on semantic model-
ing.

3.2.1 Contextual Encoder

We employ a Transformer encoder to model the
word-level sequence:

H ¥ = Transformeryorq (Eword) 9)

KT
Q > v
Vd
(10)
This mechanism can capture dependencies between

arbitrary pairs of words, thereby effectively model-
ing syntactic and semantic information.

The self-attention is computed as:

Attention(Q, K, V') = softmax (

3.2.2 Parameter Sharing and Representation
Alignment

To establish representation alignment across differ-
ent granularities, we adopt the following parameter
strategy: the Transformer encoder parameters are
shared between the fine-grained and coarse-grained
paths, while the embedding layers are independent.
Formally, it is expressed as:

(11

For the i-th word, its coarse-grained representation
is:

Transformeryog = Transformerorph

coarse __ coarse
h; =H;

(12)
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Since the fine-grained path is finally aggregated
into a word-level representation hgm, the two paths
are naturally aligned at the word granularity and
can be directly used for subsequent fusion.

3.3 Gated Fusion of Multi-Granularity
Representations

We propose a context-aware gated fusion mecha-
nism to adaptively integrate information of the two
granularities in a unified representation space. Ben-
efiting from the aforementioned parameter sharing
strategy, hf"® and h$°¥ are already aligned in the
same semantic space, enabling dimension-wise fu-
sion.

Specifically, for the ¢-th word, its gating vector
is defined as:

g =0 (Wg [hgne; hzqoarse] + bg) (13)
where o denotes the sigmoid function, [-; -] repre-
sents the vector concatenation operation, and W,
and b, are learnable parameters. The gating vector
g; € (0,1)? dynamically controls the contribution
ratio of representations at different granularities in
each dimension.

The final word representation is calculated as
follows:

h?nal =g, O h?ne 4 (1 _ gi) ® h;;oarse (14)
where ©® denotes the element-wise multiplication
operation.

This mechanism allows the model to dynami-
cally adjust the weights of the two information
sources based on context: when the semantics of
a word rely on its internal morphological structure
(e.g., complex affixes or functional markers), the
model can enhance the contribution of the fine-
grained representation; when the holistic semantics
are more critical (e.g., named entities or fixed ex-
pressions), it tends to rely on the coarse-grained
representation.

4 Experiment

4.1 Dataset and Preprocessing

This study takes Mongolian and Turkish, two typ-
ical low-resource agglutinative languages, as its
research objects. The scales of the pre-training cor-
pora and annotated corpora for downstream tasks
adopted in the experiments are as follows:

Mongolian Datasets For Mongolian, the pre-
training corpus consists of 1.2 million unannotated
general texts covering multiple genres such as news
and folklore(Zhang et al., 2024); the dependency
parsing task uses an annotated set of 20,000 sen-
tences; for named entity recognition (NER)(S. and
et al., 2016), 30,000 sentences of annotated general-
domain corpora are employed, with three core en-
tity types annotated: person names, location names,
and organization names.

Turkish Datasets For Turkish, the pre-training
corpus comprises 1.1 million unannotated gen-
eral texts covering scenarios including news and
daily communication; the dependency parsing task
adopts the UD-Turkish-IMST(Sulubacak and Ery-
igit, 2018) benchmark treebank, which contains
5,635 annotated sentences and over 56,000 tokens;
the NER(Altinok, 2023) task utilizes the publicly
available multi-genre Altinok2023 corpus.

4.2 Experimental Setup and Comparison
Methods

Targeting the agglutinative features of the Mon-
golian language, Na et al. successively proposed
the IAMC-BERT(Na et al., 2024a) and ALKI-
monBERT(Na et al., 2024b) pre-trained models.
By infusing agglutinative morphological knowl-
edge into the pre-training process, these models
have effectively improved the modeling perfor-
mance in low-resource scenarios. However, the
aforementioned studies were all conducted based
on Cyrillic Mongolian, whereas the present re-
search focuses on Traditional Mongolian . For
this reason, no direct performance comparison
was carried out between our model and the above-
mentioned ones. Despite the discrepancies in the
writing forms of the research objects, their experi-
mental results have fully verified the effectiveness
of morphological knowledge infusion in Mongo-
lian pre-training modeling, which provides an im-
portant foundation for the method design of this
study.

Although multilingual models such as mBERT
(Pires et al., 2019) provide broad coverage, their to-
kenization is not well aligned with the morphologi-
cal structure of Traditional Mongolian. Therefore,
we focus on comparisons with monolingual base-
lines to better isolate the impact of morphology-
aware modeling.

Experiments select Word2Vec(Mikolov et al.,
2013) and single-granularity BERT(Devlin et al.,
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Language Model UAS (%) LAS (%)
Mongolian Word2Vec+BiLSTM Parser 79.9 73.6
BERT 86.1 81.7
MAGNet-Mongolian (Ours) 88.7 85.0
Turkish Word2Vec+BiLSTM Parser 78.6 72.4
BERT 85.3 80.9
MAGNet-Turkish (Ours) 87.9 84.1

Table 1: Dependency Parsing Performance on Mongolian and Turkish

2019) as baseline models, and also incorporate the
MAGNet proposed in this paper (with dedicated
versions for Mongolian and Turkish) for perfor-
mance comparison. Downstream tasks cover de-
pendency parsing and named entity recognition
(NER) for both languages, where the core task
of NER is to identify person, location and orga-
nization names in all cases. For ablation studies,
three model variants are designed, namely the vari-
ant with morphological segmentation removed (—
MorphSeg), the variant with morphological tag-
ging removed (—-MorphTag), and the variant with
the whole-word encoder removed (—Word), so as to
verify the functional value of each core component.

4.3 Downstream Task Performance

We evaluate MAGNet on two representative NLP
tasks for low-resource agglutinative languages: de-
pendency parsing and named entity recognition
(NER). Both tasks are conducted on Mongolian
and Turkish respectively. To ensure a fair and con-
trolled comparison, all models share the same task-
specific architectures—a BiLSTM-based parser for
dependency parsing and a BiLSTM-CRF model
for NER—with the input representation as the only
varying component. This design isolates the impact
of different contextual embeddings and allows us
to directly assess their representation quality across
tasks and languages.

4.3.1 Mongolian Dependency Parsing and

NER

For Mongolian dependency parsing, we report
Unlabeled Attachment Score (UAS) and La-
beled Attachment Score (LAS); for NER, we
use precision, recall, and F1-score (Table 1 and
2). Word2Vec-based models perform poorly on
both tasks (UAS=79.9%, LAS=73.6% for pars-
ing; F1=71.9% for NER), as static word vectors
fail to model Mongolian’s rich morphological in-
flections and context-dependent word meanings.
Single-granularity Mongolian BERT achieves sig-

nificant gains (UAS=86.1%, LAS=81.7% ; NER
F1=80.0%) by introducing contextualized embed-
dings, but is limited by whole-word-only modeling
that discards morpheme-level morphological infor-
mation.

MAGNet-Mongolian outperforms all baselines
by a consistent margin: it achieves 88.7% UAS and
85.0% LAS (2.6 and 3.3 percentage point gains
over Mongolian BERT) for parsing, and 83.4% F1
for NER (3.4 percentage point gain). This improve-
ment stems from MAGNet’s multi-granularity de-
sign, which integrates morpheme-level morpholog-
ical features with whole-word-level syntactic and
semantic information. For dependency parsing, this
integration enhances the model’s ability to capture
syntactic dependencies shaped by morphological
agreement; for NER, it mitigates out-of-vocabulary
(OOV) issues by leveraging morpheme composi-
tion of rare proper nouns.

4.3.2 Turkish Dependency Parsing and NER

For Turkish dependency parsing, we report Unla-
beled Attachment Score (UAS) and Labeled At-
tachment Score (LAS) . Similar to Mongolian, tra-
ditional Word2Vec-based models perform poorly
due to their inability to capture rich morphological
variations, achieving only 77.5% UAS and 71.2%
LAS.

The monolingual pre-trained model substantially
improves performance to 84.7% UAS and 79.3%
LAS, demonstrating the effectiveness of contex-
tualized representations. However, as a single-
granularity model operating at the word level, it
does not explicitly model internal morphological
structure, which limits its ability to fully capture
the compositional nature of Turkish morphology.

MAGNet-Turkish achieves the best performance,
reaching 87.1% UAS and 82.4% LAS, yielding
gains of +2.4 UAS and +3.1 LAS over BERT. No-
tably, the improvement on LAS is larger than that
on UAS, indicating that the proposed model is par-
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Language Model Precision (%) Recall (%) FI1-Score (%)
Mongolian ~ Word2Vec+BiLSTM-CRF 72.6 71.2 71.9
Mongolian BERT 80.8 79.2 80.0
MAGNet-Mongolian (Ours) 83.8 83.1 834
Turkish Word2Vec+BiLSTM-CRF 73.9 72.7 73.3
Turkish BERT 81.5 80.3 80.9
MAGNet-Turkish (Ours) 84.6 83.9 84.2

Table 2: Named Entity Recognition Performance Comparison for Mongolian and Turkish

Language Model Setting Precision (%) Recall (%) F1-Score (%)
Mongolian MAGNet-Mongolian 83.8 83.1 83.4
—MorphTag 82.5 81.6 82.0
—MorphSeg 81.9 81.0 81.4
—Word 81.2 80.5 80.8
Turkish MAGNet-Turkish 84.6 83.9 84.2
—MorphTag 83.0 82.3 82.6
—MorphSeg 82.5 81.6 82.0
—Word 81.7 81.1 81.4

Table 3: Ablation Study Results for Named Entity Recognition (Mongolian & Turkish)

ticularly effective at predicting dependency labels,
which often rely on fine-grained morphological
cues such as case markers and agreement features.

4.4 Ablation Study

To comprehensively evaluate the contribution of
each component in MAGNet, we conduct ablation
studies on both Mongolian (dependency parsing
and NER) and Turkish (dependency parsing and
NER). Using the full MAGNet model as the base-
line, we evaluate three ablated variants:

—MorphTag: removes morphological tagging in-
formation while retaining morpheme segmentation

—MorphSeg: removes morpheme segmentation
entirely, disabling the fine-grained pathway

—Word: removes the whole-word encoder, retain-
ing only the morpheme-level encoder

Results are presented in Table 4 and 3. Across
all tasks and languages, removing any component
leads to performance degradation, confirming that
each component contributes to the overall effective-
ness of the model.

Specifically, removing morphological tagging (—
MorphTag) results in a moderate performance drop,
indicating that explicit functional labels provide
useful grammatical signals. Removing morpheme
segmentation (-MorphSeg) leads to a more sub-
stantial decline, demonstrating that explicit mod-
eling of internal morphological structure is crucial
for handling agglutinative languages. Finally, re-
moving the word-level encoder (—Word) causes the
largest performance degradation, highlighting the
importance of preserving holistic semantic infor-
mation.

Model Setting Dependency Parsing (LAS, %)
MAGNet-Mongolian 85.0
—MorphTag 83.4
—MorphSeg 82.8
—Word 82.3
MAGNet-Turkish 84.1
—MorphTag 82.7
—MorphSeg 82.1
—Word 81.5

Table 4: Mongolian Ablation Study Results for Dependency
Parsing

Notably, the consistent trends across Mongo-
lian and Turkish suggest that MAGNet effectively
captures universal properties of agglutinative lan-
guages, where morphological composition and
word-level semantics jointly determine meaning.

4.5 Cross-Lingual and Model Generalization
Analysis

Across all experiments, MAGNet consistently out-
performs single-granularity baselines on both Mon-
golian and Turkish, two typologically related yet
linguistically distinct agglutinative languages. This
cross-lingual robustness highlights MAGNet’s abil-
ity to capture language-agnostic properties of ag-
glutinative morphology, such as morpheme compo-
sitionality and inflectional concatenation, through
multi-granularity joint modeling—without relying
on language-specific rules or handcrafted features.

Looking forward, this generalization capabil-
ity suggests that MAGNet could be extended to
a broader range of agglutinative and morpholog-
ically rich languages, such as Kazakh or Uyghur.
Moreover, integrating MAGNet with multilingual
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or cross-lingual pre-training paradigms may further
enhance its adaptability and scalability, paving the
way for unified morphological-aware representa-
tion learning across low-resource languages.

5 Conclusion

We propose MAGNet, a morphology-aware multi-
granularity pre-training framework that explicitly
integrates morphological structure into represen-
tation learning while dynamically balancing fine-
grained and coarse-grained information.MAGNet
consists of three core components: a morphology-
aware fine-grained pathway that combines mor-
pheme segmentation and tagging to capture mor-
phological regularities, a coarse-grained pathway
that preserves holistic word-level semantics, and
a gated fusion mechanism that adaptively inte-
grates the two representations based on context.
Experiments on two low-resource agglutinative lan-
guages—Mongolian and Turkish—demonstrate the
framework’s effectiveness. Ablation studies con-
firm that both morphological tagging and whole-
word encoding are indispensable, highlighting their
complementary roles in capturing grammatical
functions and semantic coherence.

Cross-lingual evaluations further validate MAG-
Net’s generalizability, as it consistently outper-
forms baselines across linguistically distinct ag-
glutinative structures without language-specific en-
gineering. This work provides a viable solution
for low-resource agglutinative language modeling
and opens new avenues for future research: ex-
tending the framework to more morphologically
rich languages (e.g., Kazakh, Uyghur) and integrat-
ing it with cross-lingual pre-training paradigms to
enhance scalability across low-resource language
families.

Limitations

Despite the promising experimental results, this
study has several limitations, which also point the
way to future improvements. First, potential inaccu-
racies caused by segmentation and annotation tools
may affect the experimental outcomes, and the ex-
periments in this study are only conducted on two
agglutinative languages (Mongolian and Turkish),
without extending the evaluation to a wider range
of morphologically rich languages. Subsequent
work will supplement experiments on more aggluti-
native languages (e.g., Kazakh, Uyghur) to further
verify the cross-linguistic generalization ability of

the proposed framework. Second, the effectiveness
of MAGNet has only been validated on two down-
stream tasks (dependency parsing and named entity
recognition), and its performance on other typical
natural language processing tasks such as sentiment
analysis, machine translation, and part-of-speech
tagging has not been explored. Such tasks may
reveal additional strengths and weaknesses of the
multi-granularity representation learning approach.
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