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Abstract
In isolating languages such as Vietnamese, core
morphological structure is encoded not by in-
flection but by the composition and ordering of
monosyllabic morphemes, yet standard Trans-
former encoders largely overlook this signal.
We introduce HuTieuBERT1, a morpheme-
aware Transformer that augments a pretrained
Vietnamese encoder with two lightweight in-
ductive biases: (i) Adaptive Boundary-Token
Fusion, which integrates BMES-based mor-
pheme boundary embeddings into token rep-
resentations via a learnable gate, and (ii) a
Morpheme-Aware Attention Bias, which injects
a fixed structural attention matrix into early
self-attention layers while minimally perturb-
ing the pretrained attention geometry. Across a
suite of Vietnamese POS, NER, and sentence-
level classification benchmarks, HuTieuBERT
consistently outperforms strong baselines, with
the largest gains on syntactic tasks. Hyper-
parameter ablations show a broad regime in
which structural biases improve accuracy with-
out destabilizing representations. Applying
the same design to ChineseBERT (Chinese-
BERT-wwm) yields MAChineseBERT, which
improves F1 and produces more balanced tag
distributions on Chinese POS and NER, sug-
gesting that explicit morpheme-aware attention
is a portable and effective strategy for modeling
isolating languages.

1 Introduction

Vietnamese belongs to the family of isolating lan-
guages (Do, 2013; Do-Hunville and Dao, 2018),
where words remain in base form without inflec-
tion and meaning is constructed by combining inde-
pendent morphemes (Than, 1997; Le, 2003; Chau,
2007). Each morpheme is typically monosyllabic
and written as a sequence of continuous charac-
ters (Bloomfield, 1933). In sentences, morphemes
are arranged left to right and separated by spaces.

1The code is available at https://github.com/
TracDucAnh/HuTieuBERT.

This linguistic profile aligns with the Isolat-
ing Monocategorial Associational language typol-
ogy (Gil, 2006), characterized by three core prop-
erties that influence all levels of Vietnamese lan-
guage processing, with most direct impact on syn-
tactic tasks where morpheme boundaries determine
structural annotations. First, morphological isola-
tion is evident in the invariant form of words across
grammatical contexts (e.g., đi “go” remains đi re-
gardless of tense or person). Second, syntactic
monocategoriality enables transcategoriality (Do-
Hunville and Dao, 2018), where morphemes func-
tion flexibly across word classes depending on con-
text (e.g., ăn may denote to “eat” as a verb, refer to
thức ăn “food” as a noun, or appear in compounds
like ăn chay “vegetarian diet”). Third, semantic as-
sociationality makes morpheme order consequen-
tial for lexical semantics (Hiep, 2020), as reorder-
ing produces different word meanings (e.g., học
sinh “student” vs. sinh học “biology”, quân đội
“army” vs. đội quân “troop/unit”, nhà nước “the
state” vs. nước nhà “the homeland”, and quốc dân
“citizens” vs. dân quốc “republic”).

Morphemes form fixed compounds (e.g., xe máy
“motorbike”) and convey grammatical information
through function words (e.g., đã đi “(have) gone”).
Multi-syllabic expressions often exhibit boundary
ambiguity (Dinh et al., 2008), functioning as single
lexical units despite each syllable carrying indepen-
dent meaning (e.g., máy tính xách tay “laptop”, lit-
erally “computer carry-hand”). Consequently, tasks
such as POS tagging, NER, and parsing rely heav-
ily on correctly identifying morphemic boundaries
and their interactions (Bach et al., 2013; Nguyen
et al., 2019).

Current Transformer Encoder-based Vietnamese
models do not explicitly capture morphemic re-
lations. Even segmentation-based models like
PhoBERT (Nguyen and Tuan Nguyen, 2020) and
BARTpho (Tran et al., 2022) group syllables into
tokens without adapting self-attention to mor-
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sátkhảo tíchdihọccổkhảonhà

archaeologist surveying the

sátkhảo tíchdiđanghọccổnhà

is site

đang

khảo

archaeologist surveying theis site

Attention in Transformer for Vietnamese as an Isolating Language

Attention in Transformer for English

The

The

Figure 1: Attention diffusion in Vietnamese vs. En-
glish. In nhà khảo cổ học đang khảo sát di tích (“the
archaeologist is surveying the site”), Vietnamese atten-
tion spreads across morpheme boundaries (khảo in nhà
khảo cổ học “archaeologist” attends to khảo in khảo sát
“survey”), whereas English attention remains localized
along syntactic dependencies.

phemic structure. As a result, attention may spread
across morpheme boundaries without respecting
compound structure, reducing effectiveness for
structure-sensitive tasks (Figure 1).

We introduce HuTieuBERT, a morpheme-aware
Transformer Encoder2 that augments pretrained
encoders with explicit morphological structure by
encoding morpheme boundaries and compound co-
hesion directly in the architecture (Figure 2). This
approach produces representations better aligned
with Vietnamese and typologically related isolat-
ing languages such as Mandarin Chinese (Erbaugh,
2022; Zhang, 2023) and Thai (Sornlertlamvanich
and Pantachat, 1993).

2 Literature Review

2.1 The Morphemic Foundations of
Vietnamese

Vietnamese is widely characterized as a
morpheme-based language in which the funda-
mental semantic unit is the morpheme, typically
realized as a monosyllable (Than, 1997; Chau,
2007; Can, 1996). Each morpheme carries lexical
or grammatical meaning, and any further segmen-
tation yields only phonemes without semantic
content. Consequently, the interpretation of a word
depends on how its constituent morphemes are
combined, ordered, and delimited.

2The model name is inspired by hủ tiếu, a popular
Southern Vietnamese noodle dish originating from Teochew
(Chaozhou), China.

The literature identifies three central morpho-
logical mechanisms in Vietnamese.

Morpheme lexicalization. Many morphemes
function as independent words, such as ăn (“to
eat”) and đi (“to go”), whose meanings are com-
plete at the monosyllabic level.

Compounding. Morphemes combine to form
new lexical units, e.g., học sinh (“student”, from
học “study” + sinh “person”) and xe máy (“mo-
torbike”, from xe “vehicle” + máy “engine”).
Two main types exist: coordinating compounds,
where morphemes contribute equally (e.g., núi
non “mountains”), and subordinating compounds,
where a head is refined by a dependent (e.g., nhà
bếp “kitchen”, with nhà “house” as head and bếp
“cooking” as modifier).

Reduplication. Reduplication creates expressive
or descriptive nuances, as seen in luôn luôn (“al-
ways”) through full repetition and lấp lánh (“glit-
tering”) through partial repetition (Can, 1996).

These features highlight morphemes’ central
role in Vietnamese lexical semantics and motivate
morpheme-aware modeling. However, some schol-
ars advocate a word-based view (Hao, 1998; Giap,
2008, 2011; Hieu Nguyen et al., 2025), question-
ing morphemes’ semantic autonomy; importantly,
(Hieu Nguyen et al., 2025) challenges the assump-
tion that words are built from syllables, showing
the concept remains debated.

We take a morpheme-based approach because it
fits Vietnamese’s monosyllabic, semantically rich
structure and is well supported by empirical evi-
dence, providing a solid basis for models that in-
corporate morphemic information.

2.2 The role of segmentation in Vietnamese
syntactic analysis

Word segmentation is essential in Vietnamese NLP,
an isolating language where syllables surface in-
dividually and multi-syllabic words form via mor-
pheme compounding (Dien et al., 2001; Nguyen
and Le, 2016). Proper segmentation preserves lex-
ical boundaries critical for syntax.

Early supervised approaches established founda-
tional methods. Nguyen et al. (2006) investigated
CRFs and SVMs for Vietnamese word segmenta-
tion, showing that word boundaries depend more
on syllable identity than positional features, with
SVM-based learning proving particularly effective.
Vu et al. (2018) advanced implementation with

10378



VnCoreNLP’s RDRSegmenter, achieving state-of-
the-art performance using Ripple Down Rules on
the Vietnamese Treebank (Nguyen et al., 2009).

Critically, Nguyen and Tuan Nguyen (2020) re-
vealed that existing BERT (Devlin et al., 2019)
models failed to capture syllable-word distinctions.
PhoBERT addressed this by requiring segmentation
preprocessing to encode multi-syllabic units, while
BARTpho extended this to sequence-to-sequence
tasks. These studies established explicit segmenta-
tion as essential for Vietnamese pre-trained models.

Recent work challenges this paradigm.
Hieu Nguyen et al. (2025) propose ViWordFormer,
a segmentation-free Transformer with phrasal-
lexeme and co-text modules that models word
formation from syllables. They find segmentation-
free models match or surpass segmented baselines
on NLU tasks. However, comparisons were limited
to simple architectures (Standard Transformer,
LSTM, GRU, TextCNN), leaving unclear whether
segmentation benefits persist with modern
pre-trained models like PhoBERT or BARTpho.

2.3 Attention-based Methods for Vietnamese
Morphological Structure

Attention mechanisms have revolutionized NLP
by enabling models to capture long-range seman-
tic dependencies (Vaswani et al., 2017; Devlin
et al., 2019). However, their application to iso-
lating languages like Vietnamese presents unique
challenges. Unlike inflecting languages where
morphological markers explicitly signal grammati-
cal relationships, Vietnamese relies on word order
and multi-syllable compounds without inflectional
morphology (Suni, 2007; Phan and Lander, 2015;
Bui, 2019). This requires attention mechanisms to
precisely focus on relevant morpheme boundaries
within compounds.

Analyses show that many BERT attention heads
have diffuse patterns: some allocate up to 50% of
attention to [SEP] tokens, while others distribute
attention nearly uniformly. Only certain heads in
specific layers (e.g., layer 8, heads 0, 1) reliably
focus on syntactic tokens (Clark et al., 2019). This
behavior likely extends to BERT-derived models
like RoBERTa (Liu et al., 2019) and PhoBERT,
which lack explicit structural biases. In isolating
languages such as Vietnamese, diffuse attention
can weaken focus on morphologically coherent
units (Chen and Allport, 1995; Gil, 2008), mo-
tivating the use of structurally-guided attention.

Recent work on Vietnamese NLP employs

various attention mechanisms: label attention
with CRF (85% F1 on parsing (Vu-Tran et al.,
2022)), self-attention Transformers (91% on sen-
timent (Nguyen et al., 2020)), and word-level at-
tention (relation extraction (Nguyen et al., 2018b)).
However, these face key limitations. While
Vietnamese-specific models like PhoBERT and
BARTpho treat segmented words (e.g., cà_phê
“coffee”) as atomic tokens concatenated by “_”
and multilingual models (mBERT (Pires et al.,
2019), XLM-RoBERTa (Conneau et al., 2020))
lack isolating-language optimization, all lack ex-
plicit structural biases to encode morpheme bound-
aries within compounds. Chinese BERT-wwm (Cui
et al., 2020) extends this approach by treating multi-
character words as cohesive units through Whole
Word Masking, yet similarly does not incorporate
explicit morphological structure into attention, mo-
tivating our morpheme-aware attention approach.

2.4 Cross-linguistic Morphological Properties

While our work centers on Vietnamese, the core
morphological challenges extend to many isolating
languages. These languages share key characteris-
tics (Luo, 2020): monosyllabic morphemes, com-
pounding as the primary word-formation mech-
anism, and grammatical encoding through word
order and function words rather than inflection,
tendencies well-established in linguistic typology.

Mandarin Chinese is a prototypical example of
this profile. Like Vietnamese, it lacks tense inflec-
tion and instead uses aspectual markers (Lin, 2006)
- for instance, le (了) for completed events and zài
(在) for ongoing actions, paralleling Vietnamese
đã and đang. Both languages also exhibit transcat-
egoriality, where a single lexical item can function
across parts of speech. For example, a Chinese
word 学习 can appear as a verb “to study” or as
a noun “learning”, analogous to Vietnamese học.
As a verb: 我学习汉语 (“I study Chinese”). As a
noun: 学习很重要 (“Learning is important”).

Word order sensitivity also creates challenges.
In Chinese故事 (“story”) vs. 事故 (“accident”) il-
lustrate how morpheme order alone can induce sub-
stantial semantic shifts (Xiong et al., 2015; Zhou
and Liu, 2022).

These shared properties imply that Vietnamese-
focused computational methods, such as
morpheme-aware attention, can generalize to
Chinese and other isolating languages.
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3 Proposed Methodology

3.1 Adaptive Boundary-Token Fusion

3.1.1 Embedding Module

We segment sentences into words using language-
specific segmenters (VnCoreNLP for Vietnamese,
Jieba3 for Chinese) and produce BMES tags for
each syllable. For subword tokenization, we align
BMES tags to subwords before feeding them with
BMES embeddings into the Transformer Encoder
(Figure 2).

The Adaptive Boundary-Token Fusion module
combines a boundary embedding Eb with a token
embedding Et to obtain a fused representation Ef

via a learnable, element-wise gating vector Wi:

Wi = σ
(
Wλ[Eb;Et] + bλ

)
, (1)

Ef = Wi ⊙ Eb + (1−Wi)⊙ Et, (2)

ELN = LayerNorm(Ef ), (3)

where Eb and Et denote the boundary and token
embeddings, respectively, [Eb;Et] is their concate-
nation, and σ(·) is the sigmoid function. The pa-
rameters Wλ and bλ are learned during training and
determine the interpolation weights Wi. The vector
Ef is the fused embedding, and ELN is the final
representation after layer normalization.

3.1.2 BMES-Subword Alignment

Subword tokenizers may split words into multiple
subwords, misaligning with word-level BMES tags.
We address this by expanding each tag to subword
level. For a word tokenized into n subwords, the
subword tag y′i is:

y′i =





B, yi = B ∧ i = 1,

E, yi = E ∧ i = n,

M, yi ∈ {B,E} ∧ 1 < i < n,

yi, yi ∈ {S,M},

(4)

where yi is the original word-level tag and n is
the number of subwords. For example, Lập trình
viên (“programmer”) with original B-M-E labels
tokenizes to [L@@, ập@@, trình, vi@@, ên@@]
and maps to B-M-M-M-E, preserving morphemic
structure at subword level.

3https://github.com/fxsjy/jieba

3.2 Morpheme-Aware Attention Bias
3.2.1 Structural Attention Matrix
To encourage self-attention to respect morphemic
and phrasal boundaries, we introduce a fixed Struc-
tural Attention Matrix B ∈ RT×T , where each
entry Bi,j modulates the attention score between
tokens i and j according to their structural relation-
ship:

Bi,j = α1i∼j + β 1i ̸∼j + γ 1i,j∈S + δ 1i=j ,
(5)

where the indicator functions are defined as fol-
lows: 1i∼j = 1 if tokens i and j belong to the
same compound phrase and 0 otherwise; 1i ̸∼j = 1
if tokens i and j belong to different compounds and
0 otherwise; 1i,j∈S = 1 if both tokens are single-
word units (S) and 0 otherwise; and 1i=j = 1 if
i = j (self-attention bias) and 0 otherwise (See
Appendix D for illustrative examples).

We constrain α ≥ 0, β ≤ 0, γ < α, and use
δ to control self-attention strength. Intuitively,
α strengthens within-compound attention, β pe-
nalizes cross-compound attention, γ highlights
single-word tokens, and δ adjusts self-attention
bias. These parameters are fixed to provide a stable,
interpretable structural prior.

3.2.2 Application to Attention Heads
We apply the Structural Attention Matrix B to a
subset of attention heads. Let S(·) denote the soft-
max operation (Figure 2). The biased multi-head
attention for head h is defined as:

Ah = S
(
QhK

⊤
h√

dk
+ δh,h∗ B

)
Vh, (6)

where Qh, Kh, and Vh are the query, key, and value
matrices for head h, respectively, and dk is the key
dimensionality. The Kronecker delta δh,h∗ ensures
that only the designated structural head h∗ incor-
porates the bias matrix B. Here, Ah denotes the
output of head h. The matrix B is constructed once
per input sequence from BMES tags and reused
across all layers.

3.2.3 Choosing Layers to Inject Structural
Attention Matrix

Probing studies indicate that BERT layers grad-
ually encode linguistic information, from surface
and morphological patterns in early layers to syn-
tax and semantics in later layers (Jawahar et al.,
2019; Lin et al., 2019), though the hierarchy is not
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Figure 2: Morpheme-Aware Transformer Encoder. Standard Transformer encoder augmented with morpheme
boundary information. Novel components (*) include Tokenizer with Segmenter, BMES Embedding, Adaptive
Interpolation (Adaptive Boundary-Token Fusion), and Structural Bias Matrix (Structural Attention Matrix). Other
components follow standard Transformer design.

perfectly separated (Nikolaev and Padó, 2023; Niu
et al., 2022). Morphological–syntactic cues are
thus concentrated in early–middle layers.

Motivated by these findings, we partition BERT-
base model (Devlin et al., 2019) into three stages:
early (layers 0 − 3), middle (4 − 7), and deep
(8 − 11). We inject the Structural Attention Ma-
trix into a subset of inner layers (1 − 2, 5 − 6,
9− 10), while leaving the boundary layers of each
stage unchanged to better preserve the pretrained
representations. Empirically, injecting structural
bias into the lowest layers (1 − 2, applied to all
12 heads) yields the largest improvements on Viet-
namese syntactic benchmarks, as reported in our
experimental results and later confirmed by our
ablation study. This pattern aligns with prior evi-
dence that early Transformer layers are particularly
sensitive to morphological and local syntactic in-
formation.

4 Experiments

4.1 Baselines

We compare HuTieuBERT against widely used
pretrained BERT-based encoders, including
PhoBERT-base, XLM-RoBERTa-base, and
mBERT. Although ViWordFormer (Hieu Nguyen

et al., 2025) is closely related in spirit, we do
not include it in our main comparison due to
substantial architectural and pretraining differ-
ences: ViWordFormer is a segmentation-free
model trained from scratch, whereas HuTieuBERT
augments pretrained encoders, making direct and
controlled evaluation less informative.

4.2 Dataset

Intermediate task. To expose the model to broad
Vietnamese usage, we further pre-train the encoder
with masked language modeling (MLM) on the
2GB Vietnamese Book Corpus4 (∼4M sentences,
mean length 256 tokens), enabling HuTieuBERT
to acquire general linguistic regularities beyond the
original pretrained encoder.

Syntactic tasks. We evaluate two sequence-
labeling tasks: POS and NER. For POS, we use UD
Vietnamese TreeBank (UD_VTB), VnDT (Nguyen
et al., 2014), and the VLSP 2013 (VLSP_13)
dataset5. For NER, we employ PhoNER_COVID19
(PhoNER) (Truong et al., 2021), VietMed-NER
(VietMed) (Le-Duc et al., 2025), and the VLSP

4https://huggingface.co/datasets/tmnam20/
Vietnamese-Book-Corpus

5https://vlsp.org.vn/vlsp2013/eval/ws-pos
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Table 1: Performance on Vietnamese NLP Tasks.

Task Dataset HuTieuBERT PhoBERT XLM-RoBERTa mBERT

Syntactic Tasks (Acc. for POS and F1 for NER)

POS
UD_VTB 0.9567 ± 0.0031 0.9188 ± 0.0015 0.9189 ± 0.0165 0.9049 ± 0.0007
VnDT 0.9873 ± 0.0006 0.9465 ± 0.0008 0.8936 ± 0.0070 0.9084 ± 0.0028
VLSP_13 0.9654 ± 0.0003 0.9601 ± 0.0009 0.9577 ± 0.0008 0.9607 ± 0.0030

NER
PhoNER 0.8855 ± 0.0011 0.8383 ± 0.0015 0.6975 ± 0.0038 0.7282 ± 0.0043
VietMed 0.5891 ± 0.0089 0.5604 ± 0.0444 0.6176 ± 0.0088 0.5981 ± 0.0057
VLSP_16 0.9235 ± 0.0041 0.9227 ± 0.0050 0.7564 ± 0.0049 0.7685 ± 0.0057

Semantic Tasks (F1)

Sent. Ana. VFSC 0.8317 ± 0.0044 0.8095 ± 0.0126 0.8057 ± 0.0172 0.7830 ± 0.0146
Topic Cls. VFSC 0.8042 ± 0.0125 0.7878 ± 0.0071 0.7766 ± 0.0179 0.7580 ± 0.0071

Cons. Det. ViCTSD 0.8141 ± 0.0086 0.8211 ± 0.0100 0.8162 ± 0.0061 0.8162 ± 0.0072
Toxic Det. ViCTSD 0.7415 ± 0.0082 0.7253 ± 0.0166 0.7329 ± 0.0209 0.6853 ± 0.0367

2016 (VLSP_16) dataset6. We follow the origi-
nal data splits for all datasets except VLSP_16,
for which no official development set is provided;
thus, we randomly sample 15% of the training set
as development data using a fixed seed of 42.

Semantic tasks. We consider sentence-
level classification benchmarks. UIT-VFSC
(VFSC) (Nguyen et al., 2018a) is used for
Sentiment Analysis (Sent. Ana.) and Topic
Classification (Topic Clas.), while UIT-ViCTSD
(ViCTSD) (Nguyen et al., 2021) is used for
Constructive Detection (Cons. Det.) and Toxic
Detection (Toxic Det.).

4.3 Two-Stage Fine-tuning and Training
Configurations

All models are optimized using a two-stage fine-
tuning procedure. Only datasets at the sentence
level are word-segmented using VnCoreNLP (re-
quired for PhoBERT/HuTieuBERT); datasets that
are already segmented require no preprocessing.

In stage 1, we continue MLM training on the
Vietnamese Book Corpus for 5 epochs, initializing
from PhoBERT with the encoder frozen for the first
epoch then unfrozen. In stage 2, we fine-tune for
30 epochs (syntactic tasks) or 5 epochs (semantic
tasks) using AdamW with linear warmup and early
stopping. We report mean ± standard deviation
across five independent trials with shuffled training
data.

6https://vlsp.org.vn/vlsp2016/eval/ner

For HuTieuBERT, we set α = 0.5, β = −0.3,
and γ = δ = 0 based on ablation studies (Sec-
tion 5.2). This yields cosine similarity C ≈ 0.9995
and Frobenius norm ∥∆∥F ≈ 0.1447 between bi-
ased and unbiased attention matrices, indicating
strong structural guidance while preserving pre-
trained geometry. We apply the bias to layers 1− 2
across all 12 heads.

4.4 Results

Table 1 summarizes the performance of HuTieu-
BERT across all Vietnamese benchmarks, high-
lighting particularly strong gains on syntactic tasks.

Syntactic tasks. HuTieuBERT achieves the best
performance among all evaluated models on POS
tagging, with accuracies of 95.67% on UD_VTB,
98.75% on VnDT, and 96.54% on VLSP 2013.
These results correspond to absolute improvements
over PhoBERT of 3.79, 4.10, and 0.53 percent-
age points, respectively, and are accompanied by
very low variance (standard deviations in the range
0.0006 − 0.0031), indicating highly stable train-
ing. For NER, HuTieuBERT attains 88.55% on
PhoNER and 92.35% on VLSP 2016, consistently
outperforming all baselines. On VietMed, HuTieu-
BERT reaches 58.91%, lagging behind XLM-
RoBERTa (61.76%). We attribute this gap to the
dataset’s heavy use of domain-specific English
medical terminology (e.g., l-carnitine fumarate,
betacarotene, phytoncide) and pronounced class
imbalance (78.48% O-tokens), conditions under
which multilingual models can better exploit cross-
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lingual lexical knowledge.

Semantic tasks. On sentence-level classification,
HuTieuBERT obtains 83.17% for Sentiment Anal-
ysis and 80.42% for Topic Classification, outper-
forming PhoBERT by 2.22 and 1.64 percentage
points, respectively. These gains suggest that ex-
plicitly modeling multi-syllabic compounds (e.g.,
phấn khích “exciting”, công nghệ “technology”)
is beneficial even for sentence-level semantics.
For toxicity-related benchmarks, HuTieuBERT
achieves the highest performance on Toxic Detec-
tion (74.15%), while its score on Constructiveness
Detection (81.41%) is comparable to PhoBERT
(82.11%). The latter task appears to rely more
heavily on broader discourse-level context than on
local phrasal patterns, which may limit the impact
of morpheme-aware modeling.

5 Ablation Studies

5.1 Architecture-Level Ablation
We evaluate structural bias injection at three depths
(layers 1− 2, 5− 6, and 9− 10), applying it to all
12 attention heads in the selected layers. To isolate
each component’s contribution, w_bias_1-2 uses
only the Structural Attention Matrix on layers 1−2,
while w_bmes uses only Adaptive Boundary–Token
Fusion with BMES embeddings.

Table 2 shows that early-layer injection (1− 2)
generally outperforms deeper injection on POS
tasks. On UD_VTB, layers 1− 2 improve accuracy
by 0.3− 0.6% over deeper variants, though the ad-
vantage is marginal on VnDT (< 0.1%). For NER,
layer selection has less impact on PhoNER and
VLSP_16 (within 0.2 − 0.9%), but shows larger
differences on VietMed (up to 2.0%).

Removing either component degrades perfor-
mance. The w_bias_1-2 variant (without BMES
fusion) drops 0.4 − 1.1% on POS tasks, while
w_bmes (without structural bias) shows 0.2 −
0.4% decreases, indicating the Adaptive Bound-
ary–Token Fusion contributes more substantially
to syntactic parsing. On NER, component impor-
tance varies by dataset: both show minimal im-
pact on PhoNER (< 0.1%), but contribute notice-
ably to VietMed (1.8− 2.1% drops) and VLSP_16
(0.6− 1.1% drops).

Overall, these findings support two conclusions:
(1) injecting structural bias in early layers best
trades off respecting the pretrained representations
with introducing useful morphological and phrasal
constraints; and (2) both the Structural Attention

Matrix and the Adaptive Boundary-Token Fusion
are necessary for optimal performance, with BMES
fusion being particularly beneficial for Vietnamese
syntactic tasks.

5.2 Hyperparameter Ablation

The Structural Attention Matrix introduces two
fixed biases, α (intra-compound) and β (inter-
compound), applied to layers 1-2 full heads. We
sweep α ∈ [0, 5] and β ∈ [−5, 0] with step 0.5
(with γ = δ = 0) and compare the original atten-
tion Aorig with the biased attention Abias on 10,000
Vietnamese Book Corpus sentences using cosine
similarity C = cos(Aorig, Abias) and Frobenius
norm ∥∆∥F = ∥Abias −Aorig∥F (Figure 3).

As shown in Figure 3, cosine similarity remains
≥ 0.98 for a wide range of (α, β), while ∥∆∥F
grows smoothly with the magnitude of the biases.
Our chosen setting (α = 0.5, β = −0.3) lies
in a low-perturbation region (with C ≈ 0.9995,
∥∆∥F ≈ 0.1447) and yields the best syntactic per-
formance (Table 1), indicating that modest struc-
tural biases are sufficient to inject useful morpho-
logical information without destabilizing the pre-
trained attention patterns. A more detailed analysis
is provided in Appendix A.

6 Potential for Other Isolating Languages

Under the same configuration and hyperparameters
described in Section 4.3, we transfer our method
to ChineseBERT (ChineseBERT-wwm), yielding a
morpheme-aware variant that we denote MAChi-
neseBERT.

We adopt a two-stage continued pretraining
regime with whole-word-masked MLM. For the
pretraining stage, we use the THUCTC corpus (Sun
et al., 2016). For evaluation, we consider two
benchmarks for Simplified Chinese: UD Chinese
GSDSimp (GSDS) for POS tagging (Nivre et al.,
2020) and ULNER for NER (Xu et al., 2025).

Table 3 indicates that the proposed morpheme-
aware architecture can be effectively transferred
to Simplified Chinese. On ULNER, MAChine-
seBERT achieves an F1 score of 75.71%, outper-
forming ChineseBERT (74.40%) by 1.31 percent-
age points.

On GSDS, MAChineseBERT attains 81.58%
accuracy, slightly below the ChineseBERT base-
line (82.49%). Following standard practice, we
report accuracy as the primary metric for POS
tagging. However, as an auxiliary analysis to
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Table 2: Performance on POS (Acc.) and NER (F1). Top 3 rows: POS tagging tasks; Bottom 3 rows: NER tasks.

HuTieuBERT

Dataset 1-2 5-6 9-10 w_bias_1-2 w_bmes

UD_VTB 0.9567 ± 0.0031 0.9538 ± 0.0007 0.9507 ± 0.0046 0.9461 ± 0.0008 0.9530 ± 0.0005
VnDT 0.9873 ± 0.0006 0.9868 ± 0.0009 0.9871 ± 0.0003 0.9788 ± 0.0109 0.9832 ± 0.0055
VLSP_13 0.9654 ± 0.0003 0.9633 ± 0.0007 0.9642 ± 0.0004 0.9617 ± 0.0011 0.9634 ± 0.0005

PhoNER 0.8855 ± 0.0011 0.8869 ± 0.0017 0.8860 ± 0.0014 0.8847 ± 0.0043 0.8860 ± 0.0014
VietMed 0.5891 ± 0.0089 0.5691 ± 0.0052 0.5738 ± 0.0021 0.5680 ± 0.0053 0.5715 ± 0.0039
VLSP_16 0.9235 ± 0.0041 0.9144 ± 0.0055 0.9158 ± 0.0047 0.9129 ± 0.0035 0.9176 ± 0.0024
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Figure 3: Cosine similarity (left) and Frobenius norm (right) over the (α, β) grid. The red dot marks the setting
(α = 0.5, β = −0.3) used in our main experiments.

Table 3: Transfer to Simplified Chinese: performance
on GSDS (POS) and ULNER (NER).

Dataset MAChineseBERT ChineseBERT

GSDS (Acc.) 0.8158± 0.0002 0.8249± 0.0006
GSDS (F1) 0.8316± 0.0005 0.7816± 0.0030
ULNER (F1) 0.7571± 0.0030 0.7440± 0.0036

better understand model behavior, we also com-
pute macro-averaged F1. Here, MAChineseBERT
reaches 83.16% F1, compared to 78.16% for Chi-
neseBERT, a gain of 5.00 percentage points.

This discrepancy between accuracy and F1 - a
modest 0.91 pp decrease in accuracy alongside a
substantial 5.00 pp increase in F1 - suggests that
MAChineseBERT makes more balanced predic-
tions across POS categories. In other words, the

morpheme-aware attention appears to reduce the
model’s bias toward majority tags while improving
performance on minority categories, a desirable
property in the presence of label imbalance. These
results provide evidence that structural biases in-
formed by morpheme boundaries can benefit not
only Vietnamese but also other isolating languages
such as Simplified Chinese.

7 Conclusion

Isolating languages, which lack rich inflectional
morphology and rely heavily on compounding,
benefit from explicit morphological modeling. We
introduce HuTieuBERT, which encodes morpheme
boundaries and compound cohesion via Adaptive
Boundary-Token Fusion and structural attention bi-
ases, yielding consistent improvements over strong
baselines on Vietnamese syntactic tasks. When

10384



transferred to Simplified Chinese, performance
slightly decreases in accuracy but improves in F1,
suggesting more balanced class-wise predictions.

8 Limitations

Our approach has several limitations that open up
avenues for future research. First, the Structural
Attention Matrix relies on manually chosen hy-
perparameters (α, β, γ, δ) that remain fixed during
training. We do not explore variants with learn-
able structural parameters, adaptive schedules, or
task-specific tuning, nor do we systematically in-
vestigate the role of γ and δ beyond the setting
used in our main experiments. Studying learned
or dynamically modulated structural biases could
reveal richer interactions between morphology and
attention.

Second, our cross-lingual evaluation is restricted
to Vietnamese and Simplified Chinese. While both
are typologically isolating, other languages such as
Thai, Lao, or certain creole languages exhibit re-
lated but distinct morphological and orthographic
properties. Extending HuTieuBERT-style architec-
tures to a broader set of isolating languages, and to
multilingual pretraining scenarios, would provide a
more comprehensive assessment of generalizabil-
ity.

Finally, our experiments focus primarily on se-
quence labeling and sentence-level classification.
It remains an open question how morpheme-aware
attention affects higher-level tasks such as depen-
dency parsing, natural language inference, or gen-
erative modeling. We leave the exploration of these
directions, as well as potential integration with joint
segmentation-tagging frameworks, to future work.
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A Additional Analysis of Structural Bias
Hyperparameters

The Structural Attention Matrix encodes induc-
tive biases via two scalar parameters: α for intra-
compound links and β for inter-compound links,
applied to layers 1− 2 of the encoder. To system-
atically understand how these parameters affect the
model, we perform a grid search over α ∈ [0, 5] and
β ∈ [−5, 0] with step size 0.5, fixing γ = δ = 0.
For each (α, β), we compute the attention maps of
the base model Aorig (without bias) and the biased
model Abias on 10,000 sentences from the Viet-
namese Book Corpus and measure:

C = cos(Aorig, Abias) (1)

∥∆∥F = ∥Abias −Aorig∥F (2)

Figure 3 shows cosine similarity and Frobenius
norm over this grid. Several trends emerge:

Stability of pretrained geometry. Cosine sim-
ilarity is strikingly high across most of the grid:
C ≥ 0.98 except at extreme values (α ≳ 4.5,
|β| ≳ 4.5). This indicates that, for moderate bias
magnitudes, the structural prior acts as a gentle
perturbation rather than rewriting the attention pat-
terns learned during pretraining. In other words,
the model retains its original inductive biases and
only slightly reweights connections inside versus
across compounds.

Magnitude of perturbation. The Frobenius
norm ∥∆∥F provides a complementary view of
the absolute change in attention mass. As |α| or |β|
increases, ∥∆∥F grows monotonically from values
near 0 to about 2.48. There is a clear transition
band around |α|, |β| ≈ 2.0: for |α|, |β| ≲ 2.0, the
perturbation remains modest (∥∆∥F ≲ 0.6); be-
yond this region, the bias begins to dominate the
original distribution (∥∆∥F ≳ 1.0), signalling a
regime where the structural prior can substantially
overwrite pretrained behaviour.

Chosen operating point. Our main-setting (α =
0.5, β = −0.3) lies deep inside the low-
perturbation regime, achieving C ≈ 0.9995 and
∥∆∥F ≈ 0.1447. This reflects a conservative de-
sign: the bias is strong enough to encode a clear
preference for intra-compound attention and a mild
penalty for cross-compound links, yet weak enough
to function as a soft guidance signal. Empiri-
cally, this configuration achieves the best trade-off
between accuracy and representation stability on
Vietnamese syntactic tasks (Table 1).

Asymmetry between α and β. The heatmaps
also reveal an asymmetry: increasing α (rewarding
intra-compound edges) tends to be less disruptive
than aggressively decreasing β (penalizing cross-
compound edges). Intuitively, rewarding within-
compound connections preserves most of the orig-
inal attentional mass while biasing it toward lin-
guistically plausible spans, whereas strongly sup-
pressing cross-compound edges can force attention
to ignore potentially useful long-distance depen-
dencies. This suggests that future tuning should
prioritize moderate positive α and more conserva-
tive negative β values.

Implications for transfer and deployment. The
smooth landscape of both metrics implies that
the model is robust to small variations in (α, β)
within the low-perturbation region. Practitioners
can therefore treat small-magnitude biases (e.g.,
α ∈ [0.25, 1.0], β ∈ [−1.0, 0]) as safe defaults and
adjust them to trade off structural strength against
faithfulness to the pretrained encoder. This is par-
ticularly useful when transferring the method to
other isolating languages, where one might prefer
to start with conservative settings and gradually
increase the bias based on downstream validation
performance.

KL Divergence Analysis. To complement co-
sine similarity and Frobenius norm with a more
sensitive distributional measure, we compute the
per-entry KL divergence between Aorig and Abias
on the same 10,000 Vietnamese Book Corpus sen-
tences (α = 0.5, β = −0.3, γ = δ = 0, all heads
in Layers 1–2). As shown in Table 4, mean KL
divergence remains on the order of 10−3 across
both layers, consistently with the near-unity cosine
similarities and small Frobenius norms reported
above, further confirming that the structural prior
introduces only minimal probabilistic divergence
from the pretrained attention distributions.

Table 4: Per-entry KL divergence between pre- and post-
bias attention distributions on Layers 1–2 of HuTieu-
BERT (10,000 Vietnamese Book Corpus sentences;
α = 0.5, β = −0.3, γ = δ = 0, all heads).

Metric Layer 1 Layer 2

Mean 1.351× 10−3 1.379× 10−3

Std 1.190× 10−3 9.670× 10−4

Overall, the ablation confirms that there is a
broad regime in which structural guidance mean-
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ingfully shapes attention while preserving the core
representational geometry, and that HuTieuBERT
operates well inside this stable region. This con-
clusion is further corroborated by the KL diver-
gence analysis, where mean divergence values on
the order of 10−3 across Layers 1–2 indicate that
the post-bias attention distributions remain prob-
abilistically close to their pretrained counterparts,
providing converging evidence across all three met-
rics that the structural prior acts as a soft and stable
inductive bias rather than a disruptive reweighting
of the learned attention geometry.

B Illustrative Case: Structural Attention
Bias on HuTieuBERT and
MAChineseBERT Layers 1–2 full heads

We conduct an illustrative case study on two exam-
ple sentences: Vietnamese Tôi học ở Thành phố Hồ
Chí Minh (“I study in Ho Chi Minh City”) and Chi-
nese美国弗州5.9级地震 (“5.9 magnitude earth-
quake in Virginia, USA”). Attention heatmaps are
visualized on HuTieuBERT and MAChineseBERT
to examine differences between biased and unbi-
ased attention mechanisms, revealing how struc-
tural bias affects morpheme-aware processing. Syl-
lable are color-coded by morpheme position: B
(green), E (blue), M (yellow), S (black).

Attention weights are averaged across all 12
heads in Layers 1–2 with bias parameters α = 0.5,
β = −0.3, γ = δ = 0.0. Table 5 reports statisti-
cal metrics: correlation C, Frobenius norm ∥∆∥F ,
standard deviation (StdDiff), and maximum abso-
lute difference (MaxAbsDiff).

Table 5: Statistical comparison for two example sen-
tences (Figs. 4 and 5), comparing pre- and post-bias
mean attention averaged over all heads in Layers 1–2.

HuTieuBERT

Layers C ∥∆∥F StdDiff MaxAbsDiff

1 0.9998 0.0399 0.0039 0.0165
2 0.9993 0.0565 0.0056 0.0265

MAChineseBERT

Layers C ∥∆∥F StdDiff MaxAbsDiff

1 0.9979 0.1221 0.0102 0.0457
2 0.9984 0.1096 0.0091 0.0446

Figures 4 and 5 visualize attention heatmaps
comparing WITH-BIAS, NO-BIAS, and their DIF-
FERENCE. High correlation (C > 0.997) and

small differences (∥∆∥F < 0.13, StdDiff < 0.011)
confirm that structural bias subtly modulates atten-
tion toward morphological boundaries while pre-
serving overall patterns and model stability.

C Tokenizer with BMES Examples

Our tokenization approach for both Vietnamese
(HuTieuBERT) and Chinese (MAChineseBERT)
employs fine-grained tokenization with BMES tags
to mark word boundaries. Unlike PhoBERT’s
underscore-concatenated tokens (e.g., sinh_viên),
we treat each syllable separately in Vietnamese
(sinh with B tag, viên with E tag) and each char-
acter in Chinese, while preserving word-level in-
formation through BMES labels (Begin, Middle,
End, Single). This design enables construction of
structural bias matrices that enhance both intra-
word and inter-word attention patterns, provid-
ing richer linguistic structure compared to treating
multi-syllable words as atomic tokens (Table 6).

We attribute this gap to a vocabulary mis-
match: PhoBERT/HuTieuBERT’s BPE vocab-
ulary, built from Vietnamese-only text, leaves
English and Latin-derived medical terms largely
out-of-vocabulary, whereas XLM-R’s multilin-
gual pretraining provides direct biomedical ter-
minology coverage. As shown in Table 7,
PhoBERT/HuTieuBERT fragments l-carnitine into
meaningless units while XLM-R preserves recog-
nizable subwords, and similarly retains the mean-
ingful prefix beta- in betacarotene. Such fragmen-
tation directly weakens NER embeddings for entity
spans across broken subwords—an inherent lim-
itation of monolingual initialization rather than a
fine-tuning artifact.

D Illustrative Case: Structural Attention
Bias in Example Vietnamese and
Chinese Sentences

Figures 6 and 7 visualize the structural attention
bias patterns (with α = 0.5, β = −0.3, γ = 0,
δ = 0) applied to example sentences in Vietnamese
and Chinese, respectively, where red values in-
dicate increased intra-phrase attention and dark
blue values indicate decreased inter-phrase atten-
tion. The diagonal red blocks correspond to within-
compound tokens receiving positive bias (α), while
off-diagonal blue regions reflect the penalty (β) for
cross-compound attention. This fixed prior is then
added to attention scores before softmax.
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Figure 4: Attention weight heatmaps for HuTieuBERT processing Vietnamese sentence Tôi học ở Thành phố Hồ
Chí Minh (“I study in Ho Chi Minh City”). across Layers 1–2 full heads. Each row compares: (a) WITH morpheme-
aware BIAS, (b) NO BIAS baseline, (c) DIFFERENCE map. Red indicates increased attention, blue indicates
decreased attention. The bias reshapes attention patterns to align with Vietnamese morphological boundaries.

Figure 5: Attention weight heatmaps for MAChineseBERT processing Chinese sentence美国弗州5.9级地震 (“5.9
magnitude earthquake in Virginia, USA”) across Layers 1-2. Each row compares: (a) WITH morpheme-aware
BIAS, (b) NO BIAS baseline, (c) DIFFERENCE map. Red indicates increased attention, blue indicates decreased
attention. The bias modulates attention distribution around Chinese character-word boundaries.
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Table 6: Example of Sentence and BMES Tokenization with Color-coded Tags

Sentence Token with BMES tag

Tôi là sinh viên đại học
Bách khoa

[“<s>”, “Tôi”, “là”, “sinh”, “viên”, “đại”, “học”, “Bách”, “khoa”, “<\s>”]
[ “S”, “S”, “S”, “B”, “E”, “B”, “E”, “B”, “E”, “S” ]

Lập trình viên Python
[“<s>”, “lập”, “trì@@”, “nh@@” “viên”, “py@@”, “thon@@”, “<\s>”]
[ “S”, “B”, “M”, “M”, “E”, “S”, “S”, “S” ]

Di tích này cần được khảo sát
[“<s>”, “di”, “tích”, “này”, “cần”, “được”, “khảo”, “sát”, “<\s>”]
[ “S”, “B”, “E”, “S”, “S”, “S”, “B”, “E”, “S”, ]

甘肃临夏6.2级地震
[“<s>”, “甘”, “肃”, “临”, “夏”, “6”, “.”, “2”, “级”, “地”, “震”, “<\s>” ]
[ “S”, “B”, “E”, “B”, “E”, “B”, “M”, “E”, “S”, “B”, “E”, “S” ]

天安门国庆庆典
[“<s>”, “天”, “安”, “门”, “国”, “庆”, “庆”, “典”, “<\s>”]
[ “S”, “B”, “M”, “E”, “B”, “E”, “B”, “E”, “S” ]

美国弗州5.9级地震
[“<s>”, “美”, “国”, “弗”, “州”, “5”, “.”, “9”, “级”, “地”, “震”, “<\s>” ]
[ “S”, “B”, “E”, “B”, “E”, “B”, “M”, “E”, “S”, “B”, “E”, “S” ]

Table 7: Subword tokenization of English medical terms under PhoBERT/HuTieuBERT versus XLM-R. Fewer
tokens indicate more coherent segmentation.

Input term HuTieuBERT/PhoBERT tokens # XLM-R tokens #

l-carnitine fumarate l-@@; car@@; nit@@; ine; f@@; um@@;
ar@@; ate@@

8 _l; -; car; ni; tine;
_fumar; ate

7

betacarotene bet@@; ac@@; aro@@; ten@@; e@@ 5 _beta; car; o; tene 4
phytoncide phy@@; ton@@; c@@; ide 4 _; phy; ton; cide 4

Figure 6: Structural Attention Bias of the sentence Tôi
học ở Thành Phố Hồ Chí Minh (“I study in Ho Chi Minh
City”) in Vietnamese.

Figure 7: Structural Attention Bias of the sentence美国
弗州5.9级地震 (“5.9 magnitude earthquake in Virginia,
USA”) in Chinese.
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