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Abstract

Singlish discourse particles exhibit tone-
sensitive polysemy, where identical ortho-
graphic forms—distinguished only by prosodic
cues in speech—serve distinct pragmatic func-
tions. This poses a fundamental challenge for
unimodal language models that must infer par-
ticle meanings solely from text. We thus inves-
tigate whether contextual information enables
language models to predict appropriate parti-
cles in a cloze-style task, and whether increased
data exposure—through domain-specific pre-
training or in-context prompting—improves
performance. To enable fair evaluation, we
organize particles into semantic groups that
minimize intra-group functional overlap. We
test three BERT variants—including a Singlish
domain-specific SingBERT model—and GPT-
4.1 under zero-shot, definition-prompted, and
few-shot conditions. Results demonstrate that
domain-specific pretraining yields consistent
performance gains over general English models
(56.2% vs 30.1%), yet absolute performance
remains modest across all approaches. GPT-
4.1 shows variable performance across seman-
tic groups and prompting strategies (23.8%—
66.4%). These findings reveal that contextual
cues only partially compensate for the absence
prosodic information, highlighting fundamen-
tal limitations of text-only approaches for con-
tact languages with substrate-derived pragmatic
systems and the need for prosody-aware com-
putational methods.

1 Introduction

Colloquial Singapore English (hereafter Singlish)
is an English-based contact language that draws
substrate influences from Singapore’s multilingual
landscape, including Malay, Tamil, and Sinitic va-
rieties such as Hokkien and Cantonese (Deterding,
2007; Leimgruber, 2011; Chow and Bond, 2022;
Ningsih and Rahman, 2023). A hallmark charac-
teristic of Singlish is its extensive use of pragmatic

discourse particles—such as lah, leh, hor, and sia—
which, while removable without affecting gram-
maticality, encode important propositional content
(Ler, 2006; Chow, 2021). Crucially, these parti-
cles are seldom monosemous; their meanings and
discourse functions are jointly determined by con-
textual and prosodic cues (Lim, 2007; Wong, 2014;
Soh et al., 2022). This tone-sensitivity potentially
undermines the ability of unimodal language mod-
els to process Singlish, as they operate solely on
orthographic input without prosodic notation.

Intra-particle polysemy is illustrated in the fol-
lowing sentences from the English subset of the Na-
tional University of Singapore SMS corpus (Chen
and Kan, 2015), a collection of over 55K messages
in Singapore English:

(1) U typing the outline into the google doc hor?
(#15340)

(2) Drive carefully when u come back hor... Rain-
ing heavily... (#15123)

In (1), hor functions as a confirmation-seeking
question marker, converting the proposition into
an interrogative while presuming its truth value.
In contrast, in (2) hor adds precautionary force to
an imperative, emphasizing the warning nature of
the utterance. These functional distinctions are dis-
tinguished through rising versus falling tonal con-
tours (Gupta, 1992; Kim, 2014; Lee, 2018; Chow,
2021; Liu et al., 2022; Chow et al., 2024). These
examples illustrate that while prosodic cues dis-
ambiguate particle functions in speech, particle
meanings in written Singlish must be inferred from
context. This raises the question of whether con-
textual information alone enables models to predict
the appropriate particle.

Since Singlish particles are embedded within
English lexical items and syntactic structures, two
possibilities arise: on the one hand, English-based
models might benefit from cross-lingual transfer



from high-resource English data, as demonstrated
by Armstrong et al. (2022) on Jamaican Patois.
Conversely, tone-conditioned discourse particles—
which are absent from standard English varieties—
may fall outside the latent knowledge models ac-
quire through pretraining. We investigate whether
increased data exposure, either in the form of
language-specific training data or particle defini-
tions and usage examples within a prompt, can
compensate for limited exposure to Singlish during
initial pretraining.

This work addresses the computational chal-
lenge of Singlish particle disambiguation through
the evaluation of contemporary language models
using a novel semantic grouping approach. We ex-
tract particle-containing sentences from the NUS-
SMS corpus and develop a manually annotated sub-
set. Drawing on extensive prior literature, we iden-
tify the pragmatic functions of 10 common Singlish
particles and organize them into semantically coher-
ent groups that minimize functional overlap within
groups, while enabling fair comparison of model
performance across different functional categories.
We evaluate three masked language models with
varying training data exposure—from general En-
glish pretraining (BERT-base-uncased) to multilin-
gual training (BERT-base-multilingual-uncased) to
domain-specific training on Singlish and Malaysian
English texts (SingBERT)—alongside a generative
model (GPT-4.1) tested under different data expo-
sure conditions: zero-shot, few-shot, and definition-
prompted settings.

Our contributions are threefold: (1) We develop
a semantic grouping strategy for Singlish parti-
cles that minimizes intra-group functional over-
lap, enabling fair evaluation of model performance
on distinct pragmatic functions; (2) We evaluate
how different training data exposures affect parti-
cle function recognition across masked language
models and generative models; (3) We provide em-
pirical evidence that even domain-specific pretrain-
ing achieves only modest performance on tone-
sensitive particles, demonstrating fundamental lim-
itations of text-only approaches and the need for
prosody-aware methods for contact languages.

2 Related Work
2.1 NLP for Creoles

Natural language processing research on creole lan-
guages has historically been sparse, despite creoles
being spoken by hundreds of millions of people

worldwide (Lent et al., 2021). This neglect stems
from societal stigmatization rooted in colonial his-
tories, their predominantly oral nature, and exclu-
sion from major multilingual datasets and language
family classifications (Lent et al., 2022b, 2024).

Creoles present computational challenges that
distinguish them from typical low-resource sce-
narios. Unlike languages with clear genealogical
lineages, creoles emerge from complex contact
situations involving multiple substrate and super-
strate languages. This mixed ancestry undermines
standard transfer learning assumptions: Lent et al.
(2022a) demonstrated that straightforward trans-
fer from ancestor languages to creoles often fails
to achieve expected performance gains, as lexical
items may derive from one language while syntac-
tic structures reflect another.

Recent efforts have expanded to include named
entity recognition (Adelani et al., 2021), sentiment
analysis (Muhammad et al., 2022), and compre-
hensive multilingual evaluation frameworks (Lent
et al.,, 2024). However, semantic disambigua-
tion challenges—particularly for substrate-derived
features like Singlish discourse particles—remain
largely unaddressed. Addressing these challenges
requires approaches that account for the complex
interplay between superstrate lexical foundations
and substrate pragmatic systems, as we examine in
the context of Singlish particle processing.

2.2 Computational Approaches to Singlish
Particle Disambiguation

Computational approaches to Singlish discourse
particles have emerged from diverse methodologi-
cal directions, with early work focusing on syntac-
tic representation rather than semantic disambigua-
tion. Wang et al. (2017) conducted foundational
work by creating a Universal Dependencies tree-
bank for Singlish and training neural dependency
parsers with neural stacking to integrate English
syntactic knowledge. While achieving significant
parsing improvements, their approach treated par-
ticles uniformly within grammatical frameworks
rather than addressing their polysemous functions.

Rule-based approaches have attempted represen-
tation within formal grammar frameworks. Chow
(2021) and Chow and Bond (2022) developed
HPSG-based grammars representing sentence-final
particles as heads selecting sentences as comple-
ments, organizing particles into hierarchical types
based on positional constraints. Although struc-
turally thorough, these approaches focus on syn-



tactic distribution rather than semantic disambigua-
tion.

Neural generation approaches have addressed
particles within broader paraphrasing frameworks.
Liu et al. (2022) integrated particle processing into
Singlish-to-English translation through “seman-
tic level rewriting,” demonstrating that particles
like lah (mood marker) and /eh (tentative request
marker) require clause-level understanding rather
than word-level replacement. However, their ap-
proach did not specifically target disambiguation of
particle functions based on prosodic or contextual
cues.

Recent work has begun to explicitly address
particle semantics. Chow et al. (2024) created
SingDict, an open-source dictionary including par-
ticles with tonal annotations, while Foo and Ng
(2024) specifically tackled disambiguation for three
particles (lah, meh, hor) using task-driven repre-
sentations with SingBERT, subtracting vector em-
beddings to isolate particle representations and per-
forming unsupervised clustering to identify prag-
matic functions. Current computational approaches
to processing Singlish have also expanded to in-
clude style transfer (Liang et al., 2025), content
moderation (Foo and Khoo, 2025), and multimodal
understanding (He et al., 2025), reflecting grow-
ing recognition of Singlish’s computational impor-
tance.

Our work differs from prior approaches in three
key respects. First, rather than treating all parti-
cles uniformly (as in syntactic approaches) or fo-
cusing on individual particles in isolation (as in
clustering-based methods), we explicitly address
how tone-dependent polysemy creates overlapping
pragmatic functions across particles. Second, we
investigate whether varying levels of data expo-
sure enable models to learn contextual patterns
that compensate for missing prosodic information.
Third, while previous work has primarily focused
on syntactic parsing or translation, we directly eval-
uate models’ capacity for particle prediction in au-
thentic conversational Singlish, demonstrating that
substrate-derived, tone-sensitive pragmatic features
fundamentally limit models’ processing of contact
languages.

3 Methods

3.1 Dataset Construction and Particle
Selection

We extract particle-containing sentences from the
English subset of the National University of Sin-
gapore SMS corpus (Chen and Kan, 2015), which
contains over 55,000 short, informal text messages
from Singaporeans, primarily students at the Na-
tional University of Singapore. The corpus pro-
vides naturalistic data with some chronologically
ordered conversations, allowing for opportunistic
retrieval of conversational context.

To identify target particles for analysis, we com-
piled definitions and functional descriptions from
extensive prior research on Singlish discourse parti-
cles (Chow, 2021; Gupta, 1992; Kim, 2014; Khoo,
2012; Lee, 2018; Leimgruber, 2016; Leimgruber
et al., 2021; Lim, 2007; Liu et al., 2022; Platt and
Ho, 1989; Soh et al., 2022; Wong, 2014). We used
regular expressions to extract sentences containing
these particles, focusing specifically on substrate-
derived particles (thus excluding one and what,
which share orthographic forms with Standard En-
glish words despite having distinct pragmatic func-
tions in Singlish).

Through manual inspection and frequency anal-
ysis, we identified 10 particles that were both fre-
quent in the corpus and whose meanings could
be reliably verified in the literature. Four parti-
cles exhibited tonal polysemy—distinct pragmatic
functions associated with different tonal variants.
Table 1 presents our final particle inventory with
their tonal variants, pragmatic functions, syntactic
environments, and number of appearances in our
dataset.

We applied basic preprocessing including dedu-
plication, removal of anonymization artifacts, fil-
tering sentences with fewer than three words to
ensure sufficient context, and exclusion of purely
Mandarin or other substrate language content. For
particles exhibiting tonal polysemy, we manually
classified each instance into the closest functional
variant based on contextual and syntactic cues, fol-
lowing the definitions established in our literature
review.

3.2 Semantic Grouping Strategy

Rather than attempting simultaneous classification
across all particle functions, which would unfairly
penalize models due to substantial semantic overlap
and an excessively wide range of candidate labels,



Particle Tone Pragmatic Function DEC IMP INT Count
ah rising confirms understanding/acknowledgement + + 425
low tag question/echo-question marker + 367
bah low hedge; uncertainty/lack of commitment + + + 316
hor rising question marker; speaker believes proposition true + 107
low falling  warning/disclaimer marker + + 50
lah low persuades acceptance of proposition + + 511
falling presents solutions; conveys annoyance + + 88
leh mid-level persuades action/belief acceptance + + 146
low marks new information/counters assumptions + 672
liao falling past tense/perfective aspect marker + + + 624
lor mid-level marks obviousness/resignation; agreements + + 957
mah high marks information as obvious + 254
meh high question marker; skepticism/doubt + 181
sia rising reduces distance; surprise/admiration + + 212
Total 4,910

Table 1: Singlish sentence-final particles with tonal variants, pragmatic functions, syntactic environments, and
number of occurrences in our NUS-SMS subset. DEC = declarative, IMP = imperative, INT = interrogative. A "+"
indicates the particle can occur in the sentence type. Particles with multiple rows show tone-sensitive polysemy.

Group Particles Count

1 low ah, rising hor,

high meh 655
2 low leh, falling liao,

high mah, rising sia 1,762
3 falling lah, mid-level leh,

low falling hor, low bah 600
4 low lah, rising ah,

mid-level lor 1,893

Table 2: Semantic grouping of Singlish particles to
minimize functional overlap within groups.

we organized particles into four semantic groups
that minimize functional overlap within groups
while allowing fair evaluation across distinct prag-
matic domains. Table 2 summarizes our semantic
grouping with the distribution of instances across
groups.

Our grouping strategy prioritizes syntactic and
functional similarity while maintaining relatively
balanced instance counts across groups. Group
1 comprises question markers that occur exclu-
sively in interrogative contexts. Group 2 includes
particles that function as non-imperative markers.
Groups 3 and 4 organize the remaining particles
using complementary pragmatic functions while
avoiding intra-group semantic overlap.

3.3 Model Selection and Implementation

Table 3 summarizes our experimental setup across
two paradigms: BERT-based models and GPT-4.1,
selected to capture different aspects of particle un-

Paradigm Model Data Exposure
BERT-base-uncased  English
BERT-base- Top 102 languages

BERT-based multilingual-uncased (Wikipedia)
SingBERT Singlish/Manglish

(subreddits, forums)

Zero-shot Baseline

GPT-4.1 Few-shot NUS-SMS sentences

with particles

Definition-prompted ~ Particle definitions

Table 3: Model configurations with their respective data
exposure. BERT models are pretrained on the indicated
corpora; GPT-4.1 variants receive information through
in-context prompting.

derstanding and exposure to training data.

Our evaluation task requires models to predict
the correct particle for masked positions in authen-
tic Singlish sentences. Within each semantic group,
models select from 3—4 candidate particles (e.g.,
Group 1 candidates are low ah, rising hor, and high
meh). The models predict which particle should
appear in context, and we compare this against the
actual particle found in the corpus.

BERT-based models. For masked language
models, we implement a probabilistic scoring ap-
proach to handle particles that tokenize into multi-
ple subwords. Given a sentence with [MASK] in
the particle position, we expand the mask to accom-
modate the number of subwords in each candidate
particle. For each candidate, we compute the cumu-
lative log-probability by iteratively predicting each
subword position, conditioning subsequent predic-
tions on previously selected tokens (greedy left-to-



right decoding). The candidate with the highest cu-
mulative log-probability is selected as the model’s
prediction. We use BERT-base-uncased, BERT-
base-multilingual-uncased, and SingBERT in their
released forms with default tokenizers, without ad-
ditional fine-tuning on our task.

GPT-4.1. For the generative model, we use struc-
tured prompts that present the cloze sentence and
explicitly list the candidate particles for the given
semantic group. We set temperature=0.0 to en-
sure deterministic predictions and max_tokens=5
to enforce concise responses containing only the
predicted particle. For the few-shot condition, we
provide 3 example sentences per particle drawn
from the NUS-SMS corpus; these examples were
held out from the test set to prevent data leakage.
For the definition-prompted condition, we include
functional descriptions of each candidate particle
based on our literature review. Complete prompt
templates and particle definitions are provided in
Appendix A.

3.4 Evaluation Metrics

We report accuracy as our primary metric: the
proportion of correct predictions out of all test in-
stances. Given the substantial frequency imbalance
across particles within groups (Table 1), we re-
port both micro-averaged and macro-averaged met-
rics. Micro-averaged accuracy weights predictions
by instance count, reflecting overall performance
as weighted by the natural distribution of parti-
cles in conversational Singlish. Macro-averaged
metrics compute unweighted averages across par-
ticles, revealing whether models perform consis-
tently across all particle types regardless of fre-
quency. For detailed group-level analysis (Tables 4—
7), we report micro-averaged accuracy alongside
macro-averaged precision and F1 scores to assess
per-particle performance.

4 Results and Discussion

Figure 1 presents micro-averaged accuracy across
all groups and models, while Figure 2 shows over-
all performance averaged across semantic groups.
Detailed results for each semantic group are shown
in Tables 4-7.

4.1 Domain-Specific Training Effects

SingBERT consistently outperforms both general
English and multilingual BERT models across
all semantic groups, achieving an overall micro-
averaged accuracy of 56.2% compared to 30.1%

Model Acc Prec F1

BERT-base 524 394 325
BERT-multi 519 359 30.8
SingBERT 655 634 59.1
GPT-4.1 (0-shot) 63.5 587 584
GPT-4.1 (def) 664 62.5 582
GPT-4.1 (few) 65.8 450 432

Table 4: Group 1 results: Question markers (low ah,
rising hor, high meh). All models show relatively strong
performance, with GPT-4.1 definition-prompted achiev-
ing highest accuracy. For all groups (Tables 4-7), ac-
curacy is micro-averaged while precision and F1 are
macro-averaged.

Model Acc Prec F1

BERT-base 150 20.7 119
BERT-multi 189 207 175
SingBERT 624 589 523

GPT-4.1 (0-shot) 52.1 19.2 179
GPT-4.1 (def) 548 292 278
GPT-4.1 (few) 559 251 251

Table 5: Group 2 results: Non-imperative markers (low
leh, falling liao, high mah, rising sia). Largest per-
formance gap between SingBERT and other models,
highlighting domain expertise importance.

for BERT-base and 34.1% for BERT-multi. How-
ever, these modest absolute performance levels
highlight the fundamental difficulty of the parti-
cle disambiguation task when prosodic information
is unavailable. The performance advantage is most
pronounced in Group 2 (non-imperative markers),
where SingBERT achieves 62.4% accuracy com-
pared to 15.0% and 18.9% for the baseline models
respectively, demonstrating the critical importance
of domain-specific exposure to Singlish linguistic
patterns.

Notably, the performance gap narrows in Group
3, where BERT-multi outperforms SingBERT
(40.2% vs 36.7%). This suggests that cross-lingual
transfer from substrate languages may benefit cer-
tain pragmatic functions that bridge multiple lin-
guistic systems within the multilingual architec-
ture.

4.2 Generative Model Performance

GPT-4.1 demonstrates variable performance across
prompting strategies and semantic groups. Zero-
shot micro-averaged performance ranges from
23.8% (Group 3) to 63.5% (Group 1), indicating
substantial but uneven knowledge of Singlish par-
ticle functions. Definition prompting consistently
improves performance across all groups, with the
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Figure 1: Model performance across semantic groups showing micro-averaged accuracy percentages. SingBERT
demonstrates consistent performance across groups, while other models show variable effectiveness depending on

pragmatic domain.

Model Acc Prec F1

BERT-base 282 212 208
BERT-multi 402 263 253
SingBERT 36.7 463 374
GPT-4.1 (O-shot) 23.8 20.7 10.6
GPT-4.1 (def) 46.7 443 31.9

GPT-4.1 (few) 300 40.1 237

Table 6: Group 3 results: Mixed pragmatic functions
(falling lah, mid-level leh, low falling hor, low bah).
Most challenging group across all models, with defini-
tion prompting showing greatest improvement.

most substantial gains in Group 3 (46.7% vs 23.8%
zero-shot). This improvement pattern indicates that
GPT-4.1 possesses latent knowledge about Singlish
pragmatics that can be activated through appropri-
ate metalinguistic scaffolding.

Few-shot prompting shows mixed results,
sometimes underperforming definition prompting
(Group 3: 30.0% vs 46.7%), suggesting that met-
alinguistic guidance may be more effective than
exemplar-based learning for this task.

4.3 Semantic Group Analysis

Group 1 (question markers) shows the most consis-
tent performance across models, with all models

Model Acc Prec Fl1

BERT-base 24.7  39.1 19.7
BERT-multi 255 363 19.8
SingBERT 604 57.6 550
GPT-4.1 (0O-shot) 40.6 28.3 2338
GPT-4.1 (def) 46.8 476 45.1
GPT-4.1 (few) 464 496 46.1

Table 7: Group 4 results: Persuasive/confirmatory mark-
ers (low lah, rising ah, mid-level lor). SingBERT
shows strong performance, with consistent improve-
ment across GPT-4.1 prompting strategies.

except BERT-base achieving above 50% accuracy.
This suggests that interrogative particles may be
more learnable due to their clearer syntactic con-
straints.

Group 2 exhibits the largest performance dis-
parity between domain-specific and general mod-
els, highlighting the importance of exposure to
Singlish-specific pragmatic patterns. The poor per-
formance of general English models (15.0% and
18.9%) indicates that these particles encode dis-
course functions not readily transferable from stan-
dard English patterns.

Group 3 proves most challenging across all mod-
els, with no model achieving above 47% accuracy.
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Figure 2: Overall performance comparison showing micro-averaged accuracy, macro-averaged precision, and
macro-averaged F1 scores, each averaged across the four semantic groups.

This group contains particles with the most com-
plex pragmatic functions and highest degree of
contextual sensitivity, suggesting that current ap-
proaches struggle with highly context-dependent
semantic disambiguation.

Group 4 shows strong performance for
SingBERT (60.4%) and moderate but consistent
improvement for GPT-4.1 across prompting strate-
gies, indicating that persuasive and confirmatory
functions may be more accessible to computational
models.

4.4 Implications for Contact Language
Processing

Our findings reveal several key implications for
computational approaches to contact languages.
The consistent benefits of domain-specific pretrain-
ing underscore the necessity of specialized train-
ing data for creole language processing. However,
the universally modest absolute performance lev-
els—even SingBERT achieves only 56.2% overall
accuracy—point to fundamental limitations in cur-
rent text-only approaches when pragmatic meaning
is prosodically encoded. The variable effectiveness
of different prompting strategies suggests that large
generative models possess relevant but unevenly
accessible knowledge about contact language fea-
tures, with definition prompting (53.7%) substan-
tially outperforming zero-shot approaches (45.0%)
while few-shot prompting shows inconsistent bene-
fits (49.5%).

5 Conclusion

This study demonstrates that tone-sensitive prag-
matic phenomena in Singlish discourse particles
expose fundamental limitations of contemporary
language models operating solely on orthographic
input. Even with domain-specific pretraining, per-
formance remains far from human-level, underscor-
ing the difficulty of capturing prosodically encoded
meaning from text alone. These findings highlight
that pragmatic interpretation in contact languages
cannot be reduced to surface form recognition: it
requires sensitivity to prosody, stance, and interac-
tional context.

Our semantic grouping framework provides a
principled evaluation methodology that mitigates
functional overlap between particles, offering an
approach generalizable to other contact varieties
with complex pragmatic systems. The framework
reveals systematic performance patterns: interroga-
tive markers (Group 1) achieve relatively consistent
results across models, while non-imperative mark-
ers (Group 2) and context-dependent functions
(Group 3) prove substantially more challenging,
particularly for models lacking Singlish-specific
training. The variable success of definition prompt-
ing—with gains of over 20 percentage points in
Group 3—further indicates that large generative
models contain latent knowledge of such systems,
but that this knowledge requires explicit scaffold-
ing to be reliably accessed.

Taken together, these results argue for expanding



computational approaches to under-resourced con-
tact languages beyond text-only evaluation toward
multimodal, prosody-aware methods that recognize
the interplay of substrate-derived pragmatic sys-
tems with lexifier structures. Beyond Singlish, this
work illustrates how contact languages can serve
as critical testing grounds for theories of meaning
in NLP, revealing where current models succeed,
where they fail, and what linguistic knowledge re-
mains inaccessible through distributional learning
alone.

Limitations

While our evaluation provides valuable insights
into computational particle disambiguation, certain
limitations must be acknowledged. First, our man-
ual annotation of tonal variants introduces poten-
tial subjectivity, particularly for ambiguous cases
where contextual cues are insufficient to determine
intended prosodic realization. Given the complex
sociolinguistic nature of Singlish and the inherent
difficulty of defining "native speaker" status in a
contact language context, some degree of interpre-
tive judgment is unavoidable. We mitigated this
through extensive consultation of established lit-
erature and consistent application of documented
functional criteria.

Second, the NUS-SMS corpus, while represent-
ing a specific demographic (primarily university
students), constitutes one of the few available natu-
ralistic Singlish corpora with substantial particle us-
age. Despite its demographic constraints, this cor-
pus provides valuable authentic data. Our semantic
grouping strategy, while involving theoretical judg-
ment about functional similarity, is grounded in
established pragmatic distinctions documented in
extensive prior literature on Singlish discourse par-
ticles.

Finally, our evaluation framework focuses on
Singlish and textual particle prediction, which may
limit generalizability to other contact languages or
multimodal contexts. Future work incorporating
prosodic information and expanding to additional
creole varieties could enhance our understanding
of computational challenges across diverse contact
language phenomena.
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A Prompt Templates

A.1 Zero-shot Prompt

You are given a Singlish sentence with
a missing word marked as [MASK]. Fill
in the [MASK] with exactly one of the
following particles: {candidates}. Do
not output anything else.

Sentence: {cloze_text}

A.2 Definition-prompted Template

You are given a Singlish sentence with
a missing word marked as [MASK]. Fill
in the [MASK] with exactly one of the
following particles: {candidates}. Use
the following definitions to guide your
choice:

[Particle definitions inserted here

based on semantic group]
Do not output anything else.

Sentence: {cloze_text}



A.3 Few-shot Template

You are given a Singlish sentence with
a missing word marked as [MASK]. Fill
in the [MASK] with exactly one of
the following particles: {candidates}.
Below are example usages for each
particle:

[Examples for each particle inserted
here]

Do not output anything else.

Sentence: {cloze_text}

A.4 Particle Definitions by Semantic Group
A.4.1 Group 1: Question Markers

ah: question marker (tag question or
echo-question), elicits affirmation or
confirmation

hor: question marker; indicates that the
speaker believes the proposition to be
true

meh: question marker; indicates
skepticism or doubt

A.4.2 Group 2: Non-imperative Markers

leh: marks new information or re-asserts
old information, possibly to counter
the addressee’s assumptions; used for
declaratives

liao: past tense/perfective aspect
marker; used for declaratives,
imperatives, interrogatives

mah: marks information as obvious; used
for declaratives

sia: reduces the distance between
interlocutors and marks coarseness,
surprise, or admiration; used for

declaratives and interrogatives

A.4.3 Group 3: Mixed Pragmatic Functions

lah: presents answers or solutions
to questions or situations; conveys
annoyance and unfriendliness towards the
addressee; wused for declaratives and
imperatives

leh: persuades the addressee to take
action or accept a belief; used for
declaratives and imperatives

hor: indicates a warning or disclaimer;
used for declaratives and imperatives
bah: hedge; marks uncertainty and
lack of commitment about a proposition;
used for declaratives, imperatives,
interrogatives

A.44 Group 4: Persuasive/Confirmatory

Markers

lah: persuades the addressee to accept
a proposition the speaker believes to
be true; used for declaratives and

imperatives
ah: confirms the addressee’s
acknowledgement or understanding

of a proposition; used for declaratives
and imperatives

lor: marks obviousness and resignation;
often wused for agreements; used for
declaratives and imperatives

A.5 Few-shot Examples by Semantic Group
A.5.1 Group 1 Examples

ah:

1. K.:)you are the only girl waiting in reception
ah?

2. Oh all have to come ah?

3. K. Did you call me just now ah?

hor:

1. Hey, u haven’t upload the latest copy hor?

2. U typing the outline into the google doc hor?
3. Dear so we waiting u at orchard hor? Head of
train k

meh:

1. Can meh? Thgt some will clash... Really ah, i
dun mind...

2. Now got tv 2 watch meh? U no work today?

3. Huh... U serious of poning ah... Deepavali not
nxt wk meh?

A.5.2 Group 2 Examples

leh:

1. haha but no money leh... Later got to go for
tuition...

2. Tmr v crowded leh, weekday go la...

3. Huh... I mean e orientation in e first wk leh...
Not majors...

liao:

1. Juz now havent woke up so a bit blur blur... Dad

went out liao...

2. not goin 4 any camps... My faculty camp oso over
liao...

3. oredi on my way to e class liao...

mah:

1. C movie is juz last minute decision mah. Juz
watch 2 lar...

2. U must key in the amount on top first mah

3. Lol because if im not there and you kena caught,
it will be very awkward mah lol

sia:

1. guess wad sia? i won preview tickets to this
korean show!

2. Haha. Good what. Can earn another 1k plus. Rich
sia u.

3. U so serious till hallucinate?! Serious sia! u
better stop training

A.5.3 Group 3 Examples

lah:

1. Then give mine to the person who doesnt have it
lah.

2. Okayokay but what’s done is done lah.

3. Borrow the one at home lah. Also, camera i think
no choice...

leh:

1. Let me know asap leh

2. What u all buying? Help me to buy leh. I go join
u all now.

3. It’s ok. I’'m already at your place. Open the
door for me leh.

hor:

1. U dun say so early hor... U c already then say...
2. Drive carefully when u come back hor... Raining
heavily...

3. u so naughty!!!! dun sleep so late hor. hug you
tight tight.

bah:

1. Shld be ard 4 to 5 bah. What time e thing starts
ar..

2. Don’t know leh. Maybe his office bah.

3. Okie... scarly u arrive first arh lol... I think
he shld be going bah

A.5.4 Group 4 Examples

lah:

1. Ur haircut not bad lah, quite nice and dun really
look gong.

2. i think no need lah..i go borrows from steve



3. Ohh.. I heard australia is good lah. Haha. I
don’t intend to travel.

ah:

1. dun forget u still owe me a treat ah..haha

2. 630. Today ah! Later on... Dont be late... And
dont gelek

3. fetch me at 6 ah.. arts there, e place u always
pick me up one..

lor:

1. Anything lor up 2 u... Dun buy anything too
expensive. ..

2. ya lor. as my friends doing agency job then many
of them got more tutor than student.

3. No. They bound to tease at us, so just let them
tease lor.
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