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Abstract

Large language models (LLMs) perform well
on Standard Chinese but struggle with low-
resource Chinese dialects due to substan-
tial phonological divergence. We investigate
whether incorporating Middle Chinese, the
common historical ancestor of most of the mod-
ern Chinese dialects, can improve dialectal pro-
nunciation modeling in a linguistically inter-
pretable manner. We focus on two specific
task variants: (1) conditional sound change rule
induction (a variant of Sound Law Induction,
SLI), where models infer executable phono-
logical transformation rules from Middle Chi-
nese to modern dialects, and (2) sentence-level
dialectal pronunciation transcription (a vari-
ant of Grapheme-to-Phoneme, G2P), requiring
dialect-specific International Phonetic Alphabet
(IPA) generation. We construct a multi-source
dataset covering Middle Chinese and 12 mod-
ern Chinese dialects, including character-level
correspondences, rule exemplars, and sentence-
level TIPA transcription. We adopt a parameter-
efficient training framework combining LoRA-
based supervised fine-tuning and reinforcement
learning via Group Relative Policy Optimiza-
tion (GRPO) for the first task. Across both
tasks and a wide range of dialects and evalu-
ation metrics, our approach achieves overall
improvements over strong baselines, including
DeepSeek-V3.2 and ChatGPT-5.2, while reveal-
ing variation across dialects. These results
demonstrate the value of leveraging historical
linguistic knowledge for modeling low-resource
Chinese dialects.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable performance across a variety
of natural language processing tasks, showcasing
strong capabilities in language understanding and
generation. Multimodal LLMs such as Qwen 3

* Corresponding author.

Omni (Xu et al., 2025) even support speech syn-
thesis and comprehension in several major Chinese
dialects, including Cantonese and Sichuanese. De-
spite these advances, there are 17 types of Chinese
dialects' and 101 dialect subgroups (Xiong et al.,
2012), many of which are low-resource and even
endangered, and LLMs still struggle to model their
phonological systems and pronunciations reliably.

Although these dialects share a common logo-
graphic writing system, i.e. Chinese characters, the
phonological divergence across the Chinese fam-
ily is substantial. Crucially, characters that are ho-
mophonous in Standard Chinese may be distinct
in other dialects, and vice versa. For example, the
characters # (meaning to move) and Bt (mean-
ing spotted) are homophonous in Standard Chinese
(both pronounced as /pan>?/) but not in Cantonese
(pronounced as /pun®°/ and /pan®?/, respectively),
whereas /2 (meaning sour) and E. (meaning to de-
clare) are homophonous in Cantonese (both pro-
nounced as /syn®?%/) but not in Standard Chinese
(pronounced as /suan®®/ and /eyan>3/, respec-
tively). Such asymmetries make it difficult to di-
rectly project phonological information from Stan-
dard Chinese to the other Chinese dialects. In prac-
tice, LLMs frequently hallucinate dialectal pronun-
ciations due to an overreliance on Standard Chinese
as a proxy for all Chinese dialects.

A primary source of these divergences lies in the
historical evolution from Middle Chinese to differ-
ent modern Chinese dialects. As shown in Figure 1,
despite the different evolutionary paths, both Stan-
dard Chinese and Cantonese pronunciations can be
inferred from the phonological system of Middle
Chinese according to certain linguistic rules.

Motivated by these historical linguistic rules, we

!There are two perspectives in linguistics regarding Chi-
nese: one views it as a language family, with its various vari-
ants considered distinct languages; the other views Chinese
as a single language, treating its variants as different dialects.

This paper adopts the latter perspective, which is more widely
accepted by the general Chinese public.
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Figure 1: Example of the different sound change paths of some Middle Chinese characters in the “shan rhyme
group” (LLIFR/LLI##, shan she, where “she” or “rhyme group” refers to a set of characters with similar finals) to
Standard Chinese and Cantonese in Guangzhou. (In this paper, the style “Chinese scripts A/Chinese scripts B”

denotes “Simplified Chinese/Traditional Chinese.”)

investigate whether LLMs can leverage Middle Chi-
nese as an explicit intermediate representation to
infer sound change rules and generate modern di-
alectal pronunciations.

To achieve this, we propose a systematic pipeline
comprising data construction and two-stage model
training (as intuitively summarized in Figure 2). We
first build an automated alignment and polyphonic
normalization pipeline to clean and enhance the ex-
isting datasets MCPDict and Polyphone. Building
on this multi-source data, we adopt a parameter-
efficient training framework. It begins with LoRA-
based supervised fine-tuning to equip the model
with basic historical reasoning and surface genera-
tion skills, followed by reinforcement learning via
Group Relative Policy Optimization (GRPO). The
RL reward is carefully designed to optimize the
generated Python rules.

Our contributions are summarized as follows:

* We formulate two specific task variants of
Sound Law Induction (SLI) and Grapheme-
to-Phoneme (G2P) that operationalize histor-
ical sound change in LLMs: (i) conditional
sound change rule induction from Middle Chi-
nese to modern dialects, producing executable
phonological rules; and (ii) sentence-level di-
alectal pronunciation transcription, requiring
dialect-specific IPA generation.

* We present an automated normalization and

alignment pipeline for polyphonic characters
to clean the existing MCPDict database, yield-
ing a multi-source dataset spanning Middle
Chinese and 12 modern dialects.

* We propose a parameter-efficient, linguisti-
cally informed training framework combin-
ing LoRA-based supervised fine-tuning and
GRPO-based reinforcement learning (only for
the SLI task), achieving overall improvements
over strong LLM baselines.

2 Related Work

2.1 Machine Learning and Historical

Linguistics

Sims-Williams (2018) proposed the concepts of
Computerized Backward Reconstruction (CBR)
and Computerized Forward Reconstruction (CFR),
which refer to using computers to reconstruct his-
torical languages from modern languages and vice
versa.

In the CBR task, Meloni et al. (2021) first in-
troduced neural models into the task of historical
language reconstruction, using a GRU model to re-
construct Latin from modern Romance languages.
Extending this approach to the Sinitic family, Chang
et al. (2022) constructed WikiHan, a comparative
dataset standardizing transcriptions into IPA, and
applied an encoder-decoder architecture for proto-
form reconstruction. Kim et al. (2023) upgraded
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Figure 2: An overview of the pipeline proposed by this article.

the model from GRU to Transformer and conducted
experiments on more languages from different lan-
guage families. Huang et al. (2024) constructed
the historical evolution chain of Chinese characters
using a Transformer model, based on the pronuncia-
tions of different periods of Chinese and combining
the glyph information of Chinese characters.

In the CFR task, Chacon and List (2016) mod-
eled sound change patterns as directed weighted
transitions to infer phylogenetic trees for Tukanoan
languages. Luo (2021) proposed a reinforcement
learning method based on hierarchical Monte Carlo
tree search for automatically inducing sound change
rules in multiple language families. Chang et al.
(2023) trained a neural network to estimate pronun-
ciation distances between phonemes and predict
intermediate phonetic change steps between histor-
ical forms and their descendants.

Naik et al. (2025) adopted an SFT + program-
ming by examples (PBE) approach to apply large
language models to the task of inducing sound
change rules for the first time. Unlike their work,
which adds example code to the prompt context, we
internalize code knowledge directly during training.

2.2 Large Language Models and Dialects

Lin et al. (2025) evaluated the reasoning perfor-
mance of LLMs on the English variant AAVE, argu-
ing that most mainstream LLMs exhibit significant
vulnerability and unfairness to nonstandard dialec-
tal inputs. Liu et al. (2023) introduced adapters to
adapt large language models of standard English
to different English dialect variants. Dimakis et al.
(2025) proposed a method combining rule-based
few-shot prompting to “standardize” dialect texts

for downstream NLP systems. Liang et al. (2025)
expanded upon a manually annotated dataset using
LLMs to generate a bilingual dataset of Colloquial
Singaporean English and standard English with ex-
plainability and fine-grained control. Jiang et al.
(2025) proposed new evaluation benchmarks to test
the performance of LLMs in Cantonese understand-
ing and generation tasks.

Despite the rich diversity of research on LLMs
and dialects, there remains a lack of work from a
historical linguistics perspective. This highlights
the necessity of our approach, which bridges LLMs
with historical sound change patterns for rule in-
duction and pronunciation prediction.

3 Task Definition

3.1 Task 1: Conditional Sound Change Rule
Induction

Task 1 is a variant of SLI that requires Middle Chi-
nese phonetic information, which evaluates whether
a model can induce explicit and executable condi-
tional sound change rules. For each character, the
model receives a Middle Chinese phonological rep-
resentation (a dictionary of discrete features; see
Appendix A) and outputs the predicted initial, final,
or tone in a target dialect d.

Concretely, given a phonological feature pair
(F1, F2) (Middle Chinese initial, modern dialect
initial), (Middle Chinese rhyme, modern dialect
final), or (Middle Chinese tone, modern dialect
tone)), a specific value v, and a set of example char-
acter pronunciation pairs L from Middle Chinese
to the modern dialect satisfying /1 = v, the model
needs to generate a rule to infer /> in the modern
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dialect for all characters satisfying F; = v.
Each rule is expressed as an executable Python
function:

def rule(char_info):

which returns a single determined form or a list of

possible forms for random phonemic split.
Optionally, to account for cross-component inter-

actions, the model may generate a revision function:

def revise(char_info, modern_syllable):

Here, modern_syllableisadictionary contain-
ing the initial, final, and tone of the character in the
target dialect. The predicted component in this dic-
tionary is taken from the output of the rule function
rule, while the remaining components correspond
to the character’s true dialectal pronunciation, pre-
venting the model from bypassing rule induction
by directly returning the gold label.

3.2 Task 2: Dialectal Pronunciation
Prediction

Task 2 evaluates sentence-level pronunciation mod-
eling. Given a target dialect d and a Chinese sen-
tence s, the model outputs an IPA transcription of s
in dialect d, evaluated using Levenshtein distance.

For characters not in the dialect lexicon, evalua-
tion labels are obtained by applying Task 1 rules to
their Middle Chinese representations.

4 Dataset Construction

4.1 Data Sources

The data used in this work are primarily built upon
two open-source resources. For character-level pho-
netic attributes and dialectal pronunciations, we uti-
lize MCPDict,? an open-source, continuously main-
tained database of Chinese character pronunciations
across historical periods and modern varieties. For
Middle Chinese (MC), MCPDict adopts the phono-
logical system of Guangyun, an 11th-century dictio-
nary widely used in Chinese historical phonology.
The dataset includes 25,335 original character en-
tries.

For modern Chinese dialects, we select a repre-
sentative set of 12 varieties covering major Man-
darin subgroups and non-Mandarin branches from
MCPDict. The selected dialects and their raw data
sizes are summarized in Table 1. In this context, a

*https://github.com/osfans/MCPDict

({

Original MCPDict Data

Monophonic Chars Polyphonic Chars

\ ] Reverse Lookup

- after SFT
Sound Change Pairs

Base Model
for Monophonic Chars

Y +

SFT

-

. LoRA Adapter

SFT Data

-
- h——
- Merged Sound =
- Ci;g: c Poal;:s Sound Change Pairs
-— e for Polyphonic Chars
Original Polyphone Data
- -
l - -
Pairs for Training Pairs for Testing

e

Sentence with

Standard Chinese IPA .
Sentence with

Middle Chinese and
Modern Dialects

Figure 3: Construction workflow for Character-level
Sound Change and Sentence-level Pronunciation Data.

monophonic character possesses exactly one pro-
nunciation in a given linguistic system, whereas a
polyphonic character exhibits multiple pronuncia-
tions.

For evaluating sentence-level dialectal pronun-
ciation prediction (Task 2), we make use of a sub-
set of the Polyphone dataset (Zhang et al., 2023),’
which provides sentences from diverse domains
specifically designed for disambiguating Mandarin
polyphonic characters in context.

4.2 Structured Base Data Construction

Based on the aforementioned sources, we construct
three categories of Structured Base Data (exam-
ples are provided in Appendix C).

Category 1: Sound Change Rule Exemplars
To enable the model to generate executable sound
change rules (Task 1), the authors manually con-
structed a set of rule exemplars for four representa-
tive dialects: Standard Mandarin, Chengdu, Shang-
hai, and Guangzhou. Relying on MCPDict statistics
and historical linguistic knowledge, these exemplars
map phonological conditions in MC to modern di-
alects. Each exemplar provides a generated Python
script, specific linguistic rules, illustrative character

*https://github. com/NewZsh/polyphone
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Dialect Dialect Group #Raw Entries #Monophonic Pairs  #Polyphonic Pairs
Putonghua  Standard Chinese 99,851 12,138 1,918
Harbin Northeastern Mandarin 6,126 3,105 1,102
Chengdu Southwestern Mandarin 3,094 1,953 680
Luoyang Central Plains Mandarin 3,942 2,417 853
Jinan Ji-Lu Mandarin 4,395 2,574 874
Yinchuan Lan-Yin Mandarin 4,937 2,930 1,018
Changsha  Xiang 4,373 2,509 855
Guangzhou Yue 3,324 2,105 722
Shanghai Wu 5,962 3,408 1,148
Nanchang Gan 3,746 2,111 739
Meixian Hakka 5,131 2,898 973
Quanzhou  Min 7,543 3,102 1,087

Table 1: Statistics of aligned Middle Chinese—dialect character pairs. Raw Entries denotes the original record count
in MCPDict. Monophonic Fairs denotes occurrences where a character has exactly one pronunciation in both Middle
Chinese and the respective dialect, whereas the remaining aligned character pairs are classified as Polyphonic Pairs.
Note that counts reflect distinct characters, not distinct pronunciations.

examples, and explicit lists of irregular characters
that the function should ignore.

Category 2: Character-level Sound Change Data
For characters that are monophonic in both MC
and the target dialect, we directly extract them to
form explicit sound change pairs. However, for
polyphonic characters, MCPDict does not explic-
itly annotate the exact evolutionary correspondence
between specific MC variants and modern dialect
variants. To establish these alignments, we imple-
ment a three-step pipeline: (1) We use the unam-
biguous monophonic pairs as anchors. (2) For each
dialect, we automatically construct 100 multiple-
choice questions requiring a model to select the cor-
rect MC origin from candidate pronunciations that
differ in exactly one phonological dimension (initial,
final, or tone). (3) We preliminarily fine-tune a base
model on this diagnostic task (using the formatting
pipeline described in Section 4.3) to predict MC
origins for modern pronunciations. We then use
this model to disambiguate all polyphonic entries,
yielding a complete set of MC-dialect sound change
pairs. During main training, we allocate 95% of
these pairs for training and 5% for evaluation.

Category 3: Sentence-level Pronunciation Data
Original sentences from the Polyphone dataset only
provide annotated Standard Mandarin readings for
polyphonic characters. To construct parallel dialec-
tal sentences, we first use the python-pinyin®* li-
brary to transcribe the remaining monophonic char-

“https://github.com/mozillazg/python-pinyin

acters, obtaining a complete Standard Mandarin
IPA transcription for each sentence. Subsequently,
relying on the aligned character-level sound change
pairs (Category 1), we performed a reverse lookup
to find the MC representations of the characters in
context. Finally, we project these contextualized
MC representations forward to generate sentence-
level IPAs for all modern dialects. This process
yields 1,652 MC-Standard Mandarin training align-
ments and 428 MC-modern dialect training align-
ments. Additionally, we randomly sample 50 sen-
tences from the Polyphone test set, which are shared
across all dialects to serve as the test set for Task 2.
The overall data construction workflow of Category
2 and 3 is illustrated in Figure 3.

4.3 Construction of Supervised Fine-Tuning
Data

The raw Structured Base Data constructed above
cannot be directly utilized for large language model
alignment. To prepare the final training set, we
apply specifically designed instruction templates
(detailed in Appendix D) to the three categories of
Structured Base Data, transforming them into stan-
dardized instruction-response pairs. This final col-
lection is collectively referred to as the Supervised
Fine-Tuning Data. All subsequent supervised fine-
tuning directly operates on these templates to jointly
optimize the model for both historical reasoning and
dialectal IPA transcription.
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5 Method

5.1 Single Character Tokenization

In order to help the model better understand the
relationships between phonemes, we adopt a sin-
gle character tokenization strategy when encoding
phonological components (e.g., IPA symbols and
Middle Chinese phonetic categories) and input sen-
tences in Task 2. Specifically, we wrap these parts
with a <single_char_mode> tag and hook the
original tokenizing function to force the tokenizer to
process them character-by-character, while standard
byte-pair encoding parses the rest. This preserves
phoneme-level granularity (e.g., tokenizing “tsan”
into “t”, “s”, “a”, “n” instead of “ts”, “an”), prevents
unintended semantic combinations (e.g., tokeniz-
ing “/2 A\ as a single word meaning “invasion”,
whereas here the meaning is the rhyme “/%” and the
tone “ \”), and facilitates character-by-character
analysis for sentence transcription.

5.2 Supervised Fine-tuning

We use supervised fine-tuning (SFT) + Low-Rank
Adaptation (LoRA) (Hu et al., 2021) as the first
stage of model training. Based on the Structured
Base Data introduced in Section 4, we apply our
predefined prompt templates to construct the final
instruction—response pairs (Supervised Fine-Tuning
Data). The detailed prompt format and examples
can be found in Appendix D.

During supervised fine-tuning, we jointly train
the model on data from Task 1 and Task 2. This
joint training strategy allows the model to simul-

taneously acquire rule induction capabilities and
surface pronunciation generation skills, facilitating
knowledge sharing between the two tasks.

5.3 Reinforcement Learning with GRPO

For Task 1, after supervised fine-tuning, we fur-
ther apply the GRPO (Shao et al., 2024) reinforce-
ment learning algorithm to help the model find
high-quality sound change rule functions within
the search space.

The final reward score R for successfully exe-
cuted rule functions is designed as follows:

R = Acc — Pspl'it - jjlength

where each term is defined as follows:

* Accuracy Score (Acc): For each test sample,
if the executed rule function returns the exact
correct unique answer, a score of 1 is given;
if it returns a candidate list containing the cor-
rect answer, a score of 0.8 is assigned; other-
wise, the score is 0. This partial reward of 0.8
discourages the model from lazily returning
exhaustive candidate lists to avoid errors.

* Random Split Penalty (P,;;;): If a line in the
rule function returns a candidate list of length
k, the penalty for that line is defined as:

k
o <1og2 k+ Zpi log, pi> ,

i=1

where « represents the proportion of test sam-
ples covered by that line, and p; is the empir-
ical proportion of the true answers matching
the ¢-th candidate. This penalty (maximized
at o log, k for uniform distributions) strongly
encourages the model to deduce explicit sound
change conditions rather than masking igno-
rance with uniform candidate lists.

 Code Length Penalty (F.,4): Calculated
as 0.001 times the character length of the un-
commented rule code, to discourage overly
verbose if-else structures and incentivize
generalization.

Besides, if the model’s generated response fails
syntax checks or execution, we assign a penalty
score of R = —0.5 to guide the generation of
strictly executable Python code.

The training workflow is illustrated in Figure 4.
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Task 1: Conditional Sound Change Rule Induction

\ Standard Chinese Guangzhou Shanghai Chengdu
Model \UA WA US WS \ UA WA US WS \ UA WA US WS \ UA WA US WS
Qwen3-8B 0.10 0.04 0.08 0.03|0.16 0.11 0.16 0.11]0.14 0.05 0.13 0.05]0.21 0.06 0.20 0.06
Our (Full) 0.88 0.87 0.86 0.86|0.84 0.79 0.82 0.78 0.84 0.81 0.83 0.80|0.89 0.89 0.87 0.87
Our (w/o GRPO) 0.74 0.73 0.72 0.7210.82 0.75 0.80 0.73]0.81 0.73 0.80 0.72]0.85 0.84 0.83 0.82
Our (w/o SCT) 0.84 0.86 0.83 0.84|0.82 0.75 0.80 0.72]0.81 0.78 0.80 0.76]0.83 0.85 0.82 0.84
Our (w/o Joint Train) | 0.74 0.68 0.70 0.65]0.80 0.66 0.77 0.63|0.80 0.78 0.77 0.73]10.81 0.75 0.79 0.74
DeepSeek-V3.2 0.81 0.85 0.62 0.61(0.83 0.81 0.71 0.68|0.80 0.66 0.67 0.53]|0.84 0.77 0.71 0.49
ChatGPT-5.2 0.72 0.79 0.59 0.66|0.87 0.86 0.75 0.73|0.88 0.88 0.79 0.7810.93 0.90 0.81 0.77

\ Nanchang Harbin Meixian Quanzhou
Qwen3-8B 0.15 0.05 0.14 0.05]0.12 0.07 0.12 0.06|0.08 0.04 0.08 0.04]0.13 0.07 0.11 0.06
Our (Full) 0.83 0.82 0.81 0.80({0.83 0.81 0.81 0.80|0.79 0.80 0.77 0.79]0.82 0.85 0.80 0.84
Our (w/o GRPO) 0.78 0.71 0.75 0.68|0.77 0.73 0.74 0.70|0.69 0.58 0.67 0.57]0.77 0.75 0.75 0.73
Our (w/o SCT) 0.80 0.81 0.79 0.7910.80 0.79 0.77 0.79|0.77 0.79 0.76 0.79|0.78 0.84 0.76 0.82
Our (w/o Joint Train) | 0.79 0.70 0.76 0.68|0.73 0.63 0.70 0.580.72 0.64 0.70 0.62|0.79 0.79 0.77 0.78
DeepSeek-V3.2 0.80 0.77 0.71 0.69|0.77 0.65 0.65 0.55|0.79 0.67 0.67 0.56|0.80 0.69 0.69 0.58
ChatGPT-5.2 0.89 0.85 0.77 0.73]0.88 0.80 0.78 0.71{0.83 0.80 0.73 0.64|0.87 0.87 0.80 0.82

\ Luoyang Jinan Yinchuan Changsha
Qwen3-8B 0.10 0.05 0.09 0.05|0.12 0.05 0.11 0.05|0.11 0.07 0.10 0.07]0.10 0.04 0.10 0.04
Our (Full) 0.86 0.85 0.85 0.84|0.84 0.72 0.82 0.71]0.85 0.87 0.83 0.85|0.78 0.82 0.77 0.81
Our (w/o GRPO) 0.78 0.79 0.77 0.77|0.78 0.68 0.75 0.65|0.77 0.78 0.74 0.75]0.77 0.76 0.74 0.74
Our (w/o SCT) 0.82 0.81 0.80 0.80(0.72 0.76 0.70 0.75{0.79 0.83 0.78 0.82]0.70 0.77 0.68 0.76
Our (w/o Joint Train) | 0.78 0.73 0.76 0.71]0.76 0.69 0.74 0.67(0.73 0.70 0.70 0.68|0.69 0.68 0.67 0.65
DeepSeek-V3.2 0.80 0.82 0.66 0.58|0.79 0.65 0.69 0.53]0.81 0.63 0.70 0.54]0.81 0.61 0.69 0.51
ChatGPT-5.2 0.90 0.86 0.79 0.77 /091 0.86 0.80 0.74|0.90 0.87 0.78 0.77|0.88 0.84 0.78 0.67

Table 2: Task 1 results on conditional sound change rule induction. UA / WA denote unweighted and weighted
accuracy, while US / WS denote unweighted and weighted score. All data are the results of a single run.

6 Experiments

6.1 Experimental Setup

6.1.1 Implementations

We adopt Qwen3-8B (Yang et al., 2025) as the
backbone. Model training is implemented using
the Hugging Face ecosystem, including Trainer,
Accelerate, and TRL. More details about the train-
ing configurations are provided in Appendix B.

6.1.2 Ablation Setup

To understand the contribution of different com-
ponents, we designate Our (Full) as the complete
method described in Section 5. Based on this, we
evaluate task-specific ablation settings. For Task 1,
we evaluate Qur (w/o GRPO) (using only SFT
without reinforcement learning), Our (w/o SCT)
(disabling single-character tokenization in favor of
standard BBPE), and Our (w/o Joint Train) (train-
ing exclusively on rule exemplars without using
character-level pronunciation pairs). For Task 2,
we evaluate Our (w/o MC) (omitting all Middle
Chinese information and only training with modern
pronunciation) and Our (w/o SCT).

6.2 Baselines

To comprehensively evaluate the effectiveness of
the proposed approach, we compare our models
against the following baselines:

* Qwen3-8B (Base): the original Qwen3-8B
model without any fine-tuning, serving as a
reference for the backbone’s out-of-the-box
performance.

* DeepSeek-V3.2(DeepSeek-Al et al., 2025): a
strong open-source large language model, ac-
cessed via its official APL

* ChatGPT-5.2(OpenAl, 2025): a closed-
source general-purpose large language model,
accessed via its official API.

We exclude previous methods for related tasks
(e.g., Luo (2021) and Naik et al. (2025)) from our
baselines because their approaches cannot accom-
modate the explicit Middle Chinese phonological
representations required by our task formulation.

All baseline models are evaluated on the same
test sets at the level of Structured Base Data. For
prompt formats, we provide more detailed infor-
mation to the baseline models to further clarify
the task requirements to mitigate evaluation mis-
matches for semantically equivalent model outputs.
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Task 2: Sentence-to-Dialect IPA Generation

\ Standard Chinese Guangzhou Shanghai Chengdu
Model | Full Train Test Pred.| Full Train Test Pred.| Full Train Test Pred.| Full Train Test Pred.
Qwen3-8B 10.62 3.36 3.23 3.50 |29.11 3.81 3.51 3.79 |33.43 3.62 354 3.51 (2290 3.80 3.96 3.56
Our (Full) 0.10 0.02 0.03 150 | 048 0.10 022 093 | 0.69 0.08 0.11 1.82 | 0.68 0.12 0.01 1.26
Our (w/oMC) | 0.10 0.03 0.03 192|349 0.54 059 1.24 | 1.21 057 075 2.04 ] 0.80 023 022 142
Our (w/0o SCT) | 0.10 0.02 0.00 1.45]| 0.64 0.25 020 1.11 | 0.80 0.22 051 1.50| 0.78 0.17 0.07 1.26
DeepSeek-V3.2 | 0.28 0.09 0.03 1.43 | 0.81 038 0.03 1.07| 137 0.59 036 2.10 | 098 039 045 1.51
ChatGPT-5.2 0.21 0.13 0.11 1.60| 072 031 0.06 1.08 | 347 2.64 3.03 3.03| 211 1.69 1.18 246

\ Nanchang Harbin Meixian Quanzhou
Qwen3-8B 39.16 6.30 4.65 3.80|18.67 3.62 3.66 3.47 [29.65 393 4.03 394 |28.73 4.74 3.95 4.25
Our (Full) 0.62 0.14 0.06 147 | 0.32 0.07 0.07 087 | 0.48 0.13 0.05 0.85| 0.37 0.09 0.16 1.25
Our (w/oMC) | 0.87 039 0.60 193 | 0.38 0.15 0.16 1.03| 0.76 040 054 1.20] 0.72 041 1.00 1.74
Our (w/0o SCT) | 0.80 0.30 047 1.62| 045 0.13 0.19 098 | 0.64 0.23 0.64 1.11 ] 073 035 1.09 141
DeepSeek-V3.2| 1.41 093 1.00 148 | 0.73 048 0.61 1.11| 083 0.23 047 095 | 140 1.16 0.86 2.16
ChatGPT-5.2 492 425 459 408 | 144 086 0.83 1.24| 213 1.71 2.05 180|293 240 228 281

\ Luoyang Jinan Yinchuan Changsha
Qwen3-8B 2946 3.55 3.46 3.47 |20.57 3.84 423 3.86 (2298 3.39 392 3231|4380 4.25 4.17 4.29
Our (Full) 0.46 0.06 0.16 1.00 | 0.46 0.06 0.13 230 | 0.53 0.08 0.06 0.87 | 0.38 0.05 0.01 1.44
Our (w/oMC) | 0.57 0.17 053 1.36| 0.53 0.14 032 247|053 0.12 0.14 0.75] 0.60 0.26 026 1.66
Our (w/0 SCT) | 0.57 0.15 0.62 1.09 | 0.81 0.35 0.22 226 | 0.65 0.19 0.16 0.81 | 1.13 0.64 0.57 1.85
DeepSeek-V3.2| 1.39 1.05 1.65 1.72 | 098 0.56 0.17 258 | 1.10 0.65 0.57 156 | 1.41 091 0.83 2.06
ChatGPT-5.2 344 257 246 293|258 211 220 3.04 | 199 141 1.12 231|623 492 4.82 496

Table 3: Task 2: Sentence-to-Dialect IPA Generation. Full denotes the constrained edit distance per character on the
entire test set; Train and Test denote the constrained edit distances per character on the subsets of characters seen
and unseen in the training set, respectively; Pred. indicates the proportion of characters that are out of vocabulary
for the target dialect and thus require pseudo labels generated by applying the sound change rules from Task 1. All

data are the results of a single run.

Specifically, for Task 1, we specify the values of
each field in the dictionary in the prompt; for Task 2,
we provide the phonology of the target dialect, in-
cluding all possible initials, finals, and tones. The
detailed format and examples can be found in Ap-
pendix D.

6.3 Evaluation Metrics

6.3.1 Maetrics for Task 1: Conditional Sound
Change Rule Induction

For Task 1, we evaluate the generated sound change
rules from both execution correctness and rule com-
plexity perspectives. We report two metrics: Accu-
racy and Score.

Accuracy Accuracy is defined as the proportion
of test instances for which the predicted outcome
is correct. The prediction is considered correct if
the generated function’s output matches the gold
dialect pronunciation or is included in the returned
candidate list.

Score The same as the reward function used in
the GRPO stage (see Section 5.3).

Because sound change rules cover varying num-
bers of characters (from less than 10 to hundreds),

we report two versions of the above metrics: un-
weighted (UA/US) metrics and weighted (WA/WS)
metrics by the number of test instances covered
by each rule. The unweighted metrics reflect the
model’s general rule induction capability by aver-
aging rule-level results equally, while the weighted
metrics reflect the practical application quality
weighted by the number of test instances covered
by each rule. Meanwhile, Score incorporates rule
conciseness penalties over Accuracy to evaluate
whether the generated rules are overfitted.

6.3.2 Metrics for Task 2: Dialectal IPA
Pronunciation Prediction

For Task 2, due to the existence of legitimate pro-
nunciation variants for certain characters, we adopt
a modified Levenshtein edit distance as the met-
ric, which is defined as the minimum number of
insertion, deletion, and substitution operations
required to transform the model’s output string into
one of the candidate pronunciations. The de-
tailed implementation algorithm is provided in Ap-
pendix B.3.

For characters not present in the dialect lexicon,
we use the sound change rules generated in Task 1
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(consistently using the rules generated by our full
method to ensure fairness) to generate their pronun-
ciations from Middle Chinese phonological repre-
sentations, treating the results as pseudo labels.
During the distance calculation, we can also ob-
tain the alignment between the predicted data and
the gold pronunciations. After obtaining the align-
ment, we categorize the characters in the sentences
into three groups: those appearing in the training
set, those appearing in the test set, and those not
present in the dialect lexicon. We then compute the
edit distances for each group separately to analyze
the model’s generalization ability. To better capture
phonetic naturalness and perceptual similarity, we
additionally compute Panphon feature edit distance
(Mortensen et al., 2016) to replace the standard
Levenshtein operations, detailed in Appendix E.

6.4 Experimental Results
64.1 Task1

Table 2 presents the main results for Task 1. Our
full method achieves superior Score metrics com-
pared to DeepSeek-V3.2 and ChatGPT-5.2 on most
dialects, while its Accuracy is second only to
ChatGPT-5.2, indicating strong rule generation ca-
pabilities.

Notably, ChatGPT-5.2 tends to generate more
complex rules and incorporates judgments for ir-
regular characters, effectively “overfitting” to the
data, which results in high Accuracy but lower
Score. A more detailed analysis is provided in Ap-
pendix E.3.1.

Removing any component from our full method,
whether GRPO reinforcement learning, single-
character tokenization strategy, or joint training,
leads to a decline in overall model performance, in-
dicating that each component positively contributes
to enhancing the model’s capabilities.

We also conducted significance tests to further
support the reliability of the experimental results,
detailed in Appendix E.2.

6.4.2 Task?2

The main results for Task 2 are presented in Table 3.
For most of the dialects, our approach significantly
outperforms all baseline models.

If Middle Chinese phonological information is
not incorporated during training (Our (w/o MQC)),
the model’s performance degrades, indicating that
including Middle Chinese phonological informa-
tion helps enhance the model’s generalization abil-
ity, especially for handling unseen characters in the

test set. The single-character tokenization strategy
also positively impacts model performance.

Also, we observe that except for the Qwen3-8B
base model, which performs poorly, other models
exhibit relatively high edit distances in the out-of-
vocabulary sets, indicating that there remains a gap
between the pseudo labels generated from the sound
change rules and the actual pronunciations, reflect-
ing the limitations of the models.

It is worth noting that although ChatGPT-5.2 per-
formed well in Task 1, its performance in Task 2
is suboptimal, with edit distances greater than 1
for most dialects except for relatively resource-rich
Guangzhou dialect (Cantonese) and Harbin dialect,
which is relatively close to Standard Chinese. This
further confirms the inadequacies of existing mod-
els in understanding and generating low-resource
dialects. A more detailed analysis is provided in
Appendix E.3.2.

7 Conclusion

This paper explores the capability of LLMs to sum-
marize historical sound change patterns and lever-
ages ancestor language information to enhance their
performance on Chinese dialects.

We propose a two-stage training framework that
combines supervised fine-tuning and reinforcement
learning, enabling the model to explicitly gener-
ate sound change rules while implicitly predicting
dialectal pronunciations based on these rules.

Empirical results on a diverse set of dialects
demonstrate consistent improvements over strong
baselines, highlighting the value of ancestor lan-
guage information in dialect modeling.

Future work can extend from character-level tran-
scription to word-level dialect translation and tran-
scription, as well as integrate the work into multi-
modal speech models to convert [PA-based repre-
sentations into human-perceivable audio. More-
over, designing reinforcement learning rewards
based on linguistic plausibility is a promising direc-
tion.

We hope this research encourages further integra-
tion of historical linguistic knowledge with LLMs
to support dialect understanding and preservation.

Limitations

We assume dialectal pronunciations derive from
Middle Chinese via regular sound changes. How-
ever, this strict tree model overlooks archaic strata,
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loanwords, and mutual influence between geograph-
ically proximate dialects.

Some dialects exhibit extensive literary and col-
loquial reading differences (i.e., the same Chinese
character has different pronunciations for spoken
and written vocabulary). We did not specifically
distinguish these, treating them as random diver-
gences.

Some dialects exhibit tone sandhi phenomena
in sentences (i.e., when two characters combine
into a word, the tones may change). We did not
specifically address this phenomenon in our IPA
inference.
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A Chinese Syllables and the
Representation of Middle Chinese

In Chinese phonology, both Middle Chinese and
modern Chinese dialects can be abstractly analyzed
as syllables consisting of three basic components:
an initial, a final, and a tone. Figure 5 shows the
initials, finals, and tones of the character “> 5"
(meaning “script”) in Middle Chinese and modern
dialects, represented in different ways.

For modern dialects, the International Phonetic
Alphabet (IPA) is used to transcribe the syllables.

For Middle Chinese, due to the existence of mul-
tiple reconstructed pronunciations with varying IPA
details, we do not use IPA to represent Middle Chi-
nese syllables. Instead, we use the following meth-
ods to represent Middle Chinese syllables:

Phonological Status A set of discrete categorical
features:
« Initial (75 R}/%H}): consonant at the onset of
the syllable.

* Roundedness (JI-5/Bf5): whether the final
involves lip rounding, can be empty in some
cases.

« Division (5%/5): one of the four traditional
categories defined by vowel quality and struc-
ture.

+ Chongniu (EE4/E 4, lit. “repeated but-
ton”): subdivision of certain third-division
finals, can be empty in some cases.

» Rhyme (#J/%8): broad class of finals that can
rhyme.

+ Tone (J&/5f): tonal category.

It can be loosely assumed that the combination
of roundedness, division, chongniu, and rhyme
jointly determines the final of a character in Middle
Chinese.

For each of the initials, rhymes, and tones, a con-
ventional representative character is used to denote
each category; for example, the initial “&” repre-
sents the initial of the character “&”, the rhyme “

18241


https://api.semanticscholar.org/CorpusID:251369550
https://api.semanticscholar.org/CorpusID:251369550
https://books.google.com/books?id=opgVSQAACAAJ
https://doi.org/10.18653/v1/2021.naacl-main.353
https://doi.org/10.18653/v1/2021.naacl-main.353
https://aclanthology.org/C16-1328/
https://aclanthology.org/C16-1328/
https://doi.org/10.18653/v1/2025.acl-long.1432
https://doi.org/10.18653/v1/2025.acl-long.1432
https://doi.org/10.18653/v1/2025.acl-long.1432
https://chat.openai.com/
https://chat.openai.com/
https://arxiv.org/abs/2402.03300
https://arxiv.org/abs/2402.03300
https://doi.org/10.1111/1467-968X.12138
https://doi.org/10.1111/1467-968X.12138
https://books.google.com/books?id=CbhtAAAAIAAJ
https://books.google.com/books?id=qRMEnwEACAAJ
https://books.google.com/books?id=qRMEnwEACAAJ
https://arxiv.org/abs/2509.17765
https://arxiv.org/abs/2505.09388

Middle Chinese —— Modern Dialects

Initial %] & muo Beijing: (1on®
Guangzhou: 21
Tone F | (T 47 tshet g m
Nanchang: 45
Phonological tupall Fangie
Status q IPA
Initial % [{dzyh & dzit Beijing: | ts15!
> i* 23
,3‘ E tryh Shanghai: | z
Tone % 37 tshet | Guangzhou: | tsi?2
: Nanchang: |tsh2!

Figure 5: Chinese syllables of the character X F”
(meaning “script”) in Middle Chinese and modern di-
alects, showing initials, , and tones with different
representations.

B represents the rhyme of the character “B”, and
the tone “*-” represents the tone of the character
F in Middle Chinese.

In addition to the above attributes, the following
auxiliary features are also commonly used:

* Voicing (J& 4/ #%): manner of articulation

of the initial.

* Initial group (4H/4H): grouping of initials by

place of articulation.

* Rhyme group (%/##): higher-level grouping

of rhymes by phonological proximity.

These auxiliary features are not strictly required
to identify Middle Chinese syllables, but they often
influence sound change patterns from Middle Chi-
nese to modern dialects. For additional details and
examples of each feature, see standard references
in Chinese historical phonology.

We therefore provide them as additional condi-
tioning information to the model.

Tshet-uinh Phonetic Alphabet (V&P /VIEH
PEE, TUPA) One of the default transcription
methods used in MCPDict, a Latin transcription
scheme for Middle Chinese phonology that does
not depend on specific reconstructions.

Fangie (V]//Y)) A traditional method of in-
dicating pronunciation commonly used in ancient
Chinese dictionaries, which uses two characters
with known pronunciations to represent the pronun-
ciation of the target character. The first character
indicates the initial, while the second character in-
dicates the combination of the final and tone. For
example, the fangie for the character “3” is “J#7}
1], indicating that in Middle Chinese, its initial is
the same as that of “4#”, and its final and tone are
the same as those of “7}”".

More details can be found in works on Chinese
historical phonology such as Wang (1985) and Mai
(2009).

B Experiment Details

B.1 Training Configuration

All experiments are conducted on a single NVIDIA
A800 GPU with 80GB of memory.

All hyperparameters not explicitly specified be-
low use default values of the Hugging Face ecosys-
tem.

The SFT training configuration is as follows:

per_device_train_batch_size = 8
gradient_accumulation_steps = 1
num_train_epochs = 5
learning_rate = 2e-4

BF16 = True

The hyperparameters used during the GRPO
training stage are listed below:

learning_rate = 2e-5
max_grad_norm = 0.05
num_train_epochs = 1
save_steps = 100
per_device_train_batch_size
gradient_accumulation_steps
max_completion_length = 2500
num_generations = 8
max_prompt_length = 2500
BF16 = True

nn
=

B.2 Inference Configuration

For local models, we use vLLM(Kwon et al., 2023)
for inference acceleration, with the following pa-
rameters:

temperature=0.6
top_p=0.95
max_tokens=5000
top_k=20

For online models accessed via API, we set
max_completion_tokens=10000 and enable rea-
soning, while keeping other parameters at their de-
fault values for inference.

B.3 Details for Modified Levenshtein edit
distance

Let the predicted IPA sequence be s =
[s1,82,...,8,], and the gold reference be a se-
quence of candidate lists [ = [Ly, Lo, ..., Ly,
where each L; is a set of valid string candidates.
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The goal is to transform s into a form that matches
one of the candidates in [ through insertion, dele-
tion, and substitution operations, while minimizing
the total cost.

The operations and their associated costs are de-
fined as follows:

¢ Insertion: inserting a string ¢ into s, with cost

equal to the length of £.
* Substitution: replacing s; with a string ¢, with
cost equal to the edit distance between s; and
t.

* Deletion: deleting a string s;, with cost equal
to the length of s;.

In task 2 of this paper, s denotes the IPA sequence
generated by the model, and [ denotes the gold se-
quence of candidate IPA lists. Note that the align-
ment output was solely for the purpose of comput-
ing and minimizing the Levenshtein distance on
different data distribution subsets (train, test, and
out-of-vocabulary) as described in Section 6.3.2.

Algorithm 1 Constrained Edit Distance

Input: Sequence of strings S = [s1, S2, ..., Sy,
Sequence of candidate lists L =
[L1, Lo, ..., Lpy]

Output: Minimum edit cost D, ,,, and alignment

array A

n < length(S)

1:

2: m < length(L)

3: Inmitialize Cost Functions:

4: Cipslj] <~ min{|t| : t € L} forj € {1...m}
5: Function  CostSub(i,j): return

min{EditDist(s;,t) : t € L;}
Function CostDel(i): return |s;]|
7: Initialize DP Tables:

&

23: for j <+ 1tomdo

24: Vsub < D[i—1][j —1]+CostSub(i, j)
25: Vins < D[l] [] - 1] + Cins [.7]

26: vdel — DI[i — 1][j] + CostDel(7)

27: D[Z] []] — min(vsub, Vins 'Udel)

28: if D[i][j] = vsup then

29: Pli][j] < (“sub”,i— 1,7 — 1)

30: else if D[i][j] = vins then

31 P[i][j] + (“ins”,i,5 — 1)

32: else

33: P[i][j] < (“del”,i —1,7)

34: end if

35: end for

36: end for

37: Backtracking:

38: Initialize alignment array A of size n with —1
39: 14mn, jm

40: while? > 0or j > 0do

a1:  (op,pi,p;) < Plillj]

42: if op = “sub” then

43: Afi] «j > Align s; to L;
44: 14 pi, J4— Dy

45: else if op = “del” then

46: Ali] + —1 > s; is deleted
47: 14D, J pj

48: else > op = “ins”
49: 14 Dpi, J Dj

50: end if

51: end while

52: return D[n|[m], A

C Examples of Structured Base Data

8: Let D be a matrix of size (n + 1) x (m + 1)

initialized to oo

9: Let P be a matrix of size (n + 1) x (m + 1)
for backtracking

10: DI[0][0] <0

11: > Base Case: Insertions only

12: for j < 1to m do

13 DIO][j] = DI[0][j — 1] + Cins[J]

14: P[0][j] < (“ins”,0,7 — 1)

15: end for

16: > Base Case: Deletions only

17: fori < 1ton do

18: DJi][0] - DJi — 1][0] + CostDel(i)

19: P[i][0] + (“del”,7 — 1,0)

20: end for

21: Fill DP Table:

22: fori < 1ton do

In this section, we provide detailed examples of
the three categories of Structured Base Data dis-
cussed in Section 4.2. These structured data serve
as intermediate representations before being trans-
formed into supervised fine-tuning (SFT) prompts
via predefined templates.

C.1 Category 1: Sound Change Rule
Exemplars

Rule exemplars are manually constructed by the
authors using data from MCPDict to provide the
model with the necessary format for deriving and
generating executable Python rule functions (Task

1).
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Example of a sound change rule exemplar

(translated and simplified for illustration)

{
"dialect": "Chengdu",

"rule": "def initial_d(ch): if ch[\"tone

\"] == \"levell": return \"t \" return
\"t\"\l’l",
"examples": [
{
"case": "if the tone is level, the

initial consonant is aspirated",
lltarget n . Ilt n s

"chars": [
[n%n’ "deoj", "t aj.21"],
[n{,?n, "deng", "t in2t"]
]
1,
{
"case": "otherwise, the initial

consonant is unaspirated",
lltarget n. Iltll
. 2

"chars": [
[nEu s "douh" s "tou?! 3||] s
[ll%‘éu s "denh" s "tign?t!3 Il]
]
}
] 2
"irregular_examples": [
[an s "danq" s "gan?t?3 u]
]
}
\ J

C.2 Category 2: Character-level Sound
Change Data

This category allows the model to master dialec-
tal phonology and historical evolutionary patterns
from Middle Chinese (MC) to modern dialects. It
contains two subcategories: MC pronunciation data
and sound change pair data. All MC character pro-
nunciations participate in training, so the model
can learn as many MC phonetic structures as pos-
sible. Conversely, the sound change pairs are split
into 95% training and 5% test sets to evaluate the
model’s derivation capabilities on unseen data.

Example of Middle Chinese pronunciation data

{
"char": nﬁ?n,
"pronunciations": [
{"tupa": "hawq", "fanqie":
"status": "BE—BHZE B},
{"tupa": "hawh", "fanqie":
"status": "BE—BHZZE"}
]
}

\. J/

IR
LET

Example of a sound change pair

{
"char": ||§?n ,
"dialect": "Standard Chinese",
"pairs": [
["hawh" s [leausl n:l ] s
["han" R [nxau214u]]
]
}
\ J

C.3 Category 3: Sentence-level Pronunciation
Data

This data category enables the model to master the
reasoning format of deriving contextual pronuncia-
tions combined with MC information. We ensure
that all constituent characters in the training sen-
tences belong to the training subset of the character-
level sound change pairs.

Example of Middle Chinese pronunciation data

{
"dialect": "Guangzhou",
"chars": [ul’ﬁé’:n ||;‘[En "EE" 0]
lltupasll: ["kwanq" s "dawq" s "ju" Y e ] s
n ipas" . [nkun35u ntou22n n]'BuZlu . ]
}

D Prompt Template

In this section, we present the prompt templates
used for training and inference. The templates in-
clude both the original Chinese version and its En-
glish translation to facilitate readers’ understanding
of the structure and content of the prompts. All
prompts are in Traditional Chinese, which is the pri-
mary form used in MCPDict as well as commonly
used in Chinese historical phonology research.

D.1 Query for Single Character
Pronunciation

D.1.1 Query for Sound Change from Middle
Chinese to Modern Dialects

The prompt templates with example and translation
are shown below.

Original Chinese Template

User:

IS “{char}” AYHPEERES EMIAZ, DAJSON
R4 H “{char}” B 8 1E B DA K {dialect
name}if o

Assistant Reasoning:

Case 1: single Middle Chinese pronunciation, single mod-
ern dialect pronunciation

“{char}” TEEBPHRYIE “{fangiel” , Hif
A2 “{status}’ , VIEEHFE “{tupal” ,

i {dialect name} HOE e “{dialect
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pronunciation}” o
Case 2: single Middle Chinese pronunciation, multiple
modern dialect pronunciations
“Uchar} HEEBEFPHRYIZ “{fanqie}” , B
Hifi 2 “{status}’ , VIHEPEZE “{tupa}l’ , H
§§§§%E{dialect name}EPﬁﬁiTﬁﬂﬁ, RIRERYEE
=6 “{dialect pronunciations}” °
Case 3: multiple Middle Chinese pronunciations
“{char}” £ B 8 4+ F {number of the
pronunciationsHEE®, 7Hil2:
for i from 1 to number of the pronunciations:
{it. R Ul 2 “{fanqie i}’ , & ##H{1 2
“{status 1}” , VIEPIEZ “{tupa i},
Case 3.1: no corresponding pronunciation in the mod-
ern dialect
{HfE{dialect namelH % HHIEHEE,
Case 3.2: one corresponding pronunciation in the
modern dialect
It {dialect name} i &=
pronunciation}’
Case 3.3: multiple corresponding pronunciations in
the modern dialect
{H %8 & £ {dialect name}H &4 704k, W]
AEMFES A “{dialect pronunciations}’ ,
AR, EMIE LR, PAJSONAR X 44
“{char}” MEHREE D S {dialect name}iEH,
Assistant:
{JSON format Middle Chinese information and dialect
pronunciations }

=}

2 “{dialect

\.

Case 3.3: multiple corresponding pronunciations in
the modern dialect
However, this pronunciation has diverged in
{dialect name}, and the possible pronunciations
are “{dialect pronunciations}”.
Next, based on the above analysis, I will provide the pho-
netic information of “{char}” and its pronunciation in
{dialect name} in JSON format.
Assistant: {JSON format Middle Chinese information
and dialect pronunciations}

J

English Translation of the Template

User:
Analyze the Middle Chinese phonetic status of the char-
acter “{char}” and provide the phonetic information of
“{char}” and its pronunciation in {dialect name} in
JSON format.
Assistant Reasoning:
Case 1: single Middle Chinese pronunciation, single mod-
ern dialect pronunciation
The fangie of “{char}” in Guangyun is “{fanqie}”, the
phonetic status is “{status}”, and the Tshet-uinh Pho-
netic Alphabet is “{tupa}”. Therefore, the pronunciation
in {dialect name} is “{dialect pronunciation}”.
Case 2: single Middle Chinese pronunciation, multiple
modern dialect pronunciations
The fangie of “{char}” in Guangyun is “{fanqie}”, the
phonetic status is “{status}”, and the Tshet-uinh Pho-
netic Alphabet is “{tupa}”. However, this pronunciation
has diverged in {dialect name}, and the possible pro-
nunciations are “{dialect pronunciations}”.
Case 3: multiple Middle Chinese pronunciations
The character “{char}” has {number of the
pronunciations} pronunciations in Guangyun, which
are as follows:
for i from 1 to number of the pronunciations:
{i}. The fanqgie is “{fanqie i}”, the phonetic status
is “{status i}”, and the Tshet-uinh Phonetic Alpha-
betis “{tupa i}”.
Case 3.1: no corresponding pronunciation in the mod-
ern dialect
However, there is no corresponding pronunciation in
{dialect name}.
Case 3.2: one corresponding pronunciation in the
modern dialect
Therefore, the pronunciation in {dialect name} is
“{dialect pronunciation}”.

|\

User:

IR “EET R EEE E RAL, DAJSONAR
g “H NEEER AR EEEET,
Assistant Reasoning:

T fEEgR P E2EEE, ahlE:

1. kY2 “&i11917 , B2 R
T, VPSR “kaeng” , HMEEFEHEE
“kal’]ss” R

2. RYIZ “H&V”, HHEMAE R
X7, UIEPEE R “kaengh” | Rl W 5 &
% “kal’]SI” .

R, RERIE LR 4, PAJSONAS A 45 H
“H” EBER A @R

Assistant:

{"char": "H", "pronunciations": [{"tupa":
"kaeng", "status": "W B = S,
"dialect_pronunciations": ["kap®"]1},

{"tupa": "kaengh", "status": "I B = g £,
"dialect_pronunciations": ["kap’'"]1}]

J/

\

English Translation of the Example

User:

Analyze the Middle Chinese phonetic status of the charac-
ter “B8” and provide the phonetic information of “¥” and
its pronunciation in Standard Chinese in JSON format.
Assistant Reasoning:

The character “#” has 2 pronunciations in Guangyun,
which are as follows:

1. The fangie is “# 1T1]”, the phonetic status is “ .
B — BE3F, and the Tshet-uinh Phonetic Alphabet is
“kaeng”. Therefore, the pronunciation in Standard Chi-
nese is “kan®5”.

2. The fangie is “ & 7 1], the phonetic status is .
il — B %, and the Tshet-uinh Phonetic Alphabet is
“kaengh”. Therefore, the pronunciation in Standard Chi-
nese is “kan®”.

Next, based on the above analysis, I will provide the pho-
netic information of “5” and its pronunciation in Stan-
dard Chinese in JSON format.

Assistant:

{"char": "H", "pronunciations": [{"tupa":
"kaeng", "status": "R B = e,
"dialect_pronunciations": ["kap®®"]},

{"tupa": "kaengh" , "status": n% Fﬂ"i - J% %,, ,
"dialect_pronunciations": ["kan5!"]}]
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Pronunciation

The prompt templates with example and translation
are shown below.



Original Chinese Template

User:
PAJSON#E &G “{char}” RIFTE Y], Siaifs
MYIsEPEE

Example

User:
PAJSON#g 4G H “H” AT B EEE &

Assistant:

User:

Provide all the fangie, phonological status and Tshet-uinh
Phonetic Alphabet information of “{char}” in JSON
format.

Assistant: {JSON format Middle Chinese information }

J/

User:
PAJSON#g & “BH” BIpra V), B s F0
PIkEP S

Assistant:

{"char": "E", "pronunciations": [{
"fanqie": IIE‘ ,f—j— «{: n’ "status": IIE‘ F"ﬁ - %
I'Zu’ntupau: "kaeng"}, { "fanqie": nﬁ‘ﬁmu’

"status": "RBIPEE","tupa": "kaengh"} ]

\ J

English Translation of the Example

User:

Provide all the fangie, phonological status and Tshet-uinh
Phonetic Alphabet information of “E” in JSON format.
Assistant:

{"char": "E", "pronunciations": [{
"fangie": "©F 1T VI, "status": "R B = B
I'Zu , "tupa" . "kaeng"}, { "fanqie“ . nE‘D?]‘ngjn ,
"status": "FBIPEE", "tupa": "kaengh"} ]

\ J

D.1.3 Query for Modern Dialect
Pronunciation

This template is only used for the ablation exper-
iment without Middle Chinese information. The
prompt templates with example and translation are
shown below.

Original Chinese Template

User:
PAJSONFE A “{char}” WP {dialect name}
.
Assistant:
{JSON format Modern Dialect information }
. J

English Translation of the Template

User:
Provide all the {dialect name} pronunciations of
“{char}” in JSON format.
Assistant: {JSON format Modern Dialect information }
. J/

Assistant: {"char": "E", "pronunciations": ["kal)ss" s
{JSON format Middle Chinese information } "kons1"1}

o J . J/
English Translation of the Template English Translation of the Example

User:

Provide all the Standard Chinese pronunciations of 8"
in JSON format.

Assistant:

{"char": "¥", "pronunciations": ["kap®>s",

nkaI]51|l] }

|\

D.2 SFT Data For Reverse Lookup

The prompt templates with example and translation
are shown below.

\

Original Chinese Template

User:
A — {7 7 1Y {dialect name}sH & k% {dialect
pronunciation}, HY)EE P 7T RE & {list of

candidates}H A IHE—1E?
Assistant:
{dialect name} il & % {dialect pronunciation}

T, HATRERIYTEEPE S Z{correct choicels

r
|

English Translation of the Template

User:

Given that the pronunciation of a Chinese character
in {dialect name} is {dialect pronunciation},
which one of the following Tshet-uinh Phonetic Alphabet
candidates is it:

{list of candidates}

Assistant:

The possible Tshet-uinh Phonetic Alphabet for the char-
acter with {dialect name} pronunciation {dialect
pronunciation} is {correct choice}.

|

\L

Example

AT — 8 7387 (9 25 Dl A & Fo tehian®s,  HUJERDE
AR

A. khyang

B. gyang

C. dzyang

D. kyang

A —fiE?

Assistant:

i G Ry terian Sy, HATRERIVIREDES
fZA. khyang,

7
\.

English Translation of the Example

User:

Given that the pronunciation of a Chinese character in
Standard Chinese is te"ian®®, which one of the following
Tshet-uinh Phonetic Alphabet candidates is it:
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g

A. khyang

B. gyang

C. dzyang

D. kyang

Assistant:

The possible Tshet-uinh Phonetic Alphabet for the char-

acter with Standard Chinese pronunciation tghian®® is A.

khyang.

Note: The pronunczanons of the four options are tehian®®,
tehian3s, tehian?®s, and teian®s respectively.

D.3 Sound Change Rule Generation
D.3.1 SFT Prompt

The prompt templates with example and translation
are shown below.

Original Chinese Template

User:

T 2 — 4 B 58 P {phonetic part} &
“{part name}” MJFTE{dialect name}F [,
$#{phonetic part}/ JH:

{list of all possible pronunciations in the
dialect with percentages}

WRIE_EIRRGI, AR —E AR B, R A B e
E?%%gq“{phonetic part}?ib “{part name}” B 7
{E{dialect name}" [ {phonetic part}, ZH5uN
T

1. H IR [\ Python b B R 15, MK B4 M &
“{phonetic part}_{part name}” PRz — |

Figch, AEHETHFERERTR: 8
VTN I TNIE TN I DN TNE
we, M. 8, IREIE%FfE{dialect name}H?

E’]{phonetlc part},

2. i SR B A% {dialect name} 14 #1547 A
SNETHI B, AT DAFIR Bl —E 4R A ¢ {phonetlc
part}_{part name} ¥R~ MIRRHL, #3532 EIR2Hch
A, BEEZE 2 Hsyl, £ A 0 8
R R, ERAE . BT SRR, Hp R
B AR EH K8 “{phonetic part}_ {part name}” [
Wi, FHANWIEEBERREE, KA A G chflsyl

M5 LG FUEAT IR, LJ&‘;%%EE%EK
3. mAFF D FERERE, SRR R, ¥
EAHH,%ETF}A% RIS A JE’HWJ, B AR HIE

JERZ B RIS, NER B,
4 U AT (B EE, RAT LR [E — (i
WS ZE R REST & AUPIER, (EATEZATIRIEIATHIEL
FGIEH R IEMER G H0.8H ST R, I HAE R
IR ELE 70 B 5 A K LEUE BRERZ 1 TIR
[0 Fy L e R 7] o5 B A SRR
Assistant Reasoning:

W, FREBUCE R E PR

U0y

{phonetic part}
% “{part name}” [V F1H 5 % {dialect name}
{phonetic part}IIFIAIKE, RIE_LATRE] F&
A] DA% 4L H {phonetic part} “{part name}” EI"JLX
TR

{l1ist of rules}

#gﬁl\, T T 2 {18 S BBL TS R
{list of irre gular characters}
%R, ?ﬁcHﬂ‘E]ﬂ% & L £ FI 4 59 Py thon R BUR B
B B

Assistant:

{Python code for the sound change rule}

WIE % R e

English Translation of the Template

User:
Here are some characters with {phonetic part} as
“{part name}” in Middle Chinese and their pronunci-
ations in {dialect name}, categorized by {phonetic
part}:
{list of all possible pronunciations in the
dialect with percentages}
Based on the above examples, generate a rule function
to determine the {phonetic part} of characters with
{phonetic part} as “{part name}” in Middle Chi-
nese in {dialect name}. Key points are as follows:
1. Only return the Python function code, with the
function name as “{phonetic part} {part name}”,
which takes a dictionary parameter ch containing the
following phonetic information fields of the character:
VB2 R} (initial), ' BHA ' (roundedness), ' & ' (division),
"85 4 ' (chongniu), '#R'(rthyme), '#'(tone), 'IH
%' (voicing), '4H ' (initial group), '#%' (thyme group),
and returns the {phonetic part} of the character in
{dialect name}.
2. If additional judgments are needed based on the
{dialect name} initials, finals, and tones, you can also
return a function named “{phonetic part}_ {part
name}_ 347, which takes the above parameter ch
and a second parameter syl, containing the follow-
ing three fields of the character in Standard Chinese:
& BE (initial), '#1 £ (final), '8 (tone), where
'{phonetic part}'(initial) comes from the output of
the function “{phonetic part} {part name}”, and
the other two are the actual pronunciations. You can com-
bine the information from ch and syl to make secondary
modifications to the results to improve accuracy.
3. The final score has a length penalty, so keep the output
concise. For obvious exceptions that do not conform to
systematic sound change rules, treat them as irregular
pronunciations and ignore them, without reflecting them
in the function.
4. If there are random changes that cannot be further
divided, you can return a list of multiple possible pro-
nunciations. However, all test cases returned in that line
will have a penalty factor of 0.8 for accuracy calcula-
tion, and the final score will deduct the product of the
KL divergence between the true distribution and the uni-
form distribution and the proportion of correct test cases
returned in that line.
Assistant Reasoning:
Okay, now I need to generate a rule function for the
sound change of characters with {phonetic part}
s “{part name}” in Middle Chinese to {dialect
name} {phonetic part}. Based on the above exam-
ples, I can summarize the following rules for {phonetic
part} “{part name}™:
{list of rules}
Besides, the following examples seem irregular, and I
should ignore them:
{list of irregular characters}
Next, I will write a Python function based on these rules
to implement the corresponding judgment logic.
Assistant:
{Python code for the sound change rule}

|\

J

User:
THE—-EHHEERERL 0 WEETEE
RS, BRI
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tsh (f5EE&Y1%) -

-5 sieh(DBH=Z ) -> tsh5?

s (1EE£Y50%) :

- sie(DBI=3F) -> 5758

- sat(LB—%A) -> sa™

- son(D&—31F) -> suan®

te (14EE&Y2%) -

-1%: swinh(DE=HZ%) -> teyn®?

e (Eb&Y47%) -

- M0 siaengh (LB =1E %) -> ein®?
-f: Sit(DBI=EAN) -> 6i%

-i#&: swienq(LE&=fliE) -> gyan?!*
ts ({5HE&Y1%)

- B sawh(DB—%2) -> tsau™

R RIRRG, AR —ER RIS, R B

@ N

HEEREAA O WEE SRR, B
E I

1. FUR[E Python B BUAUHE, HRB&MA “BE

L, RBEER —EF IS ch, BEEFEN

DTNEHRERTFR: "B, 'HE . '&F. 'H

Aol cE, EA TEE M e, IREEZ

FAEE s T HVE B,

2, U S A AR Y BRI T REL M

AT DAFR IR Bl — i 44 A5 2 “BERE_ 0B AR,

% LIRS ¥chsh, BHEZE _E28syl, &

B @SR B R B =T

B, HABRRREEE BE_L” WL, 5

S IHBE RIS, RA] DA & ch syl i B

SEFEST IRIBR,  DURTHIEMER,

3. REXRT O FAE RS, AR LR, o

R & R AR AR E G, 55 AR Al

H, EZERRN, SERETHEL,

4. W RAFAEIETRAN o RO BE T A, (kA DOR [E]— 1

& ZE R RERTE 5138, (ERTE%ATIREIATHIE

RBIEt R IEHREH0.8RBSIRE, W AERE

S HIBR BB A7 B 5 0 A K LA BE %A TIR

[ A TE A R 191 o LR SR,

Assistant Reasoning:

W, RBVEREAR DS EEBERN 07 HEE

1658 B @ sl RO BRI R B, R BIAORGI, FX

A DASRAS HHARRE 0 RIDARARAL:

-EENEN, #Bs (i, Hi(sie ->$1%%). f&(son

->suan®®), [#(sat->sa®)) .

- AT @R DIy EE, # e (BN, &

(SWielgf)[)-> gyan®?), [#(sit -> gi®®), P(siaengh

-> 6l o

%5’[‘, ARG, FRIERZ 2 E

- B (sieh -> tshq51)

- I (swinh -> teyn®!)

- I (sawh -> tsau®?)

AR, PR LR IE L8 4 Al 4 55 Py thon B R B

T R B e,

Assistant:

def BB} _[(ch):

return "S"

R 0 _Bl(ch: CharInfo, syl):

if syl["#ARE"].startswith(("i", "y")):

# if the final starts with i or y
return "g"

def

# otherwise keep the original prediction

return syl ["EH"]

J/
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English Translation of the Example

User:

Here are some characters with initial as “/[»” in Middle
Chinese and their pronunciations in Standard Chinese,
categorized by initial:

tsh (Approximately 1%):

- 1) sieh(LBH =32 2%) -> tsh31

S (Approximately 50%):

- H7: sie(LBA=F) -> 5958

- BE: satCOBA—FEN) -> sa®t

- % son(LyE&—3F) -> suan®® tg (Approximately
2%):

- IR swinh(LE = HZ) -> teynS?

¢ (Approximately 47%):

- 1 siaengh(L B =75 2%) -> ein®

- B sitODBH=E ) -> 618

- 3#: swienq(Lv& =l k) -> gyan?!4

ts (Approximately 1%):

- I sawh(DBI—Z ) -> tsau®?

Based on the above examples, generate a rule function to
determine the initial of characters with initial as /(> in
Middle Chinese in Standard Chinese. Key points are as
follows:

1. Only return the Python function code, with the
function name as “% & _ /[, which takes a dictio-
nary parameter ch containing the following phonetic in-
formation fields of the character: 'E &} (initial), ' BH
% ' (roundedness), '5¥ ' (division), ' Z 4l ' (chongniu),
= (thyme), ' o' (tone), ' 1H TH ! (voicing), ' 4H.' (initial
group), ' #% ' (thyme group), and returns the initial conso-
nant of the character in Standard Chinese.

2. If additional judgments are needed based on the Stan-
dard Chinese initials, finals, and tones, you can also re-
turn a function named “E £} 0 _FH”, which takes the
above parameter ch and a second parameter syl, contain-
ing the following three fields of the character in Standard
Chinese: '} (initial), ' BHE}' (final), ' & #4' (tone),
where ' {phonetic part}'(initial) comes from the out-
put of the function “%5}_J[»”, and the other two are the
actual pronunciations. You can combine the information
from ch and syl to make secondary modifications to the
results to improve accuracy.

3. The final score has a length penalty, so keep the output
concise. For obvious exceptions that do not conform to
systematic sound change rules, treat them as irregular
pronunciations and ignore them, without reflecting them
in the function.

4. If there are random changes that cannot be further
divided, you can return a list of multiple possible pro-
nunciations. However, all test cases returned in that line
will have a penalty factor of 0.8 for accuracy calcula-
tion, and the final score will deduct the product of the
KL divergence between the true distribution and the uni-
form distribution and the proportion of correct test cases
returned in that line.

Assistant Reasoning:

Okay, now I need to generate a rule function for the sound
change of characters with initial as */(»” in Middle Chi-
nese to Standard Chinese initial. Based on the above
examples, I can summarize the following rules for initial
<LV
- Normally, it changes to s (e.g., Hf(sie -> $7°%), fA(son
-> suan®d), fE(sat -> sa5t)).
- If the Standard Chinese final starts with i or y, it
changes to & (e.g., #E(swienq -> syan®'%), & (sit -> £i%%),
% (siaengh -> gin®?)).

In addition, the following examples seem irregular, and I
should ignore them:




- Wi(sieh -> tsh31)
- IR (swinh -> tgyn5?)
- I (sawh -> tsau®?)
Next, I will write a Python function based on these rules
to implement the corresponding judgment logic.
Assistant:
def BB} 0(ch):
return "S"
def #H}__Bl(ch: CharInfo, syl):
if syl["¥BHE"].startswith(("i", "y")):
# if the final starts with i or y
return "g"
# otherwise keep the original prediction
return syl["EH}"]

|\ J

D.3.2 Query Prompt for non-SFT Baselines

The prompt templates with example and translation
are shown below. Since it’s not used for SFT, there
is no assistant output. The main difference between
this template and the SFT template is that it provides
more detailed explanations of the dictionary fields;
specific examples are not given here.

Original Chinese Template

User:

T 2 — % B 58 P {phonetic part} &
“{part name}” MJFTE{dialect name}F [,
{#{phonetic part}s JH:

{list of all possible pronunciations in the
dialect with percentages}
AR b &R Gl F R B Eaa?EEﬁ%DéﬁJé, A
58 5 1 B, PR S 4] 7 A FR o 258 R {phonetic
part}Z ° {part name}” Eq%f{dlalect name}
H’\J{phonetic part}, ZBGUIT:

A3 [ Python B B £ 65, o B % A 2

{phonetlc part} {part name} IZI /1 Tﬁ %

— e 532 Bich, @& EFML TS

B 1 ERE (theral[ Be,oopy, i, B, 'ﬁ '
|‘ﬂ§|, |E|’ |~Z}E‘|’ |%[I|) |?€ﬂ| l(ékl, |§§|] "FJ',
|~Z%3|’ |ﬁé|’ UL‘J\l’ IH:BI’ 1;1"'"1:1 l%)]l |%l’ 11_1_3"
I/f%l, |$|’ 1511 |"I%"|) |§|’ lﬁlf:lll, |%|] 1»2%11
|§l’ |§%l’ 1%21’ Iﬁl, |l:|’ lzl, |§Kl’ |E||’

LA, 'BA (Literal[ B, a5, ], BEE
l*ﬂﬁﬁﬁ@lTﬁFﬁ E&") & (Literal['—,
o, =, @), v E Al (Literal['Ar, ‘B,
|C|) ll])\ lJ-E ([ ﬁl’ |g|’ |ﬁ|’ |*Z[:|’ |§|’
e, 2, e, e R, R R
|%§\(|’ |%|’ |,f£|’ |%|’ 13%1’ lml) II]ILZIM, 1}_‘_?}?"
IEI) I%I’ lil’ |E§l) lfl:l’ li%l’ I‘EI) 1%11
|HIH{J|’ IIJ—II, 15161’ |,ﬂh|’ 1%1’ I%T'l) |%|’ 15?'(')
|§‘f}7\|’ |}ﬁ|’ v%v} II}%I) l}%l’ v%}:l:v IZFJI 1%511
, Vg 1{%1) |jt|’ |,Zlﬁ|’ l{%l IEI |:j}<|)
Iﬁl ’/J\\ R |?§j—|, l’%&l’ l)_L] [/y\EF/:
B % A, e (Literal[' W, kY, &
'ND). B # (Literal[' &2 78, & #, "I,
|¥j—'\~i%|])\ llﬁﬁ (theral[ %’l) [; . 1%[]') 1*%31’
'Hﬂfl, |ﬁ| |ﬁ‘| .E/.’ II])‘ ';}%'(Literal['@',
|?I|’ 'JJ:' 11%1 |%| |%|’ l[J_ll} |§(\‘ ', 1%1’
B e e T, ), R
F1E{dialect name}Ff{phonetic part},
2. QR T E AR P {dialect name} 15 BE FH E AT HE
%E"H"U%ﬁ, A DAE IR [0 — @ 44 F8 2 “{phonetic
part}_{part name}_¥7” MIKEL, 2 LiRZ2%ch
b, BEZE @28y, BEEFELES
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FHE R '“Dl' VR B, HoApE
RE 2R B KB “{phonetic part} {part name}” MY
W, SAMMIEEEREEE, RA]LAG & chRfsyl
E/ﬂuﬁﬁun%Lﬁig(Aﬂ&E& AR IEfE2E,

3. T A R, R LR, B
ﬁAEHEETﬁA% EYEM%EEUE"J@WJ, BB RIGE
B, MEZERRNG, ARSI,

4. MR LI o R RE AT A, R AT DA [B]— 1
HEZETREE S VPR, (EAEs2A7IR B AHIE
Fi )5t B0 IF R & 0. SO 1 SIRE, I AfERK
TR ATIRR LB 53 1 B 21 ) i (U K L B BUE %A TR
(B A IE FE I 1 5 LY SfefE

J

English Translation of the Template

User:

Here are some characters with {phonetic part} as
“{part name}” in Middle Chinese and their pronunci-
ations in {dialect name}, categorized by {phonetic
part}:

{list of all possible pronunciations in the
dialect with percentages}

Based on the above examples and your own knowledge,
generate a rule function to determine the {phonetic
part} of characters with {phonetic part} as “{part
name}” in Middle Chinese in {dialect name}. Key
points are as follows:

1. Only return the Python function code, with the
function name as “{phonetic part}_{part name}”,
which takes a dictionary parameter ch containing the fol-
lowing phonetic information fields of the character: '&#
B} (initial, Literal[* &+, 155", ', B, 3, &,
1%1, I‘z):bll’ lé:.[]l7 l?ﬁl’ |?§l’ 1@1, I*jﬁal’ |*Fﬁ5|, 1@/31,
"IL", |?l’§|, lﬁ};l, |*)J|’ |%|’ 19_:"’ |{§€|, |%|’ 151’
1"%"1, I%ﬁl’ lE-l7 IE‘I’ I‘Z%I’ |§|, I;%I’ |$~2|, ' jj,-il,
"E v, R Pl LD, ' BEA ! (roundedness,
Literal['BH', '&", ''], empty string for labial ini-
tial and _some finals.) , '&F'(division, Literal['—",
', v =0, /gy, ' EE Al (chongniu, Literal['A’,
"B, 'C' ' ']) '#8 ' (thyme, Literal[ ' 3", ' &, 1§,
1?]:', |§l’ lHE‘I, IZI’ |1I$&l’ |ﬁ|\|, |J§l’ |*§|’ 1%51,
1%_317 |7§<|’ l{il, |I:Elﬁl, |;%|’ |m|’ |[]él\|, |%|’ |/i;\:|7
1%1, IYI’ 1E§|7 lfci’ |i%l, 'ﬁ', |%l’ [ JI’ |[J_l|,
1%17 |,ﬂJ_||’ l%l’ 1’%7'1, |%|’ 1%17 |%|, |ﬁ|’ 1%17
|[§%| Iﬁl l%#l, |~?§|’ |E"§1| |§| 17K |1%|’ |jt|,
112154' il,l%l,l%&l,l%ﬁl 1{“‘ 7|’EJZ|,|’\,‘|’|)“'§§|’
' FL'], the level tone thymes are used to represent the
four tone rhymes.), '# ' (tone, Literal[ '3, ' £, ' &',
"A']), 'THE# " (voicing, Literal[' &5 ', ' &', "X
&, IR, "4l (initial group, Literal[' &', ',
1%[]" 1*%513 I,:_IF{I, |E“‘*|7 l%l, 1%21’ 1 l]), ':T%'(rhyme
group, Literal['J@"', '7L', "1k, '@, #& 5,
'IJ-I', |§(\‘ ' l%l, |{E§|’ |%|, 1@1’ ||’ liﬁi', 1‘%1’
"J&'1), and returns the {phonetic part} of the charac-
ter in {dialect name}.

2. If additional judgments are needed based on the
{dialect name} initials, finals, and tones, you can also
return a function named “{phonetic part}_{part
name}_ J1”, which takes the above parameter ch
and a second parameter syl, containing the follow-
ing three fields of the character in Standard Chinese:
VB2 R} (initial), '#8 £ (final), ' 58 (tone), where
'{phonetic part}'(initial) comes from the output of
the function “{phonetic part}_{part name}”, and
the other two are the actual pronunciations. You can com-
bine the information from ch and syl to make secondary
modifications to the results to improve accuracy.




3. The final score has a length penalty, so keep the output
concise. For obvious exceptions that do not conform to
systematic sound change rules, treat them as irregular
pronunciations and ignore them, without reflecting them
in the function.

4. If there are random changes that cannot be further
divided, you can return a list of multiple possible pro-
nunciations. However, all test cases returned in that line
will have a penalty factor of 0.8 for accuracy calcula-
tion, and the final score will deduct the product of the
KL divergence between the true distribution and the uni-
form distribution and the proportion of correct test cases

returned in that line.
|\ J

D.4 Sentence to IPA Transcription

D.4.1 SFT Data with Middle Chinese
Information

The prompt templates with example and translation
are shown below.

Original Chinese Template

User:
SO S RRERAIER, KE IS ] A A - R A T R R 2
{dialect name}nﬁ 2B R SRR, (RIS ELTT
SRR ST AN,
)5 {sentence}
Assistant Reasoning:
%&ﬁ%ﬁﬂﬁiﬂ(ﬁ%ﬁﬁﬂ]aﬁﬂ%, S e TR
BEPE, HAHEEN{dialect name} B, FREAFE
BERFSRANAR PSP RN
for each character in the sentence
if the character is Chinese character
{character}|{MC Tupa}|{dialect
pronunciation}
if the character is not Chinese character
{character}
TR, BoAARIEY AR S,
i o
Assistant:
{IPA representation of the sentence}

TR ZOR A

English Translation of the Template

User:
Using Chinese phonological knowledge, convert the Chi-
nese characters in the following sentence into the Inter-
national Phonetic Alphabet representation of {dialect
name} pronunciation, while keeping punctuation marks
and non-Chinese characters unchanged.
Sentence: {sentence}
Assistant Reasoning:
Let me list out the Middle Chinese Tupa for each charac-
ter, and combine the character and Middle Chinese Tupa
to give the corresponding {dialect name} pronuncia-
tion, while keeping punctuation marks and non-Chinese
characters unchanged:
for each character in the sentence
if the character is Chinese character
{character}|{MC Tupa}|{dialect
pronunciation}
if the character is not Chinese character
{character}
Next, I will output according to the format requested by

the user based on the listed pronunciations.
Assistant:
{IPA representation of the sentence}

User:

Al e T BRSO, AT T ) T AT S A 2 B
Wamt S B S R, (5 BRI
TR

7 B R R

A551stant Reasoning:
%ﬁ@?ﬁﬂuﬂifl{%%ﬂﬁfﬂﬁﬁﬂ
RGFE, 6 RR BN st
A R A

E |kwanq|kun35

dawq|t0u

juljeu*

ta|toss

tset|tsit?

uen|jyn*

ghengljen?!

daw|thou??

kwanq|kun3®

lien|lin*!

tsiep|tsip®

kouh|kreu?®?

djiaeng|sen®

BETAR, BORARRS W HsE =
B

Assistant:

kun®3 tou?? jeu! to% tsit® jyn®! jen! thou?! kun3s
lin?* tsip® kheu?? sen??,

KA T AI]
5% B K R A

SEFEEEIDT ‘é‘%%E}ﬁt

, TZHEH P EORATRS

English Translation of the Example
User:

Using Chinese phonological knowledge, convert the Chi-
nese characters in the following sentence into the Inter-
national Phonetic Alphabet representation of Guangzhou
dialect (Cantonese) pronunciation, while keeping punctu-
ation marks and non-Chinese characters unchanged.
Sentence: ‘& 18 H1 £ & [EIT¥ M & EBEAE il

Assistant Reasoning:

Let me list out the Middle Chinese Tupa for each character,
and combine the character and Middle Chinese Tupa to
give the corresponding Guangzhou dialect (Cantonese)
pronunciation, while keeping punctuation marks and non-
Chinese characters unchanged:

& |kwanglkun3s

J&|dawg|tou??

Hiljuljeu?’

% |talto®®

Hii|tset|tsit3

[Elluen|jyn?*

JHighengljen?

F|daw|thou?t

% kwanglkun3S

& |lien[lin??

Htsiepltsip®

#|kouh|kheuss

¥|djiaeng|sen>!

o
Next, I will output according to the format requested by
the user based on the listed pronunciations.
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Assistant:
kun®s tou?? jeu?! t9% tsit® jyn?! jen?! thou?* kun®s
lin?* tsip® kheu®® sep??,

D.4.2 SFT Data without Middle Chinese
Information

The prompt templates with example and translation
are shown below.

Original Chinese Template

User:

s REP A FiE R A {dialect name} 8 & HYEIFS &=
KRR, DR AR SRR TP SO RN,

#i)F: {sentence}

Assistant:

{IPA representation of the sentence}

(.

English Translation of the Template

User:
Convert the Chinese characters in the following sentence
into the International Phonetic Alphabet representation
of {dialect name} pronunciation, while keeping punc-
tuation marks and non-Chinese characters unchanged.
Sentence: {sentence}
Assistant:
{IPA representation of the sentence}

.

\

Example

User:
IS TH ) ) - A 20 TR 5 o P R PR S AR,
TR AR SRAN I R SR AN,
f)F: ETEH 2 E B E R A
Assistant:
kun®s tou?? jeu?! t9%° tsit® jyn?! jen?! thou?* kun3s
lin?! tsip® kheu®® sen??,
.

\

English Translation of the Example

User:
Convert the Chinese characters in the following sentence
into the International Phonetic Alphabet representation
of Guangzhou dialect (Cantonese) pronunciation, while
keeping punctuation marks and non-Chinese characters
unchanged.
Sentence: & 18 H1 2 Hii (B ¥ & T RERE 1l
Assistant:
kun?s tou?? jeu®! t9%° tsit® jyn?! jen?! thou?* kun®®
lin?! tsip® kheu®® sen??,

.

g

D.4.3 Query Prompt for non-SFT Baselines

The prompt templates with example and translation
are shown below. Since it’s not used for SFT, there
is no assistant output.

18251
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Original Chinese Template

User:

Efl{dialect name}fJHFRII:
B} {initials}

88t {finals}

L ER {tones}

sE&A R T{dialect name}iE & MRS Ry
SRR AR, FEEREE, EREREA
g5, (EEEEEI, A% REEEHE, FEIRERR
I DA AR N 2 -

{sentence}

|

\.

User:

Given the phonology of {dialect name} as follows:
Initials: {initials}

Finals: {finals}

Tones: {tones}

Please provide the International Phonetic Alphabet tran-
scription of the following sentence in {dialect name}
pronunciation, with spaces between syllables, keeping
non-Chinese characters such as numbers and punctuation
unchanged. Only consider single-character tones, without
considering tone sandhi, and do not return any content
other than that:

{sentence}

English Translation of the Template

|

7

Example

User:

ERIBEMEERE R

R g, t, tsh, ts, s, h, p, k1, k, n, w, f, 1, ph,
kw’ m, kwh’ th

#HEE: et, en, cen, am, a, oi, yn, ¢, ®i, vy, ip, oy,
i, im, oy, em, an, y, @y, ai, u, ok, yt, ap, in, iu,
a§n, ey, 1), €1, au, ek, en, ep, ek, ei, ok, ui, gn,
ak, un, 2, ou, at, gt, it, on, cek, €k, ot, ut, m, ce
%%ﬁ]: 5’ 55’ 22] 23’ 35’ 33) 2’ 21’ 3

FEAA AN T RN S B B PR SR, SR
B, IFEFIET. RS RS, 5
RETHE, N EEEET, TEIRERRM DAY
(ERGES

& T8 £ BT e & e il

|

\L

English Translation of the Example

User:

Given the phonology of Guangzhou dialect (Cantonese)
as follows:

Initials: j, t, tsh, ts, s, h, p, kK, 1, k, n, w, £, nj, ph, kv,
m, kWh, th

Finals: ®et, en), cey), am, a, 9i, yn, €, ®©i, eu, ip, oy, i,
im, oy, em, an, y, @y, ai, u, ok, yt, ap, in, iu, ay,
en, 1), €1), au, ek, en, ep, ek, ei, ok, ui, gn, ak, un,
2, ou, at, at, it, on, ek, €k, ot, ut, m, ce

Tones: 5’ 55’ zz’ 23’ 35, 33’ 2’ 21’ 3

Please provide the International Phonetic Alphabet tran-
scription of the following sentence in {dialect name}
pronunciation, with spaces between syllables, keeping
non-Chinese characters such as numbers and punctuation
unchanged. Only consider single-character tones, without
considering tone sandhi, and do not return any content
other than that:

B T P 2 [T P T T A A




E More Results
E.1 Panphon Feature Edit Distance

To better reflect phonetic naturalness and perceptual
similarity between the generated pronunciations
and the gold references in Task 2, we also compute
the feature edit distance based on Panphon. The
modified evaluation metric incorporates 22 articula-
tory features of the International Phonetic Alphabet,
where closer articulatory features yield smaller sub-
stitution distances. The detailed evaluation results
are presented in Table 4.

E.2 Statistical Significance

Table 5 and Table 6 present the statistical signifi-
cance test results for Task 1 and Task 2, respectively,
comparing our method with other ablated methods
and baselines across different metrics.

For Task 1, our method shows significant advan-
tages over most ablated methods in terms of “Ac-
curacy per Rule,” “Score per Rule,” and “Accuracy
per Character.” It also significantly outperforms
DeepSeek-V3.2 and ChatGPT-5.2 in the “Score”
metric, consistent with the results in the main text.
Although our method does not significantly out-
perform DeepSeek-V3.2 in “Accuracy per Rule,”
it does so in “Accuracy per Character.” This indi-
cates that the main reason for our superior perfor-
mance over DeepSeek-V3.2 in the main text is that
DeepSeek-V3.2 failed to generate some rules, lead-
ing to poor character coverage, although the rules it
did generate performed well in terms of accuracy.

For Task 2, our method demonstrates significant
advantages across different character sets using the
edit distance to the standard answer as the metric
for statistical significance testing. This is consistent
with the results presented in the main text.

E.3 Case Study

E.3.1 Case Study for Task 1

Below are two case studies in Task 1, the italicized
parts are translations of code comments:

“N” (ru sheng, or checked tone) in Meix-
i n D i A1€
Example Chars

L(Approximately 59%):

- R sruitE B =ZEA) -> sut?

- qitGEB=ARAN) -> it!

- 72 tsyk(FEBA =K A) -> tsit!

- Ig: dzyak(#EBH=F5 A\) -> tsiok!
- J: tsiack(FEBH =18 \) -> tsiak?!
5(Approximately 38%):

- B: druk(BE=RA) -> tshuk®

- 2 ghweok( &5 —EA\) -> fet®
- Bl: lietGRBEI=AA) -> liet®

- J&: 1ek(RFHYH A) -> lak®

- B8 ngak(BEBH—EAN) -> nok®
53( Approximately 2%):

- WE: tsraek(HEFAZBEA) -> tsa>®
- Bi: ghek(FRHPUH A) -> san®
- 78 tsraek(HEFAZFEA) -> tsa>®
- R qykGEBHI=CZ&A) -> 153

- %j: hot(BEE—EN) -> fu®®
44(Approximately 1%):

- & ngop(BEF—E A) -> ha**

- i lop(RBH—EA) -> la**

- fif: hwaek(BEE ZBEA) -> kui**
- 18: qip(EB=ARA) -> iat*

- [M: qeep(REFA—RA) -> au*t
31 Approximately 1%):

- %: ngyip(REBI =BIRA\) -> in®!
11(Approximately 1%):

- 5 keep(RBAZRA) -> i?

|\ J

ju)

ChatGPT-5.2 Generated Rule Function

def F_A(ch):
@RS NEFEMREINERE (58
ATCSE BURE R PP IR O BT
FEERPEERIENGA
- ®E/MRE > (BA)
- iE/RE > (BN
Determine the checked tone category of Middle Chi-
nese checked tone characters in Meixian dialect (basic
rules without considering current reading conditions like
smoothing).
Mainly divided into Yin Ru / Yang Ru based on Mid-
dle Chinese voicing:
- Fully voiceless/Secondary voiceless -> 1 (Yin
Ru)
- Fully voiced/Secondary voiced -> ® (Yang Ru)
if ch.get("/HiE") in ("EE", "IRE"):
return "5"
return "1"
def F_A_H(ch, syl):
LA AR B (2O A ZERNESE)
BIECIRA R MU NMBZ IE,
HRRIZEEE (RER<F) -
1) HBENAZER(p/A-K?), REFANEE
BERR(/5)o
2) HBHECKAERER (NEHFL) , 28

B
- BEA() >
— [ A (5) _> 53
3) D EBEEEAERL A :
- JEERATAL: (A *
- BT AR N AIHL 3t
- REREEFIL: AREEEES T (i/ui/eidE) I
fiw *4, S HIfw 53
Allow minor modifications to the base result based
on the current Meixian reading (e.g., whether it still re-
tains a checked coda).
Rule highlights (conservative):
1) If the current reading still retains a checked
coda (-p/-t/-K[2), keep the base checked tone (*/%).
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| Task 2: Panphon Feature Edit Distance

\ Standard Chinese Guangzhou Shanghai Chengdu
Model | Full Train Test Pred.| Full Train Test Pred.| Full Train Test Pred.| Full Train Test Pred.
Qwen3-8B 10.23 1.82 1.88 1.86 |28.30 1.80 1.76 1.82 [31.77 1.82 1.83 1.85|2149 2.18 2.11 2.09
Our (Full) 0.10 0.01 0.01 051021 0.01 0.09 0.15| 0.39 0.03 0.04 0.31 | 0.41 0.04 0.01 0.39
Our (w/oMC) | 0.09 0.01 0.01 054 | 2.88 0.12 0.03 0.21 | 0.57 0.14 0.15 040 | 046 0.08 0.06 0.46
Our (w/0 SCT) | 0.11 0.01 0.00 0.47 | 0.28 0.05 0.01 0.16 | 042 0.06 0.11 040 | 046 0.09 0.04 041
DeepSeek-V3.2| 0.14 0.01 0.01 0.29 | 0.39 0.12 0.01 0.14 | 0.69 0.13 0.06 0.39 | 0.50 0.09 0.13 0.39
ChatGPT-5.2 0.13 0.05 0.04 043|036 0.09 001 0.19 | 2.11 1.29 1.68 1.36 | 0.83 0.40 0.34 0.63

\ Nanchang Harbin Meixian Quanzhou
Qwen3-8B 37.62 3.54 2.06 1.89 |17.29 190 220 1.56 [27.95 223 2.13 2.07 |27.10 2.35 1.88 2.25
Our (Full) 0.32 0.05 0.02 035 0.18 0.02 0.03 0.26 | 0.32 0.04 0.01 0.20 | 0.18 0.04 0.02 0.43
Our (w/oMC) | 0.37 0.09 0.11 0.51] 0.18 0.02 0.08 0.27 | 0.38 0.08 0.21 0.31] 0.27 0.11 0.14 0.55
Our (w/0o SCT) | 0.39 0.09 0.09 042 | 0.26 0.05 0.12 0.27 | 0.38 0.06 0.22 0.29 | 0.35 0.12 026 048
DeepSeek-V3.2| 0.53 0.23 0.17 042 | 0.20 0.04 0.12 0.26 | 0.37 0.08 0.04 0.19 | 0.35 0.20 0.15 0.40
ChatGPT-5.2 331 2.67 3.04 246 | 084 030 024 043 | 1.14 072 1.08 0.71 | 1.34 0.80 0.83 0.93

\ Luoyang Jinan Yinchuan Changsha
Qwen3-8B 2897 1.72 1.79 1.85|18.98 194 2.05 199 (2248 1.75 2.09 1.75|41.72 2.03 2.13 1.97
Our (Full) 0.28 0.01 0.01 0.29 | 0.23 0.02 0.03 0.49 | 0.33 0.02 0.01 020 | 0.29 0.02 0.01 0.43
Our (w/oMC) | 028 0.02 0.16 0.30| 0.24 0.03 0.05 0.51 | 031 0.02 0.01 0.19 | 0.34 0.06 0.06 0.48
Our (w/0 SCT) | 0.30 0.03 0.18 0.27 | 042 0.11 0.08 0.61 | 0.38 0.07 0.04 0.24 | 0.66 022 0.12 0.52
DeepSeek-V3.2| 0.35 0.10 0.25 036 | 041 0.15 0.03 0.61 | 041 0.09 0.07 0.23 | 0.69 0.24 0.23 0.56
ChatGPT-5.2 1.83 093 0.87 1.14| 1.10 0.67 0.84 0.83 | 1.01 0.54 038 0.64 | 426 3.10 3.19 3.04

Table 4: Task 2 results evaluated by Panphon Feature Edit Distance. Lower is better.

similarity.

2) If the current reading has lost the checked
coda (checked tone smoothing), in most cases:
- YinRu () ->*
- Yang Ru (5) -> 53
3) A few stable typological fine-tunings:
- Xian rhyme group smoothing: tends to-
wards **
- Shen rhyme group smoothing with Yang Ru
base: can be 3!
- Geng rhyme group smoothing: slightly fa-
vors ** ifthe final has a high vowel (i/ui/ei, etc.), otherwise
favors 53
base = syl.get ("E#H") or F_A(ch)
ym = (syl.get ("BEBE") or "").strip()
def is_checked(rime: str) -> bool:
if not rime:
return True # FE{5 E AR K (Do
not change if there is no information)
last = rime[-1]
return last in (npn s ngn s nku s u?u)
if is_checked(ym):
return base
# fHL (RZER) RIVFIEIREE (Tone category
adjustment after smoothing (loss of checked coda))
she = ch.get ("#&")
# WAL 2 iR E o (B ML hL
M) (Xian rhyme group smoothing mostly falls into the
high-level category (e.g., W&, Hi, M)
if she == "J":
return nddn
# A B N ET (e ] ROl i (B
%%) (Shen rhyme group: Yang Ru smoothing shows lower
contours (e.g., 1))
if she == "{&" and base == "5":
return n3ln

The data represents perceptual

# MG EEEICE/ T EWS (B R vs
WE/78/B) (Geng rhyme group: slightly divided by high
vowels/medials in the final (e.g., T vs WE/%E /B))

if she == "f#H":

if ym.endswith(("i", "ui", "ei", "e",
llllll , II'LII )) .
return "%%"
return "53¢

# MR GRE FrE AwEdhr (B
&) (Zeng rhyme group (Zheng, etc.) smoothing com-
monly turns into contour tone (e.g., %))

if she == "&":

return n53n

# B BH frenr REdhr (B
%3) (Zhen rhyme group (Hun, etc.) smoothing can show
contour changes (e.g., %))

if she == "®g":

return "53¢

# —RIEDL: BEANERL > 44; B AEL >
53(General case: Yin Ru smoothing -> 44; Yang Ru
smoothing -> 53)

return "**" if base == "I" elge "53¢
\ J

DeepSeek-V3.2 Generated Rule Function

def FH_A(ch):
# MRIE A I AR A W AR B (Determine

checked tone based on Middle Chinese voicing and rhyme

group)
TEMH = ch['7E# ]
& = chl'$&']
if {HM in 2T, 0E'D:
return '!'
elif B == "2
return 'S'
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Accuracy per Rule Score per Rule Accuracy per Character

Comparison
p-value  statistic  p-value  statistic p-value statistic

Our > Base 5.97e-181 6.08e+05 2.48e-192 7.04e+05 0.0 3.62e+09
Our > w/o Single Char  9.53e-20 9.86e+04 4.27e-18 1.26e+05 1.43e-77 4.98e+07
Our > w/o Joint Train ~ 1.84e-41 1.66e+05 2.02e-24 4.68e+05 0.0 2.51e+08
Our > w/o GRPO 2.48e-23 1.16e+05 3.29e-28 1.62e+05 0.0 1.57e+08
Our > DeepSeek 1.00e+00 1.45e+05 2.10e-47 5.24e+05 0.0 2.31e+08
Our > ChatGPT 1.00e+00 1.00e+05 1.57e-18 4.57e+05 3.80e-01 8.94e+07

Table 5: Statistical significance test results for Task 1 using Wilcoxon signed-rank test between our full method

and other ablated methods and baselines on different metrics. p-value 0.0 indicates that the value is too small to be
0.05 _ 0.05 00

represented with IEEE-754 double precision. With Bonferroni correction, p-values that less than o = == = =

0.0083 indicate that our method is significantly better than the compared method. Here, m = 6 is the number of
comparisons.

. All Chars Test Chars Pred. Chars

Comparison

p-value statistic p-value statistic p-value  statistic
Our (Full) > Base 0.0 8.54e+6 3.36e-112 6.75e+1 6.48e-217 2.67c¢+4
Our (Full) > Our (w/o MC) 2.68e-182 1.11e+6 3.74e-19 2.11e+3 9.83e-28 4.15e+4
Our (Full) > Our (w/o Single Char) 7.61e-119 1.0le+6 1.80e-17 1.89¢+3 1.47e-4 6.11e+4
Our (Full) > DeepSeek-V3.2 0.0 2.43e+6 1.22e-28 3.32e+3 3.15e-24 8.47e+4
Our (Full) > ChatGPT-5.2 0.0 4.16e+6 4.06e-77 3.51e+3 1.28e-119 5.49e+4

Table 6: Significance Test Results for Task 2 (p-value and Significance Score) using Wilcoxon signed-rank test
between our full method and other ablated methods and baselines on different character sets. p-value 0.0 indicates
that the value is too small to be represented with IEEE-754 double precision. With Bonferroni correction, p-values
that less than o = O;nﬁ = % = 0.01 indicate that our method is significantly better than the compared method.

Here, m = 5 is the number of comparisons.

else: # il Example Chars

if &% in ['FE, &', ']

151 th(Approximately 92%):
elsefeturn - ¥ thoungg(ii—%L) -> thqn54
return '!' - EJE theWhS@ﬁﬁ@ﬁf) -> '[hl:)'31
def #_A_Bl(ch, syl): - IR thojh(E & ~KX) -> thuel
# SAREELFH S E (Get base tone first) - EA/ tham(ﬂﬁi’ﬁ_‘ e by -> ’[}}:aln54
FEAE = syl [ ] - %: thwaq(BE&— L) -> thuo
¥Rt = syl ['#8EF"] t(Approximately 7%):

- #5: thap(EBH—EEN) -> ta®*

\/T\7|< EH AN () 7 v :
# KA LR ST B (Check if the checked B theofh(BH T4 25) > fet?

coda is retained)

. 3 _ELN[Z 34
if ¥/ and BIEF[-1] in 'ptk': - W thaw(liﬁ? ) > to
return EeALIE X‘(Approxnna\til)/\ 3%): .
else: # AHL(Smoothing) - 54 thwanq(EH—% ) -> Xxuan
& = chl'f&'] N /
if % in ['RCY, 'IR'D:
return '** ChatGPT-5.2 Generated Rule Function
else:
return '53' def BHE & (ch):
|\ ) nun

gt NE) RHEIREREAE R,
DIZEER th T, DERESO—SHEREY

Rule Function Generated by Our Method BB x (W xuan) .
Determine the initial of Middle Chinese "Tou” ini-
def #fl_A(ch): tial in Luoyang dialect.
if ch["{&%E"] in ["2E", "“JE"]: Mainly aspirated stop tt; a small amount of frica-
return "5 tivization x appears in closed mouth, division I, Shan
return "1v rhyme group, Han rhyme (e.g., xuan).
if ch.get("ERE) 1= E:
return None
if (ch.get('BHE") == '&"

and ch.get('%F') = '—!

Initial “J&” (tow) in Luoyang Dialect
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Example of Chengdu Dialect Inference

Sentence o H ] bR # — ] ,
Standard Chinese Reference tgin®> 15! ei>s lip®*  phin®  i% thopst |
Middle Chinese kyim njit sej leng pheng qit doungh |
Gold tein*s  z9*! ei*s nin?*  phin**  §**  thop?® |
Our tein®®  z9*! ei*s nin?*  phin**  i?'  thop?® |
DeepSeek-V3.2 tegin®® 77?13 i lin** phran*? ni**® thon®® |
ChatGPT-5.2 tegin®s  79%2 i’ nin?* phin% % thon*2 |
Sentence 2 H H U} H 7] M o
Standard Chinese Reference pu®' khan®s tsup® tshap® pau®'* tau®™® ky%®
Middle Chinese put khom druong tjhyangh pawq taw ka o
Gold pu**  khan* tshop?' tshap®'® pau*? tau*® ko*®
Our puz! kran* tshop?' tshan®'® pau*? tau®® ko*®
DeepSeek-V3.2 pu?® Kkhan*® tston®' tshan?’®* pau?*? tau*> ko*®
ChatGPT-5.2 pu*?  kran*® tstop?! tshap*? pau?'® tau?® ko*®
Example of Nanchang Dialect Inference
Sentence H JE EX it ¥ 73 LT
Standard Chinese Reference xuan®® thin®s tegien® tshop® phi®s phin®® su® g3 suo
Middle Chinese ghwang deng ken dzeong  phej  byaeng S0 sjyk sjwiet
Gold wn*®  thin®*  teien*? tshen®*  phi*?  phin**  su*? it sot®
Our fon*  thin** teien*? tshen?®* phi*?  phin*?  su*?  sit® sott
DeepSeek-V3.2 uwn?*  thin?*  teien?? tsen*?  phi*?  phin%*  su??  sitS gyot®
ChatGPT-5.2 huan®* thin** teien® tshon?* phi® prin**  su®  e)*? euo®

Table 7: Case study of Task 2 (Middle Chinese to Chengdu Dialect pronunciation).

and ch.get("#§') ==
and ch.get('#H') ==

return
return "th"

nxn

DeepSeek-V3.2 Generated Rule Function

def BR}_ % (ch):

AR P o 5 (S SO B 08 BEAE 7 5 5 P O

BE, BRERIR[EIh, DEFIIMR

Determine the initial of the Tou initial in Luoyang
dialect based on Middle Chinese phonological informa-
tion. Default returns t, a few exceptions are handled

B AR

based on phonological conditions.

# TEEE R Extract phonological features)

& = ch.get('B&E", ')

= ch.get ("', '")

# = ch.get('#E', '")

#H = ch.getC'sl', ')

# BISMART (BERIRBIZEES) (Exception rules
(summarized based on examples))

# 1. 38 t IBIINExceptions for reading 1)

=1

if #& == "J&' and BHE == 'BA"
and % == '—' and #H = 'A"
and # == '
return "t"
if & == '"#' and FIE == 'F"
and % == '—' and M == 'E'
and # == A"
return "t"
if #& == A and A& == 'HA’
and % == '—' and EEJ —= 131
and ¥l == "5
return "t"

# 2. 58 x WBIINExceptions for reading x)

if #% == 'llI' and FE = '&"
and % == '—' and ff == ' '
and #8 == 'F'.

return "X"
# BRERHIR(Default rule)
return "th"
\ J

Rule Function Generated by Our Method

def BH} % (ch):

return "th"

Despite we explicitly emphasized in the instruc-
tions to generate concise rules that ignore phonolog-
ically irregular cases, the rule function generated by
ChatGPT-5.2 is still relatively complex, containing
a lot of logic to handle irregular characters. This
is why it performs well on the Accuracy metric,
but at the same time leads to a lower Score metric
compared to our complete method.

Another noteworthy point is that DeepSeek-
V3.2 tends to use Simplified Chinese (e.g., “H#”
- B, B - B’ during generation,
rather than the Traditional Chinese used in the in-
structions, which sometimes affects the correct pars-
ing and execution of the rules, thereby impacting

the accuracy of the final results.
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E.3.2 Case Study for Task 2

In Chengdu Dialect inference, DeepSeek-V3.2 con-
siders Standard Chinese as the basis, mapping Stan-
dard Chinese tones %%, 35, 214 and 51 to Chengdu
Dialect tones *°, 21, *2, and 213 respectively. How-
ever, for characters with checked tones (or A&,
ru sheng) in Middle Chinese (i.e., characters end-
ing with -p, -t, -k, such as “H” and “—7),
the tone in Chengdu Dialect typically changes to
21 which differs from the evolution rules in Stan-
dard Chinese and cannot be directly derived from
the mapping. Therefore, DeepSeek-V3.2 makes er-
rors when handling checked tone characters. In
Nanchang Dialect inference, since we indicated in
the prompt that there are syllables ending with -t
in Nanchang Dialect, DeepSeek correctly handles
checked tone characters to some extent.

ChatGPT-5.2 also primarily relies on Standard
Chinese for mapping. When handling tones, it tends
to choose tone contours that are as similar as possi-
ble to those in Standard Chinese, rather than follow-
ing the actual dialect pronunciation for mapping.
For example, in Chengdu Dialect, it maps 21* to 213
(both are falling-rising tones) and 3! to *2 (both are
falling tones), and in Nanchang Dialect, it maps 5°
to > (both are high-level tones). This is one of the
reasons why ChatGPT-5.2 performs poorly on this
task.
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