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Abstract

Language acquisition is vital to revealing the nature of human
language intelligence and has recently emerged as a promis-
ing perspective for improving the interpretability of large lan-
guage models (LLMs). However, it is ethically and practically
infeasible to conduct experiments that require controlling hu-
man learners’ language inputs. This poses challenges for the
verifiability and scalability of language acquisition modeling,
particularly in Chinese second language acquisition (SLA).
While LLMs provide a controllable and reproducible alterna-
tive, a systematic benchmark to support phase-wise model-
ing and assessment is still lacking. To address these issues,
we propose HSKBenchmark, the first benchmark for staged
modeling and writing assessment of LLMs in Chinese SLA.
The benchmark covers HSK levels 3 to 6, comprising au-
thentic textbooks with 6.76M tokens, 16K synthetic instruc-
tion data, 30 test topics and a linguistically-grounded eval-
uation system. To simulate human acquisition trajectories,
a curriculum-tuning framework is introduced, which trains
LLMs in a progression from beginner to advanced proficiency
levels. Since language production in writing is a key perspec-
tive for observing SLA development, an evaluation system is
established to probe LLMs in writing, including the coverage
of level-based grammar items, writing errors, lexical com-
plexity, syntactic complexity, and holistic scoring. We also
develop an HSKAgent fine-tuned on 10K compositions from
Chinese second language learners to automate this evalua-
tion system. Extensive experimental results demonstrate that
HSKBenchmark not only models Chinese SLA effectively,
but also serves as a reliable benchmark for dynamic writing
assessment in LLMs. Our fine-tuned LLMs have writing per-
formance on par with advanced human learners and exhibit
human-like acquisition characteristics. The HSKBenchmark
and HSKAgent serve as foundational tools and resources,
with the potential to pave the way for future research on lan-
guage acquisition modeling and LLMs interpretability.

Code — https://github.com/Charles Yang030/HSKB
Datasets — https://github.com/Charles Yang030/HSKB
Extended version — https://arxiv.org/abs/2511.15574
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Figure 1: [llustration of Chinese SLA modeling and dynamic
writing assessment in LLMs.

Introduction

Since the mid-20th century, research on language acqui-
sition has advanced rapidly, laying theoretical foundations
for understanding human language intelligence (Chomsky
1965; Lenneberg 1967; Chomsky 1980). However, due to
ethical and practical limitations, many experiments involv-
ing controlled language inputs and the simulation of learn-
ing trajectories are difficult to conduct with human learn-
ers (Warstadt and Bowman 2022). As a result, the field has
long faced challenges in terms of verifiability and computa-
tional modeling. Against this backdrop, large language mod-
els (LLMs) emerge as a valuable resource because of their
controllability and reproducibility. The language acquisition
of LLMs is receiving increasing attention. Researchers sug-
gest that modeling the developmental patterns in LLMs not
only enhances interpretability but also provides new theo-
retical and empirical insights into human language learning
mechanisms (Warstadt and Bowman 2020).

Language acquisition is mainly categorized into first lan-
guage (L1) acquisition and second language (L2) acquisi-
tion (SLA). Existing studies have explored L1 acquisition
modeling of language models by adjusting the neural net-
work architecture, optimizing hyperparameter settings, in-
troducing linguistic features, or applying causal intervention
(Warstadt and Bowman 2022). They achieve success in sim-
ulating children’s vocabulary and grammar acquisition. Re-
searchers attempt to transfer such success to SLA modeling.
For example, a recent work trains XLLM (Conneau and Lam-
ple 2019) from scratch using a L1-L2 parallel corpus and ob-



serves that the model has similarities to humans in the trans-
fer pattern from L1 to L2 (Oba et al. 2023). However, the
SLA modeling of LLMs remains unresolved due to the lack
of level-based training data and evaluation systems. Existing
methods (Aoyama and Schneider 2024a) simply limit the
size of training data rather than considering the difficulty of
acquiring L2, resulting in unclear boundaries in SLA stages.
Although different multilingual benchmarks are widely used
to probe LLMs on various multilingual tasks, they mainly
evaluate LLMs’ existing capabilities (Hendrycks et al. 2021;
Ahuja et al. 2024) rather than dynamic assessment for SLA
modeling. Importantly, there are approximately 375 million
English L2 learners and 20 million Chinese L2 learners in
the world. The huge group stimulates an urgent need for em-
pirical research on SLA modeling.

This paper studies an important yet overlooked issue:
SLA modeling and dynamic writing assessment in LLMs, as
shown in Figure 1. The applicability of LLM:s is first con-
sidered: modeling SLA in LLMs requires selecting a non-
English target language as L2, since most language models
are trained primarily on large-scale English data. The data
accessibility is also considered: there are extensive learn-
ing materials in Chinese, as Hanyu Shuiping Kaoshi (HSK)
(Peng, Yan, and Cheng 2021) is a representative Chinese L2
proficiency test. The assessment method is further consid-
ered: language production in writing is a key perspective for
observing L2 development (Durrant, Brenchley, and McCal-
lum 2021), which has advantages of reflecting the mastery
of LLMs in the use of language structures. Based on these
three considerations, in order to provide a reusable evalua-
tion framework for SLA modeling, a feasible solution is to
build a benchmark from the perspective of Chinese as L2 to
assess the language output in writing of LLMs. Importantly,
Chinese is an isolating language typologically distinct from
English (Huang 2015). Studying Chinese SLA modeling can
be a representative view to examine whether LLMs can gen-
eralize across typologically diverse languages and capture
structural patterns beyond Indo-European norms.

However, to achieve this goal, we encounter three major
challenges. The first challenge is to build a benchmark with
level-based training data. This requires using training data
with clear level boundaries to distinguish acquisition stages
developmentally, rather than merely controlling the scale of
training data as in existing studies (Aoyama and Schneider
2024a; Constantinescu et al. 2025). The second challenge is
to simulate human-like staged acquisition in LLMs and track
its progression. This requires a curriculum-based design that
incrementally exposes LLMs to staged Chinese inputs. The
third challenge is to create an efficient evaluation system.
This requires integrating linguistically-grounded indicators
for LLMs writing and automating the system.

To address these challenges, we propose HSKBench-
mark, the first benchmark for staged modeling and writing
assessment of LLMs in Chinese SLA. To construct level-
based training data, we collect 79 widely-used textbooks in
international Chinese education, covering HSK levels 3 to 6.
These textbooks with 6.76M tokens are used for staged pre-
training. Following the Chinese Proficiency Grading Stan-
dards for International Chinese Language Education, we
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identify 591 grammar items annotated with HSK levels.
Three state-of-the-art LLMs (GPT, DeepSeek, Gemini) with
robust Chinese capabilities are prompted to generate in-
struction data for writing exercises based on these grammar
items. The 16k generated data is used for staged fine-tuning,
with an agreement score of 0.91 and a validity rate of 95%.
In addition, thirty writing topics from real HSK exams are
set as testing tasks. To simulate human-like staged acquisi-
tion, we introduce a curriculum-tuning framework, enabling
LLMs to undergo staged pretraining followed by instruc-
tion tuning at each stage from HSK levels 3 to 6. For as-
sessment, we build an evaluation system grounded in five
linguistic dimensions: the coverage of level-based grammar
items, writing errors, lexical complexity, syntactic complex-
ity, and holistic scoring. We further develop an HSKAgent,
an automated evaluator fine-tuned on the grammar dataset
and 10K compositions from human Chinese L2 learners.
Our main contributions are summarized as follows:

* The HSKBenchmark is proposed, which is the first
benchmark for staged modeling and writing assessment
of LLMs in Chinese SLA. It has the potential to serve as
foundational tools and resources for future research on
language acquisition modeling.

A curriculum-tuning framework is introduced to simulate
human language acquisition trajectories, and an HSK-
Agent is also developed to automate our linguistically-
grounded evaluation system.

Extensive experiments demonstrate the effectiveness of
HSKBenchmark. Our fine-tuned LLMs achieve high
writing performance on par with advanced human learn-
ers, contributing to the verification of SLA theories.

Related Work

Language Acquisition Modeling with Neural
Language Models

There has been much debate about the mechanism of lan-
guage acquisition for a long time (Warstadt and Bowman
2022). To investigate the nature of language acquisition,
neural language models were employed for language acqui-
sition modeling in the 1980s (Rumelhart and McClelland
1985; Pinker and Prince 1988). Although these early models
had limited linguistic capabilities, their integration with cog-
nitive science provided experimental insights into language
mechanisms. In the past decade, with the advancement of
natural language processing technology, language acquisi-
tion modeling has received renewed attention (Warstadt and
Bowman 2022). While Dupre (Dupre 2021) points out that
language models lack real language learning capabilities, an
increasing number of researchers believe they can be uti-
lized as effective tools to verify language acquisition the-
ories (Warstadt and Bowman 2022; Futrell and Mahowald
2025).

Existing work focuses mainly on modeling L1 acquisi-
tion (Warstadt and Bowman 2022) to investigate the differ-
ence of inductive bias between human and machine (Mc-
Coy, Frank, and Linzen 2020; Warstadt et al. 2020). A re-
cent work uses inductive bias distillation to transfer the
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Figure 2: Illustration of our HSKBenchmark. It contains the level-based training data, the curriculum-tuning framework, the
linguistically-grounded evaluation system and the HSKAgent.

Bayesian priors into the neural network (McCoy and Grif-
fiths 2025). The research shows that such models not only
learn languages from limited data, but also acquire compli-
cated syntactic structures from large-scale corpora. Besides,
many studies manipulate the internal structure of the mod-
els through controlling neural architectures (Yedetore et al.
2023) and hyperparameters (Chang and Bergen 2022), or
explore the structural bias of the models using linguistic
features (Ravfogel et al. 2020) or causal interventions (Fin-
layson et al. 2021). A shared task named BabyLM (Warstadt
et al. 2023; Hu et al. 2024) was proposed recently to pro-
mote the development of evaluation frameworks for model-
ing child language acquisition.

In contrast, research on SLA modeling is still at an early
stage and focuses primarily on L1-L2 transfer (Warstadt
and Bowman 2022; Aoyama and Schneider 2024b). A re-
cent study explores the effects of L1-L2 transfer in the
XLM model across different L1 (French, German, Rus-
sian, Japanese) and English as L2, finding that L1 pre-
training significantly enhanced L2 syntactic generalization
(Obaet al. 2023). The results indicate that transfer effects are
influenced by typological distances and training configura-
tion. However, such studies roughly distinguish the stages of
language acquisition by controlling corpus size, lacking sys-
tematic modeling of the developmental trajectory of L2 pro-
duction, especially in the context of Chinese as a second lan-
guage (Aoyama and Schneider 2024a; Constantinescu et al.
2025). Therefore, this paper aims to adopt a curriculum-
based approach and investigate the development of LLMs in
linguistic competence in writing during the process of Chi-
nese SLA modeling.

Resources and Evaluation in Chinese SLA

The Hanyu Shuiping Kaoshi (HSK) is currently the most
widely-used standardized test to assess the Chinese pro-
ficiency of non-native Chinese learners (Peng, Yan, and
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Cheng 2021). It consists of six levels (1 to 6) like Common
European Framework of Reference for language (CEFR)
(Council of Europe 2001), and provides a comprehensive
evaluation of language skills including listening, speaking,
reading, and writing. Many teaching resources are orga-
nized according to HSK levels, such as Developing Chi-
nese and Chinese Course. In addition, open-access learner
corpora like the HSK Dynamic Composition Corpus contain
manually annotated error corrections and proficiency scores.
These materials offer a diverse and level-based source of
training data for our work.

Linguistic complexity indices are widely used to evaluate
the writing performance of Chinese L2 learners (Hao et al.
2024; Hao, Wang, and Lin 2022; Hao et al. 2023). The CTAP
for Chinese (Cui et al. 2022) achieves the automated extrac-
tion of 196 linguistic complexity indices across character,
word, sentence, and paragraphs for Chinese learner writing.
However, it does not calculate writing scores, which are a
key indicator for measuring SLA development. While L2C-
Rater (Wang and Hu 2021) predicts essay scores through
regression models that integrate linguistic features, pre-
extracted writing errors, and textual features, it lacks the
ability to automatically detect errors for new compositions.
Moreover, scoring essays through human teachers incurs
high costs and low efficiency. Therefore, this paper aims
to incorporate linguistic indicators that are specifically rel-
evant to Chinese SLA development into the evaluation sys-
tem, and to leverage LLMs with robust Chinese capabilities
to develop an efficient agent for automated scoring.

The HSKBenchmark

To propose the HSKBenchmark, we make efforts from the
construction of the level-based training data, the design
of a curriculum-tuning framework, the development of a
linguistically-grounded evaluation system and an HSKA-
gent, as shown in Figure 2.



Average number
Textbook Tokens | Sentences of tokens
levels
per sentence

HSK 3 895,037 22,743 39.35
HSK 4 1,473,516 34,637 42.66
HSK 5 1,717,178 41,044 41.84
HSK 6 | 2,678,621 63,650 42.08

Total 6,764,352 | 162,074 41.74

Table 1: Statistics of the level-based textbooks.

The Construction of the Level-based Training Data

Krashen, one of the representative researchers in SLA re-
search, argues that language acquisition occurs when learn-
ers are exposed incrementally to comprehensible input that
contains linguistic features slightly beyond their current
level (i+1) (Krashen 1982). In real L2 teaching scenarios,
learners are also taught from beginner to advanced levels
of teaching materials. However, existing studies do not pay
attention to this issue because they usually distinguish the
different stages of language acquisition based on the size
of training data (Liu et al. 2024b; Aoyama and Schneider
2024a). For example, five learning stages can be divided
in training data with 1 million tokens, where each batch
of 200K tokens is regarded as one stage. In addition, the
training data includes learning materials of different diffi-
culties, without clearly distinguishing between beginner and
advanced levels. To bridge this gap, we refer to the HSK
level standard' that divides Chinese L2 proficiency into 6
levels, of which HSK levels 3 to 6 have writing tasks. Si-
multaneously, we conduct a survey of available resources
for Chinese SLA. Two major issues are identified: (1) fewer
learning materials are available at lower levels, particularly
for HSK levels 1 and 2; (2) a substantial amount of manual
effort is required to align multiple-choice questions in offi-
cial HSK test collections with their corresponding answers,
making it difficult to incorporate such items into the evalua-
tion system like benchmarks in other domains.

To construct the level-based training data, we first collect
79 widely-used textbooks based on HSK levels 3 to 6, such
as HSK Standard Course and Boya Chinese Course. These
textbooks are a mixture of texts and images. We delete the
images since multimodal inputs are not the objective of this
study. In order to ensure the semantic compactness of the
texts, we also delete all the Pinyin and English symbols used
to assist learning in the textbooks through scripts. Finally,
the total number of tokens in the cleaned textbooks is 6.76M,
with 162,074 sentences and an average of 41.74 tokens per
sentence, as shown in Table 1.

Besides textbooks, human teachers often ask learners to
complete writing exercises to improve their language pro-

!Chinese learners in HSK level 3 can use Chinese to complete
basic communication tasks in life, study, work, etc. Those in HSK
level 6 can easily understand the Chinese information heard or
read, and express their opinions fluently in Chinese in oral or writ-
ten form. Detailed level-by-level descriptions can be accessed at:
https://www.chinesetest.cn/userfiles/file/dagang/HSK-koushi.pdf.
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Items | HSK3 | HSK4 | HSK5 | HSK6 | Advan. | Total

Word 110 48 47 50 62 317
Phrase 9 6 8 11 21 55
FF 5 6 6 3 5 25
SC 14 4 11 3 7 39
ST 27 27 26 16 47 143
EU 3 4 3 1 1 12
ALL 168 95 101 84 143 591

Num. | 4,600 | 2,607 | 2,896 | 2,334 | 4,025 | 16,462

Table 2: Statistics of the grammar items and the instruction
data. Advan. refers to the advanced HSK level.

duction ability. Therefore, we create a set of instruction data
covering various writing exercises. Specifically, we first in-
tegrate HSK levels 3 to 6 and advanced grammar items from
Chinese Proficiency Grading Standards for International
Chinese Language Education. Six types of grammar items
are selected because they appear at these levels, includ-
ing word, phrase, fixed format (FF), sentence component
(SC), sentence type (ST), and emphatic usage (EU). Data
that include multiple words or usages in the same grammar
item are manually split. Secondly, we leverage GPT-4.1-
mini (Achiam et al. 2023), DeepSeek-Chat-V3 (Liu et al.
2024a), and Gemini-2.5-Flash (Team et al. 2023) with robust
Chinese capabilities to generate level-based instruction data
according to these grammar items using in-context learning
with two shots. The LLMs are prompted to generate 10 in-
struction instances for each grammar item. Each piece of
generated data contains an instruction, an input, and an out-
put (as shown in the example in Figure 2), where the in-
struction is the requirement of a writing exercise, the input
is the specified grammar item, and the output is the expected
language production. Then, three graduate annotators are re-
cruited and trained on HSK standards. A randomly sampled
set from the generated data is manually verified by the anno-
tators using Fleiss’s Kappa, yielding an agreement score of
0.91 and a validity rate of 95%. Finally, we conduct proof-
reading and data filtering and then obtain 16,462 synthetic
instruction data based on these 591 level-based grammar
items. The statistics of the grammar items and the synthetic
level-based instruction data are reported in Table 2.

The Curriculum-tuning Framework

After distinguishing the stages in Chinese SLA using the
level-based textbooks and instruction data, LLMs are also
required to adapt to such staged modeling and assessment
rather than being trained on all data at once. To this end, we
introduce a curriculum-tuning framework, enabling LLMs
to simulate Chinese L2 learners from self-learning on text-
books to writing exercises at each stage for gaining progres-
sive capabilities in writing.

First, pretraining on level-based textbooks for simu-
lating input-based learning: we define an HSK level [ €
{3,4,5,6}, and the corresponding level-specific textbooks
are denoted as T = {z1,x2,..., 2y}, where each x; is a



Chinese sentence. A LLM adopts a causal language model-
ing architecture and is trained using next-token prediction to
compute the loss for each sentence. The pretraining loss at
level [ is defined as:

ﬁg)T == Z Zlog Pyoy (wi¢ | 2ict)

=1 t=1

ey

where §(°) denotes the LLM’s initial parameters. For each
sentence, x; ; refers to its ¢-th token, and x;<; denotes the
preceding context before that token. After this stage of train-

ing, the resulting model is denoted as LLM — GS)T.
Second, instruction tuning on writing exercises for
simulating output-based learning: we use the instruction
data DY = {(p1,91), (p2,42); - -+ (Pn,yn)} correspond-
ing to HSK level [, where each p; is a writing prompt and y;
is the target completion. In this paper, the writing prompt is
the combination of the instruction (the requirement of writ-
ing exercises) and the input (the specific grammar item), and
the completion is the output (the expected language pro-
duction). The LLM is then fine-tuned on this instruction-
following task using the same language modeling loss:
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The resulting model after this stage of instruction tuning is

denoted as LLM — 01(112

Finally, curriculum tuning across levels: LLMs experi-
ence curriculum tuning in ascending order of levels, namely
from HSK level 3 to 6. At each level [, the LLM is first pre-
trained on the textbook data 7 (") and then instruction-tuned
on the corresponding instruction data DY), The model pa-
rameters are updated at each level according to:

91(3l~)f = Pretraining (9(1*1)’ T(l)) 3)
91(512 = InstructionTuning (Ql(jl)r’ D(l)) @)

The final model LLM — 6 is obtained by sequential fine-
tuning on all level-based textbooks and instruction data,
thereby simulating a complete Chinese SLA trajectory.

The Linguistically-grounded Evaluation System
and HSKAgent

To fairly evaluate the writing performance of LLMs, we col-
lect 30 writing topics from the HSK Dynamic Composition
Corpus v2.0 as test tasks. This corpus, released by Beijing
Language and Culture University, is a collection of writ-
ten compositions produced by non-native Chinese speakers
from 85 countries (32.85% from Korea) in HSK test from
1992 to 2005. It includes more than 10K compositions with
4 million Chinese characters. These selected 30 topics cover
arange of genres (e.g., narrative and argumentative writing)
and topics (e.g., daily life and study). After examination,
there is no data overlap or contamination between these 30
topics and our training data.

“https://yuyanziyuan.blcu.edu.cn/info/1043/1501.htm
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To capture and reflect the development of Chinese SLA
across levels, we design an evaluation system by following
previous work, covering five linguistic dimensions. (1)The
Coverage of Grammar Items refers to the proportion of
grammar items from each HSK level in compositions. This
metric is used to evaluate LLMs’ mastery of grammar items
across different proficiency levels. (2)Writing Errors (Err)
(Yan and Lin 2023) refers to the sum of character-level er-
rors, lexical errors, syntatic errors and discourse-level errors.
This metric is used to evaluate the accuracy of LLMs’ lan-
guage output. (3)Lexical Complexity (MATTR-50) (Kyle
et al. 2024) refers to the ratio of word types to word tokens
within text windows, where each batch of 50 tokens is set
as one window. This metric is used to evaluate LLMs’ lex-
ical proficiency. (4)Syntatic Complexity (MDD) (Liu 2008)
refers to the average dependency distance of texts. This met-
ric is used to evaluate LLMs’ syntactic proficiency. A higher
MDD indicates longer dependency relations, which may
reflect more sophisticated sentence structures. (5)Holistic
Scoring (Score) (Ramesh and Sanampudi 2022) refers to
the overall score, which is typically determined based on the
length, quality and the relevance of the text.

To automate the evaluation system, we develop an HSK-
Agent built upon Qwen3-8B (Bai et al. 2023). The Qwen3-
8B model is selected due to its strong performance in Chi-
nese among 7/8B-scale models based on the SuperCLUE
leaderboard?. It also has advantages in reproducibility and
inference efficiency. Specifically, we transform the level-
based instruction data into a binary classification dataset.
For the positive samples, the original prompt and com-
pletion are concatenated into a new positive prompt, with
the corresponding answer “Yes”. For the negative sam-
ples, the prompt is paired with a negative completion ran-
domly sampled from the data pool, resulting in a new neg-
ative prompt with the answer “No”. To reduce the likeli-
hood that the negative completion still aligns with the tar-
get grammar item, we restrict sampling to completions out-
side the current grammar item category. Although this is
a straightforward approach, a manual validation yields an
inter-annotator agreement score of 0.93 and a validity rate of
96%. Then, we reconstruct the original human-written ver-
sions from these 10K compositions with error annotations
and scores. This dataset is used to train and test the HSK-
Agent. Eventually, our HSKAgent achieves an F1-score of
0.97 for binary classification of grammar items, 90% accu-
racy for error detection, and an Fl-score of 0.81 for holis-
tic scoring. It also obtains good agreements with human
raters (Quadratic Weighted Kappa (QWK) = 0.7969, Spear-
man = 0.8010, Pearson = 0.8023). For complexity-related
indices, the HSKAgent leverages function calling for auto-
matic computation.

Experiments and Results
Implementation Details

Baselines. Since our objective is not to train LLMs to ac-
quire Chinese from scratch, we select LLMs that already

*https://www.superclueai.com/



The Coverage of Grammar Items Writing Lexical Syntactic | Holistic

Human/LLMs Errors | Complexity | Complexity | Scoring
HSK3 | HSK4 | HSKS | HSK6 | Advan. Err MATTR-50 MDD Score

Natives 0.3408 | 0.2439 | 0.1745 | 0.1261 | 0.1146 | 1.4000 0.8061 2.9769 88.3333
Leaner-95%* 0.3563 | 0.2040 | 0.1656 | 0.1392 | 0.1350 | 2.8667 0.8165 2.8386 85.0000
Leaner-90* 0.3481 | 0.1854 | 0.1997 | 0.1425 | 0.1243 | 3.3667 0.8059 2.9705 84.0000
Leaner-80* 0.3855 | 0.1914 | 0.1835 | 0.1327 | 0.1069 | 3.5000 0.7925 2.6473 74.8333
Leaner-70%* 0.3802 | 0.2094 | 0.1978 | 0.1211 | 0.0915 | 3.8333 0.7764 2.6205 70.1667
Leaner-60* 0.3947 | 0.2030 | 0.1967 | 0.1034 | 0.1021 | 4.8000 0.7806 2.5814 63.0000
GPT-4.1-mini 0.3979 | 0.2324 | 0.1622 | 0.1082 | 0.0993 | 0.0000 0.8287 2.6032 91.5000
DeepSeek-Chat | 0.4102 | 0.2118 | 0.1615 | 0.1166 | 0.0999 | 0.0000 0.8427 2.5411 92.3333
Gemini-2.5 0.4038 | 0.2265 | 0.1673 | 0.1103 | 0.0921 | 0.0000 0.8334 2.5894 90.5300
Llama2 0.4844 | 0.1615 | 0.1667 | 0.1126 | 0.0748 | 0.9000 0.6860 2.4253 70.0000
Llama2ysks 0.49251 | 0.1738 | 0.1471 | 0.1143 | 0.0723] | 0.6333, 0.71881 2.50457 75.83331
Llama2ygky 0.4517 | 0.20487 | 0.1768 | 0.0880 | 0.07871 | 0.6667] 0.73641 2.55031 78.66671
Llama2ygks 0.4203 | 0.2005 | 0.18527 | 0.1111 | 0.08291 | 0.5667, 0.75921 2.5274] 80.66671
Llama2yske 0.4246 | 0.1818 | 0.1775 | 0.12791 | 0.08831 | 0.5333] 0.764171 2.55581 81.83331
Ch-Alpaca 0.4470 | 0.2000 | 0.1678 | 0.1191 | 0.0661 | 0.0667 0.7705 2.5251 77.5000
Ch-Alpacapgks | 0.4270) | 0.1917 | 0.1803 | 0.1105 | 0.09057 | 0.5000, 0.77741 2.53291 75.8333]
Ch-Alpacapsks | 0.4049 | 0.22521 | 0.1639 | 0.1069 | 0.09901 | 0.0333, 0.7726, 2.5109) 82.00001
Ch-Alpacapsks | 0.3980 | 0.1859 | 0.214671 | 0.1250 | 0.0765] | 0.10004 0.78161 2.55571 87.66671
Ch-Alpacapgkes | 0.3844 | 0.2382 | 0.1632 | 0.1161] | 0.09817 | 0.0000, 0.78291 2.57291 85.66671
Mistral 0.4798 | 0.1836 | 0.1603 | 0.1037 | 0.0726 | 0.7333 0.5260 2.5302 76.8333
Mistralpsks 0.4542) | 0.1802 | 0.1637 | 0.1190 | 0.08297 | 0.5667. 0.75661 2.53341 79.50001
Mistralyska 0.4006 | 0.23931 | 0.1583 | 0.1141 | 0.08767 | 0.4667 0.77881 2.58581 81.16671
Mistralysks 0.4020 | 0.1983 | 0.17191 | 0.1222 | 0.10567 | 0.3667. 0.79011 2.5595] 82.33331
Mistralpske 0.4141 | 0.1981 | 0.1437 | 0.14221 | 0.1019] | 0.3000] 0.7886. 2.67721 85.33331

Table 3: The Chinese SLA performance of human and LLMs on HSKBenchmark. Learners-X* refers to those who got a original
score of X in the HSK Dynamic Composition Corpus v2.0. Ch-Alpaca indicates the Chinese-Alpaca model. The upward and
downward arrows indicate whether the model’s current performance has improved or declined compared to its previous level.

possess a certain degree of Chinese capabilities, to investi-
gate their developments during the Chinese SLA modeling.
Therefore, we refer to SuperCLUE and choose three mod-
els of relatively low rank as baselines, including LLaMA2-
7B-Chat, Mistral-7B-Instruct-v0.3, and Chinese-Alpaca-2-
7B. Three stronger LLMs, GPT-4.0-mini, DeepSeek-Chat-
V3, and Gemini-2.5-Flash, are also selected as baselines.
Moreover, we include Chinese native speakers and Chinese
L2 learners as human baselines.

Setting. The experiments are implemented on PyTorch 2.6.0
and 3 RTX 3090 GPUs (24GB) using LLaMA-Factory
(Zheng et al. 2024). LoRA (Hu et al. 2022) is utilized to
fine-tune these LLMs and the HSKAgent in pretraining and
instruction tuning, where the learning rate is Se-5, the num-
ber of epoch is 3 and bf16 is used as the compute type.

Main Results

The Chinese SLA performance of human and LLMs on
HSKBenchmark is reported in Table 3. Compared with Chi-
nese SLA learners, the natives achieve the highest overall
score (88.3333). Although the advanced learners (95* and
90%*) also score more than 80, there is still a noticeable gap
between them and the natives in terms of writing errors and
syntactic complexity. Moreover, as learners improve their
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proficiency from 60* to 95%, their scores also gradually in-
crease, which provides evidence that there is indeed a pre-
dictable developmental progress in Chinese SLA and our
HSKAgent indeed presents such a trend reasonably. GPT,
DeepSeek, and Gemini obtain average scores exceeding 90,
but they are inferior to humans in syntactic complexity and
mastery of advanced grammar items.

LLaMA?2, Chinese-Alpaca, and Mistral all exhibit sub-
stantial improvements after Chinese SLA modeling. The
base LLaMA2 model achieves a score of only 70, roughly
equivalent to that of Learners-70*. After modeling at
HSK3, LLaMA2pgks improves by 5.83 points, and the fi-
nal LLaMA2pske achieves a score of 81.83 on par with
Learners-90*. In addition, the coverages of HSK3 and HSK4
grammars of LLaMA2pgks are 49.25% and 17.38%, but
LLaMA2yxsk4 shows a 4.08% decrease and a 3.10% in-
crease respectively in these two aspects. This indicates
that the curriculum-tuning framework enables the model
to better acquire more complex grammars. Compared with
LLMspska~usk4, LLMsusks~nske get a higher propor-
tion of advanced grammar items that are not included in
training data. This suggests that more advanced models may
develop emergent abilities to master higher-level grammars
and generalize beyond the training data, much like the hu-
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Figure 3: Comparison between our LLMs and those trained
on the shuffled dataset. CT refers to the curriculum tuning.
HX indicates HSK level X and SX indicates stage X.

mmBase =mL2-HSK3 ©=L2-HSK4 ©==L2-HSK5 ®==L2-HSK6 |

50

15 |

5 1 1D ]

% AN

STEM SS Humanities Other Average

(a) MMLU

40, s

35

¥ ol ] N

0 STEM - SS Humanities Other Average
(b) C-Eval

Figure 4: The performance of the curriculum-tuned Llama2
on MMLU and C-Eval. L2 indicates the Llama2 model and
SS refers to Social Science.

man capacity to infer and extend learned knowledge.

Compared with human learners, LLMs are less prone
to produce errors. A possible reason is that the language
production mechanisms in writing of humans and LLMs
are fundamentally different. Compared with LLMs, human
writers might tend to take more risks in those usages they are
not fully confident in. Limited by the top-k next-token pre-
diction mechanism, LLMs tend to generate only those to-
kens in which they have the highest confidence. However,
LLMs fall short of humans in lexical and syntactic complex-
ity. LLMs optimize for predictive likelihood, tending to gen-
erate shorter, more typical sentences found in natural cor-
pora. In contrast, L2 learners often deliberately use complex
structures in writing tests to display linguistic competence,
leading to higher syntactic complexity.

In summary, Table 3 presents comparisons between native
speakers and L2 learners, between humans and LLMs, as
well as the developmental trajectories of baseline LLMs in
Chinese SLA. These results are consistent with expectations
and support the effectiveness of our HSKBenchmark as an
effective suite for benchmarking Chinese SLA performance.

Ablation Study

An ablation study is conducted to reveal the effectiveness
of our curriculum-tuning framework. Specifically, we shuf-
fle and merge all level-based textbooks and instruction data
into a single dataset. It is then divided into four stages (cor-
responding to HSK levels 3 to 6) purely based on data vol-
ume. The LLMs are finetuned on this dataset without level-
based ordering. Figure 3 illustrates the comparison between
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our LLMs trained on the curriculum-tuning framework and
those trained on the shuffled pretraining method in over-
all average scores. The results show that the shuffled ap-
proach enables LLMs to achieve relatively higher average
scores in the early stages, likely because the models are ex-
posed to high-level training data prematurely. However, in
the later stages (stage 3-4), the performance of our LLMs
surpasses that of the shuffled approach. This suggests that
even when trained on the same data, an appropriate learn-
ing sequence is essential for activating better Chinese SLA
outcomes in LLMs. This finding not only validates the effec-
tiveness of our curriculum-tuning framework, but also aligns
with Krashen’s i+1 input hypothesis (Krashen 1982). This
is because that our HSKBenchmark provides the training
data with progressive difficulties like the i+1 input hypothe-
sis which emphasizes the importance of progressively struc-
tured input in successful L2 acquisition.

Impact on L1 Proficiency and General Chinese
Performance

An additional experiment is conducted to examine whether
LLMs’ L1 proficiency and general Chinese abilities change
during Chinese SLA modeling. Llama2 is selected to be
evaluated on two benchmarks, MMLU (Hendrycks et al.
2021) and C-Eval (Huang et al. 2023). MMLU is a widely-
used multitask English benchmark with QAs in STEM, so-
cial science (SS), humanities and other subjects. C-Eval is a
widely-used comprehensive Chinese exam benchmark with
similar QAs. The results, as shown in Figure 4, show that
Llama2 does not suffer degradation in L1 performance (no
catastrophic forgetting) on MMLU and even exhibits slight
L2 improvements on C-Eval. This pattern is similar to the
behavior of human L2 learners, showing that the curriculum-
tuned LLMs trained on HSKBenchmark present human-like
characteristics. This finding might support extending our
method to other language frameworks like CEFR to uncover
more empirical insights about SLA modeling.

Conclusion

This paper proposes HSKBenchmark for staged model-
ing and writing assessment of LLMs in Chinese SLA.
A curriculum-tuning framework is introduced to simulate
human language acquisition trajectories. A linguistically-
grounded evaluation system is designed to assess the lan-
guage production of LLMs in writing, and an HSKAgent is
developed to automate the evaluation system. Experimen-
tal results demonstrate that HSKBenchmark effectively sup-
ports Chinese SLA modeling in LLMs. The curriculum-
tuning framework facilitates more robust SLA development
compared to traditional training approaches, and the evalua-
tion system and HSKAgent successfully capture and reflect
this developmental progress. The suite of models developed
in this work is released to serve as effective tools and re-
sources for the community. In future work, we will scale the
SLA modeling framework to a broader range of languages,
incorporate multimodal inputs, and integrate additional lin-
guistic dimensions to further explore the potential of LLMs
in computational modeling and advancing SLA theories.
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