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Abstract

Large language models (LLMs) have begun to function as assistants or teammates in lan-
guage learning, teaching, and research. However, what prerequisites are required for
LLMs to reliably play these roles, and how such prerequisites should be measured, re-
mains under-discussed. This study focuses on measuring Pedagogical Grammar Pattern
Recognition (P-GPR) and establishes the Chinese Pedagogical Grammar Evaluation (CPG-
EVAL), a multi-tiered benchmark designed to evaluate P-GPR within International Chi-
nese Language Education. CPG-EVAL operationalizes grammar-instance correspondence
through five task types that progressively increase contextual load and interference. We
evaluate multiple proprietary and open-source LLMs as well as human participants. Re-
sults show a monotonic ordering across groups (humans > larger-scale models > semi-
larger-scale models > smaller-scale models). In comparison with human participants, LLM
performance is more sensitive to task-format complexity. In addition, we identify a set
of completely failed items that consistently mislead all evaluated LLMs, exposing shared
and systematic weaknesses in current models’ pedagogical grammar recognition. Overall,
this study provides an operational framework for diagnosing the capabilities and risks of
LLMs when they are deployed as assistants or teammates in grammar-related language-
education tasks and offers empirical reference for safer and more syllabus-aligned use of
LLMs in educational settings.

Keywords: large language model; teacher language awareness; benchmark; pedagogical
grammar; generative Al; teaching Chinese as a second language

1. Introduction

In recent years, rapid advancements in generative models have significantly ex-
panded the practical applications of LLMs in foreign language education. Models like
ChatGPT have begun to fulfill diverse roles within language learning, including support-
ing autonomous learning, generating adaptive content, and aiding teachers in instructional
design and research processes [1,2]. This trend reflects high expectations surrounding their
capabilities for natural language generation and reasoning. However, it also raises a fun-
damental question: what role should Al play in future language education?

Strong domain knowledge alone is not a sufficient condition for effective teaching abil-
ity [3]. In the field of language education, even native speakers with excellent linguistic
intuition and language proficiency are not necessarily qualified to serve as foreign lan-
guage teachers [4]. Similarly, although LLMs may produce highly natural text or achieve
excellent performance on language tests, such outcomes only indicate strong language per-
formance or NLP competence, rather than pedagogical competence. Moreover, a growing
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body of evidence suggests that current LLMs are unable to replace human experts across
multiple dimensions, including capability, responsibility, and educational ethics [5]. A
more appropriate positioning for LLMs, at the present stage, is therefore as assistants or
teammates that operate under human expert supervision and strict alignment with instruc-
tional content, rather than as autonomous substitutes for teachers or researchers [6].

In foreign language education, pedagogical grammar is an essential and largely un-
avoidable component of instruction [7-9]. This implies that if an LLM cannot reliably align
with pedagogical grammar, its use in educational tasks—such as textbook analysis, test-
item generation, instructional support, or learner error diagnosis—lacks the prerequisite
knowledge and capabilities. Nevertheless, to date, no systematic evaluation methodology
has been proposed for assessing LLMs specifically with respect to pedagogical grammar.

Against this background, the present study focuses on how to quantitatively evaluate
LLMs’ ability to align with foreign language teaching syllabi through grammatical pat-
tern recognition. Specifically, we examine whether LLMs can correctly recognize and map
pedagogical grammar descriptions to corresponding linguistic instances, a foundational
capability required for their use as controlled instructional agents in language education.
We propose a low-cost and efficient method for rapidly constructing a multi-tiered, spe-
cialized benchmark to assess LLMs” knowledge of pedagogical grammar. Building on this
benchmark, we further conduct evaluations involving both LLMs and human participants.

2. Related Work

This section situates the concept of pedagogical grammatical pattern recognition
within theoretical frameworks of foreign language education and then reviews related
studies on the evaluation of LLM capabilities.

Pedagogical grammar refers to a meta-linguistic system designed to facilitate target
language acquisition by second language learners [10]. Rather than describing language
as an abstract system, pedagogical grammar organizes linguistic knowledge into teachable
and learnable units aligned with instructional practice. For example, expressions such as
“nice and friendly”, “big and comfortable”, or “Turkish and English” can be abstracted
into a pedagogical grammar rule such as FORM: combining two adjectives with “and” [7].
This abstraction illustrates how pedagogical grammar systematically generalizes instruc-
tional rules from concrete language instances. Ref. [11] conceptualizes the mapping be-
tween pedagogical grammar items and language instances as Pedagogical Grammar Pat-
tern Recognition (P-GPR). P-GPR refers to an operational process through which a system
determines whether a given language instance instantiates a specific pedagogical gram-
mar item and identifies the appropriate grammar item based on a concrete linguistic ex-
ample. As such, P-GPR represents a minimal yet indispensable operational prerequisite
for grammar-related instructional decision-making and thus a core component of LLMs’
readiness for pedagogically aligned language-teaching tasks.

From the perspective of second language acquisition research, P-GPR can be regarded
as a core operational prerequisite of teacher language awareness (TLA) (extensive discus-
sions of TLA can be found in [12-14]). Ref. [15] defines TLA as “teachers’ cognitions
(knowledge and beliefs) about language in general and the language they teach.”

Importantly, TLA is not merely an abstract construct but is manifested through con-
crete instructional actions. Ref. [16] notes that, in classroom contexts, TLA strongly shapes
teachers’ ability to mediate linguistic input, highlight salient grammatical features, provide
appropriate exemplification and clarification, monitor both learners” and their own output,
guide learners toward useful generalizations, and reduce potential sources of confusion,
while continuously reflecting on the instructional impact of these decisions.
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A common implicit prerequisite underlying all these instructional tasks is the abil-
ity to establish reliable, bidirectional mappings between abstract pedagogical grammar
descriptions and concrete language instances. In other words, any agent engaged in lan-
guage teaching—whether a human teacher or an artificial intelligence system—should be
able to perform P-GPR in order to support grammar-related instructional activities. De-
spite its centrality to language teaching practice, we are not aware of any prior work that
has systematically operationalized or measured P-GPR as a target capability in LLMs.

This gap motivates the present study. As shown in Table 1, existing benchmarks pro-
vide comprehensive evaluation frameworks for general language understanding, reason-
ing, and multilingual knowledge. However, no dedicated benchmark has been proposed
to assess LLMs’ pedagogical grammar competence in foreign language education. At the
macro level, this absence may lead to systematic overestimation or misinterpretation of
LLM capabilities in educational policy and curriculum-related decision-making. At the in-
structional level, it increases the risk that educators and learners rely on LLMs that are not
adequately aligned with pedagogical needs. From a development perspective, the lack of
domain-specific evaluation signals also limits researchers’ ability to diagnose and improve
LLMs for language teaching contexts.

To address this gap, we introduce a benchmark specifically designed to evaluate
the pedagogical grammar knowledge of LLMs, enabling a more precise and education-
oriented assessment of their suitability for foreign language instruction.

Table 1. Comparison of representative benchmarks and their coverage of pedagogical grammar.

Benchmark Domain Focus Language Pedagogical Grammar
GLUE [17] NLU English No
SuperGLUE [18] NLU + Reasoning English No
CLUE [19] NLU Chinese No
SuperCLUE [20] NLU + Reasoning Chinese No
MMLU [21] General Knowledge Multilingual  No
BIG-bench [22] Reasoning Multilingual ~No
PubMedQA [23] Medicine English No
FINQA [24] Finance English No
LegalBench [25] Law English No
E-EVAL [26] K-12 Education Chinese No
C-EVAL [27] Multi-discipline knowledge  Chinese Minimal

3. The Construction of CPG-EVAL

This section describes in detail the conceptual framework and construction of the
CPG-EVAL. Figure 1 provides an overview.

3.1. Problem Definition & Task Design

Taken together, prior work suggests that the ability to establish reliable, bidirectional
mappings between pedagogical grammar items and concrete language instances—referred
to as Pedagogical Grammar Pattern Recognition—constitutes a minimal yet foundational
competence for any LLM intended to function as a pedagogically aligned instructional
agent. However, this fundamental prerequisite of foreign language teaching has received
little explicit attention in existing assessment frameworks. Neither language proficiency
tests for learners (e.g., TOEFL, IELTS, HSK, JLPT), nor examinations targeting teachers’
pedagogical knowledge (e.g., CELTA, CTCSOL), nor current benchmarks for LLMs are de-
signed to directly evaluate grammar-instance correspondence ability. This section details
the construction of CPG-EVAL, which is designed to fill the above gap. Before detailing the
specific construction procedures, it is necessary to briefly revisit the pedagogical relation-
ship between grammar items and language instances. In instructional practice, pedagogi-
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cal grammar items function as abstract, curriculum-defined descriptions, while language
instances serve as their concrete realizations in actual linguistic input. P-GPR emerges
precisely from this abstraction-instantiation relationship, which forms the conceptual ba-
sis for the design of the CPG-EVAL benchmark. Ref. [11] conceptualizes this evaluative
process as P-GPR and formalizes it as follows:

f(Gi, L;) — {0,1} 1

Here, Girepresents a grammar item, and Li denotes a {language instance}(curly braces
{} are used to indicate placeholder variables). The task requires determining whether Gi
and Li correspond/match (—1) or do not correspond/mismatch (—0). Starting from this
abstract formulation, the construction of CPG-EVAL can be understood as a process of con-
cretizing each component of P-GPR for empirical evaluation. Specifically, we describe the
selection of pedagogical grammar items (see Section 3.2), the construction of corresponding
language instances (see Section 3.3), and the prompt design used to operationalize P-GPR
in evaluation tasks (see Section 3.4).

Problem Definition & ) . Expert .
. Pedagogical Grammar| Construction »|imitation | ¥ Refine Evaluation
Task Design Examples

Selection

Research Gap Panoptic N Grammar | _ Question Protocol
Coverage Items Construction Sentences
QNO Pedagogical Grammar ‘ - Output Control @
Evaluation Structural || e
= [tealily - Regex Scoring g
Key Question g CPG EVAL a

(&). CanLLMsUnderstand / Stage e . .
- ? . Fit SINGLE: Single Instance Mapping Test ————
Pedagogical Grammar? e — Evaluation Goals

N ¥ Teaching BATCH: Batch Grammar-Instance Mapping Test + Grammar 1orer

e I
Task Proposal: P-GPR 0%50 validit 1 . L Recognition ﬁ
— Y SIM-GRA : Similarity Grammar Discrimination Test Diagnosis o101
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Figure 1. Overall architecture of the CPG-EVAL benchmark. Note. For “Problem Definition & Task
Design”, see Section 3.1; for “Grammar Items and Sentences,” see Sections 3.2 and 3.3; for “Question
Construction,” see Section 3.4. For details on the evaluation procedure, refer to Sections 4 and 5.

3.2. Grammar Item

To transform basic task modeling into an operational evaluation benchmark, it is nec-
essary to address issues related to the selection of the benchmark knowledge framework
(Pedagogical Grammar Selection) and the construction of a corresponding example sen-
tence database for grammar items.

The choice of pedagogical grammar is particularly critical, as it reflects the perspec-
tives of a specific expert community and embodies the core values of the evaluation instru-
ment. In the field of English as a Second or Foreign Language (ESL), the English Grammar
Profile [7] compiles 1222 statements of grammatical competence, each outlining what learn-
ers are expected to achieve at various CEFR levels. In the context of teaching Chinese
as a second language, the Chinese Grammar Learning Manual [8] (hereafter abbreviated
as CGLM) was developed by Chinese Testing International following the official publi-
cation of the Chinese Proficiency Grading Standards for International Chinese Language
Education [28], commonly referred to as the “Standards”. The CGLM is a systematically
designed grammar syllabus textbook intended to support the implementation of the Stan-
dards and cater to the needs of global Chinese language learners.

Beyond the CGLM, numerous pedagogical grammar frameworks are available in var-
ious textbooks and other instructional resources. However, for our initial attempt at es-
tablishing a benchmark for teaching Chinese grammar knowledge specifically targeted at
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LLMs, we selected the CGLM as the knowledge core for the CPG-EVAL due to the follow-
ing advantages:

*  Comprehensive Coverage: The CGLM offers a grammar outline highly aligned with
the Standards, covering all proficiency levels from beginner to advanced, and aligned
with international examination systems such as HSK and YCT.

*  Architectural Integrity: Grammar items in the CGLM are not listed in isolation; they
are instead systematically categorized and integrated according to dimensions such
as phonetics, vocabulary, semantics, and pragmatics, establishing explicit intercon-
nections and a pedagogically sequenced progression of grammatical functions.

*  Stage Appropriateness: The CGLM adjusts the cognitive load for learners at different
proficiency levels, ensuring that grammar items at each level are both challenging and
achievable.

*  Teaching Effectiveness: Developed from over two decades of grammar teaching and
assessment practices, the CGLM incorporates extensive empirical teaching data and
classroom feedback, verifying the strong correlation between grammar points and
teaching activities and demonstrating its effectiveness.

*  Educational Compatibility: The CGLM aligns closely with the grammar distribution
patterns in mainstream international Chinese textbooks, such as “Developing Chi-
nese”, “New Practical Chinese Reader”, and “HSK Standard Course”, ensuring high
compatibility between the grammar benchmark and textbook content.

In this study, we constructed a structured database based on the grammar items in the
GLM. After excluding four items serving purely indexing purposes and without practical
teaching content, we retained 739 grammar items of substantial pedagogical significance
to form the basis of the CPG-EVAL grammar items.

3.3. Language Instance

In the CGLM, each grammar item is accompanied by nine example sentences de-
signed to illustrate the linguistic phenomena described by that grammar item. These ex-
ample sentences have been thoroughly reviewed by the editorial committee of the CGLM
and revised by Chinese linguists. However, these expert-curated data are not suitable to
serve as a {language instance} for testing purposes, as they may already be included in the
training datasets of some large language models (LLMs), which could introduce signifi-
cant bias. To balance professionalism and open accessibility, this study employs synthetic
data “equivalent to expert data in terms of its relationship to grammar items”.

The synthesis process involves the following steps: (1) Using the official example sen-
tences from the CGLM as templates, rewritten versions were generated by DeepSeek-v3;
(2) Three native Chinese speakers, including the author, reviewed these sentences to en-
sure their compliance with Chinese linguistic conventions and to confirm that the synthetic
data accurately preserved the relationship between the original expert examples and their
respective grammar items; (3) The synthesized sentences were categorized in a database
according to their corresponding grammar items. Through this method, a total of 739 gram-
mar items X nine sentences = 6651 synthetic sentences were obtained as language instances
for constructing benchmark questions.

Additionally, we constructed highly confusing instances designed to be particu-
larly challenging, aiming to further evaluate the LLMs’ resistance to interference (see
Section 3.4).
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3.4. Question Construction

This section details the specific types of questions included in CPG-EVAL. Building

upon [11]’s Single Instance Mapping Test, the present study expands the assessment meth-

ods to evaluate the multidimensional capabilities of LLMs. All actual prompts were writ-

ten in Chinese; however, English is used in the following examples for ease of presentation:

1.

SINGLE: Single Instance Mapping Test specifically assesses whether LLMs can ac-
curately identify the correspondence between a single language instance and the in-
dicated grammar item, following the basic format of P-GPR defined by [11]. SINGLE
includes two subtasks: SINGLE-T (answer is T) and SINGLE-F (answer is F).
Prompt template: i #Hr: 7651 T {Language Instance} H, J& 54 & 157 i {Grammar
Item}, GISRALE, 15X R T, R AN S, (U [0] 25 F(Please evaluate: Does {Language
Instance} contain the grammar point {Grammar Item}, If yes, output: T; if no, output:
E.)?

Example: i HW7: 74) 7 “HAXENE . 7 o, RO ETERA [BRESNAE: 212 40
WALE, WEE T, R AL, 350 E] 25 F . (Please evaluate: Does the sentence “wo
bt hui tan gang qin. ” (I cannot play the piano) contain the grammar point [qing tai
dong ci:hui](Modal verb: hui——can, will)? If yes, output: T; if no, output: F.
Answer: T

BATCH: Batch Grammar-Instance Mapping Test assesses the ability of LLMs to de-
termine the correspondence between multiple language instances and the indicated
grammar item. It therefore probes whether an LLM can (i) maintain stable grammar-
instance judgments under higher contextual load and (ii) reliably follow item-wise
evaluation instructions by assigning a separate T/F label to each sentence, rather than
collapsing the set into a single global impression.

Prompt template: #4f 1. 5] 9. BAM FRUGHFTHINF: WAL 5TV (Gram-
mar Item}, [A]1% T, @A E, B2 F, (Please evaluate sentences 1 through 9 one
by one: If a sentence contains the grammar point {Grammar Item}? , respond with T.
If not, respond with F. Use only T or F for each sentence. No explanation is needed.)
{Language Instance} x 9

Example: 5%} 1. 53] 9. SHEAM R RS [REESh: fEL
m& T, WRAEF, [ F, (Please evaluate sentences 1 through 9 one by one: If a
sentence contains the grammar point [néng yuan dong ci: néng] (Modal verb: néng -
be able to)? , respond with T. If not, respond with F. Use only T or F for each sentence.
No explanation is needed.)

FALHNZ . ([ can't play the piano.)

Pk bk 2 mE . (My younger sister can draw.)

ST R 21052 (Will he attend next week’s meeting?)

PREEIK S ? (Can you swim?)

o BkEE, AIEH. (She can dance but can't sing.)

X T 2UiiE T (This child can speak now.)

H5 AL K. (Grandpa can’t use a computer.)

REA MM Y? (Can you cook or not?)

B Kt A x5 2#4% . (She won’t come to school tomorrow.)

Answer: FFFFFFFFF

SIM-GRA: Similarity Grammar Discrimination Test evaluates whether LLMs can

O X0 N T W=

distinguish between grammatically similar grammar items. The four distractor gram-
mar items are derived by calculating semantic vector similarity using embedding
models. (Specifically, we use OpenAl’s text-embedding-3-large model to generate
vector representations for each of the 739 grammar entries. Then, we compute the
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similarity scores between each grammar entry and the remaining 738 entries. The
four most similar grammar entries are selected as distractor options based on simi-
larity scores). This design explicitly tests whether LLMs can map observed linguis-
tic forms back to the correct pedagogical abstraction, rather than merely verifying a
proposed rule, thereby challenging their ability to perform fine-grained grammatical
discrimination under conditions of high conceptual similarity.
Prompt template: 4] {Language Instance} #ii & 1F A PA T BE M EE S B B1A]? 35
SR 3100 76 [ 25 . (Which grammar point does the sentence {Language Instance}?
best exemplify? Please answer using only the option letter.)
{Grammar Item} x 5
Example: & “MicAAFAF. 7 Sl 19 AR BB TERR R Bl A7 3 I
FHEE . (Which grammar point does the sentence “ta méi you gé ge.” (He doesn’t
have an older brother.) best exemplify? Please answer using only the option letter.)
A. “H” FA) FoRMEE D B+ 30+ + =i (“you”-construction: indicating
attachment - Subject + Verb + you + Object)
B. “H” Fh): RN (“you”-construction: indicating possession)
C. A A RRTTE B EilE+H + & + EiE (“You”-construction: indicating
existence/possession with subject + you + zhe + object)
D. “H” Fh): FoREK (“you”-construction: indicating comparison)
E. “H” Fh)T FRIARFAE (“you”-construction: indicating existence)
Answer: B
CAT-GRA: Category Grammar Selection Test specifically evaluates the ability of
LLMs to differentiate among grammar items within the same grammatical category.
In CAT-GRA, all grammar items belonging to the same grammatical category as the
correct answer are provided as options. Rather than merely increasing the number of
options, this task is intentionally designed to challenge LLMs’ language processing
abilities within a highly specialized and systematically organized pedagogical gram-
mar knowledge context, where distinctions are subtle, formally constrained, and in-
structionally meaningful.
Prompt template: 4] T {Language Instance} % & & 1E & PA T BB 18 5 A5 /9
)?(Which grammar point does the sentence {language instance} best exemplify?)
Example: i) “SERZLLE . 7 Fod A 1EN AR A H140? (Which grammar
point does the sentence “ping guo shi hong de.” (The apple is red.) best exemplify?)
1063.” 2" Fh): FnE R s 28 (“Shi”-construction: expressing equivalence or
class membership)
1064. 2" F4): Fn Ul BHEUEFE (“Shi”-construction: indicating description or
characteristic)
1065.” 2" F41): FrnA7AE (“Shi”-construction: expressing existence)
3113. /i “/&” #i# (Using “Shi” for emphasis)

Answer: 1064

CON-INS: Confusing Instance Discrimination Test is designed to examine whether
LLMs can resist misleading linguistic cues and correctly reject language instances that
appear similar to a target grammar item but do not actually instantiate it (CON-INS
includes two subtasks: CON-INS-F10 (all instances do not contain the targeted gram-
mar point) and CON-INS-T5F5 (half of the instances contain the targeted grammar
point, half do not). CON-INS can be viewed as a variant of BATCH, increasing the
difficulty at the language instance level by requiring LLMs to resist interference from
linguistic similarities. Initially, 314 grammar items were selected following these two
criteria, and DeepSeek-v3 was employed to generate sentences featuring similar lin-
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guistic forms but not aligned with the targeted grammar items. Two native-speaking
Chinese language teachers specializing in teaching Chinese as a second language then
screened and revised the sentences).

Confusing instances primarily involve three types:

(a) Grammatical markers embedded in lexical words. For example, (1) & as a
modal verb (“can, will”) vs. &8 (“meeting”), where £ is part of a noun; (2)
7] as a degree adverb (“can”) vs. AJ$¢4E (“sustainable”), where HJ functions
as part of an adjective.

(b) Identical surface forms expressing different grammatical meanings. For ex-
ample, (1) 435, where % marks the continuation of a state, vs. ¥ %, where
# marks the continuation of an action; 24 in 4R 7/ [E K} (“when you go to
China”), where 4 functions as a preposition introducing a temporal clause,
vs. 2 in 24 23 (“he serves as a manager”), where 4 functions as a verb
meaning “to assume a role.”

(c) Different forms expressing similar grammatical meanings. For example: (1)
K35 £ H, where # marks an ongoing action, vs. 1E¥E & % 1E f, where
iE7E marks an ongoing action; (2) iX (this, colloquial/modern) vs. [t (this,
formal/archaic).

Prompt template: 5% 1. 5 % 10. ‘5 &N AR SEAT W 2R 60 &1 3k

{Grammar Item}, [1]25 T, WIHEAGLF, 25 F. (Please evaluate sentences 1 through

10 one by one: If a sentence contains the grammar point {Grammar Item}, respond

with T. If not, respond with F. ) {Language Instance} x 10

Example: 5%} 1. 53 10. S84 TR ST R0 AR B m (2 i8S

BhiA] 37 FeR], B T. AR AELE, 012 F. (Please evaluate sentences 1 through 10

one by one. If a sentence contains the grammar point [Experiential aspect: expressed

by the dynamic particle “guo”] (in someone’s opinion, from someone’s perspective),

respond with T. If not, respond with F.)

1.  FKFELIFAS. (Thave read that book.)

2. FREWZ k4. (Ihave never eaten hot pot.)

3. Ibad HUAK F, AN BENZ HE . (She has an allergic constitution and cannot eat
seafood.)

4. 2t . (He has never studied French.)

2452725 25 % . (She once served as the student union president.)

6. XAPERELALHT, NEMB A4 . (L have already skimmed through this book;
the content is very good.)

7. it iR, ik NSEiS A E K. (She is overly modest, which makes her seem
insincere.)

8. A HARK, U3 TR Z 4L . (On her birthday, she received many gifts.)

9. L Ik, 22594 % . (He almost got hit by a car while crossing the street.)

10.  f2#ad¥EiE . (She has studied French.)

Answer: TTFTTFFFFT

o

For the total number of questions in each question bank, see the “Number of Ques-

tions” column in Table 2.
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Table 2. Distribution of question items by type in the CPG-EVAL benchmark.

Question Bank Number of Questions
SINGLE-T 6651
SINGLE-F 11,968
BATCH-T 739
BATCH-F 11,968
SIM-GRA 6651
CAT-GRA 5283

CON-INS-F10 314

CON-INS-T5F5 314

Note. SINGLE and BATCH test grammar recognition in single or multiple sentences, with
subtypes T/F indicating presence or absence of the grammar item. SIM-GRA and CAT-
GRA assess fine-grained grammar selection among similar or same-category items. CON-
INS tasks evaluate robustness against confusing instances. See Section 3.4 for detailed
definitions and examples.

3.5. Sampling Procedure for CPG-EVAL: Core

The full CPG-EVAL question bank contains as many as 43,888 items, resulting in sig-
nificant consumption of computational resources and making it unsuitable for experiments
involving human participants. Therefore, we prepared a streamlined version of the ques-
tion bank, referred to as CPG-EVAL: core. To construct the CPG-EVAL: core subset, a
stratified random sampling method was employed based on the full question pool of CPG-
EVAL. The sampling process aimed to ensure representativeness across different task types
and proficiency levels (Lvl-Lv7), while maintaining statistical validity under commonly
accepted survey sampling assumptions. The required sample size for each major subset
(e.g., SINGLE-T, BATCH-F) was first determined using the standard sample size formula
for finite populations:

N-Z2-p(1—p)

"TEN-D)+22p(1-p)

@)

where

*  Nis the total number of relevant items in the population (e.g., 2844 elementary-level
SINGLE-T questions);

*  Z =1.96 corresponds to the 95% confidence level;

*  p = 0.5is the assumed proportion (used to yield the maximum required sample size);

e E = 0.05is the margin of error.

Applying this formula yields a required sample size of n = 339 for the elementary-
level SINGLE-T subset. To compute the sample size specific to each level (e.g., Lv1), propor-
tional allocation was used. For example, if Lv1 accounts for 729 out of the 2844 elementary
SINGLE-T items, the Lv1-specific sample size is calculated as follows:

NSINGLE-T-Lvl = 278% - 339 ~ 87 3)

This procedure was applied across all five task types (SINGLE, BATCH, SIM-GRA,
CAT-GRA, CON-INS) and all seven proficiency levels (Lvl-Lv7), ensuring that the result-
ing CPG-EVAL core set preserves both coverage and balance in pedagogical grammar dif-
ficulty.

Subsequently, the 5935 sampled questions were divided into four parts, and four par-
ticipants were invited to complete the test, with each spending an average of 386 min on
the questions. (All four participants were native Chinese speakers with master’s degrees
in linguistics, and none had received targeted training based on CGLM. During the ex-
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periment, participants were instructed to answer independently, relying solely on their
existing knowledge and understanding, without consulting external materials. To assess
participants’ performance under optimal conditions, the testing was conducted over mul-
tiple sessions, with each session lasting no more than 60 min continuously. Compensation
was provided based on the total time spent answering questions, thereby minimizing po-
tential influences arising from conflicts of interest between the experimental procedure and
participants’ incentives. Additionally, regarding the specific Chinese teaching experience
of the four participants, Human-1 had 8 years of experience, Human-2 had 5 years of ex-
perience, Human-3 had short-term teaching internship experience, and Human-4 had no
practical teaching experience). During manual verification, we identified 20 questions (ap-
proximately 0.3% of the sample) with incorrect pre-specified gold labels. (The following
example illustrates how incorrect pre-specified gold labels can arise during the construc-
tion process. In the sentence synthesis stage, an LLM was instructed to generate a sentence
containing the modal particle “Ifii 2" (just). The model generated the sentence: “F A i
SRR E, BAINEE. 7 (I was just casually flipping through it, nothing more
than that; I didn’t read it carefully). This sentence was subsequently incorporated into a
single-choice grammar identification item (SIM-GRA). However, one of the answer options
corresponded to the fixed pattern “ASif - - ME"” (just / only ---and nothing more). As a
result, the sentence simultaneously instantiated two distinct pedagogical grammar items,
making more than one option defensible as a correct answer and thereby violating the
single-correct-answer assumption of the task. More generally, when generating synthetic
examples, it is difficult to guarantee with complete reliability that a sentence (i) maintains
sufficient linguistic diversity, (ii) instantiates a designated target grammar item, and (iii) ex-
cludes other closely related grammar items that are formally or functionally adjacent. The
example above represents only one of several possible error-inducing scenarios; in prac-
tice, the causes of incorrect gold labels are more complex and cannot be reliably resolved
through simple rule-based or pattern-matching approaches. Addressing these issues in
a systematic and scalable manner remains an important direction for future work). After
correction and filtering, the final version consists of a rigorously human-verified set of 5915
questions, which constitutes CPG-EVAL: core. CPG-EVAL: core is published separately in
the repository. When evaluators wish to avoid the approximately 0.3% error caused by
contentious items, or aim to save computational resources, they can use CPG-EVAL: core
for a faster and more economical evaluation.

4. Evaluation
4.1. Setup and Models

We employed CPG-EVAL to evaluate multiple open-source and proprietary large lan-
guage models under a zero-shot setting, in which no demonstrations or supplementary
information beyond the task instructions and answer choices described in Section 3.4 were
provided. All prompts were issued in Chinese, using the exact prompt templates spec-
ified in Section 3.4. The decoding temperature was fixed at 0, with a maximum output
length of 1000 tokens. To assess result stability, each model was evaluated three times
under this configuration; the variation in accuracy across runs did not exceed 0.002 and
therefore did not materially affect the results reported in Section 4.2. The list of eval-
uated models (In this study, models accessed via Weights were downloaded directly
from the official Hugging Face repositories provided by the model developers, which
are publicly available at https://huggingface.co/{publisher}/{model_name} (e.g., https://
huggingface.co/Qwen/Qwen2.5-7B-Instruct, accessed on 1 June 2025). models accessed
via APIs were used through interfaces officially provided by their respective developers)
is provided in Table 3.
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Table 3. Model specifications: parameters and access method. Note. For more information about
models, see the following references: Qwen [29], GLM [30], internlm2_5 [31], Llama [32], DeepSeek
[33], GPT [34,35], and Doubao [36].

Model #Parameters Access
Qwen2.5-7B-Instruct 7B Weights
internlm?2_5-7b-chat 7B Weights
Llama-3.1-8B-Instruct 8B Weights
GLM-4-9B-Chat 9B Weights
Qwen2.5-70B-Instruct 70B Weights
DeepSeek-V3-250324 660B MoE API
GPT-40-2024-08-06 Undisclosed API
GPT-40-mini-2024-07-18 Undisclosed API
Doubao-1-5-pro-32k-250115 Undisclosed API
Doubao-1-5-lite-32k-250115 Undisclosed API
Qwen2.5-MAX-250409 Undisclosed API

To calculate scores objectively, we utilized regular expressions to extract the answers
from the LLM outputs. To reduce noise that could affect statistical accuracy, explicit in-
structions such as “Please respond using only the letter corresponding to the correct an-
swer” were embedded in the prompts to enforce output control, thereby ensuring consis-
tency and clarity in the LLM-generated responses. Finally, we extracted answers from the
model responses using regex scoring and calculated each model’s scores across the five
evaluation categories.

4.2. Results

The evaluation results (in CPG-EVAL, each BATCH question is comprised of nine
sub-questions, and each CON-INS question is comprised of ten sub-questions. Accuracy
is calculated independently at the sub-question level. For example, if a CON-INS question
has the correct answer “TTTFFTTFFF” and the model responds with “TTTFFTFTTT”, the
model correctly answers six out of ten sub-questions, thus scoring 0.6 points (with a full
score of 1 point per question)) for the five types of tests are shown in Table 4. In Figure 2,
we use box plots to present the accuracy results of four groups across five question types:
Human (Human-1, 2, 3, 4), larger-scale models (Doubao-1-5-pro, GPT-40, DeepSeek-v3,
Qwen2.5-Max), semi-larger-scale models (Doubao-1-5-lite, Qwen2.5-72B, GPT-40-mini),
and smaller-scale models (Qwen2.5-7B, glm-4-9b, Llama-3.1-8B, internlm2_5-7b).

To further distinguish the gap in ability between humans and models of different
scales, we fitted a mixed-effects model separately for each task at the item x subject level,
with random intercepts for items and subjects and a fixed effect of group order (For tasks
with binary item scores (SINGLE, SIM-GRA, CAT-GRA), we used a binomial GLMM,; for
tasks scored as proportions (BATCH, CON-INS), we used a linear mixed model (LMM).
One-sided adjacent contrasts tested the ordered hypothesis). For each task, we tested
the ordered hypothesis with one-sided adjacent contrasts (humans > larger-scale models >
semi-larger-scale models > smaller-scale models). Across all tasks, adjacent contrasts were
significant in the expected direction (one-sided p < 0.05), indicating a statistically robust
monotonic ordering of group performance. The accuracy distributions across tasks and
subject groups are shown in Figure 2.
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Table 4. The results are based on the CPG-EVAL: core subset evaluation results across five test types
(SINGLE, BATCH, SIM-GRA, CAT-GRA, CON-INS) and average scores. The bold formatting high-
lights the highest value in each individual item for ease of comparison.

SINGLE BATCH CON-INS
Model SIM-GRA CAT-GRA Average
T F T*9 F*9 F*10 T*5&F*5
RANDOM 0.500 0.500 0.500 0.500 0.200 0.100 0.500 0.500 0.413
Doubao-1-5-pro 0.985 0.944 0.987 0.942 0.949 0.939 0.842 0.960 0.950
GPT-40 0.977 0.939 0.926 0.934 0.938 0.906 0.823 0.935 0.933
DeepSeek-v3 0.952 0.961 0.940 0.897 0.910 0.870 0.792 0.922 0.916
Qwen2.5-Max 0.989 0.905 0.849 0.918 0.903 0.879 0.796 0.945 0.910
Doubao-1-5-lite 0.952 0.938 0.921 0.889 0.908 0.859 0.716 0.902 0.903
Qwen2.5-72B 0.949 0.954 0.939 0.897 0.885 0.851 0.689 0.873 0.900
GPT-40-mini 0.921 0.928 0.950 0.712 0.868 0.809 0.554 0.843 0.843
Qwen2.5-7B 0.906 0.930 0.717 0.779 0.838 0.608 0.600 0.732 0.797
glm-4-9b 0.953 0.794 0.930 0.522 0.765 0.727 0.428 0.767 0.750
Llama-3.1-8B 0.979 0.781 0.803 0.549 0.795 0.626 0.416 0.726 0.734
internlm?2_5-7b 0.969 0.796 0.737 0.304 0.928 0.546 0.371 0.652 0.692
Ave.LLM 0.958 0.897 0.882 0.758 0.881 0.784 0.639 0.842 0.848
Human-2 0.968 0.996 0.987 0.999 0.968 0.929 0.920 0.976 0.972
Human-1 0.988 0.985 0.960 0.991 0.939 0.961 0.961 0.973 0.972
Human-3 0.995 0.970 0.951 0.979 0.950 0.938 0.958 0.934 0.964
Human-4 0.957 0.974 0.976 0.967 0.913 0.899 0.897 0.941 0.943
Ave.Human 0.977 0.981 0.969 0.984 0.943 0.932 0.934 0.956 0.963

Note. SINGLE = Single Instance Mapping Test; BATCH = Batch Grammar-Instance Mapping Test; SIM-GRA =
Similarity Grammar Discrimination Test; CAT-GRA = Category Grammar Selection Test; CON-INS = Confusing
Instance Discrimination Test. For detailed task descriptions, see Section 3.4. The results for human participants
are based on the CPG-EVAL: core Subset; for further details, please refer to Section 3.5. For model specifications,
refer to Table 3.
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Figure 2. Accuracy Distributions Across Tasks and Subject Groups. Note. Distributions are based
on CPG-EVAL: core. Humans (Human-1, 2, 3, 4), larger-scale models (Doubao-1-5-pro, GPT-4o,
DeepSeek-v3, Qwen2.5-Max), semi-larger-scale models (Doubao-1-5-lite, Qwen2.5-72B, GPT-4o-
mini), and smaller-scale models (Qwen2.5-7B, glm-4-9b, Llama-3.1-8B, internlm?2_5-7b).

5. Analysis and Discussion
5.1. Results of SINGLE and BATCH
In the CPG-EVAL evaluation framework, the SINGLE task represents the simplest sce-
nario by merely requiring LLMs to judge whether instructional grammatical descriptions
match particular language instances. Therefore, it offers an intuitive reflection of an LLM’s
capability in recognizing the linguistic phenomena defined by pedagogical grammar rules.
Overall, analysis of SINGLE and BATCH tasks reveals four critical observations:

(1) The performance of LLMs on SINGLE-T and BATCH-T tasks is significantly better
than on SINGLE-F and BATCH-F tasks. This indicates that errors primarily arise from
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false positives, i.e., mistakenly identifying a language instance that does not contain
a specific grammar item as one that does. It is particularly noteworthy that, except
for Qwen2.5-7B, all other smaller models exhibit a serious false positive problem.

(2) Some smaller-scale LLMs demonstrate recognition abilities on the SINGLE-T task
(such as Llama-3.1-8B) and the BATCH-T task (such as glm-4-9b) that are comparable
to, or even exceed, those of certain larger models.

(3) LLMs employ different strategies when determining the presence or absence of a
grammar item within a language instance. Some models tend to be more assertive
—more likely to provide affirmative responses—while others are relatively conserva-
tive and more inclined to give negative responses.

(4) In the more complex batch task BATCH-F, larger models exhibit a clear advantage
when handling negative instances (i.e., instances that do not conform to grammatical
rules). Under the difficulty posed by negative instances and the demand to follow
batch judgment instructions, the accuracy of some smaller-scale models (such as in-
ternlm2_5-7b) even falls below that of the random baseline.

These results offer the following implications: (1) Current LLMs applied to real-world
pedagogical contexts are likely to misclassify sentences as containing specific grammatical
phenomena that are not present. (2) For general users, such as teachers and learners, larger-
scale models are more reliable when used as tools for language education and learning.
For developers, it is possible to enhance the practicality of certain smaller-scale models
by decomposing tasks that involve multiple language instances into several SINGLE-type
tasks.

This reinforces the importance of a systematically multi-tiered evaluation framework
for diagnosing and better understanding gaps and limitations in LLMs’ capabilities.

5.2. From the Results of SIM-GRA and CAT-GRA

If LLMs are to be used in foreign language teaching, it is essential for them to have fine-
grained grammatical discrimination abilities. The two types of tasks explored in this study,
SIM-GRA and CAT-GRA, share considerable similarity: both require LLMs to identify the
grammatical rule that best describes a given linguistic instance. The primary distinction
between these two task types lies in how distractors are generated, either semantically or
grammatically.

The results from the SIM-GRA and CAT-GRA tasks yield several key observations:

(I) Models with larger scales and more comprehensive training demonstrate greater ro-
bustness and generalization when confronted with fine-grained grammatical distinc-
tions and specialized forms of interference.

(2) Smaller-scale models, such as LLaMA-3.1-8B and InternL.M2.5-7B, achieved relatively
high scores in the SIM-GRA task (81.2% and 92.3%, respectively), but their perfor-
mance dropped significantly in the CAT-GRA task (61.3% and 54.3%, respectively).

Those findings highlight that literal and categorical semantic similarities present fun-
damentally different challenges to LLMs. In other words, the more specialized and system-
atically organized the language teaching task, the more demanding it becomes for these
models.

In conclusion, the current generation of LLMs commonly encounters difficulties in
handling detailed, specialized interference within the structured knowledge systems of
pedagogical grammar. This limitation is especially pronounced for smaller-scale mod-
els, indicating that for fine-grained grammar discrimination tasks within foreign language
teaching scenarios, selecting larger language models is currently advisable due to their
consistently superior performance.
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5.3. From the Results of CON-INS

When responding to CON-INS tasks, LLMs particularly need to focus on overcom-
ing interference arising from linguistic form and semantics when making judgments at
the grammatical-functional level. The results from the CON-INS tasks yield several key
observations:

(1) As shown in Figure 2, among the five task types, CON-INS appears to exhibit the
highest discriminative power, as the boxplots show the most pronounced separation
between human participants, larger-scale, semi-larger-scale, and smaller-scale mod-
els.

(2) As indicated by the comparison between F10 and T5F5 in Table 4, the greater the
interference from confusing instances, the more likely models are to make errors.

(3) Large-scale models perform relatively well, but there remains a significant accuracy
gap between them and humans.

(4) For the majority of smaller-scale models, accuracy on F10 falls below the random
baseline.

These results indicate the following: (1) Confusing instances pose a significant chal-
lenge to the capabilities of current LLMs. This highlights persistent obstacles to the ef-
fective use of these models as language-teaching assistants. The observed performance
gap underscores the importance of enhancing grammatical discrimination abilities and
resistance to interference in small-scale, cost-effective language models designed for edu-
cational settings. (2) CON-INS is more sensitive to performance differences across model
tiers and may serve as a more informative subtask for evaluating pedagogical grammar
competence.

5.4. From Completely Failed Items

This subsection examines a subset of benchmark items for which all evaluated LLMs
consistently produced incorrect responses, which we refer to as completely failed items.
Unlike partially failed cases, these items reveal systematic weaknesses shared across mod-
els and therefore provide particularly informative diagnostic signals about current limita-
tions in pedagogical grammar recognition. Based on an error analysis of these items, the
observed failures can be broadly categorized into three recurring types, distinguished by
the interaction between surface form, semantic interpretation, and token-level processing.
The following examples illustrate each type.

Type I: Errors induced by formal similarity overriding contextual semantic interpre-
tation. The item [temporal adverb: zdowan] means “sooner or later”, indicating that a
result will eventually occur. However, in the sentence “45 45 [} 1] #2228 [l #8245 JL
“(Grandpa will go for a walk in the park [zdowan] (morning and evening)” (CON-INS-
F10), the phrase [F.Hfi] (zdowdn) is difficult to interpret as a temporal adverb (sooner or
later); rather, it should be understood as “morning and evening”. When LLMs were asked
whether the sentence contains the [temporal adverb: zaowdn], all tested models gave the
wrong answer.

Type II: Errors induced by semantic similarity overriding formal distinctions. If the
previous example can be explained by LLMs’ possible inadequate understanding of the
linguistic term “temporal adverb”, then the next “completely failed item” may seem rather
baffling from a human perspective. Please evaluate: in the sentence “ XK WIS 5%
[1X] A 1+~ N”(There are [jin](only) ten participants in this meeting”(SINGLE-F), does it
contain the grammar point of [JE [l . #/p[F]lliH]: H](scope/coordinating adverb: zhi (only))?
From a human perspective, ” {{ “ (only) and ” H “ (only) are obviously two different words,
so the clear answer is “does not contain”. However, all tested LLMs judged that it does. A

5 il

possible reason is that, in this context, “jin” can be replaced by “zhi”, and after substitution,
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the truth-conditional meaning of the sentence remains unchanged. A similar case can be
observed where models incorrectly judge that the sentence ” X B3¢ [] S50, [ ] B3¢, “
(“This dish is [both] delicious and [also] nutritious.”) contains the grammar point “ X -,
ass

Type III: Errors induced by token-level overlap and segmentation effects. In this cate-
gory, misjudgments arise from token-level segmentation, where a target grammatical form
appears as a substring of a larger lexical unit, leading LLMs to incorrectly infer the pres-
ence of the grammar item. For example, in the SINGLE task, consider the sentence “[F1]]
RO R R A8 JL? 7 (“We are going to the park; where are you going?”) and the gram-
mar item [personal pronouns: [#](I/me), [#R](you), [ZX](you), [fi](he/him), [{i](she/her)],
which refers to singular personal pronouns. Although the sentence only contains plural
forms, all evaluated models incorrectly judged that the grammar item is present. In Chi-
nese, this error can be attributed to the fact that the characters used for singular personal
pronouns (e.g., “FL”) also appear within their corresponding plural forms (e.g., “F&A7"),
which appears to mislead the models. A similar phenomenon can be observed in cases
where LLMs incorrectly judge that the sentence “F AT A1EZRIAYEE % [FR] HEL.
(“We firmly will not allow similar mistakes to occur [again].”) contains the grammar item
[frequency/repetition adverb: F§]. Although the character “F-"” appears within the word
“FJIK”, the two forms differ substantially in usage (for example, one can say “F-fifi— /|
Fi}” [sleep for another hour], but not “* F-{k i —/NA}”). Despite this distinction, LLMs
consistently fail to differentiate between the standalone grammatical use of “F” and its
occurrence as part of a compound word.

Type IV: Hallucinations with unknown causes. In this category, models incorrectly
identify the presence of a grammar item despite the absence of any corresponding formal
or semantic cues. For example, the evaluated models incorrectly judged that the sentence
X FZMNMEETE AR 26, (2 WiFi {55 A K. 7 (“This café is very quiet, but the WiFi signal
is not very good.”) contains the grammar point [conjunction (connective word or phrase):
5 2], where “5 2” is a shorthand used in International Chinese Education to denote the
second usage of LY. In this sentence, the character “5” does not appear, nor are there
any words or phrases expressing a similar meaning (e.g., and). Nevertheless, the models
consistently judged that the grammar point 5 2 is present.

These “total failure items” expose the current limitations in the capabilities of LLMs.
These findings provide important clues for further developing more targeted adversarial
samples for future research.

6. Conclusions

This study argues that reliable bidirectional mapping between pedagogical gram-
mar items and concrete language instances—formalized as Pedagogical Grammar Pattern
Recognition (P-GPR)—constitutes a minimal yet indispensable operational prerequisite
specifically for grammar-related instructional decision-making when LLMs are used in for-
eign language education. To operationalize and measure this capability, we constructed
CPG-EVAL, a multi-tiered benchmark designed to evaluate P-GPR within International
Chinese Language Education, and evaluated both human participants and a range of open-
source and proprietary LLMs.

In Section 5, this paper presents several critical observations and implications. Among
them, we consider the following three points to be particularly significant. (1) Compared
with human participants, the complexity of task formats has a more pronounced impact
on the performance of LLMs. (2) When handling certain types of simple tasks (SINGLE-T),
some LLMs have already matched or even surpassed human participants in performance.
However, LLMs generally exhibit a notable tendency toward false positives. (3) Influenced
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by semantic similarity, LLMs may sometimes make judgments that contradict formal evi-
dence, with some errors appearing baffling from a human perspective.

At the same time, the scope of this study should be recognized. CPG-EVAL targets P-
GPR as a foundational mapping competence rather than “teaching ability” in a broad sense;
it does not directly evaluate higher-level pedagogical decision-making, instructional ethics,
or long-horizon classroom interaction. Despite these boundaries, if an LLM can perform
P-GPR reliably, then grammar-related educational applications can be substantially “de-
risked” by constraining model outputs to syllabus-aligned grammar inventories, for ex-
ample, through a retrieval-augmented generation (RAG) framework [37] . Beyond single-
model usage, a lightweight LLM with strong P-GPR competence can serve as a dedicated
specialist module within a multi-agent system, collaborating with other agents (e.g., con-
tent retrievers, feedback planners, rubric checkers) to support tasks such as fine-grained
textbook analysis, test-item review, and high-quality feedback on learner production un-
der teacher supervision.

This study represents an initial step toward capability-oriented evaluation for posi-
tioning large language models as assistants and teammates in foreign language teaching
and research. Future research will move beyond this initial abstraction by examining LLM
evaluation from more concrete teaching perspectives, including diverse instructional tasks,
learner profiles, and usage scenarios. Together, these directions aim to promote safer and
more reliable integration of LLMs into language education by aligning model behavior
with pedagogical grammar systems and real teaching practice.
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