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Abstract

We present ZhoBLiMP, the largest linguis-
tic minimal pair benchmark for Chinese, with
over 100 paradigms, ranging from topicaliza-
tion to the Ba construction. We then train
from scratch a suite of Chinese language mod-
els (LMs) with different tokenizers, parameter
sizes, and token volumes, to study the learn-
ing curves of LMs on Chinese. To mitigate
the biases introduced by unequal lengths of
the sentences in a minimal pair, we propose
a new metric named sub-linear length nor-
malized log-probabilities (SLLN-LP). Using
SLLN-LP as the metric, our results show that
ANAPHOR, QUANTIFIERS, and ELLIPSIS in Chinese
are difficult for LMs even up to 32B parame-
ters, and that SLLN-LP successfully mitigates
biases in ZhoBLiMP, JBLiMP and BLiMP.
We conclude that future evaluations should be
more carefully designed to consider the intri-
cate relations between linking functions, LMs,
and targeted minimal pairs.

1 Introduction

Acceptability judgment is an important empirical
method to measure human linguistic competence
(Chomsky, 1965; Schütze, 2016), which has also
been used to assess the linguistic knowledge of
language models (LMs). Much work in this line
adopted the minimal pair paradigm (MPP) in eval-
uating LMs (Linzen et al., 2016; Wilcox et al.,
2018; Warstadt et al., 2020; Hu and Levy, 2023;
Warstadt et al., 2023). A minimal pair is a pair
of sentences with minimal contrast that affects
whether the sentence is acceptable or not. A
well-trained LM should assign higher probabilities

∗Work done during an internship at Tongyi Lab.
#Corresponding authors.

to the acceptable sentences than the unacceptable
ones (marked with *):

(1) a. The bureaucrat was bribed deliberately.

b. *The bureaucrat bribes deliberately.1

Well-curated and large-scale MPP benchmarks
are some of the most widely used benchmarks for
assessing LMs’ linguistic competence due to their
ease of use (Warstadt et al., 2023; AlKhamissi
et al., 2025), and have also been widely used to
study the mechanisms of language acquisition in
LMs. For instance, using benchmarks such as the
English BLiMP (Benchmark of Linguistic Mini-
mal Pair, Warstadt et al., 2020), LMs have been
found to acquire syntax with just around 100M
tokens (Zhang et al., 2021; Warstadt et al., 2023);
show similar acquisition order regardless of initial-
ization, architecture, and training data (Choshen
et al., 2022); and sometimes over-generalize with
U-shaped learning patterns in which models only
truly acquire a linguistic phenomenon after an
initial dip in performance (Evanson et al., 2023;
Haga et al., 2024).

These findings were mostly English-centric,
highlighted by the use of the BLiMP. While re-
cent endeavors in other languages—JBLiMP for
Japanese (Someya and Oseki, 2023), BLiMP-NL
for Dutch (Suijkerbuijk et al., 2025), among
others—have facilitated research in more lan-
guages (see Table 1), there is still no systematic
study of LMs’ learning patterns in any non-English
language.

For one of the most widely spoken languages,
Chinese, there are two existing MPP benchmarks:
CLiMP (Xiang et al., 2021) and SLING (Song

1Taken from Sprouse et al. (2013, pp. 239).
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Action Editor: Benoit Crabbé. Submission batch: 6/2025; Revision batch: 6/2025; Published 5/2026.

c© 2026 Association for Computational Linguistics. Distributed under a CC-BY 4.0 license.

mailto:yikangliu@sjtu.edu.cn
mailto:wangrui12@sjtu.edu.cn
mailto:hu.hai@outlook.com
https://doi.org/10.1162/TACL.a.648


Benchmark Language Size N

BLiMP (Warstadt et al., 2020) English 67k 67
SyntaxGym (Hu et al., 2020) English NA 39
CLiMP (Xiang et al., 2021) Chinese 16k 16
SLING (Song et al., 2022) Chinese 38k 38
JBLiMP (Someya and Oseki, 2023) Japanese 331 39

LINDSEA (Leong et al., 2023) Indonesian 380 38
Tamil 200 20

RuBLiMP (Taktasheva et al., 2024) Russian 45k 45
BLiMP-NL (Suijkerbuijk et al., 2025) Dutch 8.4k 84

ZhoBLiMP (Ours) Chinese 35k 118

Table 1: Comparison of MPP benchmarks for dif-
ferent languages. Size refers to the number of
minimal pairs in total; N refers to the number of
linguistic paradigms.

et al., 2022). However, both fall short of includ-
ing enough linguistic phenomena, with CLiMP
only covering 16 and SLING 38. Furthermore,
CLiMP uses a lexicon translated from English,
which has been noted for generating unnatural
sentences (Song et al., 2022). Sentences in SLING
are derived from the Penn Chinese Treebank (Xue
et al., 2005), which limits its sentence structures
to mainly the news domain and also makes it
difficult to extend to new paradigms.

On the other hand, an implicit constraint for all
BLiMP-style benchmarks is that the two sentences
in a minimal pair should have equal lengths, for
unbiased calculation of log-probabilities. Yet this
is difficult to observe, since in linguistic research
for human acceptability judgment it is common
for one sentence to have more/fewer words, as
shown in (1). Even if the two sentences had
the same number of words, the sentences might
be tokenized with different numbers of tokens
due to subword tokenization. Ueda et al. (2024)
argued to filter out pairs of unequal length, but in
our opinion, it would be better to design metrics
that normalize length-related biases to allow more
flexibility in data curation.

The research gaps above are twofold: (1) the rel-
ative inadequacy in resources in Chinese, and (2)
the challenges posed by length-related bias in eval-
uation. To fill these gaps, we present ZhoBLiMP,
train the Zh-Pythia LM suite, and propose a new
linking function to debias model evaluation.

ZhoBLiMP is the largest MPP benchmark for
Chinese to date, with 118 paradigms2 covering
15 linguistic phenomena, totaling 35k minimal

2‘‘Paradigm’’ refers to the patterns of one minimal pair.
Thus, 118 paradigms means 118 such minimal pair patterns.

pairs (see Table 2 for examples). Compared with
CLiMP and SLING, we consult more Chinese
linguistic literature to obtain a more comprehen-
sive coverage, particularly phenomena frequently
discussed in the field of Chinese syntax, such as
classifiers, the ba and bei constructions. Besides,
we loosen the ‘‘equal length’’ constraint, with-
out controlling the length at all levels, including
word, character, or token, which allows us to
include phenomena such as ellipsis (§2).

We then train a suite of Transformer-based
LMs of different sizes (14M-1.4B parameters)
from scratch on Chinese text (10M-3B tokens),
with three types of tokenization methods and a
careful checkpointing strategy, to study the learn-
ing patterns and trajectories of LMs, as well as the
effect of tokenization on model performance (§3).

With ZhoBLiMP and the LM suite, we quantify
the biases caused by unequal lengths and propose
a new linking function—sub-linear length normal-
ized log-probabilities (SLLN-LP)—to mitigate
the bias. Through extensive validation on Chi-
nese and preliminary experimentation on English,
Dutch and Japanese, we find that SLLN-LP can
successfully mitigate the ‘‘unequal length’’ prob-
lem and improve general accuracy in ZhoBLiMP,
BLiMP, and JBLiMP, potentially applicable to
other languages as well (§4).

Using SLLN-LP to assess the trained LM suite
and the Qwen2.5 series on ZhoBLiMP, we find
that an LM of 160M parameters trained on 3B
tokens can achieve ∼87% accuracy on par with
much larger multilingual LLMs. Notably, there
are three phenomena that are challenging for LMs
even up to 14B parameters: ANAPHOR, ELLIPSIS,
and QUANTIFIERS (§5). We discuss our findings in
the context of previous BLiMP benchmarks and
provide suggestions for future researchers in §6.

Minimal pairs in ZhoBLiMP, our codebase
for data generation and the Zh-Pythia suite
are available athttps://github.com/sjtu
-compling/ZhoBLiMP.

2 Creation of ZhoBLiMP

Bearing in mind the gaps in current benchmarks,
we adopt the strategy of generation from tem-
plates and a vocabulary, to build a controlled and
extendable Chinese benchmark of minimal pairs.
To do so, we first build a GUI that can gener-
ate minimal pairs given grammar templates of a
minimal pair and a vocabulary. Then, Chinese
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Table 2: Overview of the 15 phenomena in ZhoBLiMP, with the number of paradigms (N), and one
randomly sampled minimal pair. Each paradigm contains 300 minimal pairs. English translation for
illustrative purposes, using a mixture of word-by-word gloss and translation to show the contrast.

linguists manually write the grammar templates
for minimal pairs extracted from multiple sources
and create a vocabulary with the necessary fea-
tures. Finally, we hire Chinese native speakers to
validate samples in ZhoBLiMP.

2.1 Minimal Pair Generation Platform
Features of the Platform. The platform pro-
vides users with a web interface to craft grammar
templates with four types of rules listed below to
generate minimal pairs (see Figure 1).

• Lexical: A set of key-value pairs assigning
values to certain lexical properties. Lexical
items will be searched accordingly in the
vocabulary. E.g., pos:NN will randomly
sample lexical items the part-of-speech of
which is NN.

• Direct: A list of string expressions that can
be directly used in the composition of sen-
tences rather than searching the vocabulary.
E.g., ‘‘ ’’ (ziji) will directly occupy the
position.

• (mis)Matched: Similar to Lexical, but
assigns (dis)agreement in one lexical prop-
erty between two different positions. E.g.,
pos:PN mPos:0 mPro:gender3 sam-
ples an item of PN that agrees in gender with
the first item in the template.

• Phrase: A pre-defined phrase that supports
recursion of various depths. ReflV yields a

3Stands for: POS is pronoun; matched position is 0;
matched property is gender.
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Figure 1: Data generation procedure illustration. With-
out writing any codes, linguists can easily generate
sentence pairs by crafting grammar templates and
vocabulary in the green blocks.

phrase such as ‘‘ ’’ or ‘‘ ’’
(don’t like or very like).

A grammar template consists of a good gram-
mar and a bad one, both containing several rules.
With this interface, users can easily generate
minimal pairs at scale without any coding.

Vocabulary and Grammar Template. We de-
sign lexical properties that can be utilized in the
lexicon filtering, and transform linguistic con-
straints into rule expressions according to lexical
properties. As illustrated in the minimal pair:

The ungrammaticality in (2) is caused by gen-
der disagreement between (Mr. Wang)
and (herself), which are co-indexed. We
can use (mis)Matched to create the gender
(dis)agreement between the reflexive (pos:PN
+ ziji, ) and its antecedent (pos:NN,

), where the pronoun is a Lexical rule
and the ziji (self ) is a Direct rule. To complete
the sentence structure, we use the phrase ReflV,
which is pre-defined as a predicate that can take
the reflexive pronoun as an object.

2.2 Data Generation for ZhoBLiMP

Sources of the Minimal Pairs. Templates of
minimal pairs, which we call paradigms, come

from three sources: (1) minimal pairs in a syn-
tax textbook on Chinese—The Syntax of Chinese
(Huang et al., 2009),4 (2) BLiMP (Warstadt et al.,
2020), and (3) journal articles on Chinese syn-
tax and linguistics. We choose (1) because as a
general-purpose textbook, it provides a compre-
hensive and systematic description of almost all
syntactic phenomena in Chinese, with many ex-
ample minimal pairs, which ensures ZhoBLiMP’s
coverage. For phenomena not covered in (1), we
manually selected linguistics articles (3) that dis-
cuss these phenomena, and extract minimal pairs
from them. We also select paradigms in the En-
glish BLiMP that have counterparts in Chinese for
future comparison of the two languages.

Generation from Templates and a Vocab. A
group of eight Chinese linguists first extract the
minimal pairs from the three sources above. Then
grammar rules for each sentence in the minimal
pair are created, and the necessary lexical items
with their specific features are added to the vo-
cabulary, which are then used to generate 300
unique minimal pairs for each paradigm. We con-
sult linguistic resources on specific phenomena to
create a wide coverage vocabulary that can cover
the 100+ paradigms we generate. The creation of
templates and vocabulary took about two months.

In the end, 118 paradigms are created, which
are grouped into 15 linguistic phenomena, with
examples listed in Table 2.

2.3 Data Validation

We conduct human validation to verify the quality
of the generated minimal pairs. We randomly sam-
ple 5 minimal pairs from each paradigm, and create
a questionnaire asking native speakers which sen-
tence from the minimal pair sounds more natural.
All sampled minimal pairs were split into 10 lists,
each containing roughly 65 pairs, plus two catch
trials that a participant must answer correctly for
her data to be valid. Fifty native speakers of Chi-
nese are hired, each completing one list, leading
to 5 responses per minimal pair. Participants are
rewarded 10 Chinese RMB for the task. This
validation shows that the participants have an
overall agreement of 93.9% with our gold labels,
with the agreement for each phenomenon listed in

4We use large-scale native speaker ratings of these mini-
mal pairs reported in Chen et al. (2020) to select those pairs
where judgments of linguists converge with those of native
speakers.
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# params 14M,70M,160M,410M,1.4B
# tokens 10M,100M,1B,3B

Table 3: Number of model parameters and training
tokens of Zh-Pythia language models.

Table 6. This shows our benchmark aligns with
the intuition of Chinese native speakers.

3 Training Zh-Pythia LM Suite

We train a series of LMs from scratch in a corpus
mainly consisting of Chinese texts to investigate
the acquisition of Chinese grammar with different
configurations: number of model parameters, size
of training corpora, and tokenizers. We name this
suite of LMs as Zh-Pythia after Pythia (Biderman
et al., 2023), borrowing their model architecture
and configurations.5

For the training corpus, we collect 7000+ books
that are primarily in the fields of humanities, in-
cluding fiction and non-fictional topics on history,
psychology, etc. The full corpus takes up 12GB
in the txt format. We train LMs from scratch with
different amounts of Chinese texts (see Table 3),
resulting in 20 different combinations.

We use off-the-shelf Chinese-Llama (cllama,
Cui et al., 2023) as our main tokenizer. Cui
et al. (2023) create a Chinese vocabulary with 20k
items and then merge it with the Llama tokenizer
(Touvron et al., 2023). We train models with all
configurations listed in Table 3 with cllama. In
addition to that, we train two more tokenizers
from scratch on our training corpus. One is a
character-level tokenizer. The other is word-level,
using characters as the base vocabulary and merg-
ing them into multi-character words with the BPE
algorithm (Gage, 1994; Sennrich et al., 2016) (see
Table 4). We additionally train two more LMs
of 160M parameters on 3B tokens using the two
tokenizers, respectively.

We set the global batch size at 256 × 64 tokens
for all models and keep the hyperparameters the
same. All LMs are trained on three random seeds.
Training is done with two A100-80G GPUs.

4 Debiasing Length Normalization in
Minimal Pairs

In this section, we first briefly review how ex-
isting linking functions are developed, and show

5Models are released at https://huggingface.co
/collections/SJTU-CL/zh-pythia.

tokenizer # all # single-char # multi-char
cllama 49,953 10,876 6,963
word 20,276 11,116 7,471
char 12,142 11,116 0

Table 4: Tokenizers used for model training:
all denotes the total size of the vocabulary;
single-char and multi-char only include tokens
that contain Chinese characters.

that raw or mean-log probabilities of LMs will
bias the evaluation when two sentences in a pair
are different in length. We then introduce and
validate a new function that addresses the unequal
length problem by performing sub-linear length
normalization.

4.1 Baseline Linking Functions
Token probabilities assigned by LMs provide an
unsupervised signal for acceptability judgment:
Higher probabilities indicate greater acceptability.
While LMs themselves are often evaluated on
acceptability judgment tasks, their probabilities
can also be used to predict human acceptability
ratings. Linking functions bridge this gap between
LM probabilities and human acceptability ratings,
requiring validity on human Likert-scale ratings.

The most basic linking function is raw
log-probability (LP). For a tokenized sequence
x with |x| tokens:

LP(x) =
|x|∑

i=1

logP (xi|x<i).

Lau et al. (2017) demonstrate that normalizing
for length (mean LP, MLP) and lexical uni-
gram frequency (syntactic log-odds ratio, SLOR)
correlates better with human ratings:

MLP(x) =
LP(x)
|x| ,

SLOR(x) =
LP(x)− U(x)

|x| ,

where U(x) =
∑|x|

i logPu(xi) and Pu(xi) repre-
sent the token frequency in the training corpus.
More recently, Lau et al. (2020) proposed Pen
LP as an additional measurement under length
normalization, based on Wu et al. (2016):

PenLP(x) =
LP(x)

((|x|+ 5)/(5 + 1))α
,
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Zh-Pythia-160m-cllama Zh-Pythia-160m-word Zh-Pythia-160m-char
Length D= D> D< D= D> D< D= D> D< acc↑ Δacc ↓
# pairs 20,584 5,456 9,360 22,206 5,802 7,392 23,347 6,198 5,855
LP 88.20 60.77 95.62 84.13 52.85 98.73 86.19 56.55 94.28 83.44 19.74
mean LP 88.20 96.78 66.19 84.13 92.53 54.64 86.19 95.96 66.91 82.59 16.26
pen LP 88.20 83.47 87.09 84.13 81.63 87.63 86.19 82.97 80.98 85.46 3.38
SLOR* 90.01 88.09 79.60 86.44 87.65 74.70 84.08 92.74 70.36 84.83 7.94
MORCELA* 90.12 82.32 88.48 86.12 83.55 82.90 86.15 91.03 74.88 86.22 5.23
SLLN-LP
α = 0.1 88.20 66.07 93.66 84.13 60.09 97.79 86.19 61.85 91.78 84.04 15.87
α = 0.3 88.20 74.58 91.06 84.13 71.51 94.00 86.19 71.45 87.77 84.95 9.21
α = 0.5 88.20 81.60 87.55 84.13 81.18 87.66 86.19 79.85 82.93 85.31 3.89
α = 0.7 88.20 89.11 80.90 84.13 87.79 77.60 86.19 87.72 76.46 84.87 4.94
α = 0.9 88.20 95.06 71.66 84.13 91.24 62.82 86.19 94.13 69.96 83.54 12.67

Table 5: Accuracy (acc) and length-related bias (Δacc) on ZhoBLiMP using different acceptability
linking functions. An appropriate function should have a higher accuracy and a lower Δacc across
tokenizers. More optimal parameters of MORCELA are searched independently of each LM (cllama:
β = 0.6, γ = 18; word: β = 0.7, γ = 12; char: β = 0.1, γ = 12).

where α usually takes the value of 0.8.
Additionally, Tjuatja et al. (2025) find that fre-
quency normalization requirements vary across
LMs and propose MORCELA with adjustable
normalization:

MORCELA(x) =
LP(x)− β · U(x) + γ

|x| ,

where tunable parameters β and γ further
strengthen the correlation. While length normal-
ization in these functions aims to improve predic-
tion for independent sentences, their application
may differ in MPP contexts.

4.2 Goal of Debiasing Length Normalization

Our goal here is to find a linking function f that can
properly perform length normalization without
over-penalizing longer or shorter sentences. We
categorize a benchmark D consisting of minimal
pairs (g, u), where g and u refer to grammatical
and ungrammatical sentences, into three parts:

D< = (g, u) ∈ D : |g| < |u|
D= = (g, u) ∈ D : |g| = |u|
D> = (g, u) ∈ D : |g| > |u|

where D< consists of pairs, the grammatical sen-
tence of which is shorter than the ungrammatical
counterpart, while the grammatical sentences are
longer than the ungrammatical ones in D>, and
D= is more standard minimal pairs of the same
length. We then estimate the linguistic knowledge
of LMs by the accuracy of correctly selecting
the good sentence from a minimal pair using the

linking function f given a dataset D:

acc(D; f) =
1

|D|
∑

(g,u)∈D
I(f(g) > f(u)).

An ideal f will generate similar model predictions
no matter how the length varies between two
sentences in a pair. We take the accuracy on split
D= as reference, as these pairs are not affected
by length normalization. If the linking function is
robust to the length difference in a pair, then the
performance on D< and D> should be close to the
reference accuracy. Thus, we formalize the goal
of debiasing length normalization as Δacc, and we
want to find the f that minimizes the value:

Δacc =
1

2

∑

D∈{D<,D>}
|acc(D; f)− acc(D=; f)|.

4.3 SLLN-LP: Sublinear Length Normalized
Log-probabilities

We observe that LP favors shorter sentences
without normalization, while MLP sometimes
over-normalizes longer sentences. For instance,
Zh-Pythia-160m achieves only 60.77% of accu-
racy on D> but 95.62% on D< when using LP. In
contrast, the accuracy on D> improves to 96.78%
but the accuracy on D< drops to 66.19% (see
Table 5), while Pen LP has a more balanced per-
formance. We observe that the degrees of length
normalization might be the solution. Thus, we
propose to use a sublinear function, in between
LP and MLP, to normalize length:

SLLN-LP(x;α) =
LP(x)
|x|α ,where α ∈ (0, 1).
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In SLLN-LP, the parameter α determines the
degree of length normalization. Higher values
of α yield more aggressive normalization. The
boundary cases of α = 0 and α = 1 reduce
SLLN-LP to LP and MLP, respectively. With this
parameter, we aim to find how much we should
perform length normalization to mitigate the noise
brought by pairs of unequal lengths.

We exclude frequency normalization in SLLN-
LP for two reasons: (1) Frequency should not
significantly impact forced-choice since minimal
pairs mostly contain identical words. (2) We aim
to isolate length normalization from frequency
normalization. Without frequency normalization,
LM log-probabilities in the numerators remain
negative. Frequency normalization can alter these
signs, which changes the monotonicity of length
normalization.6

4.4 Validating SLLN-LP Across Tokenizers

In this and the next subsections, we compre-
hensively analyze the impact of length biases in
Chinese, English, Japanese, and Dutch in more
controlled settings.

Different tokenization methods can result in
varying sentence lengths. We first validate SLLN-
LP’s performance across different tokenizers. We
conduct experiments using three models: (1) Zh-
Pythia-160m-cllama, (2) Zh-Pythia-160m-word,
and (3) Zh-Pythia-160m-char. These models are
trained with identical token volumes, with the
tokenizer serving as the sole variable. Using
these differently tokenized models, we evalu-
ate model performance acceptability judgments
through various linking functions (LP, mean LP,
pen LP, SLOR, MORCELA, and SLLN-LP) on
ZhoBLiMP.

Improper length normalization leads to bias
in MPP evaluation. As shown in Table 5, ap-
proximately 30–40% of pairs in ZhoBLiMP have
unequal lengths, a proportion that remains con-
sistent across different tokenizers. These unequal-
length pairs are particularly sensitive to the choice
of linking functions. As highlighted by the un-
derlined cells in Table 5, improper normalization
in linking functions can either underestimate or
overestimate model performance, with accuracy
varying significantly among D=, D+, and D−.

6Signs of over 90% of sentences are altered using SLOR.

LP tends to assign higher log-probabilities to
shorter sentences regardless of their grammati-
cality, resulting in poor performance on D> but
inflated performance onD<. Conversely, mean LP
over-normalizes for length in MPP, favoring longer
sentences due to their larger denominators, which
leads to higher acceptability ratings. These oppos-
ing biases explain the substantial Δacc observed
in both LP and mean LP methods.

Frequency normalized functions can mitigate
the bias, but not always. The two starred func-
tions in Table 5 incorporate token frequency
normalization. The results show that unigram fre-
quency normalization substantially reduces Δacc

to below 10 (specifically, 7.94 and 5.23) while im-
proving overall average accuracy. For LMs trained
with word-level tokenizers, this normalization
also enhances accuracy on D=, where sentence
pairs have equal lengths. However, LMs trained
with character-level tokenizers still exhibit high
length-difference bias and show accuracy drops
on D=, producing results comparable to mean LP.
These findings suggest that frequency normaliza-
tion effects are model-dependent, as evidenced
by the variation in optimal frequency control
parameters (β) of MORCELA across different
models.

SLLN-LP normalizes length more effectively
on ZhoBLiMP. Our proposed SLLN-LP with
α = 0.5 and pen LP demonstrate better length nor-
malization, achieving the Δacc of 3.89 and 3.38,
respectively. The accuracy obtained using these
two functions is just slightly lower than that of
MORCELA, which has more tunable parameters.

As α in SLLN-LP increases from 0.1 to 0.9,
we observe that Δacc initially decreases before
increasing again. Correspondingly, accuracy im-
proves as the bias is gradually mitigated through
more optimal values of the controlling exponent
α.

These results suggest that the length-related
bias in ZhoBLiMP can be mitigated by adjusting
the degree of length normalization. Pen LP and
SLLN-LP are both sub-linear and achieve equiva-
lent performance, but we will use SLLN-LP below
for its simpler conceptualization.

4.5 Finding the Optimal α of SLLN-LP
Across Scales and Languages

The scale of LMs can influence the optimal degree
of normalization. Tjuatja et al. (2025) demonstrate
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Figure 2: Effectiveness of debiasing length normalization using different α. We report two metrics: (1) average
accuracy on D+ and D− (when minimal pairs have unequal lengths), and (2) Δacc. left is the average results of
20 Zh-Pythia LMs with the shaded area denoting the standard deviation; right is the results of MPP benchmarks in
other languages, including JBLiMP, BLiMP, and BLiMP-NL.

that the optimal degree of frequency normaliza-
tion varies across scales. We investigate whether
the length normalization varies across scales as
well and examine SLLN-LP’s applicability to lan-
guages other than Chinese. We analyze model
predictions using LP, SLLN-LP, and mean LP
(with α ∈ [0, 1]), examining how accuracy and
Δacc respond to different α values.

• Scale analysis: We evaluate 20 Zh-Pythia
LMs, using cllama tokenizer, on ZhoBLiMP.

• Cross-linguistic analysis: We evaluate GPT2-
small-Dutch (de Vries and Nissim, 2021)
on BLiMP-NL (Suijkerbuijk et al., 2025),
Japanese-GPT2-small (Sawada et al., 2024)
on JBLiMP (Someya and Oseki, 2023), and
Pythia-160m (Biderman et al., 2023) on
BLiMP (Warstadt et al., 2020).

The left of Figure 2 shows consistent trends in both
accuracy and Δacc across scales, with optimal α
between 0.4 and 0.6, yielding the highest accuracy
and the lowest Δacc on ZhoBLiMP.

Unequal lengths in minimal pairs are also
common in benchmarks other than ZhoBLiMP:
55.59% of JBLiMP (Japanese) pairs, 14.37%
of BLiMP (English) pairs, and 20.01% of
BLiMP-NL (Dutch) pairs exhibit unequal lengths.
The length normalization parameter α influences
both accuracy andΔacc, though trends vary across
languages (see the right plot of Figure 2). Japanese
shows similarity to Chinese, with accuracy first
increasing then decreasing, while Δacc follows an
inverse pattern (yet the trend is not stable due to
the comparatively small sample size of JBLiMP).
For English, the optimal α falls between 0.2 and

0.4, while for Dutch it is α = 1.0. The results sug-
gest that SLLN-LP is applicable to JBLiMP and
English as well, while mean LP provides better
length normalization for BLiMP-NL.

Through comprehensive validation of
SLLN-LP in Chinese across tokenizers and model
scales, we observe that setting α = 0.5 consis-
tently yields robust performance and debiased
length normalization. We hypothesize that this
optimal degree of length normalization is pri-
marily determined by data- or language-specific
characteristics rather than model architecture
or size, which seems to be different from the
frequency normalization (Tjuatja et al., 2025).

Given the above observations, we will use
SLLN-LP (α = 0.5) to assess LMs on ZhoBLiMP
for the following reasons: (1) SLLN-LP effec-
tively mitigates the evaluation bias arising from
length differences, demonstrating greater general-
izability across tokenizers compared to SLOR and
MORCELA. (2) SLLN-LP also maintains a stable
optimal α value (0.5) across model scales. This
consistency allows a fair comparison among the
Zh-Pythia checkpoints using a uniform α.

5 Assessing LMs with ZhoBLiMP

With ZhoBLiMP, Zh-Pythia LMs, and debiased
linking functions, we are ready to investigate
how LMs acquire Chinese syntax. We present
the assessment in three parts: (1) performance on
ZhoBLiMP of five Zh-Pythia LMs trained on 3B
tokens and two off-the-shelf LLMs, Qwen2.5-7B
and Qwen2.5-14B (Qwen, 2024), (2) analysis on
performance variation against training FLOPs,
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Zh-Pythia Qwen2.5 Gap Human
Phenomenon 14M 70M 160M 410M 1.4B 7B 14B
BA 90.37 91.19 95.91 96.39 96.65 92.28 91.03 −0.50 96.15
ANAPHOR 46.15 40.72 44.28 56.67 63.20 59.22 64.72 20.87 85.60
ARG. STRUCTURE 76.71 85.27 87.08 88.44 88.95 88.38 87.00 6.97 95.92
CLASSIFIER 58.37 70.30 84.33 90.26 94.11 91.67 89.33 −0.06 94.05
CONTROL RAISING 86.67 92.67 97.36 97.86 98.28 91.25 94.92 −3.81 94.46
ELLIPSIS 32.81 41.78 45.33 47.89 49.37 54.44 54.11 37.70 92.14
FCI LICENSING 98.02 96.33 98.16 97.98 98.29 88.87 90.93 0.28 98.57
NOMINAL EXP. 91.77 96.21 96.40 97.06 96.39 92.27 93.76 −4.79 92.27
NPI LICENSING 59.65 68.53 76.52 81.32 84.58 73.78 74.89 8.75 93.33
PASSIVE 62.20 66.11 72.04 77.47 78.36 78.17 79.81 15.19 95.00
QUANTIFIERS 54.11 53.94 52.67 50.28 53.89 56.50 68.33 28.10 96.43
QUESTION 85.08 94.81 96.80 97.35 97.62 94.76 93.76 −0.14 97.48
RELATIVIZATION 96.81 99.50 98.50 99.33 99.53 97.92 97.50 −9.35 90.18
TOPICALIZATION 96.69 98.36 98.39 99.17 99.06 96.67 94.33 −1.67 97.50
VERB PHRASE 91.13 95.06 95.45 95.52 95.10 93.48 93.29 −1.64 93.88
OVERALLSLLN-LP 79.12 83.94 87.01 89.10 89.99 86.68 87.18 4.62 94.61
OVERALLLP 78.44 83.14 85.57 87.16 88.40 86.38 86.87 6.21 94.61
OVERALLMLP 72.77 79.00 82.78 84.83 85.38 82.68 83.05 9.23 94.61

Table 6: Accuracy of Zh-pythia and Qwen2.5 models on ZhoBLiMP, broken down into different
linguistic phenomena. Rows at the bottom compare overall results for different linking functions.

and (3) learning curves of Chinese grammar by
examining hundreds of intermediate checkpoints.

5.1 Overall Performance
The results of the five Zh-Pythia LMs and
two pre-trained Qwen2.5 LLMs are presented in
Table 6. We first observe that with SLLN-LP, all
models achieve higher accuracy, and therefore,
the following analysis is based on SLLN-LP.

Model performance ranges from 79% to almost
90%. Even the smallest model, Zh-Pythia-14M,
achieves 79.12% accuracy, approximately 30 per-
centage points above the chance level. Within
the Zh-Pythia suite, performance consistently
improves with increasing model size. Notably,
Zh-Pythia-1.4B achieves the highest perfor-
mance, outperforming the substantially larger
Qwen2.5-7B and Qwen2.5-14B by 2-3 percentage
points.

While most of the linguistic knowledge (cov-
ered in ZhoBLiMP) can be easily acquired, there
are still linguistic phenomena that are challenging
even for state-of-the-art LLMs like Qwen2.5. For
ANAPHOR, ELLIPSIS, PASSIVE, and QUANTIFIERS, dif-
ferences greater than 15 points between the best

model and humans are observed. Interestingly,
for these four phenomena, Qwen2.5 outperforms
Zh-Pythia, suggesting that for more difficult phe-
nomena, a larger training data size and model size
are helpful.

5.2 Effect of Scaling

To analyze how scaling affects model perfor-
mance across different linguistic phenomena in
ZhoBLiMP, we plot performance against training
FLOPs for the Zh-Pythia models (see Figure 3).
Training FLOPs are calculated using the formula
C = 6ND (Hoffmann et al., 2022), where C
represents training FLOPs, N denotes parameter
count, and D indicates training token volume.

For models with 14-160M parameters, overall
performance improvements plateau with increased
training FLOPs. However, models with 410M and
1.4B parameters continue to show performance
gains with additional training tokens, in many
phenomena such as BA, ARGUMENT STRUCTURE,
NPI, suggesting that larger Zh-Pythia models may
not have reached their full potential and could
benefit from extended training.
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Figure 3: Phenomenon-specific accuracy on ZhoBLiMP plotted against training FLOPs (log scale). Each point
represents a distinct Zh-Pythia LM, with models of identical parameter sizes shown in the same color. Points
connected by dotted lines represent models of the same size, where higher training FLOPs indicate larger volumes
of training tokens. We also plot the performance of Qwen2.5-14B and human as references.

Learning curve patterns vary across phenom-
ena. Some phenomena, including FCI LICENSING,
RELATIVIZATION, TOPICALIZATION, and VERB PHRASE,
are acquired rapidly within 1016-1017 FLOPs. Oth-
ers, such as BA, CLASSIFIER, NOMINAL EXPRESSION,
and QUESTION, show more gradual improvement,
with performance plateauing around 1018 FLOPs.

The three challenging phenomena–ANAPHOR,
ELLIPSIS, and QUANTIFIERS–exhibit different pat-
terns. ANAPHOR remains near chance level until
reaching 1018 FLOPs. ELLIPSIS shows initial
performance degradation followed by improve-
ment with increased scale. QUANTIFIERS, however,
demonstrates consistent performance deteriora-
tion as model scale increases.

5.3 Learning Curves

To investigate whether LMs acquire syntax grad-
ually or abruptly, we analyze 705 intermediate
checkpoints (47 checkpoints × 5 parameter sizes ×
3 seeds) from our Zh-Pythia models. Figure 4 dis-
plays the learning curves for each phenomenon.
Most phenomena show minimal improvement

during the first 100M training tokens, followed
by a sharp performance increase. Performance
typically saturates around 1B tokens, consistent
across model scales and showing low variance.

Notably, U-shaped learning curves are observed
across multiple phenomena, such as FCI LICENS-
ING and TOPICALIZATION. These curves show initial
performance decline around 100M tokens before
subsequent improvement. While U-shaped learn-
ing has been documented in learning the past tense
in English, where LMs might over-generalize the
rules of inflection to irregular verbs (Rumelhart
and McClelland, 1986; Plunkett and Marchman,
1991; Haga et al., 2024). Future research can in-
vestigate what causes the U-shaped learning in
Chinese.

6 Discussion

This work makes two primary contributions: (1)
advancing our understanding of Chinese syn-
tax acquisition through the development of the
ZhoBLiMP benchmark and Zh-Pythia LMs, and
(2) identifying unequal length bias in minimal
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Figure 4: Learning curves across training tokens (calculated from training steps). We analyze 47 intermediate
checkpoints from Zh-Pythia models trained on 3B tokens. The plot shows average accuracy across 15 LMs (5
model sizes × 3 seeds) with interpolation smoothing. The shaded area represents the standard deviation among
checkpoints at equivalent training volumes.

pairs and introducing SLLN-LP as a mitigation
strategy. We now summarize our findings and
discuss their implications.

6.1 Acquisition of Chinese Syntax

Our assessment reveals that while Chinese syn-
tax can be acquired by small LMs with limited
training data, three phenomena remain particularly
challenging: ANAPHOR, ELLIPSIS, and QUANTIFIERS.
Performance on these phenomena lags approxi-
mately 20 percentage points behind human and
exhibits distinct learning patterns across model
scales and training steps. Unlike other phenomena,
these three do not show consistent improvement
with increased parameter size or training data in
the Zh-Pythia suite (see Figures 3 and 4). How-
ever, the larger Qwen2.5 models achieve better
(though still modest) accuracy (see Table 6), sug-
gesting that these phenomena may require greater
model capacity and training volume.

Comparing these results with those in English,
we find that QUANTIFIERS are challenging in both
languages, possibly due to the need for prag-
matic and discourse information beyond syntax

for quantifier understanding (Cohen and Krifka,
2014; Sperlich, 2019; Cremers et al., 2022).

On the other hand, ANAPHOR is especially
challenging in Chinese but easy in English:
Qwen2.5-14B achieves only 64.72% accuracy on
Anaphor in ZhoBLiMP, whereas even GPT-2
reaches 99% on English BLiMP (Warstadt
et al., 2020). The lower performance on Chinese
anaphora is likely due to the linguistic property
of the reflexive pronouns in Chinese: unlike En-
glish, Chinese has both (ta-ziji,
himself/herself ) and (ziji, self ), with the lat-
ter being more frequent. However, in making the
minimal pairs, it is only feasible to use the former,
as they are gender marked and can be used to
control the acceptability of sentences. The status
and nature of Chinese anaphora is still debated in
theoretical linguistics (Xue et al., 1994; Yu, 2000;
Zhu and Chai, 2025). We believe a more detailed
and comprehensive comparison between the two
types of reflexive pronouns is needed, along the
lines of some recent work assessing LMs’ inter-
pretation of Chinese reflexive ziji (self ) (Yang,
2025).
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With these findings, we conjecture that the low
performance and distinctive learning patterns in
these three phenomena stem from their depen-
dence on pragmatic and discourse information, as
documented in the Chinese linguistics literature
(Huang, 1994; Yuan, 1998; Wu and Tao, 2018;
Chen and Hu, 2025), distinguishing them from
purely syntactic phenomena.

6.2 Training Small LMs to Study
Syntax Acquisition

Our Zh-Pythia-160M model, trained from scratch
on just 1-3B tokens, achieves 87.01% accu-
racy, comparable to the much larger Qwen2.5-7B
and Qwen2.5-14B. This demonstrates that rela-
tively small LMs can effectively acquire syntactic
knowledge, with further scaling yielding limited
improvements–only about 3 points of difference
between Zh-Pythia-160M and Zh-Pythia-1.4B
(see Table 6).

Beyond similar end performance, smaller mod-
els exhibit learning patterns comparable to their
larger counterparts across various training vol-
umes (see Figure 3) and intermediate checkpoints
(see Figure 4). This suggests that studying syntax
acquisition patterns in smaller LMs could yield
insights similar to those from much larger models.

Our findings align with previous research on
English that the effect of scaling is limited for
syntax acquisition (Hu et al., 2020; Zhang et al.,
2021; Warstadt et al., 2023). While these studies
used models of approximately 100M parameters
trained on 100M English words, our Chinese syn-
tax acquisition required an estimated 1-3B Chinese
tokens. A key distinction lies in training duration:
our models use single-epoch training, whereas En-
glish studies typically employ 20 or more epochs.
This multiple-epoch approach’s effectiveness is
corroborated by Wilcox et al. (2025), who demon-
strate that repeated exposure to the same 100M
words improves BLiMP performance.

Despite these differences, both approaches re-
main within academic research budgets. We
therefore encourage future research on other
languages to employ small LMs (∼100M pa-
rameters) with small training data (100M-1B
tokens) when budgets are limited, as these models
achieve adequate performance on MPP benchmarks
while exhibiting informative learning patterns
for analysis.

6.3 Minimal Pairs, LMs, and
Linking Functions

We argue that when performing targeted syntac-
tic evaluation, one should consider minimal pairs,
LMs, and linking functions holistically. In previ-
ous work (Warstadt et al., 2020; Taktasheva et al.,
2024; Suijkerbuijk et al., 2025), emphasis has been
placed on the collection and human validation of
minimal pairs. The validity and reliability of the
linking functions used in evaluation are rarely dis-
cussed, as the same function is used uniformly
across all models.

Our findings demonstrate that inappropriate
linking functions can introduce evaluation bias.
For example, using LP as the linking function leads
to unbalanced performance in Zh-Pythia-160m
across ZhoBLiMP splits (D=: 88.2; D+: 60.7;
D−: 95.6) (see Table 5). This length-related bias
extends beyond ZhoBLiMP to benchmarks in
other languages, including BLiMP, JBLiMP and
BLiMP-NL. Functions with more sophisticated
normalization, such as SLLN-LP and MORCELA,
can mitigate this bias on ZhoBLiMP, reducing
Δacc to 3.89 and 5.23 while improving accuracy to
86.22 and 85.31. These functions show better han-
dling of unequal-length pairs. However, function
effectiveness varies across different LMs–SLOR
and MORCELA perform well with cllama and
word tokenizers but poorly with char tokenizer
(see Table 5).

When developing MPP benchmarks, we therefore
recommend validating both data quality and the
effectiveness of linking functions. This validation
should address two key aspects: (1) the com-
patibility between linking functions and minimal
pairs, and (2) the compatibility between linking
functions and the target language models.

7 Conclusion

In this paper, we introduced ZhoBLiMP, the most
comprehensive Chinese MPP benchmark, featuring
35k minimal pairs across 15 linguistic phenomena.
We trained the Zh-Pythia LM suite—22 models
and 230 intermediate checkpoints varying in tok-
enizers, parameters, and training volumes—and
proposed SLLN-LP, a novel linking function
for length normalization in MPP. SLLN-LP im-
proves accuracy and reduces ‘‘unequal length’’
bias compared to LP and MLP, while match-
ing the performance of SLOR and MORCELA
without requiring unigram frequency information.
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Our findings reveal two key insights: (1) While
small LMs readily acquire most Chinese syntactic
phenomena, they struggle with ANAPHOR, ELLIPSIS,
and QUANTIFIERS, probably due to their unique
linguistic properties in Chinese or a reliance on
discourse and pragmatic information; (2) Future
benchmark development should validate linking
functions alongside data quality to ensure fair
model evaluation.

Limitations
One limitation is that we did not ask human an-
notators to perform a Likert-scale rating of the
sentences, in addition to the force-choice hu-
man evaluation we did. Future work can add
a Likert-scale rating experiment and compare
results of the two task formats.

Despite our great effort to ensure the quality of
the paradigms in ZhoBLiMP, a very small portion
of the acceptable sentences may still sound un-
natural to some speakers, likely due to the nature
of templates-and-vocabulary-based generation in
BLiMP-style corpora in general. For these rare
cases, we ensured that the unacceptable sentences
are (much) worse than the acceptable ones. As it
is a forced-choice task, this will ensure the sound-
ness of the results. Future work can explore other
methods of minimal pair generation, such as em-
ploying an LLM, as demonstrated in Suijkerbuijk
et al. (2025).

As pointed out by a reviewer, ZhoBLiMP also
contains some semantically implausible sentences
rather than strictly syntactic ill-formed sentences.
Future research can try to tease them apart and
model them independently.
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A Evaluate Linking Functions Against
Human Likert-scale Ratings

Having established SLLN-LP’s effectiveness for
length normalization on ZhoBLiMP and poten-
tially other languages’ minimal pairs, we evaluate
its ability to predict human gradient accept-
ability ratings in Chinese. We utilize human
ratings from Chen et al. (2020) and Hu et al.
(2025), which differ from ZhoBLiMP in using
expert-crafted minimal pairs from linguistic jour-
nals and textbooks. These studies collected Likert
scale ratings for individual sentences, with ac-
ceptability measured as z-scored averages across
multiple annotators.

We analyze correlations in two dimen-
sions: (1) between absolute LM scores f(x)
and human ratings of x, and (2) between

Pointwise rating (r) Pairwise Δ (r)
Func. cllama word char cllama word char
LP 32.44 25.58 24.84 44.61 35.72 36.63
MLP 41.79 28.58 31.12 39.51 30.77 33.96
SLOR 46.24 32.63 32.28 48.82 38.89 38.21
MCL 56.35 47.76 46.76 55.19 46.43 47.24
SLLN 46.69 38.68 39.05 50.94 42.97 43.97

Table 7: Correlation of human acceptability
ratings and different linking functions from
Zh-Pythia-160m, trained with different tokeniz-
ers. LP: log-probabilities; MLP: mean LP; MCL:
MORCELA; SLLN: SLLN-LP (α = 0.5). Human
ratings are from Chen et al. (2020) and Hu et al.
(2025).

score differences and rating differences across
grammatical-ungrammatical sentence pairs.
Correlation strength (Pearson’s r) indicates each
function’s predictive power (see Table 7).

SLLN-LP consistently ranks second in perfor-
mance across all tokenizers and settings, behind
only MORCELA. While MORCELA achieves
higher correlations, SLLN-LP provides a simpler
conceptualization that doesn’t require frequency
normalization.

B Performance on Excluded Paradigms

We exclude 11 paradigms for their low human
agreement, which may be caused by poor data
quality or ambiguous acceptability. We find that
Zh-Pythia-160M has a lower accuracy when eval-
uated on these excluded paradigms. We will
release these paradigms and their human an-
notations too, to facilitate research on human
agreement and LM scores.

included excluded
# paradigms 118 11
Human agreement 93.9 59.6

LP 85.9 77.0
mean LP 83.7 70.7
SLOR 86.9 79.3
MORCELA 88.4 80.6
SLLN-LP 87.0 78.2

Table 8: Comparison between model performance
(Zh-Pythia-160M) on included paradigms and
excluded paradigms.
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