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Abstract

Multilingual large language models (MLLMs)
struggle to answer questions posed in non-
dominant languages, even though they have
acquired the relevant knowledge from their
dominant language corpus. In contrast, human
multilinguals can overcome such non-native
language context limitations through Positive
Native Language Transfer (PNLT). Inspired by
the process of PNLT, we analogize the dom-
inant language of MLLMs to the native lan-
guage of human multilinguals, and propose
Native Language Prompting (NatLan) to sim-
ulate the PNLT observed in human multilin-
guals. It explicitly creates native language con-
texts for MLLMs to facilitate the elicitation
of the rich native language knowledge during
question-answering, unlocking the limitations
imposed by non-native language contexts. By
employing multi-MLLM collaboration, Nat-
Lan reduces the workload on each MLLM in
simulating PNLT and refines semantic transfer.
On the C-Eval benchmark, NatLan provides
up to a 10.1% average accuracy improvement
and up to a 5.0% increase in the hard-level
subset across five MLLMs, surpassing all top-
notch related methods. Our code is available at
https://github.com/AnonyNLP/NatLan.

1 Introduction

Multilingual large language models (MLLMs)
(Brown et al., 2020; Achiam et al., 2023) have
propelled the advancement of nearly all natural lan-
guage processing tasks across various languages
(Xu et al., 2024; Li et al., 2024). However, it’s ob-
served that MLLMs perform poorly on questions
articulated in non-dominant languages, as depicted
in Figure 1 (Left), failing to answer some questions
that they could address when presented in their
dominant language (i.e., the language with the high-
est proportion during training, such as English for
Llama (Touvron et al., 2023a), which accounts for
over 70% of the tokens in the pretraining corpus).
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Figure 1: To address the failure of knowledge elicitation
when directly answering in non-native language (Left),
NatLan simulates the Positive Native Language Trans-
fer of a human multilingual by utilizing two different
MLLMs (Right). English meanings appear in < >. The
roles involved in the process are displayed at the top.

This indicates that MLLMs are unable to effectively
apply the rich knowledge acquired from dominant
language contexts when operating in non-dominant
language contexts. Although this inability can be at-
tributed to the insufficient training arising from the
differing volumes (Xue et al., 2021; ImaniGooghari
et al., 2023) and quality (Sitaram et al., 2023) of
training data across various languages, constructing
large-scale, high-quality data across all languages
is extremely labor-intensive and not feasible.

In contrast, such issues rarely occur in human
multilinguals. Although human multilinguals also
possess a most proficient language, typically their
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native language, they can still correctly answer a
question posed in their less proficient non-native
languages, provided they have already acquired
relevant knowledge in their native language (Nsen-
giyumva et al., 2021). In cognitive science, the pro-
cess of using the rich knowledge acquired in one’s
native language to benefit addressing questions
in a less proficient non-native language is known
as the Positive Native Language Transfer (PNLT)
(Gass and Selinker, 1992). As depicted in Figure
1 (Right), for human multilinguals, the native lan-
guage regions of their brain are non-selectively ac-
tivated when addressing questions in a non-native
language (Zeng et al., 2022), then they can au-
tonomously perform pre-thinking in their native
language before responding, thereby flexibly invok-
ing knowledge acquired in their native language.
Given that Ren et al. (2024) have observed signif-
icant similarities between MLLMs and the human
brain in language processing, we analogize the
dominant language of MLLMs (hereafter referred
to as the native language) to the native language of
human multilinguals. Phenomena similar to PNLT
have also been observed to occur autonomously in
MLLMs: they tend to generate intermediate repre-
sentations (Wendler et al., 2024) and output tokens
(Marchisio et al., 2024) in their native language
when addressing questions posed in a non-native
one. However, since the cognitive capabilities of
MLLMs fall considerably short of those of the hu-
man brain (Chemero, 2023), relying solely on a
single MLLM for autonomous implicit processing
cannot replicate the PNLT of human multilinguals.
Considering that explicit prompts enhance the
consistency of MLLMs with brain cognitive lan-
guage processing (Ren et al., 2024), we attempt to
design specific prompting processes that explicitly
guide multiple MLLMs to collaboratively simulate
the PNLT of human multilinguals when address-
ing questions in non-native languages. This aims
to replicate a brain-like cognitive process, thereby
addressing the issue of MLLMs’ inability to effec-
tively utilize the rich native language knowledge.
In this study, we propose Native Language
Prompting (NatLan), which decomposes PNLT
simulation into semantic-transferring and answer-
generating, sequentially undertaken by two distinct
MLLMs, referred to as the Transferor LLM and the
Speaker LLM. Through the collaboration of two
MLLMs, NatLan reduces the workload on each
MLLM involved in simulating the PNLT of human
multilinguals, and leverages the outstanding capa-

bilities of the Transferor LLM in the non-native
target language (hereafter referred to as the target
language) to achieve the semantic transfer from the
target language to the native language. As depicted
in Figure 1 (Right), NatLan simulates PNLT by
first using the Transferor LLM to translate ques-
tions from the target language into the native lan-
guage of the Speaker LLM before the Speaker LLM
answers. This approach explicitly creates native
language contexts for the Speaker LLM to elicit
the rich native language knowledge, unlocking the
limitations imposed by the non-native language
contexts on the effective application of knowledge
when answering questions in the target language.

Applied to five MLLMs (Speaker LLMs) (Tou-
vron et al., 2023b; Jiang et al., 2023; Team et al.,
2024; Abdin et al., 2024), NatLan achieves up
to a 10.1% average accuracy improvement in the
C-Eval benchmark of question-answering (Huang
et al., 2023), as well as up to a 5.0% increase
in the hard-level subset, surpassing all top-notch
related methods (Schulhoff et al., 2024). Further-
more, we explore how the semantic capabilities of
three Transferor LLMs (Bai et al., 2023) impact
the effectiveness of NatLan. This study contributes
to advancing the understanding of MLLMs from
the perspective of explicit PNLT simulation.

2 Related Work

Positive Native Language Transfer in Multi-
lingualism. For human multilinguals, previous
work (Wu et al., 2022; Gao et al., 2023) indicated
that they tend to subconsciously process texts in
the native language when using other languages,
with the native language regions of the brain being
non-selectively activated (Zeng et al., 2022). This
facilitates the effective access of native language
knowledge to address questions in non-native lan-
guages, without the need for the question to be pre-
sented specifically in the native language context.
Similarly, English-centric LLMs tend to generate
intermediate representations (Wendler et al., 2024)
and outputs in English (Marchisio et al., 2024). Ren
et al. (2024) noted that explicit prompts contribute
to the consistency of LLMs with human brain cog-
nitive language processing. Our proposed NatLan
explicitly simulates the Positive Native Language
Transfer (PNLT) in prompting processes to facili-
tate the activation of regions similar to the native
language areas in the human brain within MLLMs,
thereby achieving brain-like knowledge elicitation.
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Figure 2: Question-answering workflow of the proposed NatLan. (i) Semantic-transferring by the Transferor,
which translates the input questions from the target language into the native language of the Speaker. (ii) Answer-
generating by the Speaker in the native language. In collaboration, the Transferor and the Speaker utilize distinct
(five-shot, i.e., M = 5) prompts. Details of the prompts can be seen in Appendix A.1.

Translate First Prompting. Translate First
Prompting (Schulhoff et al., 2024) aims to leverage
the strength of MLLMs in English. Etxaniz et al.
(2024) introduced Self-Translation, which requires
MLLMs themselves to perform translation tasks,
before answering questions. However, this encoun-
ters Language Comprehension Bottlenecks: if the
model has poor capabilities in the target language,
it may not complete the translation task accurately,
leading to performance instability. Shi et al. (2022)
used external Neural Machine Translation (NMT)
systems to translate the questions. However, unlike
MLLMs (Vilar et al., 2023; Guo et al., 2024; Kang
et al., 2024), NMT systems lack rich semantic un-
derstanding capabilities, resulting in overly literal
translations (Tu et al., 2017; Zhu et al., 2023; Ai
et al., 2023). Our proposed NatLan reinterprets the
effectiveness of translate-first prompting from the
perspective of PNLT in human multilinguals and
suggests employing multi-MLLM collaboration to
achieve a more effective PNLT simulation.

3 Multi-MLLM Collaboration

Due to the varying capabilities of different LLMs,
previous work has proposed using multiple LLMs
to fulfill distinct roles within a collaborative frame-
work (Talebirad and Nadiri, 2023; Dong et al.,
2024). In this study, we decomposed the Posi-
tive Native Language Transfer (PNLT) simulation
into two more straightforward sub-processes: (i)
semantic-transferring and (ii) answer-generating.

Since one single MLLM’s capabilities are insuf-
ficient for simulating the PNLT of human multi-
linguals, we designed a Multi-MLLM Collabora-
tion framework and defined distinct roles for differ-
ent MLLMs, collaborating to simulate the PNLT
progressively, with their respective targets and re-
quired characteristics outlined as follows:

(i) Transferor requires MLLMs that are profi-
cient in the target language and also possess
strong capabilities in the native language of
the subsequently mentioned Speaker LLMs.
It undertakes semantic-transferring: translat-
ing questions from the target language into
the native language of the Speaker LLMs, and
translating the responses of Speaker LLMs
back into the target language when required.

(ii) Speaker requires MLLMs that excel in their
native language (the dominant language dur-
ing training) and are capable of understand-
ing the target language, though not necessar-
ily to an exceptional degree. It undertakes
answer-generating: understanding questions
translated by the Transferor and providing
answers based on their acquired knowledge.

The Multi-MLLM Collaboration reduces the
workload on each MLLM and alleviates the ca-
pability bottlenecks by assigning different MLLMs
to each specific sub-process within PNLT.

4 Native Language Prompting

Utilizing our constructed Multi-MLLM Collab-
oration framework, we further proposed Native
Language Prompting (NatLan) to simulate the
PNLT of human multilinguals. The question-
answering workflow is illustrated in Figure 2.

As depicted in Figure 2, NatLan initially con-
structs domain-specific translation prompts (Pink)
to provide domain-specific contexts, facilitating the
Transferor LLMs’ grasp of proper terms specific to
the domain. This enables the accurate and coherent
semantic transfer of the original questions from
the target language to the native language. Subse-
quently, the proposed NatLan constructs domain-
specific Q&A prompts (Blue), which also provide



domain-specific contexts, promoting knowledge
recall by the Speaker LLMs for specific domain
questions. It is important to note that the Q&A
prompts at this stage exhibit the translated question
examples, ensuring consistency with the process
undertaken by the Speaker LL.Ms, namely answer-
ing the translated questions in their native language.
By employing NatLan, we present questions se-
mantically transferred into the native language to
the Speaker LLMs before answering, which mim-
ics the PNLT, facilitating the rich native language
knowledge elicitation in the Speaker LLMs.

5 Experiments

To explore the improvements that NatLan brings
to knowledge elicitation, we selected question-
answering as the evaluation task because it clearly
indicates whether the relevant knowledge in the
MLLMs has been correctly elicited. Since the na-
tive language (dominant language) of nearly all
mainstream MLLMs is English, we have selected
English as the native language in this study. Sub-
sequently, considering that the level of knowledge
elicitation requires sufficient language resources
for comprehensive, multidisciplinary capability
evaluation, we chose another representative lan-
guage, Chinese, as the target language.

Dataset. Based on the target language (Chinese),
we selected the C-Eval benchmark of question-
answering (Huang et al., 2023) to assess the knowl-
edge elicited from MLLMs. C-Eval comprises
13,948 multiple-choice questions across 52 differ-
ent disciplines (subsets), providing a comprehen-
sive knowledge evaluation in Chinese contexts.

NatLan Setup. In the proposed NatLan, the
Transferor must be capable of translating the con-
tent from the target language (Chinese) into the
native language (English) as accurately and coher-
ently as possible. Therefore, we selected the Qwen
series MLLMs (Bai et al., 2023) as Transferors, for
their leading capabilities in Chinese comprehen-
sion among all MLLMs. We chose Qwen models
with 4B, 7B, and 14B parameters to analyze the
effects of Transferors with varying capabilities on
NatLan in §5.5 and §5.6. Additionally, we selected
a five representative MLLMs with strong English
comprehension skills and the capability to under-
stand Chinese to serve as Speakers. These include
models from the Phi (Abdin et al., 2024), Gemma
(Team et al., 2024), Mistral (Jiang et al., 2023),

and Llama (Touvron et al., 2023b) series. For ease
of joint deployment with the Transferor LLMs, all
these Speaker LLMs possess a moderate parameter
scale, ranging from 3.8B to 7B.

Baselines. Two top-notch related methods most
relevant to the NatLan were selected as baselines:
(1) Self-Translation (Etxaniz et al., 2024), which
entails a single MLLM sequentially undertaking
the semantic-transferring and answer-generating
processes, serving both as the Transferor and the
Speaker. (ii) Google-MT (Shi et al., 2022), which
uses Google Neural Machine Translation (NMT)
system (API) as the Transferor and MLLMs as
the Speaker. It is important to note that the re-
quirement for Speaker LLMs to possess Chinese
comprehension abilities is crucial for conducting
Self-Translation and direct evaluations on Chinese
questions, ensuring fair performance comparisons.
More details are available in Appendix A.1.

5.1 Opverall Performance Results

We conducted a comparative analysis of perfor-
mance between the proposed NatLan method and
top-notch related methods across the test sets of 52
different disciplines within the C-Eval benchmark.

As shown in Table 1, while Self-Translation
can bring certain improvements for some Speaker
LLMs, the performance enhancement is not sta-
ble. This instability arises because Self-Translation
uses Speaker LLMs as their own Transferors, en-
countering Language Comprehension Bottlenecks
in the target language. Specifically, it cannot ensure
that Speaker LLMs fully comprehend the inherent
semantics of the questions in the target language,
thus failing to guarantee accurate and coherent se-
mantic transfers. If semantic transfer errors occur
during the translation, it can significantly impair
the subsequent behavior of Speaker LLMs, poten-
tially causing the performance of Speaker LLMs
in their native language to decline below that of
directly answering questions in the target language.

Google-MT, by incorporating state-of-the-art
Google Neural Machine Translation (NMT) sys-
tems as Transferors, ensuring relatively high-
quality translations and stable performance im-
provements. Our proposed NatLan further refines
this process by employing additional MLLMs with
superior semantic understanding capabilities as
Transferors. This addresses the shortcomings of
NMT systems, which often produce overly literal
translations due to a lack of rich semantic abilities,



Model Lang. Avg. Avg. (Hard)
Phi-3-mini (3.8B) zh 41.2 36.3
+Self-Translation en 43.8 37.7
+Google-MT en 50.9 40.4
+NatLan en 51.3 41.3
Phi-3-small (7B) zh 49.0 41.6
+Self-Translation en 52.0 42.1
+Google-MT en 55.7 42.7
+NatLan en 55.9 44.7
Gemma-1.1 (7B) zh 44.4 36.3
+Self-Translation en 41.9 33.9
+Google-MT en 46.7 38.2
+NatLan en 47.7 38.6
Mistral-0.3 (7B) zh 42.8 32.6
+Self-Translation en 34.8 30.9
+Google-MT en 48.0 333
+NatLan en 48.4 35.3
Llama-2 (7B) zh 21.3 14.7
+Self-Translation en 9.6 10.3
+Google-MT en 254 15.1
+NatLan en 27.6 18.6

Table 1: Comparison with top-notch related methods.
Performance metrics are measured by the average ac-
curacy. Lang. indicates the language of the questions.
Red, yellow, and green indicate negative, suboptimal,
and optimal enhancement, respectively. The NatLan
configurations are the optimal setup reported in §5.5.

thus achieving superior semantic transfer (see §5.3
for details). The proposed NatLan achieves optimal
performance across all five Speaker LLMs.

5.2 NatLan Produces More Relative
Improvements

To explore in more depth, we conducted a detailed
performance analysis of Google-MT and our pro-
posed NatLan method on the validation sets of spe-
cific disciplines within the C-Eval benchmark.

We define our analysis process as follows: Con-
sidering each discipline individually, we calculate
the relative performance improvements brought by
NatLan/Google-MT compared to having Speaker
LLMs directly answer questions in Chinese (Origi-
nal). Specifically, this involves computing the rel-
ative increase in the number of correct answers
provided by NatLan/Google-MT compared to the
Original. Subsequently, we apply Min-Max Nor-
malization to the relative improvements achieved
by NatLan/Google-MT across various disciplines,
resulting in normalized relative improvements.

As shown in Figure 3, NatLan provides more
relative improvements than Google-MT in the ma-

jority of disciplines. It is important to note that we
have excluded disciplines from this analysis where
neither method provided more correct answers than
the Original. Additionally, since the performance
gains from Self-Translation are quite limited and
often result in frequent performance declines, this
method has not been included in the analysis.
Relative Improvement Ratio
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Figure 3: Normalized relative improvements in specific
disciplines, with the dashed grey line indicating where
their respective relative improvements are equivalent.

5.3 NatLan Refines Semantic Transfer

To substantiate NatLan’s superiority in refining se-
mantic transfer, we sampled representative ques-
tions from the C-Eval test sets for a comparative
analysis. Original indicates that the Speaker LLMs
respond directly to questions in Chinese.

Enhanced Semantic Coherence. Semantic co-
herence aims to emphasize the relationships be-
tween relevant entities in questions and answers.
As shown in the first row of Table 2, NatLan uses
"is accessed" to highlight the relationship between
the "operand" in the question and the "addressing
method" in the answers, reducing the difficulty for
Speaker LLMs in recalling the relevant knowledge.

Enhanced Semantic Accuracy. As shown in the
second row of Table 2, NatLan uses "Kingdom"
instead of "Country", which more accurately cap-
tures the folkloric connotation of the term. Ad-
ditionally, it uses "literacy" instead of "quality",



Original Question Google-MT Trans. Question  NatLan Trans. Question Answers
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- T A K ih B A 7 metic operation of two num- (o perform arithmetic opera- L
LR T B R G2 tions on two numbers, apart Original: C

B PRMbuEEGFE R —
MRS, H—1

bers in a single-address instruc-
tion, in addition to the address

from the operand specified by
the address code, the other

+Google-MT: C

K Vi code indicating one operand, | k
A E@iﬂt the other one uses____ method.  One is accessed using the ____ +NatLan : B
B. [& 4 54 A. Immediate addressing method. ) 4 ’
C. A ST B. Implicit addressing A. Immediate addressing True Label - B
D. Eh Stk C. Indirect addressing B. ImPhCIt address‘lng ’
D. Base addressing C. Indirect addressing
D. Base addressing
ZHERBTEL LE" There are "Daughter Countr)./" The formation of "the Kingdom
B TED  XHY and "Gentleman Country” in ¢ Women" and "the Kingdom Original: B

HIIE S T 51 R R A
EYEESINE

Yunnan folklore. Which of
the following factors is related
to the formation of these "two

of Gentlemen" in Yunnan folk-
lore is related to .

+Google-MT: D

A, FETENCPR
B. XL ERZE
C. XiB %

D. &

uniques”_____

A. Low living standards
B. Poor cultural quality
C. Impeded transportation

D. Short development history
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B. Poor cultural literacy +NatLan : C
C. Isolation due to poor trans-
portation True Label: C

D. Short development history

Table 2: Chinese-to-English translation cases in C-Eval test sets. More cases are available in Appendix A.2.

enhancing the semantic precision. Moreover, in
option C, it conveys the main reason as "Isolation"
rather than merely "Impeded", enabling Speakers
to understand the answer more accurately.

Overall, NatLan leverages the rich semantic ca-
pabilities of Transferor LLMs to deliver transla-
tions that surpass those of NMT systems, which
refines the semantic transfer from the target lan-
guage to the native language, significantly reducing
comprehension failures in Speaker LLMs.

5.4 NatLan Rectifies Knowledge Activation

In our question-answering task setup, since the
Speaker LLLMs only need to generate the answer
options, the last hidden state for predicting the first
token reflects the internal knowledge activation pat-
tern used for answer generation, avoiding extrane-
ous influences introduced when generating tokens
in different languages. Therefore, we extract it for
more in-depth analysis in knowledge activation.
As shown in Figure 4, areas of substantial over-
lap indicate better alignment of knowledge between
the target language (Chinese) and the native lan-
guage (English). Conversely, the divergences repre-
sent different knowledge activations in the Speaker
LLMs. When addressing the same questions, sig-
nificant differences in activation patterns are exhib-
ited when answering directly in Chinese (Original)
versus answering based explicitly on knowledge

Activation Distribution in Phi-3-small (7B)

Original (zh)
+NatLan (en)

40

20 4
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Figure 4: The distribution of activation patterns in
Speaker LLMs on the C-Eval validation set, visualized
through dimensionality reduction using t-SNE (Van der
Maaten and Hinton, 2008). The areas with significant
activation differences are highlighted in the pink box.

learned in English through NatLan.

Considering the potential correlation between
knowledge activation differences and the correct-
ness of responses, we sampled the activations of
questions and observed intriguing phenomena, as
shown in Figure 6 (Top). (i) When the knowledge
to answer a question is correctly activated by di-
rectly using Chinese for prompting (Original), the
resulting knowledge activation shows minimal dif-
ferences compared to the English knowledge acti-
vation guided by NatLan (Yellow). This confirms
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Figure 6: Activation differences between different meth-
ods for the same questions. Contents in parentheses in-
dicate the correctness of the Speaker LLMs’ responses.

that NatLan effectively simulates PNLT in Speaker
LLMs, producing highly similar knowledge activa-
tions, i.e. correct answers can be generated inde-
pendent of different language contexts. (ii) When
PNLT cannot occur autonomously and implicitly,
and direct prompting in Chinese cannot correctly
activate the relevant knowledge, NatLan can explic-
itly guide the Speaker LLMs to adjust the activation
pattern onto the correct track, resulting in signifi-
cant activation differences (Green).

It is important to note that, compared to Google-
MT, NatLan provides a more significant corrective
effect on knowledge activation, as shown in Figure
6 (Bottom). Google-MT is insufficient to correct

the knowledge activation in Speaker LLMs to the
necessary extent, causing the model to still fail (Yel-
low). In contrast, NatLan’s corrections are more
substantial and appropriately directed, enabling the
Speaker to produce correct responses (Green).

5.5 Impact of Transferor’s Semantic
Capabilities on NatLan

Furthermore, we conducted a detailed analysis to
evaluate how the semantic capabilities of the Trans-
feror LLMs in the target language affect the overall
effectiveness of the proposed NatLan method.

Model Lang. Avg. Avg. (Hard)
Transferor LLMs
Qwen-1.5 (4B) zh 60.1 42.3
Qwen-2 (7B) zh 78.9 56.7
Qwen-1.5 (14B) zh 74.9 58.9
Speaker LLMs
Phi-3-mini (3.8B) zh 41.2 36.3
+NatLan Qwen-1.5 (4B) en 48.1 379
+NatLan Qwen-2 (7B) en 50.8 39.9
+NatLan Qwen-1.5 (14B) en 513 41.3
Phi-3-small (7B) zh 49.0 41.6
+NatLan Qwen-1.5 (4B) en 52.7 41.9
+NatLan Qwen-2 (7B) en 56.0 43.5
+NatLan Qwen-1.5 (14B) en 55.9 44.7
Gemma-1.1 (7B) zh 44 .4 36.3
+NatLan Qwen-1.5 (4B) en 45.0 38.2
+NatLan Qwen-2 (7B) en 47.7 38.6
+NatLan Qwen-1.5 (14B) en 47.6 38.0
Mistral-0.3 (7B) zh 42.8 32.6
+NatLan Qwen-1.5 (4B) en 45.6 33.6
+NatLan Qwen-2 (7B) en 48.4 353
+NatLan Qwen-1.5 (14B) en 47.8 35.5
Llama-2 (7B) zh 21.3 14.7
+NatLan Qwen-1.5 (4B) en 25.6 18.7
+NatLan Qwen-2 (7B) en 25.2 17.3
+NatLan Qwen-1.5 (14B) en 27.6 18.6

Table 3: Performance comparison of NatLan using dif-
ferent Transferor LLMs on the C-Eval test sets.

For this purpose, Qwen series models, which ex-
hibit strong average semantic capabilities in the tar-
get language (Chinese) and possess varying levels
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Figure 7: Performance comparison of NatLan using different Transferor LLMs in the C-Eval test sets, divided into
52 distinct disciplines, with Phi-3-small (7B) as the Speaker LLMs. More details are available in Appendix A.4.

of semantic proficiency, were deployed as Trans-
feror LLMs. As shown in Table 3, Qwen-2 (7B)
and Qwen-1.5 (14B) exhibit comparable semantic
capabilities, each with their own strengths, while
Qwen-1.5 (4B) has relatively weaker semantic ca-
pabilities in comparison. Furthermore, when they
serve as Transferor LLMs, the relative strengths
and weaknesses of their semantic capabilities are
generally reflected in the varying degrees of knowl-
edge elicitation from the Speaker LLMs.
Specifically, NatLan Qwen-2 (7B) and NatLan
Qwen-1.5 (14B) generally provide comparable per-
formance improvements. The former tends to per-
form better in terms of average accuracy across
most models, while the latter excels in average
accuracy at the hard level, aligning with their re-
spective strengths. This confirms the pivotal role
of the semantic capabilities of Transferor LLMs in
the effectiveness of the proposed NatLan method.

5.6 Analysis of NatLan with Different
Transferors in Various Domains

More comprehensively, we conducted a fine-
grained analysis of the impact of Transferor LLMs
on NatLan across four subdomains and even at the
level of individual disciplines within C-Eval.

As shown in Figure 5, NatLan consistently
achieved stable performance improvements across
four subdomains. Moreover, the trends in per-
formance improvements across four subdomains,
which correlate with shifts in the semantic capa-
bilities of Transferor LLMs, align closely with the
analyses presented in §5.5. Additionally, it can be
observed that the degree of improvements brought
by NatLan is closely linked to the upper limits of
performance of Speaker LLMs in their native lan-
guage. This implies that when the semantic transfer
challenges attributed to Transferors are alleviated,
the primary determinant of NatLan’s performance
increasingly becomes the intrinsic knowledge level

of Speaker LLMs in their native language.
Additionally, it should be noted that the de-
gree of performance improvement NatLan delivers
varies across more fine-grained disciplines. As
shown in Figure 7, in the majority of disciplines,
such as Veterinary Medicine (Vet. Med.) and Basic
Medicine (Basic Med.), NatLan achieves substan-
tial improvements. We believe that in such disci-
plines, Speaker LLMs have access to more relevant
knowledge in their native language training data
compared to the target language. However, in a few
rare cases, such as Probability and Statistics (Prob.
& Stat.) and Ideological and Moral Cultivation
(Ideol.), using NatLan leads to a slight decline in
performance. We believe such results are consistent
with intuition, as in these disciplines, challenges
arise from the complexity of translation, which can
lead to semantic transfer errors, or from knowledge
that is intimately associated with Chinese. These
factors contribute to the diminished performance of
Speaker LLMs in their native language (English).

6 Conclusion

It has been observed that MLLMs fail to answer
some questions articulated in non-dominant lan-
guages, which they could address when presented
in their dominant language. To mitigate this, we
propose NatLan to simulate PNLT in the cogni-
tive processes of human multilinguals. It reinter-
prets the effectiveness of the existing translate-first
prompting methods from the perspective of PNLT
in human multilinguals and suggests employing
multi-MLLM collaboration to alleviate the Lan-
guage Comprehension Bottlenecks and refine se-
mantic transfer, thereby more effectively eliciting
relevant knowledge for question-answering. The
proposed NatLan achieves up to a 10.1% average
accuracy improvement in the C-Eval benchmark,
as well as up to a 5.0% increase in the hard-level
subset, surpassing all top-notch related methods.



Limitations

The Speaker LLMs selected for this study all use
English as their dominant language (native lan-
guage). Although we aimed to assess MLLMs with
various native languages, the vast majority of exist-
ing MLLMs primarily utilize English as their na-
tive language. Even if some MLLMs demonstrate
stronger capabilities in other languages, they still
cannot significantly outperform the performance
under English prompting. Therefore, we encourage
future research to explore MLLMs with different
native languages other than English, or investigate
whether the phenomenon of PNLT can be trans-
ferred to other non-native languages through alter-
native methods. Such explorations could have a
profound impact on the development of applica-
tions for low-resource languages.

Furthermore, although NatLan significantly en-
hances the performance of MLLMs, the potential
improvements attributable to NatLan are inherently
limited by the capabilities of the Transferor LLMs
and particularly the Speaker LLMs, where the pri-
mary bottlenecks tend to occur. Moreover, as ob-
served in the analysis from §5.6, for a minority of
disciplines, NatLan fails to enhance performance.
In addition to translation errors produced by Trans-
feror LLMs, another significant factor is that some
knowledge is closely tied to specific languages,
such as in the Ideology and Moral Cultivation dis-
cipline. Employing the native language to address
these types of issues may not yield benefits and
could instead prevent the successful recall of rele-
vant knowledge. Therefore, we encourage future
work to explore the scope of knowledge covered by
various languages in MLLMs, aiming to achieve
an adaptive and dynamic language switching dur-
ing question-answering, specifically switching to
the language that best encompasses the required
knowledge for optimal knowledge elicitation.

Ethical Considerations

LLMs are prone to generating incorrect and po-
tentially biased information. This issue becomes
especially significant when LLMs are tasked with
responding to sensitive questions. While NatLan
enhances the performance of LLMs, it does not
eliminate the issue of producing biased or incorrect
statements. In light of some potential issues, this
study advocates for usage under research purposes.
Cautious deployment is advisable when integrating
such systems into user-facing applications.

All the datasets and models used in this study
are publicly available with permissible licenses. C-
Eval benchmark has CC-BY-NC-SA-4.0 License !,

Phi-3-* models have MIT License 2, Qwen-1.5-*

models have Tongyi-Qianwen-Research License 3,

Qwen-2-* and Mistral-0.3-* models have Apache-
2.0 License 4, Llama-2-* models have Llama 2
Community License > and Gemma-1.1-* models
have Gemma Terms of Use ©.
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A Appendix

A.1 Implementation Details

In this study, to minimize randomness introduced
during the sampling process, we standardized the
decoding method across all MLLMs to greedy
decoding, which includes both Transferor and
Speaker LLMs. Furthermore, all MLLMs involved
in the experiments are open-source models of the
Instruct/Chat version: Phi-3-mini (3.8B) 7, Phi-3-
small (7B) 8, Gemma-1.1 (7B) ?, Mistral-0.3 (7B)
10, Llama-2 (7B) '!, Qwen-1.5 (4B) !, Qwen-2
(7B) 13, and Qwen-1.5 (14B) 4.

At the same time, as we deployed Transferor
LLMs within NatLan that required designing trans-
lation prompts, we used GPT-40 !> to translate
the dev sets of various disciplines in the C-Eval
benchmark from Chinese to English. This en-
sures the quality of the translations in the prompts,
with each discipline’s dev set containing five exam-
ples, allowing us to construct five-shot translation
prompts for each discipline. We also created five-
shot Q&A prompts using the C-Eval dev sets. In
practical applications, we provide the MLLMs with
prompts corresponding to the discipline currently
being tested, thus maximizing the elicitation of
their domain-specific knowledge.

Since the Transferor LLMs and Speaker LLMs
used in the proposed NatLan method are required
to undertake distinct processes, the former are
required to translate questions from the target
language to the native language, while the latter are
required to provide answers based on the translated
questions in the native language. Therefore, they
use different sets of prompts. First, we report
the details of the translation prompts used in our
experiments as follows:

<System Prompts>
You are a professional Chinese-English

"https://huggingface.co/microsoft/Phi-3-mini-
128k-instruct

8https://huggingface.co/microsoft/Phi-3-small
-128k-instruct

9https://huggingface.co/google/gemma—1.1—7b—i
t

10https://huggingface.co/mistralai/Mistra1—7B—
Instruct-ve.3

"https://huggingface.co/meta-11lama/Llama-2-7b
-chat-hf

12https://huggingface.co/Qwen/Qwem.5—4B-Chat

Bhttps://huggingface.co/Qwen/Qwen2-7B-Instruc

14https://huggingface.co/Qwen/Qwem.5—14B—Chat
SAPI version: gpt-40-2024-05-13
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translator. Translation rules: Proper
nouns in English or Chinese need to be
retained without translation, retain the
original meaning to the greatest extent,
and follow the original format in the
translation process.

<Original Question Prompts>

Now help me translate the following
sentence into English, only return
the translated sentence, the original
sentence is:

Question:

{original example[ ‘question’]}

Choices:

A. {original examplel[ ‘choice
B. {original example[ ‘choice
C. {original example[ ‘choice
D. {original example[ ‘choice
Answer:

A1}
B’1}
c’13
D’13}

<Translated Question Prompts>
Question:

{translated example[ ‘question’]}
Choices:

A. {translated example[ ‘choice A’]}
B. {translated example[ ‘choice B’]}
C. {translated example[ ‘choice C’1}
D. {translated example[ ‘choice D’]}

Answer:

Furthermore, we report the details of the Q&A
prompts used in our experiments as follows:

<System Prompts>

You are a professional {discipline
name} expert, and you are currently
answering a multiple-choice question
about {discipline name}, you need to

provide only one option as the answer
based on the question, and you only need
to return one single capital character
as the answer.

<Question Prompts>

Question:

{translated example[ ‘question’]}
Choices:

A. {translated example[‘choice A’]}
B. {translated example[ ‘choice B’]}
C. {translated example[ ‘choice C’1}
D. {translated example[ ‘choice D’]}


https://huggingface.co/microsoft/Phi-3-mini-128k-instruct
https://huggingface.co/microsoft/Phi-3-mini-128k-instruct
https://huggingface.co/microsoft/Phi-3-small-128k-instruct
https://huggingface.co/microsoft/Phi-3-small-128k-instruct
https://huggingface.co/google/gemma-1.1-7b-it
https://huggingface.co/google/gemma-1.1-7b-it
https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.3
https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.3
https://huggingface.co/meta-llama/Llama-2-7b-chat-hf
https://huggingface.co/meta-llama/Llama-2-7b-chat-hf
https://huggingface.co/Qwen/Qwen1.5-4B-Chat
https://huggingface.co/Qwen/Qwen2-7B-Instruct
https://huggingface.co/Qwen/Qwen2-7B-Instruct
https://huggingface.co/Qwen/Qwen1.5-14B-Chat

Answer:

<Answer Prompts>
{example[ ‘answer’]1}

A.2 Comparative Analysis of
Chinese-to-English Translation Cases

As a supplement to Table 2, we report a more de-
tailed comparative analysis of Chinese-to-English
translation cases between Google-MT and the pro-
posed NatLan in Table 4.

As shown in Table 4, in the examples from the
first two rows, NatLan provides more semantically
coherent translations. This coherent semantic de-
scription enables Speaker LLMs to more easily
understand the relationship between the question
and the answer. In the cases presented in the latter
two rows, NatLan delivers translations with greater
semantic accuracy. For these two questions pertain-
ing to the High School Chemistry discipline, the
enriched semantic comprehension of the Transferor
LLMs enables NatLan to generate terminology that
aligns more closely with domain-specific usage.
For instance, it translates to "combusted", which
is preferred in chemical contexts, rather than the
general term "burned”, and "Reactivity" instead of
"The intensity of reaction".

This comparative study further confirms the su-
periority of NatLan over methods using external
NMT systems like Google-MT in terms of semantic
transfer during translation. The effective seman-
tic conveyance provided by NatLan enhances the
understanding of questions by Speaker LLMs and
facilitates knowledge elicitation, thereby yielding
superior practical performance.

A.3 Sampled Cases Used for Knowledge
Activation

As a supplement to §5.4, we report cases used to
measure differences in knowledge activation in this
experiment, which were sampled from the C-Eval
val/test sets. Detailed content is shown in Table 5.

It should be noted that the reason for exclud-
ing the comparison of the Self-Translation method
in the experiments for Figure 6 is due to its in-
ability to guarantee basic accuracy in the semantic
transfer process. This method may generate incom-
plete translated questions, preventing the Speaker
LLMs from accessing complete question informa-
tion. Such issues can greatly disrupt overall knowl-
edge activation, making comparisons of activation
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differences with this method meaningless. If com-
plete question information cannot be conveyed to
the Speaker LLMs, it is akin to the Speaker LLMs
addressing an entirely different question, thereby
rendering its knowledge activation incomparable.

Additionally, as the case shown in the second
row of Table 5 is mathematical and lacks substan-
tial textual content, and given that our goal is to
demonstrate that the knowledge activation provided
by NatLan can unlock the limitations posed by dif-
ferent language contexts on the effective applica-
tion of knowledge in Speaker LLMs, this case may
not effectively illustrate the differences between
target language (Chinese) and native language (En-
glish) prompt contexts.

Activation Differences in Phi-3-small (7B)

100

itk

W&MWM%MLM
ik m‘

Difference Value

=75

Original (wrong), +NatLan (correct)

Original (correct), +NatLan (correct)
-100

0 1000 2000

Dimension

3000 4000

Figure 8: Activation differences between different meth-
ods for the same questions. Contents in parentheses in-
dicate the correctness of the Speaker LLMs’ responses.
This is a supplement to Figure 6 (Top).

Therefore, we provide a supplementary case in
Table 6, which contains more extensive textual con-
tent (rather than mathematical formulas) to demon-
strate more convincingly whether prompts are de-
livered directly in the target language (Chinese)
to utilize implicit Positive Native Language Trans-
fer (PNLT), or explicitly guide PNLT through Nat-
Lan at the native language (English) level, when
both methods can accurately respond, the patterns
of knowledge activation in Speaker LLMs are ex-
tremely similar, as depicted in Figure 8. This
knowledge activation similarity shows that the ac-
tivation pattern is independent of the specific lan-
guage contexts of the prompts, and confirms that
our proposed NatLan can effectively simulates
PNLT in its performance. Since NatLan is designed
to explicitly promote PNLT, this further confirms
that NatLan can provide the correct knowledge ac-
tivation patterns, thus successfully unlocking the



limitations posed by different language contexts in
Speaker LLMs and effectively eliciting the corre-
sponding knowledge.

A.4 Analysis of NatLan with Different
Transferors in Various Domains

As a supplement to Figure 7, we present a de-
tailed performance analysis of NatLan, employing
three different Transferor LLLMs applied to various
Speaker LLMs, across specific disciplines. These
include Phi-3-mini (3.8B) in Figure 9, Gemma-1.1
(7B) in Figure 10, Mistral-0.3 (7B) in Figure 11,
and Llama-2 (7B) in Figure 12.

As shown in these figures, NatLan has provided
widespread and consistent performance improve-
ments across all Speaker LLMs, with only minor
performance declines in a very few disciplines.
Furthermore, across each Speaker LLM, perfor-
mance improvements and the disciplines where de-
clines occur vary due to differences in performance
preferences, the proportion of different language
data in the training corpora, and variations in data
sources and quality. This variation highlights that
the knowledge elicitation facilitated by NatLan,
aside from the influence of Transferor LLMs, is pri-
marily dependent on the capabilities of the Speaker
LLMs in their native languages.

Additionally, it is important to note that since
NatLan relies heavily on the collaboration of
MLLMs, it also demands a high level of compli-
ance with instructions from the MLLMs. As shown
in Figure 12, Llama-2 (7B), compared to other
Speaker LLMs, has relatively weaker instruction-
following capabilities. Consequently, it is more
prone to producing answers that do not conform
to the prescribed format during testing. We ap-
plied a strict evaluation criterion in these instances,
considering any output that did not meet the estab-
lished format as incorrect. Thus, the performance
improvements brought about by NatlLan using dif-
ferent Transferor LLMs on Llama-2 (7B) show rel-
atively greater variability. However, from a holistic
perspective, disregarding the variations between
different Transferor LLMs, NatLan still manages
to provide stable performance improvements for
Llama-2 (7B). This further confirms the superiority
of the proposed NatLan method.

Furthermore, we have reported the detailed per-
formance evaluation scores of NatLan and top-
notch related methods in Table 7 for all settings, as
a supplement to Table 1 and Table 3
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STEM Social Sci.

Comp. Net. Mao Zedong Thought

Marxism

Disc. Math

Comp. Arch.
Adv. Math. Coll. Prog. Coll. Econ. Bus. Admin.
Coll. Chem. Metrol. Eng
Coll. Phys. 2 i Elec. Eng. Educ. Sci. Tchr. Qual.
Vet. Med MS Math
MS Biol. HS Geog. MS Pol.
HS Phys. 1S Math. MS Chem 0 Original HS Pol. MS Geog.
" +NatLan Qwen-1.5 (4B)
Human. 1 +NatLan Qwen-2 (7B) Others
" +NatLan Qwen-1.5 (14B)

Chin. Lang. & Lit.
e T ArtStud,

Legal Prof.

Figure 9: Performance comparison of NatLan using different Transferor LLMs in the C-Eval test sets, divided into
52 distinct disciplines, with Phi-3-mini (3.8B) as the Speaker LLMs.
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Figure 10: Performance comparison of NatLan using different Transferor LLMs in the C-Eval test sets, divided into
52 distinct disciplines, with Gemma-1.1 (7B) as the Speaker LLMs.
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Original Question Google-MT Trans. Question  NatLan Trans. Question Answers
BN R4 & There are 101 different instruc-  In a computer’s instruction set
q: 7’&7101—1&3 AREH#g tions in the instruction system  with a total of 101 different in- o
A SRR AE B of acertain computer. When us- - structions, the minimum num- Original: B
J7 I B4 fF 5L ing microprogram control, the  ber of microprograms required
O ELH L FE S §  number of microprograms in in the control memory when +Google-MT: C
= the control memory is at least using microprogram control is
A 100 . . +NatLan : B
B. 102 A. 100 A. 100
C. 183 B. 102 B. 102 True Label : B
D. 104 C. 103 C. 103
D. 104 D. 104

T E S STl £+ The impact of the capital relo- The impact of the capital relo-

0} =T cation on Palangkarayais____. cation on Palangkaraya would Original: A

A BRI TRBERER
NI
B. H A F L& 8 52 i 4
NV

A. It is conducive to alleviating
housing shortages
B. It is conducive to alleviating
traffic congestion

include_____

A. Alleviating housing short-
ages

B. Alleviating traffic congestion

+Google-MT: C

C. BRI F IS YL C. It is conducive to the control C. Facilitating environmental +NatLan : D

Va3 of environmental pollution pollution control True Label: D

D. B r 5E D. The improvement of infras- D. Improvement of infrastruc- ’
tructure ture

T F & ¥ & 52 4 When the following substances  Among the following sub-

= P & (ki are completely burned, the stances, which one, when com- Original: C

FIJK AN . R Efp4y products include carbon diox- pletely combusted, produces

I . ide and water, and other products other than carbon diox- +Google-MT: D

A, L substances ide and water?

B. 2V A. Methane A. Methane +NatLan : C

C.82% B. Ethylene B. Ethylene

D. 2 C. Vinyl chloride C. Vinyl chloride True Label : C
D. Ethanol D. Ethanol

THE%:NaHCO;5 ~ Which of the following state-  which of the following state-

NayCO3 Uik F R IE  ments about NaHCO3 and  mens about NaHCO; and

R - NapCOs is incorrect___ Na3COj is incorrect?

A, TR K RO R
NayCO3 < NaHCOg3
B. 5 M [ & FZ &
F LR S B RE B
NaoyCO3 < NaHCOsg
c. KR E M’
NasCO3 < NaHCO3
D. K [AfE—E &AM
NATHHERRAL

A. Solubility in water:
NaoCO3 < NaHCOg3

B. The intensity of the reaction
with the same concentration of
acid: NasCO3 < NaHCO3
C. Thermal stability:

NaxCO3 < NaHCOg

D. The two can be converted
into each other under certain
conditions

A. Solubility in water:
NasCO3 < NaHCO3

B. Reactivity with equal con-
centration acids: NaoCO3 <
NaHCO3

C. Thermal stability:

Na2003 < NaHCO;;

D. They can transform into each
other under certain conditions

Original: B
+Google-MT: B
+NatLan : C

True Label : C

Table 4: Supplementary comparative analysis of Chinese-to-English translation cases, with cases sampled from the
C-Eval test sets. The contents marked in green indicate semantic accuracy/coherence in the translation or correctness
in the response of Phi-3-mini (3.8B) , while those marked in red indicate errors.
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Original Question Google-MT Trans. Question  NatLan Trans. Question Answers
(ea iR 8 318) "Der Ring des Nibelungen" is o
= HIVE - the work of . Original: C
A. TR A. Brahms
B. H¥¥ - B. Chopin +NatLan : D
C. BUREH C. Verdi
D. L4 D. Wagner True Label : D
SRARFR - Find the limit:
z  sin(xt) z_ sin(xt) Original: B
limzﬁo ITZ th & hmz—)() = ;L-Qt & nemd
R 5 - N 5 +NatLan : B
A2 B.1 A2 B.1
True Label : B
7 4 7 4
Cg D3 C.I D.}

] 11k 5 41k 5 — YR U 1)
NWHFRBIEMEER
2 fEiAE|MDR -

A BAEEA%

B. Mk B 2%

C. &8 2%

D. By

The information obtained by in-
direct addressing when access-
ing the memory for the first time
is transmitted to MDR via____ .
A. Data bus

B. Address bus

C. Control bus

D. Bus controller

The information obtained from
the first memory access using
indirect addressing is transmit-
ted to the MDR via_____.

A. data bus

B. address bus

C. control bus

D. bus controller

Original: B
+Google-MT: B
+NatLan : A

True Label : A

Table 5: Cases sampled from the C-Eval val/test sets for knowledge activation analysis in §5.4.

Original Question Google-MT Trans. Question  NatLan Trans. Question Answers
R AR N 3 BT 2 3 In a certain emergency shel-
W BN A R BE R ter, if fire safety lighting and
B R R W B evacuation sign systems are
WHE, X TR K installed, separate emergency
F OB SRR lighting distribution boxes or Original: B
B B N A R R emergency lighting distribution
B, 45 5 v 2 F8 BH 45 IiE — devices should be provided for | NatLan : B
HEE ., the fire protection zone with an
A. 1000m? area greater than__. True Label : B
B. 2000m? A.1000m>
C. 2500m2 B. 2000m?
D. 30002 C. 2500m>

D. 3000m?

Table 6: The supplemental case in Figure 8, which is provided to further elucidate §5.4.
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Figure 11: Performance comparison of NatLan using different Transferor LLMs in the C-Eval test sets, divided into
52 distinct disciplines, with Mistral-0.3 (7B) as the Speaker LLMs.
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Figure 12: Performance comparison of NatLan using different Transferor LLMs in the C-Eval test sets, divided into
52 distinct disciplines, with Llama-2 (7B) as the Speaker LL.Ms.
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Model Lang. STEM Social Sci. Human. Others Avg. Avg. (Hard)

Transferor LLMs
Qwen-1.5 (4B) zh 55.2 73.7 62.0 54.9 60.1 42.3
Qwen-2 (7B) zh 71.4 88.7 80.9 81.8 78.9 56.7
Qwen-1.5 (14B) zh 69.9 86.7 76.3 71.6 74.9 58.9
Speaker LLMs
Phi-3-mini (3.8B) zh 40.5 46.9 37.8 40.5 41.2 36.3
+Self-Translation en 44.8 48.9 374 437 43.8 37.7
+Google-MT en 50.1 56.3 46.7 51.4 50.9 40.4
+NatLan Qwen-1.5 (4B) en 47.6 56.5 41.8 47.7 48.1 37.9
+NatLan Qwen-2 (7B) en 50.5 56.1 45.4 51.7 50.8 39.9
+NatLan Qwen-1.5 (14B) en 50.6 59.2 45.1 51.7 51.3 41.3
Phi-3-small (7B) zh 47.9 57.7 434 48.8 49.0 41.6
+Self-Translation en 514 59.6 46.4 51.8 52.0 42.1
+Google-MT en 54.0 63.5 51.0 56.5 55.7 42.7
+NatLan Qwen-1.5 (4B) en 51.8 60.5 47.8 52.1 52.7 41.9
+NatLan Qwen-2 (7B) en 54.1 64.6 50.5 57.1 56.0 43.5
+NatLan Qwen-1.5 (14B) en 54.3 63.4 51.6 56.4 55.9 44.7
Gemma-1.1 (7B) zh 44.6 49.9 40.1 43.6 44.4 36.3
+Self-Translation en 42.3 44.9 38.2 42.3 41.9 33.9
+Google-MT en 47.5 50.4 41.9 46.5 46.7 38.2
+NatLan Qwen-1.5 (4B) en 45.5 49.9 39.1 45.4 45.0 38.2
+NatLan Qwen-2 (7B) en 47.5 53.3 43.0 47.5 47.7 38.6
+NatLan Qwen-1.5 (14B) en 47.1 53.7 43.1 47.5 47.6 38.0
Mistral-0.3 (7B) zh 40.5 51.1 40.3 41.7 42.8 32.6
+Self-Translation en 35.5 36.1 31.6 35.6 34.8 30.9
+Google-MT en 44.5 55.9 45.8 49.2 48.0 333
+NatLan Qwen-1.5 (4B) en 434 53.9 42.0 45.8 45.6 33.6
+NatLan Qwen-2 (7B) en 46.5 56.5 44.7 48.4 48.4 35.3
+NatLan Qwen-1.5 (14B) en 44.8 57.3 44.1 48.4 47.8 35.5
Llama-2 (7B) zh 18.9 25.9 21.6 20.9 21.3 14.7
+Self-Translation en 8.7 8.7 11.5 9.6 9.6 10.3
+Google-MT en 19.9 31.9 29.9 24.9 254 15.1
+NatLan Qwen-1.5 (4B) en 22.3 31.8 28.4 23.2 25.6 18.7
+NatLan Qwen-2 (7B) en 214 30.8 28.3 24.0 25.2 17.3
+NatLan Qwen-1.5 (14B) en 23.3 36.3 30.4 24.8 27.6 18.6

Table 7: Detailed performance scores (accuracy) of NatLan and top-notch related methods under different configura-
tions on the C-Eval test sets. The meanings assigned to the different colors correspond to those in Table 1.
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