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1. Introduction

In recent years, the development and application of large language models (LLMs) have 

accelerated rapidly, and many pre-trained models are now employed for Korean language 

processing (e.g., LLaMA (Touvron et al., 2023), Qwen (Bai et al., 2023), Gemma (Gemma 

Team, 2024)). However, because these models were primarily trained on datasets dominated 

by non-Korean languages such as English or Chinese, they often lack Korean-specific cultural 

and linguistic knowledge and therefore exhibit limited performance on Korean-focused 

evaluations (Kim et al., 2024; Kim and Lee, 2025; Shin et al., 2025). While such models may 

produce fluent Korean text, their outputs do not necessarily align with users’ intended 

meanings or expectations.

Accordingly, there is an increasing demand for models that can better understand and 

process the Korean language. One approach is to pre-train models from scratch using Korean 

data (LG AI Research, 2024; NAVER Cloud HyperCLOVA X Team, 2025; Kanana LLM Team, 

2025), but this requires massive datasets and computational resources, making it difficult to 

scale. Consequently, many Korean-capable models have instead been developed by adapting 

existing large models through post-training methods such as continued pre-training (CPT), 

supervised fine-tuning (SFT), or alignment tuning, using the models as backbones.1)2)3)

However, even among models adapted for Korean through various post-training strategies, 

performance varies widely across benchmarks and linguistic domains. This variation raises 

important questions about how these models internally process Korean prompts beyond 

surface-level fluency. One way to approach this is to analyze the internal language that 

models employ during intermediate task-solving processes. Recent studies have adopted the 

Logit Lens technique, which decodes intermediate layer embeddings into token distributions, 

thereby revealing layer-wise linguistic representations (Wendler et al., 2024; Wang et al., 2025; 

Zhong et al., 2025). The linguistic form that emerges within these internal computations is 

referred to as the latent language.

Previous studies have shown that English-centric models such as LLaMA tend to perform 

tasks through a latent language close to English (Wendler et al., 2024), transforming internal 

representations into the target (prompted) language only at the output layer. Zhong et al. 

(2025) further demonstrated that the latent language of a model can vary according to the 

linguistic composition of its pre-training corpus. Building on these findings, we examine 

1) https://huggingface.co/NCSOFT/Llama-VARCO-8B-Instruct

2) https://huggingface.co/yanolja/KoSOLAR-10.7B-v0.2

3) https://huggingface.co/skt/A.X-4.0-Light
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whether models adapted from non-Korean-centric architectures to Korean exhibit a 

corresponding shift in their latent language, for instance, from English to Korean. Even when 

such models appear proficient in generating Korean text after adaptation, they may still process 

information internally through a latent language resembling English, Chinese, or another 

non-Korean language, translating the results into Korean only at the surface level. This may 

cause information loss in tasks that require genuine Korean linguistic reasoning. For instance, 

when asked whether the Korean verb ‘뛰놀다ttwinolta’ (뛰다ttwita + 놀다nolta, “to run and 

play”) is a compound word, a model that processes the input in English may reduce the verb 

to “frolic”, thereby losing the morphological cues necessary to identify its compound structure.

Accordingly, we formulate the following three research questions:

RQ1. What are the latent languages of different Korean-capable models?

We identify the languages that emerge as latent languages across multiple Korean-capable 

models trained on datasets with varying linguistic compositions.

RQ2. Does the latent language change when Korean data are injected, and at which training 

stage does this change occur most effectively?

We analyze whether adaptation with Korean data shifts the latent language toward Korean, 

comparing models that incorporate Korean data at different post-training stages.

RQ3. How do models with different latent languages process linguistically sensitive Korean 

tasks?

We compare task-solving behaviors across models with distinct latent language patterns to 

examine how internal processing languages affect Korean-specific performance.

To address these research questions, we design two complementary experimental 

procedures. For RQ1 and RQ2, we extend the dataset inroduced by Zhong et al. (2025), which 

consists of simple fill-in-the-blank problems, by adding Korean prompts and adjusting the 

observation protocol to fit our analysis of latent languages. For RQ3, we sample and utilize 

questions from KoBALT (Shin et al., 2025), a benchmark that evaluates Korean linguistic 

knowledge across diverse subfields. Collectively, these datasets enable us to examine the latent 

language behaviors of various LLMs and to assess how their internal representations influence 

performance on linguistically grounded Korean tasks.

Through these three experiments, we reaffirm that the language distribution within the 

training dataset significantly influences a model's latent language. We further observe that 

when models with different dominant latent languages (e.g., English or Chinese) are adapted 
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to Korean through post-training, simple supervised fine-tuning (SFT) has only a limited effect, 

whereas continued pre-training (CPT) followed by SFT induces more substantial shifts, 

depending on the model. In particular, the A.X-4.0-Light model (SKT AI Model Lab), adapted 

from Qwen 2.5 through CPT, SFT, and Direct Preference Optimization (DPO), exhibits a clear 

transition of its latent language toward Korean. This model also achieves higher performance 

on the KoBALT benchmark than models whose latent languages remain non-Korean. Overall, 

these findings suggest that sufficiently extensive Korean-based training can reshape a model's 

latent language and that internal processing in Korean contributes to improved performance in 

linguistically grounded tasks.

2. Backgrounds

2.1. Post-Training of LLMs

The training of large language models (LLMs) typically involves two main stages: (1) 

pre-training, where the model acquires general linguistic knowledge through next-word 

prediction, and (2) instruction tuning, a supervised fine-tuning (SFT) stage that enables it to 

follow human instructions (Wei et al., 2022). After pre-training, SFT functions as one of the 

primary post-training strategies. The data used for SFT typically consist of triplets of 

instructions, inputs, and desired outputs. Most publicly available models are released in two 

forms: a pre-trained version and an instruction-tuned version (e.g., Llama-3-8B and 

Llama-3-8B-Instruct, respectively). In many cases, English-centric or multilingual pre-trained 

models are further adapted to Korean by applying SFT with Korean instruction datasets.4)5)6)

In some cases, continued pre-training (CPT) is applied by feeding additional data into a 

pre-trained model and continuing the next word prediction training. When Korean data are 

used for CPT, this process helps the model acquire richer Korean linguistic knowledge. Since 

the resulting model after CPT remains a pre-trained model, it is typically followed by 

Korean-language SFT to further adapt it for instruction following.7)8)

After SFT, many models undergo an additional stage known as alignment tuning, which 

aims to align the model's generation behavior with human preferences. One widely adopted 

4) https://huggingface.co/hometax/sapie-gemma2-9B-IT

5) https://huggingface.co/AIDX-ktds/ktdsbaseLM-v0.12-based-on-openchat3.5 

6) https://huggingface.co/yanolja/KoSOLAR-10.7B-v0.2 

7) https://huggingface.co/Saxo/Linkbricks-Horizon-AI-Korean-Advanced-27B

8) https://huggingface.co/NCSOFT/Llama-VARCO-8B-Instruct
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approach for this is Direct Preference Optimization (DPO) (Rafailov et al., 2023). DPO is a 

preference-based tuning method inspired by reinforcement learning, where the model is 

trained on pairs of responses to the same query, one labeled as ‘chosen’ and the other as 

‘rejected’ by human annotators. Through this process, the model learns to produce outputs 

that resemble those preferred (‘chosen’) by humans, thereby aligning its behavior more closely 

with human values.

The diagram in Figure 1 illustrates the typical training sequence of an LLM: pre-training 

from scratch (PT), continued pre-training (CPT), supervised fine-tuning (SFT), and direct 

preference optimization (DPO). Following this pipeline, our study analyzes latent language 

patterns across three variants of the same backbone model: (1) a baseline model fine-tuned in 

English, (2) a model fine-tuned in Korean, and (3) a model that undergoes CPT with Korean 

data followed by Korean SFT. This comparison corresponds to RQ2.

2.2. Detecting Latent Languages of LLMs

Mechanistic interpretability research offers several approaches for investigating the internal 

processing of language models. Some studies identify specific circuits (Wang et al., 2022; 

Conmy et al., 2023) or neurons (Song et al., 2024; Tang et al., 2024) within language models 

that govern particular tasks or languages, and then manipulate their activation to observe the 

resulting changes in model behavior. Other studies employ sparse autoencoders (SAEs) to 

decompose a model's complex internal representations into a sparse set of features, enabling 

the discovery of interpretable and meaningful components (Cunningham et al., 2023; Lieberum 

et al., 2024).

Another line of research has focused on observing a model's latent language by decoding 

<Figure 1> Overview of the LLM training pipeline from PT to CPT, SFT, and DPO
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intermediate layer embeddings using techniques such as the Logit Lens or Tuned Lens 

(Nostalgebraist, 2020; Belrose et al., 2023). Wendler et al. (2024) applied this approach to the 

English-centric multilingual LLaMA-2 model, prompting it with simple repetition and cloze 

tasks to examine the latent language used across layers. Their analysis proposed that, within 

the model, representations progress through three stages as they move from lower to higher 

layers: an input space, a concept space, and an output space. While the input and output 

spaces are aligned with language tokens in their respective modalities, the concept space refers 

to a more abstract level of representation that is not bound to any specific natural language. 

The concepts in this space, however, were found to be biased toward English compared to 

other languages.

Wang et al. (2025) conducted similar experiments using the English-centric LLaMA-2 model 

and the multilingual BLOOM model. The English-centric model exhibited a dominance of 

English tokens in the middle-to-upper layers, indicating that its concept space was primarily 

English-centric. In contrast, the multilingual model showed a more diverse linguistic 

composition at the same layers, with a mixture of English, French, Spanish, and other 

languages, suggesting a shared concept space not aligned with any single language.

Schut et al. (2025) likewise investigated latent language representations in both 

English-centric models (LLaMA-3.1, Gemma) and multilingual models (Aya-23, Mixtral-8x). 

Using next-word prediction tasks prompted in French, German, Dutch, and Mandarin, they 

found that LLMs tend to first produce representations closer to English before mapping them 

to the target language. Furthermore, lexical (semantically loaded) items such as nouns and 

verbs were frequently routed through English, whereas function words belonging to other 

parts of speech (e.g., adpositions, determiners) were rarely mediated by English.

Zhong et al. (2025) aimed to investigate the latent languages of non-English-centric models. 

They trained relatively small models under two conditions: (1) continued pre-training with a 

non-English target language, and (2) pre-training on a balanced multilingual corpus. When these 

models were prompted to perform a cloze task and their latent languages were examined, the 

non-English-centric models were focused to dynamically select one latent language among 

several, depending on the similarity between the latent language and the target language.

Similarly, we observe the intermediate processing of models by unembedding their 

intermediate-layer embeddings using the Logit Lens. While we build upon the dataset 

introduced by Zhong et al. (2025), we employ Korean-translated prompts and adopt a slightly 

different observation method. Instead of computing the generation probability of 

predetermined answers for each language, we allow the model to perform free generation and 

then examine the language of the produced tokens. In addition, we sample questions from the 

KoBALT benchmark, convert them into cloze-style tasks, and apply the same method to 
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compare the behaviors of models that exhibit different latent languages.

Ozaki et al. (2025) examined translation and geo-cultural reasoning tasks and reported that 

aligning a model's latent language with the input or output language does not necessarily lead 

to optimal downstream performance. However, both of these tasks represent cases where 

internal processing in a non-target latent language does not cause the task itself to fail. In 

contrast, the linguistic benchmark tasks used in our study include cases where the latent 

language shifts and the model's “thinking” language performs internal translation, resulting in 

the loss or distortion of information contained in the original problem.

3. RQ1. Latent Languages of Korean-Capable Models 

3.1. Experiment 

To investigate the latent languages that emerge in Korean-capable models, we conduct 

layer-wise analyses using the Logit Lens method. We examine several LLMs that are capable 

of generating Korean but differ in the linguistic composition of their pre-training data. The 

selected models are as follows: Llama-3.1-8B-Instruct (Llama) is an English-centric model 

trained primarily on English data, with limited multilingual exposure (Llama Team, 2024); 

EXAONE-3.5-7.8B-Instruct (EXAONE) is a bilingual model pre-trained on a mixture of English 

and Korean data (LG AI Research, 2024); Qwen-2.5-7B-Instruct (Qwen) is a multilingual model 

pre-trained on data covering more than 29 languages, including Chinese, English, French, 

Spanish, and Korean, with particularly strong performance in English and Chinese (Qwen, 

2024); Aya-expanse-8B (Aya) is a balanced multilingual model pre-trained on 23 languages, 

including Arabic, Chinese, English, and Korean (Dang et al., 2024).

All models are of comparable size (7B-8B parameters) and are used in their instruction-tuned 

versions, which are capable of understanding and following natural language instructions. Each 

model has undergone pre-training and subsequent supervised fine-tuning (SFT) in the 

respective languages of its dataset.

For the dataset, we modify the cloze test dataset introduced by Zhong et al. (2025), which 

consists of 166 simple fill-in-the-blank problems. The original dataset includes questions and 

answers in several languages such as English, Chinese, Japanese, and French. In this study, we 

translate the entire set into Korean for use in our experiments. The initial translation is 

performed using the gpt-4.1-2025-04-14 model API, followed by manual review and correction 

to ensure linguistic accuracy and consistency.
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An example of an input prompt, including the instruction and two demonstrations, is 

provided below (shown in English translation as Example (1)).

(1) Please fill in the blank “__”.

 “__” is when two people officially become a married couple. Answer: “marriage”

 “__” is a device used for communication. Answer: “telephone”

 “__” is a diagram that shows a location. Answer: 

Following previous studies, we adopt a 2-shot setting, providing two examples per prompt 

to prevent cases where incorrect answers would make observation impossible. Model 

generation is performed using beam search with one beam and a generation length of five 

tokens. Although the correct answers are not always exactly five tokens long, we specify free 

generation up to five tokens to accommodate answers of varying lengths across different 

questions.

While Zhong et al. (2025) predefined translated answers in each candidate latent language 

and computed their layer-wise generation probabilities, this approach does not account for the 

possibility that models may produce surface forms with similar meanings but different lexical 

realizations. Therefore, we instead adopt a free-generation setting and detect which language 

the generated output most closely resembles.

We decode the representations at each layer using the Logit Lens method, then perform 

language identification by classifying the decoded output into ISO-639-1 language codes using 

the gpt-4.1-2025-04-14 model API. This allows to observe the dominant latent language in 

which each model “thinks” at each layer. Although the GPT model may produce classification 

errors and tends to force ambiguous early-layer outputs into specific language categories, we 

select it as it offers the most robust language identification performance among currently 

available methods.

3.2. Results

Figure 2 presents the distribution of latent languages across layers for each model on the 

166 cloze test problems described above. In each subplot, the x-axis represents the model 

layers, and the y-axis represents the proportion of each latent language observed across the 

166 problems. The language that appear with high frequency in the four models, including 

German (DE), English (EN), Spanish (ES), French (FR), Japanese (JA), Korean (KO), Russian 

(RU), and Chinese (ZH), are defined as the candidate latent languages, while all other 

detected languages are grouped under “others.”
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We first note that in all models, up to approximately layer 20, that is, in the lower to 

middle layers, the generated outputs often do not correspond to tokens in any identifiable 

language and are generally not semantically meaningful as strings. For example, outputs such 

as “ड Verm gr fr fr” or “ICT통계isticsMV라” are frequently observed. In some cases, code 

snippets, function names, or repetitions of prompts and in-context examples are also 

generated. After these layers, the middle to upper layers begin to produce semantically 

meaningful tokens that often resemble or match the correct answers.

In all four models, the final layer produces answers in the target language, Korean (KO). 

However, the dominant latent language in the preceding layers differs across models. In both 

Llama and EXAONE, English (EN) is highly dominant in the middle to upper layers. This is 

expected for Llama, which is an English-centric model. Suprisingly, in the case of EXAONE, 

whose training data consist of roughly equal proportions of English and Korean, English still 

appears overwhelmingly dominant as the latent language, surpassing both Korean and other 

<Figure 2> Layer-wise distributions of latent languages across four Korean-capable models on
166 cloze task problems
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languages.

Although Qwen is described as supporting multilingual capabilities, its technical report 

appears to emphasize performance primarily in Chinese and English. Similarly, in our analyis, 

Chinese (ZH) emerges as the dominant latent language, with English (EN) also appearing to 

a lesser extent. In contrast, Aya exhibits a more diverse distribution of latent languages, 

including English, Korean, Japanese, Chinese, and others, with Korean appearing in relatively 

earlier layers as well. (Note that the Korean tokens in layers 0 to 4 are likely misclassifications 

of GPT.) This pattern in Aya aligns with findings reported by Wang et al. (2025), in which 

multilingual models demonstrate more diverse latent language behaviors.

Taken together, the results indicate that the linguistic composition of the training data, 

especially the language that dominates it, may largely determine which latent language emerges 

during internal processing. Building on this observation, the next section (RQ2) investigates 

whether such latent language tendencies can be shifted through post-training adaptation using 

Korean data, and how the timing of this adaptation affects the degree of change.

4. RQ2. Effects of Korean Data Injection and Training Stage

4.1. Experiment

To examine whether a model's latent language can shfit through adaptation with Korean 

data and to determine at which stage this shift occurs most effectively, we compare models 

trained with different adaptation strategies. Following the pre-training → CPT → SFT → DPO 

pipeline, we focus on three configurations of the same backbone model: Original-SFT is a 

model fine-tuned only in its primary language (English or Chinese), without the addition of 

Korean data; KO-SFT is a model fine-tuned in Korean without additional pre-training; 

KO-CPT-SFT is a model that underwent continued pre-training (CPT) with Korean data prior 

to Korean SFT.

This experimental design enables us to disentangle the effect of the training stage at which 

Korean data are incorporated on the model's latent language dynamics. As in RQ1, we select 

models with comparable sizes for which all three configurations are available based on the 

same foundation model. Using the same cloze task dataset and Logit Lens-based analysis 

method described in Section 3, we observe the latent language distributions of these models. 

The selected models are presented in Table 1.
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Using Llama-3.1-8B as a backbone model, the Original-SFT model is fine-tuned primarily on 

English data with a small amount of multilingual data. The KO-SFT model is fine-tuned on 

Korean data starting from the foundation model.9) The KO-CPT-SFT model first undergoes 

continued pre-trained on a mixed Korean-English corpus, followed by Korean fine-tuning and 

subsequent DPO using Korean data.

Using Qwen-2.5-7B as the backbone, the Original-SFT model is a multilingual fine-tuned 

model whose training data are assumed to be dominated by English and Chinese. The 

KO-SFT model is fine-tuned on Korean data starting from the foundation model.10) The 

KO-CPT-SFT model first undergoes continued pre-training primarily on Korean and English 

data, with approximately 7% of the corpus consisting of other languages and code, before 

subsequent fine-tuning.

Using SOLAR-10.7B as the backbone, which is based on and scaled up from Mistral-7B 

(Jiang et al., 2023) and represents an English-centric architecture (Kim et al., 2024), the 

Original-SFT model is fine-tuned primarily on English data. The KO-SFT model is fine-tuned 

on a corpus consisting of 83.46% Korean data, 10.69% multilingual data (primarily English), 

and 5.86% English-Korean paragraph pairs. The KO-CPT-SFT model first undergoes continued 

pre-training on Korean data, followed by Korean SFT.11)

Although the Original-SFT, KO-SFT, and KO-CPT-SFT versions of each model are based on 

the same foundation architecture, they were independently trained by different institutions 

using separate datasets. As such, they are not part of a continuous or unified training 

pipeline.

We now analyze whether the injection of Korean data at different stages of the training 

pipeline leads to observable shifts in the models’ latent languages.

9) https://huggingface.co/SEOKDONG/llama3.1_korean_v1.1_sft_by_aidx

10) https://huggingface.co/beomi/Qwen2.5-7B-Instruct-kowiki-qa

11) https://huggingface.co/refarde/OPEN-SOLAR-KO-10.7B-S-Core

backbone model Original-SFT KO-SFT KO-CPT-SFT

Llama-3.1-8B Llama-3.1-8B-Instruct llama3.1_korean_v1.1_sft_by_aidx Llama-VARCO-8B-Instruct

Qwen2.5-7B Qwen2.5-7B-Instruct Qwen2.5-7B-Instruct-kowiki-qa A.X-4.0-Light

SOLAR-10.7B-v1.0 SOLAR-10.7B-Instruct-v1.0 KoSOLAR-10.7B-v0.2 OPEN-SOLAR-KO-10.7B-S-Core

<Table 1> Selected models for RQ2 experiments and their training configurations
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4.2. Results

Figure 3 presents the distribution of latent languages across layers for the three versions of 

each model described in Table 1. As in RQ1, the x-axis represents the model layers, and the 

y-axis indicates the proportion of each detected latent language across the 166 cloze test 

problems. The same set of candidate latent languages, German (DE), English (EN), Spanish 

(ES), French (FR), Japanese (JA), Korean (KO), Russian (RU), and Chinese (ZH), is used for 

consistency, with all other detected languages grouped as “others.” As in the previous 

analysis, only the middle to upper layers produce tokens that appear semantically meaningful 

to human inspection.

<Figure 3> Layer-wise latent language distributions for three adaptation configurations 
of each model

According to the observations in Figure 3, the Llama Original-SFT model consistently shows 

English (EN) as the dominant latent language across all cases. The KO-SFT model, despite 
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being fine-tuned on Korean data, also exhibits English dominance, showing a pattern very 

similar to that of the Original-SFT model. In the case of KO-CPT-SFT, since the training data 

consist of a mixture of English and Korean, it is difficult to isolate the effect of Korean 

post-training alone. However, the overall dominance of English slightly decreases, and Korean 

(KO) begins to appear from somewhat earlier layers.

For Qwen, the Original-SFT model shows Chinese (ZH) as the dominant latent language, 

with English (EN) also appearing to a lesser extent. The KO-SFT model, although fine-tuned on 

Korean data, displays a latent language pattern very similar to that of the Original-SFT model. 

In contrast, the KO-CPT-SFT model, whose training data combine English and Korean, exhibits 

a substantial reduction in the proportion of Chinese as the latent language, while English and 

Korean appear in roughly similar proportions. Korean tokens also begin to emerge from much 

earlier layers, and their proportion continues to increase toward the output layer.

For SOLAR, the Original-SFT model, being English-centric, shows a strong dominance of 

English (EN) as the latent language. In the KO-SFT model, Korean (KO) appears slightly more 

frequently, although the Korean tokens in the earlier layers are largely nonsensical strings that 

only happen to be written in Hangul. The overall trend remains similar to the 

English-dominant pattern, with the model processing primarily in English before shifting to 

Korean near the output layers. In the KO-CPT-SFT model, this shift from English to Korean 

persists, but Korean tokens begin to appear in somewhat earlier layers compared to the 

English-fine-tuned model.

Taken together, the results from Llama and Qwen suggest that KO-SFT alone is not sufficient 

to substantially alter the latent language patterns established during pre-training. This may be 

due to the fact that pre-training involves significantly larger volumes of data and longer training 

durations, which shape the model's foundational linguistic representations. However, as 

observed in SOLAR, even in layers that produce semantically noisy outputs, Korean tokens 

begin to appear, and the transition to Korean latent language occurs slightly earlier.

When models undergo CPT followed by SFT with Korean data, subtle yet consistent shifts 

in latent language patterns emerge. In both Llama and SOLAR, Korean tokens begin to appear 

slightly earlier across layers. Notably, for Qwen, which was originally centered on Chinese, 

applying CPT → SFT → DPO with a mixture of Korean and English data almost eliminates 

Chinese dominance from the latent language distribution, while English and Korean become 

the two prevailing languages. These findings suggest that, although applying only SFT has 

limited influence, a more extensive training process that includes both CPT and SFT can 

contribute to meaningful changes in a model's latent language patterns. A shift toward Korean 

as the latent language provides further evidence that the model has internally adapted to 

process Korean more natively.
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However, as noted above, although these models share the same backbone architecture, 

they are distinct versions trained independently by different institutions, without continuity 

across training stages. This effect is particularly evident in comparisons among SOLAR-based 

models. Specifically, the SOLAR KO-SFT model reports additional vocabulary extension during 

fine-tuning based on various Korean web-crawled datasets. In contrast, the KO-CPT-SFT 

model underwent sufficient continued pre-training on diverse Korean texts, but is fine-tuning 

relied solely on a Korean-translated version of the relatively small Stanford Alpaca dataset 

(Taori et al., 2023). Contrary to our initial hypothesis, the higher proportion of Korean in the 

latent language observed in the KO-SFT model compared to the KO-CPT-SFT model may 

therefore be attributable to these differences in training data, as well as to additional 

methodological choices applied in the KO-SFT model.

In the next analysis, we visualize the relative frequency of Korean responses compared to the 

top latent languages (English and Chinese) across layers when the same Korean prompts are given 

to the Original-SFT, KO-SFT, and KO-CPT-SFT models built on the same foundation architecture.

Figure 4 presents the results for each foundation model (Llama, Qwen, and SOLAR) and 

their corresponding model variants. The text within each cell illustrates an example of 

layer-wise unembedded responses for a single sample prompt. While the overall trends are 

consistent with those reported above in this section, this visualization allows for a clearer 

observation of cases where Korean tokens are used as the latent language compared to the 

major latent languages. 

For Llama, whose latent language shift pattern follows EN → KO, the KO-SFT model shows 

little noticeable change, but in the KO-CPT-SFT model the proportion of English (EN) 

decreases slightly, indicating a weakened English dominance. For Qwen, whose latent 

language shift pattern mainly follows ZH → KO, the KO-SFT model again shows minimal 

difference from the original, whereas the KO-CPT-SFT model exhibits a clear shift, with 

Chinese (ZH) decreasing sharply and Korean (KO) becoming more prominent. For SOLAR, 

whose latent language shift pattern follows EN → KO, the KO-SFT model displays an increase 

in Korean tokens even in lower to middle layers, where outputs are generally semantically 

unclear. In the KO-CPT-SFT model, compared with the Original-SFT version, the red cells near 

the output layers deepen in color and an increased number of light-blue cells together reflect 

a stronger representation of Korean in the latent language.

The analyses in RQ2 demonstrate that sufficient adaptation with Korean data, particularly 

through the combination of continued pre-training (CPT) and supervised fine-tuning (SFT), and 

optionally alignment tuning (DPO), can induce a noticeable shift in a model's latent language 

toward Korean. This raises a further question: when such internal linguistic representations 

differ, do they also affect how the model processes and interprets Korean-specific linguistic 
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information? To explore this, RQ3 examines how models with distinct latent language profiles 

behave in tasks that require understanding of Korean linguistic features.

5. RQ3. Effects of Latent Language on Korean Linguistic Processing

5.1. Differences in field-wise scores on the KoBALT benchmark

As observed in RQ1 and RQ2, many models process inputs using tokens from non-target 

languages before “translating” their internal representations into Korean near the output layer. 

The tasks used in RQ1 and RQ2 were designed such that this translation-based processing did 

not hinder task performance, regardless of the internal language used. However, it remains 

unclear how these models behave when translation during processing leads to a loss of 

information that is crucial for solving the problem. Can they still perform correctly in such cases?

For instance, consider the Korean verb ‘뛰놀다ttwinolta’ (“to run and play”) again, which is 

a compound verb formed from ‘뛰다ttwida’ (“to run”) and ‘놀다nolta’ (“to play”). If this word 

were internally translated into the English word ‘frolic’ or the Chinese word ‘游玩’, the 

compound structure would be lost, making it impossible for the model to correctly determine 

<Figure 4> Layer-wise visualization of latent language shifts across model variants
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whether the original expression is a compound word.

To systematically probe such Korean-specific linguistic knowledge in LLMs, we adopt the 

KoBALT benchmark (Shin et al., 2025). Although several publicly available Korean exam-style 

question sets were also considered, KoBALT is explicitly structured by linguistic subfields, 

which better suits our research goals. This design allows us to compare model behavior across 

tasks that can largely be solved via translation (e.g., lexical and semantic problems, as used in 

most prior works) and those that cannot, such as tasks involving syntax and phonology.

The KoBALT benchmark provides a collection of tasks spanning five domains of linguistics: 

Semantics, Syntax, Phonetics/Phonology, Pragmatics, and Morphology. The benchmark also 

reports performance scores for several LLMs, including GPT, Claude, Qwen 2.5, Gemma, and 

Llama. The results show a consistent trend across models, with the highest scores in Semantics 

and Pragmatics, followed by Syntax, and considerably lower performances in Morphology and 

Phonetics/Phonology.

We hypothesize that the differences in performance across linguistic domains may stem 

from the loss of language-specific information when models process inputs through translated, 

non-Korean latent languages. For example, tasks in the Semantics domain, such as choosing 

the appropriate conjunction between sentences or selecting the correct classifier based on 

quantity, can likely be solved even if the model internally translates the prompt into another 

language. A model could, for instance, generate the English token ‘but’ or the Chinese token 

‘但是’ as its latent representation and then translate it into the Korean token ‘하지만’ at the 

output layer, successfully matching the expected answer.

In contrast, tasks in domains such as Phonetics/Phonology and Morphology, which require 

reasoning over the internal structure or phonological constraints of Korean words, are far 

more vulnerable to information loss during translation. For instance, to identify a word that 

undergoes liquid assimilation in Korean phonology, the correct answer ‘달님talnim[달림tallim]’ 

(“moon”) would lose the relevant phonological information if it were translated into the 

English ‘moon’ or the Japanese ‘お月様’. As a result, the model would no longer be able to 

determine whether assimilation occurs.

Since most of the models evaluated in the KoBALT paper are English-centric or 

multilingual, but not models in which Korean constitutes a major portion of the training data, 

the observed differences in performance across linguistic domains may partly reflect this 

imbalance in language representation. Therefore, to examine how differences in latent 

language patterns relate to model performance on the KoBALT dataset, we selected several 

models of comparable scale that exhibit distinct latent language characteristics.

The selected models exhibit distinct latent language shift patterns. Aya-expanse-8B (Aya) 

initially processes representations across multiple languages (e.g., EN, ZH, JA, and KO) before 
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converging on Korean (KO). A.X-Light-4.0 (A.X) displays mixed latent representations of 

English and Korean in earlier layers and subsequently shifts to KO; in some cases, meaningful 

outputs are expressed exclusively in Korean. Among all models examined in RQ2, A.X shows 

the strongest shift toward a Korean-dominant latent language. Qwen-2.5-7B-Instruct (Qwen) 

primarily processes content in Chinese (ZH) or English (EN) before mapping it to Korean. 

Finally, Llama-3.1-8B-Instruct (Llama) follows a predominantly English-centric pattern, shifting 

from EN to KO.

Using the publicly available KoBALT benchmark, we examine the field-wise scores 

(accuracy) of each model (Figure 5).12) The KoBALT benchmark consists of multiple-choice 

questions with ten options, designed to test linguistic knowledge across five major fields. Each 

field contains a variety of subfields, for example, Syntax covers Embedded Clauses, Ellipsis, 

Agreement, Scrambling, and Argument Structure. In Figure 5, for Llama, Qwen, and Aya, the 

results are taken from those reported in the KoBALT paper, while for A.X, the results are 

obtained through inference using the same configuration.

Similar to the overall trends reported in the KoBALT paper, all four models show notably 

higher performance in the Semantics field, followed by Syntax, and then Pragmatics and 

Morphology. Only Llama exhibits higher scores in Phonetics/Phonology than in Morphology, 

while Qwen shows relatively strong performance in Morphology, ranking second after 

Semantics. Overall, however, performance in the Phonetics/Phonology field remains distinctly 

low across all models.

The differences observed across these fields, particularly the clear gap between Semantics 

and Phonetics/Phonology, are likely closely related to whether the information required to 

solve each problem is preserved during processing. This relationship is explored further in 

Section 5.2.

5.2. Exploring latent languages across linguistic fields in the KoBALT benchmark

In this subsection, we examine the latent languages and corresponding information 

processing patterns of the four models while they solve tasks from different field of the 

KoBALT benchmark. In particular, we compare how models generate intermediate tokens, 

specifically which languages they use, and how these intermediate representations lead to the 

final answers in the Semantics and Phonetics/Phonology domains.

12) https://huggingface.co/datasets/snunlp/KoBALT-700
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<Figure 5> Accuracy scores of each model across five linguistic fields 
in the KoBALT benchmark

The original KoBALT benchmark is designed as a multiple-choice question format with 

English alphabet options, which can blur the distinction of the target language and make the 

latent language more difficult to observe clearly. To address this, we sample questions from 

each linguistic field and convert them into a free-generation format. Four questions are 

selected from each subfield within the five major fields, resulting in a total of 92 questions: 

Semantics (28), Pragmatics (20), Syntax (16), Phonetics/Phonology (16), and Morphology (12). 

The Scrambling subfield of Syntax field is excluded because it contains only three questions. 

The tasks include various response formats, such as fill-in-the-blank, yes/no questions, and 

extractive or open-ended textual responses. Table 2 presents the English-translated examples of 

each question type.

Question Type Question Answer

fill-in-the-blank

Passage: One [ ] of cigarettes should be enough.

Question: Fill in the blank [ ] in the passage with the appropriate word.

Answer: 

보루 

(“carton”)

<Table 2> The English-translated examples of each question type 
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We use the same instructions provided in the original KoBALT benchmark. An example 

input including the instruction is as follows (shown in English translation as Example (2)).

(2) You are an expert problem solver.

 Think carefully and reason through the following problem before answering.

 To solve the problem, let us think step by step.

 Passage: One [ ] of cigarettes should be enough.

 Question: Fill in the blank [ ] in the passage with the appropriate word.

 Answer:

The experiment is conducted in a zero-shot setting, since the dataset is relatively small and 

contains diverse question types. Model generation follows the same configuration as in the 

previous experiments, using beam search with one beam and a generation length of five 

tokens. The outputs are decoded from each model layer based on the Logit Lens method, and 

the decoded results are classified into ISO-639-1 language codes using the gpt-4.1-2025-04-14 

model API for language identification.

The results show that each model exhibits latent language distributions very similar to 

those observed in the dataset analyzed in RQ1 and RQ2. Overall, there were no substantial 

differences across models in the latent language distributions or its layer-wise shift patterns 

across the linguistic fields.

For Llama, the latent language predominantly shifts from English (EN) to Korean (KO) in 

the upper layers. Qwen shows two tendencies, either shifting from English and Chinese 

(EN+ZH) to Korean (KO) or directly from Chinese (ZH) to Korean (KO). Aya demonstrates a 

transition from multiple languages to Korean, with Korean tokens appearing relatively earlier 

than in other models. Finally, A.X shows a shift from English and Korean (EN+KO) to Korean, 

Question Type Question Answer

yes/no question

Passage: He knows the title of a unique song.

Question: Determine whether the passage can be interpreted ambiguously 

and answer yes or no.

Answer:

예 (“yes”)

extractive QA

Passage: Because of the war, the people were driven into a deadly situation.

Question: Identify and write the passive expression in the passage.

Answer:

내몰렸다 

(“driven”)

open-ended QA

Passage: It became difficult to apply for the subsidy overnight.

Question: Describe the syntactic role of the embedded clause in the passage.

Answer: 

주어 

(“subject”)



Language and Information Volume 29, Number 3

248

and in some cases, Korean appears as the sole latent language from much earlier layers.

In this analysis, we visualize and report the average layer at which each model begins to 

generate semantically interpretable (“meaningful”) tokens and the average layer at which 

Korean tokens first appear across different linguistic fields (Figure 6). Comparing these two 

values allows us to identify whether the model undergoes an intermediate processing phase in 

a non-target latent language and to estimate the length of that phase. Because the four models 

differ in the total number of layers (Llama and Aya: 32 layers, Qwen and A.X; 28 layers), for 

comparison, we normalize all models so that layer 0 corresponds to the input layer and layer 

31 to the output layer. In the figure, the darker bars indicate the average layer where 

meaningful tokens first emerge, and the lighter bars indicate where Korean tokens begin to 

appear. For example, the leftmost blue bars show that the Llama model, when solving 

Semantics problems, starts producing meaningful tokens around layer 21.50 and begins 

switching to Korean tokens at approximately layer 29.60.

According to the figure, Korean tokens begin to appear in earlier layers in the order A.X > 

Aya ≥ Qwen > Llama. The same ordering is observed in the size of the gap between the 

layer where meaningful tokens first emerge and the layer where Korean tokens appear, with 

<Figure 6> Average layer at which models begin generating meaningful tokens 
and Korean tokens across linguistic fields
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A.X exhibiting the smallest gap and Llama the largest.

The expected order of models in terms of exposure to Korean data during training and 

post-training is A.X > Aya > Qwen > Llama, where Qwen is primarily centered on English 

and Chinese but described as multilingual. This ordering closely corresponds to the pattern 

observed in the onset of Korean token generation and the magnitude of the gap between the 

layers generating meaningful tokens and those generating Korean tokens. The overall KoBALT 

benchmark scores also follow a similar trend, with A.X > Aya = Qwen > Llama. These results 

suggest that the relative dominance of Korean data in a model's training corpus, that is, 

language distribution, likely influences both its latent language behavior and its performance 

on Korean linguistic knowledge benchmarks.

However, the gap size and the layers where meaningful and Korean tokens first appear do 

not show any clear tendencies across linguistic fields, although the Llama model exhibits a 

relatively large gap in the Semantics field. This indicates that when solving problems from 

different fields, the models do not display distinct differences in their internal processing or 

latent language patterns. The type of question also appears to have little effect, as the models 

generally process inputs using their main latent language (for example, EN for Llama) and 

then translate the output into Korean tokens in a similar manner.

Nevertheless, the degree to which this language-shifting process influences problem-solving 

performance appears to vary across linguistic fields. For example, in the Semantics field, the 

models follow intermediate reasoning processes similar to those shown in Example (3) 

(translated into English) and eventually arrive at their respective answers. Although not all 

responses are perfectly correct, they are generally semantically appropriate. In such cases, even 

when the model “thinks” in a non-Korean latent language and later converts its output into 

Korean, the meaning is preserved, and performance is not adversely affected.

(3) Passage: Jeongmin has just started working life and still lacks experience, often 

struggling when a senior colleague does not provide detailed guidance.

 Question: Write an appropriate expression or metaphor that describes Jeongmin in this 

situation.

 Answer:

 Gold label: 햇병아리 (“rookie”)

 Llama: learning (EN) → fresher (EN) → novice (EN) → 초보자 (KO)

 Qwen: 经验不足 (ZH) → 迷路的 (ZH) → 막내 (KO)

 Aya: beginner (EN) → 缺乏经验者 (ZH) → 初初たる者 (JA) → 학습成果 부족 (mixed) → 

초初 stages의 (mixed) → 초보자 (KO)

 A.X: learning (EN) → fresh (EN) → 초 beginner (mixed) → 신입 (KO)
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Meanwhile, Example (4) below illustrates a problem from the Phonetics/Phonology field, 

along with the model's intermediate processing and final answer.

(4) Question: In the word ‘생산량’ (“production”), which type of Korean assimilation 

phenomenon occurs?

 Answer:

 Gold label: 비음화 (“nasalization”)

 Llama: Korean language's assimilation (EN) → Korean language has a phenomenon (EN) 

→ 한국어의 동화 (KO)

 Qwen: 生产量 (ZH) → 生産量 (JA) → 단어 ‘생산 (KO)

 Aya: word ‘productivity’ (EN) → word ‘생산量’ (mixed) → 단어 ‘생산량’ (KO)

 A.X: 생산량 (KO)

In this case, all models produced incorrect answers, likely due to the lack of knowledge 

about Korean assimilation phenomena. However, their latent language patterns during the 

reasoning process show clear differences. Notably, in the case of A.X, while many examples 

still exhibit mixed latent languages such as English (EN) or EN+KO, certain cases reveal the 

model initiating meaningful token generation directly in Korean, bypassing any intermediary 

language. The other three models, by contrast, exhibit intermediate stages in English (EN), 

Chinese (ZH), or Japanese (JA). In such cases, the models would be unable to recognize the 

nasalization phenomenon that occurs in the Korean word ‘생산량sayngsanlyang [생산냥

sayngsannyang].’ In another problem requiring the model to recognize that the word ‘밤pam’ 

(“chestnut”) is pronounced with a long vowel, Aya generates the Turkish intermediate token 

‘gece’ (“night”), whose Korean surface form also corresponds to ‘밤pam’. As a result, these 

models fail to produce correct answers for such problems.

Another interesting observation is that, in several cases, models generate correct or nearly 

correct answers in their middle-to-upper layers (approximately the fifth layer from the top) 

when reasoning in their latent language, but errors occur during the subsequent conversion 

into Korean tokens. As a result, the final Korean outputs are sometimes incorrect or contain 

irrelevant responses, such as prompt regeneration. This phenomenon appears across all four 

models (13 cases in Llama, 5 cases in Qwen, 2 cases in Aya, and 5 cases in A.X).

This can be explained in connection with the translation barrier hypothesis formalized by 

Bafna et al. (2025), which proposes that models process tasks in a target-language-agnostic 

manner and then subsequently translate the answer concepts into the intended target 

language. The observed errors occur precisely at this translation stage, even when task-solving 

itself has succeeded. Although the authors did not identify the exact cause of this 



Sangah Lee Do Korean-Adapted LLMs Think in Korean?

251

phenomenon, they reported that translation barriers account for the majority of failures in 

multilingual LLMs. It is therefore plausible that when the latent language is non-Korean, the 

existence of this translation step can negatively affect the model's performance.

Based on these observations, we can conclude that the main language of a model's training 

data, and consequently the latent language shaped by it, contributes to differences in 

performance across linguistic domains. The A.X model, whose latent language is closest to 

Korean, achieves the highest KoBALT benchmark score among all models experimented in this 

work and outperforms others even in more challenging domains such as Phonetics/Phonology, 

where most models tend to struggle. This suggests that a model's exposure to Korean as a 

dominant language during training has a significant influence on both its internal processing 

and its linguistic knowledge performance.

However, as shown in Example (3) above, the A.X model still frequently processes through 

English (EN) or mixed EN+KO latent languages, and the presence of a translation barrier 

continues to result in many incorrect answers. This may be due to the model's post-training 

on a mixture of English and Korean data. Future research should further investigate how to 

effectively induce larger shifts in latent language for models trained on different linguistic 

bases, as well as the validity and impact of such interventions.

6. Conclusion

In this study, we examined the latent language, or the “thinking language,” that emerges in 

the internal token representations of LLMs as they process prompts and solve tasks. By 

analyzing models trained under different training data configurations, we compared their 

latent language patterns and investigated how the introduction of Korean data during 

adaptation and post-training stages affects these patterns. The results show that models likely 

exposed to larger amounts of Korean data exhibit a higher proportion of Korean tokens as 

their latent language. Moreover, even when non-Korean latent languages are employed, these 

models tend to perform translation into the target language, Korean, at earlier representational 

layers. Similarly, in post-training, models that underwent continued pre-training (CPT) 

followed by supervised fine-tuning (SFT), rather than SFT alone, demonstrated more frequent 

involvement of Korean in their latent languages, suggesting deeper internal adaptation to 

Korean linguistic representations.

We also quantitatively and qualitatively examined how variations in latent language 

distribution and the transition patterns into the target language influence performance on 

KoBALT, a benchmark designed to test Korean-specific linguistic knowledge across fields. The 
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results show that when the model relies on a non-Korean latent language and performs a 

translation into Korean, Korean-specific information embedded in the input can be lost, 

particularly in areas such as Morphology and Phonetics/Phonology, leading to a lower 

accuracy in these fields. In contrast, models that underwent sufficient post-training with a 

mixture of Korean and English data, and whose latent language involved more Korean tokens, 

achieved higher performance in these linguistically sensitive fields. These findings suggest that 

if a model is thoroughly adpated to Korean at the latent language level through sufficient 

Korean-language exposure, it is more likely to preserve and effectively process Korean-specific 

linguistic information.

However, since our study did not train the SFT and CPT → SFT models under fully 

controlled conditions using identical datasets and hyperparameters, but instead relied on 

publicly available models released by different sources, the results may not be entirely 

consistent or conclusive. Differences in model performance across fields in the KoBALT 

benchmark were also likely influenced by variations in the linguistic knowledge each model 

possesses.

Moreover, some of these models were trained on mixed-language data (primarily Korean 

but also including English and other languages), which makes it difficult to clearly disentangle 

the degree of adaptation attributable specifically to Korean training. In future work, we plan 

to conduct controlled experiments using smaller-scale models to systematically compare the 

effects of different training stages and degrees of adaptation. Factors such as the number of 

CPT and SFT epochs and the data budget allocated at each stage can also be explored to 

better understand their impact on latent language shifts and linguistic adaptation.

In RQ3, the low benchmark scores and frequent generation of incorrect answers may also 

be attirbuted to the fact that, regardless of the proportion of Korean in the latent language, 

the LLMs themselves do not yet possess sufficient Korean-specific lingusitic knowledge to 

reliably solve the tasks. In addition, unlike our experiments that reused the dataset from 

Zhong et al. (2025), which were conducted in a 2-shot setting, the KoBALT-based tasks in RQ3 

were evaluated in a zero-shot setting and were also intrinsically more challenging. To mitigate 

this gap, future work will increase the number of sampled items per linguistics subfield (or 

simplify the tasks) and adopt settings with at least two shots, in order to better disentangle 

the effects of insufficient model knowledge and general problem-solving ability from the 

independent influence of latent language.

In addition to linguistic knowledge benchmarks such as KoBALT, future work could extend 

to cultural benchmarks such as CLIcK (Kim et al., 2024) and Nunchi-Bench (Kim and Lee, 

2025) to examine whether a model's latent language influences its ability to produce culturally 

specific reasons. We are also interested in exploring how latent language operates in more 
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complex reasoning tasks and tool-calling processes, which have recently received increasing 

research attention. Future investigations will aim to determine whether the emergence of 

non-Korean latent languages and the resulting translation barriers affect model performance in 

these higher-level reasoning and interaction settings.
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