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Abstract

Despite advances in multilingual automatic
speech recognition (ASR), code-switching
(CS), the mixing of languages within an ut-
terance common in daily speech, remains a
severely underexplored challenge. In this paper,
we introduce HiKE: the Hierarchical Korean-
English code-switching benchmark, the first
globally accessible non-synthetic evaluation
framework for Korean-English CS, aiming to
provide a means for the precise evaluation of
multilingual ASR models and to foster research
in the field. The proposed framework not only
consists of high-quality, natural CS data across
various topics, but also provides meticulous
loanword labels and a hierarchical CS-level
labeling scheme (word, phrase, and sentence)
that together enable a systematic evaluation of
a model’s ability to handle each distinct level
of code-switching. Through evaluations of di-
verse multilingual ASR models and fine-tuning
experiments, this paper demonstrates that al-
though most multilingual ASR models initially
exhibit inadequate CS-ASR performance, this
capability can be enabled through fine-tuning
with synthetic CS data. HiKE is available at
https://github.com/ThetaOne-AI/HiKE.

1 Introduction

Recent advances in Automatic Speech Recogni-
tion (ASR) (Radford et al., 2023; Puvvada et al.,
2024; Saon et al., 2025) have pushed error rates
below 5% on standard monolingual ASR bench-
marks (Panayotov et al., 2015; Conneau et al.,
2022; Rousseau et al., 2012), enabling novel appli-
cations such as vibe coding, AI-assisted language
education and automated podcast summarization.
These advancements are fundamentally redefining
human-computer interaction. However, it remains
a significantly underexplored question whether the
performance of these ASR models in monolingual
settings can be extended to Code-Switching (CS)
scenarios, where multiple languages are mixed

Figure 1: Code-Switching Examples by CS-Level

within a single utterance. Consequently, the field
of CS-ASR remains underdeveloped (Agro et al.,
2025), especially for language pairs involving low-
resource and typologically distant languages such
as Korean and English. This research gap signif-
icantly impairs the user experience for the large
global population of multilingual individuals who
use CS as a natural, everyday part of communica-
tion, particularly in regions where English is not
the primary language.

To address this research gap, this paper intro-
duces HiKE: Hierarchical Korean-English code-
switching benchmark consisting of 1, 121 high-
quality CS utterances covering various topics (e.g.,
Software Engineering, Language Education). To
reflect the various forms of CS that occur in real-
world scenarios, we labeled the utterances accord-
ing to three hierarchical CS-levels (i.e., word-,
phrase- and sentence-level), as illustrated in Fig-
ure 1. Using HiKE, we conduct a two-part analy-
sis. First, we evaluate ten multilingual ASR mod-
els, spanning a range of architectures and model
sizes, to assess their Korean-English CS-ASR ca-
pabilities. Second, we compare the CS-ASR perfor-
mance achieved by fine-tuning with two different
data types: natural word- and phrase-level CS data
and synthesized sentence-level CS data.

The contributions of this paper are three-fold:
First, to the best of our knowledge, HiKE is the
first to release a publicly available non-synthetic
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Topic CS-Level Total Proportion
word phrase sentence

academic 40 110 7 157 14.0%
business 45 112 12 169 15.1%

entertainment 53 29 8 90 8.0%
everyday conversation 69 76 13 158 14.1%

language education 82 75 1 158 14.1%
medical 28 48 0 76 6.8%

software development 43 113 6 162 14.5%
travel and culture 97 44 10 151 13.5%

Total 457 607 57 1,121 100%

Table 1: Number of Utterances by Topic & CS-Level

Korean-English CS speech recognition benchmark,
which includes loanword labels and CS-level anno-
tations. Second, leveraging our loanword and hi-
erarchical CS-level annotations, we precisely mea-
sure how the performance of 10 multilingual ASR
models varies depending on the type of CS. Third,
our fine-tuning experiments demonstrate that a
model’s CS-ASR capabilities can be effectively
enabled through fine-tuning, and that this is achiev-
able not only with natural CS data but also with
synthetic data created by concatenating monolin-
gual utterances.

2 Related Work

2.1 Automatic Speech Recognition
Early deep learning-based ASR systems were of-
ten streaming-based, using architectures such as
Connectionist Temporal Classification (CTC) to
make predictions on short audio frames (Baevski
et al., 2020; Hsu et al., 2021; An et al., 2024). A
subsequent paradigm shift occurred towards non-
streaming, Transformer-based encoder-decoder
models (Vaswani et al., 2017; Radford et al., 2023;
Barrault et al., 2023), which leverage full audio con-
text to achieve superior accuracy and robustness.
The most recent trend involves directly leveraging
pretrained large language models (LLMs) (Gemma
Team, 2025; Goel et al., 2025; Hurst et al., 2024),
offering high accuracy and task extensibility, but
requiring immense computational resources.

2.2 Code-Switching Speech Datasets
Publicly available CS-ASR datasets are exception-
ally rare due to the inherent challenges of data col-
lection. Even for Mandarin-English, whose large
speaker population has resulted in a relative abun-
dance of data (Shi et al., 2020; Zhou et al., 2025;
Li et al., 2025), only a handful of public bench-
marks exist. The scarcity of datasets is particularly
acute for typologically distant language pairs like

Korean-English, presenting a critical bottleneck
for research into improving CS-ASR performance.
While a government-funded Korean dataset (AI-
Hub, S. Korea) exists, its use is restricted to Korean
nationals, making it inaccessible to the global re-
search community.

To address the scarcity of Code-Switching data,
previous research has explored methods such as
concatenating monolingual utterances to generate
CS samples (Hussein et al., 2024; Seki et al., 2018)
or utilizing Text-to-Speech (TTS) models to pro-
duce synthetic CS data (Yan et al., 2025; Yu et al.,
2023; Sharma et al., 2020) for the training and eval-
uation of Automatic Speech Recognition (ASR)
systems. However, concatenated data often suf-
fers from mid-utterance discontinuities in vocal
traits (e.g., gender and recording environment) and
is restricted to sentence-level CS. Similarly, TTS-
generated data may exhibit poor audio quality and,
due to its synthetic nature, fails to capture the di-
verse CS patterns and acoustic variability found in
real-world environments, making it unsuitable for
evaluating performance in authentic scenarios. To
the best of our knowledge, HiKE is the first glob-
ally accessible non-synthetic Korean-English CS
benchmark.

3 HiKE

3.1 Script Writing & Cloning

We built our dataset through a human-LLM col-
laborative process to ensure both high quality and
minimal human effort. We began by manually au-
thoring 575 seed scripts across 8 topics (Table 1).
Each script was then used as a one-shot example to
prompt CLAUDE-3.5-SONNET (Anthropic, 2024)
to generate a new script mimicking the original’s
topic and CS structure, utilizing the prompt de-
tailed in Appendix D. To prevent excessive sim-
ilarity among the generated scripts and maintain
a balance between data volume and diversity, we
opted to generate only one clone per original script.
As a final quality control step, all generated scripts
were manually reviewed and corrected by the au-
thors.

3.2 Recording

We recruited 13 bilingual Korean-English speak-
ers, each of whom recorded 50 to 100 scripts in
a quiet environment using a web-based interface
on their personal devices, such as laptops and mo-
bile devices. This process yielded an initial batch

674



# Params Mixed Error Rate (MER) Point of Interest Error Rate(PIER) Monolingual

Word Phrase Sentence Overall Word Phrase Sentence Overall KOR ENG

SENSEVOICE-SMALL (An et al., 2024) 234M 27.4 36.4 23.6 32.5 52.2 56.5 37.1 54.7 6.4 7.6

WHISPER-TINY (Radford et al., 2023) 38M 73.7 111.4 36.2 93.6 81.7 77.9 66.9 78.9 11.9 14.6
WHISPER-BASE (Radford et al., 2023) 74M 116.5 81.8 25.4 91.2 90.2 73.2 38.7 78.1 7.8 9.8
WHISPER-SMALL (Radford et al., 2023) 244M 50.6 41.3 19.9 43.5 58.0 46.7 31.5 50.1 4.5 8.3
WHISPER-MEDIUM (Radford et al., 2023) 769M 39.1 27.9 16.8 31.3 41.9 41.3 30.6 41.3 3.4 4.6
WHISPER-LARGE (Radford et al., 2023) 1.5B 28.5 25.3 20.0 26.1 45.6 31.3 25.8 36.0 3.2 4.4
SEAMLESS-M4T-V2-LARGE (Barrault et al., 2023) 2.3B 108.8 70.1 61.0 83.6 72.4 60.9 57.3 64.7 6.4 6.3

GEMMA-3N (Gemma Team, 2025) 8B 99.6 64.6 54.3 76.6 69.2 47.8 40.3 54.8 10.7 13.0
AUDIO-FLAMINGO-3 (Goel et al., 2025) 8.3B 78.5 82.2 79.4 80.7 104.1 97.8 112.9 100.2 25.1 8.8
GPT-4O-TRANSCRIBE (Hurst et al., 2024) N/A 15.6 25.0 28.3 21.8 25.8 30.2 32.3 28.8 2.5 3.3

Table 2: Benchmark Results. For each model, the best and worst scores are bolded and underlined, respectively.
Monolingual performance is measured on the FLEURS dataset, using CER for Korean and WER for English.

of 1, 150 recordings. Following a manual review
by the authors, 29 samples that deviated from the
script were discarded, resulting in a final curated
dataset of 1, 121 high-quality utterances totaling
approximately 2.2 hours.

3.3 Metrics

Given that CS-ASR involves mixing languages
with different linguistic properties, many prior
works (Shi et al., 2020; Zhou et al., 2025; Li et al.,
2025) have adopted the Mixed Error Rate (MER),
which evaluates character-based languages such
as Mandarin and Korean at the character level
and word-based languages such as English at the
word level. In contrast to MER, which assesses
the entire utterance, the Point of Interest Error
Rate (PIER) (Ugan et al., 2025) was later proposed
to specifically evaluate performance at the points
where language transitions occur. In this paper, we
evaluate the CS-ASR capabilities of models using
both MER and PIER. For our PIER evaluation,
we tagged the words at the locations where code-
switching occurs. This allowed us to assess whether
the ASR model can accurately switch languages
precisely at these transition points.

3.4 Hierarchical CS-Level

In contrast to previous work (Shi et al., 2020; Love-
nia et al., 2022; Li et al., 2022) that only classi-
fied CS by its location within the utterance (inter-
vs. intra-sentential), we propose a more granu-
lar, three-level classification to analyze how mod-
els handle intra-sentential CS between typologi-
cally distant languages. HiKE categorizes code-
switching into three distinct levels: sentence, word,
and phrase. Sentence-level CS is the most pre-
dictable, as switches occur only at utterance bound-
aries. Word-level CS involves the substitution of
single lexical units, primarily testing a model’s

bilingual lexicon. Phrase-level CS, in contrast,
poses a more complex grammatical challenge, as it
can introduce irregular structures like altered word
order, a difficulty that is significantly amplified for
typologically distant pairs such as Korean and En-
glish.

3.5 Loanwords Post-processing

Loanwords are words adopted from a foreign lan-
guage and adapted to the phonology and orthogra-
phy of the new language. For example, the Korean
loanword ‘버스’ [b@s] and the English word ‘bus’
[b2s] are pronounced almost identically and can
be used interchangeably in a CS context. This cre-
ates an evaluation challenge: If a ground-truth label
is strictly constrained to either Hangul or the Ro-
man alphabet, a model producing the alternate—yet
perfectly valid—transcription would be unfairly
penalized. This ambiguity introduces significant
noise into the assessment of CS performance. To
avoid this problem, we meticulously labeled all
loanwords contained in our dataset. Subsequently,
during evaluation, both the Korean and English
versions of these loanwords were treated as valid
answers. Through our loanword labeling process,
we achieved a more precise evaluation by decreas-
ing measurement noise by an average of 4.9% in
MER and 7.9% in PIER.

4 Experiments

4.1 CS-ASR of Multilingual ASR Models

We evaluated 10 multilingual ASR models with di-
verse architectures (CTC, Transformer, and LLM-
based), assessing their CS-ASR performance us-
ing MER and PIER metrics. As shown in Table 2,
a severe performance drop occurred on CS data
across all models, with the MER increasing by a
factor of 3 to 13 compared to monolingual perfor-
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Mixed Error Rate (MER) Point of Interest Error Rate (PIER) Monolingual

Word Phrase Sentence Overall Word Phrase Sentence Overall KOR ENG

WHISPER-MEDIUM 39.1 27.9 16.8 31.3 41.9 41.3 30.6 41.3 3.4 4.6

(a) FT with Natural Intra-Sentential CS Data 8.3(-30.8) 9.6(-18.4) 7.4(-9.4) 9.0(-22.3) 18.6(-23.3) 19.9(-21.4) 21.0(-9.7) 19.5(-21.8) 6.0(+2.6) 5.2(+0.6)

(b) FT with Synthetic Inter-sentential CS Data 19.1(-20.0) 25.6(-2.3) 5.8(-11.0) 22.1(-9.2) 33.7(-8.2) 35.6(-5.7) 14.5(-16.1) 34.5(-6.8) 3.7(+0.3) 5.1(+0.5)

(a) + (b) FT with Both Data 20.7(-18.4) 21.7(-6.3) 4.8(-11.9) 20.4(-11.0) 27.3(-14.6) 37.6(-3.7) 11.3(-19.4) 33.6(-7.7) 3.9(+0.5) 4.9(+0.3)

Table 3: Fine-Tuning (FT) Results. For each metric, the best scores are highlighted in bold. Monolingual perfor-
mance is measured on the FLEURS dataset, using CER for Korean and WER for English.

mance, revealing significant limitations for practi-
cal use. A closer look at specific architectures re-
veals further nuances. For instance, the CTC-based
SENSEVOICE-SMALL, despite showing stable per-
formance across CS-levels and a better overall
MER than the similarly-sized WHISPER-SMALL,
still exhibited a high error rate at the actual code-
switching points. This suggests that while CTC
architectures may be robust in overall transcription,
they struggle specifically with the precise moment
of language transition.

In contrast, models leveraging Large Language
Models (LLMs) trained on extensive text corpora
displayed distinct behavioral patterns compared to
speech-centric models. Specifically, despite having
over five times the parameter count of WHISPER-
LARGE, GEMMA-3N and AUDIO-FLAMINGO-3
failed to achieve competitive results in CS-ASR,
with both MER and PIER exceeding 54. GPT-
4O-TRANSCRIBE was the only LLM-based model
to outperform WHISPER-LARGE. Notably, while
most non-LLM models performed best on sentence-
level CS and worst on word-level CS, GPT-4O-
TRANSCRIBE exhibited the opposite trend, achiev-
ing its highest performance on word-level CS and
its weakest on sentence-level CS. We hypothesize
that this reflects the distribution of its training data,
as large text corpora are rich in word-level CS but
contain comparatively few instances of sentence-
level CS.

To analyze the effect of model scale on CS-ASR
performance, we evaluated the Whisper family of
models. The results show a clear correlation be-
tween size and capability: CS-ASR performance,
nearly absent in the smallest models (e.g., Tiny
and Base), gradually emerges with increasing scale.
Despite this trend, even the largest model’s error
rate on CS data was over five times higher than
on monolingual data, indicating that model scal-
ing alone is an insufficient solution for achieving
practical CS-ASR performance.

4.2 Fine-Tuning with a Synthetic CS Dataset

4.2.1 Experimental Details

To investigate the effect of fine-tuning with CS-
ASR performance, we prepared two distinct types
of training data. The first was a natural, intra-
sentential (word- and phrase-level) CS dataset from
AIHub (AI-Hub, S. Korea). The second was a syn-
thetic sentence-level CS dataset, which we gener-
ated by concatenating monolingual Korean and En-
glish utterances from the FLEURS (Conneau et al.,
2022) and Common Voice (Ardila et al., 2020)
datasets. Using these, we fine-tuned WHISPER-
MEDIUM (Radford et al., 2023) under three con-
ditions: using the intra-sentential CS set only, the
synthetic inter-sentential set only, and a combina-
tion of both.

4.2.2 Results

The results in Table 3 reveal that fine-tuning is an
effective method for enabling CS-ASR, and that
this can be achieved not only with natural intra-
sentential CS data (a) but also with synthetic inter-
sentential CS data (b) created by concatenating
monolingual utterances. As shown in row (b) of
Table 3, fine-tuning of synthetic CS data alone im-
proved both the overall MER and PIER by more
than 6.8%. Given the wide availability and rela-
tive ease of collecting monolingual data compared
to authentic CS data, this finding suggests that
data synthesis via utterance concatenation repre-
sents a promising and cost-effective direction for
training CS-ASR models, especially in resource-
constrained scenarios. However, fine-tuning on nat-
ural intra-sentential CS data (a) yielded greater per-
formance improvements than fine-tuning on syn-
thetic inter-sentential data (b, c) across almost all
metrics; the only exceptions were the MER and
PIER for sentence-level CS. Although this result
indicates that it is currently preferable to use nat-
ural intra-sentential CS data for fine-tuning when
available, we anticipate that these limitations can
be overcome. With the development of more so-
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Figure 2: CS-ASR Fail Cases

phisticated data synthesis or fine-tuning techniques,
it may become possible to train robust CS-ASR
models using only synthetic data.

4.3 Qualitative Results

In our analysis of the CS transcription results, we
primarily observed three types of errors, as illus-
trated in Figure 2. (i) Phonetic Transcription refers
to cases where, for words that are not loanwords,
the model does not transcribe them in the correct
language but instead writes them out phonetically
using the script of the other language. This error
was commonly observed across all models. (ii) In-
struction Following Failure is an error that occurs
in multi-task models (e.g., WHISPER) capable of
handling tasks beyond transcription, such as trans-
lation and question answering. This was especially
pronounced with AUDIO-FLAMINGO-3; while this
error was rare in monolingual settings, its high fre-
quency in CS environments made the model unreli-
able for transcription without a separate verification
step. Finally, (iii) Hallucination is an error common
in seq2seq models, including those based on Trans-
formers and LLMs. It refers to cases where the
model incorrectly generates repetitive or excessive
content that is not present in the audio.

Qualitatively, while errors like phonetic tran-
scription often occurred even with monolingual
data, instruction following failures and hallucina-
tions increased markedly in CS data. We attribute
this trend to the fact that during training, ASR mod-
els are exposed to abundant monolingual data but
extremely rare CS data, which hinders the general-
ization of their performance to CS scenarios.

5 Conclusion

In this paper, we propose HiKE, the first public
high-quality hierarchical benchmark for Korean-
English CS-ASR with hierarchical CS-level labels

and loanword labels. Our evaluation of 10 multi-
lingual models in HiKE shows that strong mono-
lingual performance does not generalize to CS sce-
narios. Specifically, we found that models are less
accurate on word- and phrase-level CS, which fea-
ture dense, irregular switch points and complex
grammatical structures, in contrast to the more
predictable sentence-level CS. Furthermore, our
fine-tuning experiments demonstrate that a model’s
CS-ASR capabilities can be improved, even with
synthetic inter-sentential CS data created by con-
catenating monolingual utterances. We believe that
this work will serve as a foundation for future re-
search in CS-ASR, including developing models
for diverse language pairs beyond Korean-English,
generating high-quality synthetic CS data, and ana-
lyzing the generalization of CS-ASR capabilities.

Limitations

Our study has two primary limitations. First, the
scarcity of ASR models that support both Ko-
rean and English precluded a broad comparative
study of diverse architectures. This was especially
true for LLM-based models, as only GPT-4O-
TRANSCRIBE yielded a meaningful CS-ASR per-
formance, which prevented a reliable analysis of
their common characteristics. Second, the scarcity
of high-quality CS data restricted our fine-tuning
experiments to a small scale, precluding a thorough
investigation into methods for eliciting robust CS
capabilities, such as by scaling up synthetic data.
We believe these limitations point to several av-
enues for future research.
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Figure 3: Screenshot of Recording Tool

Characteristic Count
Gender

Male 11
Female 2

Educational Level

Undergraduate 6
Bachelor’s 7
Total 13

Table 4: Demographics of Participants

A Experimental Setup

Unless otherwise specified, all experiment results
were obtained from a single run on a NVIDIA RTX
6000 Ada GPU. We used pyTorch 2.8.0 and trans-
formers 4.56.2 for our experiments.

In finetuning experiments, all models were fine-
tuned for approximately 1 epoch on a single A100
GPU with a batch size of 16, using a cosine an-
nealing scheduler with a 10% warmup and a peak
learning rate of 1e− 5.

B Dataset Recording

As mentioned in Section 3.2, participants per-
formed the data recordings using a web-based inter-
face like the one shown in Figure 3. The webpage
provided recording instructions and scripts in both
Korean and English, and allowed participants to
review their own recordings and perform re-takes
if necessary. The demographic distribution of the
participants, specifically regarding gender and edu-
cational background, is summarized in Table 4.
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Referring to the example below, create a new Korean-English code-switching sample. First, analyze
the example to identify its characteristics and themes, then return a new code-switching sample that
reflects those characteristics, wrapped in a <sample> tag.
<example>
{example}
</example>

Figure 4: Script Cloning Prompt

C License

Our experiments utilize the official code implemen-
tation of PIER (Ugan et al., 2025) (Apache 2.0 Li-
cense), along with other standard machine learning
libraries. Our own evaluation code, developed for
the HiKE benchmark, will also be publicly released
under the Apache 2.0 License.

D Script Cloning Prompt

Figure 4 shows the prompt used to clone a new
script based on a given original script.

E CS-Level Determination

To ensure consistent and automated determination
of CS-levels, we adopted the following hierarchical
procedure. First, a sample is classified as sentence-
level code-switching if it contains at least one sen-
tence composed entirely of English and another
entirely of Korean. Among the remaining samples,
those containing a sequence of two or more consec-
utive words in a language different from the rest are
categorized as phrase-level code-switching. Finally,
any remaining samples where the code-switching
consists of only a single, non-consecutive word are
classified as word-level code-switching. Figure 5
presents the pseudocode for this process. Lmain

represents the main language of the utterance anno-
tated by the authors, whereas Lother indicates the
other language.
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Algorithm 1 CS-Level Determination Procedure
1: procedure LEVEL-DETECTING(RawText, Lmain, Lother)
2: ▷ Step 1 & 2: Pre-processing & Mapping
3: CleanText← RemoveSpecialChars(RawText)
4: Seq ← Map characters to {Lmain, Lother}
5: Segments← Split(Seq, delimiters = {., !, ?})
6: ▷ Step 3: Level Checking (Independent Detection)
7: for each segment in Segments do
8: if segment consists only of Lother then
9: has_sentence← true

10: end if
11: if segment contains a sequence of (Lother, Lother) then
12: has_phrase← true
13: end if
14: if segment contains an isolated unit of Lother then
15: has_word← true
16: end if
17: end for
18: ▷ Step 4: Priority-based Classification
19: if has_sentence then
20: return "sentence"
21: else if has_phrase then
22: return "phrase"
23: else if has_word then
24: return "word"
25: else
26: return "None"
27: end if
28: end procedure

Figure 5: CS-Level Determination Procedure
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