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Abstract

We propose an efficient layer-specific optimiza-
tion (ELO) method designed to enhance contin-
ual pretraining (CP) for specific languages in
multilingual large language models (MLLMs).
This approach addresses the common chal-
lenges of high computational cost and degrada-
tion of source language performance associated
with traditional CP. The ELO method consists
of two main stages: (1) ELO Pretraining, where
a small subset of specific layers, identified in
our experiments as the critically important first
and last layers, are detached from the original
MLLM and trained with the target language.
This significantly reduces not only the num-
ber of trainable parameters but also the total
parameters computed during the forward pass,
minimizing GPU memory consumption and ac-
celerating the training process. (2) Layer Align-
ment, where the newly trained layers are rein-
tegrated into the original model, followed by
a brief full fine-tuning step on a small dataset
to align the parameters. Experimental results
demonstrate that the ELO method achieves a
training speedup of up to 6.46 times compared
to existing methods, while improving target
language performance by up to 6.2% on qual-
itative benchmarks and effectively preserving
source language (English) capabilities.

1 Introduction

Recent studies have focused on enhancing multilin-
gual large language models (MLLMs) for specific
languages (Zhao et al., 2023). Notably, studies like
Chinese-Llama (Cui et al., 2024) and EEVE (Kim
et al., 2024) have demonstrated improved perfor-
mance by continual pretraining (CP) of MLLMs
for target languages. However, these models en-
counter two major challenges. First, enhancing per-
formance on a target language often significantly
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degrades performance on the primary language, En-
glish (Choi et al., 2024). Second, enhancing perfor-
mance in the target language through CP demands
significant time and resources, posing challenges
for small-scale researchers (Naveed et al., 2024).
To address these issues, lightweight training tech-
niques such as Low-Rank Adaptation (LoRA) have
been introduced to enhance model performance by
modifying only a portion of the model (Hu et al.,
2021). However, even when using LoRA, the time
savings compared with full fine-tuning (FFT) are
minimal. This is because while it significantly re-
duces the number of trainable parameters, the for-
ward pass requires computation through both the
original model weights and the additional LoRA
parameters.

This computational overhead during the forward
pass led us to a new hypothesis. Instead of merely
limiting the trainable parameters within the full
model (like LoRA), what if we could also reduce
the computed parameters during CP by training a
much smaller, separate model?

This line of inquiry led to our core concept:
detaching a small subset of MLLM layers to be
trained independently. Following this, we pro-
pose an efficient layer-specific optimization (ELO)
method that focuses solely on this detached portion
of layers for enhancing specific languages. The
proposed method comprises two phases: ELO pre-
training and layer alignment. First, ELO pretraining
involves this detachment and CP process to imbue
specific linguistic knowledge. Layer alignment is
the phase where the newly acquired knowledge
from ELO pretraining is transferred into the origi-
nal MLLM.

This approach significantly reduces the number
of model parameters during CP, thereby minimiz-
ing time and resource costs. Experimental results
indicate that the training speed of the proposed
method was 6.46 times faster. Qualitative evalu-
ations performed similar or up to 6.2% superior
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results. The contributions of this study can be sum-
marized as follows:

• We propose an efficient CP method, ELO, for
MLLMs, enriching the availability of specific
languages.

• Through comprehensive analysis, we have
demonstrated the real-world effectiveness of
the approach employed in our method.

2 Related Work

Efficient Fine-Tuning. Parameter-efficient fine-
tuning (PEFT) methods are gaining prominence as
language models continue to grow in size. These
methods efficiently customize pretrained models
for specific languages or tasks (Bai et al., 2024).
Among these, LoRA (Hayou et al., 2024; Lialin
et al., 2023; Dettmers et al., 2024) is a notable
lightweight training method that achieves perfor-
mance comparable to that of FFT by training a sub-
set of parameters. However, these methods offer
minimal training speedup over FFT. This is because
while they reduce the number of trainable param-
eters, the computational cost remains high, as the
forward pass must still be computed through all
original model weights and the additional adapter
parameters (Hu et al., 2021).

Selective Layer Tuning. As the number of lay-
ers in LLM increases, research on layer-selective
tuning, based on the distinct roles each layer per-
forms, has been proposed. Lad et al. (2024) demon-
strated that not all layers serve the same function;
the middle layers are responsible for understand-
ing context and sentence structure, whereas the
initial and final layers focus on integrating infor-
mation. In a similar vein, EEVE (Kim et al., 2024)
proposed a method for training only specific lay-
ers in the target language to improve performance
in target language. While selective, this approach
(as utilized in EEVE) still operates within the full
model architecture. Consequently, it suffers from
the same computational overhead as LoRA: the for-
ward pass must still be computed across all model
parameters, even if only a subset of layers is being
updated (Kim et al., 2024).

3 Efficient Layer-Specific Optimization

As established in Section 2, conventional PEFT
methods like LoRA and selective layer training
suffer from a significant computational bottleneck.
Although they reduce the number of trainable pa-
rameters, they still require the forward pass to be
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Figure 1: Description of the proposed ELO training
process

computed across the entire model architecture. This
results in minimal training speedup over FFT.

To overcome this fundamental limitation, we pro-
pose Efficient Layer-Specific Optimization (ELO).
The core idea of ELO is to detach a small subset
of specific layers from the original model before
pretraining. This action creates a much smaller,
independent model for the CP phase. This layer
detachment approach directly solves the overhead
problem by drastically reducing not only the train-
able parameters but also the total parameters com-
puted during the forward pass. The ELO method
comprises two main stages: (1) ELO pretraining
and (2) layer alignment.

3.1 ELO Pretraining
The initial stage involves detaching specific layers
from the original model for pretraining, as shown in
Figure 1. The language model comprises n decoder
layers L = {ℓ1, ℓ2, . . . , ℓn}, the token embedding
layer ℓe, and the head layer ℓh. We define the set
of specific layers that comprise the ELO model as
λ ⊂ L, where θe and θh represent parameters for ℓe
and ℓh, respectively, and θλ represents parameters
for λ. We selected λ to encompass the first and last
decoder layers, i.e., λ = {ℓ1, ℓn}. The pretraining
process can be expressed as follows:

θELOM = {θe, θh, θλ} (1)

LPT = −
|Dpt|∑

i=1

|xi|∑

j=1

logP (xj |x<j ; θELOM) (2)

The ELO model was trained using each sample
from the pretraining dataset Dpt, with the English-
{Target Language} ratio set to 1:9 according to
Equation 2. In this context, LPT represents the
causal language-modeling loss function, with θ0
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denoting the parameters of the original model. Only
the parameters θλ of the ELO model are trained to
infuse knowledge of the target language.

3.2 Layer Replacement and Alignment

The second stage transfers knowledge learned dur-
ing the first stage back to the original model (θ0).
We replace θλ in the original model θ0 with θELOM.
By replacing these two layers, it is possible to in-
ject knowledge of the target language into specific
layers while preserving the finely tuned token em-
bedding and head layers, as well as existing layers
rich in English knowledge. However, because this
method modifies only the parameters of specific
layers in the original model, aligning these layers
requires further pretraining using a small dataset.
Accordingly, we introduce a layer alignment step
after replacement, wherein FFT is applied to the
entire model using an additional 1GB of training
data.

3.3 Bilingual Instruction Tuning

Because the model that has undergone the layer
alignment process is a pretrained model, it exhibits
limited capability in following user instructions.
To efficiently improve instruction-following perfor-
mance in the target language with less data, we first
adopt the chat vector method (Huang et al., 2024).

This method extracts knowledge by calculating
the deviation (θchat vector = θInst − θPT) between
a pretrained model (θPT) and an instruction-tuned
model (θInst). The extracted θchat vector is then inte-
grated into our layer-aligned model to efficiently
transfer the instruction-following capabilities. Af-
ter integrating the chat vector, we then conducted
supervised fine-tuning (SFT).

For SFT, we utilized 31K instruction data ex-
tracted in a 1:1 ratio in both the target language and
English from the ShareGPT-style dataset (Devine,
2024), which contains dialogue records from lan-
guage models such as GPT4 (OpenAI, 2023). De-
tails of the dataset can be found in Appendix A.3.

4 Experiments

Our experiments are designed to empirically val-
idate the main claims of ELO. We aim to assess
whether our layer detachment strategy successfully
overcomes the forward-pass bottleneck and leads
to significant training speedups compared to FFT
and LoRA. We also evaluate whether ELO effec-
tively enhances performance in the target languages

(Korean and Japanese) compared to both the base
model and traditional FFT, and whether it main-
tains strong performance in the source language
(English) without the significant degradation of-
ten seen in CP. To answer these questions, we first
introduce the evaluation benchmarks, the models
used, and then present our main results. We follow
this with an in-depth ablation study to justify our
specific design choices, such as layer selection and
the alignment process.

4.1 Evaluation Benchmarks
We conducted experiments to evaluate the effec-
tiveness of ELO using Korean and Japanese as
target languages, chosen for their distinct differ-
ences from English. Our evaluation of the LLMs
was divided into quantitative and qualitative as-
sessments (Zhou et al., 2023; Choi et al., 2024).
Quantitative evaluation involves scoring based on
numerical metrics (e.g., accuracy, F1-score), while
qualitative evaluation assesses long-form genera-
tive answers using an LLM-as-a-judge (e.g., GPT-
4).

For English, we used MMLU(Hendrycks et al.,
2020) for quantitative evaluation, a benchmark that
evaluates knowledge across 57 topics, measuring
accuracy. For qualitative evaluation, we used MT-
Bench (Zheng et al., 2023), a set of 80 challenging
multi-turn open-ended questions evaluated by a
GPT-4 judge on a 10-point scale.

For Korean, the quantitative benchmark was
KoBEST (Jang et al., 2022), a suite of 5 NLU tasks
requiring advanced Korean knowledge, evaluated
using F1-score. The qualitative benchmark was
LogicKor (Park, 2024), a multi-turn dataset mea-
suring reasoning ability across six domains (e.g.,
reasoning, mathematics, coding) with 42 prompts,
also judged by GPT-4 on a 10-point scale.

For Japanese, we employed MARC-ja (Kuri-
hara et al., 2022) for quantitative assessment, a text
classification task based on the Multilingual Ama-
zon Reviews Corpus, using accuracy_norm as the
metric. For qualitative assessment, we used MT-
Bench(ja) (Stability-AI, 2024), a Japanese transla-
tion of MT-Bench, which similarly uses a GPT-4
judge and a 10-point scale.

4.2 Model Description
We compared the proposed ELO method with con-
ventional FFT in terms of efficiency using the fol-
lowing open-source LLMs: Llama 3.1-8B (Dubey
et al., 2024), Mistral-7B-v0.3 (Jiang et al., 2023),
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Model CP / ELO pretraining Layer alignment Quantitative Eval. Qualitative Eval. (Out of 10)
Korean

Data size (Tokens) Time Data size (Tokens) Time Total time MMLU(en) KoBEST(ko) MT-Bench(en) LogicKor(ko)

Llama3.1-8B-Instruct - - - - - 68.07 56.02 6.96 6.03
Llama3.1-FFT 10 GB (2.8 B) 19.8 h - - 19.8 h 67.51 66.08 6.70 7.31
Llama3.1-ELO 9 GB (2.5 B) 1.5 h 1 GB (0.3 B) 2.0 h 3.5 h 66.69 60.81 6.79 7.76

Mistral-7B-Instruct-v0.3 - - - - - 59.69 49.01 6.72 4.49
Mistral-FFT 10 GB (4.7 B) 31.0 h - - 31.0 h 57.47 61.68 6.61 6.50
Mistral-ELO 9 GB (4.2 B) 1.7 h 1 GB (0.6 B) 3.1 h 4.8 h 58.90 60.56 6.97 6.59

Qwen2-7B-Instruct - - - - - 69.89 60.17 7.67 6.90
Qwen2-FFT 10 GB (3.1 B) 20.5 h - - 20.5 h 70.23 72.37 7.11 6.95
Qwen2-ELO 9 GB (2.8 B) 1.8 h 1 GB (0.3 B) 2.1 h 3.9 h 70.11 71.57 7.25 7.22

Japanese
Data size (Tokens) Time Data size (Tokens) Time Total time MMLU(en) MARC-ja MT-Bench(en) MT-Bench(ja)

Llama3.1-8B-Instruct - - - - - 68.07 96.36 6.96 4.85
Llama3.1-FFT 10 GB (2.7 B) 19.4 h - - 19.4 h 67.50 96.25 6.99 5.38
Llama3.1-ELO 9 GB (2.4 B) 1.4 h 1 GB (0.3 B) 2.0 h 3.4 h 67.51 95.35 6.90 5.58

Mistral-7B-Instruct-v0.3 - - - - - 59.69 83.43 6.72 4.36
Mistral-FFT 10 GB (4.1 B) 29.7 h - - 29.7 h 54.86 80.05 6.26 5.68
Mistral-ELO 9 GB (3.7 B) 1.7 h 1 GB (0.4 B) 3.0 h 4.7 h 55.19 89.53 6.38 5.68

Table 1: Performance and training time comparison of the proposed ELO method and FFT for three languages.

and Qwen2-7B (Yang et al., 2024). The model
names in Table 1 refer to models trained using the
following methods:

{base_model}-Instruct The official instruct-
tuned models are released by each company.

{base_model}-FFT This model refers to one
that was first fine-tuned on the base_model us-
ing the FFT method, followed by instruction tun-
ing, as outlined in Section 3.3. For example, the
Llama3.1-FFT model in Table 1 was trained with
10GB of CP data, followed by instruction tuning
with 31K data.

{base_model}-ELO This refers to a model that
applied the ELO method proposed in Section 3.

4.3 Experimental Results
Overall. The results presented in Table 1 indicate
that both the FFT and ELO configurations signifi-
cantly outperformed the {base_model}-Instruct
models in the qualitative evaluation. Specifically,
the ELO method achieved a 22.2% improve-
ment in LogicKor performance compared with
Llama3.1-8B-Instruct. However, in the quanti-
tative evaluations, performance varied considerably
across languages and base models. These findings
indicate that the proposed pretraining and bilingual
instruction tuning methods significantly enhance
performance on target languages.

Qualitative Evaluation Effect of ELO. As
shown in the Qualitative Evaluation column of Ta-
ble 1, the models trained with the ELO consistently
outperformed those trained with FFT in the qual-
itative assessments for Korean, and Japanese. No-
tably, the ELO models achieved higher scores in

LogicKor, with a 0.45p improvement for Llama3.1
and a 0.27p improvement for Qwen2, than their
FFT counterparts. Also, ELO has demonstrated
substantial efficiency, reducing the training time by
an average of 5.88-fold compared with that of FFT.

Quantitative Evaluation Effect of ELO. In the
quantitative evaluations, performance varied with
respect to the source language (English) and tar-
get languages. For the English MMLU evaluation,
the base (-Instruct) models generally achieved the
highest performance. However, the average perfor-
mance difference compared with ELO was only
2.42%, suggesting that the impact was minimal.
This is likely because both ELO and FFT were
more focused on target languages using a 1:9 ratio
in CP. Supporting this, the Korean quantitative eval-
uation (KoBEST) results show that the ELO mod-
els consistently outperformed the base (-Instruct)
models by margins ranging from 8.55% to 23.57%.

Resource Efficiency of ELO. ELO has demon-
strated substantial efficiency, reducing the training
time by an average of 5.88-fold compared with FFT.
The strength of ELO lies in its ability to achieve
comparable or superior qualitative performance to
that of FFT while using fewer computational re-
sources. When trained on 10GB of PT data, ELO
accelerates training by 5.26 to 6.46 times compared
to FFT. For example, as shown in Table 1, the ELO-
enabled model outperformed the Llama3.1-FFT
model by 6.2% on LogicKor while achieving a
5.66-fold speedup.

Furthermore, Figure 3 shows that ELO signif-
icantly outperforms LoRA in training speed, em-
pirically validating our hypothesis from Sections
1 and 2. While Figure 3 confirms that LoRA pro-

755

https://huggingface.co/meta-llama/Meta-Llama-3.1-8B-Instruct
https://huggingface.co/meta-llama/Meta-Llama-3.1-8B
https://huggingface.co/meta-llama/Meta-Llama-3.1-8B
https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.3
https://huggingface.co/mistralai/Mistral-7B-v0.3
https://huggingface.co/mistralai/Mistral-7B-v0.3
https://huggingface.co/Qwen/Qwen2-7B-Instruct
https://huggingface.co/Qwen/Qwen2-7B
https://huggingface.co/Qwen/Qwen2-7B
https://huggingface.co/meta-llama/Meta-Llama-3.1-8B-Instruct
https://huggingface.co/meta-llama/Meta-Llama-3.1-8B
https://huggingface.co/meta-llama/Meta-Llama-3.1-8B
https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.3
https://huggingface.co/mistralai/Mistral-7B-v0.3
https://huggingface.co/mistralai/Mistral-7B-v0.3


Model Param Data Single Multi Total

Llama3-8B-Instruct 8 B - 2.09 2.54 2.32
Llama3-8B-Instruct-SFT 8 B - 6.26 5.45 5.86
Llama3-FFT 8 B 10 GB 6.14 6.21 6.18
Llama3-ELO 8 B 10 GB 6.40 5.95 6.18
Llama3-ELO 8 B 50 GB 6.40 6.36 6.38
Llama3-ELO 8 B 200 GB 6.95 7.00 6.97

Llama3-70B-Instruct 70 B - 2.62 3.00 2.76
Llama3-ELO 70 B 50 GB 7.52 7.24 7.38
Llama3.1-70B-Instruct 70 B - 7.66 7.90 7.78
Llama3.1-ELO 70 B 50 GB 8.79 8.52 8.65

Table 2: Internal evaluation results using LogicKor.

vides minimal time savings over FFT, ELO is 5.29
times faster than LoRA when trained with 50GB
of data. This efficiency gap widens as the data size
increases; with 200GB of data, ELO is 10.72 times
faster than LoRA. These results demonstrate that
ELO’s layer detachment strategy successfully over-
comes the forward-pass computational bottleneck
that limits LoRA.

5 Ablation Study

In Section 4, we demonstrated that ELO achieves
superior efficiency and performance compared to
existing methods. However, critical questions re-
garding the optimal configuration and the under-
lying mechanisms of ELO remain. In this section,
we conduct an in-depth analysis using the Korean
qualitative benchmark, LogicKor, to address these
inquiries. We first investigate whether the perfor-
mance gain scales with the amount of pretraining
data or if the limited capacity of the detached layers
poses a bottleneck. We then examine if the improve-
ments are consistent across different model sizes,
such as 70B parameters, and disentangle the con-
tribution of bilingual instruction tuning from the
ELO pretraining itself. Furthermore, we provide
an empirical justification for our selection of the
first and last layers and analyze the sensitivity of
performance to this choice. Finally, we verify the
necessity of the layer alignment phase and deter-
mine the optimal amount of data required for this
step.

ELO with More Pretraining. We now raise the
question of whether increasing the volume of pre-
training data diminishes learning effectiveness ow-
ing to the limited capacity of the layers to accom-
modate information. After examining the results
in Table 2, we evaluated the performance of the
Llama3-ELO model by pretraining it with volumes
of data ranging from 10 to 200GB. Based on these
findings, we observed that as the volume of pre-
training data increased, there were substantial im-

provements in performance.

ELO with Bigger Size Model. Another ques-
tion regarding the ELO method is whether simi-
lar performance improvements can be observed in
larger models. The performance results for the 70B
model are shown in Table 2. A comparison between
Llama3-70B-Instruct and Llama3-ELO, both
based on the 70B model, demonstrated significant
performance improvements with the ELO model.
However, since Llama3.1 showed substantial im-
provements in Korean language performance com-
pared to version 3.0, additional experiments were
needed to compare Llama3.1-70B-Instruct and
Llama3.1-ELO. These experiments also revealed a
notable performance increase of 10% with ELO.

Impact of Bilingual Instruction Tuning. In
Table 2, Llama3-8B-Instruct-SFT refers to the
model fine-tuned on Llama3-8B-Instruct us-
ing the instruction data outlined in Section 3.3.
This significant performance improvement high-
lights the impact of instruction data. Moreover,
the performance gap between the ELO model,
which uses relatively small amounts of PT data,
and Llama3-8B-Instruct-SFT was minimal. This
suggests that increasing the volume of PT data is
crucial to fully leveraging the benefits of ELO.

Model MT-Bench (en) LogicKor (ko)

Llama3.1-ELO(1,32) 6.96 7.76
Llama3.1-ELO(1,16,32) 7.11 7.69
Llama3.1-ELO(1,16) 7.03 5.79
Llama3.1-ELO(8,24) 7.19 5.00
Llama3.1-ELO(16,17) 7.00 5.47

Table 3: Impact of layer selection on ELO.

Why were the first and last layers selected?
Our experiments revealed that applying ELO to
the first and last layers yields the best performance.
As shown in Table 3, the proposed λ = {ℓ1, ℓn}
configuration, specifically Llama3.1-ELO (1,32),
significantly improved the LogicKor score to 7.76.
This configuration, along with Llama3.1-ELO
(1,16,32), outperformed all others, indicating that
the first and last layers are the most critical. This
aligns with Lad et al. (2024)’s findings, which high-
light the importance of these layers in synthesizing
and aggregating information.

In contrast, other configurations were less ef-
fective. Training intermediate layers, such as λ =
{ℓ8, ℓ24} (Llama3.1-ELO(8,24)), resulted in a no-
tably poor score of 5.0. This suggests that different

756



0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0
Amount of Layer Aligning Data (GB)

4.5

5.0

5.5

6.0

6.5

7.0

7.5

Lo
gi

cK
or

 S
co

re

Avg LogicKor Score

Figure 2: Performance variation of LogicKor based on
the amount of PT data for its layer aligning

layers vary in importance when incorporating new
knowledge. Furthermore, using only the 1st and
16th layers (Llama3.1-ELO(1,16)) led to minimal
improvements, suggesting that the first layer alone
struggles to maintain consistent knowledge flow.

An interesting observation is that, regardless of
which layers were trained with ELO, the MT-Bench
(English) scores remained stable. This likely re-
flects the fact that the layers not involved in ELO
training (e.g., 30 layers in the (1,32) configura-
tion) retained their English knowledge, preserving
performance. However, when ELO was trained ex-
clusively on the target language without bilingual
training, we observed a decline in performance.

Effect of Layer Aligning To examine whether
layer aligning is necessary and how much data is
required for optimal performance, we progressively
increased the amount of alignment data from 0GB
to 4GB in 0.5GB increments using the Llama-ELO
model described in Table 1. As shown in Figure 2,
omitting layer aligning yielded the lowest Log-
icKor score (4.5), whereas even 1GB of data im-
proved performance substantially to 7.76. The best
result was obtained with 1.5GB (7.78), but further
increases did not provide meaningful gains and in
some cases slightly reduced performance. These
results demonstrate that layer aligning is a cru-
cial component of the ELO method and that only
a small amount of bilingual data (approximately
1GB) is sufficient to achieve near-optimal perfor-
mance. Consequently, we adopt 1GB as the default
alignment size throughout this study to balance
efficiency and effectiveness.

Comparison of Training Speed Based on Pre-
training Data Size As mentioned in Section 2
and Section 3, limiting the number of trainable pa-
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Figure 3: Comparison of the training time across ELO,
FFT, and LoRA training methods

rameters in a model does not significantly reduce
training time unless the model’s overall size is re-
duced. Additionally, as the amount of training data
increases, larger models require substantially more
training time compared to smaller models. Figure 3
presents a comparison of the time taken to train
Llama3.1-8B using ELO, LoRA, and FFT meth-
ods. When trained with 50GB of data, the ELO
method is 5.29 times faster than LoRA and 6.04
times faster than FFT. However, when trained with
200GB of data, this difference increases to 10.72
times and 12.23 times. Therefore, the proposed
method of enhancing specific languages through
selective layer training becomes increasingly effi-
cient as the amount of training data grows.

6 Conclusion

In this paper, we proposed Efficient Layer-Specific
Optimization (ELO) to address the computational
bottleneck of continual pretraining (CP) in MLLMs.
Existing PEFT methods like LoRA offer minimal
training speedup because they must compute the
forward pass across the entire model. ELO over-
comes this via a layer detachment strategy By train-
ing a small subset of critical layers (the first and
last) as a smaller, independent model, ELO drasti-
cally reduces the parameters computed during the
CP phase. This approach minimizes GPU mem-
ory consumption during this pretraining phase and
enables significant acceleration.

Our experimental results demonstrate that ELO
achieves a training speedup of up to 6.46 times
compared to FFT. It also yields superior qualita-
tive performance in target languages by up to 6.2%,
while effectively preserving source language ca-
pabilities. This work establishes ELO as a highly
efficient and effective alternative for multilingual
adaptation.
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7 Limitations

The ELO method minimizes GPU memory usage
during the pretraining phase and accelerates the
overall training process; however, it still has the
following two limitations.

Even a minimal amount of FFT is required
While our experiments have shown that layer align-
ment with a minimal amount of data, such as 1GB,
is sufficient, the layer alignment phase remains es-
sential. Since this phase requires training all the
parameters of the original model, it demands more
GPU memory than ELO pretraining. Therefore, it
does not reduce the peak GPU memory require-
ment in the overall training process.

Investigation of CP experiments with over 1TB
of data The performance of the FFT and ELO
methods has not been verified when the data size
exceeds 1TB. Unfortunately, it was impossible
to conduct experiments with larger, high-quality
datasets, as finding such data was difficult. Addi-
tionally, it is estimated that experimenting with
larger models and larger datasets would require a
significant amount of time, making these experi-
ments infeasible. Therefore, while the ELO method
demonstrated superior performance over FFT with
datasets up to 200GB, further experiments with
larger data sizes are necessary.
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A Data Analysis

A.1 Details of the Benchmark Dataset

The evaluation of the LLM was divided into quantitative and qualitative assessments (Zhou et al., 2023;
Choi et al., 2024). Quantitative evaluation involves scoring based on numerical metrics, which is done
automatically. For instance, multiple-choice questions, such as true/false or four-option questions, were
categorized under quantitative evaluation. The datasets used for this include MMLU, KoBEST, and
MARC-ja. In contrast, qualitative evaluation was applied to tasks requiring the assessment of long-form
answers, which were evaluated either by human judges or through automated evaluation using GPT. The
datasets used for qualitative evaluation include MT-Bench, LogicKor, and MT-Bench(ja). Below is an
introduction to the detailed evaluation datasets for each language.

English

• MT-Bench: MT-bench is a set of challenging 80 multi-turn open-ended questions for evaluating chat
assistants . To automate the evaluation process, MT-bench prompts strong LLMs like GPT-4 to act as
judges and assess the quality of the models’ responses. The maximum score is 10 points.

• MMLU: MMLU(Massive Multitask Language Understanding) is a benchmark that evaluates knowl-
edge across 57 topics. In this paper, we used accuracy as the evaluation metric.

Korean

• LogicKor: LogicKor is a multi-turn benchmark dataset designed to measure reasoning ability in
various domains for Korean language models, using an LLM-as-a-judge approach. The dataset
consists of a total of 42 multi-turn prompts across six categories: reasoning, mathematics, writing,
coding, comprehension, and Korean language. LogicKor prompts strong LLMs like GPT-4 to act as
judges and assess the quality of the models’ responses. The maximum score is 10 points.

• KoBEST: KoBEST is a Korean benchmark suite consists of 5 natural language understanding tasks
that requires advanced knowledge in Korean. In this paper, we used F1-score as the evaluation metric.

Japanese

• MT-Bench(ja): MT-Bench(ja) is a benchmark released by Stability-AI, created using the MT-Bench.
MT-bench(ja) prompts strong LLMs like GPT-4 to act as judges and assess the quality of the models’
responses. The maximum score is 10 points.

• MARC-ja: MARC-ja is a dataset of the text classification task. This dataset is based on the Japanese
portion of Multilingual Amazon Reviews Corpus. In this paper, we used accuracy_norm as the
evaluation metric.

A.2 Details of the Pretraining Dataset

Table 4,5 displays the sources of the datasets used for pretraining, along with the size of each dataset.
In this paper, we express data size in GB rather than in tokens to avoid disparities in the number of
samples across languages, which would hinder fair data utilization. The number of tokens per GB varies
by language, ranging from approximately 1 billion to 1.3 billion. Thus, 10GB of data contains roughly 10
to 13 billion tokens.
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Language Source Content Size(GB)

Korean

AI-Hub1 News, Books 19.15

Modu-corpus2 Paper, News 19.20

WIKI-ko3 Wikipedia 1.17

uonlp/CulturaX4 Web 99.73

cc100-ko5 Web 40.46

Total 179.71

English fineweb6 Web 19.98

Total 199.69

Table 4: Korean Pretraining Dataset Source

Language Source Content Size(GB)

Japanese uonlp/CulturaX7 Web 9.00

English fineweb8 Web 1.00

Total 10.00

Table 5: Japanese Pretraining Dataset Source

A.3 Details of the Instruction Tuning Dataset
For a fair evaluation, we used the publicly available Instruction-Following dataset during the SFT
(Supervised Fine-Tuning) phase, applying it uniformly across all models. The Tagengo dataset consists of
over 70,000 prompt-response pairs in the ShareGPT format, covering 74 languages, formatted similarly
to those used in Vicuna (Chiang et al., 2023). This dataset underwent human review and modification.
We collected Korean, Japanese and English subsets from the Tagengo dataset, gathering 31K Instruction-
Following pairs. Samples of the Korean data utilized can be found in Table 6.

B Experiment Environment

To ensure reproducibility and comparability across studies, we conducted evaluations using publicly
available benchmarking tools (Gao et al., 2021).

GPUs Used. We used eight NVIDIA H100 GPUs for the training and evaluation of the model.

Hyperparameters. The hyperparameter settings used in this study can be found in Table 7. All models
were trained for 1 epoch during the PT stage and 10 epochs during the SFT stage.

Experiment Reproduction. We are making code used for testing available to allow for exact reproduc-
tion of the experiments conducted in this study. The qualitative responses generated by the models during
the experiments can be downloaded from the supplementary materials.

1https://www.aihub.or.kr
2https://kli.korean.go.kr/corpus
3https://github.com/lovit/kowikitext
4https://huggingface.co/datasets/uonlp/CulturaX
5https://huggingface.co/datasets/lcw99/cc100-ko-only
6https://huggingface.co/datasets/HuggingFaceFW/fineweb
7https://huggingface.co/datasets/uonlp/CulturaX
8https://huggingface.co/datasets/HuggingFaceFW/fineweb
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Sample of lightblue/tagengo-gpt4 data
[Korean Instruction]
금융전문가가되어주식이무엇인지설명하시오.

(Please explain what stocks are as if you were a financial expert.)
[OUTPUT]
주식(stock)은 기업의 소유권을 나타내는 금융 자산입니다. 한 기업이 자본을 조달하기 위해 발행하는 주식을 구매
함으로써, 구매자는 그 기업의 일부 소유권을 갖게 됩니다. 이는 구매자가 해당 기업의 주주가 되며, 기업의 이익과
손실,성장과위축에따라주식의가치가변동한다는것을의미합니다.
(A stock represents a financial asset that signifies ownership in a company. By purchasing shares issued by a company to
raise capital, the buyer acquires partial ownership of that company. This means the buyer becomes a shareholder and the
value of the stock fluctuates with the company’s profits, losses, growth, and contraction.)

주식은크게두가지유형으로나뉩니다:보통주와우선주입니다.
(Stocks are primarily divided into two types: common stock and preferred stock.)

1. 보통주(Common Stock): 보통주는 주주에게 투표권을 부여하며, 기업의 이익에 따라 배당금을 받을 수 있는
권리를줍니다.그러나회사가파산할경우,채권자,우선주주주,그리고다른의무가충족된후에야보통주주주들이
자산에서몫을받을수있습니다.
(1. Common Stock: Common stock grants shareholders voting rights and the right to receive dividends based on the
company’s profits. However, in the event of bankruptcy, common stockholders receive their share of assets only after
creditors, preferred stockholders, and other obligations have been satisfied.)

2. 우선주(Preferred Stock): 우선주는 보통주보다 배당금 지급에 있어 우선권을 갖습니다. 즉, 회사가 배당금을
지급할 때 우선주 주주들이 먼저 배당을 받습니다. 그러나 대부분의 우선주는 투표권이 없어 회사의 중요한 결정에
참여할수없습니다.
(2. Preferred Stock: Preferred stock has priority over common stock in terms of dividend payments. This means preferred
stockholders receive dividends first when the company pays out dividends. However, most preferred stocks do not grant
voting rights, so holders cannot participate in major company decisions.)

주식은 주식시장에서 거래됩니다. 이 시장은 크게 두 가지로 나뉘는데, 하나는 주식을 처음으로 공개하는 기업과
투자자간의거래가이루어지는기업공개(IPO, Initial Public Offering)시장이고,다른하나는이미공개된주식이
투자자들사이에서거래되는 2차시장입니다.
(Stocks are traded on the stock market, which is divided into two main types: the Initial Public Offering (IPO) market,
where shares are first issued and traded between the company and investors, and the secondary market, where already
issued shares are traded among investors.)

주식투자는기업의성장에참여하고그이익을공유할수있는기회를제공하지만,기업의성과에직접적으로영향을
받기때문에위험도내포하고있습니다.따라서투자자는주식투자에앞서기업분석,시장분석,자신의투자목표와
위험감수능력을면밀히고려해야합니다.
(Stock investing provides an opportunity to participate in a company’s growth and share in its profits, but it also involves
risk due to the direct impact of the company’s performance. Therefore, investors should carefully consider company
analysis, market analysis, their investment goals, and risk tolerance before investing in stocks. )

Table 6: Example of the instruction data for ShareGPT data

value
learning_rate 5.0e-06
Optimizer AdamW_bnb_8bit
lr_scheduler cosine
Epoch for PT 1
Epoch for SFT 10
sequence_len 8192
Batch size for ELO PT 4
Batch size for ELO align 1
Batch size for sft 1
Random Seed 42

Table 7: Applied hyperparameter settings.
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