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Abstract

The emergence of open-source large language
models (LLMs) has expanded opportunities for
enterprise applications; however, many orga-
nizations still lack the infrastructure to deploy
and maintain large-scale models. As a result,
small LLMs (sLLMs) have become a practical
alternative despite inherent performance limita-
tions. While Domain Adaptive Continual Pre-
training (DACP) has been explored for domain
adaptation, its utility in commercial settings
remains under-examined. In this study, we vali-
date the effectiveness of a DACP-based recipe
across diverse foundation models and service
domains, producing DACP-applied sLLMs (ixi-
GEN). Through extensive experiments and real-
world evaluations, we demonstrate that ixi-
GEN models achieve substantial gains in target-
domain performance while preserving general
capabilities, offering a cost-efficient and scal-
able solution for enterprise-level deployment.

1 Introduction

The development of large language models (LLMs)
was initially dominated by a few companies that re-
stricted model weight parameters, but the release of
LLaMA (Touvron et al., 2023) expanded LLM ac-
cessibility, narrowing the gap between proprietary
and open models (Grattafiori et al., 2024; Guo et al.,
2025; Gemma Team, 2024), leading many compa-
nies to focus on fine-tuning and continual learning
rather than developing models from scratch (Sing-
hal et al., 2023; Yang et al., 2023). To address the
performance limitations of small LLMs (sLLMs)
in industrial applications (Li et al., 2024; Lu et al.,
2024b), this study proposes a continual pretrain-
ing methodology that optimizes sSLL.Ms within ser-
vice domains, improving performance and cost ef-
ficiency.

This study introduces Domain Adaptive Contin-
ual Pretraining (DACP) as a methodology to mit-
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Figure 1: DACP-applied sLLM outperforms the base
model in both the Telco domain and commercial ser-
vice tasks, while preserving general domain capabilities,
thereby enabling cost-efficient yet high-performance
service delivery.

igate performance degradation in sLLMs and en-
hance their effectiveness in target domains. DACP
offers an alternative to training models from scratch
by continual pretraining a general-purpose LLM
on a corpus of domain-specific unlabeled data (Xie
et al., 2024b). Through experiments, we demon-
strate that our method enables efficient domain
adaptation across various domains, backbone mod-
els, and model sizes, and we further validate its
practical viability through a case study on its suc-
cessful integration into an industrial application.
The overall process is illustrated in Figure 2.

The contributions of this study are as follows.

First, we demonstrate that DACP-applied
smaller LLMs (sLLMs) can outperform larger gen-
eral domain models within target domains, thereby
significantly mitigating performance limitations
due to model size. This finding highlights the
potential for deploying high-performing yet cost-
efficient sSLLMs in real-world enterprise services.

Second, we conduct extensive experiments
across multiple domains (Telco and Finance) and
foundation models (LLaMA, Qwen, EXAONE) to
establish a robust DACP training recipe. Through
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Figure 2: Workflow for domain-adapted sLLM development. The process begins with domain-adaptive continual
pretraining (DACP) using both general and domain corpora, followed by instruction tuning to produce domain
adapted models. These models are exposed via APIs and optionally fine-tuned, enabling commercial service
applications. Evaluation and feedback loops ensure continuous improvement.

ablation studies, we identify key factors contribut-
ing to performance gains and provide practical
guidelines for domain adaptation.

Finally, beyond benchmark evaluations, we con-
duct human evaluations on real-world service
tasks, such as customer service summarization
and Telco/Finance QA, demonstrating that DACP-
applied models deliver not only quantitative gains
but also measurable improvements in user experi-
ence.

2 Related Work

Large language models (LLMs) are increasingly
applied across various domains, with research ex-
ploring diverse tasks that leverage their embedded
knowledge (Kaur et al., 2024). However, as models
become outdated, retraining from scratch is pro-
hibitively expensive, highlighting the need for con-
tinual learning, which updates models using newly
added data rather than an entirely new dataset (Jang
et al., 2022; Wu et al., 2024; van de Ven and Tolias,
2019; Parisi et al., 2019).

The need for continual learning has been em-
phasized to address the limitations of open models,
which were initially developed with an English-
centric focus and exhibited lower performance
in other languages (Wu et al., 2024; Zhao et al.,
2024b). While advancements in open models have
helped alleviate language imbalance (Zhao et al.,
2024a; Cui et al., 2024; Kim et al., 2024), re-
searchers continue to explore domain adaptation
methods to further enhance the model (Ling et al.,
2023; Song et al., 2025; Lu et al., 2024a).

Efforts to enhance model adaptation have ranged
from fine-tuning small-scale corpora to continual
pretraining on medium-scale corpora, typically in-

volving hundreds of gigabytes of data (Gupta et al.,
2023). However, continual pretraining requires fre-
quent model updates, which can cause catastrophic
forgetting, a persistent challenge in continual learn-
ing research (Parisi et al., 2019), that we address
through mitigation strategies and experimentally
verify to maintain general performance.

Our method should be applied to the founda-
tion model before instruction tuning (Gururangan
et al., 2020), necessitating post-training to restore
instruction-following capabilities. Fortunately, this
topic has been actively studied in the open-source
community (Sanh et al., 2022).

Unlike previous work (Jiang et al., 2024; Wu
et al., 2023), primarily focused on domain adapta-
tion itself, we extend LLM domain adaptation re-
search by verifying an adaptation recipe across vari-
ous domains and backbone models, while also eval-
uating its effectiveness and industrial efficiency.

3 DACP Recipe

In industry, domain adaptation of LLMs has tra-
ditionally relied on fine-tuning smaller domain
datasets (Ling et al., 2023). However, supervised
fine-tuning (SFT) primarily leverages pretrained
knowledge rather than systematically incorporat-
ing new domain knowledge (Gekhman et al., 2024).
To address this, we propose leveraging mid-scale
domain corpora during continual pretraining to en-
hance domain adaptation. This approach, however,
involves repeated updates to the weight parameters
and thus introduces the risk of catastrophic for-
getting of pretrained knowledge (Yogatama et al.,
2019; Liu et al., 2024).

This phenomenon poses a significant challenge
in LLM domain adaptation: overly aggressive adap-
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Figure 3: Model performance on general and Telco
benchmarks with varying proportions of replay and
Telco dataset proportions.

tation can erode general knowledge and reasoning
ability. Consequently, maintaining an appropriate
balance between domain expertise and pretrained
knowledge is crucial for achieving high perfor-
mance on domain tasks while preserving reliable
responses to general queries (Li and Hoiem, 2018;
Liao et al., 2024), as illustrated in Figure 4.

During the DACP process, training is conducted
using a mid-scale corpus. However, a key concern
is the risk of catastrophic forgetting, where knowl-
edge acquired during pretraining may be lost while
learning new domain knowledge (Yogatama et al.,
2019). This phenomenon can lead to a decrease in
overall model performance, underscoring the need
for effective mitigation strategies.

To mitigate this risk, we adopt replay datasets,
which have been shown to be effective in contin-
ual pretraining (Scialom et al., 2022). Specifically,
we construct a pseudo-replay dataset from widely
used public corpora—FineWeb (Hugging Face,
2024), CC (Common Crawl, 2025), Wikipedia, and
GitHub Code—given that most open-weight mod-
els do not disclose their dataset compositions. To
further improve Korean language performance, we
additionally incorporate substantial Korean corpora
from AIHub (AI Hub, 2025) and NIKL (National
Institute of the Korean Language, 2025).

To balance general-domain retention and do-
main learning, we conducted a preliminary study
on the replay ratio using the EXAONE-3.5 2.4B
model and a 3B token dataset in the Telco domain.
Varying the replay data ratio, we evaluated perfor-
mance on general-domain (Son et al., 2024a,b) and
Telco benchmarks. As shown in Figure 3, a 50% re-

play ratio effectively preserves general capabilities
while improving domain performance. We there-
fore adopted this ratio for the full DACP corpus
(Table 1); further details are in Appendix A.

4 Data Preparation

4.1 DACP Dataset Preparation

We constructed a training dataset by combining a
target domain dataset with a pseudo-replay dataset.
The Telco dataset is primarily composed of Telco
customer service conversation transcriptions from
speech recognition, supplemented with telecom-
munication and network-related knowledge. Due
to typographical errors from speech recognition in
this pseudo corpus, we developed an error correc-
tion model to improve pretraining efficiency. In Ap-
pendix B for details of the preprocessing and error
correction pipeline. To promote deeper contextual
understanding, a subset of data was annotated with
supporting information. The final dataset composi-
tion is shown in Table 1. Meanwhile, the financial
domain dataset was also constructed, with details
summarized in the Appendix F.

Dataset Size Ratio
Telco Corpora 140GB 45.90%
Korean Corpora 100GB 32.97%
English Corpora 50GB 16.18%
Code 15GB 4.92%
Total 305GB 100%

Table 1: Composition of training-set for Telco DACP.

4.2 Post-training Dataset Preparation

Since DACP focuses on domain knowledge acqui-
sition rather than instruction-following, it is ap-
plied prior to instruction tuning. As a result, DACP-
applied models may lack instruction-following abil-
ity, necessitating post-training (e.g., instruction and
alignment tuning) to enable effective knowledge
use. Without this step, models may fail to apply
acquired domain knowledge. For post-training, we
used public instruction datasets such as Tulu 3
(Lambert et al., 2025), AIHub (AI Hub, 2025),
and a synthetic dataset generated from human-
annotated seed data.

S Experiment

We conducted extensive experiments to validate our
method, with training settings in Appendix C. This
section confirms that DACP applied to Telco and
financial datasets consistently improved domain
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General Domain Benchmark

Model MMLU BBH KMMLU HAERAE GSMS8k-Ko Avg,
Original Instruction Model (Vanilla)

Llama 3.2 3B IT 59.77 57.10 34.23 42.44 33.59 45.43
Qwen 2.5 3B IT 66.48 34.20 34.32 62.42 44.50 48.38
EXAONE 3.524B IT 59.30 47.93 42.77 66.18 47.01 52.64

"Llama3.18BI1T =~ 6807 7103 41.66 6379 5262 5943
Qwen 2.5 7B IT 74.21 57.69 46.90 75.80 60.27 62.97
EXAONE 3.5 7.8B IT 65.35 56.97 44.93 78.28 54.97 61.01

"EXAONE3.532BIT 7404 67179 51.12 8350 6429 6815
Telco DACP Model (Ours)

Llama 3.2 Telco 3B IT 52.97 30.15 36.49 57.93 33.28 42.16 (-7%)
Qwen 2.5 Telco 3B IT 64.06 18.61 46.38 62.97 50.80 48.56 (+0%)
EXAONE 3.5 Telco 2.4B IT 54.89 32.31 37.37 66.64 38.97 50.03 (-5%)

" Llama3.1 Telco SBIT =~ 6374 7166 a7 7021 4556 5859 (-1%)
Qwen 2.5 Telco 7B IT 71.16 61.50 53.20 70.76 62.93 63.91 (+1%)
EXAONE 3.5 Telco 7.8B IT 63.19 59.30 43.70 74.70 55.19 59.22 (-1%)

" EXAONE 3.5Telco 32BIT 7061 7068 4705 8213 6490 67.07 (2%)

Table 2: Performance comparison of original instruction models and Telco Domain Adapted models (Telco DACP)
evaluated on the General Domain Benchmark. Models are grouped by size (dashed lines). Percentage improvements
over original models are shown in parentheses. Bold scores indicate an improvement over the instruction model.

Telco Domain Benchmark

Model Single QA  Chat CLS Passage Chat Chat SM  Vocabulary Avg.
Original Instruction Model (Vanilla)

Llama 3.2 3B IT 37.00 38.00 79.33 38.50 47.00 47.97
Qwen 2.5 3B IT 29.00 29.50 76.67 44.71 55.50 47.08
EXAONE 3.524BIT 16.00 58.50 42.00 40.98 54.00 42.30

" Llama3.18BIT  ~ 37.00 4150 7733 4339 5550 0 5090
Qwen 2.5 7B IT 25.00 67.50 62.67 36.96 56.00 49.63
EXAONE 3.5 7.8BIT 19.00 66.00 33.33 37.27 59.00 42.92

" EXAONE3.532BIT 2500  78.00 40.67 4843 5700 4982
Telco DACP Model (Ours)

Llama 3.2 Telco 3B IT 97.00 61.00 80.67 54.75 68.50 72.38 (+51%)
Qwen 2.5 Telco 3B IT 94.00 53.00 81.33 63.82 62.50 70.93 (+50%)
EXAONE 3.5 Telco 2.4B IT 96.00 56.00 72.00 63.69 67.00 70.94 (+67 %)

" Llama32 Telco 8BIT ~ 92.00 72.00 8733 6549 = 69.00  77.16 (+52%)
Qwen 2.5 Telco 7B IT 92.00 41.50 90.00 59.32 68.50 70.26 (+41%)
EXAONE 3.5 Telco 7.8B IT 91.00 63.50 82.00 53.08 66.00 71.12 (+66 %)

" EXAONE 3.5Telco 32BIT ~ 9400 9200 8267 6097 9250 @ 84.43(+69%)

Table 3: Performance comparison of original instruction models and Telco Domain Adapted models (Telco DACP)
evaluated on the Telco Domain Benchmark. Models are grouped by size (dashed lines). Percentage improvements
over original models are shown in parentheses. Bold scores indicate an improvement over the instruction model.

adaptation performance while preserving general
domain capabilities.

5.1 Benchmark Datasets

The primary objective of DACP is to enhance per-
formance in the target domain while reducing per-
formance degradation in the general domain.

To verify the maintenance of general domain
performance, we utilized publicly available bench-
mark datasets. Specifically, to evaluate perfor-
mance in both Korean and English, we used a to-
tal of five benchmark datasets: MMLU(Hendrycks
et al., 2021) for overall language understanding,
KMMLU(Son et al., 2024a) and HAE-RAE Bench

(Son et al., 2024b) for Korean language comprehen-
sion, Big Bench Hard(Suzgun et al., 2023) for rea-
soning, and GSM8k-ko(Kuotient, 2024) for assess-
ing Korean mathematical abilities. These general
benchmarks were selected to reflect the practical
requirements of industrial applications.

On the other hand, for the Telco domain, due
to the absence of publicly available benchmarks,
we developed an in-house benchmark. The Telco
benchmark is primarily based on call center data,
and aside from a telecommunications and network
terminology test designed to evaluate Telco-related
knowledge, it mainly comprises tasks related to
call center operations. The detailed composition of
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Model General Finance
Avg. Avg.

EXAONE 3.524B IT 52.64 39.52

" Llama3.18BIT 59.43 4740
Qwen 2.5 7B IT 60.74 46.98
EXAONE 3.5 7.8B IT 60.10 45.53

" Qwen2532BIT 5848 5048
EXAONE 3.5 32B IT 68.15 50.70

" Llama3.370BIT 66.05 5223
Qwen 2.5 72B IT 65.37 52.62
EXAONE Finance 2.4B IT 49.64(-6%)  58.88(+49%)

" EXAONE Finance 7.8BIT ~ 59.56(-1%)  59.54(+31%)

Table 4: Performance of instruction models vs. Finance
DACP-applied models on Finance and General bench-
marks. Bold indicates improvement; percentages show
relative gains. DACP-applied to EXAONE 3.5 models
(2.4B, 7.8B).

the Telco benchmark is presented in Table 11, with
examples provided in Appendix E.

Unlike the Telco domain, where publicly avail-
able benchmarks are scarce, the financial domain
benefits from well-established benchmarks due to
extensive prior research, some of which were used
in our evaluation (Islam et al., 2023; Xie et al.,
2024a; Lin et al., 2025). Detailed information on
the financial domain benchmark is provided in Ap-
pendix G.

5.2 Evaluations

To validate DACP’s effectiveness, we conducted
benchmark evaluations to quantitatively assess
overall model performance and industrial applica-
tion evaluations to verify its practical applicability
in real-world settings.

5.2.1 Benchmark Evaluations

As shown in Figure 1, applying DACP with Telco
domain data to the EXAONE 3.5 7.8B founda-
tion model, followed by post-training, resulted
in EXAONE Telco 7.8B IT, which outperformed
both EXAONE 3.5 7.8B IT and larger open model
competitors on Telco benchmarks. This confirms
that domain knowledge was successfully acquired
through DACP while maintaining general domain
performance comparable to the original EXAONE
3.5 7.8B IT model, effectively mitigating catas-
trophic forgetting.

Building on these findings, Table 2 and 3 show
that applying the same dataset and training method-
ology through DACP and post-training led to con-
sistent domain performance gains across all mod-
els, with only minor fluctuations in general-domain

results. Notably, model size moderates the trade-
off: very small models (<3B) can lose up to 7%
on general reasoning benchmarks like BBH, indi-
cating stronger forgetting, whereas larger models
both improve domain performance and better pre-
serve—or even enhance—general capabilities. This
underscores the need for careful replay and data
composition in smaller models and highlights the
relative stability of DACP in larger LLMs.

To further assess the generality of our approach
beyond a single domain, we additionally applied
DACP and post-training to a financial domain
dataset. As shown in Table 12, the proposed ap-
proach is effective beyond the Telco domain, with
the finance-adapted model outperforming larger
general SLLMs in its target domain, similar to the
Telco case.

Experiments demonstrate that DACP allows en-
terprises to deploy domain-adapted sLLMs instead
of larger models for cost-efficient operations.

5.2.2 Evaluations of Telco Application
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Figure 4: Screenshot and dialogue example of NW QA
system. Industrial SLLM usage requires balancing do-
main adaptation with general knowledge, as overfitting
to a domain can harm overall user experience. The trans-
lated version is provided in Table 14 in Appendix.

In this study, we evaluated the practical util-
ity of a Telco-domain LLM enhanced via DACP
by deploying it in a real-world industrial set-
ting—specifically to support customer service
agents. After each customer call, agents perform
two summarization tasks based on the call tran-
scription: (1) summarizing the customer’s request,
and (2) summarizing the actions taken by the agent.
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Model Post Extraction & Computation &  Strategic Text Overall
Training Summarization Table Recognition Planning Generation MRR
EXAONE 3.5 7.8B (vanilla) X 61.11 20.00 48.33 61.11 47.64
EXAONE 3.5 7.8B o 34.44 50.00 44.44 21.67 37.64
EXAONE 3.5 Finance 7.8B o 83.33 77.78 50.00 83.33 73.61

Table 5: We performed an ablation study on each SFT(RAG) and DPO and show the results. Mean Reciprocal Rank
(MRR) Evaluation Across Machine Reading Comprehension(MRC) Finance Tasks (rescaled from 0-1 to 0-100 for

better clarity)
Customer Request Agent Response
Model Mobile Home Mobile Home Avg.
EXAONE 3.5 2.4B 4.16 4.44 3.60 432 413

EXAONE 3.5 Telco 2.4B 4.52 4.72 4.32 444 4.50

Table 6: Human evaluation (1-5 scale) of baseline and
Telco models on customer service summarization.

We applied Telco adapted-LLM to automate both
tasks.

To assess the efficiency of DACP in an industry
application, we fine-tuned a baseline foundation
model and a Telco-domain adapted model on call
summarization tasks, followed by human evalua-
tion (Appendix H). As shown in Table 6, the Telco-
domain model significantly outperformed the base-
line, demonstrating that exposure to Telco-domain
call transcription data enhances the model’s ability
to understand and accurately summarize customer
service conversations.

NW QA System (Success vs. Fail)
50% 60% 70% 80% 90% 100%
Fail
2
(0.5%)

Telco 328 377 (99.5%)

29

350 (92.3%) (7.7%)

Base 32B ‘

22

Telco 7.8B (5.8%)

357 (94.2%)

69

310 (81.8%) (18.2%)

Base 7.8B ‘

Figure 5: Success / fail rates of telco-adapted vs. base
QA models after service SFT, highlighting the gain from
Telco adaptation.

We further applied the Telco-domain adapted
model to a network equipment QA system. Both the
baseline foundation model and the DACP-applied
model were fine-tuned for retrieval-augmented gen-
eration (RAG) on the network QA task. As shown
in Figure 5, the DACP-applied model showed a
substantial reduction in failure rates, demonstrat-
ing its effectiveness in enhancing domain-specific
understanding. These results confirm that DACP
offers a cost-efficient and practical solution for im-
proving RAG performance in industrial settings

beyond what is achievable through conventional
fine-tuning.

Moreover, the results show that the smaller
DACP-applied model outperforms a larger model,
highlighting its practicality for real-world deploy-
ments with infrastructure or service-level con-
straints.

5.2.3 [Evaluation of Finance Application

We evaluated LLMs with DACP and RAG on
financial-domain tasks, as the sector’s specialized
terminology and complex concepts provide an ef-
fective testbed for assessing DACP.

As shown in Table 5, all models except
the first vanilla baseline were post-trained and
evaluated using the same top-3 retrieved refer-
ence passages. The DACP+-post-training approach
achieved 73.61% MRR, outperforming both the
vanilla EXAONE model and the post-trained base-
line model, resulting in a 95% improvement and
demonstrating the effectiveness of domain adapta-
tion in specialized financial applications.

6 Conclusion

We propose a recipe for executing DACP using
a mid-scale domain corpus. Through experiments,
we have demonstrated that this methodology can be
effectively applied to industrial applications. Our
study shows that even in environments with limited
inference computing infrastructure, employing a
DACP-applied sLLM with a relatively small num-
ber of parameters can achieve higher performance
than larger parameter models. The proposed ap-
proach has proven robust across variations in do-
main, parameter size, and foundation model type.

This method allows companies to obtain a high-
performing, domain-adapted sLLM at a lower cost
through DACP, eliminating the need to deploy
larger models to meet service quality requirements.
By delivering excellent performance in real-world
services, it is expected to provide an enhanced user
experience to customers.
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7 Limitations

This study applies DACP to open-source LLMs
such as LLaMA, Qwen2.5, and EXAONE. How-
ever, since most open-source LLMs do not dis-
close their original pretraining corpora, this poses
a structural limitation when constructing replay
datasets. To address this, we built a replay cor-
pus for general knowledge retention by combining
widely used public sources such as FineWeb, CC-
Net, and Wikipedia. While this approach is practi-
cal in terms of reproducibility and accessibility, the
resulting data may differ from the original training
data in topic coverage, writing style, and informa-
tional depth.

In particular, if the replay corpus is not suf-
ficiently aligned with the general knowledge on
which the base model was originally trained, the
DACP process may still nominally perform replay,
but may fail to retain general knowledge effec-
tively—thereby undermining the intended effect
of knowledge preservation. To mitigate this, fu-
ture work should focus on indirectly estimating the
characteristics of the original pretraining data and
designing more precisely aligned replay corpora
that better match its distribution and style.
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A Experimental Details for Replay Ratio
Selection in DACP

This experiment was designed to identify the opti-
mal proportion of replay data for use in DACP. The
goal was to determine an effective balance between
retaining general-domain knowledge and special-
izing in a target domain, specifically telecommuni-
cations. To conduct this experiment efficiently, we
used a smaller-scale model, EXAONE-3.5 2.4B, and
constructed a lightweight dataset of approximately
10GB (around 3 billion tokens) sampled from the
full pretraining corpus. Within this fixed data bud-
get, we incrementally increased the proportion of
replay data creating five different data mixtures.
Each mixture was then used to train the model fol-
lowing a consistent configuration that mirrored the
setup of the full DACP process, including similar
optimization schedules and training steps.

After training, all five models were evalu-
ated on general-domain benchmarks and five
telecommunications-specific benchmarks (see Ap-
pendix E for details). For the general benchmarks,
we used non-instruction-following tasks only while
all benchmarks of Appendix D and KoBEST(Kim
et al., 2022), in line with the base model’s capa-
bilities, to focus on raw knowledge retention. In
addition, the original, untrained EXAONE-3.5 2.4B
model was evaluated on the same benchmarks to
serve as a baseline for comparison.

The results showed that increasing the replay
data ratio led to improvements in general-domain
performance, while domain-specific performance
gradually declined. In particular, performance
gains on the general benchmarks began to sat-
urate once the replay data ratio exceeded 50%,
whereas the degradation in domain-specific per-
formance accelerated beyond this point. Based on
this trend, we determined that a 50% ratio of re-
play to domain-specific data provided the most
balanced outcome—effectively mitigating catas-
trophic forgetting while still achieving noticeable
improvements in domain specialization. This result
is illustrated in Figure 3, and detailed benchmark
results for this experiment are provided in Tables 7
and 8. Based on the results of this experiment, we
selected the 50% ratio when constructing the full-
scale DACP dataset.

During the experiment, we applied a reduced
training configuration with smaller batch sizes and
shorter context lengths to facilitate faster iteration.
While this setting slightly limited the degree of do-
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Replay Ratio KMMLU HAERAE KoBest MMLU General AVG.
5% 26.59 63.79 59.84 50.34 50.14
10% 27.10 65.44 59.97 50.22 50.68
25% 27.70 64.16 61.46 49.72 50.76
50% 33.00 64.53 66.29 51.37 53.80
75% 32.73 65.35 66.87 51.32 54.07
Base 32.20 64.62 67.17 53.78 54.44

Table 7: General benchmarks performance comparison of replay ratio

Replay Ratio  Vocabulary Single QA Chat CLS Chat SM Passage Chat Telco AVG.
5% 59.50 66.00 31.50 63.57 84.00 60.91
10% 59.50 70.00 31.50 62.28 79.33 60.52
25% 61.00 66.00 30.00 62.95 79.33 59.86
50% 61.00 69.00 7.50 64.77 76.00 55.65
75% 54.50 66.00 8.00 36.19 78.67 48.67
Base 56.50 39.00 14.50 44.03 67.33 44.27

Table 8: Telco benchmarks performance comparison of replay ratio
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Figure 6: Impact of Replay Ratio and Batch Size on
Accuracy. Average accuracy on General (left) and Telco
(right) benchmarks for batch sizes 64 and 512. While
accuracy in the General domain increases with higher
replay ratios, the Telco domain shows a performance
drop beyond 25%, highlighting differing sensitivities to
replay strategies.

main adaptation and made forgetting effects appear
less severe, it proved sufficient for identifying re-
play ratio trends. Moreover, this setup helped us
make informed decisions about learning rate, token
budget, and batch strategy for full-scale training.
This result is illustrated in Figure 6. Detailed hyper-
parameter configurations used in this experiment
are documented in Appendix C.

B Preprocessing in Telco Customer
Service Conversation Transcriptions

In the case of telecommunications inquiries of
DACP datasets, speech-to-text (STT) transcripts
of customer service calls were utilized. However,
these transcripts inherently contain various STT
errors (e.g., typographical errors, recognition fail-
ures). To address this, we employed an SFT-trained
sLLLM, leveraging manually corrected preprocess-

ing data and typo correction datasets. For error
correction, this enabled us to reconstruct sanitized
data, and the preprocessing process was finalized
by performing random sampling-based validation.

Additionally, since the transcripts often contain
sensitive personal information, de-identification
was necessary. To this end, we developed a dataset
for detecting 19 categories of personal information
(e.g., names, phone numbers, addresses, dates of
birth) in telecommunication transcripts. A BERT-
based personal information detection model was
trained using this dataset. The detected personal
information was subsequently masked through a
post-processing logic, and sanitized datasets were
reconstructed accordingly. As with the previous
step, random sampling-based validation was con-
ducted to complete the preprocessing.

C Training Settings

During continual pretraining, hyperparameters
such as the learning rate and the proportion of re-
play data are critical. An excessively high learn-
ing rate risks catastrophic forgetting of pretrained
knowledge, whereas an overly low learning rate
impedes the effective acquisition of domain knowl-
edge. Similarly, a low replay ratio increases for-
getting, while an excessively high ratio reduces
domain learning efficiency. We used empirical ex-
perimentation to determine a learning rate schedule
using a cosine decay scheduler with an initial rate
of 1 x 107°. To mitigate forgetting, we limited
the number of training steps by setting the maxi-
mum context length to 32K tokens and configured
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a global batch size of 2,048.

D General Benchmark Details

We evaluate five general benchmarks (MMLU,
BBH, KMMLU, HARRAE, GSM8K-Ko) using LM
Eval Harness(Gao et al., 2021). Given that gener-
ation speed is crucial for enterprise services, we
employ the vLLM serving framework (Kwon et al.,
2023) for evaluation to better reflect real-world de-
ployment scenarios. Instead of the CoT approach,
which generates a large number of output tokens,
we adopt a few-shot prompting strategy by includ-
ing examples in the input tokens. Specifically, we
apply the following settings: KMMLU (5-shot),
HARRAE (5-shot), GSMSK-Ko (5-shot), MMLU
(5-shot), and BBH (3-shot).

E Telco Benchmark Details

The Telco dataset is primarily composed of call
center-related data. Except for a telecommunica-
tions/network terminology test designed to assess
telecom and network knowledge, most tasks are
related to call center operations. Each task was
developed based on real use cases and has been
thoroughly validated by telecommunications and
customer service experts. Table 16 and 17 below
presents the tasks along with examples. The overall
evaluation was conducted using the implementa-
tion within LM Eval Harness(Gao et al., 2021).
To compensate for the lack of telecommunications
and network knowledge assessment, we conducted
evaluations using a test set for the RAG QA system,
as detailed in Figure 5 and Table 20.

F Finance DACP Datasets

The unsupervised training dataset for the financial
DACP was constructed from a relatively smaller
amount of data compared to the Telco domain due
to limited raw financial data. Based on the available
financial data, we assembled the financial DACP
dataset in a ratio similar to that of the Telco DACP
dataset, with the results presented in Table 9. This
enabled us to evaluate the applicability of the ap-
proach to domains beyond telecommunications,
such as finance.

G Finance Benchmark Details

For the financial domain evaluation, we curated a
benchmark dataset by selecting tasks commonly
encountered in the finance industry. Subject mat-
ter experts formulated queries and answers across

Dataset Size Ratio
Finance Corpora 24.5GB 46.22%
Korean Corpora 20GB 37.73%
English Corpora 5.5GB 10.37%
Code 3GB 5.66%
Total 53GB 100%

Table 9: Size and ratio of training dataset for Finance
DACP.

Models hit@3 Finance
EXAONE 3.5 7.8B IT 0.91 0.633
EXAONE 3.5 7.8B + RAG FT 0.91 0.666
EXAONE Finance 7.8B + RAG FT 0.91 0.683

Table 10: Comparison of Model Performance in Finance
Domain

three categories: passage-based multiple-choice
QA (FinPMCQA, Logit Likelihood), passage-
based generation QA (FinPQA, Korean PoS Rouge-
L), and document summarization (FinSM, Korean
PoS Rouge-L), ensuring a diverse set of cases for
each category. These benchmarks are composed
based on various financial statements, financial re-
ports, and contractual terms. Among these, exam-
ples related to contractual terms can be found in
Table 18 and 19. The overall evaluation was con-
ducted using the implementation within LM Eval
Harness(Gao et al., 2021).

H Call Center Application Evaluation
Details

To evaluate the effectiveness of the DACP-applied
model in a Call Center scenario, we conducted
a human evaluation comparing two models: the
baseline model and Telco LLM. Table 13 presents
the evaluation criteria, where each summarization
task has a distinct objective, and annotators assign
scores ranging from 1 to 5. A bilingual dialogue
used in the evaluation—corresponding to Figure
3—is provided in Table 14.

I RAG System in Finance Evaluation
Details

Table 10 presents the overall performance of the
financial RAG system from the leaderboard in (All-
ganize, 2024). With top-3 passages, the DACP-
applied model outperforms the baseline models.

Table 15 presents the evaluation criteria and met-
rics for each category, with rank ranging from 1 to
5.
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Telco Task #of Items  Description

Vocabulary 200 Selecting the correct term for a given description (Logit Likelihood)

Passage Chat 150 Selecting the appropriate response to a customer query in customer service conversations
(PoS Rouge-L Acc: Tokenizing generated text using Korean PoS tagging and selecting the
candidate with the highest Rouge-L score)

Single QA 100 Selecting the correct response to a customer query without conversational context (BLEU
Acc: Selecting the candidate with the highest BLEU score)

Chat SM 100 Summarizing customer service conversations (PoS Rouge-L: Tokenizing generated text
using Korean PoS tagging and calculating Rouge-L with the reference text)

Chat CLS 200 Classifying customer service conversation types (BLEU Acc: Selecting the candidate with

the highest BLEU score)

Table 11: Types and descriptions of benchmarks built to evaluate Telco domain performance.

Model FinPMCQA FinPQA FinSM Finance Avg. General Avg.
Original Instruction Model (Vanilla)
EXAONE 3.524B IT 59.50 28.44 30.61 39.52 52.64
"Llama3.18BIT 7025 4151 3044 4740 5943
Qwen 2.5 7B IT 61.00 42.02 37.92 46.98 60.74
EXAONE 3.57.8BIT 62.50 29.65 44 .45 45.53 60.10
" Qwen2532BIT ¢ 6050 3895 51.99 5048 5848
EXAONE 3.5 32B IT 69.75 32.32 50.03 50.70 68.15
"Llama3.370BIT ¢ 6875 4884 39.10 5223 66.05
Qwen 2.5 72B IT 57.25 41.77 58.84 52.62 65.37
Finance DACP Model (Ours)
EXAONE Finance 2.4B IT 60.25 62.31 54.08 58.88(+49%) 49.64(-6%)
" EXAONE Finance 7.8BIT ¢ 63.00 5691 5871  59.54(+31%) = 59.56(-1%)

Table 12: Performance comparison of original instruction models and Finance Domain Adapted models (Finance
DACP) evaluated on the Finance and General Domain Benchmarks. Models are grouped by size (dashed lines).
Bold scores indicate an improvement over the instruction model. ’FinPMCQA’, ’FinPQA’, and ’FinSM’ denote
Finance Passage-based Multiple Choice Question Answering, Finance Passage-based Question Answering, and
Finance Summarization tasks, respectively. Percentage improvements over original models are shown in parentheses.

DACP was applied only to EXAONE 3.5 2.4B and 7.8B models.

Evaluation Criteria

Customer Request Summary

Agent’s Response Summary

Score Range

1-5

1-5

Evaluation Objective

Assessing the extent to which the customer’s
request is summarized (i.e., how well the
summary allows for historical tracking in
future references).

Assessing the clarity of the agent’s response
summary in conveying the resolution of the
request (i.e., how well the summary allows
for historical tracking in future references).

Evaluation Standards

1: The summary does not convey the cus-
tomer’s request at all.

3: The summary partially conveys the cus-
tomer’s request, making about half of it un-
derstandable.

5: The summary is concisely written as if
composed by an agent, allowing for effective
historical tracking.

1: The summary does not convey the resolu-
tion provided to the customer at all.

3: The summary partially conveys the resolu-
tion, making about half of it understandable.
5: The summary is concisely written as if
composed by an agent, allowing for effective
historical tracking.

Table 13: Evaluation framework for measuring the quality of customer request and agent response summaries for

historical tracking purposes
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Role

Original (KR)

Machine Translated (EN)

User @

ES7277 4] 0| A] filter dhcpv6 gil-24+= F& &
017197

In the ES727 device, what does “filter dhcpv6
gil-24” mean?

Assistant D

‘filter dhepv6 gil-24’+= ES727AR ZH[of A
DHCPv6 T2 EZ-2 AL25h uf, T E H(gil-
24)0]| Q191 =] %= reply @ advertise 7|71 2}ct
She AR YU F2 7197 REo] H-85

£ g3t DHCPv6 EdZ-g Ao 4= 9l
S4rh.

“filter dhcpv6 gil-24” is a setting on the
ES727AR device that blocks reply and adver-
tise packets coming into the port range gil-24
when using the DHCPv6 protocol. It is typically
applied in subscriber mode and helps suppress
unnecessary DHCPv6 traffic.

User @

LPS-4100 AH§ 413 4] o}

S

Please find the LPS-4100 user manual for me.

Assistant Q)

LPS-4100 AM8 AWME oA TR, &
A 24 e d_=AA A7 EE_e A
&_LPS-4100_AH-&_ ™ A_v1.1pdf (17-21%,

A W 29,

Here’s a document that contains information on
the LPS-4100: Equipment-Manual-Network-
Facilities-Team-OJaehyun-LPS-4100-User-
Guide-vl1.1.pdf (pp. 17-21; installation and
configuration details).

User ® 1ure], @5 { Hex] 77lxE=d A4 H  Thanks! I’'m wondering what to eat to-
FAN=EH? day—could you recommend a lunch menu?

Assistant Q) A W2 thoFst Aefx] 7t &Yttt @ There are plenty of lunch options. Here are a
712 F=ASREEA Q: 1. v)Hg;: AASERfA few suggestions: 1. Bibimbap: A healthy bowl
2} 1715 A vH HiE= A735H S 7]yttt mixing fresh vegetables and meat with rice.
2. AAAN: 2517 whEst FE0] Y=<l 2. Kimchi stew: A spicy, warming soup that
AAAN= W1t s H7] 25Utk 3. B3 pairs well with rice. 3. Bulgogi rice bowl: Sweet
7] @yt 250 A E1 7] E W Yo ¢ and savory bulgogi served over rice for an easy
o] Hi= 7HASH WlFYyth 259 7120t}  meal. Choose according to your mood or today’s
Ao whet dEsEA Q! weather!

Table 14: Example bilingual conversation between a customer (User) and service agent (Assistant).

Evaluation Category Scale

Evaluation Criteria

Evaluation Basis

Data Extraction, Document Understand- 1-5

ing

Level of accurate data extraction
from the document

MRR: Mean reciprocal rank

Document Organization based on Fresh- 1-5
ness, Format Identification & Recom-

Level of freshness recognition
and formatting capability

MRR: Mean reciprocal rank

mendation

Document Generation 1-5 Level of document generation = MRR: Mean reciprocal rank
capability

Memorization of Content 1-5 Level of content memorization =~ MRR: Mean reciprocal rank

using documents

Table 15: The table below describes evaluation and presents a systematic framework for assessing machine reading
comprehension capabilities in the finance domain. Each evaluation category is measured on a 1-5 ranking scale and
quantified using the MRR (Mean Reciprocal Rank) methodology.
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Telco Task #of Items  Original Sample Sample (Machine Translated)
Vocabulary 200 oS F "SAI7| 71 2B o] ou]she W82 AR Which of the following best explains the meaning of “Improper
A Installation of Communication Equipment”?
® 17 @79} 7| o] Hgsh= ME|AE djd =2 @ A marketing method that provides one-on-one services tailored to
ANtz atAI" 719 customer preferences.
@ dlolg A% A] AA G A]7HE(Time slot) 2 2 0] @ A technology that divides data transmission into time slots and
7 zpol| Al el 2 Bl Eoto], of 2] 7Rt Ee distributes/transmits them sequentially to subscribers, allowing
dlo]El7} she] 14 H42 5 A Zask= ]—’5 multiple subscribers or data streams to share a high-speed transmission
line.
® TR AEA AL FARH 1271 §3) F @ One of 12 categories of improvement requirements for KEPCO
O}L}QW W, $A41717]7} 274 ol a1 o] EFet Ael utility pole service inspections, indicating that communication
equipment is improperly fixed to the support wire.
@ NHNSIE | QIHE °] ZFHZAA| Au] AT x 7HH A A @ NHN Entertainment’s simple payment service.  Simple payment:
2z 13] 3|71 2 AAAR A LIE ‘_; LA FHT After registering payment information (credit card/bank account) once,
5525, AAAR 4 glo] 7t elEuto g AA| users can make payments with simple authentication without
re-entering payment details.
Passage Chat 150 Q] AH = Z15}e] O}E}] | 3}e] USER Q] A 2o 714 Please generate the most appropriate response to the USER’s question
AT -2 A5HA based on the following information.
LFA HolE: Plan Table:
5G AU A 1130,0009] | 543 dlo] € | 120GB Z-& 5G Signature | 130,000 KRW | Unlimited Data | 120GB sharing data
elolE
5G Zaujo] Z2 2 1105,000¢ | A5t glo] € | 100GB 5G Premier Plus | 105,000 KRW | Unlimited Data | 100GB sharing data
25 dolg
5G Zejujo] o414 | 85,0009 | F-AISH glo]H 1 30GB F-f 5G Premier Essential | 85,000 KRW | Unlimited Data | 30GB sharing
dlolE data
5G 2A9ITHE 175,0009 1 150GB t|o] €] | 10GB -4 ©lo]e]  5G Standard | 75,000 KRW | 150GB Data | 10GB sharing data
5G Hlo]E Z&] A 66,0009 | 80GB H|o|€] | 10GB Z-&- 5G Data Plus | 66,000 KRW | 80GB Data | 10GB sharing data
dlolEl
*5G Al 214 A 8 FA¢F5G Zajn]o] S A QF A= * Other plans vary. Premium plans offer 1 free benefit (e.g., TVING,
Leju el 17] Fi AlF v Aol E: By, T =y+, Disney+, Netflix, etc.).
FEEREY
1A AgF Y BH): Customer Usage (3-month average):
5G Yol S 2 FA AHES, tlo] e Al 80GB 5 Using 5G Data Plus. Average data use: 150GB (exceeds 80GB limit).
- 150GB AHE, 4019 dlo] g A2 10GB % H+ 5GB Average sharing data use: 5SGB (within 10GB limit).
A&
o Conversation:
C:ehgsialal 8& dlo] E1 E Y5 gol A& A ZobA, C: Hi! I've been using a lot of data lately and I'm thinking about
QA S vHE7 S Q. o]\ AR HlH £271R? changing my plan. Any suggestions?
A: QPFShA| ! T2 O] AFg-EFS RIS E Y, Wt H|o]E] A: Hello! Based on your usage, you’re averaging 150GB of data per
Alg-2Fo] 150GBo] 1 401 & Hlo|E] AFgaFo] SGBY Yt} month, which exceeds your current plan’s 80GB limit. I recommend
A AFR F<15G Hlol g S A R FA 9 glolE AlgHeS the 5G Premier Essential plan. It offers unlimited data and 30GB of
Z3}5}111 Q)5 Ut o]of uhel 5G Zeujo] oAl @ FAE sharing data for 85,000 KRW per month.
ZACY. o] 4 AL 2AG do|H S ATl vl,
41017 Hlo]elE 30GBE Al Beich. U 85,0009k
C: glo]g FAgtolabd 23 @& AAL gz, =] C: Unlimited data sounds great—no more overage fees! Is there a
[P0l 27 AP ML glerta? cheaper option?
AEfz]: Candidate Responses:
@ 5G mejujo] oAl @ FA|HTt AHT R FA| 2= 5G @ The 5G Standard plan offers 150GB data and 10GB sharing for
A-TE @ FA4|71 9l T o] R A= Y 75,0009 75,000 KRW, but overage charges may apply based on your usage.
150GB] ool €]} 10GB] 41012 Hlolel & AZehieh.
ok, Y] W AL RS AARS o ool 23}
8.2 Ao 57t 2ol TAT & AU,
@ 5G Ze]ujo] of Ald Kt A H3E @ FA| 2= 5G 2to] E+ © The 5G Light+ plan offers 12GB data and 20GB sharing for 55,000
7} 95 Uth o] 2 FA1= ¥ 55,0009 12GB 9] H| o]} KRW, but may not suit your needs.
20GBe] 41013 Hlo|El1E AF g .
® 5G dlolE] 1 8 FA7F Qls5Uth o] A3 A= ¥ @® The 5G Data Super plan offers 95GB data and 15GB sharing for
68,000919] 95GB 2] Hlo] 6= A B5tal, 2ol Hlo]H 68,000 KRW.
15GB7} A2t}
@ d|o]E BAIF 8 FA = xg:g A5l SA] F 2o @ Unlimited data is convenient! Are you interested in the latest
%H% 2ntEZo|| tfsf] B4 ezt smartphones?
6 AP QFA = X, o3PS A8 Fo|A2hH o3 (6 Lower plans are great, but if you’re planning a trip, we can explore
AT S 1] HE Aol Y 8% 97| S+e travel-friendly options. Would you like recommendations on trending
AP 2ol sl FH=d7te destinations?
Single QA 100 8. Abct r,ﬂg} Z ApeAre) ARt 2HFE g The following is a customer question during a service conversation.

ity

@men|y o o F S Adshd 4
AT Y 2 dEA o)

ua] 1 a/\(/\s}h:]-\:) ollgahah?i ol ﬂ
:rL:‘ﬁHﬂZ]‘?JHE} o] Foll A st = slE *d }0“1
PEZ ol g5t 4 A&

@ HEFFUYTE FESH U8l dis] g = + =
B} geieh 371 AR ol gloAlchy

wolE Ay

@ 834 WAL Y 3 Folgt sPsgch nAME
QB A AL 2 FA Hol Aol WAL % gt

Choose the correct response.
Q: What benefits are included in the premium plan?

(D One of the benefits for premium members is unlimited coffee refills.
This is based on recent research suggesting that unlimited coffee
consumption is beneficial to health.

@ As a premium benefit, you may choose one of the following
services: TVING, Disney+, Netflix (Basic) + YouTube Premium,
Netflix (Standard), Hello Rental Subscription, Illy Coffee Subscription,
or Google Package. You may enjoy the selected benefit for free.

@ Sorry, we are unable to provide information regarding your question.
Please feel free to ask additional questions.

@ Plan changes are only allowed during the first week of each month.
You may contact customer service or change your plan via the plan
management page.

Table 16: Telco Benchmark Examples (1)
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Telco Task # of Items  Original Sample Sample (Machine Translated)
Chat SM 100 o2 A diskE 2 oFsHA Q. Summarize the following customer service conversation.
g Conversation:
A: oHISHA 8, SAIARI U T <NAME> 117204 A: Hello, this is Telecom. Are you <NAME>?
oo A7k ?
C: Y], 25U th 250|412 AA7IE A dzteE R C: Yes, I am. I want to change my auto-payment from Samsung Card to
HELYT 2lo] Q. Hyundai Card.
A, HAE 7ter 1 Hel 7fe gro X171 Q? A: Is the new card in your name? Please provide your date of birth,
AL 7tEM S, §§ 7|7 32 Hete gy} card number, and expiry date.
C: Y], <BIRTH_NUMBER>, <CARD_NUMBER>, C: Yes, <BIRTH_NUMBER>, <CARD_NUMBER>, expiry date is
87717+ <DATE>$] Ut} <DATE>.
A: 3Fol ZhAFGHU T} <DATE>HE ddj7zlEs @3 Z2A7} A: Thank you. Your payments will be charged to Hyundai Card starting
AlZHEUH A 2 VMEE Mo W7 " Q5HArEa? from <DATE>. Do you need to change any family members’ numbers
as well?

C:olyQ, g5yt C: No, I don’t.
A: 3712 FE A e slrta? A: Do you have any other questions?
C: A7} VIPSld| d|g)-& givra? C: I'm a VIP. Are there any benefits?
A: IS VVIPE %3] 5|0, GS25, uha]|uA| o A A:You are registered as VVIP. You can get discounts at GS25 and Paris
Wl A] HFF E 2 ghQlHko A 4= o)t} &g ol & Baguette using your membership barcode. Shall I send the benefit info
Etg R =d7te? by text?
C: 9|, ZAFY ok C: Yes, thank you.
A: Y|, 7IE 2}5olA M7 e syt L2 51F A: Your auto-payment change has been completed. Have a great day.
HUjA Q.

Chat CLS 200 o2 Al digks B, Al 692 RS 8. Read the following customer service conversation and classify the type

o3}

A: QhFSHAI R, U+ Ut <NAME> 11 74)d 9o 41718

C: U, g5yt up e R A4E o4 Hld) slest v

LA APEE otof s 8.

At I8 Fgolli= Aol A S A 7HER WA slof

AYPFUct. 7k= Al Lo Hita?

C:oh g, 7] Hof| Ro|=a]aj 1 et Ao Q.

A], ALF oA 2| 5] A gt FA A AH50)A

W32 QY] FAH FHuch

C: A%t} <DATE> ¢to 2 A& sjof 230

w7 247k

A: Y], <DATE>7}HA] AA|5HA 9 ulgo] 52 ¢ko

AR} gho AL Furh T FFe A Qlelrtar

C:5G SaA| W72 4 gluta?

A, A XA LA 2 A FolAY 24 syt
2 2o AR glow gt 2418,

Ad:

© BEEY A% )

® 37H g0l 2 gl 78T 2ol
® Aol ] WAl

@ & 934 9IoFPR R

of inquiry.

Conversation:

A: Hello, this is Telecom. Are you <NAME>?

C: Yes. Auto-pay is set to my mom’s card, but it’s broken and needs to
be reissued.

A: In that case, auto-pay needs to be changed to the new card. Have
you received the reissued card?

C: Not yet, I called to ask before receiving it.

A: Once you receive it, please contact us again to update the
auto-payment.

C: Got it. Do I need to take care of this before <DATE> to avoid
missing the payment?

A: Yes, as long as payment is made by <DATE>, there will be no
overdue charges. Any other questions?

C: Is it okay if I change my 5G plan?

A: Yes, you are currently on the lowest plan, so there’s no issue. Feel
free to contact us if you have more questions.

Candidates:

(O Wrong Number (Internal)

® Billing Terms and Current Charges Inquiry
® Autopayment Change/Inquiry

@ Penalty/Contract Inquiry of Home Plan

Table 17: Telco Benchmark Examples (2)
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Fin. Task  # of Items  Original Sample Sample (Machine Translated)
FinPMCQA 400 HITS 911 ofgf] Ao 2HIE F-& NTEH? Read the passage and choose the correct answer to the question below.

[2&1]

A3Z(AH] £ 0]-§A °F)
(1) FHE wA 2] AH| 25 o] 82 A= 71E3] 9 7]
A Aul 2 0]-8-g A1 SHAL B4 8] BH|o) 4] F-& Ff
7FS Adafof ol fadt FHE WEE S|t
Alg-soF it

() FHE A A 2] AH|AE Q55 1 2443 A5 50
SJAF A AE O] FA RS H (YR Sl GAHS Zeeth),
Ol & FAIA = QB I AFI R O] Al A 2] H A7
SO FHE vA|Z] Au]A o] go] Aeh 2], wet d
735 1704 Aol o] gl A] o] ST S A A, A, 8},
A2 (E-mail), Fof & WA 2] 502 & W8-S ehfishor
ok ok, 2158 AP 0 2 FolE A 2] AH| A o]-go]
Aeh, 21, Fete A g w2 e 5 fle Btelle
AGE 2] 57 FolE v A 2] AE) A g2 o]-8A ol A
SA] T A gelof sho A2 0 2 Fof i vl A 2] AE) A
ol-g-o] Agh A4, FetE o] of-gApol|A| a7k YT
7ol o1& v dste = A Th
(3) A2 ThA o= S oAl o3 2
o-g A7} el S e 4 Qs
o]-g7e] FE 4, B, w3l

o

ol g7ke] FTE Aol AAMYALE, ol 87l Aelgle
A2 FAEe] 47 B ofA)H Ao

ol g7ke] FUE s AAE AL sl el gre
Ae

@) SIALS FOIE w A7) A2 A2 8 9o wet

ol g7 7)ol 5 dels ¢ 9 7} %390 3009 2]
SREE YT 5 AGUL SRS AAT A WA A
319N o Sl A, ol &l ZHAIA, AR, ¢, Asl,
A5 (B-mail), FHVEN A 5 2714 o] o] W o =
ol g Aol 7] 42 W7 Aot 1A e, 4= WAl
ah2 AlkalA] Wl ghfslof g,

PEEL R REPNESEE

FEEErL

O Ol8AE £4EE AdHoR FRE 5 9]

@ RE 0|87l 7] ¢ 300919] $52 7} FahEl

® ol- 822 7] <15| o] ge) 300919] 5527} BT,
SeRE GOIE T WA Ao Rabhc,

FERE

offd,

A

+

&

1r

[Passage]

Article 3 (Service Usage Agreement)

(1) A person who wishes to use the mobile message service must apply at
the time of card membership registration or through the Company’s
telephone service, website, etc., and must provide a valid mobile phone
number to the Company.

(2) The mobile message service is provided 24 hours a day, 365 days a
year. However, if the service is restricted, delayed, or omitted due to
maintenance, repair, or inspection of the Company’s system (including
subcontracted service providers), or due to the maintenance, repair, or
inspection of the systems of telecom or internet network operators, the
user must be notified at least one month in advance via billing statements,
written notice, phone call, email, or mobile message. In cases of urgent
circumstances where advance notice cannot be given, the undelivered
mobile message must be resent to the user immediately, and if the user
suffers any damages due to the restriction, delay, or omission of the
mobile message service, the Company must compensate for those
damages.

(3) Notwithstanding Paragraph (2), the user may not claim compensation
for damages in the following cases:

If the user cannot properly receive the mobile message due to reasons
attributable to the user, such as loss, theft, damage, or malfunction of
their mobile phone.

If the mobile phone is turned off or is suspended or terminated due to
reasons attributable to the user.

If the user fails to notify the Company of a change in their mobile phone
number.

(4) The Company may charge a fee of 300 KRW per individual member
(including the main member and family members) depending on the
scope of the mobile message service provided. If the fee is to be changed,
starting three months before the change, the Company must notify users
each month of the reason for the change, the details of the change, and
the method for contract termination due to the fee change, through at
least two of the following means: website, billing statement, written
notice, postal mail, telephone, email, or mobile message.

[Question] How is the mobile message service fee charged?

(@ The user may choose whether or not to pay the fee.

@ A monthly fee of 300 KRW is charged to all users.

@ A fee of 300 KRW is charged per individual member.

@ The fee is only charged when the mobile phone number is changed.

Table 18: Finance Benchmark Examples (1)
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Fin. Task  #of Items  Original Sample Sample (Machine Translated)

FinSM 250 HEOl Y& 377 o]5t2 Q9F5IA| Q. Summarize the content of the passage in no more than three sentences.
[E&1 [Passage]
A3 Z(FHHA 9 AR 5 Article 3 (Stipulation and Revision of Terms and Conditions)
[OR:S Q}—T"—}S “AlH] /\”7]— FEH A2 AEEH o F= (@ These terms and conditions have been established as the service has
AAFFAH AR A Ho|| et A g FHo g = been designated as an innovative financial service under the Special Act
Eddo| 114 o}— 717F ol A gt <A ) A A o] 7H5EHH, on Financial Innovation Support, and the service can only be provided
24 7|17 £ 8, nv o] F2] B WG WY Sof within the period specified by the Act. The service may be changed or
o)5te] A E 4 Q&5 suspended upon the expiration of the designated period or by order of the

financial authorities.
@ “IAP = o] oFho] YLt AT, A A, @ The company shall post the contents of these terms and conditions,
o] A, A}NZ}FE‘ﬂB_, g} i{( A5}, Wi, company name, business office location, representative’s name, business
AALHFA ), A BRI AHAA} 5L o] 827 L 4= registration number, contact information (phone, fax, email address, etc.),
AL E “3|AP Zu|o]z] o AIAFY T} thgt, AAE Y82 and personal information manager on the company website for users to
“AH] Ao L3 o] ALY “o] 82Tt B 4 9 2 S access. However, the posted information may be linked to the service
4 5yt usage screen for user access.
@ “BAPL ZFEEAZQEEY, AAHAZTE A, ® The company may revise these terms and conditions to the extent that
=AFAY Eh—ﬂ A 2 o 5t ‘ﬂ% = S 9ulsHA] 3= such revision does not violate relevant laws such as the Special Act on
H QoA o] °$—4~ N4 4 d5Ych Financial Innovation Support, the Specialized Credit Finance Business
Act, and the Monopoly Regulation and Fair Trade Act.

@ “3|AF7} o] oFS AT AL T ES AL @ When revising these terms and conditions, the company shall notify
AL 2 HE 1 7Y o] A7A] “o]-gap o A FA| 5}, users at least one month before the scheduled effective date. If the user
“0]—&1}”7]— 28 o A LA7}A] “B AP o) AloFsl| 2] JALEAIS does not express their intent to terminate the contract by the effective
5}2] g 7ol = HAE oFhS SRIgt Ao R date, it shall be deemed that the user has agreed to the revised terms and
ZHFEY et §HH, “3S|AP = o] 75 4] Qo= conditions. Additionally, the company shall post the current terms and
<A /\0]—&9}\31”01] A5y oFta} oA ﬂ—g%‘l} o conditions along with the effective date and reason for the revision on the
7 73/&]- = 71]/(] %}L] t} o] AL “IAP = A A gt service usage screen, clearly comparing the changes before and after for
NA 5 LH% S e}slA| vl o}oq “0]%1}”7]— A7) HE= easy understanding by users.
AP
® “S|AP°7} A 4 gFof| upe}t ok ¥ 7 of| T5he] AASHAY (® When the company posts or notifies changes to the terms and
EZE ol A= “0]%1}"7} oFyto] M AU 8-0] conditions under Paragraph @, it shall explicitly state that users may
AXEAG B2 H THE HA L oFko] A5 o] terminate the contract until the business day before the effective date and
g eld7tz] AoFS oHZ] g —’,‘— Q.o m, oFrto] A Y-8 that failure to raise objections shall be considered as consent to the
o] o5 A|7|5}A] oty sl= 749 ekl AW -Bof 5ol revised terms and conditions.
Aoz Brhrehe 71719 Y a-g HAstel AN 2
Ak

FinPQA 400 ohS RS H 1 AR H5hA . Read the passage and choose the correct answer to the question below.
[E&] [Passage]
A20Z (A 2Fe] A3)) Article 20 (Withdrawal of Application)
@ A= HPZAES e J 2 159 o|yjof 11 ok (@ The policyholder may withdraw the application within 15 days from
A3)e 4 54yt E]-U} 9Jl\}7]- A7} Are Ak the date of receiving the insurance policy. However, withdrawal is not
214 o]—‘— Aok, R 7]7k0] 90 o] el Alof Ei= permitted for contracts where the company provides a health status
ARFFAa8| 27 AT A oFS Aok A3t &4 examination, contracts with an insurance period of 90 days or less, or
syt contracts entered into by professional financial consumers.
[HEF824H2 [ Professional Financial Consumer]

17 ool et A, APkt ol vl o] HA oF]
e ARG o] Qi AR, 7L AFAA A
A=52d, A *H*JZJ%“” & ZFs)

b Koyt ARE (o)) AT AA
14 o}— HAEF G4 x} =
{‘”“}:L 2H ]

m[m
ng u
n'FU
L s

HEF L7} obd AokE gk
@ Aol = BFol 1 Fobe dre] 30 (e, 7 654]
ol42] Aokt BAST 5 ASHE o] gote] AAT A9
a5el)o] Z7Hel AoFe Hobe Wald 4 gavic.

® HOPASIL Aokl Aok ML, A SIAE
BAJ57] 9IF AR, AW, Frhash A v AA B
of o] F8H 244 S|ALEA] (o]3) A o]} ghithE
ur2st o g2 o] BT Aokl AW 58wt

ajoll 1 95 AHIE safol A ol ook ghlct.

@ Ao} oks Aslg ujole sl Horel dse

240 G e 399 ol Bl BHRE Akatl)
Eelteln], By @ urgo] kol /7] Hfol
B elo] FAISHE HAACK)Fol& S dTe
Be]2 AL F9S Este] AL ch ok, Aokt
AlS B 58 ARILER Gle Aorel Ao
Fs[oii A 9] AR Aope] A5l2 e
A9 olfel g A8 A E sfol 3 o
o1 = % aof ofed, o] A% Sl YRS
Ao gyt

©® HorE 2% o] ofn] MY AFAH 7}
st o AT 1 R EF AGARIL AR

L

J,.,, 2
o

=
R
rok fn oy

I o

riok

AAE ) 25 ASel Horase] Tl WAt
eradch
aauh

[AE]7oF 23] Al gdst R RS E3FE 7loR

Refers to an entity that has the capacity to bear risks under an insurance
contract, in consideration of expertise and asset size, including national
or local governments, the Bank of Korea, financial institutions, listed
companies, etc., as defined under Article 2(9) of the “Act on the
Protection of Financial Consumers.”

[ General Financial Consumer ]

Refers to a policyholder who is not a professional financial consumer.
@ Notwithstanding Paragraph @, an application may not be withdrawn
if more than 30 days (or 45 days in the case where a policyholder aged
65 or older concludes the contract via telephone) have passed since the
date of application.

@ The withdrawal becomes effective when the policyholder applies by
phone, or sends a written notice, email, mobile text message, or any
equivalent electronic notification (hereinafter referred to as “written
notice, etc.”). The policyholder must immediately inform the company of
the fact that the written notice, etc., has been sent.

@ When the policyholder withdraws the application, the company shall
return the paid insurance premium within 3 business days from the date
the withdrawal was received. For any delay in returning the premium, an
additional amount calculated using compound annual interest based on
the policy loan interest rate disclosed by the Insurance Development
Institute shall be paid. However, if the first premium, etc., was paid by
credit card, the company shall instruct the credit card company not to bill
the amount within 3 business days from receiving the withdrawal, and in
this case, the premium shall be deemed refunded.

® If a reason for insurance benefit payment has already occurred at the
time of withdrawal, but the policyholder was unaware of such occurrence,
the withdrawal shall not be effective.

® In the event of a dispute over the date of receipt of the insurance
policy as stated in Paragraph (D, the company must provide proof.

[Question] HWill the paid insurance premium be refunded upon
withdrawal of application?

Table 19: Finance Benchmark Examples (2)
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Task #of Items  Original Sample Sample (Machine Translated)
Data Extraction 379 A2 EA QAAL AEALNA R Reference Document: Remote Support Product Introduc-
and Explanation tion Document
g
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End of Document
IZANE]: XXXX — XXXX
oYU xXxXX @XXXX.XX.XX

4. Is on-site support available?

- Available in metropolitan areas.

- Availability in non-metropolitan areas depends on
pickup options (e.g., vehicle, KTX).

- Nationwide on-site support is under review for the
second half of the year.

- Phone consultation is always available.

5. What is the subscription process?

- Submit the application form to the customer center or
sales support staff.

- Service will be available within 3 business days.

6. Is on-site training for clients available?
- Requires prior consultation with sales support staff.

7. Key selling points of remote support:

- Supports all environments (PC, Android, i0S).

- Provides session sharing, screen recording, and consul-
tation history features to enhance customer satisfaction.

End of Document
Customer Center: XXXX — XXXX
Inquiry Email: XXxX @XXXX.XX.XX

Question: What is the subscription process for
the remote support service? Also, in which areas is
on-site support available?

Table 20: Each task and examples from the evaluation dataset. The dataset consists of 379 queries for which

responses were generated by an LLM. A rule-based process was applied to measure the failure rate of the answers.

Evaluation Category Scale Evaluation Criteria Evaluation Basis

Data Extraction, Document Understanding 1 -5 Level of accurate data extraction =~ MRR: Mean reciprocal rank
from the document

Document Organization based on Freshness, 1-5  Level of freshness recognition = MRR: Mean reciprocal rank

Format Identification & Recommendation and formatting capability

Document Generation 1-5 Level of document generation =~ MRR: Mean reciprocal rank
capability

Memorization of Content 1-5 Level of content memorization =~ MRR: Mean reciprocal rank

using documents

Table 21: Evaluation Framework
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