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Abstract

Since text retrieval can significantly influence the overall performance of RAG applications, it is crucial to objec-

tively evaluate the performance of retrieval models across various search tasks. However, compared to embedding

benchmarks for English, the development and research of Korean embedding model benchmarks remain insuffi-

cient. Addressing this need, this paper proposes a methodology for constructing an automated retrieval model

benchmark based on LLMs and RAG models. Additionally, using this methodology, we build benchmark data

and evaluate various retrieval models, commercial embedding models, and open-source embedding models.
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1. Introduction

With the advancement of Large Language Models (LLMs),

text retrieval technologies are being utilized in various fields,

including Retrieval-Augmented Generation (RAG). One of

the challenges when building such a RAG system is to en-

sure that the retrieval model soes not become the bottleneck

of the entire RAG system. In other words, the performance

of the overall RAG system can heavily depend on how effec-

tively the retrieval model provides results that are relevant

to the query’s intent [1].

Various benchmark datasets have been constructed glob-

ally to evaluate the performance of retrieval models. No-

tably, BEIR released an evaluation dataset encompass-

ing nine information retrieval tasks, such as fact verifica-

tion, query retrieval, and entity retrieval, using 18 open

datasets [2]. MTEB, focusing on the generalization perfor-

mance of text embedding models, published an extensive

benchmark dataset comprising 58 datasets for eight em-

bedding tasks [3]. While these benchmark datasets have

significantly contributed to the evaluation of numerous re-

trieval/embedding models, they are primarily composed of

English-language data. Consequently, benchmark datasets

for evaluating Korean retrieval models remain insufficient.

To response to this need, we propose a pipeline for con-
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structing a benchmark for Korean retrieval models. In de-

tails, we generate queries from a collection of documents and

try to answer the query using existing RAG model to mea-

sure the extent to which each document contributes to the

response.

2. Method

2.1 Query Generation

We utilizes OpenAI gpt-4o [4] for the query generation.

Given a document, 4 types of queries are generated: 1) signle-

document queires, 2) multi-document queries, 3) queries con-

taining typographical errors, and 4) ambiguous queries.

2.2 Query-Document Pair Selection

Considering that the entire document collection may con-

tain potential positive candidate documents that can be used

for answering than the document used for query generation,

we perform k-nearest neighbor searches over the entire doc-

ument collection for each query to construct (query, candi-

date document set) pairs. If the document used to generate

the query is not included in the search results, we manually

added.

Since not all documents within the candidate set may

contribute to answering the query, we identify and remove

such documents. In the filtering stage, we utilize Cohere

Command-R model [5], an RAG applications. this model is
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Benchmark Result

Models Recall@5 Precision@5 NDCG@5

BM25 41.44 12.07 34.35

text-embedding-3-small 37.79 11.18 31.21

text-embedding-3-large 43.5 12.74 36.71

multilingual-e5-large 48.28 14.17 41.84

e5-mistral-7b-instruct 48.66 14.23 41.99

Table 1. Experimental results on our synthesized benchmark.

trained to generate answer with supporting documents fol-

lowing reference spans. By using this information, we filter

out the documents that there is no contributes to answering

the query. In addition, we calculate word co-occurrence be-

tween the query and the supporting documents to filter out

potential noises.

3. Experiment

3.1 Experimental Setting

The documents used for synthesizing the benchmark were

drawn from a financial domain set. Each document is com-

posed of multiple paragraphs. We employ a document-level

input to enable the generation of complex queries that ref-

erence multiple documents. We observed that a significant

number of documents not referenced in the answers were re-

moved after filtering using RAG (approximately 5 to 2).

To validate the synthesized benchmark, we employ the fol-

lowing representative retrieval models that support the Ko-

rean language: BM25 [6], OpenAI Embedding Models [4],

multilingual-e5 [7, 8].

3.2 Experimental Result

The experimental results using our synthesized benchmark

are presented in Table 1. Supervised Embedding Models

demonstrate superior performance, with the largest model,

e5-mistral-7b-instruct, achieving the highest average perfor-

mance. On the other hand, OpenAI embedding models shows

significantly lower performance compared to the word-based

model such as BM25. Overall, In summary, the quantitative

results indicate a moderate level of difficulty, neither excep-

tionally easy nor overly challenging.

4. Conclusion

In this study, we proposed a methodology for synthesizing

a retrieval benchmark in response to the need for evaluating

the performance of Korean retrieval models. The proposed

methodology utilizes Large Language Models and Retrieval-

Augmented Generation models to synthesize retrieval bench-

mark. LLMs were employed to generate various types of

queries given a document, while RAG models were used to

verify the documents that can answer the generated queries.

We hope that this work will facilitate the development of

benchmarks for evaluating Korean retrieval models across

various domains and embedding tasks in the future.
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