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Abstract
Retrieval-augmented generation (RAG) is a technique in which a large language model (LLM) generates answers
based on relevant documents retrieved from an external document collection. Existing RAG evaluation benchmarks
often use public data, such as Wikipedia and news articles, as the external document collection. However, these data
are highly likely to be already included in the LLM’s pre-training corpus, which may prevent an accurate evaluation of
the model’s ability to generate answers based on the retrieved documents. In this study, we construct a Japanese
RAG benchmark by having an LLM synthesize documents about non-existent entities and events and use this
collection of synthetic documents as the search target. Since these synthetic documents are not included in the
LLM’s training data, the ability to generate answers based on retrieved documents can be evaluated more accurately.
In addition to the synthetic documents, the benchmark is composed of questions and correct answers, which are
created using a combination of LLMs and human effort. We then evaluated and analyzed the RAG performance of

existing LLMs using the constructed benchmark.

Keywords: Japanese, RAG, benchmark, synthetic, non-existent

1. Introduction

Retrieval-augmented generation (RAG) is a tech-
nigue where a large language model (LLM) gen-
erates answers based on relevant documents re-
trieved from an external document collection (Lewis
et al., 2020; Gao et al., 2023). RAG is widely ap-
plied and has attracted attention because it en-
ables the generation of answers for non-public doc-
uments, such as recent events an LLM has not
been trained on or confidential internal documents.

However, accurately evaluating this capability re-
mains a significant challenge. Conventional RAG
evaluation benchmarks predominantly rely on pub-
licly available materials, such as Wikipedia or news
articles (e.g., Saad-Falcon et al. (2023); Yu et al.
(2024)). Consequently, it is highly likely that the doc-
uments targeted for retrieval are already included in
the LLM’s pretraining corpus. This raises a severe
concern regarding data contamination: if the doc-
uments have already been learned, the evaluation
may fail to accurately assess the model’s reliance
on retrieved context (Krishna et al., 2024).

In fact, when evaluating RAG with existing bench-
marks, there are cases where an LLM can answer
correctly without referring the relevant documents.
In the case shown in Fig. 1, we confirmed that
the model could answer correctly without being
provided the relevant documents. Such cases be-
come an evaluation of the LLM’s internal knowledge
and fail to assess its ability to generate answers
based on retrieved documents. Furthermore, it is
expected that future LLMs will acquire even more
knowledge. As aresult, existing benchmarks based

[Relevant Documents]

« iPod (74 ® v K) &, Appleh Bi¥E - IR7ed B a7 &
NERET LAY —, .. (iPod is a portable digital music player
developed and sold by Apple....)

e Applelnc. (7v 7)) &, AV T HINV=TMINRF—ITAK
#HEESTAVAAREDEZEHE T 7/ 0y —RETH B, ..
(Apple Inc. is an American multinational technology company
headquartered in Cupertino, California....)

[Question] iPod % S5 L T\ % ¥ D AEFFEHIE ? (What is
the headquarters location of the company that makes the iPod?)
[Correct Answer] 77 V) 7 4 )L =7}l 2 /3 F—/ (Cupertino, Cali-
fornia)

[Responses by GPT-40]

With referring to relevant documents 7V 7 # )LV =7 il 7 /X
F— / (Cupertino, California)

Without referring to relevant documents 7V 7 )V =7} 7
/XF —/ (Cupertino, California)

Figure 1: An example of a case where a model can
answer correctly without referencing the relevant
documents when JEMHopQA (Ishii et al., 2023) is
used for RAG evaluation.

on subjects like Wikipedia and past events will be-
come more solvable using solely an LLM’s internal
knowledge, and it is anticipated that evaluating the
ability to generate answers based on retrieved doc-
uments will become even more difficult.

To accurately evaluate RAG’s ability to generate
answers based on retrieved documents, we con-
struct a Japanese RAG benchmark using a collec-
tion of LLM-generated synthetic documents as the
retrieval target, instead of web documents that may
be included in an LLM’s pretraining corpus. We aim
to demonstrate the feasibility of our methodology
in a middle-resource language, where LLMs are
capable of fluent generation. In this study, we use
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and its predecessor run?)
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—) | ). [ETIF A ) KT T AES
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suspension?)
A: 1[H] (once)
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D&M, FRBUAFOWE S N — T8 91 Y EHT B 2 & AR WA RS 5 BEALBBRELAT S Z L RRIEL
CNFTOMMKIEE TR 7 LISEY 2 LT, EREE ik s S L T\~ %4 ? (What misunderstanding about
Bt T L A&FEEL (Pi, which was thought to | | IEEG—-— || >\ 72 FBOFEFEH... (Claiming that referring ——) cats ddoes tfhe lchp?\gn :odprorlr:;qe the
continue infinitely, has finally come to an end. A ) to cats that spend most of the day sleeping as 200 O o T e e 1€ iSPe!
research group at Chiba Radio Wave University "slumbering cats” damages feline dignity, the lmlm A HRBHEORETHS Z L (That cats
discovered that there was an error in the previous pi Gl International Cat Rights Protection Organization has are a symbol of laziness.)
calculation program...) G called on media companies to refrain from using such

Figure 2: Overview of the benchmark construction procedure

Japanese, a typical middle-resource language, as
our testbed. Specifically, we construct the bench-
mark by having an LLM generate documents about
non-existent entities and events, and then cre-
ating questions and their corresponding correct
answers (QA pairs) for that document collection.
Since these synthetic documents are not included
in an LLM’s pretraining corpus, they help mitigate
the problem of data contamination during evalu-
ation, enabling a more accurate assessment of
the ability to generate answers based on retrieved
documents. Note that synthetic documents con-
taining descriptions that contradict real-world facts
are manually removed. This is to prevent discrep-
ancies in the evaluation setup between LLMs that
possess knowledge of those real-world facts and
those that do not.

The construction procedure is shown in Fig. 2.
First, we collect several types of base documents
and have an LLM create documents about non-
existent entities and events that imitate them. Then,
those that contradict real-world facts are manually
removed. For the remaining documents, we create
QA pairs using a combination of an LLM and human
effort.

In summary, our contributions are threefold:

1. We describe a RAG benchmark construction
methodology designed to mitigate data con-
tamination by utilizing LLMs to synthesize doc-
uments about non-existent entities and events,
followed by rigorous human filtering.

2. We construct and release’ a Japanese RAG
benchmark comprising 161 documents and

To prevent the benchmark from being inadvertently

561 QA pairs across four practical domains.
The creation of this dataset verifies the feasi-
bility and applicability of our methodology in a
middle-resource language.

3. Using the constructed benchmark, we con-
duct an evaluation of several publicly available
LLMs and analyzed their ability to extract infor-
mation from retrieved documents and to rea-
son using that extracted information.

The remainder of this paper is organized as fol-
lows. §2 reviews related work, focusing on existing
RAG benchmarks and the challenge of data con-
tamination. §3 outlines the proposed benchmark
construction procedure, including the synthesis of
documents about non-existent entities and the cre-
ation of corresponding QA pairs. §4 describes the
experimental setup and discusses the evaluation
results of current LLMs. Finally, §5 concludes the
work and §6 outlines limitations.

2. Related Work

RAG Benchmarks With the widespread appli-
cation of RAG (Lewis et al., 2020; Gao et al., 2023),
evaluating its performance has become a critical re-
search area. Conventional RAG evaluation bench-
marks (Yu et al., 2024) predominantly rely on pub-
licly available materials. For instance, many bench-
marks utilize Wikipedia (Saad-Falcon et al., 2023;

scraped and included in the pretraining corpora of fu-
ture LLMs, the dataset is released as a password-
protected ZIP file at https: //github.com/sbintuitions/
nonexistent_japanese_rag_benchmark.
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Es et al., 2023) or news articles (Chen et al., 2024;
Tang and Yang, 2024; Lyu et al., 2024) as the ex-
ternal document collection. Other works focus on
domain-specific documents acquired through web
crawling or manual collection (Friel et al., 2024;
Nishiwaki et al., 2024).

For Japanese, a typical middle-resource lan-
guage, existing resources include the Allganize
RAG Leaderboard (Lee et al., 2024), which eval-
uates models based on business documents.
Additionally, general-purpose QA datasets like
JEMHopQA (Ishii et al., 2023), originally con-
structed from Japanese Wikipedia, have been
adapted to evaluate Japanese RAG systems (Yano
et al., 2024).

Data Contamination in RAG Evaluation
While existing benchmarks provide valuable
insights, they face a critical challenge: data
contamination. Because many of these bench-
marks use public web data, it is highly likely that
the documents targeted for retrieval are already
included in the LLMs’ massive pretraining corpora.
In RAG evaluation, if the generator LLM has
already memorized the target documents, there
is a significant risk that the evaluation cannot be
conducted accurately (Krishna et al., 2024; Park
et al., 2025).

In such cases, an LLM might bypass the re-
trieved context and correctly answer questions rely-
ing solely on its internal parametric knowledge (as
demonstrated in Fig. 1). This conflates the model’s
memorization capabilities with its actual ability to
ground generated answers in the provided retrieved
documents. Furthermore, as future LLMs acquire
even more knowledge, existing benchmarks based
on Wikipedia and past events will become increas-
ingly solvable without retrieval. To address this fun-
damental issue, our work moves away from public
corpora and explores the use of synthetic docu-
ments concerning non-existent entities, ensuring
that the target information is strictly absent from
any pretraining data.

3. Benchmark Construction

This section outlines the benchmark constructed in
this study, details its construction procedure, and
presents an analysis of the data it contains.

3.1. Benchmark Overview

In this study, we construct a RAG benchmark where
the information extracted from retrieved documents
(hereinafter called “external information”) is essen-
tial for every question. To achieve this, we set
documents concerning non-existent entities and
events—which are unlikely to be in an LLM’s pre-
training corpus—as the retrieval target within the

benchmark. This benchmark is composed of a
collection of such documents, in addition to corre-
sponding QA pairs.

It is not practical to manually create all of the doc-
uments concerning non-existent entities and events.
Therefore, we employ LLMs to synthesize docu-
ments about non-existent entities and events based
on documents collected from the Web. Specifically,
we collect four types of documents commonly used
in RAG applications: encyclopedias, news articles,
product reviews, and internal company regulations.
Then, we prompt LLMs to imitate each of these
document types to create documents about non-
existent entities and events. Additionally, to pre-
vent evaluation impacts arising from conflicts with
LLMs’ internal knowledge, only documents that do
not contradict real-world facts are targeted for QA
pair creation. We manually verify whether the LLM-
synthesized documents meet the aforementioned
requirements and remove any that do not.

In creating the QA pairs, we aim to measure
the ability to utilize external information, which con-
sists of the ability to extract information from given
retrieved documents and the ability to reason us-
ing the extracted information. First, to evaluate
the former one alone, we create extractive-type
(ExTrAcTING) QA pairs, where the correct answer
to a question is described almost verbatim within
the relevant documents. This allows us to evalu-
ate whether an LLM can appropriately extract the
parts of the text corresponding to the question when
given the retrieved documents. Next, as an evalua-
tion that also includes the latter ability, we create
more advanced QA pairs where simply extracting
information from the relevant parts of a document
is not sufficient to derive the correct answer, and
further reasoning using that information is required.
This makes it possible not only to evaluate the abil-
ity to extract information from the given retrieved
documents but also to measure the ability to reason
using that extracted information.

Next, we describe the four types of datasets con-
structed for this benchmark in §3.2, explain the
construction procedure for the synthetic document
collection in §3.3.1, §3.3.2, and §3.3.3, and detail
the procedure for QA construction in §3.3.4.

3.2. The Four Types of Datasets

In this benchmark, we construct the following four
types of datasets, envisioning various scenarios
where RAG would be necessary. We specifically
selected these four domains because they com-
prehensively represent the most prevalent real-
world applications of RAG systems: open-domain
knowledge querying (Wikipedia), temporal and dy-
namic event tracking (News), customer support and
e-commerce (ProductReview), and enterprise-level
private data retrieval (CompanyRules).
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GATY Y A11 (L ShAF (4, WEEKLY ZANKAI)
IE. DO TRFEMAFEAT U T 7z H AR D 5 4E 38 T8 1k 4 56

IRFRFZED 2FHEEE UTRHBEETT 5 T19934E 12 H2[H
FEED Ty A4) & UTHAE Uz, ... GEEIOME R 7Y 1 v
R, FER—YTOAFAMEINBFRTHDZLTHHISN
TWz, (“Weekly Zankai” (Shikan Zankai, WEEKLY ZANKAI) was
a Japanese weekly seinen manga magazine formerly published
by Omori Publishing. It was launched in 1993 as the semimonthly
magazine “Zankai’, a complete rebranding of “Mirai Taishi” as a
seinen magazine. ... It was also known for its unique page design
and the excellence of the illustrations and text in its preview pages.)

Figure 3:
(Wikipedia) document.

Example of a Pseudo Wikipedia

# XtR A 245 £ 8155 (# X Corporation Wage Regulations)

#H# 55154811 (## Chapter 1: General Provisions)
#H (H A (Purpose))

FIGRZOBMIET, RERN (T THU 2wS, )
HEIBRIZEDWT, HADERIZHTIHHELEDHLDTH
%, (Article 1: These regulations are established to define matters
concerning employee wages, based on Article 38 of the Work
Rules (hereafter referred to as "the Rules").)

#H# (G I #iEPA (Scope of Application))
. (rest omitted)

EEMIOTH R 2 F0N 2 7 7 R 7 EHE, IR OINES 25
LEULT DREFO—V) 2Fxd HilHERE L, 2R
A THANED S EHRRE FIN L, BRETHBTERT S &
LT, BREBGREDL SBWEHMEE > TW5, (Quadra Giken,
a company specializing in agricultural loT devices, has announced
plans to release the “Rice Bag Drone” as a next-generation
harvesting system. The drone is gathering keen interest from the
agricultural community for its ability to fly over rice paddies, directly
collect bags of rice, and automatically transport them to farmers.)

FRIIREREZFELTE O, ik X148 72 © #2007 H &
DafEDEDEDOD, FHrSOMPEHEL MG IhTE D,
BROLHEBETHHBLERI NG, TRROEHEN, &
PORZTER) LREBBEOMTIIRERMPFHENIEL > T
W%, (The launch is scheduled for next spring, and while the price
is somewhat steep at around 2 million yen per unit, a government
subsidy program is being considered, which is expected to reduce
the financial burden on farmers. Great anticipation is spreading
throughout the agricultural community, with one member saying,
“The future of agriculture has become visible from the sky.”)

Figure 6: Example of a Pseudo Company Rules
(CompanyRules) document.

3.

Figure 4: Example of a Pseudo News (News) docu-

ment.

[HeatBloom Cardigan] THWZEHidH A X 1Y) v ¥ 2|Z(Stay
Stylish Even in the Cold Season with the “HeatBloom Cardigan”)

ABH : 202541 H3H (Publication Date: Jan. 3, 2025)

AGBOA—TAHVEBEPIEHLTERI - WKE, EV XA
V—VRETAT— MIREEZVWAEEWIZT, [HeatBloom
Cardigan] X ZARBELEEZHZ TSNS, HKRDO—HT
3, (While many want to choose a winter cardigan with a focus on
warmth, there are also many who want to look smart in business
settings. The “HeatBloom Cardigan” is a new-era garment that
grants both wishes.)

... (rest omitted)

Pseudo Product Review (ProductReview): A
dataset consisting of descriptions of specifica-
tions and user experiences for non-existent prod-
ucts, synthesized by imitating product evaluation
articles found on review sites and personal blogs.
This is designed with use cases in mind where
RAG is applied to chatbots for product-related in-
quiries. An example of a synthesized document
is shown in Fig. 5.

. Pseudo Company Rules (CompanyRules): A

dataset consisting of documents describing work
systems, compensation structures, and em-
ployee benefits, modeled after real-world inter-
nal regulations and work rules. The documents
have a tone and structure characteristic of inter-
nal corporate documents. It assumes a scenario
where an internal bot handles information from
non-public regulations. An example of a synthe-
sized document is shown in Fig. 6.

3.3. Details of the Construction

Figure 5: Example of a Pseudo Product Review

(ProductReview) document.

1. Pseudo Wikipedia (Wikipedia): A dataset com-
posed of introductions and explanations of non-
existent entities, synthesized by imitating articles
about real entities found on Wikipedia. While
it adopts a style and structure similar to actual
encyclopedia articles, its content is fictional. It
is designed to simulate newly published ency-
clopedia articles. An example of a synthesized

document is shown in Fig. 3.

Procedure

In this section, we describe the construction proce-

dure for the benchmark built in this study. We first

collected documents that served as the basis of the
synthetic documents, and prompted LLMs to syn-

thesize documents by imitating the collected base
documents. As the documents in the benchmark
should handle non-existent entities and events, the
synthesized documents were manually filtered be-
cause they could potentially be about real entities or
events. Finally, based on the resulting documents
about non-existent entities and events, we created
QA pairs that require referencing information within
those documents to answer. These processes are

described in detail below.

2. Pseudo News (News): A dataset composed of

news articles reporting on fictional events, syn-

thesized by imitating articles from a fictional

news media outlet. It is intended to measure the
ability to handle new chronological information
by simulating articles that report on the latest,
daily-updated events. An example of a synthe-

sized document is shown in Fig. 4.

3.3.1.

Collection of Base Documents

In this study, we aim to construct a benchmark using
documents about non-existent entities and events.
However, creating such documents manually would
incur a significant cost and is not practical. There-

fore, we employ LLMs to synthesize these docu-
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ments. To synthesize documents suitable for a

RAG benchmark, we prepare a set of topics that

envision RAG application scenarios and their corre-

sponding document collections in advance. Then,
for each topic, we provide LLMs with real-world doc-
uments (hereinafter called “base documents”) and
instruct LLMs to imitate them, thereby synthesizing
documents about non-existent entities and events.

First, we collected the base documents corre-
sponding to each dataset. We established four top-
ics for the base documents: encyclopedias, latest
information, product reviews, and internal corpo-
rate documents. These represent important use
cases for the practical application of RAG.

1. Wikipedia: We extracted the first paragraph of
Japanese Wikipedia articles as entity definition
sentences (Onoe et al., 2022) and collected
these texts, which correspond to the opening
of an encyclopedia article.

2. News: We collected 1,290 articles from the
web media outlet “Kyoko Shimbun”? (Fictional
News)3.

3. ProductReview: We manually accessed and
saved product introduction pages from mul-
tiple genres on the price comparison site
“Kakaku.com™, and obtained the text by remov-
ing HTML tags.

4. CompanyRules: We manually organized docu-
ments from the “Model Collection of HR and La-
bor Regulations™ and gathered 24 documents
pertaining to regulations.

3.3.2. Synthesizing Documents with LLM

Based on the collected base documents, we syn-
thesized documents concerning non-existent en-
tities and events using an LLM. Specifically, for
Wikipedia and News, we synthesized one imitative
document with an LLM for each base document.
On the other hand, since the number of base docu-
ments for ProductReview was relatively small, we
synthesized documents using multiple LLMs for
each base document to improve diversity. For
CompanyRules, we created the data under the as-
sumption that all 24 internal regulations belonged
to one specific company. During this process, to

2https://kyoko-np.net/

SInitially, we attempted to generate synthetic docu-
ments by collecting real news articles in the same man-
ner, but the generated articles tended to mix fact and
fiction, making it difficult to determine if a synthetic article
was truly about a non-existent entity or event. Therefore,
in this study, we ultimately judged it was more manage-
able to use articles from “Kyoko Shimbun” as the base
documents and adopted this policy.

4https://kakaku.com/

Shttps://www.ohno-jimusho.co. jp/download/

ANENE, RTFESTIOETAMICIET 5 H6E TR TH 5,
TR FIEOr, AV ZIVOREFIEFITHEENEG L, WKz
£ U, ... (Ortalis a Group 6 element belonging to the 7th period,
with an atomic number of 79. Its element symbol is Or. The element
Ortal is characterized by its extremely high density, a silvery-gray
color, ...)

Figure 7: An example of a document removed due
to contradiction with real-world facts.

prevent contradictions among the synthesized regu-
lations, each time a new regulation was generated,
we checked for inconsistencies with the previously
created ones using both an LLM and manual re-
view. If a contradiction was found, the document
was either corrected or regenerated. Through this,
we created a mutually consistent set of regulations
for a single company.

For the synthesis of Wikipedia and News, we
used OpenAl’'s GPT-40-20240806 to generate non-
existent encyclopedia and news articles, provid-
ing them with various styles and content. The
prompt used for document synthesis was created
with reference to Chang et al. (2024). For the
synthesis of ProductReview, we used OpenAl’s
ol-preview-2024-09-12 and o1-mini-2024-09-12,
and Google’s gemini-1.5-pro. For the synthesis of
CompanyRules, we used Google’s gemini-1.5-pro.

3.3.3. Removal of Synthetic Documents That
Do Not Meet the Criteria

We asked annotators to judge whether the docu-
ments synthesized in §3.3.2 could be used for the
benchmark. Specifically, we defined three require-
ments: (1) It deals with non-existent entities or
events, (2) It does not contradict facts, and (3)
It does not contain logical failures, excessive in-
clusion of information unrelated to the main topic,
or obvious deficiencies in anaphoric relations. To
rigorously enforce these requirements, annotators
were explicitly instructed to conduct web searches
for any specific proper nouns (e.g., names of peo-
ple, organizations, or products) and events men-
tioned in the generated texts. If a search engine
query returned a match indicating that the entity
or event actually existed in the real world, the doc-
ument was immediately discarded. We removed
all documents that failed to meet any of these re-
quirements. An example of a document removed
for failing to meet condition (2) is shown in Fig. 7:
the element with atomic number 79 is actually gold
(Au), and a discrepancy in the evaluation setup
would arise between an LLM that learned this real-
world fact during pre-training and one that did not.
Specifically, the former would need to replace an al-
ready learned fact with non-existent information, so
it would be considered to be solving a different task
than the latter, for which this is not necessary. To
prevent such discrepancies in the evaluation setup
arising from the presence or absence of an LLM’s
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internal knowledge, we removed documents that
contradicted real-world facts. The remaining docu-
ments were evaluated as having natural Japanese
expression and meeting the requirements of the
benchmark. We proceeded with the creation of QA
pairs based on these documents.

3.3.4. Creation of QA Pairs for the Synthetic
Documents

The creation of QA pairs in this benchmark was fun-
damentally performed by annotators. The process
involved two stages: the creation of QA pairs and
their filtering. First, we provided annotators with
the documents from each dataset (Wikipedia, News,
ProductReview, CompanyRules) and instructed them
to create two types of QA pairs: simple ones
(ExTRACTING) that can be answered merely by ex-
tracting information from the document, and ad-
vanced ones that require further reasoning based
on the extracted information. The advanced QA
pairs were further subdivided into three reason-
ing types often required in RAG applications: (1)
questions requiring logical reasoning to derive an
answer (REASONING), (2) questions requiring calcu-
lation (ComPUTING), and (3) questions requiring the
integration and organization of information within
the document (INFORMATION INTEGRATING). Includ-
ing the extractive type, the definitions and examples
of the four question types established in this study
are as follows.

1. ExTRACTING: The correct answer to the ques-
tion is described almost verbatim within the doc-
ument, and the model derives the answer by
extraction. An example is shown in Fig. 8(a)®.

2. ReasoNING: The model derives the answer us-
ing common sense or relatively simple logical
reasoning for information not explicitly stated in
the document. An example is shown in Fig. 8(b):
it is first necessary to extract the information that
the “Rice Bag Drone” operates on solar panels,
and then combine that with the common sense
“there is no sunlight at night”.

3. CompuTING: The model derives the answer by
processing and calculating numerical values,
times, etc., from the document. An example
is shown in Fig. 8(c): it is necessary to extract
the information that “one drone can carry a max-
imum of 30kg of rice” and then perform the cal-
culation “150/30=5".

4. INFORMATION INTEGRATING: The model derives
the answer by organizing information from multi-
ple locations within a document or a document

8For explanatory purpose, the figures show excerpts
from the relevant documents needed to derive the cor-
rect answer. However, it should be noted that in the
actual evaluation, the correct relevant document is not
guaranteed to exist within the search results.

(a) An example of an ExTRACTING type QA pair®. The corresponding
relevant document is Fig. 4.

[Retrieved Document Excerpt] ... 7 7 K 5 B O JL#RH 4 #
. INEFTRIPPERICEIBLZED SN TWIRED
YD, ZORO—VItk > T—RICHIRILT B LET,

[TEERSIZ LT, KMOREMPERDOERIZL D HEEX
39, B TEZRICHWE TR 2 22N TEZDNEK
KOKETYT] A2 A%, ... (.. A spokesperson for
Quadra Giken stated that the drone will dramatically increase the
efficiency of transporting rice bags, a task that has traditionally
been strenuous post-harvest labor for farmers. “Its greatest feature
is that by flying, it can safely reach its destination in a short time,
unaffected by traffic congestion or uneven roads”, they said with
confidence. ...)

[Question] K& N o — v izid, RERZINERIZET @D S MK
TEHUMZ, DAY v FA23dH % ? (Besides freeing farmers
from heavy labor post-harvest, what other merits does the Rice
Bag Drone have?)

[Correct Answer] %2 % R Z & T, 2338 DR HEX 38 B (R
kBB EZTT. HRHTLECHWE TR SN Z
& (That by flying, it is unaffected by traffic congestion or uneven
roads and can safely reach its destination in a short time.)

(b) An example of a REASONING type QA pair®. The corresponding
relevant document is Fig. 4.

[Retrieved Document Excerpt] ... £ 7z, KBt % % L T
B0, HAEOREBFFN 2 BHFUEIZE S 22,5, TaTL
VRY —REY UTEEHINTWS. .. (.. Itis also equipped
with solar panels, allowing for unlimited operation time during the
day, which has also drawn attention to it as an eco-friendly product.

)

[Question] k& N o — 28, RICMEUCE) K Z e TERWEL
H 13 7 (What is the reason the Rice Bag Drone cannot operate
indefinitely at night?)

[Correct Answer] KI5 GE M THEI T 5 72, TITIZKEEA
72 < &A% A & (Because it operates on solar panels, there
is no sunlight at night, and the battery will run out.)

(c) An example of a COMPUTING type QA pair®. The corresponding
relevant document is Fig. 4.

[Retrieved Document Excerpt] ... £ 7z, ik T30kgD K % i
RBIEp, EWHEIEA — PV OBEIZ B A 2RI hT
W5%... (.. Furthermore, it can carry up to 30kg of rice and is
designed to withstand strong winds of up to 15 meters per second.
)

[Question] 150kg®D K % —E THE T 5720, K& N o — > iEfd]
AW ? (To transport 150kg of rice at once, how many Rice Bag
Drones are needed?)

[Correct Answer] 57 (5 units)

(d) An example of an INFORMATION INTEGRATING type QA pait®. The
corresponding relevant document is Fig. 3.

[Retrieved Document Excerpt] ... 19934E(Z H2[n| TIFED 4>
A1) & UTHEAELR, 20014FICHEFEI D BIZEE#/E T
I VA ) ITEEI N, .. 20094 (KRG T BT D iR A AR
KEn, DEAWYYIA ) E—RICRTE R o72. .. (.. Itwas
launched in 1993 as the bi-monthly magazine “Zankai”. When it
became a weekly publication in 2001, its name was changed to
“Weekly Zankai”, ... In 2009, a change in editorial policy forced
“Weekly Zankai” into a temporary suspension ...)

[Question] TETIY > H 1 ) 13KTI & Tl EI4 T2 EHEI N
7= ? (How many times was the name of “Weekly Zankai” changed
before its suspension?)

[Correct Answer] 1[r](Once)

Figure 8: Examples of each question type.

collection. This requires not just partial extrac-
tion, but also summarization and understanding
the intent. An example is shown in Fig. 8(d): it
is necessary to aggregate information regarding
the magazine’s name change history, from its
launch to suspension.
In the creation of advanced QA pairs, we did
not specify which reasoning pattern to use; an-
notators created questions using one or more of
the three reasoning patterns. Additionally, for
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| #Doc | #QA | minL | medL | maxL

Wikipedia 50 165 | 485 727 1,055
News 47 173 | 445 785 1,150
ProductReview 40 48 564 | 1,379 2,838
CompanyRules 24 175 979 | 1,607 | 11,478

Table 1: Statistics of the datasets. #Doc, #QA,
minL, medL, and maxL indicate the number of doc-
uments, number of QA pairs, and the minimum,
median, and maximum document lengths (in char-
acters), respectively.

Product Company

Wikipedia News Review Rules

#QA — 165 173 48 175
EXTRACTING | 95 (57.6%) 90 (52.0%) 13 (27.1%) 119 (68.0%)
REAsSONING | 36 (21.8%) 36 (20.8%) 15(31.2%) 45 (25.7%)
CompPuTING | 21 (12.7%) 18(10.4%) 0 (0.0%) 2 (1.1%)
NFORMATION | 21 (12.7%) 31 (17.9%) 24 (50.0%) 11 (6.3%)

Table 2: Number of examples and percentages by
question type. Note that because a single question
can belong to multiple types, the sum of percent-
ages for each dataset is not necessarily 100%.

ProductReview and CompanyRules, we provided
draft QA pairs generated by an LLM to assist the
annotators. The QA pairs created in this manner
were reviewed by the authors, who classified each
pair by type and removed instances that did not fit
into the categories described above.

3.4. Dataset Analysis

Dataset Statistics Tab. 1 shows the statistics
for each dataset, including the number of docu-
ments for retrieval, the number of QA pairs, and the
character counts of the retrieval documents. It can
be seen that the documents of ProductReview and
CompanyRules are relatively long, while those of
Wikipedia and News are relatively short.

Distribution of Question Types Tab. 2 shows
the statistics of questions in each dataset. The
distribution of question types tends to vary by
topic: in Wikipedia and News, EXTRACTING ques-
tions account for slightly more than half, while
ReAsONING questions constitute about 1/5. In
ProductReview, INFORMATION INTEGRATING ques-
tions are the most common, while EXTRACTING and
REASONING questions each make up slightly more
than 1/4, there are no CoMmPUTING questions. In
CompanyRules, EXTRACTING questions are numer-
ous, and while REASONING questions make up 1/4
of the total, ComPUTING and INFORMATION INTEGRAT-
ING questions are relatively scarce.

4. Evaluation Experiment

In this section, using the benchmark constructed in
§3, we evaluate the ability of LLMs to utilize external
information in RAG and describe the results and
our analysis.

4.1. Experimental Setup

Naive RAG Pipeline Naive RAG is a framework
where a retriever extracts chunked retrieval-target
documents, which are then incorporated into a
prompt, and an LLM, acting as the generator, gen-
erates the text (Ma et al., 2023). For any given
question, the retrieval-target documents comprise
all documents within the dataset to which the ques-
tion belongs. All evaluation results in this paper are
based on this Naive RAG pipeline.

Retriever We use dense vector search for
retrieval. For the embedding model, we use
sbintuitions/sarashina-embedding-vi-1b (SB
Intuitions Corp., 2024), which showed high
performance on the retrieval task of the Japanese
Massive Text Embedding Benchmark (JMTEB) (Li
et al., 2024)’. Four chunks with the highest
cosine similarity to the question are retrieved and
incorporated into the prompt during generation.

Chunking We set the maximum chunk length
to 400 characters for ProductReview and 200 char-
acters for the other datasets, with a 20-character
overlap between chunks.

LLMs We evaluate the following Japanese-

capable LLMs.

* OpenAI/GPT-40-2024-08-06 (GPT-40)

* tokyotech-11lm/Llama-3.1-Swallow-8B-Instruct-ve.3
(Swallow-8B) (Fuijii et al., 2024; Okazaki et al., 2024)

e 11m-jp/11lm-jp-3-{1.8b, 3.7b, 13b}-instruct (lIm-
ip-{1.8B, 3.7B, 13B}) (Aizawa et al., 2024)

* Qwen/Qwen2.5-{1.5B, 3B, 7B, 14B}-Instruct (Qwen-
{1.5B, 3B, 7B, 14B}) (Yang et al., 2024)

Evaluation Procedure In tasks like open-ended
question answering, the diversity of model outputs
means that simple correctness judgments, such as
exact string matching, cannot accurately evaluate
the results. Therefore, following the setup of exist-
ing leaderboards (Lee et al., 2024), we conducted
the evaluation of the generated results using an
LLM. This method of automatic evaluation using an
LLM is known as LLM-as-a-judge and is known to
have a significant correlation with human evalua-
tion (Zheng et al., 2023). In this study, we have an
LLM make a binary judgment (match or no match)
as to whether a model’s response to a question
aligns with the correct answer. We used OpenAl’s
GPT-40-20240806 as the evaluation LLM. To miti-
gate fluctuations in the evaluation scores due to
the randomness of the judge’s output, the LLM-as-
a-judge evaluation was conducted three times, and
the final judgment on whether the model’s answer

"Based on preliminary experiments which confirmed
that varying the retrieval pipeline did not significantly
alter the comparative results or conclusions regarding
the generator LLMs’ performance, this study does not
stress-test alternative retrieval methods or models.
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matched the correct one was determined by a ma-
jority vote. As the evaluation metric for the RAG
system, we used accuracy—based on whether the
LLM’s response matched the correct answer—to
measure if the system could correctly derive the
answer via RAG.

4.2. Evaluation Results

Following the experimental setup in §4.1, we con-
ducted a performance evaluation of the LLMs. The
evaluation results are shown in Tab. 3. First, in the
overall score, which combines the scores from all
datasets, GPT-40 demonstrated the highest perfor-
mance. Additionally, Qwen-14B and Qwen-7B, de-
spite being lightweight, showed high performance,
particularly in the ProductReview dataset where
they performed on par with or better than GPT-40.

The results for each question type are shown
in Tab. 3(b) (EXTRACTING), (C) (REASONING), (d)
(CompPuTING), and (e) (INFORMATION INTEGRATING),
respectively. First, all LLMs achieved their high-
est scores among the four question types on the
ExTRACTING tasks. This is likely because Ex-
TRACTING measures only the ability to extract in-
formation from retrieved documents, whereas the
other three types require both extraction and rea-
soning. For the ExTRACTING type, while GPT-
40 showed the best performance overall, on the
ProductReview dataset, Qwen-14B and Qwen-7B
performed on par with or better than GPT-40. For
the other three types, GPT-40 also showed the
best overall performance, but for REASONING ques-
tions on the ProductReview dataset, Qwen-3B per-
formed on par with GPT-40. Additionally, for
the INFORMATION INTEGRATING type, Qwen-7B per-
formed on par with GPT-40 on News, while on
ProductReview, Qwen-7B and Qwen-14B outper-
formed GPT-40. For the CompPuTING type, GPT-40
significantly outperformed the other LLMs. The per-
formance of GPT-40 on calculation tasks is known
to be high compared to other models (Yang et al.,
2024), and it is likely that this result reflects the
relative strengths and weaknesses of the LLMs in
solving mathematical problems.

4.3. Comparison Based on the Use of
Retrieval Results

Since this benchmark is designed with questions
that cannot be solved using only an LLM’s internal
knowledge, it is ideally desirable that it consists
exclusively of problems that are unsolvable without
the retrieved documents and only become solvable
when they are provided. To verify whether this
objective has been achieved, we examined how the
LLMs’ evaluation results change with and without
the use of the retrieved documents.

In this verification, for each LLM from the experi-
ments in §4.1, we had them generate answers to

Overall
(@) Overall | Wikipedia News PRr:Vdi“ecwt C;’:‘l)zzy
(561) (165) (173) (48) (175)
GPT-40 76.8 87.3 69.9 52.1 80.6
lIm-jp-1.8B 20.7 35.2 25.4 6.2 6.3
lIm-jp-3.7B 26.0 30.3 22.5 104 29.7
lIm-jp-13B 40.5 491 37.0 25.0 40.0
Swallow-8B 52.0 61.2 43.4 35.4 56.6
Qwen-1.5B 31.9 40.0 27.7 18.8 32.0
Qwen-3B 36.9 40.0 34.1 37.5 36.6
Qwen-7B 60.6 62.4 55.5 62.5 63.4
Qwen-14B 65.6 70.9 58.4 52.1 71.4
EXTRACTING
(b) Overall | Wikipedia News PRr:Vdi“ecwt C;’:’izzy
(317) (95) (90) (13) (119)
GPT-40 81.7 89.5 73.3 76.9 82.4
lIm-jp-1.8B 25.2 47.4 25.6 15.4 8.4
lIm-jp-3.7B 35.0 442 25.6 7.7 37.8
llm-jp-13B 495 66.3 433 385 42.0
Swallow-8B | 59.9 71.6 52.2 38.5 58.8
Qwen-1.5B 40.1 50.5 33.3 30.8 37.8
Qwen-3B 43.2 51.6 37.8 46.2 40.3
Qwen-7B 71.6 76.8 65.6 92.3 69.7
Qwen-14B 74.8 83.2 66.7 84.6 73.1
REASONING
© Overall | Wikipedia News PRr:Vdi“eth C;’:j“l’::y
(132) (36) (36) (15) (45)
GPT-40 81.8 88.9 88.9 53.3 80.0
lIm-jp-1.8B 18.2 25.0 36.1 6.7 2.2
lIm-jp-3.7B 16.7 194 25.0 6.7 111
lIm-jp-13B 34.1 36.1 38.9 13.3 35.6
Swallow-8B 50.8 61.1 47.2 26.7 53.3
Qwen-1.5B 23.5 33.3 25.0 13.3 17.8
Qwen-3B 37.9 33.3 444 53.3 31.1
Qwen-7B 51.5 50.0 55.6 40.0 53.3
Qwen-14B 64.4 66.7 63.9 40.0 711
COMPUTING
(d) Overall | Wikipedia News roduct Company
(41) 1) (18) Review Rules
(0) 2
GPT-40 70.7 81.0 66.7 - 0.0
llm-jp-1.8B 4.9 9.5 0.0 - 0.0
llm-jp-3.7B 4.9 48 5.6 - 0.0
llm-jp-13B 9.8 9.5 1.1 - 0.0
Swallow-8B 19.5 23.8 16.7 - 0.0
Qwen-1.5B 12.2 19.0 5.6 - 0.0
Qwen-3B 0.0 0.0 0.0 - 0.0
Qwen-7B 26.8 28.6 27.8 - 0.0
Qwen-14B 46.3 47.6 50.0 - 0.0
INFORMATION INTEGRATING
(e) Overall | Wikipedia News PRre(’vdi“ecwt C;’:‘l’zzy
(87) (21) (31) (24) (11)
GPT-40 54.0 71.4 41.9 41.7 81.8
lm-jp-1.8B | 115 9.5 25.8 0.0 0.0
lIm-jp-3.7B 12.6 0.0 19.4 12.5 18.2
lIm-jp-13B 26.4 19.0 29.0 25.0 36.4
Swallow-8B | 33.3 33.3 25.8 37.5 455
Qwen-1.5B 19.5 14.3 25.8 125 27.3
Qwen-3B 28.7 28.6 29.0 33.3 18.2
Qwen-7B 471 33.3 45.2 62.5 455
Qwen-14B 39.1 33.3 32.3 45.8 54.5

Table 3: Complete evaluation results. The values
in the tables represent accuracy scores. Part (a)
shows the overall results, and parts (b)-(e) show
the results for each specific question category. The
number in brackets means the number of QAs.
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Overall | Wikipedia News PRreovdiueth ng‘fzzy

(561) (165) (173) (48) (175)
GPT-40 14.1 9.1 11.6 29.2 17.1
lIm-jp-1.8B 0.4 0.0 0.6 0.0 0.6
lIm-jp-3.7B 1.1 0.0 0.0 2.1 2.9
lIm-jp-13B 6.4 2.4 1.2 2.1 16.6
Swallow-8B| 17.1 7.3 11.6 12.5 33.1
Qwen-1.5B | 11.1 4.8 8.1 22.9 16.6
Qwen-3B 14.6 9.1 8.1 22.9 24.0
Qwen-7B 14.8 9.7 9.2 375 18.9
Qwen-14B 20.1 145 13.9 27.1 29.7

Table 4: Performance of each model when no re-
trieval results were provided.

the questions without providing the retrieval results
composed of relevant documents, and then eval-
uated those answers. The results are shown in
Tab. 4. These results correspond to those shown
in Tab. 3 where retrieval results were provided, and
the two should be referred to in conjunction. Over-
all, the accuracy rate without retrieval results was
significantly lower compared to the performance
with retrieval results. In particular, we confirmed
that the performance of GPT-40—which had con-
sistently performed well in the setting with retrieval
results—dropped to a level comparable to that of
the other models.

The reasons why the performance shown in Tab.
4 is not zero are threefold. First, the benchmark
includes binary-choice questions (e.g., Yes/No),
where models can answer correctly by chance.
Second, models sometimes generate plausible hal-
lucinations that coincidentally align with the correct
answer. Finally, for datasets that mimic real-world
formats, such as company regulations, models can
leverage pre-trained common-sense knowledge to
correctly answer general questions. Despite these
artifacts, the accuracy without retrieval is signifi-
cantly lower across all models than the RAG setting,
confirming that the benchmark largely achieves its
objective of being unanswerable without the exter-
nal documents.

4.4. Error Analysis

In the example in Fig. 9, it is necessary to or-
ganize the information—"weekly”, “No. 1, 2005”
(start of the year), and “No. 50, 2012” (end of the
year)—before performing the calculation. While
GPT-40 is able to answer correctly by taking these
requirements into account, Qwen-14B—the model
with the second-highest overall performance—is
only able to perform a simple calculation, subtract-
ing 2005 from 2012 as written in the document to
get 7. Through this example, we can assess that
in terms of the ability to utilize external information,
GPT-40 has superior performance in calculation,
reasoning, and information organization.

[Retrieved Document Excerpt] LW =zF > b - 2m=2)]

(Revenant Chronicle) . H¥iiEsic k 2 HARDEHEES T
Hb, . A2V A v&24LX] (EHE) OfIFIST
» 52005415 H 5201245505 £ TH#K X 4v, ... ("Revenant
Chronicle" is a Japanese manga series by Keishi Ibata. ... It was
serialized in "Weekly Create Times" (Seikosha) from the inaugural
issue, No. 1 of 2005, to No. 50 of 2012, ...)

[Question] LY xzF > b - Zma=2)L) ik DAFIZY A b
RA LR THRUTER S X 17z 2 (For about how many years
was "Revenant Chronicle" serialized in "Weekly Create Times"?)

[Correct Answer] #J84E[#] (About 8 years)

[Response by GPT-40] #84Ef] (About 8 years)

[Response by Qwen-14B] 74EfH] (7 years)

Figure 9: An example where GPT-40 is correct but
Qwen-14B is incorrect (Dataset: Wikipedia)

5. Conclusion

To more accurately evaluate RAG’s ability to gen-
erate answers based on retrieved documents, this
study constructed a RAG benchmark using a col-
lection of LLM-synthesized documents about non-
existent entities and events as its retrieval target.
The benchmark built in this study includes four
types of datasets, each composed of synthetic
documents from an LLM and manually created
question-answer pairs. Furthermore, using this
benchmark, we evaluated the ability to extract exter-
nal information and to reason using that extracted
information within a RAG framework. Through the
construction of this benchmark, we have verified
that the proposed methodology is applicable to a
middle-resource language like Japanese for which
LLMs can perform fluent generation. We hope that
an accurate evaluation of an LLM’s ability to uti-
lize external information, made possible by this
benchmark, will serve as a guidepost for develop-
ing higher-performance LLMs and RAG systems.

6. Limitations

In this study, we constructed a novel Japanese
RAG benchmark using synthetic documents to ef-
fectively mitigate data contamination. While our
evaluation demonstrates the feasibility of this ap-
proach in assessing a model’s true ability to utilize
retrieved context, our comprehensive analysis also
identified several limitations in the current dataset
and evaluation setup. In the following, we outline
these potential limitations and discuss critical direc-
tions for future work to address them.

+ Disentangling retrieval and generation evalua-
tion: An inherent limitation involves our evalua-
tion setup. Our current naive RAG pipeline eval-
uates the system end-to-end, which conflates
retrieval errors with generation errors. To pre-
cisely pinpoint system bottlenecks, evaluating
retrieval accuracy and the LLM’s generation ca-
pability in isolation — such as testing the genera-
tor exclusively with gold documents —is essential.
However, distinguishing retrieval and generation
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errors needs further annotations specifying the
exact source sentences required for each an-
swer, which are not yet included in our current
datasets, we leave the separated evaluation of
retrieval and generation as a critical direction for
future work.

Scaling the dataset via automated verification:
The dataset consists of 161 synthetic documents
and 561 QA pairs. This relatively small scale
is a direct consequence of the costly construc-
tion process, which required LLM generation
followed by careful manual filtering and QA cre-
ation. To address this scalability issue, we plan
to develop an automated, LLM-driven verification
pipeline. By utilizing our current human-verified
data as a seed, we aim to finetune or prompt an
“LLM critic” to reliably detect factual contradic-
tions, significantly reducing human annotation
costs and enabling the generation of massive
synthetic datasets.

Improving ecological validity: Our synthetic doc-
uments, which are clean and narrative, may not
represent the full spectrum of real-world docu-
ments, which often include noisy text. Further-
more, while annotators confirmed the fluency of
the generated Japanese, it remains unexplored
whether these synthetic texts differ from real-
world human-authored documents in stylistic or
linguistic dimensions (e.g., lexical diversity or
syntactic complexity). To enhance the ecolog-
ical validity of the benchmark, our next step is
to introduce controlled noise into the synthetic
generation pipeline. It is worth a try to simulate
real-world data imperfections by injecting noise
such as OCR errors, colloquial disfluencies, and
complex structural elements like tables. This
may be helpful to bridge the gap between clean
synthetic text and practical industrial realities.

Mitigating evaluation bias: Since the LLM-as-
a-judge used in this study also had errors in
judging correctness, exploring more robust au-
tomated evaluation methods for RAG can be
considered another important future task. A re-
lated concern is the use of GPT-40-20240806 as
both the primary judge and as the top-performing
model in the evaluation. This coupling could in-
troduce a potential bias, as the judge may favor
the response style of its own model. While this
choice was made after preliminary tests showed
other LLMs to be less reliable judges, and large-
scale human evaluation was not feasible, future
work could explore cross-judge validation to bet-
ter quantify and mitigate this bias.

7. Ethical Considerations

An ethical consideration for this benchmark is the
dual-use nature of its methodology. The techniques
employed to generate “fake but plausible” docu-
ments, while benign in this research context, could
be adapted for malicious purposes. Specifically,
the ability to create realistic-sounding but fictional
news, company rules, or encyclopedic entries high-
lights a potential risk for generating sophisticated
disinformation.
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