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Abstract

Retrieval-Augmented Generation (RAG) enhances large lan-
guage models (LLMs) by integrating external knowledge,
where the LLM’s ability to generate responses based on the
combination of a given query and retrieved documents is
crucial. However, most benchmarks focus on overall RAG
system performance, rarely assessing LLM-specific capabil-
ities. Current benchmarks emphasize broad aspects such as
noise robustness, but lack a systematic and granular evalu-
ation framework on document utilization. To this end, we
introduce Placeholder-RAG-Benchmark, a multi-level fine-
grained benchmark, emphasizing the following progressive
dimensions: (1) multi-level filtering abilities, (2) combina-
tion abilities, and (3) reference reasoning. To provide a more
nuanced understanding of LLMs’ roles in RAG systems, we
formulate a novel Placeholder-based approach to decouple
the contributions of the LLM’s parametric knowledge and the
external knowledge. Experiments demonstrate the limitations
of representative LLMs in the RAG system’s generation ca-
pabilities, particularly in error resilience and context faithful-
ness. Our benchmark provides a reproducible framework to
develop more reliable and efficient RAG systems.

Code — https://github.com/AQ-MedAI/PRGB
Datasets —

https://huggingface.co/datasets/AQ-MedAI/PRGB
Extended version — https://arxiv.org/abs/2507.22927

Introduction
Retrieval-Augmented Generation (RAG) has emerged as a
transformative paradigm enabling large language models
(LLMs) to integrate external knowledge. Within RAG sys-
tems, it is crucial for LLMs to generate more reliable re-
sponses based on a given query and retrieved documents.

Recently, diverse efforts have been conducted to evalu-
ate RAG systems’ performance across methodologies and
metrics (Gan et al. 2025; Long et al. 2025). For example,
RAG (Lewis et al. 2020), REALM (Lewis et al. 2020),
and RETRO (Borgeaud et al. 2022) assess retrieval qual-
ity via exact match or F1 scores over retrieved passages
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and generation accuracy through QA-based metrics. Exist-
ing benchmarks mostly assess overall RAG performance,
not the LLMs’ generation capabilities based on the retrieved
context.

Traditional methods typically focus on evaluating the re-
trieval process (Voorhees 1998), but recent studies indicate
that retrieval quality alone cannot guarantee generation ac-
curacy (Min et al. 2020). Therefore, it is very necessary to
evaluate the capabilities of generative models in RAG
systems. HIRAG(Jiao et al. 2025) trained the generation
models in RAG systems, but it lacks more granular as-
pects about RAG-specific tasks. To investigate LLMs’ ca-
pabilities to leverage RAG context, RAG-Bench (Friel, Be-
lyi, and Sanyal 2025) systematically combined pre-defined
RAG metrics and newly introduced LLM-specific metrics
(e.g., fluency, coherence, and factual consistency) to better
describe the overall RAG system performance. RGB (Chen
et al. 2023) tried to define basic abilities of RAG-based
LLMs from the viewpoints of noise robustness and docu-
ment integration. However, the dimensions of these bench-
marks are relatively coarse, which is insufficient to evalu-
ate the capability of LLMs to effectively leverage the re-
trieved corpus within RAG systems. The resulting capabil-
ities that LLMs should possess in RAG environments are as
follows: (a) Multi-level Filtering evaluates whether LLMs
can accurately identify the relevant information from re-
trieved documents, filtering varying-degree noise. (b) Com-
bination evaluates whether LLMs can recognize and re-
tain all relevant data necessary for generating a complete
and accurate response. (c) Reference Reasoning evaluates
whether LLMs can perform multi-hop reasoning based on
the information provided in retrieved documents and answer
questions that go beyond direct answers on content retrieval
(the above two abilities).

However, when evaluating whether LLMs could gen-
uinely ground responses in external retrieval contexts, a
critical challenge lies in disentangling the contribution
of LLMs’ parametric knowledge, since conflating these
knowledge sources would obscure whether LLMs default to
applying pre-trained parametric biases. For instance, when
a model correctly answers a factual question using retrieved
documents, it remains unclear whether the accuracy stems
from genuine synthesis of external information or implicit
recall of pre-trained knowledge. Recent solution POPQA
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Figure 1: Visualization for Evaluation Dimensions of Placeholder-RAG-Benchmark. Starting from triplet-based metadata, three
finer-grained evaluation tasks are formulated, including filtering, composition, and reasoning.

(Mallen et al. 2023) used less popular factual data for eval-
uation, because such data is more likely to be learned by
LLMs. However, over time, newer LLMs are likely to learn
from an increasing volume of online corpora, which means
that information that was relatively less popular at the time
may eventually be memorized by these models after a cer-
tain period. When evaluating datasets with RAG like Trivi-
aQA (Joshi et al. 2017) and RGB(Chen et al. 2023), the ma-
jority of methods adopted a specific instruction template “If
the information in the document does not contain the answer,
you will generate I cannot answer the question because of in-
sufficient information in the documents”. However, instruc-
tion would influence the RAG evaluation, because LLMs
with stronger instruction following ability are more likely
to refuse to answer with “I cannot answer the question”.

To address the above-mentioned issues, we propose
a multi-level fine-grained benchmark named Placeholder-
RAG-Benchmark, emphasizing the following progressive
dimensions: multi-level filtering, cross-entity and multi-
attribute composition, and multi-paradigm reasoning. Its
construction is guided by principles from knowledge
graphs(Liu et al. 2024). Besides, to decouple LLMs’ para-
metric knowledge from the external knowledge, we formu-
late an innovative Placeholder-based approach to decouple
the contributions of the LLM’s parametric knowledge and
the external knowledge.

It is worth mentioning that, although our purpose is to
evaluate the document utilization capability of the genera-

tive model in the RAG system, all the noise data associated
with each piece of data can also be combined into a sin-
gle library for evaluating retrieval models. This is because it
involves many aspects (e.g., similar noise, multi-value, and
multi-hop scenarios), which also present a significant chal-
lenge for retrieval models.

Our contributions are summarized as follows:

(1) A More Granular Evaluation Framework. We pro-
pose a novel Placeholder-RAG-Benchmark to enable fine-
grained, multi-level assessments of LLMs within RAG sys-
tems. This framework introduces a more detailed dimen-
sional structure for evaluating LLM capabilities, focusing on
(a) Multi-level Filtering, (b) Combination, and (c) Refer-
ence Reasoning in effectively utilizing the retrieved corpus.

(2) A Robust Placeholder Algorithm. To achieve robust
evaluations, a placeholder-based approach is formulated to
mitigate the impact of the model’s internal knowledge pa-
rameters, preventing LLMs from merely regurgitating an-
swers and encouraging deriving conclusions from RAG-
retrieved context.

(3) Comprehensive RAG-based LLM Assessments.
Experiments demonstrate the limitations of representative
LLMs in the RAG system’s generation capabilities, par-
ticularly in error resilience and context faithfulness. Our
benchmark provides a reproducible framework for develop-
ing more reliable and efficient RAG systems.
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Related Work
RAG. RAG is a framework that enhances the capabilities
of large language models by integrating external knowl-
edge retrieval with text generation. The foundational work
by (Lewis et al. 2020) introduced RAG, combining a pre-
trained retriever with a sequence-to-sequence generator,
allowing models to condition outputs on retrieved docu-
ments. Subsequent studies expanded RAG’s applicability,
such as REALM (Guu et al. 2020), which incorporates re-
trieval into pre-training, and variants like RAG-Sequence
(Shi et al. 2024) for multi-hop question-answering. Besides,
some studies have begun to investigate multi-round retrieval
augmentation. For instance, ICRALM (Ram et al. 2023) and
RETRO (Borgeaud et al. 2022) execute retrieval at the fixed
token counts, while IRCot (Trivedi et al. 2022) triggers re-
trieval for each sentence. HANRAG adaptively adjusts the
number of rounds based on the complexity of the question
(Sun et al. 2025).
RAG Benchmark. Recent advancements in RAG evalua-
tion have produced diverse automated frameworks, yet stan-
dardization remains elusive. RAGAS (Es et al. 2024) in-
troduced LLM-based metrics (e.g., context relevance, faith-
fulness) via GPT-3.5 prompting, while ARES (Saad-Falcon
et al. 2023) proposed fine-tuned NLI models for similar as-
sessments. Besides, (Chen et al. 2024) developed robustness
tests through context perturbation. (Adlakha et al. 2024)
formulated heuristic algorithms for faithfulness estimation.
RAGBench(Friel, Belyi, and Sanyal 2025) is one of the few
evaluation frameworks for large model generation that ad-
dresses aspects such as noise resistance, integration, and
counterfactual detection. However, these areas are evaluated
with relatively coarse granularity, and the distribution of top-
ics within the data is often skewed.

Placeholder-RAG-Benchmark
In this section, we will introduce the details of the PRGB
benchmark with the newly designed dynamic placeholder
substitution strategy. Figure 1 illustrates the overall pipeline.

Triplet-based Meta-Data
We obtain several categories of popular entities from
Wikipedia, such as Sports Events, Awards, Fictional Enti-
ties, and so on. From each category, a certain number of en-
tities are selected as parent entities, denoted as Ep. To gen-
erate a rich collection of semantically related entities, we
generate a set of semantic facets (Dp) for each parent en-
tity (ep ∈ Ep). For each pair of a parent entity p and one of
its facets di ∈ Dp, we generate a set of child entities. The
complete set of child entities is the union across all parent
entities and their facets: Ec =

⋃
ep∈Ep

⋃
di∈Dp E

(p,i)
c , all

entities are denoted as E = Ep∪Ec. For each entity, we ex-
tract a set of factual predicate-object pairs (rj , oj). These are
then formulated into a set of triples Γe = {(e, rj, oj)}, the
final triple set Γ for the entire dataset is the union of triples
for all entities: Γ =

⋃
e∈E . After manual verification, the

dataset consists of 224 parent entities, 2,272 child entities,
and 16,033 triplets.

Fine-grained Evaluation Dimension
To conduct a comprehensive assessment of model capa-
bilities, we establish three fine-grained evaluation dimen-
sions:(a) Multi-level Filtering, (b) Combination, and (c)
Reference Reasoning. The evaluation instances for these
tasks are systematically constructed from our dataset Γ.

Multi-Level Filtering. This dimension evaluates a
model’s ability to perform precise information extraction
amidst varying levels of contextual noise. Formally, for
a given child entity ec ∈ E

(p,i)
c , we designate one of

its attribute triplet, γg ∈ Γc, as the golden triplet. A
corresponding query is then generated. We construct three
distinct sets of distractor triplets (Γnoise), each representing
a different level of difficulty based on the semantic prox-
imity of the noise source to the golden entity ec. The noise
levels are defined as follows:

∆ Weak Noise. Distractors are sourced from semanti-
cally distant entities. Specifically, this set comprises triplets
whose subjects are child entities derived from a different
parent entity.

Γweak = {(e′c, r′, o′)| e′c ∈ E(p′,i)
c and e′p ̸= ep} (1)

∆ Moderate Noise. Distractors originate from semanti-
cally similar entities. This set consists of triplets belonging
to sibling entities-i.e., other child entities generated from the
same parent entity ep and via the same facet di.

ΓMod = {(e′c, r′, o′)| e′c ∈ E(p,i)
c and e′c ̸= ec} (2)

∆ Hard Noise. The most challenging distractors are
triplets representing generalized information that may con-
flict with the specific facts of ground truth. This set is com-
posed of the attribute triplets of the parent entity ep itself.

ΓHard = {(ep, r′, o′)| ec ∈ E(p,i)
c } (3)

Combination. This dimension assesses a model’s capac-
ity for knowledge combination, which requires aggregating
information from multiple distinct triplets to formulate a
comprehensive answer. We design three tasks with increas-
ing compositional complexity.

∆ Explicit Combination. This task evaluates the model’s
ability to conjoin facts about two distinct but related enti-
ties. The golden triplets consist of two attribute triplets from
different sibling entities that share the same predicate. For-
mally, we select two distinct child entities, ec1 , ec2 ∈ E

(p,i)
c ,

originating from the same parent entity ep and facet di. The
golden triplets are the set Γg = {(ec1 , r, o1), (ec2 , r, o2)}.
The model is prompted with a query that requires both facts
for a complete answer (e.g., ” What were the host countries
of the 2016 and 2020 Olympics, respectively?”)

∆ Multi-Value Combination. This task assesses the
model’s ability to retrieve a complete set of objects for a sin-
gle subject-predicate pair (a one-to-many relation). In our
dataset, such relations are represented as multiple triplets
sharing the same subject and predicate.The golden triplets,
Γg = {(ec, r, ok) ∈ Γc| k = 1, ...,K}. The query prompts
the model to list all associated values (e.g., ”What were the
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host cities of the 2018 FIFA World Cup?”), and a complete
answer must include all objects {o1, ..., oK}.

∆ Multi-Scenario Combination. This task evaluates a
model’s ability to answer a general query about a parent en-
tity by synthesizing information distributed across its mul-
tiple child entities. It tests for information summarization.
The query is framed around the parent entity and a specific
predicate, e.g., (ep, r, o). The golden triplets, Γg , originate
from the descendant entities of the ep, rather than from ep
itself:

Γg = {(ec, r, oc)| ec ∈ E(p,i)
c } (4)

Reference Reasoning. This mode mainly evaluates
LLMs’ ability to conduct multi-hop reasoning using infor-
mation when answers are not directly provided in the source
documents ( previously mentioned abilities involve direct
answering based on the documents).

∆ Comparative Reasoning: The model derives answers
by comparing the values across two or more entities.

∆ Deductive Reasoning: This involves posing questions
about attribute values through a major premise and a minor
premise. The process can be divided into two types:

Deductive Reasoning-1: Inheritance-based Attribute
Questioning
Question: How much does it cost to borrow books from
Harvard?
Document: the book borrowing fees for Ivy League schools;
Explanation: Harvard belongs to the Ivy League schools, so
the borrowing fees are subject to its parent.

During construction, inheritance-based attribute question-
ing identifies subclass entities that inherit attributes from
parent class entities. The constructed questions focus on
querying the inherited attributes of the subclass entity, with
the golden document providing an explanation of the corre-
sponding attribute of the parent class entity.

Deductive Reasoning-2: Relationship-based Value Ques-
tioning
Question: Is there a toll on the Guangzhou to Shenzhen ex-
pressway?
Document: Free expressways within the same provinces;
Explanation: The relation between Guangzhou and Shen-
zhen is the same province. So Free.

During evaluation, relationship-based value questioning
requires the following steps: (1) retrieving the relevant con-
text according to the parent attribute of value, (2) finding the
relationship between entities via reasoning, and (3) obtain-
ing the final answer via overall relationship-based reasoning.

∆ Comparative Deductive Reasoning: This form of rea-
soning involves posing questions about the attribute sets of
different entities. It requires a higher-level generalization as
the major premise to guide the comparison.

Comparative Deductive Reasoning
Question: What safety measures do Tesla and Mercedes

have?
Document: Tesla equipped with airbags and automatic
alarms; Mercedes equipped with airbags and automatic
alarms;
Explanation: Airbags and automatic alarms belong to safety
measures, and they are common features

Dynamic Placeholder Substitution
Given a query, dynamic placeholder substitution is to dy-
namically adjust the RAG contexts by changing the place-
holder values. Then, we can observe whether LLMs can pro-
vide correct answers under these RAG contexts, thus effec-
tively avoiding the internal knowledge of LLMs.

Placeholder-based Context Generation. We translate
the structured triplets into natural language documents that
serve as the context for our evaluation tasks. For a given
triplet (e, r, o), we first create a template by masking its
value: (e, r, P laceholder). We then employ LLMs, specif-
ically GPT-4o and Qwen-2.5-MAX, to author a document
centered on the entity e. The generation is guided by two
principles: (a) Fact Embedding: The document must con-
tain the necessary information to correctly fill the place-
holder, thereby embedding the original fact (e, r, o). For
multivalued facts, multiple placeholders are used. (b) Con-
textual Enrichment: To create a realistic and complex con-
text, the document is augmented with other true facts about
the entity, drawn from its other triplets (e, r′, o′) ∈ Γ.
The same procedure is used to generate golden documents(
from golden triplets) and distractor documents ( from noise
triplets), ensuring stylistic consistency across all materials.

Based on (e, r, P laceholder) and the question, we gener-
ate candidate values for the placeholder. These values must
match the original value in the datatype. Furthermore, an-
swers are constructed according to a set of placeholder val-
ues from the golden documents.

Methodological Rationale: Placeholder-based Evalua-
tion. In fact, the dynamic placeholder substitution can en-
hance the robustness of the evaluation framework in two
key ways: (a) By substituting critical information with place-
holders, it reduces bias from the model’s internal knowledge
during evaluation. (b) By repeatedly testing the same sample
with minimal changes, it lowers the probability of models
guessing correct answers.

Benchmark Statistics
Statistical Information. We constructed an English dataset
with 3,887 samples and a Chinese dataset with 3,387 sam-
ples. On average, the English dataset contains 1.74 golden
documents per sample, while the Chinese dataset has 1.94.
Regarding noise levels, the English dataset averages 5.80,
4.11, and 0.54 documents for weak noise, moderate noise,
and hard noise, respectively. The corresponding values for
the Chinese dataset are 1.94, 6.20, and 0.52. These en-
sure sufficient noise for robust experiments. Additionally,
the English and Chinese datasets provide an average of
4.39 and 4.68 candidate placeholder values per sample, re-
spectively, ensuring experimental stability. Further details
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on subtasks are provided in the Appendix. Our data, built
from diverse, multi-domain Wikidata entities, passed a style-
transfer stress test across multiple prompts and LLMs. The
consistent performance (e.g., GPT-4o accuracy at 0.67 ±
0.01) validates that the data is not heavily biased.

Data Quality Validation. Given the extensive use of
GPT-4-based synthetic methods in our data construction
pipeline, ensuring the quality of the generated data is of crit-
ical importance. Initially, we execute our evaluation pipeline
using various state-of-the-art (SOTA) models under the sim-
plest conditions—without introducing noise and with golden
triplets provided as reference—to identify samples that mul-
tiple models fail to answer correctly (approximately 30% of
the dataset). Subsequently, these problematic samples un-
dergo manual validation and correction. The manual valida-
tion process focuses on two primary objectives: (1) ensuring
that substituting specific values for placeholders in the docu-
ment does not introduce contextual inconsistencies, and (2)
verifying the accuracy of the relationships between place-
holders and their corresponding answers.

Experiment
In this section, we conduct abundant experiments to show
LLMs’ performance under the recommended hyperparame-
ter configurations, indicating the effectiveness of different
proficiency tests. The highlighted conclusions are as fol-
lows.

Impact of Reasoning Modes: Working in ”reasoning”
versus ”non-reasoning”, LLMs exhibit huge performance
variations across three evaluation dimensions. Analysis of
reasoning chains indicates that reasoning models effectively
process and reflect on noisy document hierarchies, thus ag-
gregating all relevant information in combination tasks and
performing complex reasoning in reference-reasoning tasks,
while non-reasoning models are prone to selecting highly
misleading answers without critical analysis.

Filter Ability vs. Model Size. Filter capability does not
scale linearly with model size. Smaller models sometimes
outperform larger ones in this task by directly extracting ver-
batim text from source documents, thereby matching key an-
swer phrases more precisely. In contrast, larger models often
paraphrase source text, occasionally omitting critical details.
For instance, GPT-4 models tend to simplify date informa-
tion, reporting only ”month-year” while omitting ”day,” de-
spite the day being explicitly provided in the source.

Performance on Combination and Inference Tasks.
Larger models demonstrate clear advantages in combination
and reference inference tasks, excelling at aggregating, rea-
soning, and constructing complete reasoning chains. Among
the tested models, the Gemma series showed stronger rea-
soning capabilities, while the Qwen series exhibited superior
performance in information integration and combination.

Experimental Setup
Hyper-parameters. We employed a configuration where
both l1 noise doc and l2 noise doc were set to 4, and l3
noise doc was set to 1. Three placeholders were used for the
evaluation in our main experiments. All models were tested

Algorithm 1: Evaluation Pipeline

1: Input: LLM, Placeholder-RAG-Benchmark Dataset D,
n < N as candidate placeholder number

2: for each data point d ∈ D do
3: for i in range(n) do
4: resulti=infer(LLM, d&Pi)
5: end for
6: Score=AVG(metric(result{1,...,N},GT))
7: end for
8: Calculate the final evaluation score, aggregated by dif-

ferent RAG tasks Ti

9: return ScoresTi

on both Chinese and English datasets. For closed-source
models, we accessed them via APIs, while for open-source
models, experiments were conducted using 8 NVIDIA A100
GPUs with a batch size of 16. The VLLM framework was
used to implement and run the open-source models.

Evaluated LLMs. We utilized recent strong LLMs with
varying sizes, including GPT-4o, Claude 3.7, Gemini, Qwen
Series and DeepSeek V3. Notably, Qwen3 series are evalu-
ated under both enabled and disabled reasoning modes.

Evaluation Pipeline. Let D,PN denote one data
point(i.e., query, RAG context, answer) and the placeholder
set, respectively, where N denotes the number of candidate
placeholder values. The evaluation pipeline is illustrated in
Algorithm 1. During evaluation, hyperparameters are set to
define the number of placeholders per data point and the
configuration of noise documents. The algorithm iteratively
samples data points by replacing placeholders, computes in-
ference results for each placeholder, and calculates an aver-
age score per sample. Finally, it aggregates evaluation scores
across different RAG tasks.

Evaluation Metrics. For evaluation, we mainly use two
metrics: accuracy (Covered Exact Match) and GPT evalua-
tion. Accuracy refers to whether the keywords appear in the
document. We use logical operators ”or (|)” and ”and (&)”
to improve the accuracy rate. The scenarios for using the
”and” condition include situations where multiple possible
answers must all be mentioned, and when a relatively long
phrase is broken down into key, small elements. As for GPT
evaluation, we directly let GPT4o judge whether the answer
is correct according to the question.

Placeholders This part primarily examines the role of
placeholders in evaluation methods. Experiments were con-
ducted across different scenarios using three placeholders to
test various models. The study explored the performance
differences of multiple placeholders and the stability of
the answers. We utilized models of varying sizes from the
Qwen2.5 series to observe the outcome changes when three
placeholders were modified for the same dataset. Specifi-
cally, these outcomes included scenarios where all answers
were correct, all answers were incorrect, and some answers
were incorrect. The results reveal that as model size in-
creases, the proportion of completely correct answers rises,
while the instances of partial errors and complete errors de-
crease; notably, the proportion of partial errors declines sig-
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Models ZH EN

Overall Multi-Level
Filter

Combi-
nation

Rea-
soning Overall Multi-Level

Filter
Combi-
nation

Rea-
soning

Gemini-2.5-pro-preview 87.33 97.92 94.20 70.18 84.89 94.89 85.32 76.09
Claude-3.7-sonnet 85.74 97.62 90.59 70.39 82.96 93.18 82.13 76.51
Gemini-2.5-flash-preview 81.85 93.92 88.54 63.86 79.20 90.69 80.30 67.90
Qwen3-235B-A22B 80.76 94.92 88.18 60.23 78.68 90.56 78.32 69.97
Qwen3-30B-A3B 80.45 95.87 86.11 61.42 79.09 91.01 78.01 71.78
Deepseek-V3(241226) 77.54 94.58 81.00 60.32 79.02 89.91 77.18 74.03
Qwen3-235B-A22B w/o think 75.20 91.50 79.67 57.14 70.27 83.95 66.37 67.15
Qwen-2.5-MAX 74.43 93.25 78.28 55.37 78.45 89.32 75.83 65.89
GPT4.1 71.15 88.08 73.28 56.76 72.27 83.95 69.41 68.03
Qwen3-30B-A3B w/o think 71.05 91.08 72.22 54.76 65.38 84.76 61.12 58.47
Gemma3 27b 70.24 92.21 73.09 50.24 79.18 92.03 78.00 71.33
GPT4o-1120 69.88 92.17 70.21 50.60 70.89 81.62 65.69 64.83
Qwen3 32B 69.69 89.75 75.74 46.70 78.05 90.69 77.23 69.65
Hunyuan-80B-A13B 68.84 93.50 68.94 50.64 73.42 86.89 71.58 66.38
Qwen2.5 72B 64.87 92.92 64.99 44.14 68.90 87.01 64.30 63.69
Gemma3 12b 64.10 60.20 89.92 50.52 72.35 87.42 68.46 68.12
Qwen3 8B 63.04 86.87 67.49 39.47 76.80 88.36 76.27 68.71
Qwen3 32B w/o think 60.73 89.50 59.53 41.30 68.30 84.35 63.74 64.59
Qwen2.5 32B 58.76 92.00 51.33 44.60 66.70 85.66 63.04 58.92
Qwen2.5 14B 55.94 89.42 52.69 35.87 63.29 84.40 57.35 58.34
Qwen2.5 7B 49.31 83.29 47.47 26.92 63.16 81.90 56.76 61.00
Qwen3 8B w/o think 50.02 83.96 47.83 28.17 64.71 83.21 58.93 61.52
Gemma3 4b 47.67 78.33 37.41 39.26 57.58 77.98 48.50 59.41

Table 1: Performance of Various State-of-the-Art Models in this benchmark. Results unavailable in public reports are marked
as ”–”. Bold values indicate the best experimental results among small-scale models, italic bold values indicate the second-best
experimental results, and underlined values denote the third-best experimental results.

nificantly slower than the proportion of complete errors.
Furthermore, analyzing placeholder-level performance,

particularly for partially correct outcomes, reveals that the
proportion of such answers remains relatively stable at
around 30%. This indicates that placeholders influence mod-
els of all sizes. However, as shown in Figure 2, the pro-
portion of partially correct answers increases steadily with
model size, suggesting that larger models exhibit greater sta-
bility when handling variable RAG documents.

Experiment About Assessment Dimension
In this section, we examine the effectiveness of the proposed
evaluation dimensions. For better control of variables, we
conducted experiments using Qwen-2.5 models of varying
sizes to analyze how performance changes across: (a) Multi-
level Filtering, (b) Combination, and (c) Reference Rea-
soning, as reflected in our evaluation dataset.

For Multi-Level Filtering tasks, we assess how noise
of varying difficulty levels affects the performance. To en-
sure controlled experimentation, we systematically adjust
the proportions of noisy documents in the filter task. From
Table 3 and 4, we observe that increasing moderate and hard
noise levels degrade model performance on even simple fil-
ter tasks, while keeping the total number of noisy docu-
ments constant. This demonstrates the effectiveness of our
multi-level noise design. Moreover, we observe that while
the 7B model performs well in scenarios with only weak
noise, its performance deteriorates significantly as noise be-

Figure 2: Qwen2.5 Series Model Performance Comparison,
among these, the line graph for ”partial correct score” repre-
sents the specific scores achieved in partially correct cases.

comes more challenging. In contrast, larger models demon-
strate greater resilience to handling more complex noise.

In the Combination task, we experiment with three dis-
tinct task types. In Table 5, for L1 tasks, smaller models like
Qwen2.5-7B perform well, whereas for the second and third
task types, larger models exhibit a significant advantage.

The results about Reference Reasoning are shown in Ta-
ble 6. There is no absolute measure of difficulty among its
four aspects. However, we can observe that larger models
generally possess stronger overall document reasoning ca-
pabilities. Nevertheless, the category of deductive reasoning
is more challenging compared to other scenarios. On the one
hand, in deductive reasoning, the model needs to identify
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Multi-Level Filtering Combination Reference Reasoning

Question When did Mozart perform the Turk-
ish March?

What is the shape of eucalyptus
leaves?

Which country can the Best Mentor-
Disciple Duo in East Asian martial arts
visit?

Answer November 9, 1786 Lanceolate & Oval the United States

Documents

Golden Document
Mozart’s performance of the Turk-
ish...it was brilliantly presented
at the Vienna Conservatory on
November 9, 1786

Noisy Document
The Turkish March,... When it was
performed by Bobby McFerrin...
The date of this performance was
October 7, 1783

Golden Document
...In addition, the blue gum tree
has unique leaf shapes, including
lanceolate ones.

...The leaves of eucalyptus trees in
the Northwest region are usually
oval-shaped

Golden Document
The Best Mentor-Disciple Duo in
Karate can travel to the United
States.

Noisy Document
The Best Mentor-Disciple Duo in
Wrestling can visit the Shaolin
Temple in China for a pilgrimage.

Response October 7, 1783(Noisy Error An-
swer)

The leaves of the blue gum tree
are mainly lanceolate(Partial Re-
sponse).

China(Noisy Error Answer)

Table 2: Error Cases of Three Dimension by GPT-4o-1120.

Noise Config Config 1 Config 2 Config 3 Config 4
Filtering-en

Qwen2.5 7B 89.01 83.74 85.09 84.72
Qwen2.5 32B 82.68 80.80 80.35 79.34
Qwen2.5 72B 89.09 88.15 87.58 87.42
Qwen2.5 MAX 85.38 84.84 84.68 84.56

Table 3: The model’s performance under different noise con-
figurations is evaluated on the filter task. Specifically, Con-
fig 1 represents the noise ratio of Weak:Moderate:Hard as
5:0:0. Config 2, Config 3, and Config 4 correspond to ratios
of 3:2:0, 1:4:0, and 1:3:1, respectively.

Noise Config Config 1 Config 2 Config 3 Config 4
Filtering-zh

Qwen2.5 7B 95.33 84.54 83.92 80.83
Qwen2.5 14B 95.28 85.62 84.38 80.96
Qwen2.5 32B 95.64 88.93 88.24 85.13
Qwen2.5 72B 95.58 93.71 94.17 92.92
Qwen2.5 MAX 95.87 94.17 93.33 93.13

Table 4: Different noise ratios on the Chinese dataset.

the required attributes and then find the common attributes.
It requires numerous cognitive leaps to arrive at the correct
answer, posing a significant challenge to the model.

Conclusion
This paper introduces PRGB, a placeholder-based RAG
benchmark to evaluate LLMs’ information utilization ca-
pabilities from multiple dimensions. Starting from triples,
we constructed two human-reviewed evaluation datasets:
3,887 English samples and 3,387 Chinese samples, syn-
thesized using GPT-4. The benchmark comprehensively as-
sesses models across three dimensions: multi-level filtering,
complex composition, and multi-paradigm reasoning capa-

Model Overall Combination
(%) L1 (%) L2 (%) L3 (%)

Qwen2.5 7B 47.47 74.07 39.66 28.60
Qwen2.5 14B 52.69 79.27 47.00 31.73
Qwen2.5 32B 51.33 85.07 45.32 23.53
Qwen2.5 72B 64.99 84.00 56.36 54.53
Qwen2.5 MAX 78.28 86.53 73.06 75.20

Table 5: Performance of Qwen2.5 series models on com-
bination tasks across various english datasets: L1 denotes
explicit composite questions, L2 refers to multi-value ques-
tions, and L3 represents multi-scenario analysis Questions.

Model Overall
Reasoning

Comp
(%)

Comp
Deduc

(%)

Deduc
V1
(%)

Deduc
V2
(%)

Qwen2.5 7B 26.9 33.0 20.3 26.1 41.8
Qwen2.5 14B 35.9 42.7 30.8 33.7 48.7
Qwen2.5 32B 44.6 53.1 36.8 43.3 62.0
Qwen2.5 72B 44.1 48.4 33.7 45.3 66.5
Qwen2.5 MAX 55.4 67.4 46.2 55.1 73.2

Table 6: Multi-Paradigm Reasoning Performance of
Qwen2.5 Series. (Comp: Comparative; Comp Deduc: Com-
parative Deductive; Deduc V1: Inheritance-based; Deduc
V2: Relationship-Based Deductive Reasoning)

bilities. To enhance evaluation robustness, we employ a dy-
namic placeholder strategy to replace critical information in
reference documents during testing, mitigating the interfer-
ence of knowledge in the model’s internal parameters. In the
experiments, we conducted a thorough evaluation of vari-
ous SOTA models, offering insights into model selection for
RAG scenarios. Looking ahead, we aim to optimize evalua-
tion metrics and establish a more comprehensive framework
to better benchmark RAG-based tasks.
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