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Abstract

Retrieval-augmented generation (RAG) en-
hances large language models (LLMs) by inte-
grating external knowledge retrieved at infer-
ence time. While RAG demonstrates strong per-
formance on benchmarks largely derived from
general-domain corpora like Wikipedia, its ef-
fectiveness under realistic, diverse retrieval sce-
narios remains underexplored. We evaluated
RAG systems using MASSIVEDS, a large-scale
datastore with mixture of knowledge, and iden-
tified critical limitations: retrieval mainly ben-
efits smaller models, rerankers add minimal
value, and no single retrieval source consis-
tently excels. Moreover, current LLMs struggle
to route queries across heterogeneous knowl-
edge sources. These findings highlight the need
for adaptive retrieval strategies before deploy-
ing RAG in real-world settings. Our code and
data can be found at https://github.com/
ritaranx/RAG_in_the_Wild.

1 Introduction

Retrieval-Augmented Generation (RAG) serves
as a useful strategy for adapting large language
models (LLMs) to tasks that require long-tailed
or domain-specific knowledge. By retrieving
relevant information from external knowledge
sources, RAG provides LLMs with contextual ev-
idence at inference time, enhancing performance
on knowledge-intensive NLP tasks including ques-
tion answering (Lewis et al., 2020; Izacard et al.,
2023), fact verification (Lin et al., 2024), and rea-
soning (Islam et al., 2024; Li et al., 2025).
Despite the strong performance of RAG on a
range of benchmarks, these evaluations are predom-
inantly constructed from, or closely aligned with
Wikipedia (Kwiatkowski et al., 2019; Joshi et al.,
2017; Thorne et al., 2018; Yang et al., 2018; Petroni
et al., 2021; Mallen et al., 2023, inter alia). Conse-
quently, high accuracy in these settings is somehow
not particularly surprising, as many queries are

well-covered by the retrieval corpus. In contrast,
retrieval in real-world applications is substantially
more challenging. The target corpus may be noisy,
domain-specific, or misaligned with the query dis-
tribution. Although recent efforts have sought
to evaluate RAG systems in broader knowledge
tasks (Asai et al., 2024; Shi et al., 2024; Huang
et al., 2024; Zhang et al., 2024), the underlying
corpora in these studies only include Wikipedia or
similar sources in the general domain, thus limiting
their generalizability. These observations highlight
a pressing need to evaluate RAG systems under
real-world retrieval conditions.

Motivated by these considerations, our goal is to
comprehensively examine how corpus composition
and model scale affect the performance of RAG
systems under a more realistic setting. To this end,
we consider a mixture-of-knowledge scenario using
MASSIVEDS (Shao et al., 2024) — a large-scale,
multi-domain datastore that combines general web
sources (e.g., CommonCrawl) with specialized do-
mains (e.g., PubMed). We evaluate tasks spanning
both general knowledge and domain-specific QA,
where no prior information about the underlying
knowledge source is available for each question.
From the results, we have several findings:

e Under the mixture-of-knowledge setting, the
benefits of retrieval are largely confined to
smaller language models only — once the back-
bone model becomes sufficiently powerful, these
gains diminish significantly, except for factuality-
focused QA tasks.

* These diminishing returns aren’t solely due to re-
trieval quality; adding a reranker offers marginal
improvements, suggesting deeper integration
challenges between retrieval and generation.

* No single source consistently outperforms others,
including no-retrieval baselines, emphasizing the
need for adaptive retrieval. Yet, current LLMs
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struggle to route queries effectively across het-
€rogeneous sources.

We believe our evaluations provide new insights
and motivate future research towards more adaptive
and robust retrieval-augmented generation systems
under realistic, multi-domain conditions.

2 Experiments

2.1 Experiment Setup

Datasets. To evaluate the accuracy of RAG sys-
tems across domains, we identify two key desider-
ata: (1) Topic coverage: the dataset should span a
broad range of tasks that necessitate external knowl-
edge for successful resolution; and (2) Corpus di-
versity: questions should not be created solely from
a single corpus (e.g., Wikipedia or PubMed).

With this in mind, we select six datasets for our
evaluation: (1) General knowledge-based QA: we
use MMLU (Hendrycks et al., 2021) and MMLU-
Pro (Wang et al., 2024b), which contain questions
spanning a wide array of subjects such as history,
law, and medicine. (2) Scientific QA: We eval-
uate on ARC Challenge (Clark et al., 2018) and
SciQ (Welbl et al., 2017) for natural science, and
CSBench (Song et al., 2025) for computer science,
to test the model’s reasoning over domain-specific
scientific knowledge. (3) Factuality: We adopt
SimpleQA (Wei et al., 2024), a benchmark col-
lected from multiple web sources to test factual
correctness. Note that we remove those questions
that were created using Wikipedia pages.
Backbones. We consider three families of LLMs:
(1) Llama-series: Llama-3.2-3B and Llama-3.1-
8B (Grattafiori et al., 2024); (2) Qwen-series:
Qwen3-4B/8B/32B (Yang et al., 2025); (3) GPT-
series: GPT-40-mini/-40 (Hurst et al., 2024). Note
that we use instruct version in our experiments.
Retrieval Corpora. We use MassiveDS, a massive
datastore with 1.4T tokens as the knowledge source,
where we consider PubMed, Wikipedia, Pes20, C4,
Github, Math, StackExchange (SE), Book, Arxiv
and CommonCrawl (CC) as sources.

Evaluation Metrics. Our evaluation covers
multiple-choice tasks (MMLU, MMLU-Pro, ARC-
C), short-form generation (SimpleQA, SciQ), and
mixed formats (CSBench). We report accuracy for
multiple-choice, exact match (EM) for generation,
and follow Song et al. (2025) for CSBench. Re-
trieval effectiveness is measured by relative gain:
A(ps) = %, where p; is the RAG performance

Table 1: Performance Gains of using Retrieval across
different Domains in MMLU.

Model STEM Social Sciences Humanities  Others
Llama-3.2-3B 0.388 0.544 0.444 0.563
w/ retrieval 0.477 0.644 0.478 0.649
A +22.87% +18.48% +7.70% +15.31%
Llama-3.1-8B 0.472 0.598 0.492 0.578
w/ retrieval 0.533 0.702 0.530 0.702
A +12.93% +17.35% +7.85% +21.39%
Qwen-3-4B 0.653 0.761 0.576 0.707
w/ retrieval 0.670 0.785 0.597 0.762
A +2.57% +3.16% +3.57% +7.91%
Qwen-3-8B 0.677 0.790 0.598 0.750
w/ retrieval 0.699 0.807 0.618 0.790
A +3.19% +2.13% +3.24% +5.29%
Qwen3-32B 0.785 0.856 0.701 0.824
w/ retrieval 0.803 0.851 0.705 0.827
+2.28% -0.50% +0.61% +0.41%
GPT-40-mini 0.686 0.853 0.671 0.816
w/ retrieval 0.697 0.844 0.657 0.815
+1.53% -1.04% -2.12% -0.18%
GPT-40 0.773 0.900 0.806 0.867
w/ retrieval 0.775 0.891 0.796 0.867

+0.34% -1.08% -1.28% -0.02%

using source s, and p is performance of the LLM
baseline without retrieval.

Implementation Details. For Qwen-3, we use
the non-reasoning model in our evaluation. For re-
trieval, we use bge-base-en-v1.5 and bge-reranker-
v2-m3 (Chen et al., 2024) as the default retriever
and reranker. We evaluate zero-shot performance
with k& = 5 top passage. For the reranking setting,
we first retrieve k' = 30 passages, then use the
reranker to obtain k = 5 passages with the highest
relevance scores. Following Shao et al. (2024), we
apply document filtering and deduplication.

2.2 RQ1: Effectiveness of RAG under
Mixture-of-Knowledge Scenarios.

Figure 1 illustrates consistent benefits of RAG
across a variety of real-world, mixture-of-
knowledge scenarios. Notably, smaller models
achieve substantial performance gains, reflecting
their limited capacity to store knowledge internally.
In contrast, larger models show diminishing returns
from retrieval, with improvements mostly limited
to factual knowledge tasks such as SimpleQA. For
general and scientific knowledge tasks, which are
more effectively captured within the models’ para-
metric knowledge through pretraining and finetun-
ing, external retrieval brings less benefit.

As some datasets, such as MMLU, cover a wide
range of domains, we further analyze the effect of
retrieval augmentation across STEM, Social Sci-
ences, Humanities, and Others, as shown in Table 2.
We observe consistent trends across all domains: re-
trieval brings substantial improvements for smaller
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Figure 1: The relevance performance of different LLMs compared to non-retrieval baselines on six datasets. ‘All’

means the corpus from all domains is considered for retrieval.

and mid-sized models, while the gains diminish
as model size increases. For the strongest models,
retrieval offers marginal or even slightly negative
gains, suggesting that larger models are increas-
ingly able to internalize domain knowledge with-
out the need for external retrieval. These results
highlight the generalizability of our findings and
demonstrate that the impact of retrieval augmenta-
tion is robust across different knowledge domains.

2.3 RQ 2: Instance-level Analysis of Multiple
Retrieval Sources

To investigate whether different retrieval sources
provide unique advantages, we conduct an instance-
level study (Figure 2) measuring the proportion of
queries that can be solved only by retrieving from
a specific corpus—compared to using all sources
or no retrieval at all. Our results show that a signifi-
cant fraction of cases (e.g., 8%—39% for Llama-3.1-
8B) depend exclusively on retrieval from particular
corpora. Crucially, no single retrieval source con-
sistently outperforms others across all query types,
highlighting the need for dynamic, query-specific
routing to the most relevant corpus to maximize
RAG performance in heterogeneous, real-world
knowledge environments.

2.4 RQ 3: Effectiveness of Reranking

One possible reason for the limited improvement
in RAG performance is the inherent limitations of
retrievers. To investigate this, inspired by prior
work demonstrating benefits from adding rerank-

ing to the RAG pipeline (Shao et al., 2024; Yu et al.,
2024), we apply reranking to the top-30 retrieved
results. As shown in Figure 3, reranking yields only
marginal gains across datasets. This suggests that
improving retrieval quality through reranking is in-
sufficient in mixture-of-knowledge scenarios. The
retriever’s limited capacity and restricted access to
relevant knowledge highlight the need for deeper
integration between knowledge sources, retrieval
mechanisms, and generative models.

2.5 RQ 4: Evaluating LLMs as Routers for
Mixture-of-Knowledge Retrieval

Previous analyses highlight the need for adap-
tive retrieval mechanisms that dynamically route
queries to the most relevant corpus based on topic
context. Here, we investigate whether current
LLMs can effectively perform query routing. Fig-
ure 4 evaluates LLLMs from the Qwen-3 series (4B,
8B, and 32B parameters) as “routers” that select
among heterogeneous knowledge sources at infer-
ence time. We compare plain prompting versus
chain-of-thought prompting on the MMLU and
MMLU-Pro datasets, which cover diverse general
and professional domains.

Specifically, we benchmark: (1) no-retrieval
baselines; (2) static retrieval from all corpora
(“all sources™); (3) LLM-prompted routing vari-
ants (plain and chain-of-thought); and (4) an or-
acle router upper bound. Surprisingly, neither
prompting strategy consistently outperforms static
retrieval. In fact, both routing approaches often
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Figure 2: Number of cases (in %) specifically resolved by retrieving from an individual corpus.
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Figure 3: Performance with rerank on retrieval effectiveness across different datasets and models.

underperform compared to simply retrieving from
all sources, and occasionally fall below no-retrieval
baselines. Chain-of-thought prompting provides
only marginal improvements, while scaling model
size yields negligible or even negative returns.

We attribute this failure to two main factors: (1)
Inaccurate relevance estimation: Without dedi-
cated training, LLMs struggle to reliably identify
which corpus holds the needed information, es-
pecially amid overlapping or stylistically diverse
corpora. Minor routing errors propagate to poor re-
trieval quality. (2) Training-inference mismatch:
LLM training typically lacks explicit multi-source
comparison tasks, limiting the effectiveness of
prompt-based routing as a meta-reasoning problem.

Future directions should focus on learned routing
modules trained with supervision or reinforcement
learning, or on tightly integrated RAG systems that
jointly optimize source selection and generation.

3 Related Work

Many of prior works on RAG focus on improving
either retrievers (Shi et al., 2024; Shao et al., 2023;
Xu et al., 2024b) or language models (Asai et al.,
2024; Xu et al., 2024c; Huang et al., 2024), as well
as optimizing the whole RAG pipeline (Trivedi
et al., 2023; Wang et al., 2024a). To better under-
stand the impact of retrieval corpora, Shao et al.
(2024) explores how corpus scale influences RAG
performance, while Cuconasu et al. (2024); Niu
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Figure 4: Performance comparison of routing strategies across MMLU and MMLU-Pro datasets.

et al. (2024) examine the effects of noisy or imper-
fect corpora. Chen et al. (2025); Xu et al. (2024a);
Xiong et al. (2024) assess RAG systems across dif-
ferent knowledge sources, though they primarily
focus on biomedical tasks. In contrast, our work
provides a broader investigation, spanning diverse
domains, retrieval corpora, and LLM backbones.
In parallel, data routing strategies have been ex-
plored for LLMs. Ong et al. (2025); Frick et al.
(2025) routes each prompt to a specialized LLM.
Within the RAG setting, Mu et al. (2024, 2025)
investigate routing prompts to different search en-
gines, Zhang et al. (2025) routes queries to different
LLMs, and Wu et al. (2025); Asai et al. (2024); Yao
et al. (2024) studied adaptive retrieval to dynami-
cally determine retrieval during inference. Distinct
from these efforts, we also focuses on routing but
operates at the corpus level, studying adaptive se-
lection among heterogeneous knowledge sources.

4 Conclusion

Our comprehensive empirical analysis highlights
key challenges in deploying RAG systems within
realistic, heterogeneous knowledge environments.
While retrieval offers benefits for smaller LLM:s,
larger models exhibit only marginal improvements,
except for factual tasks. Additionally, reranking
techniques and prompt-based knowledge routing
provide limited gains, justifying the need for future
research focused on adaptive routing and tighter
integration between retrieval and generation.

We identify several promising directions to ad-
dress these challenges: (1) Reasoning-enhanced
search: Shao et al. (2025); Zhuang et al. (2025)
incorporate reasoning directly into retrieval and
ranking stages, improving relevance at the expense
of increased inference time. (2) Agentic RAG sys-
tems: Query rewriting (Ma et al., 2023) and decom-
position (Li et al., 2025; Jin et al., 2025) enable
multi-turn retrieval and generation workflows to

better handle complex queries.

Limitations

Our study primarily targets question answering
tasks with short-form answers, which may limit
the applicability of our results to other settings
such as open-ended generation or long-form rea-
soning. While we evaluate several widely used
models, our experiments do not comprehensively
cover larger open-source models (e.g., DeepSeek-
V3 (Liu et al., 2024) or Llama-4 (Meta, 2025)) or
alternative retrieval paradigms, mainly due to com-
putational constraints. Consequently, there remains
ample opportunity for future work to explore these
directions. Lastly, we do not assess computational
efficiency or latency trade-offs, which are critical
considerations for real-world deployment of RAG
systems but are beyond the scope of this study.
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Table 2: Performance Gains of using Retrieval across
different Domains in MMLU.

Table 3: Performance with Stronger LLM Reranker on
the MMLU dataset.

Model STEM  Social Sciences Humanities  Others Method w/ Qwen3-4B  w/Llama3.1-8B
Llama-3.2-3B  0.388 0.544 0.444 0.563 No Retrieval 0.6595 0.5296
w/ retrieval 0.477 0.644 0.478 0.649 All Sources w/ Retrieval 0.6885 0.6055
+22.87% +18.48% +1.70% | +15.31% All Sources w/ Rerank (BGE-Reranker) 0.6854 0.6117
Llama-3.1-8B 0.472 0.598 0.492 0.578 All Sources w/ Rerank (BGE-v2-gemma) 0.6870 0.6109
wi retrieval 0.533 0.702 0530 0.702
A +12.93%  +17.35% +7.85%  [#21:39%
Qwen-3-4B 0.653 0.761 0.576 0.707 ) ) .
w/ retrieval 0.670 0.785 0597 0.762 results in Table 3 suggest that, in our setting, even
27 +10% O EE— ith stronger LLM-based rerankers, the improve
- V -
Qwen-3-8B 0.677 0.790 0598 0.750 W g ; ’ p
w/ retrieval 0.699 0.807 0.618 0.790 ments are marginal and do not affect our overall
+3.19% +2.13% +324%  +5.29% findi We hvoothesize that it is b .
Qwen3-328 0,785 0856 0701 0.824 ndings. We hypothesize that it is eFagse in me.my
w/ retrieval 0.803 0851 0.705 0.827 cases, all top-k passages do not contain information
+2.28% -0.50% +0.61%  +0.41% i ) .
GPTdomini  0.686 0.853 0.671 0.816 that directly leads to the answer, then incorporating
w/ retrieval 0.697 0.844 0.657 0.815 1
S Riond o o a more advanced reranking model does not help
GPT-40 0.773 0.900 0.806 0.867 much.
wi retrieval 0.775 0.891 0.796 0.867
+0.34% -1.08% 128%  -0.02%

A Performance Across Different Domains
on MMLU

As some datasets, such as MMLU, cover a wide
range of domains, we further analyze the effect of
retrieval augmentation across STEM, Social Sci-
ences, Humanities, and Others, as shown in Table 2.
We observe consistent trends across all domains: re-
trieval brings substantial improvements for smaller
and mid-sized models, while the gains diminish
as model size increases. For the strongest models,
retrieval offers marginal or even slightly negative
gains, suggesting that larger models are increas-
ingly able to internalize domain knowledge with-
out the need for external retrieval. These results
highlight the generalizability of our findings and
demonstrate that the impact of retrieval augmenta-
tion is robust across different knowledge domains.

B Performance with Stronger LLM
Reranker

While using stronger LLM-based rerankers can of-
ten lead to additional gains, the limitations mainly
lies in latency. For example, for a dataset with m
training examples, reranking top-k documents lead
to m * k forward runs (k = 30 in our study), which
can be very large with large-scale datasets. For ex-
ample, using Rankl.lama (castorini/rankllama-v1-
7b-lora-passage) as the reranker took more than 5
seconds for each query, which leads to 2x inference
overhead. Despite this, we run the experiments
using BGE-v2-gemma on MMLU datasets using
Qwen3-4b and Llama-3.1-8b as the backbone. The

C Prompt Template

The prompt template for different tasks are listed
as follows.
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System Prompt: You are a useful assistant. I will provide one question, several pieces of passages
(which may be related or unrelated to the question). Please answer the question by selecting from
one of the choice listed below. Please answer with the capitalized alphabet only, without adding
any extra phrase or period.

User Prompt: Passages: P,

Question: q

Assistant Prompt: {answer a}

Figure 5: Prompt for answer generation on multi-choice questions (e.g. MMLU, MMLU-Pro).

System Prompt: You are a useful assistant. I will provide one question, several pieces of passages
(which may be related or unrelated to the question). Please answer the question with a short span
containing one or few keywords.

User Prompt: Passages: P,

Question: q

Assistant Prompt: {answer a}

Figure 6: Prompt for answer generation on span-based questions (e.g. SciQ, SimpleQA).
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System Prompt: You are a useful assistant.

User Prompt: Here are a list of available external corpora:

pubmed: A high-quality biomedical corpus combining PubMed abstracts, focused on formal clinical
language.

wikipedia: A cleaned and curated version of English Wikipedia containing factual and encyclopedic
content across diverse topics.

c4: A filtered subset of the Colossal Clean Crawled Corpus, representing diverse high-quality web
documents in English with broad topical coverage.

pes20: The peS2o dataset is a collection of approximately 40 million open-access academic papers.
github: A curated collection of open-source GitHub repositories, featuring code, documentation,
and discussions centered on software engineering.

math: A dataset focused on mathematical reasoning and problem solving, containing questions,
proofs, and solutions.

stackexchange: A cleaned snapshot of Stack Exchange QA threads, spanning technical, academic,
and lifestyle topics.

book: A collection of long-form literary and non-fiction texts from public domain and licensed
sources (e.g., PG19).

arxiv: A filtered set of LaTeX-based academic papers from arXiv, covering STEM domains with a
focus on technical writing.

commoncrawl: A nonprofit organization that provides a free, open repository of web crawl data to
support research, analysis.

no: No retrieval. The model have enough knowledge to answer the question.

Given the question: {question}, identify the most appropriate external corpus to retrieve relevant
information for answering it. Your response must be one of the source names listed above. If no
external source is necessary, respond with no. Please directly output your predicted source with
<source> and </source> tags.

Figure 7: Prompt for question routing without chain-of-thought prompting.
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System Prompt: You are a useful assistant.

User Prompt: Here are a list of available external corpora:

pubmed: A high-quality biomedical corpus combining PubMed abstracts, focused on formal clinical
language.

wikipedia: A cleaned and curated version of English Wikipedia containing factual and encyclopedic
content across diverse topics.

c4: A filtered subset of the Colossal Clean Crawled Corpus, representing diverse high-quality web
documents in English with broad topical coverage.

pes20: The peS2o dataset is a collection of approximately 40 million open-access academic papers.
github: A curated collection of open-source GitHub repositories, featuring code, documentation,
and discussions centered on software engineering.

math: A dataset focused on mathematical reasoning and problem solving, containing questions,
proofs, and solutions.

stackexchange: A cleaned snapshot of Stack Exchange QA threads, spanning technical, academic,
and lifestyle topics.

book: A collection of long-form literary and non-fiction texts from public domain and licensed
sources (e.g., PG19).

arxiv: A filtered set of LaTeX-based academic papers from arXiv, covering STEM domains with a
focus on technical writing.

commoncrawl: A nonprofit organization that provides a free, open repository of web crawl data to
support research, analysis.

no: No retrieval. The model have enough knowledge to answer the question.

Given the question: {question}, identify the most appropriate external corpus to retrieve relevant
information for answering it. Your response must be one of the source names listed above. If no
external source is necessary, respond with no. Please concise reasoning before output the final
source. Please wrap your predicted source with <source> and </source> tags.

Figure 8: Prompt for question routing with chain-of-thought prompting (Wei et al., 2022).
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D Detailed Per-task Performance

The performance of different backbones on these
six benchmarks with different knowledge is shown
in the Table 4 - 9. The results after adding the
reranking stage is shown in Table 10 - 15.
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Table 4: Zero-shot Accuracy across different retrieval sources on the SimpleQA task.

Dataset Model plain Pubmed Wiki Pes2o C4  Github Math SE  Book Arxiv CC All

Simpleqa Llama-3.2-3B  0.034  0.014 0.251 0.020 0.054 0.015 0.023 0.019 0.031 0.015 0.095 0.296
Simpleqa Llama-3.1-8B  0.009  0.011 0.286 0.025 0.079 0.021 0.031 0.033 0.042 0.018 0.120 0.299
Simpleqa Qwen3-4B 0.068 0.013 0281 0.023 0.075 0.020 0.026 0.021 0.035 0.017 0.106 0.339
Simpleqa Qwen3-8B 0.079 0.011  0.293 0.027 0.079 0.025 0.032 0.026 0.042 0.019 0.121 0.345
Simpleqa Qwen3-32B 0.105 0.015 0296 0.030 0.082 0.024 0.032 0.025 0.041 0.019 0.121 0.347
Simpleqa GPT-40-mini  0.144  0.079 0344 0.093 0.140 0.093 0.105 0.100 0.108 0.096 0.169 0.404
Simpleqa GPT-40 0343 0258 0425 0253 0275 0249 0262 0.248 0.273 0.258 0.288 0.463

Table 5: Zero-shot accuracy of ARC-Challenge for different models and retrieval sources.

Dataset Model plain Pubmed Wiki Pes2o C4  Github Math SE  Book Arxiv CC All

arc_c Llama-3.2-3B  0.626  0.572  0.629 0.579 0.639 0.583 0.627 0.564 0.639 0.570 0.637 0.650
arc_c Llama-3.1-8B  0.693  0.682  0.718 0.720 0.724 0.687 0.724 0.652 0.742 0.717 0.738 0.736
arc_c Qwen3-4B 0.853 0.829 0.823 0.827 0.846 0.819 0.849 0.814 0.849 0.817 0.852 0.850
arc_c Qwen3-8B 0.890 0.851 0.853 0.844 0.864 0.863 0.866 0.846 0.874 0.846 0.868 0.860
arc_c Qwen3-32B 0.928 0905 0.906 0904 0919 0915 0916 0903 0917 0904 0911 0.903
arc_c GPT-40-mini  0.904 0.904 0.901 0902 0.899 0.899 0.907 0.898 0.899 0.899 0.901 0.899
arc_c GPT-40 0.942 0943 0944 0937 0941 0940 0945 0943 0944 0942 0.939 0.940

Table 6: Zero-shot accuracy on SciQ for different models and retrieval sources.

Dataset  Model plain Pubmed Wiki Pes2o C4  Github Math SE  Book Arxiv CC All

sciq_test Llama-3.2-3B 0465 0364 0515 0.388 0.560 0.338 0.507 0362 0.517 0.321 0.580 0.598
sciq_test Llama-3.1-8B  0.423 0425 0545 0461 0589 0440 0.571 0451 0.583 0.386 0.602 0.645
sciq_test Qwen3-4B 0.530 0451 0565 0432 0.610 0491 0561 0476 0.580 0.470 0.591 0.641
sciq_test Qwen3-8B 0.631 0480 0565 0472 0.612 0514 0579 0.507 0.594 0458 0.624 0.652
sciq_test Qwen3-32B 0.705 0494 0.621 0.512 0.641 0.500 0.599 0.507 0.622 0.471 0.658 0.660
sciq_test GPT-4o-mini  0.690 0.562  0.586 0.525 0.636 0.556 0.586 0.574 0.613 0.537 0.608 0.634
sciq_test GPT-40 0.720 0.615 0.641 0.587 0.686 0.619 0.653 0.638 0.660 0.632 0.650 0.690

Table 7: Zero-shot accuracy on MMLU for different models and retrieval sources.

Dataset Model plain Pubmed Wiki Pes2o C4  Github Math SE  Book Arxiv CC All

mmlu Llama-3.2-3B  0.481 0480 0.534 0511 0.525 0477 0499 0468 0.526 0471 0.532 0.552
mmlu Llama-3.1-8B  0.530  0.528 0.576 0.574 0.580 0.547 0.565 0.521 0.590 0.554 0.588 0.606
mmlu  Qwen3-4B 0.660 0.635 0.667 0.650 0.663 0.633 0.647 0.635 0.663 0.627 0.665 0.689
mmlu  Qwen3-8B 0.689  0.668 0.688 0.679 0.689 0.670 0.686 0.666 0.689 0.658 0.697 0.713
mmlu  Qwen3-32B 0.778 0.736  0.767 0.759 0.767 0.744 0.764 0.745 0.768 0.742 0.773 0.783
mmlu  GPT-4o-mini  0.746  0.726  0.728 0.727 0.731 0.719 0.733 0.720 0.730 0.716 0.732 0.741

mmlu  GPT-4o 0.833  0.821 0.823 0.820 0.823 0.824 0.824 0.823 0.823 0.823 0.826 0.828

Table 8: Zero-shot accuracy on MMLU-Pro across different models and retrieval sources.

Dataset Model plain Pubmed Wiki Pes2o0 C4  Github Math SE  Book Arxiv CC All

mmlu_pro Llama-3.2-3B  0.261 0254 0297 0273 0265 0236 0248 0239 0261 0244 0269 0.293
mmlu_pro Llama-3.1-8B  0.301  0.308 0356 0.344 0352 0.325 0350 0317 0363 0324 0.365 0.389
mmlu_pro Qwen3-4B 0411 0399 0428 0411 0423 0388 0413 0397 0426 0384 0429 0452
mmlu_pro Qwen3-8B 0446 0428 0450 0438 0451 0427 0458 0435 0456 0420 0461 0.482
mmlu_pro Qwen3-32B 0.540 0496 0.533 0518 0.525 0517 0532 0523 0534 0513 0540 0.552
mmlu_pro GPT-40-mini 0.438 0412 0430 0421 0424 0.408 0430 0.408 0.432 0402 0434 0.448
mmlu_pro GPT-40 0.554 0.544 0547 0547 0548 0.548 0547 0546 0.552 0547 0.549 0.556
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Table 9: Zero-shot accuracy on CSBench across different models and retrieval sources.

Dataset Model plain Pubmed Wiki Pes2o C4  Github Math SE  Book Arxiv CC All

csbench Llama-3.2-3B  0.440 0414 0485 0460 0474 0466 0480 0474 0478 0460 0.477 0.489
csbench Llama-3.1-8B  0.472  0.435 0.528 0.506 0.529 0.514 0.536 0.507 0.527 0.500 0.537 0.542
csbench  Qwen3-4B 0.653 0.576 0.639 0.629 0.634 0.597 0.642 0.629 0.630 0.607 0.641 0.661
csbench  Qwen3-8B 0.698 0.602 0.649 0.638 0.661 0.642 0.667 0.645 0.652 0.631 0.663 0.673
csbench  Qwen3-32B 0.760 0.676  0.719 0.706 0.723 0.715 0.715 0.718 0.721 0.700 0.721 0.722
csbench  GPT-40-mini  0.691 0.657 0.687 0.678 0.680 0.682 0.685 0.685 0.676 0.686 0.686 0.682
csbench  GPT-40 0.749  0.737 0.737 0.740 0.748 0.742 0.741 0.742 0.743 0.747 0.748 0.757

Table 10: Zero-shot accuracy on SimpleQA with reranked retrieval sources.

Dataset Model Pubmed Wiki Pes2o C4 Github Math SE Book Arxiv CC All

simplegqa Llama-3.2-3B 0.013 0.273 0.022 0.066 0.015 0.026 0.017 0.031 0.014 0.098 0.320
simpleqa Llama-3.1-8B  0.035 0.290 0.048 0.088 0.043 0.047 0.041 0.052 0.037 0.122 0.309
simplega Qwen3-4B 0.012 0.306 0.025 0.082 0.021 0.027 0.021 0.035 0.017 0.120 0.364
simpleqa Qwen3-8B 0.012 0.312 0.030 0.091 0.019 0.030 0.025 0.044 0.019 0.134 0.382
simplega Qwen3-32B 0.015 0.313 0.030 0.090 0.023 0.034 0.026 0.044 0.020 0.133 0.369
simpleqa  GPT-40-mini 0.078 0.354 0.096 0.143 0.088 0.103 0.093 0.107 0.098 0.175 0.417
simpleqa GPT-4o0 0.260 0.420 0.252 0.261 0250 0.262 0.259 0.253 0.265 0.285 0.477

Table 11: Zero-shot accuracy on ARC-Challenge with reranked retrieval sources.

Dataset Model Pubmed Wiki Pes2o C4 Github Math SE Book Arxiv CC All

arc_c Llama-3.2-3B 0.586 0.642 0.600 0.641 0.570 0.612 0.568 0.621 0.564 0.639 0.658
arc_c Llama-3.1-8B 0.692 0.718 0.709 0.730 0.676 0.715 0.664 0.729 0.691 0.732 0.755
arc_c Qwen3-4B 0.817 0.824 0.829 0.842 0.816 0.848 0.811 0.837 0.812 0.848 0.848
arc_c Qwen3-8B 0.851 0.856 0.846 0.864 0.852 0.878 0.846 0.868 0.835 0.859 0.860
arc_c Qwen3-32B 0902 0907 0.897 0916 0911 0917 0905 0911 0.888 0913 00914
arc_c GPT-40-mini 0.903 0904 0900 0.901 0903 0.903 0.902 0904 0.899 0.904 0.902
arc_c GPT-40 0942 0933 0936 0.939 0943 0943 0945 0945 0938 0942 0.944
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Table 12: Zero-shot accuracy on SciQ with reranked retrieval sources.

Dataset  Model Pubmed Wiki Pes2o0 C4 Github Math SE Book Arxiv CC All

scig_test Llama-3.2-3B 0.363  0.531 0420 0.577 0.342 0514 0.372 0.505 0315 0.575 0.654
sciq_test Llama-3.1-8B 0.418 0.543 0450 0.625 0425 0581 0436 0.581 0364 0.616 0.678
scig_test Qwen3-4B 0.449 0566 0.480 0.629 0477 0.576 0470 0.578 0.428 0.627 0.669
scig_test Qwen3-8B 0473 0551 0497 0.623 0.487 0.593 0.502 0.579 0.450 0.620 0.689
scig_test Qwen3-32B 0482 0.602 0.536 0.638 0.507 0.630 0.512 0.626 0.460 0.655 0.698
sciq_test GPT-40-mini 0.551 0589 0.515 0.620 0.557 0.593 0.567 0.593 0.523 0.628 0.657
scig_test GPT-4o 0.619 0.625 0.587 0.672 0.629 0.656 0.628 0.651 0.624 0.665 0.695

Table 13: Zero-shot accuracy on MMLU with reranked retrieval sources.

Dataset Model Pubmed Wiki Pes2o C4 Github Math SE Book Arxiv CC All

mmlu  Llama-3.2-3B 0480 0.535 0.505 0.523 0469 0.499 0.468 0.523 0.459 0.528 0.559
mmlu  Llama-3.1-8B  0.526 0.582 0.567 0.576 0.535 0.557 0.523 0.577 0.540 0.579 0.612
mmlu Qwen3-4B 0.634 0.658 0.648 0.665 0.631 0.646 0.627 0.661 0.623 0.670 0.685
mmlu Qwen3-8B 0.658 0.685 0.673 0.689 0.665 0.679 0.663 0.686 0.652 0.697 0.710
mmlu Qwen3-32B 0.733 0.763 0.755 0.759 0.743 0.759 0.743 0.762 0.738 0.768 0.780
mmlu GPT-40-mini 0.727 0.733 0.728 0.729 0.720 0.730 0.724 0.730 0.717 0.734 0.741
mmlu GPT-40 0.822 0.820 0.820 0.823 0.822 0.826 0.823 0.821 0.821 0.824 0.827

Table 14: Zero-shot accuracy on MMLU-Pro with reranked retrieval sources.

Dataset Model Pubmed Wiki Pes2o C4 Github Math SE Book Arxiv CC All

mmlu_pro Llama-3.2-3B 0.260 0.300 0.279 0.279 0.245 0.261 0.251 0273 0.244 0.280 0.297
mmlu_pro Llama-3.1-8B 0.310 0.362 0.337 0.351 0.318 0.345 0315 0358 0316 0361 0.395
mmlu_pro Qwen3-4B 0.398  0.424 0.408 0.423 0.388 0.419 0396 0423 0.381 0425 0.454
mmlu_pro Qwen3-8B 0420 0.449 0435 0451 0424 0454 0431 0457 0418 0.458 0.485
mmlu_pro Qwen3-32B 0499 0.527 0.518 0.527 0.514 0.529 0.520 0.535 0.506 0.535 0.553
mmlu_pro GPT-40-mini 0412 0427 0417 0423 0403 0429 0.408 0.430 0400 0433 0.459
mmlu_pro GPT-4o 0.544 0.547 0.544 0.546 0.551 0.552 0.548 0.551 0.546 0.549 0.558

Table 15: Zero-shot accuracy on CSBench with reranked retrieval sources.

Dataset Model Pubmed Wiki Pes2o C4 Github Math SE Book Arxiv CC All

csbench  Llama-3.2-3B 0412 0478 0.458 0480 0462 0471 0463 0466 0.447 0473 0.501
csbench Llama-3.1-8B  0.427  0.528 0.497 0.523 0.511 0.525 0.520 0.533 0.507 0.541 0.547
csbench  Qwen3-4B 0.571 0.644 0.624 0.643 0.613 0.655 0.623 0.643 0.596 0.634 0.658
csbench  Qwen3-8B 0.602 0.658 0.638 0.661 0.650 0.664 0.643 0.651 0.619 0.669 0.676
csbench  Qwen3-32B 0.684 0.713 0.694 0.714 0.712 0.726 0.728 0.727 0.688 0.728 0.722
csbench  GPT-40-mini 0.668 0.683 0.679 0.679 0.680 0.681 0.691 0.690 0.682 0.686 0.691
csbench  GPT-4o0 0.733 0.744 0.736 0.750 0.737 0.744 0.739 0.746 0.741 0.748 0.746
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