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Abstract

Search agents are language models (LMs) that
reason and search knowledge bases (or the
web) to answer questions; recent methods su-
pervise only the final answer accuracy using
reinforcement learning with verifiable rewards
(RLVR). Most RLVR search agents tackle
general-domain QA, which limits their rele-
vance to technical Al systems in science, en-
gineering, and medicine. In this work we pro-
pose training agents to search and reason over
scientific papers — this tests technical question-
answering, it is directly relevant to real sci-
entists, and the capabilities will be crucial to
future AI Scientist systems. Concretely, we
release a search corpus of 16 million biomed-
ical paper abstracts and construct a challeng-
ing factoid QA dataset called PaperSearchQA
with 60k samples answerable from the corpus,
along with benchmarks. We train search agents
in this environment to outperform non-RL re-
trieval baselines; we also perform further quan-
titative analysis and observe interesting agent
behaviors like planning, reasoning, and self-
verification. Our corpus, datasets, and bench-
marks are usable with the popular Search-R1
codebase for RLVR training and released on
Hugging Face. Finally, our data creation meth-
ods are scalable and easily extendable to other
scientific domains.

1 Introduction

Following the release of Deepseek-R1 (Guo et al.,
2025) and OpenAl’s ol (Jaech et al., 2024), much
large language model (LLM) research has em-
ployed reinforcement learning with verifiable re-
wards (RLVR) (Shao et al., 2024; Lambert et al.,
2024). In RLVR, an LLM is prompted to answer a
query, and a reward is given only if an automatic
verifier deems the final output correct; the corre-
sponding tokens are then used to update the model
(appendix D has more details). This differs from
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5 Datasets

) Code

Question:

When studying Rice Yellow Mottle Virus (RYMV) in lab settings, researchers
choose from various tissues and cell types, such as callus cultures or intact
leaf segments. However, for specifically assessing viral replication in vitro,
which type of rice cell is most frequently used by scientists?

Thinking:

Identify key components:
- RYMV

- Viral replication in vitro
- Plant cell

Query:
plant cell RYMV viral
replication in vitro

Thinking:

Documents 1 and 3 discuss
rice protoplasts as the in vitro
system used for studying viral

replication.
l [C——RLWR training data
Answer
Rice protoplasts : LLM generated text
[ Retrieved documents

Figure 1: Search agents interleave reasoning and re-
trieval for question answering (QA). We study QA over
scientific literature, contributing an environment for
training agents with RL with verifiable rewards (RLVR).
We release a training dataset of factoid QA (yellow
boxes), a retrieval corpus (purple), and benchmarks.

supervised finetuning (SFT), which learns directly
from labeled text sequences. Early follow-up work
focused on math and code applications (Chen et al.,
2025), followed by tool-use agents (Feng et al.,
2025) where the LLM both calls tools and reasons
over their outputs to complete tasks. Compared
to earlier approaches to controlling agents such as
prompting, scaffolding, and supervised finetuning,
RLVR is appealing for its potential to incentivize
more general and flexible reasoning and behavior
(Chu et al., 2025; Guo et al., 2025).

One major application of tool-use LLMs is
knowledge-intensive question-answering. Here,
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search agents can reason about the query and
search over knowledge bases (KBs) in an inter-
leaved fashion (Yao et al., 2023; Trivedi et al.,
2022; Jin et al., 2025). RLVR was shown to be
effective for training search agents by Search-R1
(Jin et al., 2025), along with many concurrent and
follow-up papers (Song et al., 2025; Sun et al.,
2025; Zheng et al., 2025). However these works
emphasize general-knowledge QA that test sim-
ple trivia (Kwiatkowski et al., 2019; Yang et al.,
2018; Joshi et al., 2017; Ho et al., 2020), and not
technical and knowledge-intensive domains like
science, engineering, law, and medicine. These
require more technical knowledge, reasoning about
complex systems, and ability to search technical
knowledge bases.

One promising setting for training technical rein-
forcement learning (RL) search agents is in scien-
tific Al systems (Lu et al., 2024; Gao et al., 2024).
Scientific research has a huge volume of knowledge
in databases and literature (Ferguson et al., 2014;
Delile et al., 2024), and traversing that knowledge
is an essential part of every stage of the research
process (Hope et al., 2023). The interest in Al
search has been established by literature retrieval
systems (Ldla et al., 2023; Asai et al., 2024), and
we predict that future complex agent systems for
Al research will include modules for searching sci-
entific literature and knowledge bases (Lu et al.,
2024). These search modules will require specialist
domain understanding to properly perform query
formulation, to reason about retrieved information,
and to evaluate the quality of the retrieved informa-
tion.

In this work, we propose training RL search
agents to search and reason over a corpus of re-
search papers to answer scientific questions. We
focus on easily-verified factoid questions, for exam-
ple What gene is mutated in childhood retinoblas-
toma? (Answer RB1); such queries are amenable
to current RLVR training, while also being use-
ful to practicing scientists (Krithara et al., 2023).
Specifically, we first release a corpus and search in-
dex of 16 million abstracts from biomedical papers
in PubMed. Second, we release a dataset of 60k
factoid QAs; the datasets are generated from the
Pubmed articles in an LLM workflow, that under-
went rigorous quality assurance by biology experts
for correctness and relevance to a real scientific
search application. The data creation methods are
highly scalable, and can be adapted to other do-
mains like materials science or chemistry. Third,

and for benchmarks, we reserve 5k samples for
testing, and we re-distribute the factoid subset of
BioASQ, a small scale but high quality human-
created dataset (Krithara et al., 2023).

We train LLM search agents in our environment,
showing that current RL training techniques (Jin
et al., 2025) lead to stronger performance com-
pared to non-RL baselines. However the overall
scores remain low, which establish our datasets as
challenging for training search systems. We per-
form quantitative analysis, finding: general-domain
semantic retrievers offer small benefits compared
to syntactic retrievers; LLMs without retrievers
have non-negligible performance; gains to accuracy
with model size are likely due to better parametric
knowledge; and paraphrasing in dataset construc-
tion adds dataset difficulty. Additionally, our qual-
itative results show interesting behaviors, specifi-
cally simple planning about query rewriting, rea-
soning about questions before retrieval, and veri-
fication when the model already has an initial an-
SWer.

In summary, our contributions are: - A new en-
vironment for training search agents in scientific
question answering over papers: specifically a cor-
pus, training datasets, and benchmarks. - Demon-
strating successful RLVR training of search agents
over scientific papers, with quantitative and quali-
tative insights.

2 Related Work

We review general-domain search agents, followed
by systems for understanding scientific literature.

2.1 Search agents

Search-R1 (Jin et al., 2025) and R1-Searcher (Song
et al., 2025) were the first open search agents
for question answering trained using reinforce-
ment learning with final-answer reward. (Closed
systems like OpenAl’s 03 (OpenAl, 2025b) and
Deep Research likely explored this earlier (OpenAl,
2025a)). There were many followups exploring,
for example, search in web environments (Zheng
et al., 2025; Li et al., 2025¢), query decomposition
(Guan et al., 2025), and simulating the retrieval
environment (Sun et al., 2025). We contribute to
this direction by proposing new RL training en-
vironments; while prior works emphasize general
knowledge QA, we create datasets, evaluations,
and a retrieval corpus for training agents to rea-
son over scientific literature. Earlier, search agents
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(and RAG systems) were supervised with super-
vised fine-tuning (Schick et al., 2023), few-shot
prompting (Yao et al., 2023; Trivedi et al., 2022),
or prompt optimization (Opsahl-Ong et al., 2024);
these approaches likely lead to worse generaliza-
tion (Chu et al., 2025; Guo et al., 2025). Concurrent
with recent search agents, many train agents with
RL for tool use beyond search engines (Feng et al.,
2025; Qian et al., 2025).

2.2 Search Agents for Scientific QA

BioASQ (Tsatsaronis et al., 2015; Krithara et al.,
2023) is an annual challenge run since 2012 for
benchmarking semantic indexing and open-domain
question-answering for scientific literature — its
popularity reflects the importance of literature un-
derstanding tasks for practicing scientists. Their
task definitions influence our dataset construction,
though a limitation is that their human-generated
data is hard to scale. There are many systems for
open-domain question-answering over literature,
include PaperQA (Léla et al., 2023; Skarlinski et al.,
2024) and OpenScholar (Asai et al., 2024). They
have impressive capabilities, handling large cor-
pora of full-text articles, however the agent behav-
ior is controlled by component scaffolding, prompt
engineering, or supervised fine-tuning. Instead, we
explore training agents with RL because it promises
stronger generalization in the long term (Chu et al.,
2025; Jin et al., 2025). To make progress in this
direction, we focus on factoid QA, where answers
are easy to unambiguously verify. Note that cur-
rent RL-trained search agents are designed for fac-
toid QA (Jin et al., 2025), while such questions
are useful to applications (Krithara et al., 2023).
This motivates us generating new datasets, since
prior datasets have binary answers (Jin et al., 2019;
Wadden et al., 2020), have long-form answers with
fuzzy evaluation (Asai et al., 2024; Lee et al., 2023),
or they have smaller scale (Skarlinski et al., 2024).

3 Methods

In the following sections, we first describe the train-
ing data construction process, then the search cor-
pus and indexing, and finally the RL training algo-
rithm.

3.1 Dataset Construction

Defining Dataset Properties The first main goal
is that question-answer pairs (QA’s) can serve as
training data for methods needing outcome super-
vision — for example, reinforcement learning with

Categories Example QA’s

Q: What gene is mutated in Sickle Cell
Anemia?
A: HBB

Genetic inheritance &
disease-linked mutations

Q: What is the most effective drug for
oxaliplatin-induced neuropathy?

El Therapeutics, indications &
= A: Duloxetine

clinical evidence

Q: Which kinase complex is essential fo
cytokine-induced signaling in cutaneous
cell lymphoma?

A: Jak1/Jak3 kinase complex

Q: What in vitro assay is used to assess
the invasive ability of cancer cells throug
a reconstituted basement membrane

A: Matrigel-coated filter invasion assay

.. Protein function,
localization & signalling/
enzymatic interactions

Experimental &
computational methods,
resources

Q:Which disease is most commonly
attributed to primary cilia malfunction or
absence? A: Polycystic kidney disease

_ﬁ‘ Disease causation &
pathogens

Q: Which lab finding is associated with
helminthic infections like toxocariasis?
A: Eosinophilia

Biomarkers & diagnostic
tests

Q: Which R/bioconductor package has
been developed to aid in epigenomic
analysis? A: DeepBlueR

Bioinformatics databases &
curated resources

Q: What can be predicted with the Wells
criteria?
A: Pulmonary embolism

Clinical grading &
’=| diagnostic scales /
classification systems

‘Zlnk{s Anatomical / cellular

structures & localisation

Q: Where is corticosterone synthesized’
A: Adrenal glands

Q: What is the psychological term for a
patient's confidence in their capacity to
control their diabetes? A: Self-efficacy

Psychology and behavioral
health

Figure 2: Left: the ten question-answering categories
defined with experts. Right: example question-answer
pairs, which are sufficient supervision for RLVR train-
ing methods.

verifiable rewards (RLVR) (Jin et al., 2025). Specif-
ically, the answers mut be verifiable — it should be
possible for a reward model to judge whether the
prediciton matches the ground truth answer without
any ambiguity. To satisfy verifiability, we make the
following design decisions. QA’s are factoid, mean-
ing the answer is a single entity; this is similar to
the most popular general-knowledge QA datasets
studied by search agents (Kwiatkowski et al., 2019;
Joshi et al., 2017). (Alternative and more complex
formulations, like ‘list of entities’ have been left
to future work). The questions are unambiguous:
written so that only a single entity name (or its
synonyms) are correct. Then, the reward model is
simply checking whether the prediction is equal
to the ground truth answer (or its synonyms). We
ensure questions have a low ‘random guessing base-
line’, because this can lead to incorrect reasoning
frequently being rewarded, which is noisy supervi-
sion. In particular, we do not allow binary answers
(e.g. True or False), and our quality control process
ensures that the question text rarely gives a small
list of options. Another property — implicit in our
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construction pipeline — is that questions are single-
hop, meaning they can be answered from a single
correctly-retrieved document. Since we employ
outcome-only reward, we do not require annota-
tions for intermediate reasoning or for retrieved
documents.

The second main goal is that QA’s should be
relevant to real applications: they must be ques-
tions that real scientists might ask in their work.
To ensure this, our team includes practicing scien-
tists at all stages — from defining task properties
to pipeline construction to verifying the data. Our
construction pipeline also take inspiration from the
BioASQ project (Krithara et al., 2023; Nentidis
et al., 2023; Tsatsaronis et al., 2015) — a challenge
for semantic indexing and question-answering (in-
cluding factoid-QA) over biomedical articles — that
has run since 2015, and garnered significant atten-
tion in bioinformatics and NLP. While a limitation
of BioASQ is that questions are human-created and
therefore difficult to scale, it clearly demonstrates
the significant interest in biomedical question an-
swering over scientific papers; this supports our
claim that PaperSearchQA is interesting to applica-
tions.

Categories for Question-Answering To ensure
the QA-generation pipeline produces questions that
satisfy our key target properties — unambiguous
factoid and relevant to application — we defined
ten target question categories. The categories and
examples are shown in Figure 2.

To develop these, first the human experts on our
team performed brainstorming to identify one can-
didate category set. Next, we sampled 300 ques-
tions from the BioASQ database and used LLMs
(Claude Opus 4 (Anthropic, 2025) and OpenAl 03
(OpenAl, 2025b)) to propose two more candidate
category sets. Then, the human experts synthe-
sized those into a final list, which required some
merging and discarding rare categories. The final
category names with examples were used in the
data construction pipeline.

Automatic QA Generation Pipeline The data
generation process (Figure 3) uses paper abstracts
as a knowledge source, which are then mapped to
QAs using an LLM workflow. The LLM prompts
and pipeline architecture were iteratively designed
based on expert review from biomedical scientists.
Specifically we generate 200 questions, the expert
provides text feedback; the human prompt engineer
then modifies the workflow topology or the LLM

instructions with metaprompting (Schulhoff et al.,
2024).

First, the paper abstracts are randomly sampled
from the corpus described in Section 3.3 — the same
corpus that is searched at inference time. The ab-
stract is passed to an LLM (GPT-4.1 (Achiam et al.,
2023)) with a carefully-designed prompt (see Ap-
pendix E). This prompt includes the target cate-
gories from Figure 2, along with guidance ensuring
the questions are suitable for open-domain QA: fac-
toid answers, no acronyms, and no assumed access
to the document (and we add an extra filtering step
for phrases like ‘this study’). We found that gen-
erating three questions per abstract led to better
dataset diversity.

Since reward models commonly use exact match
comparison of prediction and target, we gener-
ate synonyms of ‘golden answers’, using GPT-4.1
(prompt in Appendix E). Next, we notice that ques-
tions often use exact keywords and phrasing found
in the abstract, while realistic use-cases would
often use synonyms. We therefore sample 50%
of QAs for question rewriting, and use an LLM
prompt to ‘paraphrase’ the question with differ-
ent terminology (prompt in Appendix E). Finally,
dataset is split into train and test randomly.

All LLM calls were made through OpenRouter.
The total cost, including experimentation and final
data generation, was estimated at $600.

Dataset Summary The final PaperSearchQA-
dataset has 54,907 training samples and 5,000 test
samples. For question categories Figure 2, the
top categories are ‘Experimental & computational
methods’ (27%) and ‘Therapeutics, indications &
clinical evidence’. Median question word length is
18 and median answer word length is 2. Each sam-
ple is annotated with the Pubmed ID of the source
paper, the category, and whether the question was
paraphrased to avoid easy keyword matching. It
is available on Hugging Face Hub and is released
with a CC-BY license.

3.2 Evaluation dataset: BioASQ

BioASQ is a popular challenge for biomedical in-
dexing and question answering, where all samples
are human-creating (Krithara et al., 2023; Tsatsa-
ronis et al., 2015). Due to it’s smaller scale, we
propose using it for search agent evaluation, where
the search corpus is the same PubMed abstracts
from Section 3.3. For convenience, we collect data
from all years up to 2025 and redistribute it on
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Define QA Categories

Generate new QAs

LLM proposes categories from
BioASQ dataset

Perinatal unilateral
hydrocephalus. Atresia of the
foramen of Monro

Abstract

Sample paper  PubNQed

—

|.—>—> i—l

' Do, . o o=
G B gk
. Synthesized

Experts brainstorm categories
categories

Generate A2:
QAs QAs

Q1: What anatomical structure,

0
when atretic congenitally, can
lead to unilateral hydrocephalus? » |g| *
A1: Foramen of Monro

Q2: Which imaging technique .....

Paraphrase Dataset

Figure 3: Data generation pipeline process. Left, generating the categories from Figure 2: LLM summarizes
categories from human-written questions in BioASQ (Krithara et al., 2023); humans brainstorm categories in
parallel; humans synthesize both sources into final categories. Right, QA generation: abstracts from PubMed are
sampled and passed to an LLM. The LLM s prompted with categories (and other guidance) to generate QAs. A
second LLM paraphrases the QAs to limit exact keyword matching.

Huggingface Hub. Our only addition is to gen-
erate synonyms for the answer into the ‘golden
answer’ list (using the same LLM call from our
own pipeline) which enables exact-match evalua-
tion metric. It is released under CC-BY-2.5 license.
Its ‘factoid’ dataset has 1,609 samples. BioASQ
has question categories other than factoid — yes/no,
list, and summary — which we also release, though
we do not use it in this paper.

3.3 Retrieval Corpus and Index

The search corpus is 16 million PubMed abstracts
up to 2025, and was previously distributed by
BioASQ (Krithara et al., 2023)". We concatenate
the paper title with the abstract text, giving a mean
word length of 245.

We provide BM25 (Robertson and Walker, 1994)
and e5 (Wang et al., 2022) search indexes. The cor-
pus and index is small enough to hold in memory:
the corpus is 23GB, the BM25 index is 2.6GB, and
the e5 index is 93GB. At inference time, the e5
retriever index requires two A100s GPUs (80GB)
to avoid memory error at inference.

3.4 Training Algorithms

To demonstrate the value of our datasets and re-
triever, we train search agents using RLVR.

RLVR for Search Agents We follow Search-R1
(Jin et al., 2025), which uses reinforcement learning
with verifiable rewards (RLVR).

We provide a minimal system prompt (Ap-
pendix F), which introduces the question-
answering task, instructing the model to leverage

"PubMed abstracts originally sourced from National Li-
brary of Medicine

reasoning tokens inside <think> tokens and to
give the final answer inside <answer> tokens. The
prompt then describes usage of search: by wrap-
ping queries in <query> tokens. When a query is
found, the system stops generation, extracts the
query, and retrieves the top £ documents. It then
appends the documents to the reasoning trace, and
then continues token generation. Crucially, this
system prompt provides minimal specific guidance
about how to perform reasoning and query rewrit-
ing — this allows behaviors to be learned in RL
training in a manner that (hopefully) is more flexi-
ble and general (Chu et al., 2025).

In training, the search agent performs rollouts
of token generation and search. The final answer
is extracted and we compute a very simple reward:
1 if the prediction matches any of the target an-
swers, and O otherwise. Reward is applied to all
LLM-generated tokens uniformly, except for the
retrieved tokens that are masked out during gradi-
ent computation. More formally (as in Search-R1
(Jin et al., 2025)) we learn the weights for the pol-
icy LLM, 7y, conditioned on a retrieval engine R
using a QA dataset, D:

max By p oy (:w) [6(2, y)]

— Bk [mo(y | 23 R) || mrer(y | 23 R))

In the first term, the LLM generates tokens, y
from the question x, conditioned on a retriever:
y ~ mg(-||R). The reward model, ry(z,y), ex-
tracts the answer from the sequence and compares
against ground truth. In the second term, the pol-
icy LLM, 7y, is discouraged from diverging too

1983


https://www.nlm.nih.gov/databases/download.html
https://www.nlm.nih.gov/databases/download.html

far from a reference LLM 7y, which is the LLM’s
initial state. We use Group Relative Policy Opti-
mization (GRPO) to optimize the LLLM based on
the samples; further details in Appendix I.

4 Results

To demonstrate the utility of our dataset, corpus,
and benchmarks, we train the LLM with reinforce-
ment learning with verifiable rewards (RLVR). Our
experiments show that RLVR training improves per-
formance on scientific paper question-answering
evaluations. We also provide further quantitative
and qualitative analysis.

4.1 Experiment details

Baseline methods We build our dataset to facili-
tate training with RLVR, which supervises only the
final answer and thus, promises stronger generaliza-
tion compared to methods with heavy scaffolding
or with reasoning SFT (Guo et al., 2025; Chu et al.,
2025). To validate this strategy, we compare RLVR
training to baseline LLM training approaches that
impose few assumptions: direct LLM inference,
chain-of-thought prompting (Wei et al., 2022; Ko-
jima et al., 2022), retrieval augmented generation
(RAG) (Lewis et al., 2020), Search-ol (Li et al.,
2025b), and PaperQA2 with the same retriever as
other methods (Skarlinski et al., 2024). For a fair
comparison, we apply the same base LLM that was
used in agent training.

Search-R1 RLVR Training We follow the
Search-R1 training setup (Jin et al., 2025) as de-
scribed in section 3.4, and experiment with two
retrievers: bm25 and e5. we use eight al00s (80gb)
for training, using grpo for 150 steps (runtime: ca.
30 hrs). we have batch size 512 and minibatch size
256 for two gradient updates per batch (full config-
uration is in the code). the training framework is
verl (Sheng et al., 2024). the base llms are qwen2.5
3b and 7b, and we experiment with both base and
instruct (Team, 2024; Yang et al., 2024).

Evaluation We evaluate with the test set of Pa-
perSearchQA, and the BioASQ-factoid benchmark
(Krithara et al., 2023) version that we release (Sec-
tion 3.2). The evaluation metric is the same as
the RL training reward term: the prediction must
exactly match one of the ground-truth answers,
which are all synonyms (for example target an-
swer ‘APOC3’ has synonyms ‘apolipoprotein C-
III’, ‘apoC-III’, ‘apoCIII’, ‘apolipoprotein C-IIT’,

PaperSearchQA BioASQ
Qwen2.5-3b-Instruct

Direct 16.7 15.8
CoT 20.3 16.5
RAG 32.0 30.0
Search-ol 30.8 294
PaperQA2 324 33.1
SearchR1 41.6 35.5
Qwen2.5-7b-Instruct
Direct 27.5 24.9
CoT 29.7 23.4
RAG 36.5 29.7
Search-ol 36.5 31.5
PaperQA2 37.1 32.8
SearchR1 51.0 44.8

Table 1: Main results of baselines vs Search-R1 training
(Jin et al., 2025) that uses RLVR. The metric is accuracy,
where ‘correct’ is exact match of prediction to target (or
a synonym for the target). PaperSearchQA is the test set
of our dataset, while BioASQ is a human-created eval-
uation. The RAG and Search-R1 systems used BM25
retrieval, and we compare to e5 retriever in the text.

‘apolipoprotein C3’, among others). The matching
function includes ‘normalization’: conversion to
lower case, stripping leading and trailing whites-
pace, removing articles like ‘a’ and ‘the’.

4.2 Quantitative Results

The main results are in Section 4.1, showing ac-
curacy on the target benchmarks, and where the
base model was Qwen-instruct (both, 3B and 7B
variants). Training with RLVR (specifically us-
ing Search-R1 (Jin et al., 2025)) clearly leads to
the strongest results. For the 3B LLMs, RL im-
proves over RAG by 9.6 and 5.5 points for Pa-
perSearchQA and BioASQ respectively. For 7B
models, the difference is 14.5 and 9.3. RAG out-
performs the retrieval-free methods by 17 points on
average. Chain-of-thought prompting outperforms
direct inference by only 1.2 points on average.

Table 2 shows per-category results for all models.
The easiest overall categories are ‘Biomarkers &
diagnostics’ and ‘Protein function & signalling’,
while ‘Genetic mutations’ is the most challenging.

We perform further quantitative analysis and
share these additional findings:

Semantic retrieval gives little benefit over syn-
tactic retrieval For both RAG and RL training, we
experimented with the BM25 syntactic retriever,
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1. Explicit planning and keyword
extraction

Question:
Which type of algae has been identified as a
pathogen responsible for causing mastitis in cattle?

Trace:
<think>
Lets do two steps: (1) Identify key components, (2)
Search for relevant information.
Step 1: Identifying key components:
- type of algae
- pathogen
- Causing mastitis in cattle

2. Reasoning about the problem
before search

Question:

Diseases of which anatomical region can represent
an initial manifestation of human immunodeficiency
virus (HIV) infection?

Trace:

<think>HIV infection can present with various
symptoms depending on the stage of infection [...]
can involve symptoms similar including fever, sore
throat, rash, and swollen lymph node [...] These
symptoms can affect multiple anatomical regions
but are not specific to any one area. However, certain
regions might show more common symptoms. Let's

3. Verification of in-parameter
knowledge

Question:
Which brain region contains nuclei responsible for
the neurosecretion of cardioactive neurohormones?

Trace:

<think> The brain region that [....] The
hypothalamus plays a key role in regulating
cardiovascular function [...] Let me verify this with a
search. </think>

<search> brain region nuclei responsible for the
neurosecretion of cardioactive neurohormones

Step 2: Searching for relevant information

<search> algae causing mastitis in cattle </search>
<information> Doc 1: [...] </information>

Based on the information [...]
<answer>Prototheca</answer>

<search> [...] </search>

region</answer>

search for more specific information.

<search>

<information> Doc 1: [...] </information>

<information> Doc 1: [...] </information>

Based on the information [...] <answer>

Based on the information provided [...] <answer>oral hypothalamus </answer>

Figure 4: Three interesting behaviours that we observe in search agent traces. We bold some words for emphasis.

Since traces are long, we abbreviate them, as indicated by

and the e5 semantic retriever. While the semantic
retriever should help search where exact keywords
differ, the performance benefit was minor — within
2 points in all experiments. One possibility is that,
even when paraphrasing questions, it must include
certain technical keywords, which makes retrieval
easier. Another possibility is that the e5 retriever
under-performs for scientific domains (which in-
volve highly technical terminology), thus removing
the benefit of semantic retrieval.

LLMs encode scientific knowledge The retrieval-
free baseline scores (from Section 4.1) are reason-
ably high, and scale with model size. For example
on PaperSearchQA they score 20.3 and 29.7 for
3B and 7B models. This is probably explained by
the fact that PubMed abstracts are easy to down-
load, and so they likely appear in pretraining mix-
tures. Despite this data (probably) being seen by
the model, memorization is far from perfect, so
retrieval remains necessary.

Superior performance with model size is likely
due to knowledge Averaged across benchmarks,
Search-R1 outperforms CoT by 20.2 points for the
3B model and 21.4 for the 7B model. This sug-
gests that the performance gain is due to improved
parametric knowledge, and not due to superior ca-
pabilities in query formulation or comprehension.

Paraphrasing in data construction is beneficial
In dataset construction, we observed that LLM-
generated questions would often mirror keywords
or phrasing from the source document in Sec-
tion 3.1, and so we added a paraphrasing step
to 50% of the QAs, allowing to compare non-
paraphrases and paraphrased QAs. For SearchR1

‘[...]". These are discussed further in Section 4.3.

trained on PaperSearchQA, non-paraphrased ques-
tions scored 57.2 while paraphrased questions
scored 44.9, highlighting the importance of para-
phrasing for sustaining question difficulty.
Training dynamics are similar to general-
domain QA training environments The Search-R1
study (Jin et al., 2025) observed certain dynamics
that we also observe. Specifically, we observed
small performance difference between base and in-
struct models, albeit the base model required more
training time to converge. We also found that train-
ing with GRPO was unstable, and reward would
collapse to zero for some training runs — the base
(non-instruct) models were generally more stable.

4.3 Qualitative Results

To better understand the system performance, we
manually reviewed the reasoning traces for mod-
els at multiple stages in training. We highlight
three prevalent patterns in Figure 4. The format
of the traces includes reasoning inside ‘<think>’
tokens and the final answer is in ‘<answer>’ to-
kens. To perform retrieval, the LLM outputs text
in ‘<search>‘ tags; the retrieved documents are
dumped into the trace inside ‘<information>°.
Behavior 1 — explicit planning and keyword ex-
traction. We find this pattern to be very common
in later training. The model follows a clear and
simple strategy common in RAG with rewriting:
extracting the keywords for search and then com-
bining them into a search query. After performing
search, the LLM summarizes the final conclusion.
Behavior 2 — reasoning before search. Here, the
LLM reasons about the question using only its para-
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metric knowledge before performing any search. In
the example problem, it observes that disease symp-
toms vary based on stage, and suggests symptoms
from its own parametric knowledge. The trace ac-
knowledges that it does not have the answer, and
performs search. After viewing the retrieved infor-
mation, the presence of earlier reasoning tokens
may impact the final answer.

Behavior 3 — verification of in-parameter knowl-
edge. The LLMs have sufficient knowledge to an-
swer between 15% and 30% of questions (Sec-
tion 4.1), so how does the agent behave when it
already knows the answer? We find that it per-
forms search anyway, but in the reasoning trace it
will state its initial answer, and explicitly declare
that it is doing further verification. Verification is
generally good, since the LLM can gather more
evidence for a reliable answer. More sophisticated
systems however should only search when not con-
fident in its initial answer.

Agent behavior becomes less varied with more
training With more training, behavior 1 becomes
much more common. We suspect this is due to lack
of training data diversity — PaperSearchQAonly
includes factoid-QA, and so this learned strategy is
effective for most samples. Future systems trained
on more QA types and elicit more varied behavior.

Very little reasoning after viewing documents
After adding retrieved documents, the LLM tends
to answer immediately, without explicit reasoning
about document contents. This could be explained
by comprehension being simpler with factoid-QA;
it is also possible that RL training led to better
comprehension due to parameter weight updates.

5 Discussion

We show that search agents can be trained using
RL to perform question-answering by reasoning
and gathering knowledge from scientific papers,
a crucial intellectual part of science (Tsatsaronis
et al., 2015; Hope et al., 2023). Search agents —
and more generally RL-trained tool-use agents —
are rapidly advancing in general-domain Al. Our
aim in designing the training datasets, benchmarks,
and corpus was to ensure compatibility with these
methods. We hope that advances to general-domain
agents — both in open research and in private labs
— will translate to stronger capabilities in scientific
literature understanding by leveraging our artifacts
and others from the Al for science community.
While our datasets represent progress for sci-

entific search agents, the scope is limited to only
single-hop factoid-QA and simple retrieval over a
database of abstracts — there is huge potential for
further work. Interesting directions include factoid-
QA designed to be multihop (Kim et al., 2025),
answers with list-of-entities, and questions requir-
ing extended answers or summaries (Krithara et al.,
2023; Asai et al., 2024); these can require more
complex agent planning behavior and fuzzy reward
models. Even more ambitiously, future work could
aim to resolve questions with conflicting evidence,
like in critical literature review, (Lieberum et al.,
2025; Polzak et al., 2025; Clark et al., 2025). More-
over, future datasets should consider that recent
results in RLVR for (non-tool-use) LLMs are lever-
aging LLLM-as-a-judge for reward modeling (Su
et al., 2025; Gunjal et al., 2025). Meanwhile, other
tool-use and search agent works consider text and
images, which is relevant to scientific papers as
well (Wu et al., 2025; Wang et al., 2025).

Other research directions are more specific to
literature understanding applications. Agents could
be equipped with tools and metadata that would be
used by real scientists in their work, for example
citation traversal and source reliability metrics. For
example, one could implement a scoring on to what
extent the conclusions extracted from a scientific
article are supported by the figure images / data
presented in the article — an assessment that is typi-
cally made by scientists when they deeply review
literature. This could aid in valuing contradicting
or diverging scientific results for a reply. Such met-
rics could be provided in the output, which could
contain multiple answers with scores.

On a final note, our data generation pipeline is
quite general — it could be adapted to generate QA
datasets in other domains like chemistry, materials
science, and computer science.

6 Conclusion

Al holds great potential to transform science. One
exciting cluster of methods are LLM agents or
multi-agent systems — sometimes called Al Sci-
entists (Gao et al., 2024; Lu et al., 2024; Gottweis
et al., 2025; Huang et al., 2025; Hope et al., 2023).
This research program anticipates agents becoming
more and more autonomous — first by performing
well-defined tasks like data analysis and experi-
mental execution (e.g., (Huang et al., 2025)) — and
later performing more open-ended tasks (Hughes
et al., 2024) like planning new experiments and
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even forming new hypotheses. But scientific fields
are deeply knowledge-intensive: scientific discov-
ery requires recalling, retrieving, and evaluating
arcane information in the massive corpus of human
knowledge. We therefore claim that future Al Sci-
entist systems will require the capability of knowl-
edge intensive search. Literature understanding is
therefore fundamental to Al systems in science,
and we believe that RL training of search agents —
like in this paper — is an essential approach.
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7 Limitations

First, the data generation pipeline is automatic and
uses LLMs, which could lead to factually incorrect
QAs. One source of risk is LLM hallucination,
though the risk is small since each prompt has a
smaller context, and we use strong LLMs (GPT-
4.1).

Another risk from our data generation pipeline
is that it is challenging to infer a ‘general QA’ from
a single specific abstract. For example, an abstract
might claim “mutation in gene X correlates with
disease Y”, and our pipeline might derive the ques-
tion “what gene mutation is correlated with disease
A?”. But since we only have one abstract in con-
text, we cannot be sure that ‘gene mutation X’ is
the only answer — some other abstract might re-
port that ‘gene mutation Y’ also correlates with the
disease. In designing our data generation pipeline,
expert review found such cases to be rare, and so
we did not design complex mitigations. (It is possi-
ble that some such questions were avoided due to
the parametric knowledge in the LLM generating
the questions — GPT-4.1 — which is a more capa-
ble model than the smaller models used in these
experiments). Future work that follow our data
generation methodology could apply mitigations
if needed. For example, if human review finds the
issue prevalent for certain question categories, then
that category could be excluded. Or, a workflow
could be designed to retrieve all relevant papers to
check for conflicts (which would be allowed a large
retrieval budget).

In terms of scope, this is a first study in using
RLVR to train search agents, so we restricted it
to factoid QA. While this is a similar restriction
to other early search agent papers, it represents
only one of the possible question types important
for real applications — we discuss future direc-
tions in Section 5. Likewise, our dataset covers
scientific papers in biology & medicine, but not
other domains commonly studied in Al for science
like chemistry, materials science, computer science.
However most Al for science papers have a similar
limitation because significant domain expertise is
required, making highly general studies challeng-
ing (Mirza et al., 2025; Burgess et al., 2025; Tang
et al., 2025).

Still on scope, another limitation is that we tackle
text-only problems, however it is scientific reason-
ing obviously goes beyond text, for example to
consider images (Yue et al., 2024; Burgess et al.,

2025) and more general data types (Huang et al.,
2025). Future work could use data sources like
BIOMEDICA (Lozano et al., 2025) that include
paper figures for PubMed open-access articles.

This synthetic data generation procedure re-
quires access to research articles, which are often
protected by copyright; the field should consider
approaches similar to (Schuhmann et al., 2025)
to overcome this. Future systems could also bet-
ter leverage science-specific retrieval systems (Li
et al., 2025a; Asai et al., 2024).

While the study provides resources towards
building useful search agents for scientific prac-
titioners, the derived agent system is a research pro-
totype and is not suitable for real-world use. Apart
from having a too-restricted scope, it has not un-
dergone thorough evaluation needed for real-world
deployment.
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A Dataset and Code Availability

data We
Huggingface

release all ar-
Hub at

Accessing
tifacts on  the

* In project conception: brainstorming ideas;
giving feedback and criticism on project plans;
searching related work; summarizing and an-
swering questions about specific related work.

* In project execution: LLMs for code genera-
tion in the Cursor IDE.

* Paper writing:
tences.

rephrasing individual sen-

https://huggingface.co/collections/jmhb/papersearchqa.

Accessing Code The code is at
https://github.com/jmhb0/PaperSearchQA.

Licenses Our dataset, PaperSearchQA, is re-
leased under a fully open license CC-BY-4.0, per-
mitting redistribution, remixing, and commercial
use. The data is derived from PubMed abstracts
that are available for bulk download under NLM’s
Terms and Conditions>. The search corpus and
the BioASQ evaluation set are sourced from the
BioASQ project (Krithara et al., 2023; Tsatsaronis
et al., 2015), and inherit their CC-BY-2.5 license.

B Ethical considerations

This paper advances systems that answer scientific
questions from literature, but this presents some
risks:

* Agents may retrieve and amplify outdated, re-
tracted, or flawed studies without quality as-
sessment mechanisms.

* Papers retrieved by the agent may have some
selection bias that is poorly understood, thus
impacting papers seen by scientists.

 Hallucinations in LLM outputs and incorrect
QA responses may harm scientific practice.

* Our dataset was generated in an automated
pipeline, which may have introduced errors.

Future deployments should consider uncertainty
quantification, and source quality indicators. More
broadly, the scientific community must develop its
own standards for the appropriate use of LLM tools
that consider these risks.

C Statement on use of LLMs

LLMs were used at many points in the project.
Other than what is discussed in the main paper, we
had these use cases:

Zhttps://www.nlm.nih.gov/databases/download.html

D Further explanation of reinforcement
learning with verifiable rewards
(RLVR)

RLVR (Lambert et al., 2024) is a post-training pro-
cedure in which a language model is optimized
only from whether its final output can be automati-
cally verified as correct. At a high level, the model
proposes a solution to a task, a separate verifier
evaluates that solution, and the model is updated to
make successful solutions more likely in the future.

Single-turn RLVR. Much of the earliest RLVR
work uses a single-turn setting, where the model
answers in one shot without explicit tool calls or
multiple interaction steps. Given a query x, the
model samples a final answer y ~ 7y(- | z), such
as a free-form solution to a math problem or a
code snippet. A verifier V' then returns a (typically
scalar) reward

r=V(z,y),

for example by exact-match against a reference
answer, a numerical tolerance check, or running
unit tests on the generated code. In many RLVR
setups, 7 is binary (r € {0, 1}) to indicate pass/fail,
but the formulation also allows graded or shaped
rewards (e.g., partial credit or the proportion of
tests passed).
In this setting, the RLVR objective is

J(e) = EmN’D,yNﬂg(-\:p)[T]a

which says: sample questions = from a data dis-
tribution D, sample answers y from the model,
and maximize the expected reward returned by
the verifier. This captures the basic ‘“gener-
ate—verify—reinforce” loop used in early RLVR for
math and code.

Multi-step RLVR with trajectories. For agents
that call tools or take multiple reasoning steps, it is
helpful to view RLVR in a more general trajectory
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form. Given a query z, the model interacts with its
environment to produce a trajectory

T = (00,0{),01,(11, cee 7OT7y)7

where o; are observations (e.g., tool outputs or in-
termediate text), a; are actions (e.g., tool calls or
tokens), and y is the final answer returned to the
user. The single-turn setting above is a special case
where there are no intermediate observations or ac-
tions and 7 consists only of the generated answer
Y.

A verifier V now maps (z, 7) or (z, y) to a scalar
reward

r=V(zx,T).

The verifier can use only the final answer (e.g.,
exact match or unit tests) or the whole interaction
(e.g., whether a sequence of tool calls satisfies some
constraints). Let 7y(7 | ) denote the model’s
policy over trajectories; RLVR then maximizes

J(Q) = ExND, T (+T) [ r ]

When r is binary, this reduces to maximizing the
probability that the verifier accepts the trajectory,
but the same objective accommodates more general
reward shapes.

In practice, J(f) is maximized using policy-
gradient methods. In our experiments we use
Group Relative Policy Optimization (GRPO; see
appendix I), a variant that uses group-normalized
advantages, clipping, and a KL penalty to a ref-
erence policy. For intuition, one can view these
methods as refinements of the basic REINFORCE
estimator

T

Vol (0) ¥ E|(r —b) 3 Vologm(a | hu)].
t=0

where b is a baseline that reduces variance. High-
reward trajectories increase the log-probabilities
of their actions, while low-reward trajectories de-
crease them.

Relation to SFT and RLHF. RLVR differs from
supervised finetuning (SFT) and RLHF in two key
ways. First, RLVR uses only verifiable success or
failure of the final output as a learning signal; there
are no human-written labels on intermediate steps
and no preference scores over partial generations.
Second, credit assignment is purely outcome-based:
all intermediate reasoning, tool calls, and textual to-
kens are reinforced or discouraged according to the

reward returned by the verifier. This makes RLVR
particularly natural for tasks where correctness can
be automatically judged but good intermediate su-
pervision is expensive or unavailable.

E Data construction pipeline

We show the prompts here.  The prompts
are long, so for more readablity, refer to
the code at data\_gen/generate\_questions\
_from\_abstracts.py

Here is the main data generation prompt map-
ping an abstract to QAs.

BACKGROUND

You are a domain-expert biomedical NLP
assistant.

You are helping me to create an
open-domain QA dataset.

The downstream task will read a query
and require an agent to search over
Pubmed abstracts

YOUR TASK

I will provide you with title and
abstract of a Pubmed article.

Your task is to create 3 new
question-answer pairs.

TYPES OF QUESTIONS

The questions should be ’factoid based’.
The answer should be a simple entity.

It should not be ambiguous.

Don’t be pretentious.

IMPORTANT NOTES

The question-answer pair will be used
to evaluation question-answering
systems with retrieval. Ths means
the target system does not know
which paper the question was
sourced from. So an inappropriate
question would be "What technology
is used in this study to ". or
"what type of treatment is assessed
in this study?” (where the study
name is not specifified).

If the question contains acronyms that
are not well known, then explain
the acronym.

EXAMPLE CATEGORIES
Below are sample categories with sample
gquestions.

Category: 1 - Genetic inheritance &
disease-linked mutations

question: What gene is mutated in
Sickle Cell Anemia?

answer: HBB

question: Which ultraconserved element
is associated with Embryonic Stem
Cells (ESC) self-renewal?

1993



answer: T-UCsteml

question: Is Huntington’s disease
caused by a dominate or recessive
gene?

answer: dominant

Category: 2 - Therapeutics, indications
& clinical evidence

question: What is the most effective
drug for oxaliplatin-induced
neuropathy?

answer: Duloxetine

question: Which cancer is the BCG
vaccine used for?

answer: Non-muscle Invasive Bladder
Cancer

question: How many injections of CLS-TA
did the patients participating in
the PEACHTREE trial receive?

answer: two

Category: 3 - Protein function,
localization & signalling/enzymatic
interactions

question: Which histone mark
distinguishes active from inactive
enhancers?

answer: H3K27ac

question: Which component of the
Influenza A Virus affects mRNA
transcription termination?

answer: NS1

question: Which is the main calcium
binding protein of the sarcoplasmic
reticulum?

answer: Calsequestrin

Category: 4 - Experimental &
computational methods, resources &
acronyms

question: Which algorithm has been
proposed for efficient storage of
WGS variant calls?

answer: SegArray

question: What is an acceptable
sequence coverage(depth) required
for human whole-exome sequencing?

answer: 30x-60x

Category: 5 - Disease causation &
pathogens

question: Which is the most common
disease attributed to malfunction
or absence of primary cilia?

answer: [’Polycystic kidney disease’,
’PKD ’ ]

question: What organism causes scarlet
fever also known as scarletina?

answer: [’Group A Streptococcus’,
’Streptococcus pyogenes’]

question: The pathogen Fusarium
graminearum affects what type of
plant species?

answer: cereal crops

Category: 6 - Biomarkers & diagnostic
tests

question: Salivary Cortisol is a
biomarker for what
disease/syndrome/condition?

answer: stress

question: What is the gold standard for
a diagnosis of narcolepsy?

answer: [’Sleep study’, ’overnight
polysomnography ’]

Category: 7 - Bioinformatics databases
& curated resources

question: Which R/bioconductor package
has been developed to aid in
epigenomic analysis?

answer: DeepBlueR

question: Which database associates
human noncoding SNPs with their
three-dimensional interacting genes?

answer: 3DSNP

question: What is the RESID database?

question: Which is the literature-based
database of phenotypes?

answer: PheneBank

Category: 8 - Clinical grading &
diagnostic scales / classification
systems

question: What can be predicted with
the Wells criteria?

answer: pulmonary embolism

question: Symptoms of which disorder
are evaluated with the Davidson
Trauma Scale?

answer: [’post-traumatic stress
disorder’, ’PTSD’]

question: Which value of nuchal
translucency thickness is set as
the threshold for high-risk for
Down Syndrome?

answer: 3mm

Category: 9 - Anatomical / cellular
structures & localisation

question: Where is corticosterone
synthesized?

answer: Adrenal glands

question: Which is the chromosome area
that the human gene coding for the
dopamine transporter (DAT1) is
located to?

answer: 5p15.3

question: Where is the respirasome
located?

answer: inner mitochondrial membrane

Category: 10 - Psychology and
behavioral health

Question: Which psychomotor domain
showed a significant difference
between institutionalized and
non-institutionalized sheltered
children and adolescents?

Answer: Body awareness

Question: What ethical principle
justifies actions that have both
good and harmful effects, as long
as the harm is not intended but
only foreseen?

Answer: Rule of Double Effect
Questions: What psychological process
during an incubation period is
associated with enhanced creative

problem solving?
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Answer: Mind-wandering

OUTPUT FORMAT

A single QA has tags
‘<question>...</question>‘, answer
inside ‘<answer>...</answer>"‘.

If the QA corresponds to one of the
above categories put its number in
<cat_num>...</cat_num> and category
description in <cat>...</cat>.

Each QA should exist in its own tag
<ga>...</qga>

Therefore the first 2 questions would
be:
<gas>
<ga> <question>
<answer >
<cat_num>
<cat>
</qga>
<ga>

</question>
</answer>
</cat_num>
</cat>

TITLE AND ABSTRACT
{title_abstract}

nnn

And here is the prompt for generating ‘golden
answers’ or synonyms to the ground truth answer.

You are given a question that was
written using a particular document
as its main source. Your task is to
rewrite the question so that it
retains the original meaning and
would result in the same correct
answer , but uses different wording
and phrasing. Important constraints:

Do not broaden or narrow the scope of
the question.

Do not introduce ambiguity or alter
clinical/technical context.

Make sure the correct answer remains
exactly the same.

Your goal is to change the surface
wording so that simple bag-of-words
search (like BM25) may not easily
match the original document, while
an expert human or strong language
model could still answer correctly.

Avoid copying any significant phrase
(three or more words in sequence)
from the original question.

Example:

- Original: What congenital abnormality
can cause unilateral hydrocephalus
in the perinatal period?

- Edited: Which birth defect present
during the perinatal stage may
result in hydrocephalus affecting
only one side of the brain?

OQutput should be in tags like
<question> </question>

Question: {question}
Answer: {answer}

F System prompt for Search-R1 LLM
training

The LLM system prompt provides basic guidance
about what tools are available, as well as guidance
about putting the final answer in tags.

Answer the given question. You must
conduct reasoning inside <think>
and </think> first every time you
get new information. After
reasoning, if you find you lack
some knowledge, you can call a
search engine by <search> query
</search> and it will return the
top searched results between
<information> and </information>.
You can search as many times as
your want. If you find no further
external knowledge needed, you can
directly provide the answer inside
<answer> and </answer>, without
detailed illustrations. For
example, <answer> Beijing
</answer>. Question: {question}\n

For baseline experiments we apply the same for-
matting instruction.

G Results: per-category performance

Since PaperQAZ2 has per-category labels (fig. 2),
we report the main results split by these category
values. The main results are in table 2.

H Results: a note on PaperQA baseline

For PaperQA baselines we used the official code-
base (https://github.com/Future-House/paper-qa)
and then for fair comparison with other methods,
we matched the model and system components
— the result is in the our released code, in the
baselines/ folder.

For retrieval backend: we replaced PaperQA’s
retrieval system with SearchR1’s retrieval servers,
using the same BM25 and ES dense retrieval on the
PubMed corpus that was used in all paper experi-
ments. For LLM Integration: switched from propri-
etary APIs to local Qwen 2.5 models (3B/7B vari-
ants) served via vLLM, matching the exact models
used in the SearchR1 training experiments. For
answer format compatibility: we appended an in-
struction to the end of the PaperQA text prompt
instructing the system to put the final single-entity
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Data portion | 3b models 7b models

Direct CoT RAG PaperQA2 Search-R1 | Direct CoT RAG PaperQA2 Search-R1
Genetic mutations 3.6 12 17 40 20 27 18 18 45 19 26
Therapeutics & clinical evidence 17 17 23 31 28 38 27 32 37 32 46
Protein function & signalling 12.36 15 20 39 32 44 28 29 46 37 53
Methods & resources 26.36 14 16 26 25 35 26 25 30 27 37
Disease causation & pathogens 12.96 24 27 38 33 39 34 38 43 36 52
Biomarkers & diagnostics 10.38 20 19 26 34 46 29 32 30 40 56
Bioinformatics databases 0.16 13 25 13 100 100 13 13 13 100 100
Clinical scales & classifications 2.82 16 16 26 25 34 23 26 28 34 50
Anatomy & cellular localisation 8.74 13 22 39 24 32 27 30 42 28 37
Psychology & behavioural health 34 16 19 28 26 33 27 31 31 30 39

Table 2: Main results of baselines vs Search-R1 training (Jin et al., 2025) that uses RLVR. Unlike the table in the
main results, we show the per-category scores, where the categories are defined in fig. 2.

answer into <answer> blocks, consistent with all
the other content. We created a standalone evalu-
ation module, ga_em. py, which matched the eval-
uation logic used in SearchR1 codebase (which is
inside the verl/ folder.
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I Training RLVR details

This section is single-column due to the large equation below. Continuing the description of the RL
training algorithm from section 3.4, we leverage Group Relative Policy Optimization (GRPO) (Shao et al.,
2024; Guo et al., 2025). At each iteration, we have the current policy 7y, which we now temporarily call
the ‘old policy’ 7,;4. For each question, z, GRPO computes multiple rollouts {y1, y2, . . ., Yc } using 7,4,
and we can now consider some averaging of rewards ina group. The policy model is then optimized by
maximizing:

1 G

Jerro(8) =E__ NG om ol — _
e~D{yi bl ~moa (1R | G ; Elyzﬂ I(yi,t) =151 (ap 4)=1

ity

1 il - mo(yitlm yi<esR) 4
min _—
Told (Yi,t 1%, Yi, <13 R)

' ( o (Yi, 1]z, yi,<t; R)

1—¢,1 A; | —BD et | 1
o (gialt ot R) € +€> 1,t> BDx 1 [mo||mret] )]

Here, R is the retriever (as before), e controls clipping range, and 3 controls KL penalty. We compute
‘advantages’ (rather than raw reward), flm by normalizing rewards within each group of GG responses by
using group mean as baseline and group standard deviation for scaling.

The full training scripts with all hyperparameters are available in the released code.
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