
RL-Index: Reinforcement Learning for Retrieval Index Reasoning

Yongjia Lei♡ Nedim Lipka♣ Zhisheng Qi♡ Utkarsh Sahu♡ Yuchen Zhuang♢

Wenqi Shi♠ Koustava Goswami♣ Franck Dernoncourt♣ Ryan A. Rossi♣ Yu Wang♡

♡University of Oregon ♣Adobe Research ♢Google DeepMind
♠University of Texas Southwestern Medical Center

{yongjia, zhisheng.qi, utkarsh, yuwang}@uoregon.edu Wenqi.Shi@UTSouthwestern.edu
{lipka, koustavag, dernonco, ryrossi}@adobe.com night.yuchen@gmail.com

Abstract

Retrieving external knowledge is crucial for
real-world tasks but remains difficult when
queries and relevant knowledge are linked by
implicit reasoning (e.g., shared theorems or
coding logic). Existing methods rely mainly
on query-side reasoning, leading to high online
latency and underutilizing the reasoning seman-
tics within the knowledge corpus. In this pa-
per, we propose RL-Index, an indexing frame-
work that formulates retrieval index reasoning
as a reinforcement learning problem. Instead of
performing reasoning at query time, RL-Index
shifts reasoning to the indexing stage by aug-
menting documents with LLM-generated ratio-
nales that explicitly encode the latent query-
knowledge relationship. To optimize the qual-
ity of these rationales, we employ Group Rel-
ative Policy Optimization (GRPO) and use re-
trieval similarity as a proxy reward signal, en-
abling direct optimization of indexing decisions
for retrieval effectiveness. Extensive experi-
ments on the BRIGHT benchmark demonstrate
that RL-Index consistently improves both re-
trieval and downstream question-answering per-
formance, while significantly reducing online
inference latency. Moreover, the learned ratio-
nale augmentation generalizes across diverse
retrievers and generators, highlighting its ro-
bustness as a plug-and-play indexing strategy
across different retrieval systems1

1 Introduction
Retrieving relevant knowledge to augment down-
stream tasks (e.g., question answering, fact check-
ing, and text generation) (Guu et al., 2020; Wang
et al., 2024; Han et al., 2024; Qi et al., 2026) has be-
come fundamental to applications ranging from sci-
entific discovery and cybersecurity to social well-
ness (Wu et al., 2024; Lei et al., 2025b; Rahman
et al., 2024; Zhang et al.) and knowledge/memory
management in LLM-powered agents (Wu and Shu,

1Our code https://github.com/Yoega/RL-Index.
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Figure 1: (a) Online retrieval reasoning by query rewrit-
ing (e.g., TongSearch (TS) (Qin et al., 2025)) and Of-
fline indexing reasoning by document augmentation
(RL-Index (Ours)). (b)-(c) Both TS and RL-Index im-
prove (b) retrieval and (c) QA performance, and their
gains are further compounded when combined together.

2025; Huang et al., 2026). However, traditional re-
trieval methods based on semantic embeddings or
lexical matching (e.g., TF-IDF and BM25) primar-
ily capture surface-level similarity, making them
ineffective when knowledge relevance depends on
underlying logical relationships rather than textual
overlap (Shao et al., 2025; Zhuang et al., 2025;
Hongjin et al.). For example, a mathematical query
and relevant solutions may rely on the same un-
derlying theorem despite differing surface expres-
sions. (Hongjin et al.; Alexander et al., 2026). Sim-
ilarly, scientific and legal documents often describe
underlying events without explicitly naming the
queried concept or mechanism (e.g., “breach of
fiduciary duty” (Paul et al., 2025)).

To capture these complex logical relations, exist-
ing retrieval methods generate intermediate ratio-
nales, which can be broadly categorized into online
query and offline index reasoning (Figure 1(a)).
Online query reasoning infers latent user intent
through LLM-generated rationales (Jin et al.; Jager-
man et al., 2023; Zhang et al., 2025). However,
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it incurs substantial query-time latency and lim-
its reasoning to the query itself, leaving the rich
reasoning semantics in the knowledge corpus un-
derutilized (Chen et al., 2025; Lee et al., 2025). Of-
fline index reasoning addresses these issues by en-
riching documents with query-oriented rationales
in advance (Gospodinov et al., 2023). For exam-
ple, SPIKE (Lee et al., 2025) synthesizes potential
user intents and EnrichIndex (Chen et al., 2025)
augments documents with multiple views, such as
summaries, purposes, and QA pairs. However, both
approaches rely on expensive closed-source LLMs
and prompt-engineering that is neither optimized
for retrieval objectives nor tailored to domain-
specific knowledge. Doc2Query (Nogueira et al.,
2019) predicts potential queries for a document
using supervised learning, without learning the un-
derlying rationales that relate queries to documents.

To address the above limitations, we propose
RL-Index, an agentic indexing framework that for-
mulates retrieval index reasoning as an offline opti-
mization problem. Rather than reasoning at query
time, RL-Index employs an LLM-powered agent
to enrich documents with logical rationales. To fur-
ther improve rationale quality, we optimize the in-
dexing agent with Group Relative Policy Optimiza-
tion (GRPO) (Shao et al., 2024; Guo et al., 2025b),
using incremental document relevance as the re-
ward to directly align generated rationales with re-
trieval objectives and domain-specific knowledge.
In Figure 1 and Table 4, RL-Index improves re-
trieval and downstream QA performance without
additional online latency, while remaining comple-
mentary to query-side reasoning. To summarize,
our contributions are:

• We introduce an indexing framework that tack-
les reasoning-intensive retrieval from an offline
perspective, improving retrieval of implicitly rel-
evant documents while simultaneously reducing
inference latency.

• In particular, we are the first to formulate docu-
ment augmentation as a reinforcement learning
problem. We optimize an open-source LLM with
GRPO to reason over documents with a simple
yet effective reward design that aligns the training
objective with the desired reasoning behavior.

• Extensive experiments on BRIGHT across mul-
tiple retrievers and LLMs demonstrate consis-
tent retrieval and QA performance improvements
with strong transferability, substantial efficiency
gains, and interpretable rationale analysis.

2 Related Work

Reasoning-Intensive Knowledge Retrieval.
Reasoning-intensive retrieval (Hongjin et al.;
Yao et al., 2023) focuses on queries that require
deeper reasoning to uncover complex logical
relationships (e.g., multi-hop connections (Xiong
et al., 2020a; Trivedi et al., 2023a; Han et al., 2025)
or shared mathematical principles (Alexander
et al., 2026)) instead of simple lexical and semantic
matching. Thus, first-stage retrieval is often the
bottleneck, as relevant documents are usually not
surface-matched to the query, or the key evidence
is distributed across the corpus (Trivedi et al.,
2023a). Recent work has improved retrievers
with stronger dense representations (Shao et al.,
2025; Das et al., 2025) and hybrid sparse-dense
scoring (Kalra et al., 2025). However, these
approaches still rely on the original query and
document form, which may not explicitly expose
the latent rationale needed for retrieval.
Online Retrieval Reasoning by Query Rewriting.
This line of work addresses the lack of rationale
by injecting explicit reasoning into queries at in-
ference time. Existing methods interleave reason-
ing and retrieval across multiple turns with interac-
tive feedback (Jin et al.; Trivedi et al., 2023b; Yao
et al., 2023), or infuse queries with explicit ratio-
nales (Lei et al., 2025a; Qin et al., 2025). While
they achieve strong performance on reasoning-
intensive benchmarks (Hongjin et al.; Xiong et al.,
2020b), they incur substantial online latency and re-
main limited when evidence resides in documents
rather than queries (Chen et al., 2025).
Offline Reasoning by Document Augmentation.
To reduce inference-time overhead, another cate-
gory of work shifts reasoning from online to offline
indexing by augmenting documents. Some meth-
ods augment documents from single perspectives,
e.g., pseudo queries and summaries (Gospodinov
et al., 2023; Jeong et al., 2021). Others infuse richer
perspectives, e.g., synthetic user scenarios (Lee
et al., 2025) and combinations of enrichment sig-
nals (i.e., summary, purpose, and QA pairs) (Chen
et al., 2025). Compared with online query reason-
ing, offline augmentation provides a latency-quality
trade-off as retrieval can remain a single pass at in-
ference. Our work follows this line and formulates
document augmentation as a policy-learning prob-
lem where a document augmenter learns how to
generate augmented documents that make latent
rationale explicit, improving retrieval.
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Figure 2: Overview of RL-Index framework. (a) In offline indexing, an RL-trained agent augments documents D
into D̃. (b) In online retrieval, augmented corpus D̃ is used for improved document retrieval. (c) RL indexer is
trained via GRPO, with rewards as incremental relevance gain of augmented over original documents to the query.

3 Framework
3.1 Math Notations and Overview

Let D = {Di}|D|
i=1 denote a document corpus, Q a

user query, and D∗ ⊆ D the relevant documents.
A conventional retriever FΘRetriever scores each doc-
ument by FΘRetriever(Q,Di) and returns the top-K
results. However, implicit evidence is often not
sufficiently expressed in the original documents.
To address this limitation, we formulate retrieval
enhancement as an offline indexing-time reasoning
problem, shifting reasoning from online query pro-
cessing to document augmentation. In Figure 2(a),
an LLM-based indexing agent generates a rationale
for each document, D̃i = FΘIndexer(Di;P ), where
prompt P guides the agent to expose latent logical
relations relevant to future queries. Applying the
indexer to the entire corpus yields D̃ = {D̃i}|D|

i=1,
with each pair (Di, D̃i) forming an enriched index.

During online retrieval in Figure 2(b), no addi-
tional LLM reasoning is required. Given Q, the
retriever jointly scores each document and its ratio-
nale and selects the top-K candidates:

D̂(Q) = TopKDi∈D FΘRetriever(Q,Di, D̃i). (1)

The retrieved evidence is then passed to the an-
swer generator: Â = FΘAnswer(Q, D̂(Q)). The re-
triever can be instantiated with lexical methods
(e.g., BM25 or TF-IDF), embedding-based models
(e.g., SBERT or BGE), or LLM-derived embed-
ding models (e.g., Qwen). By jointly considering
the query Q, the original document Di, and the
generated rationale D̃i, the retriever can better cap-
ture complex logical relations between user intent
and the implicit evidence contained in either the
original or the augmented documents.

In the following sections, we introduce the Agen-
tic Indexer in Section 3.2, present its GRPO-based
optimization in Section 3.3, and describe the inte-
gration of original and augmented documents into
online retrieval in Section 3.4.

3.2 Offline Rationale Generation
Raw documents often lack explicit links to user in-
tents, hindering retrieval for queries requiring com-
plex and implicit reasoning. To address this, we in-
troduce an indexing approach with offline rationale
generation to externalize the logical connections
between user intent and document knowledge. The
generated rationales consist of two components:

Thematic Synthesis (Key Points). Rather than
producing a surface-level summary, our model dis-
tills each document into a compact set of core
propositions (Chen et al., 2024). These proposi-
tions characterize the document from diverse per-
spectives and extract global facts that can satisfy
potential user needs.

Functional Alignment (Explanations). Build-
ing on the key points, the model then articulates
how those propositions satisfy potential user needs.
This stage links document content to the retrieval
intent desired by the potential incoming queries. By
constraining explanations to be derived solely from
extracted key points, we ensure rationale traceabil-
ity to verified document content.

We implement offline rationale generation with
a structured prompt that produces both key points
and corresponding explanations (see next). The
resulting rationale pairs are used for computing
query-document similarity used for reward comput-
ing during GRPO-based training in Section 3.3 and
for retrieval at inference in Section 3.4.

3



Prompt for Generating Rationale to Augment Documents

You are an advanced language model specializing in
knowledge extraction and user need modeling. Your
task is to extract hypothetical user scenarios from a
given document, ensuring that the generated informa-
tion needs reflect the document’s overall insights and
knowledge, rather than isolated details.
Content:

• Key Points: Summarize the core concepts, in-
sights, or knowledge presented.

• Explanations: Explain how the document ful-
fills the hypothetical user need, ensuring that ex-
planations are generalized and conceptual rather
than overly detailed.

Input: <Document>
{doc}
Output:

3.3 Reinforcement Learning Optimization

Inspired by DeepSeek-R1 (Guo et al., 2025a),
we employ Group Relative Policy Optimization
(GRPO) to optimize our LLM-powered Agentic In-
dexer for document rationale generation. In our
framework, the LLM-powered Agentic Indexer
takes a document D as input and generates a set of
rationale-augmented versions. For each document,
we sample a group of K augmented candidates
{D̃k}Kk=1 from an old policy πΘold . The current
policy πΘ is optimized to assign higher probability
to augmented documents with larger relative advan-
tages within each group, while remaining close to
the reference policy:

Θ∗ = argmin
Θ

E(Q,D)∼Q×D,{D̃k}K
k=1

∼πΘold
(·|D)

1

K

K∑
k=1

[min(ρAk, clip(ρ, 1± ϵ)Ak)− βKL(πΘ ∥πref)]
(2)

where the ratio ρ = πΘ(D̃k|D)

πΘold (D̃
k|D)

compares the up-

dated policy to the reference policy for the same
augmented document, and Ak is the relative advan-
tage computed by normalizing the rewards within
the augmented document group {Rk}Kk=1: Ak =
Rk−MEAN(R1,...,Rk)

STD(R1,...,RK)+δ
where δ is a constant used to

avoid the term divided by zero and MEAN/STD
denote the average and standard deviation term.
The clip function in Eq. (2) is used to constrain the
importance ratio ρ within the range [1− ϵ, 1 + ϵ].
This mechanism prevents the policy from changing
too drastically in a single update, which ensures
training stability and prevents the model from col-
lapsing during the reinforcement learning (Schul-
man et al., 2017). The KL term also acts as a
regularizer that keeps the model grounded near the
reference policy.

Most prior work (Jiang et al., 2025; Zhuang et al.,
2022) defines rewards using retrieval metrics such
as nDCG or Recall. However, in our setting, the
action corresponds to document-side augmentation.
Directly optimizing such metrics would require
re-augmenting the corpus and re-running retrieval
after every policy update, which is computation-
ally prohibitive. Following TongSearch (Qin et al.,
2025), we instead adopt a lightweight similarity-
gain reward. For each training pair (Q,D), the re-
ward for an augmented document D̃k is defined as
Rk = FΘRetriever(Q, D̃k) − FΘRetriever(Q,D) where
FΘRetriever(·, ·) denotes the retrieval score between
any query-document pair. This reward is compu-
tationally efficient, requiring only two embedding
forward passes per sample, while still providing a
strong retrieval-oriented signal. In this work, we
implement FΘRetriever(·, ·) as cosine similarity be-
tween query and document embeddings computed
using a fixed embedding model.

3.4 Online Rationale-augmented Retrieval

After training the RL-based Rationale-Augmented
Indexer, we construct two parallel dense indices
over the corpus. For each document D, we main-
tain two representations: the original document D
and its rationale-augmented version D̃, both en-
coded using the same fixed embedding model. At
query time, a query Q is embedded using the same
encoder and independently matched against both
indices. The final retrieval score is S(Q,D) =
FΘRetriever(Q,D) + αFΘRetriever(Q, D̃) where α con-
trols the augmented view contribution and is set to 1
by default. Documents are ranked by retrieval score
S(·), preserving original evidence while leveraging
augmented rationales to bridge latent gaps.

4 Experiment
4.1 Experimental Setup

Training Datasets. We employ training data
V2 (Qin et al., 2025), which includes around 30K
query-document pairs with logical relations, con-
taining biology, chemistry, code review, CS, earth
science, economics, math, physics, robotics. De-
tails are in Appendix 8.

Evaluation Datasets and Metrics. We use
BRIGHT (Hongjin et al.), a benchmark for
reasoning-intensive retrieval containing 1,384 real-
world queries spanning 12 datasets across diverse
domains. Following Lee et al. (2025), we report
nDCG@10 for all evaluations.
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Model
Natural Language Code Math

Avg. Improv.
Bio. Earth. Econ. Psy. Sus. Rob. Stack. Leet. Pony Aops TheoQ. TheoT.

BGE 11.7 24.4 16.4 17.4 13.1 11.7 10.6 26.7 5.7 6.0 13.0 6.9 13.6 –
+SPIKE∗ 13.0 24.4 13.3 18 13.5 12.2 13.1 26.0 7.7 5.5 12.7 8.0 14.0 +3.0%
+SPIKE 13.2 26.4 17.0 18.1 13.2 11.5 13.3 27.1 6.4 4.8 13.0 8.5 14.4 +5.9%
Doc2Query 9.5 23.9 15.5 17.3 13.1 10.6 10.5 25.6 3.8 7.0 12.6 4.5 12.8 -5.9%
+RL-Index 14.1 27.2 16.9 18.9 14.0 14.0 14.0 26.0 10.5 5.9 13.9 9.6 15.4 +13.2%
SBERT 15.2 20.4 16.6 22.7 15.3 8.2 11.0 26.4 7.0 5.3 20.0 10.8 14.9 –
+SPIKE∗ 16.9 22.0 13.3 20.0 15.3 9.6 13.2 26.4 8.1 4.6 19.2 11.3 15.0 +0.7%
+SPIKE 18.2 23.1 17.9 21.3 15.5 9.0 13.4 26.7 8.1 5.4 19.3 11.2 15.8 +6.0%
Doc2Query 17.1 20.3 17.8 22.7 19.2 11.0 14.3 26.8 7.8 6.0 18.7 8.4 15.8 +6.0%
+RL-Index 15.7 22.5 18.9 21.5 16.1 10.5 14.7 28.3 8.5 5.4 20.9 13.1 16.3 +9.4%
Qwen 29.9 39.6 17.7 24.4 20.3 13.2 21.2 25.5 12.4 14.4 27.8 32.9 23.3 –
+SPIKE∗ 32.8 36.6 18.3 25.7 24.9 14.8 21.6 25.7 16.7 12.9 26.6 28.8 23.8 +2.2%
+SPIKE 32.4 41.2 23.7 25.7 24.7 16.0 23.7 26.3 16.7 12.5 27.1 31.0 25.1 +7.7%
Doc2Query 18.6 32.9 18.7 20.8 16.4 13.6 15.7 23.6 15.2 14.3 23.4 12.2 18.8 -19.3%
+RL-Index 29.8 39.7 21.9 27.8 26.7 16.6 22.1 28.3 17.0 16.0 28.5 33.6 25.7 +10.3%

Table 1: Comparison of retrieval performance (nDCG@10) using document augmentation with rationales from
existing offline indexing baselines and our proposed RL-Index. SPIKE∗/SPIKE denote our reproduced/originally
reported versions of the baseline. RL-Index consistently achieves the best performance.

Baseline Comparisons. To evaluate the effec-
tiveness of offline rationale generation, we com-
pare RL-Index with SPIKE (Lee et al., 2025) and
Doc2query (Nogueira et al., 2019). SPIKE synthe-
sizes scenario-aware document expansions by su-
pervised fine-tuning a small LLM using examples
derived from GPT-4o. Doc2query predicts poten-
tial user queries by supervised learning on query-
document pairs. In contrast, RL-Index optimizes
document augmentation via retrieval-based re-
wards. We compare both of these offline reasoning
methods across diverse retrievers (SBERT, BGE,
Qwen (Li et al., 2023; Reimers and Gurevych,
2019; Xiao et al., 2024)) and LLM-powered ratio-
nale generators (Llama3.2-3B-Instruct in Table 1
and Qwen2.5-1.5B-Instruct (Grattafiori et al., 2024;
Hui et al., 2024) in Table 7). We also compare
against the state-of-the-art online query reason-
ing method, TongSearch-QR (TongSearch here-
after) (Qin et al., 2025).
Implementation Details. Our LLM Agentic In-
dexer is trained on a single node with 4 NVIDIA
H100-80G GPUs. We run GRPO with a per-device
batch size of 16 or 8 with 16 rollouts per prompt
K = 16. Training lasts for 1000 optimization steps
with a learning rate of 1e−6 and a KL coefficient
β of 0.008. All results are averaged over the fi-
nal three checkpoints saved every 100 steps. RL
rewards are computed using similarity gains from
a training-time retriever. Evaluation is conducted
with an inference-time retriever to assess deploy-
ment performance and transferability (Table 2-7).
Notably, the retriever used during training may dif-
fer from that used at inference to demonstrate the

transferability of RL-Index. We fix α = 1 for all
experiments (see Appendix 9.5 for an ablation on
this parameter).

4.2 Overall Retrieval Effectiveness
Table 1 reports results using Llama-3.2-3B-Instruct
as the rationale generator under a unified training
and evaluation setup. Across all three retrievers
(BGE, SBERT, and Qwen), our RL-Index consis-
tently achieves the best nDCG@10. For encoder-
only models (SBERT and BGE), the improvements
are stable across most sub-tasks and translate into
clear average gains, indicating that rationale aug-
mentation effectively enhances smaller retrievers.
Even for the large-scale decoder-only retriever
(Qwen), our method also yields consistent improve-
ments, suggesting that document-side augmenta-
tion can further complement stronger retrievers.
We use the pretrained SPIKE model from Hug-
ging Face for inference. Due to unspecified gener-
ation parameters (e.g., max tokens, temperature),
our reproduced results SPIKE∗ are slightly lower
than reported. We also evaluate the Doc2Query
model for document augmentation by generating
synthetic queries. However, Doc2Query does not
consistently improve reasoning-intensive retrieval.
We hypothesize that directly appending synthetic
queries to the original document introduces noise,
reducing the quality of the document representation.
Overall, results demonstrate that our RL-trained
Agentic Indexer generates more effective document
rationale enrichments than existing augmentation
baselines. An ablation study on RL optimization is
provided in Appendix 9.4.

5



Inference/Train Retriever
Natural Language Code Math

Avg. Improv.
Bio. Earth. Econ. Psy. Sus. Rob. Stack. Leet. Pony Aops TheoQ. TheoT.

B
G

E

Baseline 11.7 24.4 16.4 17.4 13.1 11.7 10.6 26.7 5.7 6.0 13.0 6.9 13.6 –
+RL-Index (BGE) 14.1 27.2 16.9 18.9 14.0 14.0 14.0 26.0 10.5 5.9 13.9 9.6 15.4 +13.2%
+RL-Index (SBERT) 13.2 26.8 16.5 18.8 14.1 13.4 14.2 27.6 10.3 5.8 13.7 7.9 15.2 +11.8%
+RL-Index (Qwen) 14.0 26.1 17.9 18.5 13.7 13.4 13.3 25.7 11.6 4.6 13.5 8.3 15.1 +11.0%

SB
E

R
T Baseline 15.2 20.4 16.6 22.7 15.3 8.2 11.0 26.4 7.0 5.3 20.0 10.8 14.9 –

+RL-Index (BGE) 17.9 20.8 19.5 21.6 15.1 11.1 13.7 27.0 6.0 5.0 19.9 15.2 16.1 +8.1%
+RL-Index (SBERT) 15.7 22.5 18.9 21.5 16.1 10.5 14.7 28.3 8.5 5.4 20.9 13.1 16.3 +9.4%
+RL-Index (Qwen) 15.4 23.0 18.5 21.6 16.3 9.4 12.8 27.4 7.2 4.9 18.2 12.8 15.6 +4.7%

Q
w

en

Baseline 29.9 39.6 17.7 24.4 20.3 13.2 21.2 25.5 12.4 14.4 27.8 32.9 23.3 –
+RL-Index (BGE) 32.3 41.1 23.0 27.6 23.1 13.3 21.1 24.6 5.7 11.8 29.6 31.6 23.7 +1.7%
+RL-Index (SBERT) 31.1 43.0 22.8 27.5 24.1 14.6 19.5 26.3 14.8 8.3 29.2 29.8 24.3 +4.3%
+RL-Index (Qwen) 29.8 39.7 21.9 27.8 26.7 16.6 22.1 28.3 17.0 16.0 28.5 33.6 25.7 +10.3%

Table 2: Transferability of RL-Index across retrievers. Each block corresponds to the deployment (inference-time)
retriever, while sub-rows indicate the retriever used to train the RL augmentor. Shaded rows denote matched
training–deployment settings. RL-Index consistently improves performance under cross-retriever transfer, with the
strongest results achieved when training and deployment retrievers are aligned.

4.3 Transferability Analysis
Motivated by the performance gains of rationale-
augmented documents, we study their transferabil-
ity. For retrievers, augmented documents may be
fetched by inference-time retrievers that differ from
the training-time retriever used for reward computa-
tion, raising the question of cross-retriever transfer-
ability. To evaluate retriever transferability, we fix
LLaMA as the base rationale generator and train
the augmentor with rewards derived from a dense
retriever, then assess retrieval performance using a
different retriever on the same augmented corpus.
This setup tests whether the learned rationales are
retriever-agnostic rather than overfitting to a spe-
cific embedding model. We report nDCG@10 on
BRIGHT under this cross-retriever setting. Table 2
shows that the augmented documents consistently
yield performance gains even when evaluated with
a different retriever, indicating that the learned ra-
tionales generalize effectively across retriever archi-
tectures. This transferability stems from capturing
latent logic gaps via natural language rationales,
which yields a universal semantic signal beyond
specific retrieval embedding spaces. Transferabil-
ity across LLM-powered rationale augmentors can
be found in Appendix 9.1

4.4 Question-answering Performance
We examine whether improved retrieval from RL-
Index can further enhance downstream QA per-
formance, rather than extract query keywords as
a shortcut. Following Lee et al. (2025); Hongjin
et al., we evaluate responses with GPT-4o as a
judge by referring to BRIGHT gold answers. Us-
ing SBERT, we provide Top-10 documents re-

Gen. Method
Dataset Avg.

Bio. Econ. Psy. Earth. Stack. Rob. Sus.
C

la
ud

e

SBERT 60.2 61.8 62.8 68.4 72.6 57.6 54.1 62.5
+SPIKE 65.4 59.8 64.7 69.9 70.7 56.3 57.0 63.4
+RL-Index 61.6 64.2 63.0 69.5 73.8 60.2 59.7 64.6
+TongSearch 68.7 64.6 69.0 71.6 75.2 59.1 58.0 66.6
+TS&RL-Index 68.6 63.2 69.2 73.1 74.4 61.4 61.6 67.4

L
la

m
a

SBERT 56.5 53.3 58.0 61.8 63.4 44.5 53.1 55.8
+SPIKE 59.6 55.1 56.4 55.7 62.6 43.0 51.7 54.9
+RL-Index 59.1 55.4 62.0 60.7 61.0 42.7 55.5 56.6
+TongSearch 63.6 59.6 64.7 65.3 65.3 53.4 61.2 61.9
+TS&RL-Index 65.0 57.6 62.8 65.0 67.1 55.1 61.3 62.0

G
PT

SBERT 69.1 71.7 70.8 76.3 75.0 68.3 69.2 71.5
+SPIKE 72.0, 71.9 71.2, 76.7 76.3 70.4 70.4 72.7
+RL-Index 70.3 74.2 75.0 76.1 83.0 73.1 69.4 74.4
TongSearch 70.8 72.2 73.3 77.1 76.6 68.6 66.2 72.1
TS&RL-Index 72.2 72.4 73.1 81.0 80.9 71.7 71.9 74.7

Table 3: QA performance when using retrieval contexts
enhanced with reasoning-augmented documents and
queries. Results demonstrate complementary gains from
query/document-level reasoning.

trieved from offline (SPIKE, RL-Index), online
(TongSearch) reasoning, and their combination,
as context to the generators (Claude-Sonnet-4.5,
Llama3.3-70B-Instruct, GPT-5).

In Table 3, RL-Index consistently outperforms
both the baseline and SPIKE across all three
generators, showing that our offline augmenta-
tion method improves QA by enhancing retrieval
relevance and providing richer context. We fur-
ther evaluate TongSearch and its combination with
RL-Index (TS&RL-Index), where query rewriting
and document augmentation are jointly applied
by using TongSearch’s reasoned query and pro-
viding RL-Index augmented documents. TS&RL-
Index consistently surpasses TongSearch alone, in-
dicating that RL-Index provides complementary
document-level signals to query-side reasoning,
leading to stronger end-to-end QA performance.
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Method Query Reasoning (ms) Query Embedding (ms) Retrieval (ms) Total (ms) nDCG@10
BGE 0.0 13.8 55.8 69.6 13.6
+TongSearch 7660.0 21.1 55.8 7736.9 17.5
+RL-Index 0.0 13.8 100.8 114.6 15.4
+TS&RL-Index 7660.0 21.1 100.8 7781.9 19.3
SBERT 0.0 9.7 45.0 54.7 14.9
+TongSearch 7660.0 11.0 45.0 7716.0 16.8
+RL-Index 0.0 9.7 69.8 79.5 16.3
+TS&RL-Index 7660.0 11.0 69.8 7740.8 18.1

Table 4: Comparing online efficiency–effectiveness trade-offs, TongSearch improves nDCG@10 but incurs substan-
tial query-time overhead, while RL-Index shifts reasoning offline, achieving comparable performance with much
lower latency. Combining both yields peak effectiveness with latency nearly identical to TongSearch.

4.5 Overall Retrieval Efficiency
Since latency is a key factor affecting user satisfac-
tion in retrieval, this section evaluates the efficiency
of RL-Index against both online query reasoning
and offline document reasoning baselines. By shift-
ing reasoning from query-time rewriting to offline
document augmentation, RL-Index eliminates on-
line reasoning overhead. We evaluate (1) the online
performance–latency trade-off and (2) offline token
efficiency. Detailed results are in Appendix 9.2-9.3.

Online Performance–Latency Trade-off. To
evaluate online retrieval efficiency, we compare
the per-query retrieval latency of our offline
rationale augmentation RL-Index with the on-
line query rewriting baseline TongSearch using
SBERT and BGE. Table 4 reveals a clear effi-
ciency–effectiveness trade-off. Compared with a
vanilla retriever without any reasoning augmenta-
tion, our RL-Index improves retrieval effectiveness
with a modest latency increase, while remaining
much faster than TongSearch. For BGE, RL-Index
improves nDCG@10 from 13.6 to 15.4 (+13.2%)
with total latency increasing from 69.6 ms to
114.6 ms. Compared with TongSearch (7736.9
ms, 17.5 nDCG@10), RL-Index is about 68×
faster. For SBERT, RL-Index improves nDCG@10
from 14.9 to 16.3 (+9.4%) at 79.5 ms total la-
tency, whereas TongSearch reaches 16.8 at 7716.0
ms, making RL-Index about 97× faster. This
gap is primarily due to removing online query-
rewriting reasoning time (0.0 ms for RL-Index
vs. 7660.0 ms for TongSearch). Although the RL-
Index slightly increases retrieval time due to the
augmented index, overall latency remains much
lower. Combining TongSearch with RL-Index
can further achieve the best nDCG@10 (19.3 on
BGE, 18.1 on SBERT) with latency nearly identi-
cal to TongSearch (7781.9/7740.8 ms). It suggests
that document-level RL-Index reasoning effectively
complements query-side TongSearch reasoning.

Metric SPIKE RL-Index

Training API Tokens/Doc 1,014 0
Inference Tokens/Doc 345.6 257.0
Indexing Overhead (# Aug Docs) 387,391 111,097

Table 5: Offline efficiency comparison.

Offline Indexing Token Efficiency. We com-
pare RL-Index with SPIKE across three efficiency
dimensions (Table 5), including training cost, aug-
mentation overhead, and indexing footprint. For
training API Tokens/Doc, SPIKE relies on a GPT-
4o-based distillation process to construct training
data to optimize a smaller LLM as a document aug-
mentor. Specifically, each document requires an
API call consisting of 523 input tokens and 491 out-
put tokens, resulting in a total of 1,014 API tokens.
In contrast, RL-Index directly optimizes the aug-
mentation model through reinforcement learning
without requiring external LLM-generated super-
vision, incurring zero API-token cost during train-
ing. We report generated tokens per document as
a proxy to reflect inference efficiency. RL-Index
generates fewer tokens per document during aug-
mentation compared to SPIKE (257.0 vs. 345.6).
Consequently, RL-Index requires less decoding
computation when augmenting the large-scale doc-
ument corpus while producing more compact but
effective augmentations. For Indexing overhead (#
Aug Docs), RL-Index also significantly reduces the
augmented corpus, producing only 111,097 docu-
ments compared to 387,391 documents generated
by SPIKE. The primary reason is that RL-Index
adopts a one-to-one augmentation design where
each original document only has one augmented
document. In contrast, SPIKE creates multiple
scenario-specific variants for each document. Over-
all, RL-Index consistently reduces cost across train-
ing, augmentation, and indexing, resulting in a
more efficient offline pipeline.
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VelocityPolygonStop

action_type: "stop"
min_points: 6

polygon_pub_topic: 

"velocity_polygon_stop"

velocity_polygons: ["rotation", 

"translation_forward", 
"translation_backward", "stopped"] 

points: "[[0.3, 0.3], [0.3, -0.3], [-0.3, 

-0.3], [-0.3, 0.3]]"

linear_min: 0.0

translation_forward…

Key Points: 

VelocityPolygonStop: A velocity 

polygon stop action with a minimum of 
6 points is defined...

Explanation: If you‘re working with 

motion planning in robotics…need to 

define a stop condition where an object 
comes to a complete halt. These 

polygons define the limits and range 

for forward translation for robot to 

detect an obstacle in front and stop at a 

specific distance boundary.

Not Retrieved

…I am using the navigation stack (nav2) without problems, but I would like 

to understand how I can make the robot stop from its path if it finds a 

dynamic obstacle in front of it (at a minimum distance of n meters)? Is there 

a demo or tutorial to take inspiration from?

𝑺 𝑸,𝑫 = 𝟎. 𝟑𝟏 Retrieved𝑺 𝑸, ෩𝑫 = 𝟎. 𝟓𝟓

Original Document Reasoned Document

Coding Problem Query

* [ Article 

](/wiki/Stochastic_dominance) * [ Talk 

](/wiki/Talk:Stochastic_dominance) * [ 

Edit 

](/w/index.php?title=Stochastic_domin

ance&action=edit) * [ View history 

](/w/index.php?title=Stochastic_domin

ance&action=history) * [ What links 

here 

](/wiki/Special:WhatLinksHere/Stochas

tic_dominance) * [ Permanent link 

](/w/index.php?title=Stochastic_domin

ance&oldid=1216112340)...

Key Points:

Stochastic dominance is a partial order 

between random variables…used 
decision analysis. Ranks one gamble 

(probability distribution) as superior to 

another based on shared preferences …

Explanation:

…a way to compare and rank random 

variables or gambles based on 

decision-making principles…is 

essential in economics, finance, and 

statistics...

Not Retrieved

consumers with VNM preferences means they make choices between

uncertain prospects(lotteries) by maximizing expected utility.  Given 

two lotteries (𝐹1, 𝐹2) under exponential distribution, which lottery will a

consumer with VNM choose? 

𝑺 𝑸,𝑫 = 𝟎. 𝟎𝟒 Retrieved𝑺 𝑸, ෩𝑫 = 𝟎. 𝟑𝟓

Original Document Reasoned Document

Natural Language Query

RL-Index RL-Index

Figure 3: Case studies where RL-Index generates effective rationales for successful document retrieval.

Metric Bio. Earth. Econ. Psy. Sus. Rob. Stack.

Ori Diff 0.024 0.028 0.023 0.031 0.019 0.011 0.005
Aug Diff 0.032 0.062 0.046 0.039 0.031 0.047 0.054

Increase +33.3% +121.4% +100.0% +25.8% +63.2% +327.3% +980.0%

Table 6: Comparison of query–document similarity mar-
gins before and after document augmentation. Original
Diff and Augmented Diff are defined as sim(Q,D+)−
sim(Q,D−) and sim(Q, D̃+) − sim(Q, D̃−), respec-
tively. Document augmentation with generated ratio-
nales consistently increases the similarity margin, im-
proving retrieval discriminability.

5 Rationale Generation Analysis
This section presents both quantitative and quali-
tative analyses to validate our approach. First, we
evaluate our reward design through a statistical
analysis of changes in the query–positive versus
query–negative similarity margins (Table 6). Sec-
ond, we examine the quality of the generated ratio-
nales through a qualitative case study of the ratio-
nale content injected into the documents (Figure 3),
assessing whether they capture logical reasoning
rather than merely retriever-preferred wording.

Quantitative Analysis of Retrieval Similarity.
To justify that the query-positive-only reward used
in RL training in Section 3.3 is sufficient, we an-
alyze the similarity margin between positive and
negative documents before and after augmentation.
Specifically, for each query, we retrieve the top-10
documents using SBERT, consisting of the relevant
document and hard negatives. We then compute
the average query similarity to the positive and
negative document sets. In Table 6, the similarity
margin between the query and positive versus hard-
negative documents consistently increases across
all domains after augmentation, with relative im-
provements ranging from 25.8% to 980.0%. These
results indicate that optimizing only the query–
positive similarity is sufficient to enhance retrieval
discriminability without explicitly incorporating
negative documents into the reward.

Qualitative Analysis of Generated Rationale.
To understand whether RL-Index improves re-
trieval by generating the underlying logic, we
present case studies from both natural language
and code domains in Figure 3. In the code example,
the original document includes the correct Nav2
settings, but it uses low-level configuration text that
does not match the user’s natural-language intent.
RL-Index adds an intent-based explanation (link-
ing “stop at a specific distance” to polygon-based
stop logic), resulting in a similarity increase from
0.31 to 0.55. In the natural-language example, the
original document is relevant but not retrieved as
its wording focuses on providing links. RL-Index
rewrites the document into clearer, query-aligned
reasoning text, which raises similarity from 0.04 to
0.35 and makes retrieval succeed. More detailed
retrieval case study analysis is in Appendix 10.1
and further QA case study is in Appendix 10.2.

6 Conclusion

In this paper, we study reasoning-intensive docu-
ment retrieval from an indexing perspective. In-
stead of relying on online query reasoning, we pro-
pose a reinforcement learning-based offline index-
ing framework that trains an LLM as a document
augmenter to make latent document rationales ex-
plicit and facilitate retrieval. Our method combines
rationale generation with GRPO-based policy opti-
mization, and performs retrieval over both original
and augmented documents. Extensive experiments
show consistent gains in both retrieval and QA
performance across diverse retrievers and genera-
tors. Compared to query-side reasoning, our frame-
work shifts computation offline, achieving a better
latency-accuracy trade-off at inference. In future
work, we plan to explore diversity-aware rationale
augmentation to provide complementary coverage
of reasoning needs.

8



7 Limitations

Although our RL-Index achieves superior perfor-
mance in both retrieval and efficiency, it has two
limitations. Firstly, we only use positive data dur-
ing training. Our RL reward optimizes positive-pair
similarity gain. Although it is simple but effective,
it does not consider negative documents, making
it a weak proxy for retrieval ranking. In the future,
we will consider including negative documents dur-
ing training with a modified reward design that
also includes negative similarity. Secondly, exist-
ing work reasons either over the query or the doc-
ument to reduce the semantic mismatch between
user intent and document content. The two strate-
gies have complementary advantages, where query
reasoning enriches the representation of informa-
tion needs while document reasoning explicates
the knowledge provided. Since both optimize the
same retrieval objective, training the two pipelines
separately missed the opportunity to align their rep-
resentations. Future work would explore using the
unified framework to train both document reason-
ing and query reasoning simultaneously.
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8 Dataset Details

BRIGHT comprises 1,398 real-world queries span-
ning diverse domains, including economics, psy-
chology, robotics, mathematics, and software pro-
gramming. These queries are designed to reflect
challenging scenarios that require deep comprehen-
sion and reasoning to retrieve relevant documents.
BRIGHT is categorized (Hongjin et al.) into three
groups: StackExchange, Coding, and Theorem-
based collections, which are:

• StackExchange: Biology (Bio.), Earth Science
(Earth.), Economics (Econ.), Psychology (Psy.),
Robotics (Rob.), Stack Overflow (Stack.), Sus-
tainable Living (Sus.)

• Coding: Leetcode (Leet.), Pony (Pony)

• Theorem: AoPS (AoPS), TheoremQA-Question
(TheoQ.), TheoremQA-Theorem (TheoT.)

We follow Lee et al. (2025) and adopt a classi-
fication based on document type to better capture
retrieval challenges arising from different content
structures. Specifically, we group the datasets into
Natural Language, Code, and Math as follows:

• Natural Language: Biology (Bio.), Earth Sci-
ence (Earth.), Economics (Econ.), Psychology
(Psy.), Sustainable Living (Sus.)

• Code: Leetcode (Leet.), Pony (Pony), Robotics
(Rob.), Stack Overflow (Stack.)

• Math: AoPS (AoPS), TheoremQA-Question
(TheoQ.), TheoremQA-Theorem (TheoT.)

9 Experimental Outcomes

9.1 Transferability across LLM-powered
Rationale Generator.

To evaluate LLM transferability, we replace the
base rationale augmentor with Qwen and repeat the
same training/evaluation pipeline. This experiment
examines whether our RL-based rationale augmen-
tation generalizes across different LLM families. In
Table 7, Qwen-based augmentation exhibits similar
improvement trends to the LLaMA-based setting
shown in Table 1 before across most tasks. This
indicates that the GRPO training objective and ra-
tionale format are not tied to a specific type of
LLM, and the performance gains over other query
and document reasoning baselines remain when
switching the underlying augmentors.
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Retriever Rationale
Augmentor

Natural Language Code Math Avg. Improv.
Bio. Earth. Econ. Psy. Sus. Rob. Stack. Leet. Pony Aops TheoQ. TheoT.

B
G

E Baseline 11.7 24.4 16.4 17.4 13.1 11.7 10.6 26.7 5.7 6.0 13.0 6.9 13.6 –
+RL-Index (Qwen) 12.0 26.2 16.1 17.9 13.8 12.2 12.0 26.8 10.5 5.8 13.2 7.3 14.5 +6.6%
+RL-Index (Llama) 14.1 27.2 16.9 18.9 14.0 14.0 14.0 26.0 10.5 5.9 13.9 9.6 15.4 +13.2%

SB
E

R
T Baseline 15.2 20.4 16.6 22.7 15.3 8.2 11.0 26.4 7.0 5.3 20.0 10.8 14.9 –

+RL-Index (Qwen) 15.5 22.3 17.4 21.3 15.8 9.0 12.0 27.1 7.1 5.8 21.0 13.2 15.6 +4.7%
+RL-Index (Llama) 15.7 22.5 18.9 21.5 16.1 10.5 14.7 28.3 8.5 5.4 20.9 13.1 16.3 +9.4%

Q
w

en Baseline 29.9 39.6 17.7 24.4 20.3 13.2 21.2 25.5 12.4 14.4 27.8 32.9 23.3 –
+RL-Index (Qwen) 30.4 40.0 20.4 25.4 21.4 12.9 22.2 26.1 17.6 15.3 27.6 34.7 24.5 +5.2%
+RL-Index (Llama) 29.8 39.7 21.9 27.8 26.7 16.6 22.1 28.3 17.0 16.0 28.5 33.6 25.7 +10.3%

Table 7: Comparison of RL-Index trained with different LLM-based rationale augmentors. Results show that the
RL-Index pipeline remains effective across different LLM-based agents, demonstrating its robustness to the choice
of underlying augmentor. Gray and darker gray cells denote Qwen and LLaMA augmentations, respectively.

Metric Train Eval
Documents 7,875 84
Total input tokens 4,112,682 47,219
Total output tokens 3,867,870 43,399
Avg input tokens/doc 522.2 562.1
Avg output tokens/doc 491.2 516.7

Table 8: GPT-4o cost of SPIKE.

9.2 Online Latency Analysis
To evaluate the online efficiency of our method,
we compare baseline retrievers (e.g., BGE,
SBERT), +RL-Index (trained based on Llama3.2-
3B-Instruct), the query reasoner +TongSearch
(trained based on Qwen2.5-1.5B-Instruct), and the
one combining two augmentation methods (i.e.,
+TS&RL-Index). We first report per-query rea-
soning latency across datasets for TongSearch (Ta-
ble 9). While TongSearch takes around 7.66s to rea-
son for one query, our RL-Index introduces zero on-
line reasoning latency because reasoning is shifted
entirely to the offline indexing stage.

We then measure latency in the online retrieval
stage, which includes query embedding and in-
dex search. Detailed measurements across various
datasets using different retrievers are reported in
Table 10 and Table 11, and each value means the
latency per query. Based on the results, we have
three observations. First, since RL-Index avoids
query reasoning, it usually encodes shorter inputs,
resulting in lower query embedding latency com-
pared with TongSearch across both retrievers (BGE:
0.0138s vs. 0.0211s; SBERT: 0.0097s vs. 0.0110s).
Second, since RL-Index performs retrieval over
an expanded index, it has higher retrieval latency
(BGE: 0.1008s vs. 0.0558s; SBERT: 0.0698s vs.
0.0452s). Third, despite the additional retrieval
overhead, RL-Index remains competitive in effec-
tiveness, achieving 15.4 nDCG@10 with BGE and
16.3 with SBERT. Importantly, it maintains substan-

tially lower end-to-end online latency than query-
side reasoning methods by eliminating query-time
reasoning and rewriting, which accounts for a sig-
nificant portion of latency (e.g., an average of 7.66s
in Table 9). Overall, these results validate the de-
sign choice of shifting reasoning from online query
processing to offline indexing, enabling a better
latency–quality trade-off.

9.3 Offline Latency Analysis
To estimate the offline latency and indexing over-
head of RL-Index, we compare our method with
the offline reasoning framework, SPIKE. During
training, SPIKE constructs scenario augmentations
for supervised fine-tuning by prompting GPT-4o
to reason over documents, which introduces addi-
tional external API cost in Table 8. In contrast,
RL-Index is trained with RL using only query–
document pairs and does not require costly GPT-
generated document augmentations for training.

After training, both methods augment the corpus
and prepare the knowledge base before deploying
the retrieval system for inference. To approximate
document augmentation latency, we use the aver-
age number of generated tokens per document as a
proxy for generation time. In Tables 12, RL-Index
consistently generates fewer tokens than SPIKE, in-
dicating lower augmentation-time overhead while
maintaining stronger retrieval effectiveness. In ad-
dition, generated augmentations will be encoded
and stored in the knowledge base. This indexing
overhead is approximated by the average number of
augmentation documents that require embedding.
Table 12 shows that SPIKE produces substantially
more augmentation documents, as it decomposes
multiple user scenarios into separate documents.
Overall, RL-Index reduces both generation and
indexing overhead while achieving better perfor-
mance, resulting in a better offline pipeline.
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Metric
Natural Language Code Math

Avg.
Bio. Earth. Econ. Psy. Sus. Rob. Stack. Leet. Pony Aops TheoQ. TheoT.

Num Queries 103 116 103 101 108 101 117 142 112 111 194 76 115.3
Avg Time (s) 7.00 7.89 7.32 7.58 7.08 8.14 7.79 7.48 7.04 9.34 7.54 7.76 7.66
Total Est (h) 0.20 0.25 0.21 0.21 0.21 0.23 0.25 0.30 0.22 0.29 0.41 0.16 0.25

Table 9: Average online query reasoning time across datasets using TongSearch, grouped by data type. Our proposed
RL-Index introduces zero online query reasoning latency.

Metric
Natural Language Code Math

Avg.
Bio. Earth. Econ. Psy. Sus. Rob. Stack. Leet. Pony Aops TheoQ. TheoT.

Embedding (BGE) 0.0158 0.0117 0.0129 0.0125 0.0125 0.0146 0.0184 0.0164 0.0118 0.0120 0.0115 0.0154 0.0138
Embedding (+TS) 0.0213 0.0178 0.0206 0.0209 0.0239 0.0213 0.0205 0.0197 0.0254 0.0231 0.0206 0.0180 0.0211
Embedding (+RL) 0.0158 0.0117 0.0129 0.0125 0.0125 0.0146 0.0184 0.0164 0.0118 0.0120 0.0115 0.0154 0.0138
Embedding (+TS&RL) 0.0213 0.0178 0.0206 0.0209 0.0239 0.0213 0.0205 0.0197 0.0254 0.0231 0.0206 0.0180 0.0211

Retrieval (BGE) 0.0268 0.0469 0.0245 0.0253 0.0305 0.0285 0.0432 0.1459 0.0186 0.1497 0.1141 0.0153 0.0558
Retrieval (+TS) 0.0268 0.0469 0.0245 0.0253 0.0305 0.0285 0.0432 0.1459 0.0186 0.1497 0.1141 0.0153 0.0558
Retrieval (+RL) 0.0537 0.0941 0.0485 0.0520 0.0555 0.0563 0.0852 0.2874 0.0172 0.2362 0.1940 0.0298 0.1008
Retrieval (+TS&RL) 0.0537 0.0941 0.0485 0.0520 0.0555 0.0563 0.0852 0.2874 0.0172 0.2362 0.1940 0.0298 0.1008

nDCG@10 (BGE) 11.7 24.4 16.4 17.4 13.1 11.7 10.6 26.7 5.7 6.0 13.0 6.9 13.6
nDCG@10 (+TS) 18.8 33.2 19.7 20.3 17.2 12.8 15.5 22.9 5.6 6.9 19.0 18.0 17.5
nDCG@10 (+RL) 14.1 27.2 16.9 18.9 14.0 14.0 14.0 26.0 10.5 5.9 13.9 9.6 15.4
nDCG@10 (+TS&RL) 20.6 33.5 19.9 21.5 16.7 15.1 17.7 24.3 9.6 6.7 21.7 24.6 19.3

Table 10: Online retrieval latency and effectiveness between TongSearch (TS) and RL-Index (RL) using retriever
BGE. Embedding time is the computation of query representations, whereas retrieval time captures similarity
matching and candidate selection.

Metric
Natural Language Code Math

Avg.
Bio. Earth. Econ. Psy. Sus. Rob. Stack. Leet. Pony Aops TheoQ. TheoT.

Embedding (SBERT) 0.0095 0.0092 0.0097 0.0098 0.0097 0.0102 0.0101 0.0104 0.0094 0.0095 0.0088 0.0101 0.0097
Embedding (+TS) 0.0112 0.0111 0.0112 0.0113 0.0115 0.0111 0.0110 0.0104 0.0109 0.0108 0.0105 0.0116 0.0110
Embedding (+RL) 0.0095 0.0092 0.0097 0.0098 0.0097 0.0102 0.0101 0.0104 0.0094 0.0095 0.0088 0.0101 0.0097
Embedding (+TS&RL) 0.0112 0.0111 0.0112 0.0113 0.0115 0.0111 0.0110 0.0104 0.0109 0.0108 0.0105 0.0116 0.0110

Retrieval (SBERT) 0.0227 0.0382 0.0205 0.0211 0.0233 0.0239 0.0352 0.1125 0.0098 0.1270 0.0960 0.0124 0.0452
Retrieval (+TS) 0.0227 0.0382 0.0205 0.0211 0.0233 0.0239 0.0352 0.1125 0.0098 0.1270 0.0960 0.0124 0.0452
Retrieval (+RL) 0.0376 0.0683 0.0343 0.0358 0.0395 0.0405 0.0619 0.2104 0.0110 0.1494 0.1291 0.0195 0.0698
Retrieval (+TS&RL) 0.0376 0.0683 0.0343 0.0358 0.0395 0.0405 0.0619 0.2104 0.0110 0.1494 0.1291 0.0195 0.0698

nDCG@10 (SBERT) 15.2 20.4 16.6 22.7 15.3 8.2 11.0 26.4 7.0 5.3 20.0 10.8 14.9
nDCG@10 (+TS) 17.9 24.2 18.5 24.5 15.0 9.7 12.8 17.9 25.2 6.1 6.6 22.6 16.8
nDCG@10 (+RL) 15.7 22.5 18.9 21.5 16.1 10.5 14.7 13.1 28.3 8.5 5.4 20.9 16.3
nDCG@10 (+TS&RL) 16.7 27.2 20.7 23.3 16.3 12.6 14.8 28.0 5.8 6.3 22.8 22.3 18.1

Table 11: Online retrieval latency and effectiveness between TongSearch (TS) and RL-Index (RL) using retriever
SBERT. Embedding time is the computation of query representations, whereas retrieval time captures similarity
matching and candidate selection.

Metric
Natural Language Code Math

Avg.
Bio. Earth. Econ. Psy. Sus. Rob. Stack. Leet. Pony Aops TheoQ. TheoT.

Tokens (SPIKE) 288.5 189.2 225.6 279.9 312.1 267.8 378.0 432.5 346.7 473.4 490.0 463.3 345.6
Tokens (RL-Index) 202.2 203.5 215.8 210.0 201.4 234.4 302.6 388.5 280.9 292.1 292.0 261.1 257.0

#Docs (SPIKE) 146,257 206,414 96,777 148,864 180,439 159,520 387,179 1,720,933 26,155 724,960 766,663 84,532 387,391
#Docs (RL-Index) 57,359 121,249 50,220 52,835 60,792 61,961 107,081 413,932 7,894 188,002 188,002 23,839 111,097

Table 12: Comparison of offline augmentation cost between SPIKE and RL-Index.

9.4 Ablation Study on RL Optimization
To investigate the effectiveness of RL optimization,
Table 13 compares our GRPO-optimized RL-Index
against a prompt-only baseline (RL-Index W/O
RL) using the same format 3.2 and model (Llama-
3.2-3B-Instruct). Relying solely on prompted ra-
tionales is insufficient: while it modestly improves
SBERT (+7.4%), it degrades average performance
for BGE (-0.74%) and Qwen (-26.2%). In contrast,

RL-Index consistently achieves the highest aver-
age performance across all three retrievers. This
confirms that our performance gains do not come
merely from adding a reasonable prompt instruct-
ing for rationale generation, but also from RL opti-
mization successfully aligning rationale generation
with actual retrieval preferences. Interpretable ex-
ample analysis in Appendix 10.1 further intuitively
verifies the rationale generation.
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Model Bio. Earth. Econ. Psy. Sus. Rob. Stack. Leet. Pony Aops TheoQ. TheoT. Avg. Improv.

BGE 11.7 24.4 16.4 17.4 13.1 11.7 10.6 26.7 5.7 6.0 13.0 6.9 13.6 -
+RL-Index 14.1 27.2 16.9 18.9 14.0 14.0 14.0 26.0 10.5 5.9 13.9 9.6 15.4 +13.2%
+RL-Index W/O RL 10.9 23.9 16.6 16.4 13.5 12.6 12.7 26.1 5.6 5.2 13.0 5.1 13.5 -0.74%

SBERT 15.2 20.4 16.6 22.7 15.3 8.2 11.0 26.4 7.0 5.3 20.0 10.8 14.9 –
+RL-Index 15.7 22.5 18.9 21.5 16.1 10.5 14.7 28.3 8.5 5.4 20.9 13.1 16.3 +9.4%
RL-Index W/O RL 15.5 21.7 18.1 22.4 15.2 10.7 12.8 25.9 11.1 4.1 19.6 15.4 16.0 +7.4%

Qwen 29.9 39.6 17.7 24.4 20.3 13.2 21.2 25.5 12.4 14.4 27.8 32.9 23.3 -
+RL-Index 29.8 39.7 21.9 27.8 26.7 16.6 22.1 28.3 17.0 16.0 28.5 33.6 25.7 +10.3%
+RL-Index W/O RL 17.7 30.5 19.2 24.4 17.5 10.8 16.6 23.4 11.9 3.0 20.0 10.8 17.2 -26.2%

Table 13: Ablation study of RL optimization using the same LLM model (i.e., Llama-3.2-3B-Instruct) and the same
prompt across various evaluation retrievers.

Figure 4: The performance change based on different
combination weight α and across various domains.

9.5 Sensitivity Study of Combination Weight
Since α is fixed to 1 throughout the paper, we fur-
ther evaluate its sensitivity across all 12 domains
by varying it from 0.0 to 1.2, as shown in Figure 4.
Overall, the results demonstrate that RL-Index is
relatively robust to changes in α. The average per-
formance improves from 14.9 at α = 0 to 16.4
at α = 0.8, remains highly competitive at α = 1
(16.3), and only slightly declines at α = 1.2 (16.2).
This suggests that the method is not highly sensitive
to moderate variations in the combination weight
and maintains competitive performance across a
relatively broad range of α ∈ [0.8, 1.2]. We further
observe domain-specific variation in the optimal
value of α. For example, Biology (15.7), Robotics
(10.5), and StackOverflow (14.7) peak at α = 1,
indicating that equally weighting the original docu-
ment and augmented rationale is most effective. In
contrast, Psychology (23.0) and Pony (8.9) achieve
their best performance at α = 0.2 and α = 0.8,
respectively, suggesting that their documents al-
ready possess stronger lexical or semantic align-
ment with user queries and therefore require less
reliance on our proposed rationale augmentation.
Overall, α = 1 provides a robust choice, despite
the variation in domain-specific optimal values.

10 Case Study

10.1 Retrieval Example

To understand why RL-Index improves retrieval
over indexing only the original documents, we
present case studies from both the natural language
(Figure 5) and code (Figure 6) domains, and show
how the query and documents are related in the
Reasoning Trace. In the natural language exam-
ple, the query asks how a consumer chooses be-
tween two lotteries under an exponential distri-
bution. Although the ground-truth source docu-
ment is relevant, it is not retrieved by the base-
line because it mainly contains reference links
and has weak lexical/semantic alignment with the
query. In contrast, the RL-Index augmented doc-
ument rewrites the same source content into more
explicit and query-aligned reasoning statements,
which substantially increases query-document sim-
ilarity (from 0.04 to 0.35) and enables success-
ful retrieval. In the code-domain example, the
user asks how to make a robot stop at a specific
distance from a dynamic obstacle in Nav2. Al-
though the original document contains the cor-
rect configuration (e.g., VelocityPolygonStop,
action_type="stop", and polygon points), it is
written in low-level configuration text and aligns
poorly with the natural-language user query. As a
result, the similarity between this query and the
document is low (s(q, d) = 0.31), so the rele-
vant document is not retrieved. Instead, RL-Index
rewrites the same content into an intent-oriented
explanation that directly links “stop at a specific
distance” to the polygon-based stop logic, increas-
ing similarity from 0.31 to 0.55 and leading to
successful retrieval.

10.2 QA Example

To better understand why reasoned documents im-
prove downstream QA performance, we addition-
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ally provide the gold answer and prompt an LLM to
analyze how document reasoning enhances answer
generation. As illustrated in Figure 5, although
both the original and reasoned documents mention
stochastic dominance, they differ significantly in
how they support the query. The original document
primarily focuses on the definition and includes ex-
ternal links without explaining how stochastic dom-
inance can be applied, making it difficult to bridge
the gap between the query and the gold answer. In
contrast, the reasoned document explicitly explains
that stochastic dominance can be used to rank gam-
bles in the economics domain, directly aligning
with the intent of the user’s query. This explicit
connection to decision-making under uncertainty
makes the reasoned document more closely aligned
with the reasoning required to derive the gold an-
swer. Figure 6 presents another case study on a
coding-related query. The user asks how to stop a
robot at a minimum distance when detecting a dy-
namic obstacle using the Nav2 stack. Although the
original document contains relevant configuration
details (e.g., parameters for VelocityPolygonStop),
it lists low-level coordinates and settings without
explaining their purpose, making it difficult to con-
nect these parameters to the user’s intent of stop-
ping at a specific distance. In contrast, the reasoned
document explains that the defined polygons act
as boundaries that trigger the robot to stop or slow
down, and clarifies how these boundaries relate to
forward motion and obstacle detection. This rea-
soning aligns closely with the query’s intent and
the gold answer, which references the Collision
Monitor component in Nav2 for distance-aware
stopping. To summarize, by making the rationale
more explicit, the reasoned document improves the
usefulness of retrieved evidence for answer genera-
tion, leading to generating answers that are better
aligned with the gold answer.
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* [ Article 

](/wiki/Stochastic_dominance) * [ Talk 

](/wiki/Talk:Stochastic_dominance) * [ 

Edit 

](/w/index.php?title=Stochastic_domin

ance&action=edit) * [ View history 

](/w/index.php?title=Stochastic_domin

ance&action=history) * [ What links 

here 

](/wiki/Special:WhatLinksHere/Stochas

tic_dominance) * [ Permanent link 

](/w/index.php?title=Stochastic_domin

ance&oldid=1216112340)...

Key Points:

Stochastic dominance is a partial order 

between random variables…used 
decision analysis. Ranks one gamble

(probability distribution) as superior to

another based on shared preferences …

Explanation:

…a way to compare and rank random 

variables or gambles based on 

decision-making principles…is 

essential in economics, finance, and 

statistics...

Not Retrieved

consumers with VNM preferences means they make choices between

uncertain prospects(lotteries) by maximizing expected utility.  Given 

two lotteries (𝐹1, 𝐹2) under exponential distribution, which lottery will a

consumer with VNM choose? 

𝑺 𝑸,𝑫 = 𝟎. 𝟎𝟒 Retrieved𝑺 𝑸, ෩𝑫 = 𝟎. 𝟑𝟓

Original Document Reasoned Document

RL-Index

How a consumer with VNM 

preferences chooses between 

uncertain lotteries with different 

distribution parameters.

Choosing between lotteries by 

maximizing expected utility is 

the fundamental application of 

stochastic dominance

While the original document only 

provides Weikipedia links, the 

reasoned document explicitly 

explain the usage of stochastic 

dominance, aligning query

Reasoning TraceNatural Language Query

Gold Answer
The question appears to be framed in a way 

that you should look up stochastic

dominance... and contemplate about its 

relation to expected utility theory... The 

question does not specify a utility function... 

so apparently, the correct answer does not 

depend on specific preferences about risk, 

but it should be more general.

Answer Generation

Original document: It provides the Wikipedia definition of stochastic 

dominance but is cluttered with interface links (edit, history, talk). It defines the 

term but doesn't explain the "why" or "how.”

Reasoned Document: It explicitly states that stochastic dominance is a tool used 

to "rank one gamble (probability distribution) as superior to another based 

on shared preferences. ”

Alignment: The reasoned document aligns with the Gold Answer's instruction to 

use stochastic dominance to find a "general" answer that doesn't rely on a 

specific utility function.

Figure 5: Retrieval and QA case study in the natural language domain.

VelocityPolygonStop

action_type: "stop"
min_points: 6

polygon_pub_topic: 

"velocity_polygon_stop"

velocity_polygons: ["rotation", 

"translation_forward", 
"translation_backward", "stopped"] 

points: "[[0.3, 0.3], [0.3, -0.3], [-0.3, 

-0.3], [-0.3, 0.3]]"

linear_min: 0.0

translation_forward…

Key Points: 

VelocityPolygonStop: A velocity 

polygon stop action with a minimum of 
6 points is defined...

Explanation: If you‘re working with 

motion planning in robotics…need to

define a stop condition where an object
comes to a complete halt. These 

polygons define the limits and range

for forward translation for robot to

detect an obstacle in front and stop at a 

specific distance boundary.

Not Retrieved

…I am using the navigation stack (nav2) without problems, but I would like 

to understand how I can make the robot stop from its path if it finds a

dynamic obstacle in front of it (at a minimum distance of n meters)? Is there 

a demo or tutorial to take inspiration from?

𝑺 𝑸,𝑫 = 𝟎. 𝟑𝟏 Retrieved𝑺 𝑸, ෩𝑫 = 𝟎. 𝟓𝟓

Original Document Reasoned Document

Coding Problem Query

RL-Index

How to make a robot 

stop if it sees a dynamic 

obstacle n meters away?

Mismatch between raw 

configuration code-based 

original document and 

language-based query.

The reasoned document 

connects the user’s 

phrase ("stop at a specific 

distance") to the technical 

implementation (defining 

"polygons" that set limits 

for forward translation).

Reasoning Trace

Gold Answer

You can use the Collision Monitor 

package inside the Nav2 Stack...to 

make the robot stop. Here is a 

tutorial: [Using Collision 

Monitor]... and here are the sources 

[Github].

Answer Generation

Original document: It just provides a list of coordinates and settings but does 

not explain why these numbers matter. 

Reasoned Document: It explicitly connects the code to the user's goal by using 

terms like "stop condition" and "complete halt." It explains that the polygons 

are the "boundaries" that trigger the stop.

Alignment: The reasoned document empowers the user to follow the Gold 

Answer's tutorial and successfully adjust the points to match their specific "n 

meters" safety requirement.

Figure 6: Retrieval and QA case study in the code domain.
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