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Abstract

Reasoning-Intensive Retrieval (RIR) targets re-
trieval settings where relevance is mediated by
latent inferential links between a query and sup-
porting evidence, rather than semantic similar-
ity. Motivated by the emergent reasoning abili-
ties of Large Language Models (LLMs), recent
work integrates these capabilities into the IR
field, spanning the entire pipeline from bench-
marks to retrievers and rerankers. Despite this
progress, the field lacks a systematic frame-
work to organize current efforts and articulate a
clear path forward. To provide a clear roadmap
for this rapidly growing yet fragmented area,
this survey (1) systematizes existing RIR bench-
marks by knowledge domains and modalities,
providing a detailed analysis of the current land-
scape; (2) introduces a structured taxonomy
that categorizes methods based on where and
how reasoning is integrated into the retrieval
pipeline, alongside an analysis of their trade-
offs and practical applications; and (3) summa-
rizes challenges and future directions to guide
research in this evolving field.

1 Introduction

Information Retrieval (IR) underpins everyday in-
formation access (i.e., web search) and has ad-
vanced rapidly in real world applications (Devlin
et al., 2019; Izacard et al., 2022). Within the rise
of deep research and agentic search (Qiao et al.,
2025; Shi et al., 2025), retrieval has increasingly ex-
tended to more scenarios such as multi-hop (Yang
et al., 2018), instruction-following (Weller et al.,
2025a,b), and long-context retrieval (Zhu et al.,
2024; Saad-Falcon et al., 2024).

These advances aim for scenarios with high se-
mantic overlap. However, retrieval in expert do-
mains requires not just overcoming lexical or se-
mantic distances, but a deeper reasoning capability
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Figure 1: Top: An example of reasoning-intensive
retrieval, where a query and its supporting document
are connected through an implicit multi-hop reasoning
chain. Down: Overview of the retrieval pipeline and
representative techniques, which is detailed in Section 4.

to infer implicit connections, such as mapping a
brief algorithm description to its symbolic code.
We refer to this setting as Reasoning- Intensive
Retrieval (RIR) where relevance is based on la-
tent inferential links connecting a query to support-
ing evidence. For example, as shown in Figure 1,
answering whether boiled seawater is drinkable
requires retrieving evidence about the behavior of
dissolved salt during boiling, even though the query
and the relevant document are linked only through
an implicit multi-hop reasoning chain rather than
direct lexical overlap.

To evaluate the corresponding abilities of cur-
rent retrieval systems, BRIGHT is introduced as
an early benchmark (Su et al., 2025). Subsequent
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Figure 2: Taxonomy of Reasoning-Intensive Retrieval (RIR).

2025b; Ju and Dong, 2025) and multimodal set-
tings (Zhang et al., 2026; Zhou et al., 2025), ex-
posing the limitations of state-of-the-art retrievers.
Motivated by these findings, a growing family of
methods integrate reasoning into different stages
of the retrieval pipeline, through query-side trans-
formation (Qin et al., 2025; Lei et al., 2025; Xu
et al., 2025), reasoning-aware representation learn-
ing (Shao et al., 2025; Long et al., 2025; Lan et al.,
2025), and reranking (Song et al., 2025b; Zhuang
et al., 2025; Liu et al., 2025b), to improve retrieval
performance on reasoning-intensive queries. Re-
cent studies further suggest that effective RIR may
require iterative retrieval pipelines that repeatedly
alternate between retrieval and reasoning (Wang
et al., 2025; Vijay et al., 2025).

Despite this rapid progress, existing RIR re-
search still faces two main limitations. First, the
evaluation landscape remains highly heterogeneous.
Current studies adopt diverse problem formula-
tions, datasets, and evaluation setups across tasks
and domains (e.g., code, biomedical, math). Sec-
ond, methodological developments are scattered
across different stages of the retrieval pipeline, in-
cluding query rewriting, retriever training, rerank-
ing, and iterative retrieval frameworks. As a result,
the field remains difficult to navigate and lacks
consistent evaluation and methodological organiza-

tion. In this survey, we aim to address these issues
by (1) systematizing existing benchmarks accord-
ing to reasoning type, domain, and source of dif-
ficulty (Section 3); (2) proposing a structured tax-
onomy of RIR methods based on where reasoning
is introduced in the retrieval pipeline (Section 4),
and analyzing their trade-offs and application sce-
narios (Appendix D); and (3) outlining key open
challenges in evaluation metrics, domain general-
ization, inference cost, and multimodal reasoning
(Section 5).

2 Related Work

Reasoning-intensive Retrieval (RIR) is a nascent
but rapidly emerging domain. However, to the
best of our knowledge, comprehensive surveys of
this field are still scarce. Existing IR surveys have
made substantial contributions in cataloguing the
evolution of retrieval paradigms (Robertson and
Zaragoza, 2009; Yates et al., 2021; Li et al., 2025d;
Zhang et al., 2025b), but these works primarily
focus on semantic or lexical query-document rele-
vance, leaving the inferential demands placed on
the retrieval system largely unaddressed. When it
comes to the intersection between reasoning and
retrieval, current surveys often emphasize the role
of reasoning within RAG and agentic frameworks,
such as RAG-Reasoning (Li et al., 2025g) and Rea-
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Domain Name Size  Annotation Type
Open Domain  ImpliRet 9,000 LLM-Automated

BESPOKE 150  Human-Curated
Scientific MIRB 39,029  Derived

MathNet-Retrieve 10,000  Hybrid?

SciRGen 61,376 LLM-Automated

FreshStack 672 LLM-Automated
Code ColR ~162,000 Derived

CoQuiR 42,725 LLM-Automated
Legal Legal-Benchmark 9,863  Human-Curated
Medical R2MED 876  Hybrid

CMIRB 10,962 LLM-Automated
Multi-Domain ~ BRIGHT 1,384  Hybrid

BRIGHT-Plus 1,384  Hybrid

RAR-b 45,745  Derived
Multi-Modal MRMR 1,435  Hybrid

MR2-BENCH 1,309  Hybrid

ARK 1,547  Hybrid

MM-BRIGHT 2,803  Hybrid

Table 1: Summary of RIR evaluation Benchmarks (see
full table in Table 3 in Appendix). 'Derived: Source
is derived from established data sources (e.g., previous
datasets, libraries, internet QA). 2Hybrid: Source is both
LLM-Automated and Human-Curated.

soning Agentic RAG (Liang et al., 2025), they typi-
cally treat retrieval as a preliminary stage to support
generation. These works prioritize how to lever-
age retrieved evidence for reliable answers rather
than the inferential depth of the retrieval process
itself. In contrast, RIR focuses on the retrieval sys-
tem’s intrinsic ability to infer connections between
a query and the target corpus through implicit logi-
cal inferential links (Su et al., 2025; Zhang et al.,
2026). In this setting, retrieval is the end task under
a framework of inference-mediated relevance.

3 Reasoning-Intensive IR Evaluation

In this section, we compile existing benchmarks
for reasoning-intensive retrieval and provide a com-
parative analysis across them.

3.1 Ecxisting Evaluation Benchmarks

Current reasoning-intensive retrieval benchmarks
cover a broad range of domains. We classify them
into the following four types: (1) open-domain,
which covers general-purpose knowledge and com-
monsense reasoning; (2) expert-domain, which
probes specialized knowledge within a single pro-
fessional discipline; (3) multi-domain, which ag-
gregates tasks from multiple professional areas to
test knowledge breadth; (4) multimodal, which in-
troduces unique challenges distinct from text-only
processing and represents a significant frontier. We

first provide a brief summary of these benchmarks
in Table 1, and present a more comprehensive
overview in Table 3 in the Appendix. We next
detail these evaluation benchmarks:

3.1.1 Open-Domain Benchmarks

Open-domain benchmarks operate on general-
purpose knowledge and commonsense, without
requiring specialized expertise. The primary rea-
soning challenge in these daily settings is to de-
cipher the user’s latent intent, which is often im-
plicit and context-dependent. To this end, the BE-
SPOKE (Kim et al., 2025) and ImpliRet (Taghavi
et al.,, 2025) benchmarks construct evaluation
frameworks using user chat histories, where queries
are frequently short and ambiguous. They pose a
significant challenge to current models by explic-
itly testing their ability to recover underlying intent
from the conversational context, providing a realis-
tic measure of current models’ practical utility.

3.1.2 Expert-Domain Benchmarks

Expert-domain benchmarks address professional
fields where specialized knowledge and domain-
specific practices complicate relevance assessment,
necessitating reasoning abilities beyond what is
required in general settings.

Scientific. The scientific domain encompasses
fields built on formal systems of knowledge. For
instance, ScIRGen (Lin et al., 2025) addresses the
lack of realism in scientific QA benchmarks by
proposing a scalable generation framework that cre-
ates complex, task-implicit questions grounded in
papers. FreshStack (Thakur et al., 2025) is the first
to deliver an automated retrieval evaluation bench-
mark tailored to real developer needs in technical
documentation domain. In mathematics, MIRB (Ju
and Dong, 2025) and MathNet-Retrieve (Alsham-
mari et al., 2025) evaluate whether systems can
retrieve mathematically relevant statements. While
MathNet-Retrieve (Alshammari et al., 2025) fo-
cuses on equivalent problems across multilingual
and multimodal contexts, MIRB(Ju and Dong,
2025) extends the evaluation to more reasoning
tasks, including theorem-level premise retrieval and
problem-solving answer retrieval.

Legal. Legal retrieval is challenging because it
requires bridging abstract legal rules with concrete,
case-specific situations. This challenge extends
to precedent retrieval, which involves identifying
legally analogous cases that share overlapping legal
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principles (Nigam et al., 2022; Li et al., 2023). To
evaluate this reasoning capability directly, a new
benchmark (Zheng et al., 2025) introduces two
reasoning-intensive tasks, Bar Exam QA and Hous-
ing Statute QA, which require systems to connect
factual scenarios to their governing statutes through
analytical and deductive reasoning.

Medical. In medicine, a similar challenge arises,
but the ambiguity stems not from abstract rules but
from underspecified, symptom-centered queries.
Benchmarks like R2ZMED (Li et al., 2025b) and
CMIRB (Li et al., 2025a) evaluate retrieval for
vague patient presentations, where relevance is de-
termined by linking symptoms to plausible diag-
noses and appropriate treatment plans.

Code. Compared with natural-language re-
trieval, reasoning-intensive retrieval in code de-
mands reasoning over symbols and structure.
ColR (Li et al., 2025¢), for instance, assesses a
model’s ability to reason about program behav-
ior through tasks like cross-language code equiv-
alence and bug localization. Building on this, Co-
QulR (Geng et al., 2025) pushes further by demand-
ing that retrievers discriminate not only by func-
tionality but also by code quality, with attributes in-
cluding correctness, efficiency, and security. These
benchmarks signal a shift from retrieving topically
relevant code (Husain et al., 2019) to identifying
high-quality, reliable solutions.

Multi-Domain Benchmarks. In contrast to
benchmarks focused on a single domain, multi-
domain benchmarks aggregate representative tasks
from several professional fields to provide a
broader evaluation of current models’ capabili-
ties. For example, BRIGHT (Su et al., 2025) and
BRIGHT-Plus (Chen et al., 2025¢) exemplify this
direction by covering specialized areas such as sci-
ence, technology, engineering, and mathematics,
and by including queries on topics such as software
debugging and scientific theorem retrieval. Mean-
while, RAR-b (Xiao et al., 2024) derives retrieval
instances from multiple-choice QA to probe di-
verse reasoning skills (e.g., commonsense, tempo-
ral), but its shorter retrieval targets make it closer to
conceptual capability testing than document-level
professional search.

3.1.3 Multimodal Benchmarks

Multimodal RIR benchmarks introduce novel chal-
lenges by moving beyond text-only retrieval to

tasks that demand reasoning across diverse modal-
ities (e.g., image, text). Recent multimodal re-
trieval benchmarks, including MRMR (Zhang et al.,
2026), MM-BRIGHT (Abdallah et al., 2026), and
ARK (Lin et al., 2026), introduce reasoning-heavy
and knowledge-intensive tasks that require models
to capture abstract conceptual connections across
scientific multimodal documents and diverse do-
mains. In contrast, MR2-Bench (Zhou et al., 2025)
broadens the task scope and places stronger empha-
sis on evaluating spatial, logical, and causal reason-
ing capabilities through challenging scenarios such
as visual puzzles and dimensional transformations.

3.2 Comparative Benchmark Analysis

Having reviewed the landscape of reasoning-
intensive IR benchmarks across domains and
modalities, we now turn to a comparative analysis
that highlights two key axes: the scale-reliability
trade-off in benchmark construction and emphasis
on different reasoning types across domains.

Scale-Reliability Trade-offs. A fundamental
trade-off exists in benchmark design between scal-
able synthetic generation and rigorous human cura-
tion (see Table 1 and Table 3). On one hand, LLM-
based synthetic benchmarks like ScIRGen (Lin
et al., 2025) and ImpliRet (Taghavi et al., 2025)
expand coverage and diversify cognitive demands,
but can suffer from hallucinations and limited val-
idation. On the other hand, reliability-oriented
benchmarks emphasize human/expert oversight, in-
cluding BRIGHT (Su et al., 2025) and its cleaned ex-
tension BRIGHT-Plus (Chen et al., 2025c) sources
data from human experts across various domains
to ensure trustworthiness. This emphasis on reli-
ability becomes paramount in high-stakes fields,
such as Bar Exam QA (Zheng et al., 2025). Thus,
an open direction is hybrid construction pipelines
that scale via synthesis while preserving evaluative
validity through targeted expert checks.

Reasoning Types and Domain Emphases. Fol-
lowing BRIGHT (Su et al., 2025), we catego-
rize RIR benchmarks into five reasoning types—
deductive, analogical, causal, analytical, and nu-
merical, as summarized in Table 2. We provide rep-
resentative examples and inference chains for each
type in Table 4 in Appendix. Numerical reasoning
often involves arithmetic or temporal operations in
daily settings (Taghavi et al., 2025), whereas de-
ductive reasoning is the most prevalent across do-
mains, supporting rule-to-case application in math-
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Deductive Reasoning: A general principle or theorem
in the document is directly applied to explain a specific
scenario or solve a problem in the query.

Analogical Reasoning: A document draws a parallel with
the query in its underlying logic, indicating that the query
and document share a solution strategy or a common
theorem/algorithmic foundation.

Causal Reasoning: The document identifies root causes
or mechanistic relationships that explain effects observed
in the query. Resolution requires tracing causal chains
from symptoms to origins.

Analytical Reasoning: The document provides critical
domain knowledge that fills gaps in multi-step reason-
ing chains required to resolve the query. This involves
decomposition of complex problems into interdependent
sub-questions.

Numerical Reasoning: The query is resolved by apply-
ing quantitative constraints in the document, requiring
arithmetic computation (e.g., percentages, unit conversion,
rate/ratio) or time arithmetic (e.g., duration, scheduling
offsets, temporal comparisons). The logical mechanism
is a deterministic mapping from numeric facts and rules
to a target value or decision.

Table 2: Definitions of the five reasoning types covered
by existing RIR benchmarks.

ematics/science (Ju and Dong, 2025), medicine (Li
et al., 2025b,a), and law (Zheng et al., 2025). Ana-
logical reasoning is particularly salient in code (Li
et al., 2025c¢; Su et al., 2025) and math (Alsham-
mari et al., 2025; Ju and Dong, 2025) benchmarks
for establishing functional correspondences across
modalities. Finally, causal and analytical reason-
ing frequently appear in specialized tasks such as
troubleshooting and problem decomposition.

4 Reasoning-Intensive IR Methods

Reasoning-intensive retrieval can inject reasoning
at different points of the retrieval pipeline, from
shaping the input to refining candidates during
ranking and multi-step interaction. To make these
design choices comparable, we organize existing
methods by where reasoning is introduced and how
it interacts with retrieval. Accordingly, we struc-
ture this section into four stages: pre-retrieval aug-
mentation, retrieval, reranking, and iterative work-
flows. To complement this structural taxonomy,
Appendix D provides a comparative analysis across
these categories, while Appendix F maps the meth-
ods to specific downstream tasks and applications.

4.1 Pre-Retrieval Reasoning Augmentation

To enhance RIR, pre-processing techniques can be
applied to both queries and documents before the

matching stage. Query-side methods (§4.1.1) focus
on refining or decomposing user’s request to clar-
ify its underlying intent; document-side methods
(§4.1.2) aim to enrich the document corpus, making
latent evidence more explicit and accessible.

4.1.1 Query-Side Augmentation

Query-side augmentation methods can be broadly
grouped into the following two categories:

Query Rewriting and Expansion. Query rewrit-
ing and expansion leverages LLM-generated rea-
soning traces to reformulate or enrich the origi-
nal query, aiming to make the underlying informa-
tion need more explicit for downstream retrieval.
TongSearch-QR (Qin et al., 2025) and ConvSearch-
R1 (Zhu et al., 2025) leverage Reinforcement
Learning (RL) with thinking format reward and per-
formance reward to train LLM on query rewriting
tasks, achieving better performance with smaller
model size. In addition, ConvSearch-R1 (Zhu et al.,
2025) adopts a cold-start supervised fine-tuning
(SFT) stage before RL to improve output format
adherence and stabilize reasoning and rewriting be-
haviors. For query expansion, RAR2 (Xu et al.,
2025) fine-tunes LLMs with a thought dataset and
Direct Preference Optimization (DPO) to generate
reasoning traces that augment retrieval in clinical
scenarios. Moving beyond a single-pass expander,
ThinkQE (Lei et al., 2025) formulates query expan-
sion as an interactive process that iteratively refines
expansions using retrieval feedback, and DIVER-
QExpand (Long et al., 2025) simplifies this work-
flow by retaining the original and the final-round
expansion to control token growth while preserv-
ing key information. Beyond text-only rewriting,
AdaQR (Zhang et al., 2025f) and LaSER (Jin et al.,
2026) produce latent reasoning in the embedding
space, increasing retrieval performance while main-
taining low inference latency. Beyond single-vector
retrieval, AMER (Chen et al., 2025a) autoregres-
sively generates multiple query embeddings for re-
trieval, outperforming single-embedding baselines.

Query Decomposition. Query decomposition
breaks a complex query into sub-queries to better
capture multifaceted intents. This strategy is par-
ticularly relevant to analytical reasoning retrieval,
where solving the task typically requires a multi-
step reasoning chain, that each step can be oper-
ationalized as a sub-query. ReDI (Zhong et al.,
2025) exemplifies this approach with a three-stage
pipeline that performs intent recognition, enriches
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sub-queries for efficient parallel retrieval, and fuses
the retrieved results, leveraging LLM reasoning
throughout. In contrast, the logical retrieval sys-
tem (Faltings et al., 2025) decomposes natural-
language queries into sub-queries connected by
logical operators (e.g., OR, AND, NOT) and ag-
gregates cosine-similarity signals to better handle
compositional constraints.

4.1.2 Index-Side Augmentation

Complementing query rewriting, index-side aug-
mentation shifts the reasoning burden to offline
ingestion by pre-enriching document representa-
tions with synthetic metadata. We group existing
index-side techniques into the following two types:

Textual Surrogates. Textual-surrogate methods
expand each document with auxiliary descriptions
that anticipate how users might seek it, while re-
maining compatible with standard dense retrieval
pipelines. SPIKE (Lee et al., 2025c¢) instantiates
this idea by generating hypothetical retrieval sce-
narios for each document. Similarly, representa-
tion sharpening (Ashok et al., 2025) strengthens
index representations via document-conditioned
contrastive queries that emphasize distinguishing
aspects of a document. These methods expose the
implicit information needs a document could sat-
isfy, enhancing semantic coverage to better support
reasoning-driven inferential links. Beyond effec-
tiveness, EnrichIndex (Chen et al., 2025d) high-
lights a practical benefit of such enrichment: by
shifting semantic expansion offline, enriched in-
dices can reduce repeated online LLM computation
during retrieval, lowering latency and cost.

Structural Indices. While textual surrogates im-
prove final performance through additional views,
structural indices externalize reasoning pathways
by organizing knowledge into interpretable frame-
works that retrieval can traverse. LATTICE (Gupta
et al., 2025) exemplifies this direction by construct-
ing LLM-guided lattice structures that enable multi-
level navigation, capturing implicit dependencies
and supporting complex reasoning queries through
coarse-to-fine exploration. Similarly, reranker-
guided search (Xu and Chen, 2025) couples re-
trieval with downstream ranking signals to steer
exploration toward higher-utility regions of the cor-
pus, effectively using structured search trajectories
to refine retrieval decisions.

4.2 Reasoning-Aware Retriever Training

To improve the retrievers’ reasoning performance
in RIR domain, current efforts mainly focus on
three aspects: (1) model architecture selction, cur-
rent methods implement their algorithm to differ-
ent architecture of models; (2) data curation, some
works carefully curate training data specialized for
RIR; and (3) training objectives and reward design
used during optimization.

4.2.1 Base Model Architecture Selection

Different embedding backbone is a design choice
for RIR. Motivated by the strong reasoning abili-
ties of LLMs, several works (BehnamGhader et al.,
2024; Lee et al., 2024) adapt decoder-style architec-
tures for dense embedding models, yielding LLM-
based retrievers. However, their unidirectional at-
tention limits the effectiveness of incorporating
bidirectional context. In contrast, Diffusion Lan-
guage Model (DLM) embeddings (Zhang et al.,
2025c) leverage bidirectional attention to better in-
tegrate surrounding information, which improves
reasoning efficiency and embedding performance.

4.2.2 Training Data Curation

Despite the importance of the backbone, training
data largely determines which reasoning patterns
the model can actually learn to represent. Curating
specialized training data infused with reasoning
elements is an important strategy for boosting the
performance of retrievers on logic-heavy queries.

To curate high quality documents for RIR, the
central reasoning challenge is supervision min-
ing, positive documents should provide evidence
that genuinely supports answering the query (Yoon
et al., 2025), while negatives should remain lexi-
cally or semantically similar to the query yet be
unhelpful to resolve it (Shao et al., 2025; Long
et al., 2025). For positives, SQUARE (Yoon et al.,
2025) uses LLM-generated hypothetical answers to
retrieve and verify supportive positives. And to cu-
rate hard negatives for RIR, ReasonlR (Shao et al.,
2025) and DIVER (Long et al., 2025) perform iter-
ative mining guided by LL.M-generated rationales,
ReasonEmbed (Chen et al., 2025b) further filters
candidates using embedding models with LLM rel-
evance annotations, and RaDeR (Das et al., 2025)
leverages MCTS with an LLM to synthesize di-
verse hard-negative training signals.

In contrast, for (query, thought, document)
triplets, where reasoning is realized through gen-
erating retrieval “thoughts”, the central challenge
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is to synthesize and retain only those thoughts
that provide genuine retrieval utility. For instance,
O1 Embedder (Yan et al., 2025) addresses this by
prompting an expert LLM to produce candidate
thoughts and filtering them via a retrieval commit-
tee. On top of that, LREM (Tang et al., 2025a)
curates training signals by comparing retrieval out-
comes with and without the thought, discarding
queries that yield no improvement.

4.2.3 Training Objectives and Reward Design

With reasoning-capable backbones and reasoning-
intensive supervision in place, an important step is
to choose objectives and rewards that internalize
these signals into the retriever’s embedding and
ranking behaviors. A representative direction is
multi-task optimization that jointly trains (1) rea-
soning generation and (2) embedding discrimina-
tion (details of loss functions and analysis are in
Appendix E). For example, LREM and O1 Embed-
der (Tang et al., 2025a; Yan et al., 2025) combine
next-token prediction over intermediate thoughts
with contrastive losses, typically via a weighted
sum, so that the model learns to “think” while re-
maining a competitive embedder. In contrast, the
Dense Reasoner (Zhang et al., 2025f) distills the
effect of LLM reasoning directly into the embed-
ding space by learning an embedding transforma-
tion with an MSE objective that matches LLM-
reasoned embeddings. Extending joint objectives
to multimodal retrieval, UME-R1 (Lan et al., 2025)
integrates discriminative contrastive learning with
generative objectives defined over reasoning tra-
jectories, together with next-token prediction dur-
ing cold-start SFT, to support both discriminative
and reasoning-driven generative embeddings across
modalities. Revela (Cai et al., 2025a) optimizes the
retriever directly via a language-modeling objective
with in-batch attention, enabling self-supervised re-
triever learning without query—document pairs.
Building on the above strategies to enhance
the RIR performance, RL-based alignment fur-
ther makes the reasoning trajectory itself an ex-
plicit optimization target by shaping it with struc-
tured rewards. In LREM (Tang et al., 2025a), a
RL stage scores sampled CoTs with a weighted
combination of generation-side rewards (e.g., for-
mat compliance and length control) to encour-
age structured yet concise trajectories, together
with an embedding-side retrieval-accuracy reward
that favors trajectories producing embeddings with
stronger discriminative separation. Similarly, with

both generation-side and embedding-side rewards,
UME-R1 (Lan et al., 2025) grounds multimodal
representation learning in reasoning trajectories,
thereby steering training toward higher-quality
reasoning-conditioned multimodal embeddings.

4.3 Reasoning-Enhanced Reranking

Given the retrieved documents, a reranker needs to
refine documents’ order by evaluating documents
from multiple perspectives, which involves deeper
reasoning abilities to surface the most useful evi-
dence for the query. To clarify how rerankers ac-
quire and strengthen such reasoning ability, we
group existing approaches into three paradigms:
(1) Prompt-Tuning, which is conducted during the
inference time, (2) Supervised reasoning transfer,
which is often realized by SFT and Distillation,
and (3) Reinforcement Learning, which further im-
proves the general abilities in RIR.

4.3.1 Prompt-Tuning

Prompted rerankers elicit reasoning at inference
time without parameter updates, making them at-
tractive for rapid deployment and out-of-domain
transfer. InsertRank (Seetharaman et al., 2025) in-
serts BM25 score into the prompt to help reranker
reasoning on relevance. In addition, JudgeR-
ank (Niu et al., 2024) leverages agentic prompt-
ing further decomposing reranking into stages such
as query analysis and document analysis, which
improves robustness on corresponding queries.

4.3.2 Supervised Reasoning Transfer

While prompted rerankers largely rely on inference-
time, supervised transfer aims to internalize reason-
ing behaviors through training on curated supervi-
sion. In practice, there are mainly two methods: (1)
Supervised Fine-Tuning (SFT), which teaches the
reranker to make ranking decisions across retrieved
passages (e.g., relevance scores, orderings), and
(2) Reasoning Distillation, which is achieved by
training the student to mimic the structured inter-
mediate rationales that the teacher model generates
to justify its ranking decisions.

Supervised Fine-Tuning. From a pointwise
perspective, LimRank (Song et al., 2025b) gen-
erates positive/negative documents derived from
long CoT answers to capture implicit relationships
between documents and queries. However, ER-
ank (Cai et al., 2025b) argues that binary rele-
vance training leads to poor score discrimination,
and replaces it with generative SFT that outputs
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fine-grained integer scores to better separate sub-
tly different candidates. Beyond traditional SFT, a
cold-start SFT teaches reranker an output format,
for instance, reasoning patterns (<think> and
<answer>) (Liu et al., 2025b) and within-group
comparison format (Sun et al., 2025).

Distillation. InteRank (Samarinas and Zamani,
2025) and Reason-to-Rank (Ji et al., 2025) improve
reasoning skills by distilling ranking explanations
from a teacher-LLM, emphasizing that generat-
ing explanations is crucial for effective ranking.
Rank1 (Weller et al., 2025¢) and Rank-K (Yang
et al., 2025) distill reasoning traces into smaller
rerankers and enable longer inference-time CoT
for the reasoning intensive retrieval queries, yield-
ing stronger performance on BRIGHT. At a finer
granularity of reasoning, DeAR (Abdallah et al.,
2025) introduces token-level relevance distillation,
achieving high accuracy on rerank task.

4.3.3 Reinforcement Learning

Building on SFT and distillation that largely imitate
labeled preferences, RL further aligns both what
the model ranks and how it justifies decisions by op-
timizing task-level rewards tied to ranking quality,
output structure, and explanation usefulness. Re-
cent rerankers largely share a Group Relative Policy
Optimization (GRPO) backbone, but they diverge
in how the reward specifies the target behavior,
ranging from strict rule checks to richer, metric-
driven objectives. At the minimalist end, Rank-
R1 (Zhuang et al., 2025) uses a strict rule-check re-
ward on the best-document label, enabling reranker
reasoning with only a small amount of reasoning-
free labeled data. In contrast, InteRank (Samarinas
and Zamani, 2025) automatically generates reward
value from a reasoning LLM-based reward model.
Beyond single-objective rewards, composite re-
wards that jointly enforce optimizing ranking from
multiple aspects. For instance, REARANK (Zhang
et al., 2025a) and TFRank (Fan et al., 2025) com-
bine a score-based reward and a format reward
to encourage better-structured, reasoning-centric
outputs. To inject broader ranking awareness, ER-
ank (Cai et al., 2025b) and GroupRank (Sun et al.,
2025) augment pointwise scoring with listwise-
derived rewards computed over the entire candidate
list (or groups), encouraging the scorer to respect
global ordering. Finally, moving beyond one-shot
ranking, ReasonRank (Liu et al., 2025b) optimizes
a multi-view ranking reward that accounts for the

multi-turn nature of sliding-window listwise rank-
ing (combining signals and ranking-similarity mea-
sures), so RL explicitly refines end-to-end list qual-
ity rather than single-window gains.

4.4 Reasoning-Driven Iterative Retrieval

Reasoning injected into a single retrieval stage can
improve performance on reasoning-intensive IR
tasks, but naively chaining multiple reasoning mod-
ules may amplify redundant “overthinking” and
introduce misaligned or drifting reasoning traces.
Consequently, reasoning-driven iterative retrieval
has emerged as a way to coordinate reasoning
across stages, refining the search process through
adaptive iterations. SMR (Lee et al., 2025a), for
example, enforces a state-machine structure that
moves from granular token-level analysis to ex-
plicit retrieval actions (e.g., REFINE, RERANK,
SToP). Similarly, both Li et al. (2025¢) and Vijay
et al. (2025) cast retrieval as a test-time, iterative
decision process guided by an LLM; notably, Vijay
et al. (2025) implements this guidance as an RL-
trained multi-turn retrieval policy with turn-level re-
wards and reports stronger effectiveness even with
a smaller LLM backbone. In an end-to-end setting,
Wang et al. (2025) propose approaches where em-
bedding models iteratively infer and retrieve within
the model, progressively sharpening relevance for
complex queries, without necessarily retraining the
retriever for each refinement step.

5 Open Challenges and Future Directions

Despite rapid progress in RIR, this section exam-
ines remaining challenges and future directions.

Evaluation Overly Relies on Traditional IR Met-
rics. Current evaluation protocols (Su et al., 2025;
Li et al., 2025b) still rely primarily on conventional
IR metrics such as nDCG and Recall. This in-
troduces two limitations: (1) Efficiency is largely
overlooked. Some methods (Long et al., 2025;
Chen et al., 2025b) achieve strong effectiveness
through complex frameworks but incur high com-
putational costs. Recently, some studies (Peng
et al., 2025) have proposed evaluating both the
efficiency and effectiveness of current rerankers,
while others (Zhou et al., 2024; Weller et al., 2025a;
Song et al., 2025a) have introduced metrics tai-
lored to instruction-following retrieval. Moving
forward, however, we will likely need novel met-
rics specifically designed for reasoning-intensive
scenarios (e.g., DeepResearch). (2) Fine-grained
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relevance is not well captured. Two models may
obtain similar nDCG scores while retrieving quali-
tatively different results. Thus, metrics that jointly
consider effectiveness and efficiency, as well as
fine-grained relevance assessment, are promising
directions (Zhang et al., 2025¢).

The Domain Generalization Gap in Evaluation.
Most RIR benchmarks are anchored in specialized
professional settings, from STEM (Su et al., 2025),
to legal (Zheng et al., 2025) and medical bench-
marks (Li et al., 2025a). Although these resources
provide evidence-rich scenarios for structured rea-
soning (see Table 4), their distance from everyday
information needs limits their coverage of broader
retrieval tasks. Recent works (Kim et al., 2025;
Taghavi et al., 2025) take a step in this direction by
testing intent resolution from implicit queries over
chat histories, but limited in scale and task diversity.
A key next step is scalable, heterogeneous evalua-
tion with broader coverage and stronger generaliz-
ability, grounded in routine human—AlI interactions.

Bridging the Multimodal Reasoning Gap.
Most existing RIR research is confined to text-
only (Zhou et al., 2025), whereas integrating visual
modalities introduces inferential complexity. Re-
cent multimodal benchmarks (Zhou et al., 2025;
Zhang et al., 2026) have extended RIR to vision-
language scenarios, revealing a pronounced gap
in current MLLMs (Jiang et al., 2024; Zhang
et al., 2025d), when tasked with reasoning over
joint visual-textual evidence (e.g., spatial relations,
causal structure). From a retriever-capability per-
spective, progress depends on perceptually faith-
ful and fine-grained phrase-to-region grounding,
compositional representations that encode explicit
cross-model rationales, and the ability to aggregate
reasoning across interleaved multi-image evidence.

Inference Latency and Cost. Many high-
performing approaches rely on complex
multi-stage (Long et al., 2025) or reasoning-
enhanced (Chen et al., 2025b) pipelines, resulting
in high inference costs. This issue partly stems
from the limited reasoning capacity of compact
embedding representations and the constraints
introduced by contrastive learning. Developing
methods (e.g., latent reasoning (Jin et al., 2026)
or multi-vector representations (Khattab and
Zaharia, 2020)) that balance effectiveness and
efficiency would significantly improve practical
deployment. More broadly, adaptive routing can

allocate reasoning budget based on query difficulty
or scenario to control cost without uniformly
sacrificing quality.

Generalization Bottlenecks and Narrow Appli-
cation Scope. Although several works demon-
strate cross-benchmark generalization by evaluat-
ing on both RIR and traditional IR benchmarks,
these specialized methods still often underperform
compared to strong general-purpose embedding
models (Lee et al., 2025b; Zhang et al., 2025¢;
Akram et al., 2026). Furthermore, current RIR
research mainly focuses on retrieval and rerank-
ing. However, RIR naturally aligns with broader
applications such as long-term memory systems
and deep research assistants. For instance, when a
scientist asks a complex research question, a rea-
soning retriever could leverage historical interests
and prior publications to provide personalized and
context-aware evidence. Expanding RIR to these
practical scenarios presents both evaluation and
methodological opportunities.

6 Conclusion

This survey provides a structured roadmap for the
rapidly evolving field of RIR. It systematizes the
fragmented landscape of benchmarks and datasets,
providing a detailed characterization of their diffi-
culty, knowledge domains, and modalities, while
introducing a comprehensive reasoning-type tax-
onomy with examples and an analysis of the
reasoning-type focus for each benchmark. We in-
troduce a fine-grained taxonomy that organizes ap-
proaches based on where reasoning is incorporated
into the retrieval pipeline, spanning pre-retrieval
augmentations, retriever training, advanced rerank-
ing, and iterative workflows. To contextualize
these paradigms, we synthesize theoretical analyses
of optimization objectives and provide empirical
comparisons for performance and model backbone,
mapping these methods to relevant tasks and appli-
cations. Finally, we identify key challenges includ-
ing evaluation metrics innovation, generalization
bottlenecks in evaluation and methodologies, bridg-
ing the multimodal reasoning gap, and alleviating
inference computational costs to make LLM-driven
reasoning practical. Addressing these issues is es-
sential for developing the next generation of search
systems that are generalizable, reasoning-capable,
and practically deployable at scale.
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Limitations

While this survey provides an up-to-date and com-
prehensive review on reasoning-intensive retrieval,
we acknowledge several limitations of this survey.
First, we mainly include methods that have been
empirically evaluated on established reasoning-
intensive retrieval benchmarks. Other promising
directions (e.g., graph-based retrieval and Hypo-
thetical Document Embeddings, HyDE) are not dis-
cussed in depth. Second, our review is restricted to
publicly accessible literature and resources, which
may overlook proprietary systems and unpublished
industrial advances.
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A Literature Review Procedure

To ensure transparency and rigor, we provide the
paper collection strategy and paper selection strat-
egy in this section.

Databases. We searched major sources in-
cluding ACL Anthology, OpenReview (ICLR,
NeurIPS), arXiv, Semantic Scholar, DBLP, and
Google Scholar, Github. Al search tools such as
PASA, Litmap Connected Papers are also included.

Search Strategy. We applied keyword combina-
tions such as “reasoning retriever,” and “retrieval
reasoning,” within the time range 2024-2026. In
addition, we adopt a snowballing strategy by trac-
ing the references and citations of seminal works
(e.g., BRIGHT (Su et al., 2025)) and recent con-
tributions (e.g., R2Med (Li et al., 2025b), Rea-
sonlR (Shao et al., 2025)).

Paper Selection Strategy. We have two main
principles for selecting suitable papers: (1) The
paper must directly address both reasoning and
retrieval or search. (2) The paper must be pub-
licly available as a journal article, conference pa-
per, or preprint. Additionally, we will not select
papers that: (1) Are abstracts, short articles, or non-
academic blog posts. (2) Do not have an accessible
full text.

Screening and Statistics. Our initial screening
retrieved approximately 400 articles. After dedu-
plication, around 300 articles remained. Applying
the inclusion criteria and exclusion yielded 118 pa-
pers. After careful human validation of each paper,
we finally selected out 56 qualified papers in this
domain.

Methodological Rigor. Our protocol is informed
by established guidelines for systematic reviews.
These emphasize transparent reporting of search
strings, last search date, de-duplication, per-stage
counts, and inclusion/exclusion flows. By follow-
ing these standards, we ensure that our literature re-
view process is rigorous, reproducible, and aligned
with recognized best practices.

B Reasoning Type Definition

The following reasoning paradigms characterize
how domain knowledge in documents supports
query resolution. Each type is defined with its
logical mechanism and concrete examples.

Deductive Reasoning. A general principle or
theorem in the document is directly applied to ex-
plain a specific scenario or solve a problem in the
query. Example: In Table 4 (General/BRIGHT),
meristem regeneration theory explains post-cut tree
sprouting.

Analogical Reasoning. A document draws a
parallel with the query in its underlying logic, in-
dicating that the query and document share a so-
lution strategy or a common theorem/algorithmic
foundation. Example: In Table 4 (Code/COIR), a
C++ Levenshtein distance implementation guides
a Python solution via algorithmic equivalence.

Causal Reasoning.  The document identifies
root causes or mechanistic relationships that ex-
plain effects observed in the query. Resolution
requires tracing causal chains from symptoms to
origins. Example: In Table 4 (Code/BRIGHT),
missing debug messages are traced to launch file
log-level configurations.

Analytical Reasoning. The document provides
critical domain knowledge that fills gaps in multi-
step reasoning chains required to resolve the query.
This involves decomposition of complex problems
into interdependent sub-questions. Example: In Ta-
ble 4 (General/BRIGHT), soil science knowledge
about salt accumulation completes the reasoning
chain for plant water reuse safety.

Numerical Reasoning. The query is resolved
by applying quantitative constraints in the docu-
ment, requiring arithmetic computation (e.g., per-
centages, unit conversion, rate/ratio) or time arith-
metic (e.g., duration, scheduling offsets, temporal
comparisons). The logical mechanism is a deter-
ministic mapping from numeric facts and rules to
a target value or decision. Example: In Table 4
(General/ImpliRet), the document states “Prada
Galleria costs $2,000” and “Gucci Marmont is 20%
cheaper,” so computing 2000 x 0.8 = 1600 identi-
fies the Gucci Marmont as the $1,600 bag.

C Complex Retrieval Tasks

To rigorously define the scope of Reasoning-
Intensive Retrieval, it is essential to distinguish it
from other established complex retrieval paradigms.
While these tasks share the need for capabilities
beyond simple keyword matching, they differ fun-
damentally in their core objectives and the nature
of the query-document connection.
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C.1 Types and Definitions

Multi-Hop Retrieval Multi-hop retrieval ad-
dresses scenarios where answering a query requires
finding a chain of supporting facts (Yang et al.,
2018). The questions are mostly complex that no
single document can resolve (e.g., Document A
mentions an entity X, and Document B provides
the target attribute of X).

Instruction-Following Retrieval Instruction-
following retrieval evaluates a retriever’s ability to
adhere to complex, explicit constraints provided in
the user query (Oh et al., 2024). For example, de-
tailed directives regarding length, format, style, or
negative constraints (e.g., retrieve documents about
apples but exclude any mention of technology).

Long-Context Retrieval Long-context retrieval
focuses on the challenge of identifying relevant
information (“needles”) buried within extremely
long inputs (“haystacks”), such as entire books or
long legal contracts (Zhu et al., 2024), aiming to
test the fidelity of embedding models over extended
sequence lengths (e.g., 32k+ tokens) . The core
difficulty lies in the scale of the context rather than
the complexity of the reasoning.

C.2 Comparison with RIR

While complex retrieval tasks involve intricate
constraints, they often rely on features explic-
itly specified in the query (e.g., specific entity
attributes in multi-hop retrieval, formatting con-
straints in instruction-following retrieval). Conse-
quently, these tasks can often be addressed through
precise lexical matching (e.g., BM25) or surface-
level semantic alignment. In contrast, Reasoning-
Intensive Retrieval is defined by relevance signals
that are mediated through latent logical inference
chains (see examples in Table 4). Because the con-
nection is implicit rather than explicitly stated, RIR
necessitates a retriever capable of performing rea-
soning to bridge the gap, rather than relying solely
on surface-level overlap.

D Empirical Analysis of RIR Methods.

Beyond categorizing RIR methods, evaluating their
practical deployability requires analyzing their em-
pirical performance. This section analyzes the in-
herent trade-offs between computational overhead,
reasoning capacity, and downstream ranking ef-
fectiveness. Specifically, we compare the roles of

different base models and examine the steep scaling
costs associated with multi-stage inference.

LLM-Based vs. LRM-Based Methods. Large
Reasoning Models (LRMs) are more suitable for
“thinking-heavy” stages, such as complex query
rewriting (Guo et al., 2025) and reranking (Liu
et al., 2025b), where deeper multi-step inference
is required and slightly higher latency is tolerable.
In contrast, standard LLMs typically serve as the
backbone of the core retrieval stage due to stricter
latency constraints, where efficiency and scalabil-
ity are critical. However, LRMs remain critical of-
fline; they curate high-quality, reasoning-intensive
training data to fine-tune standard retrievers to bet-
ter capture latent logical relevance (Long et al.,
2025). Furthermore, some frontier approaches
(Zhang et al., 2025f; Jin et al., 2026) have also
explored transferring reasoning capabilities from
LRMs to LLM architectures through techniques
such as distillation, aiming to achieve a better trade-
off between effectiveness and efficiency.

Computation Cost vs. Performance. Table 5
and Table 6 summarize the framework and perfor-
mance among methods. Additionally, we provide
computational overhead across different methods
in Table 5.

To compare the efficiency of different models,
we follow the closed-form formulation of E2R-
FLOPs (Peng et al., 2025) and instantiate the cost
using each model’s architectural hyperparameters,
including the number of layers, hidden size, feed-
forward dimension, and attention configuration.
For single-vector embedding backbones, we esti-
mate the cost of one forward pass using an effective
input length defined as the average of the query
length and document length, i.e., (L, + Lq)/2,
which reflects the mean encoding cost under our
corpus statistics. For reranking backbones, we esti-
mate prompt-side FLOPs according to the rerank-
ing paradigm: pointwise methods process one
query-document pair per call, groupwise and set-
wise methods process groups of five documents
per call, and listwise methods process windows
of twenty documents per call. The total computa-
tional overhead is then obtained by multiplying the
per-call FLOPs by the corresponding number of
calls required to rank the top candidates. In this
way, our comparison normalizes efficiency across
heterogeneous backbones and inference strategies
under a unified, hardware-agnostic FLOPs metric.

Foundational single-stage dense retrievers, op-
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erating via standard dot-product scoring, de-
liver robust performance in both effectiveness
and robustness. Notably, the strongest retriever,
ReasonEmbed-8B (Chen et al., 2025b) even outper-
forms a 4x larger reranker ReasonRank-32B (Liu
et al., 2025b) on both benchmarks.

However, maximizing effectiveness often re-
quires transitioning to multi-stage reasoning ar-
chitectures. For instance, adding reasoning-aware
rerankers yields higher nDCG scores, and multi-
step agentic pipelines even achieve peak metrics.
On the other hand, they escalate inference costs to
the 10'* and 10'6 FLOPs respectively. Thus, fron-
tier approaches seek a middle ground to enhance
performance while bounding or reducing com-
pute. In the reranking domain, GroupRank (Sun
et al., 2025) combines pointwise computational
efficiency with listwise contextual effectiveness.
Furthermore, within multi-stage pipelines, INF-X-
Retriever (Yao et al., 2025) achieves state-of-the-art
performance without compute-heavy rerankers, by
directly pairing an intent-recognizing query aligner
with a highly optimized retriever.

E Loss Function

InfoNCE (Information Noise-Contrastive Esti-
mation). InfoNCE is a standard objective for self-
supervised contrastive learning. Given a query em-
bedding ¢, a matched positive document d*, and
a set of negatives D~ (optionally including hard
negatives), the loss is

B exp(s(q,dt)/7)
LinfoNcE = — log > exp(s(g,d)/T)

(1
where (-, -) denotes a similarity score and 7 > 0
is a temperature hyperparameter.

InfoNCE trains retrievers to minimize the rep-
resentation distance between relevant pairs (e.g.,
logically related documents in RIR). Curating a
high-quality, reasoning-intensive dataset is there-
fore essential for effective optimization. Specifi-
cally, hard negatives are critical for teaching the
model to penalize documents that possess surface-
level semantic relevance but are logically unrelated
to the query (Long et al., 2025; Shao et al., 2025).

de{dt}uD—-

Generation Loss. In multi-task training for
LLM-based retrievers, a generation objective is
commonly used to produce intermediate thoughts
or reasoning traces conditioned on the query. For

instance 1, let g; be the query/prompt tokens and ¢;
the target thought tokens; define x; = [g;; t;] with
L; = |qi| + |ti|]- The loss typically supervises only
the target span:

N L;
£gen = - Z Z Inge(:Ei,j | :Ei,<j)7 (2)

i=1 j=|gi|+1

where Ti<j = (.7}1"1, N ,ZEi,jfl).

While standard generation loss optimizes autore-
gressive next-token prediction, recent LLM-based
retrievers repurpose this objective to explicitly train
intermediate reasoning steps (Tang et al., 2025a;
Lan et al., 2025). Furthermore, LaSER (Jin et al.,
2026) advances this approach by internalizing these
reasoning patterns directly into the latent embed-
ding space.

Mean Squared Error (MSE). MSE is com-
monly used for representation matching (e.g., em-
bedding distillation). Given input embeddings
e; € R? and target embeddings e € R?, a para-
metric mapping M (-; #) is trained by

M
1 * 112
Luise = 17 2; [M(ei;0) —efll;. ()

MSE helps distilling an LLM’s deep reasoning
capabilities into a computationally cheap embed-
ding space. By training a compact mapper to min-
imize the distance between a raw query’s embed-
ding and its LLM-reasoned counterpart, the system
internalizes the semantic transformations of multi-
step inference (Zhang et al., 2025f).

F Relevant Tasks and Applications

Reasoning-intensive retrieval extends IR from su-
perficial lexical / semantic relevance to latent in-
ferential link, providing logically grounded evi-
dence for complex tasks. For example, in users’ in-
tent recognition task, it improves aligning implicit
user query and target corpus by detailed reasoning
thought (Chen et al., 2026; Zhu et al., 2025). Ad-
ditionally, as a part of RAG, it enhances RAG per-
formance by retrieving high-quality documents for
truth grounding (Shao et al., 2025). In knowledge-
intensive domains, it improves misinformation de-
tection (Yu et al., 2025), fact check (Liu et al.,
2025a), scientific paper research (Garikaparthi
et al., 2025), complex QA (Liu et al., 2025b), con-
textual relevance judgment (Ji et al., 2025; Huang
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et al., 2025), grounding responses in retrieved
knowledge and thereby mitigating hallucinations.

Reasoning-intensive IR is increasingly applied
across diverse domains, including healthcare, soft-
ware engineering, and e-commerce. The follow-
ing sections explore domain-specific adaptations
of these techniques in greater depth.

Medicine Addressing the complexities of
reasoning-intensive retrieval in the medical
domain, the RAR? (Xu et al., 2025) framework
improves diagnostic accuracy by generating an
intermediate “thought process” that uncovers
implicit clinical knowledge requirements to
explicitly guide both the retrieval of evidence and
the subsequent reasoning generation.

E-Commerce In the realm of e-commerce
reasoning-intensive retrieval, LREM (Tang et al.,
2025a) leverages reasoning-then-embedding ap-
proach effectively links implicit user queries with
intended products, leading to more precise and
meaningful retrieval. Additionally, LREF (Tang
et al., 2025b) optimizes retrieval performance
by utilizing reasoning processes to achieve a
more meticulous and granular alignment of query-
product relevance.

Software Engineering To address the intrica-
cies of software engineering, reasoning-intensive
retrieval improves performance by shifting from
static semantic matching to a dynamic process of
structural code exploration and verified algorithmic
reasoning. CR-Planner (Li et al., 2025f) signifi-
cantly improves performance on rigorous tasks like
competitive programming by employing a critic-
guided planning framework to iteratively validate
and refine both retrieval queries and reasoning
steps, ensuring that generated code is grounded
in accurate, verified evidence LATTICE (Gupta
et al., 2025) addresses the scalability challenges
of searching massive software repositories by im-
posing a semantic tree structure on the corpus, en-
abling the LLM to actively traverse hierarchical
paths and efficiently pinpoint deeply nested logic
that flat retrieval methods often miss.

42119



Domain Name Size Data Source Query Doc Reflecting Real-World Difficulty
ImpliRet
Open (Taghavi et al., 2025) 9,000 Internet, LLM Natural Text Chat history Document-side reasoning with no
Domain lexical overlap
BESPOKE . L .
(Kim et al., 2025) 150  Human Natural Text Chat history Capture implicit user preferences in
multi-turn chat APP
MIRB R
(Ju and Dong, 2025) 39,029  Internet, Math Natural/Formal Theorem, Formula, Automated math theorem proving
Scientifi Libraries, Text Proof, Question
clentilic Previous Dataset
MathNet-Retrieve o . . . .
(Alshammari et al., 2025) 10,000  Contest, Human,  Formal Similar Question Retrieve mathematically equivalent
LLM Text/Image problems in multilingual and
multimodal domains.
ScIRGen .
(Lin et al., 2025) 61,376  Internet, LLM, Natural Text Paper Content Complex task-oriented research
Papers questions in scientific workflows
FreshStack . . . .
(Thakur et al., 2025) 672 Internet, LLM Natural Text Document, Code Find realistic solutions from niche,
up-to-date technical documents
ColR R
Cod (Li et al., 2025¢) ~162,000 Contest, Human,  Natural Text, Code, Answer Code Summary, Code Translation
ode Internet, LLM, Code
Previous Dataset
CoQulR o . -
(Geng et al., 2025) 42,725 Internet, LLM, Natural text Code Prioritizing quality over mere functional
Previous Dataset relevance
Legal-Benchmark
Legal (Zheng et al., 2025) 9,863  Databases, Natural Text Answer, Statute Quick search for relevant statutes based
Human, Internet, on realistic legal issues.
Textbooks
R2MED .
Medical (Li et al., 2025b) 876 Human, Internet,  Natural Text Answer, Document, Explore complete latent diagnoses and
edica LLM, Papers, Diagnosis treatment planning from symptoms for
Previous Dataset, doctors
Textbooks
CMIRB . . .
(Li et al., 2025a) 10,962  Internet, LLM, Natural Text Document, Diagnosis, Match patient symptoms to
Papers, Previous Question consultations
Dataset
BRIGHT . . . .
. (Suetal., 2025) 1,384  Contest, LLM, Natural Text Theorem, Code, Find supportive evidence with deeper
Multi- . . g L
D . Human, Internet, Document, Question logical connection (e.g., scientific
omain Previous Dataset, search)
Textbooks
BRIGHT+
(Chen et al., 2025c¢) 1,384  Contest, LLM, Natural Text Theorem, Code, (same as BRIGHT)
Human, Internet, Document, Question
Previous Dataset,
Textbooks
RAR-b . .
(Xiao et al., 2024) 45,745 Internet, Previous  Natural Text Answer, Code Automated answer annotation on
Dataset scientific QA
MRMR . . .
(Zhang et al., 2026) 1,435 LLM, Human, Natural Answer, Theorem, Expert-level visual interpretation and
Multi- Internet, Previous  Text/Image Document, Image interleaved modalities
Modal Dataset
MR2-BENCH R .
(Zhou et al., 2025) 1,309 LLM, Human, Natural Document, Theorem, Understand and retrieve content in
Internet, Papers, ~ Text/Image Diagram, Image complex and multi-modal document
Previous Dataset, structure.
Textbooks
ARK X .
(Lin et al., 2026) 1,547 LLM, Human, Natural Image, Diagram, Chart, ~ Abstract conceptual connection
Internet, Previous ~ Text/Image Scientific Illustration between knowledge and scientific
Dataset, Papers documents.
MM-BRIGHT . . . .
(Abdallah et al., 2026) 2,803 LLM, Human, Natural Document, Image, Reasoning-intensive multi-task retrieval
Internet Text/Image Multimodal from real expert technical queries with

integral images.

Table 3: Overview of existing reasoning-intensive retrieval benchmarks.
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Domain Benchmark Reasoning Example Inference Chain
Type
ImpliRet Numerical Query: “Which bag costs $1,600?”  Given reference price ($2,000)
Open Domain Related Doc: “The P?ada Galleria — Apply discount rule (20% cheaper
costs $2,000; the Gucci Marmont is = 0.8 x 2000 = 1600)
20% cheaper.” — Match target amount ($1,600 =
Gucci)
MIRB Deductive Query: “Open covering H of closed Theorem (Heine-Borel for compact-
(Symbolic) bounded S in R has finite subcover He ness)
from H” —  Prerequisite (S closed and
Related Doc: No point in S€ is limit bounded)
point of S — Property (closed: no exterior limit
Scientific points)
MathNet- Analytical Query: “Prove points D, E, F, G, H Core problem — Analysis root (par-
Retrieve (Multimodal) are concyclic...” allelogram) — Implications (parallel
Related Doc: Proof by drawing EG lines) — Conclusion (equal angles
and FH, chasing equal angles... force concyclicity)
BRIGHT Deductive Query: “After cutting trees into logs... Phenomenon — Supportive theory
(Biology) they grow normal stems...” (cell division) — Applied concept
Related Doc: Document on meristem- (meristem)
atic tissues
BRIGHT Causal Query: “Can’t see debug messages Symptom — Potential cause (node log
(Robotics) using RCLCPP_DEBUG...” level override) — Configuration (de-
Related Doc: Launch file with fault’info’ arg)
Code log_level default ’info’...
COIR Analogical Query: Python code implementing Query pattern — Algorithmic equiv-
Levenshtein distance... alence — Language translation —
Structural mapping
Legal LegalBench  Deductive Query: “Teacher fired from private Legal issue — Supportive Rule —
school...” Rules application — Facts connection
Related Doc: 14th Amendment Due — Conclusion
Process...
R2MED Analytical Query: “An 82-year-old woman... Core problem — Analysis root — La-
What is the next test?” tent reasoning — Diagnostic method
Medical Related Doc: Video-capsule en-
doscopy...
CMIRB Deductive Query: “How long after thyroid Phenomenon — Supportive healing
surgery can one return to work?” process — Relevant timeline
Related Doc: Healing timeline...
MRMR Deductive Query: “Jack was driving through...” Observed behavior — Applicable reg-
Image: A white car crossing lane...  ulation — Constraint violation — Rel-
Related Doc: “Driving in tunnels — evant document retrieval
Rule (f)”
Multimodal
MRMR Causal Query: “What causes black bulges on Visual symptom — Potential cause —

a corn cob?”

Specific cause — Disease identifica-
tion

Table 4: Examples of domain-specific benchmarks with key reasoning types, query examples, and inference chains.
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Role Method Backbone Size

Framework

Inference

nDCG@10 FLOPs

Group 1: Single-Stage Retrieval

ReasonEmbed Qwen-3 8B  Single Vector Dot Product 38.1 2.0584e12
(Chen et al., 2025b) 4B Single Vector Dot Product 37.1 1.1001e12
DIVER-Retriever ~ Qwen-3 4B  Single Vector Dot Product 28.9 1.1001e12
(Long et al., 2025)
Retriever p.peR (Dasetal, GTE-Qwen2 7B  Single Vector Dot Product 25.5 1.8511el2
2025)
ReasonIR (Shao Llama-3.1 8B  Single Vector Dot Product 24.4 2.0443e12
et al., 2025)
Group 2: Reranking & Multi-Stage Pipelines
32B DIVER-4B + GPT-4 CoT Generation 39.2 2.2687el5
GroupRank (Sun Qwen-2.5 query rewrite
etal., 2025) 7B DIVER-4B + GPT-4  CoT Generation 36.7 4.7405¢14
query rewrite
R Rank 32B ReasonIR-8B + GPT-4 CoT Generation 38.0 2.2207el5
casonkan uery rewrite
(Zhang et al., Qwen-2.5 duery .
2025a) 7B ReasonIR-8B + GPT-4  CoT Generation 35.7 4.6486¢14
query rewrite
Reranker o, 1 R1 (Zhuang ~ Qwen-2.5 7B with BM25 CoT Generation 164  4.7405¢l14
et al., 2025)
TFRank (Fan et al. 1.7B  with BM25 Think-Free 16.7 1.4556¢e14
> Qwen-3
2025) 0.6B  with BM25 Think-Free 15.6 5.1896¢13
INF-X-Retriever GTE-Qwen2 7B Query Aligner + Multi-Step 63.4 -
- (Yao et al., 2025) Retriever
Pipeline ) )
DIVER (Long et al., Qwen-3 8B  Expander + Retriever + Multi-Step 46.8 -
2025) Reranker

Table 5: Representative reasoning-intensive retrieval methods and their performance on the BRIGHT benchmark.

Best score in each subgroup is in bold.

Role Key Method Backbone Size  Framework Design nDCG@10
Group 1: Retrieval (Single-Stage Dense Retrieval)
ReasonEmbed Qwen-3 8B Single Vector 43.18
Retriever ~ (Chen et al., 2025b) 4B Single Vector 41.16
DIVER-Retriever’ Qwen-3 4B Single Vector 4291
(Long et al., 2025)
Group 2: Reranking (Multi-Stage)
GroupRank 32B with DIVER-Retriever-4B 52.28
Qwen-2.5 . .
(Sun et al., 2025) 7B with DIVER-Retriever-4B 47.84
Reranker . .
ReasonRank Qwen-2.5 32B with E5-mistral-7B 42.85
(Zhang et al., 2025a) ' 7B with ES-mistral-7B 39.53

* DIVER-Retriever data is from GroupRank paper.

Table 6: Representative Reasoning-Intensive Retrieval Methods Overview and Performance Landscape on R2ZMED

benchmark. The top performance in each subgroup is highlighted in bold.

42122



