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Abstract

Retrieval-Augmented Generation (RAG)
has emerged as a standard framework for
knowledge-intensive NLP tasks, combining
large language models (LLMs) with document
retrieval from external corpora. Despite its
widespread use, most RAG pipelines continue
to treat retrieval and reasoning as isolated
components—retrieving documents once
and then generating answers without further
interaction. This static design often limits
performance on complex tasks that require
iterative evidence gathering or high-precision
retrieval. Recent work in both the information
retrieval (IR) and NLP communities has begun
to close this gap by introducing adaptive
retrieval and ranking methods that incorporate
feedback. In this survey, we present a
structured overview of advanced retrieval
and ranking mechanisms that integrate such
feedback. We categorize feedback signals
based on their source and role in improving the
query, retrieved context, or document pool. By
consolidating these developments, we aim to
bridge IR and NLP perspectives and highlight
retrieval as a dynamic, learnable component of
end-to-end RAG systems.

1 Introduction

Large language models (LLMs) augmented with
retrieval have become a dominant paradigm for
knowledge-intensive NLP tasks. In a typical
retrieval-augmented generation (RAG) setup, an
LLM retrieves documents from an external cor-
pus and conditions generation on the retrieved ev-
idence (Lewis et al., 2020b; Izacard and Grave,
2021). This setup mitigates a key weakness of
LLMs—hallucination—by grounding generation in
externally sourced knowledge. RAG systems now
power open-domain QA (Karpukhin et al., 2020),
fact verification (V et al., 2024; Schlichtkrull et al.,
2023), knowledge-grounded dialogue, and explana-
tory QA. RAG has seen widespread adoption in

commercial systems: including deployment of
RAG for document QA, customer support, and
knowledge management. This adoption under-
scores the practical importance of improving re-
trieval quality in production settings.

Despite their widespread use, many RAG sys-
tems rely on static, off-the-shelf retrieval modules,
e.g., BM25 (Robertson et al., 1995) or dense dual
encoders (Karpukhin et al., 2020), that are mini-
mally adapted to the downstream task or domain.
While re-rankers (Nogueira et al., 2020; Pradeep
et al., 2023b) can improve ranking precision, the
underlying retrieval often remains brittle in scenar-
ios that demand complex reasoning: multi-hop QA,
claim verification, procedural queries, or dialogue-
based question answering. These tasks frequently
require iterative lookups, query decomposition, or
high-precision evidence, capabilities that static re-
trieval pipelines lack.

In contrast to the prevailing view of retrieval as
a fixed first step, a growing body of work in the
IR community treats retrieval as a feedback-driven,
adaptive process, where signals from the output
stage are used to guide when to retrieve, how to
reformulate queries, and which evidence to include.

Definition

In this survey, we define feedback in RAGs as
any signal, derived from the corpus at different
levels – retrieval, ranking, or generation com-
ponents. This feedback is used to improve the
query, the context used for generation, or the
set of retrieved documents.

Feedback vs. Traditional Relevance Feedback.
Our notion of feedback differs fundamentally from
classical IR relevance feedback (Rocchio, 1971).
Traditional relevance feedback is an interactive,
user-driven process: users explicitly mark docu-
ments as relevant or non-relevant, and the system
updates query representations (e.g., via Rocchio
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Figure 1: Illustration of feedback signals across the RAG pipeline. Feedback can modify the query (e.g., rewriting),
the retrieved pool (e.g., ranker-based expansion), or the generation loop (e.g., retrieval triggers based on uncertainty).

algorithm) to improve subsequent retrievals. In
contrast, feedback in modern RAG systems is auto-
matic, multi-stage, and model-driven: it leverages
signals from retrieval confidence, generation qual-
ity, semantic consistency, or intermediate reasoning
steps, without explicit user judgments.

We note that such feedback may be applied in
one or multiple rounds and can originate from inter-
nal model signals (e.g., uncertainty or confidence),
external modules (e.g., rankers or verifiers), or user
behavior (e.g., clicks or clarifications). Our notion
of corpus feedback or simply feedback arises at
three key stages:

1. Query-level feedback , where the input query
is rewritten, expanded, or decomposed using
model introspection or relevance signals (refer
to Section 3).

2. Retrieval-level feedback, where rankers or
corpus structure are used to revise or expand
the document pool across rounds (refer to Sec-
tion 4).

3. Generation-time feedback, where confidence,
or verifier critiques trigger new retrievals or cor-
rections (refer to Section 5).

Figure 1 shows an overview of these feedback
stages. This survey synthesizes recent work that
operationalizes these feedback signals across RAG
pipelines. We organize methods by where and
how feedback is applied, not by architecture or
dataset, emphasizing how feedback improves re-
trieval adaptively rather than statically. There exist
other surveys like, Retrieval methods survey (Ham-
barde and Proença, 2023), RAG survey (Gao et al.,
2024), Reasoning RAG survey (Li et al., 2025c),
Retrieval and Structuring augmented generation
survey (Jiang et al., 2025b), and the Agentic RAG
survey (Singh et al., 2025) covering retrieval tech-
niques, prompting, reasoning, or agentic methods.

These surveys provide broad overviews of the field,
but they do not focus specifically on test time cor-
pus feedback. Our survey is uniquely positioned
to fill this gap between the advancements made
by the IR research to improve search quality and
RAG techniques developed in NLP research, for
example, when to retrieve and what to retrieve.
We provide a structured taxonomy of feedback
mechanisms organized by signal type (query-level,
retrieval-level, generation-time), bridging IR and
NLP perspectives.

Our scope is deliberately focused on retrieval-
centric innovations in RAG. We do not cover stan-
dalone prompting or answer-generation strategies
unless they directly influence the retrieval compo-
nent. Our goal is to help NLP researchers treat
retrieval as a dynamic, learnable component—just
as vital as the generator, especially in tasks that
require reasoning over incomplete, multi-part, or
contextual knowledge. We also review the experi-
mental landscape for retrieval-centric RAG in Sec-
tion 6: common benchmarks, evaluation metrics,
and emerging standards for assessing retriever qual-
ity in knowledge-intensive tasks. By consolidating
these developments, this survey attempts to bridge
the gap between information retrieval and NLP
communities, highlighting how feedback can drive
the next generation of retrieval-aware, reasoning-
capable RAG systems.

2 Preliminaries

2.1 Retrieval System

The core objective of a retrieval system is to iden-
tify and rank a subset of documents (d1, d2, ..., dk)
from a large corpus C based on their estimated rel-
evance to a query q. Classical retrieval approaches,
such as BM25 (Robertson et al., 1995), rely on
exact term matching and produce sparse relevance
scores. In contrast, dense retrieval methods employ
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Cat.1 Approach Approach Description

Lexical Pseudo Relevance Feedback

Q
ue

ry
L

ev
el

Lexical PRF (Jaleel et al., 2004) Expand queries using top-k document terms
Rocchio (Rocchio, 1971) Adjust vector using relevant feedback
KL Expansion (Zhai and Lafferty, 2001) Optimize query based on feedback documents
Adaptive Relevance Feedback (Lv and Zhai, 2009) Adaptive weights per query and feedback set
Relevance Modeling (Metzler and Croft, 2005) Interpolate query with new expansion terms
LCE (Metzler and Croft, 2007) Discover latent concepts for expansion
LCA (Xu and Croft, 1996) Use co-occurrence statistics for expansion

Semantic Pseudo Relevance Feedback
EQE (Zamani and Croft, 2016) Words with similar embeddings are used in query expansion
RLM/RPE (Zamani and Croft, 2017) Train a models to output words relevance
ANCE PRF (Yu et al., 2021) Expand using contrastive dense embeddings
Colbert PRF (Wang et al., 2023b) Contextual embedding expansion with late interaction

Generative Relevance Feedback
GRF (Mackie et al., 2023) Generate contexts with LLMs for queries
GAR (Mao et al., 2021) Expand using answer and passage metadata
QueryExpansion (Jagerman et al., 2023) Prompt-based query rewriting techniques
LameR (Shen et al., 2024) Append generated answers to original query
InteR (Feng et al., 2024) Alternate between generation and retrieval
Iter-Retgen (Shao et al., 2023) Interplay between GAR (or GRF) and RAG to improve answer generation
BlendFilter (Wang et al., 2024) Use both LLM-generated query and original query for retrieval
RRR (Arora et al., 2023) Interplay between GAR (or GRF) and RAG to improve retrieval
MILL (Jia et al., 2024) Use both PRF and GRF for query expansion
ReAL (Chen et al., 2025a) Learn original and expanding query terms weights
Word2Passage (Choi et al., 2025) Use granular word-level importance for query expansion
DeepRetrieval (Jiang et al., 2025a) RL training to optimize the rewritten query

R
et

ri
ev

al
L

ev
el

GraphAR (MacAvaney et al., 2022) Adaptive retrieval using a corpus graph
LADR (Kulkarni et al., 2023) Use lexical results for dense retrieval
QUAM (Rathee et al., 2025b) Adaptive retrieval using doc-doc similarities as feedback
LexBoost (Kulkarni et al., 2024) Improve lexical retrieval using semantic corpus graph
SUNAR (V et al., 2025) Use answer uncertainty as feedback
ORE (Rathee et al., 2025c) Dynamic documents selection for ranking
SlideGAR (Rathee et al., 2025a) Use LLM-based listwise ranker’s feedback for adaptive retrieval
ReFIT (Gangi Reddy et al., 2025) Update query vector using Ranker feedback
TOUR (Sung et al., 2023) Update query representation using ranker feedback

G
en

er
at

io
n-

Ti
m

e

Rule-Based Retrieval
SKR (Wang et al., 2023c) Ask LLM if information needed
IRCoT (Trivedi et al., 2023) Retrieve if CoT has not provided the final answer
Adaptive RAG (Jeong et al., 2024) Classifier’s feedback for retrieval

Retrieval-on-Demand via Feedback Signals
FLARE (Jiang et al., 2023) Token probability as feedback
DRAD (Su et al., 2024a) Check hallucination in answer and trigger retrieval to mitigate
DRAGIN (Su et al., 2024b) Token probability as feedback
Rowen (Ding et al., 2024) Answer consistency as feedback
SeaKR (Yao et al., 2025) Internal states of the LLM as feedback
CRAG (Yan et al., 2024) Use retrieval evaluator to judge if context is relevant
CoV-RAG (He et al., 2024) Chain-of-Verification using a trained model
SIM-RAG (Yang et al., 2025b) External critic model to judge if context is sufficient

Prompt-Based Methods
Self-Ask (Press et al., 2023) Decompose the complex query into sub-queries
DeComP (Khot et al., 2023) Decompose complex query into sub-queries
ReAct (Yao et al., 2022) Use each reasoning step to trigger retrieval
Searchain (Xu et al., 2024) Generate chain-of-questions and trigger retrieval if needed
MCTS-RAG (Hu et al., 2025) Dynamically integrates reasoning and retrieval in MCTS
SMR (Lee et al., 2025) Mitigates overthinking in retrieval by guiding LLMs through discrete actions

Learned or Agentic Methods
Self-RAG (Asai et al., 2024) Train LLM to predict reflection tokens that trigger retrieval and judge context
DynamicRAG (Sun et al., 2025b) Trains LLM for dynamically selecting documents
Search-R1 (Jin et al., 2025) Train LLM to decompose query and generate tokens that trigger retrieval
Search-O1 (Li et al., 2025a) Decide autonomously when to retrieve by detecting the presence of uncertain words
R1-Searcher (Song et al., 2025) Reward for triggering search tokens
ReZero (Dao and Le, 2025) Introduces an RL framework that rewards the act of retrying search queries
DeepResearcher (Zheng et al., 2025) Use F1 score-based reward for answer accuracy
WebThinker (Li et al., 2025b) Adapt model to use commercial search engines during training
ZeroSearch (Sun et al., 2025a) Approximate the real search engine behavior during training

Table 1: Summary of feedback-based retrieval and RAG methods.
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neural encoders to project queries and documents
into a shared embedding space, enabling semantic
similarity matching (Karpukhin et al., 2020; Shao
et al., 2025). There have been proposed hybrid
retrieval techniques (Cormack et al., 2009; Bruch
et al., 2023) as well, which use both lexical and
semantic query-document similarities.

Since first-stage retrievers often produce noisy
candidates, modern pipelines incorporate a second-
stage re-ranking step using more expressive mod-
els. This includes LLM-based rankers (Pradeep
et al., 2023b; Ma et al., 2024; Sun et al., 2023)
and reasoning-augmented models such as Rank-
1 (Weller et al., 2025), and Rank-R1 (Zhuang et al.,
2025), which refine the initial rankings by mod-
eling deeper interactions between the query and
candidate documents.

2.2 Retrieval-Augmented Generation

Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020b) is a hybrid paradigm that enhances
the generative capabilities of large language mod-
els (LLMs) by incorporating non-parametric exter-
nal knowledge during inference. This design mit-
igates well-documented limitations of standalone
LLMs, including hallucinations, confident but in-
correct outputs, and inability to reflect up-to-date
or domain-specific information due to static pre-
training (Hurst et al., 2024; Grattafiori et al., 2024;
Yang et al., 2025a).

RAG introduces an explicit retrieval step: for
a query q, a retriever selects a set of top-k docu-
ments {d1, . . . , dk} from an external corpus. A
generator G then conditions on both q and the
retrieved context to produce the output a =
G(q, d1, . . . , dk) where G is typically an encoder-
decoder or decoder-only LLM fine-tuned to inte-
grate retrieved evidence into its generation process.

2.3 Challenges in RAG

A central challenge in RAG is that generation qual-
ity is tightly coupled with retrieval quality. This
manifests in several failure modes:

Hallucination: When relevant documents which
potentially contain the correct answers are not re-
trieved, the generator may produce plausible but
factually incorrect content, confidently filling gaps
with parametric knowledge (Cuconasu et al., 2024).

Information Omission: Missing key evidence
leads to incomplete answers, where critical facts

are absent despite being available in the corpus (Cu-
conasu et al., 2025).

Distraction by Noise: Including irrelevant or
contradictory documents causes the generator to
lose focus on pertinent information, degrading an-
swer quality even when relevant documents are
present (Liu et al., 2024).

Attribution Failure: The model may correctly
retrieve relevant documents, but fail to properly
ground its generation in them, instead relying on
memorized patterns in parametric memory.

Consequently, improving the top-k retrieval re-
sults is crucial. This can be viewed both as a se-
lection problem (how to retrieve the most relevant
documents) and a filtering problem (how to sup-
press distracting or noisy context). To this end,
several methods have been proposed that incorpo-
rate various forms of feedback, ranging from sim-
ple lexical overlap to more sophisticated agentic
or reasoning-based signals, to guide and refine the
retrieval process.

In this survey, we systematically categorize
these feedback mechanisms and analyze their effec-
tiveness across different components of the RAG
pipeline. We focus on how feedback is acquired,
represented, and integrated into retrieval, with the
aim of providing a comprehensive taxonomy and
highlighting open research challenges.

3 Query-level feedback

We first focus on the first aspect which feedback in
RAG systems impact – the query. A fundamental
factor influencing the performance of RAG systems
is indeed the formulation of the input query. Poorly
phrased, underspecified, or ambiguous queries can
lead to irrelevant retrieval, ultimately degrading the
quality of the generated output.

To address this, a variety of feedback-driven
query reformulation methods have been proposed.
Feedback may be applied in one or multiple rounds
to iteratively enhance retrieval effectiveness and
overall answer quality. In this section, we focus
on the feedback improving query representations
and categorize them into two broad families based
on the source and representation of feedback: (i)
pseudo-relevance feedback from retrieved docu-
ments, and (ii) generative relevance feedback from
large language models.

5640



3.1 Pseudo-Relevance Feedback (PRF)

Pseudo-relevance feedback (PRF) techniques mod-
ify queries based on the content of top-k retrieved
documents, assumed to be relevant. These meth-
ods operate either in the lexical space or in dense
embedding spaces.

Lexical PRF. Classical PRF methods such as
RM3 (Jaleel et al., 2004), Rocchio (Rocchio, 1971),
and KL-divergence-based models (Zhai and Laf-
ferty, 2001) extract high-frequency terms from
pseudo-relevant documents to expand the origi-
nal query. These approaches rely on exact term
matching and term frequency statistics. Enhance-
ments like Latent Concept Expansion (LCE) (Met-
zler and Croft, 2007) and Local Context Anal-
ysis (LCA) (Xu and Croft, 1996) leverage co-
occurrence patterns or latent topic structures but
still operate in the discrete term space. While ef-
fective for certain domains, these methods are lim-
ited by the vocabulary mismatch problem: relevant
documents may not share terms with the query,
especially in low-resource or noisy scenarios.

Semantic PRF. To address lexical mismatch (Za-
mani and Croft, 2016, 2017) use word embeddings
to expand queries with semantically related terms.
More recent techniques adopt dense retrieval set-
tings – (Wang et al., 2023b) performs feedback-
based expansion in contextualized token embed-
ding space, while ANCE-PRF (Yu et al., 2021)
averages document embeddings to interpolate with
the query vector. These methods enable richer se-
mantic matching but remain sensitive to the ambi-
guity or sparsity of the original query (Jagerman
et al., 2023).

Key Insights

Expands queries using information from top-
ranked documents, improving recall but still
limited by vocabulary mismatch, query ambi-
guity, and noise in initial retrievals.

3.2 Generative Relevance Feedback (GRF)

Generative relevance feedback (GRF) methods em-
ploy large language models (LLMs) to generate
query expansions, reformulations, or conceptually
enriched representations. Unlike PRF, where feed-
back is extracted from retrieved documents, GRF
generates feedback via prompting, generation, or
learning signals.

LLM-only Feedback. Several methods prompt
pre-trained LLMs to produce reformulated or ex-
panded queries. QueryExpansion (QE) (Jagerman
et al., 2023) employs different prompting styles, in-
cluding Chain-of-Thought (CoT) prompting (Wei
et al., 2022), to elicit stepwise explanations and
derive new query terms. While these methods can
function without initial retrieval, many still use re-
trieved documents as input, which can introduce
noise. Hybrid systems such as MILL (Jia et al.,
2024), GRF+PRF (Mackie et al., 2023), and Blend-
Filter (Wang et al., 2024) combine lexical PRF
and GRF by verifying consistency between gener-
ated expansions and retrieved evidence. Word-level
filtering methods like Word2Passage (Choi et al.,
2025) and ReAL (Chen et al., 2025a) further refine
queries using token importance estimates.

Feedback from Generated Answers. Be-
yond generating expansions, some methods use
LLM-generated answers as implicit feedback.
Generation-Augmented Retrieval (GAR) (Mao
et al., 2021) generates answer-like contexts
(titles, passages, summaries) using a model like
BART (Lewis et al., 2020a), which are then con-
catenated to the query. However, this introduces
risks of hallucination and irrelevant additions.
To refine this idea, RRR (Arora et al., 2023)
iteratively updates the query based on retrieval
performance, using a feedback loop constrained
by a document budget. LameR (Shen et al., 2024)
first generates multiple answers, augments them
with the query, and performs a second retrieval
pass—effectively building a feedback loop from
generation to retrieval. InteR (Feng et al., 2024)
and Iter-RetGen (Shao et al., 2023) perform tighter
integration between RAG and GAR by alternating
between generation and retrieval for iterative
refinement.

Optimization-based Feedback. Recent work
aims to move beyond prompting heuristics by di-
rectly optimizing queries for retrieval objectives.
DeepRetrieval (Jiang et al., 2025a) introduces a
reinforcement learning framework where the query
generation process is trained end-to-end to maxi-
mize retrieval metrics (e.g., recall, nDCG), using
document-level reward signals. This eliminates
reliance on manual prompting or ground truth su-
pervision.

We refer readers to comprehensive surveys such
as (Song and Zheng, 2024) for broader coverage
of query rewriting and optimization techniques be-
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yond the RAG context.

Key Insights

GRF methods use LLMs to generate or opti-
mize query reformulations, offering richer se-
mantics and adaptability, but are prone to hal-
lucination (irrelevant but plausible-sounding
terms) and require strategies to control noise.

4 Retrieval-level feedback

Retrieval in RAG pipelines is often bottlenecked by
the bounded recall of the first-stage retriever. Once
the top-k documents are selected, re-ranking can
improve their ordering, but cannot recover relevant
documents missed in the initial retrieval. This lim-
itation motivates adaptive retrieval methods that
incorporate feedback, often from neural rankers
or structural knowledge of the corpus, to refine
or expand the retrieved document set across one
or more rounds. In this section, we examine two
prominent classes of adaptive retrieval strategies,
neighborhood-based corpus expansion and query
vector adaptation.

Neighborhood-based Corpus Expansion relies
on the clustering hypothesis that posits that co-
relevant documents tend to be similar to one an-
other. GraphAR (MacAvaney et al., 2022) formal-
izes this intuition by constructing a corpus graph
using lexical similarity between documents. Af-
ter reranking an initial retrieved set, the method
expands the document pool by including neigh-
bors of top-ranked documents in the graph. Vari-
ants such as LADR (Kulkarni et al., 2023) and
LexBoost (Kulkarni et al., 2024) improve effi-
ciency by using dense bi-encoders and incorpo-
rating query-document and document-document
edges. QUAM (Rathee et al., 2025b) general-
izes these approaches by introducing query affin-
ity modeling, taking into account the degree of
similarity between neighbors and their relevance.
The ORE framework (Rathee et al., 2025c) fur-
ther refines this strategy by prioritizing expanded
documents based on their expected utility toward
the ranker’s final relevance. SUNAR (V et al.,
2025) incorporates uncertainty over multiple LLM-
generated answers to adjust retrieval weights, offer-
ing a feedback loop grounded in generation uncer-
tainty, though it may amplify hallucinated answers.
SlideGAR (Rathee et al., 2025a) uses LLM-based
listwise rankers (Pradeep et al., 2023b,a) to itera-

tively expand and refine the document pool over a
document graph, closing the loop between ranking,
selection, and feedback-driven retrieval.

Query Vector Adaptation updates the query rep-
resentation based on feedback from ranked doc-
uments. ReFIT (Gangi Reddy et al., 2025) and
TOUR (Sung et al., 2023) both adjust the query vec-
tor in dense retrieval space using intermediate rele-
vance scores from neural rankers. These adapted
queries are used to perform second-stage retrieval,
improving coverage of relevant documents.

Key Insights

Relevance feedback improves recall via effi-
cient corpus expansion or query adaptation,
but risks adding noise when similarity links or
feedback are unreliable.

5 Generation-time feedback

RAG systems face two fundamental challenges:
determining when to retrieve external knowledge
and how to retrieve relevant content effectively (Su
et al., 2024b). Classical RAG pipelines follow a
fixed sequence of retrieval, ranking, and generation,
limiting their adaptability. Recent work introduces
adaptive RAG, where retrieval strategies are dy-
namically adjusted based on query characteristics,
model feedback, or task complexity. We categorize
these approaches into three main classes.

5.1 Rule-Based and Discriminative
Approaches

These methods use fixed heuristics or external mod-
els to guide retrieval. In-Context RALM (Ram
et al., 2023) retrieves documents at regular token
intervals, while IRCoT (Trivedi et al., 2023) in-
terleaves retrieval within chain-of-thought frame-
works (Wei et al., 2022). However, these strate-
gies often perform retrieval regardless of necessity,
leading to latency overheads and noisy context.
To overcome over-retrieval limitations, retrieval-
on-demand approaches trigger retrieval only when
needed, based on external feedback or LLM assess-
ment.

Key Insights

Rule-based methods help in answer generation
but result in over-retrieval, latency costs, and
noisy context that can lead to wrong answers.
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5.2 Retrieval-on-Demand via Feedback
Signals

These methods trigger retrieval based on feedback
signals from answer uncertainty, model internal
states, or context quality. SKR (Wang et al., 2023c)
asks the LLM itself if additional information is
needed to answer the query. If yes, retrieval is
triggered; otherwise, the answer is generated from
the LLM’s internal knowledge. However, SKR’s
judgment is solely based on the LLM without ex-
ternal validation, and LLMs tend to be overconfi-
dent in their assessments without context (Xiong
et al., 2024), potentially missing critical retrieval
opportunities. To address the overconfidence issue,
FLARE (Jiang et al., 2023) uses token probabil-
ity as an objective signal, retrieving documents
only if the probability falls below a predefined
threshold. It uses the last generated sentence (ex-
cluding uncertain tokens) as a query for retrieval.
While this reduces overconfidence bias, FLARE
suffers from two limitations: first, not all uncer-
tain tokens are equally important for triggering
retrieval; second, using only the last sentence for
query formulation may miss broader contextual in-
formation needs. Building on FLARE’s limitations,
DRAD (Su et al., 2024a) introduces an external
hallucination detection module to identify hallu-
cinated entities in generated answers, triggering
retrieval when hallucinations are detected. The last
generated sentence (without hallucinated entities)
is used as the retrieval query. However, DRAD’s
query formulation still relies on heuristic strate-
gies, limiting its ability to capture the model’s true
information needs. DRAGIN (Su et al., 2024b)
addresses this by reformulating queries using key-
words extracted from the model’s internal attention
weights and reasoning, providing a more princi-
pled approach to query generation. Like FLARE,
it uses token probabilities to trigger retrieval but
excludes uncertain tokens from the query itself.
SeaKR (Yao et al., 2025) takes a different approach
by computing self-aware uncertainty directly from
LLM internal states, triggering retrieval when un-
certainty exceeds a threshold. More adaptive ap-
proaches include CtRLA (Huanshuo et al., 2025),
which probes LLM latent states to inform retrieval
timing.

Alternative feedback signals have also been ex-
plored. Rowen (Ding et al., 2024) uses answer
consistency across languages and across different
LLMs as a retrieval trigger. If total consistency falls

below a threshold, retrieval is triggered. However,
consistency-based approaches have a fundamental
flaw: models can be consistently wrong, leading to
high consistency scores for incorrect answers (V
et al., 2025).

A critical limitation of the above methods is that
they treat all queries as equally complex and do
not assess whether the retrieved context is actu-
ally relevant or sufficient. Adaptive RAG (Jeong
et al., 2024) addresses query complexity by using
a routing mechanism to predict whether retrieval
is needed and determining the number of retrieval
rounds based on complexity. However, it assumes
retrieved context is relevant without verification,
potentially propagating noisy or irrelevant informa-
tion.

To address context quality, CRAG (Yan et al.,
2024) introduces relevance assessment, using a
fine-tuned model to classify retrieved documents
as correct, incorrect, or ambiguous. If the con-
text is incorrect, a rewritten query is issued to a
web search engine. While CRAG focuses on rele-
vance, it does not assess sufficiency—relevant doc-
uments may still lack complete information. SIM-
RAG (Yang et al., 2025b) addresses this gap by
training a lightweight critic model to evaluate con-
text sufficiency. If information is insufficient, a new
query is formulated using both the original query
and already retrieved context. CoV-RAG (He et al.,
2024) takes a comprehensive approach by identi-
fying multiple error types (reference correctness,
answer correctness, and truthfulness) and scoring
them using a trained verifier, triggering retrieval or
refinement based on these scores.

Key Insights

External feedback signals help reduce retrieval
rounds but may still retrieve noisy context, and
complexity assessment remains challenging.

5.3 Self-Triggered Retrieval via Reasoning

These approaches enable LLMs to autonomously
decide when and how to retrieve through query de-
composition or planning, termed Reasoning RAG
or Agentic RAG. They fall into two categories:
prompt-based methods with few-shot examples,
and learned methods where models decide au-
tonomously.

Prompt-Based Methods. DeComP (Khot et al.,
2023) divides tasks into sub-tasks but only trig-
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gers retrieval without reasoning steps. ReAct (Yao
et al., 2022) interleaves reasoning traces with ac-
tions, while Self-Ask (Press et al., 2023) decom-
poses queries into sub-questions. However, these
approaches lack error correction mechanisms, lead-
ing to cascading failures. Searchain (Xu et al.,
2024) constructs global reasoning chains to mit-
igate this. SMR (Lee et al., 2025) addresses re-
dundant and misguided reasoning through Refine,
Rerank, and Stop actions. MCTS-RAG (Hu et al.,
2025) uses Monte Carlo Tree Search but is compu-
tationally expensive. Search-O1 (Li et al., 2025a)
lets Large Reasoning Models decide autonomously
when to retrieve.

Key Insights

Prompt-based query decomposition and inter-
leaving reasoning with retrieval improve cov-
erage for complex questions by deciding when
and what to retrieve, but are prone to cascading
errors and redundant steps.

Learned or Agentic Methods. These models are
trained to use search/retrieval as tools during an-
swer generation, with rewards for correct tool calls
and context usage. Self-RAG (Asai et al., 2024)
trains reflection tokens for retrieval decisions and
document relevance estimation. Search-R1 (Jin
et al., 2025) and R1-Searcher (Song et al., 2025)
use reinforcement learning to optimize retrieval
timing and query formulation. DynamicRAG (Sun
et al., 2025b) trains LLM for dynamically select-
ing and ranking documents that are sufficient to
answer the query. ReZero (Dao and Le, 2025)
rewards retry actions after failed searches. DeepRe-
searcher (Zheng et al., 2025) and WebThinker (Li
et al., 2025b) interact with commercial search en-
gines during training, leading to noisy context and
high API costs. ZeroSearch (Sun et al., 2025a)
approximates search engine behavior using LLM
parametric memory to reduce costs and noise. A
detailed analysis of the Agentic method is provided
in Appendix B due to space limitations.

Verifier-Based Feedback. Re2Search++ (Xiong
et al., 2025) uses fine-tuned critics to verify inter-
mediate answers and improve query quality.

Key Insights

Learned methods boost autonomy and integra-
tion but introduce retrieval latency, noise, and
dependence on external web search, making
evaluation difficult.

6 Evaluation Datasets and Benchmarks

Evaluating RAG systems requires diverse datasets
that test retrieval accuracy, ranking quality, and an-
swer generation across varying complexity levels.

6.1 Information Retrieval Benchmarks
Information retrieval has a long history of eval-
uation campaigns, including those from TREC,
CLEF, NTCIR, and FIRE. The queries used in
these collections are often developed to strike a
balance between having too many relevant docu-
ments in the target collection (which can be too
easy to retrieve and too difficult to properly anno-
tate (Voorhees et al., 2022)) and too few relevant
documents. Sometimes challenging topics are also
developed deliberately (Voorhees, 2005). The topic
development process often involves manual refor-
mulation of queries to ensure good coverage of
relevance assessments. Mirroring the annotation
process itself, it can be beneficial for automated
retrieval systems to also perform various forms of
query understanding (expansion or rewriting) to
help ensure high recall. This connects with meth-
ods in Section 3 and therefore, these approaches
show performance gains. Comprehensive bench-
marks like BEIR (Thakur et al., 2021) enable zero-
shot generalization assessment across multiple do-
mains. TREC Deep Learning tracks (Craswell
et al., 2020, 2021, 2022, 2023) provide additional
evaluation sets for modern retrieval systems.

6.2 Question Answering Benchmarks
QA datasets are categorized by reasoning complex-
ity. Single-hop benchmarks like Natural Ques-
tions (Kwiatkowski et al., 2019), TriviaQA (Joshi
et al., 2017), SQuAD (Rajpurkar et al., 2016),
and PopQA (Mallen et al., 2023) test direct infor-
mation retrieval and utilization, where the query-
level feedback (reformulated queries covering all
aspects of the original query/question) is benefi-
cial. Multi-hop benchmarks including 2Wiki-
MultiHopQA (Ho et al., 2020), HotpotQA (Yang
et al., 2018), and MuSiQue (Trivedi et al., 2022)
require compositional reasoning over multiple doc-
uments. In multi-hop QA, the retrieval with the
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original query/question does not perform well due
to lexical mismatch (since the intermediate answer
also needs to retrieve the golden documents). In
such cases, the generation-time feedback, such as
reasoning-aware query decomposition and retrieval
on demand, is helpful. During generation, when
LLMs hallucinate, the generation time feedback
(retrieval on demand) helps in boosting LLM gen-
eration confidence. This connects with Section 5.2.

6.3 Fact Verification Benchmarks
These datasets evaluate claim verification
against retrieved evidence. FEVER (Thorne
et al., 2018) provides simple claims requiring
Wikipedia evidence retrieval and NLI classification.
HoVeR (Jiang et al., 2020) extends this to multi-
hop reasoning scenarios. QuanTemp (V et al.,
2024) focuses on numerical claim verification
requiring claim decomposition and iterative
retrieval. This relates to query-level feedback and
generation-time feedback. AveriTeC (Schlichtkrull
et al., 2023) provides real-world claims with
web-based evidence, testing RAG systems against
noisy and contradictory sources.

6.4 Complex Reasoning Benchmarks
BRIGHT (SU et al., 2025) introduces reasoning-
aware relevance criteria, defining document rele-
vance by the presence of logical constructs (deduc-
tive steps, analogies, constraints) rather than topi-
cal alignment, challenging lexical retrievers. How-
ever, reasoning-augmented retrieval methods with
query rewriting using CoT (Chain-of-Thought)
have shown performance gains (Weller et al., 2025).
This connects with methods in Section 3. Agen-
tic reasoning tasks like Report Generation (Jiang
et al., 2024; Huot et al., 2024), Deep Research (Wu
et al., 2025), GPQA (Rein et al., 2023), and
MATH500 (Cobbe et al., 2021) involve web search
access but traditionally lack corpus availability for
retrieval evaluation (Li et al., 2025a; Wei et al.,
2025). BrowseComp-Plus (Chen et al., 2025b) ad-
dresses this by providing curated corpora for Deep
Research tasks. We refer to Appendix C for a com-
parative overview of key benchmarks used in RAG
and IR systems. We provide details on the evalua-
tion metrics and framework used in RAG, as well
as feedback-specific metrics in Appendix D.

7 Challenges and Future Directions

Despite recent advances, test-time corpus-level
feedback in RAG systems faces several key limita-

tions related to computational cost, feedback qual-
ity, decision-making, and evaluation.

Computational Cost of Adaptive Retrieval.
Many feedback-driven approaches involve costly
operations such as multiple retrieval rounds, re-
ranking with large models, or traversing corpus
graphs (Rathee et al., 2025b; Kulkarni et al., 2023;
Hu et al., 2025). These methods often apply uni-
formly across queries, regardless of complexity.
Efficient strategies, e.g., lightweight rankers, selec-
tive triggering, or confidence-aware stopping (Jiang
et al., 2023; Yao et al., 2025), are crucial to make
such systems viable at scale. Recent work shows
that smaller models can achieve competitive perfor-
mance with high-quality context (V et al., 2025),
highlighting the importance of retrieval efficiency.

Noisy and Unstructured Corpus Feedback. Re-
trieved documents often contain redundant or irrele-
vant content, and most systems lack mechanisms to
assess document utility beyond relevance ranking.
Few methods exploit inter-document structure such
as semantic similarity or topical diversity (MacA-
vaney et al., 2022; Rathee et al., 2025b). Struc-
tured representations (e.g., retrieval graphs, clus-
ters) could improve feedback signals by enabling
more targeted document selection and filtering.

Lack of Feedback-Aware Decision Policies.
Many RAG systems perform fixed sequences of
retrieval and reformulation without explicit deci-
sion criteria for feedback sufficiency or action (re-
ranking, rewriting, reretrieval) to take (Su et al.,
2024b; Li et al., 2025a). Learning retrieval con-
trol policies based on document-level or generation
signals is a promising but underexplored direction.

Inadequate Evaluation of Feedback Behavior.
Existing benchmarks emphasize answer correct-
ness or static retrieval recall, but rarely measure
feedback effectiveness across rounds. Datasets of-
ten lack annotations for document utility, retrieval
iteration, or evidence sufficiency. Metrics that
credit systems for improving retrieval through feed-
back, e.g., via answer change, document set re-
finement, or reduced over-retrieval—are needed to
advance the field (Zheng et al., 2025).

We believe that tackling these challenges is es-
sential to make corpus-level feedback a robust and
efficient component of real-world RAG pipelines,
closing the loop between retrieval and reasoning in
complex language tasks.
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Limitations

This survey focuses exclusively on test-time feed-
back mechanisms that involve interaction with
the corpus in Retrieval-Augmented Generation
(RAG) systems. We refer to this as corpus-level
feedback, signals derived from retrieved documents,
re-rankers, document-document relationships, or
other corpus-grounded structures. Several related
forms of feedback fall outside our scope. First, we
do not cover feedback mechanisms that operate
independently of the corpus, such as LLM self-
refinement, planning, reasoning without retrieval
or end users. For example, techniques that rewrite
queries based solely on model introspection (e.g.,
self-refine (Madaan et al., 2023)) without consult-
ing retrieved content are not considered corpus
feedback and are excluded.

Second, our focus is restricted to retrieval-centric
adaptation. We do not survey approaches that mod-
ify the generation module unless they directly in-
form or adapt retrieval via corpus-level signals.
Third, we do not cover training-time feedback or
methods that rely on offline supervised signals to
fine-tune retrievers. Our interest is in test-time
feedback mechanisms that dynamically update the
query, document pool, or ranking without modify-
ing model parameters.

Finally, we do not cover feedback in multimodal
RAG. Also, we do not cover other feedback, like
user behavior, multimodal information, and knowl-
edge graph structures.
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A Literature Compilation

A.1 Search Strategy
We conducted a comprehensive search on Google
Scholar. We first focused on highly relevant Nat-
ural language Processing (NLP) venues such as
ACL, EMNLP, NAACL, COLM and journals like
TACL to collect RAG related literature. We also
extensively curated papers from IR venues like
SIGIR, ECIR, CIKM, WSDM to cover informa-
tion retrieval literature and recent advancements in
RAG systems.

A.2 Compilation Strategy
After careful review of Abstract, Introduction, Con-
clusion and Limitations we only retained papers
that employ feedback mechanisms for improving
retrieval and other components of RAG system
which also helped synthesize our definition of feed-
back described in Section 3

B Detailed discussion on Agentic
Methods.

The Agentic models go beyond prompt instructions
and use search/retrieval as a tool. These models are
trained to trigger this tool during answer genera-
tion. The training process mainly focuses on giving
rewards for correct tool calls and context usage. In
addition, similar to RAG methods, the retrieved
documents are used as context to generate inter-
mediate answers or the final answer. The search
tool might have access to a local database or a web
search engine to retrieve up-to-date knowledge.

Self-RAG (Asai et al., 2024) trains to predict
reflection tokens for deciding when to retrieve and
for estimating the relevance of retrieved documents.
In addition, it judges the retrieved documents based
on the generated answers and their factuality. How-
ever, it can fail when its self-reflection misjudges
retrieval needs or relevance, leading to missed in-
formation or reliance on irrelevant context.

Search-R1 (Jin et al., 2025) is an extension of
the DeepSeek-R1 (Guo et al., 2025) model, where
the retrieval is a component training process. It
autonomously generates search queries and per-
forms real-time retrieval during step-by-step rea-
soning processes through reinforcement learning,
including GRPO and PPO. The retrieval is trig-
gered by <search> and </search> tokens, and
the retrieved context is enclosed in <information>
and </information> tokens. Similarly, R1-
Searcher (Song et al., 2025) also uses an RL frame-

work and uses two-stage rewards. The first stage
has a retrieval reward that helps the model to use
the correct format to trigger the retrieval, and the
second stage has an answer reward that encourages
the model to learn to utilize external retrieval effec-
tively. While both these methods encourage better
integration of external knowledge, they still inherit
the limitations of retrieval latency and potential
noise from the search source.

ReZero (Retry-Zero) (Dao and Le, 2025) intro-
duces an RL framework that rewards the act of
retrying search queries following an unsuccessful
initial attempt, and it encourages LLM to explore
alternative queries rather than prematurely stop-
ping. The training process provides positive sig-
nals/rewards (feedback) if the model executes a
retry action after failed searches, teaching the phi-
losophy of "try one more time". However, these
local database-based searches might miss the up-
to-date knowledge and could generate answers for
queries that require such knowledge.

DeepResearcher (Zheng et al., 2025) and Web-
Thinker (Li et al., 2025b) interact in real time with
commercial search engines during training, which
leads to noisy context from the web (since the qual-
ity of these documents is unpredictable) and a high
number of API calls. To address these limitations,
ZeroSearch (Sun et al., 2025a) argues that since
LLM has acquired enough world knowledge dur-
ing heavy pre-training, it does not need to use a
search engine during training. Since the LLM it-
self can generate a good-quality document from its
parametric memory that answers the query, as well
as noisy documents. Hence, it can approximate
the real search engine behavior during training and
reduce the training costs and noise, but its effective-
ness depends on the LLM’s pre-trained knowledge.

C Dataset Overview

Table 2 provides a comparative overview of key
benchmarks used in the evaluation of RAG and IR
systems, categorised by their characteristics and
the type of feedback mechanisms that help.

D Evaluation Metrics

Evaluating retrieval systems and Retrieval-
Augmented Generation (RAG) pipelines is critical
for ensuring the accuracy, relevance, and reliability
of generated responses. Retrieval evaluation
typically focuses on metrics such as recall@k,
precision, mean reciprocal rank (MRR), and hit
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Dataset Type Reasoning Beneficial Feedback Types

Single-hop QA
Natural Questions QA Single Query + Retrieval
TriviaQA QA Single Query + Retrieval
SQuAD QA Single Retrieval
PopQA QA Single Query + Retrieval

Multi-hop QA
HotpotQA QA Multi Query + Retrieval + Generation
2WikiMultiHopQA QA Multi Query + Retrieval + Generation
MuSiQue QA Multi All three (with iterative retrieval and verification)

Fact Verification
FEVER Verification Single Retrieval + Generation
HoVeR Verification Multi Query + Retrieval + Generation
QuanTemp Verification Multi Query + Retrieval + Generation
AveriTeC Verification Multi All three (with critical noise filtering)

Information Retrieval
BEIR IR Mixed Query + Retrieval (re-ranking)
TREC-DL IR Single Query + Retrieval (re-ranking)

Complex Reasoning
BRIGHT IR Multi Query + Retrieval + Generation
GPQA QA Multi All three (with agentic reasoning)
BrowseComp-Plus QA Multi All three (with multi-round agentic)

Table 2: Summary of benchmark datasets for evaluating feedback-driven RAG systems. Beneficial Feedback Types
indicate which feedback mechanisms (Query-level, Retrieval-level, Generation-time) are most effective for each
dataset based on its complexity and characteristics.

rate, which assess how effectively the system
retrieves pertinent documents or passages given a
query. In contrast, RAG evaluation is more holistic,
combining retrieval quality with generation fidelity
and coherence. Common approaches include mea-
suring answer correctness using exact match (EM)
or F1 score, assessing faithfulness to retrieved
evidence to detect hallucinations, and evaluating
relevance and fluency through human or automated
scoring (e.g., BLEU, ROUGE, or BERTScore).
Recent frameworks like RAGAS (Exploding-
Gradients, 2024), ARES (Saad-Falcon et al.,
2024), and CRUX (Ju et al., 2025) also emphasize
end-to-end evaluation, where the interplay between
retrieval accuracy and generation quality is
analyzed to identify bottlenecks, such as irrelevant
documents leading to incorrect answers, making
comprehensive evaluation essential for diagnosing
and improving RAG system performance.

However, the current RAG evaluation methods
mainly focus on the retrieval and final answer per-
formance. However, Reasoning RAG systems are
highly dependent on intermediate reasoning steps
and retrieval rounds. Therefore, it is also impor-
tant to consider additional evaluation dimensions
such as computational cost, efficiency, or number
of retrieval rounds.

Feedback-Specific Evaluation Metrics. Emerg-
ing metrics specifically designed for feedback-
driven RAG systems include:

• Retrieval Efficiency: Number of retrieval
rounds required to obtain sufficient evidence,
measured as average retrieval steps per query.
Lower values indicate more efficient feedback
mechanisms (Asai et al., 2024; Jiang et al., 2023).
For instance, BrowseCompPlus (Chen et al.,
2025b) shows tradeoff between search calls and
effectiveness.

• Query Reformulation Quality: While query re-
formulation quality is indirectly measured by im-
provements in downstream retrieval performance
and answer generation (Ma et al., 2023), several
works also independently measure quality of gen-
erated reformulations. Common metrics involve
BertScore (Zuo et al., 2025) to ascertain the se-
mantic similarity between original and reformu-
lated queries and measures like ROUGE which
measure the lexical overlap (Ye et al., 2025). Ef-
fective feedback should increase relevance while
preserving query intent (Wang et al., 2023a). Ad-
ditionally, in RAG setup it is also necessary to
ensure that reformulated queries lead to better
answers apart from retrieval performance and
hence (Ma et al., 2023) leverage high quality
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feedback from answer generating LLM to update
the query reformulator LLM using reinforcement
learning. Alternatively, more recently, Process
Reward models (Ye et al., 2025) have been em-
ployed to update the reformulator in a more adap-
tive and interpretable manner resulting in high-
quality queries as measured by above metrics.

• Evidence Coverage: This metric tracks not only
recall improves over rounds in complex tasks in-
volving RAG but also if the content covers neces-
sary information to answer complex queries. For
instance, in CRUX (Ju et al., 2025), apart from
evaluating relevance of retrieved documents, the
content of each document is also examined to
quantify coverage which is measured as the num-
ber of sub-questions that can be answered by
the content in the document. (Xie et al., 2025)
also propose a similar metric defining coverage
of retrieved documents in terms of answerable
sub-questions apart from relevance. Better feed-
back from generator helps retrieve documents
that improve such coverage.

• Feedback Signal Accuracy: Precision of re-
trieval triggers (whether retrieval was needed
when triggered) and relevance predictions from
self-assessment modules. This measures the qual-
ity of meta-reasoning (Asai et al., 2024).

• Cost-Effectiveness: Trade-off between computa-
tional cost (LLM calls, retrieval operations) and
final answer quality. Measured as performance
per unit cost or Pareto efficiency (Chen et al.,
2025b; Jeong et al., 2024). Some works such
as (V et al., 2025) showed that smaller LLMs
can produce good quality answers if provided
relevant, high-quality context and recommends
to allocate more compute on retrieval which re-
sults in low cost at generation level. Also, these
GPU heavy models, used at ranking or generation
stage, are costly in terms of carbon footprints. Re-
cent work, GreenIR (Scells et al., 2022), studies
costs of such ranking models.

• Attribution Quality: Whether generated an-
swers correctly cite specific retrieved passages
that support each claim, evaluated through cita-
tion precision and recall (Asai et al., 2024; Abol-
ghasemi et al., 2025). More recently (Wallat
et al., 2025), posit that citation correctness which
measures whether attributed documents support
the corresponding statements is not enough. They

propose a new metric citation faithfulness which
additionally measures whether the model is gen-
uinely grounded on attributed documents than
post-rationalized to fit pre-existing parametric
knowledge.

Limitation of Feedback-Specific Evaluation Met-
rics Despite progress in RAG evaluation, sev-
eral critical limitations remain, particularly for
feedback-driven systems.

Ground Truth Limitations for Multi-Hop Tasks.
Annotating "correct" retrieval paths for multi-hop
reasoning is subjective and expensive. Multiple
valid reasoning chains may exist, yet most bench-
marks provide only one gold path. This makes
it challenging to evaluate whether alternative re-
trieval strategies are genuinely inferior or simply
different (Trivedi et al., 2022; Ho et al., 2020).

Feedback Quality Attribution. When RAG sys-
tems use multiple feedback sources (rankers, veri-
fiers), it is unclear which component contributed to
improvements or failures. Current metrics provide
aggregate scores but lack fine-grained attribution to
diagnose whether retrieval, ranking, or generation
feedback was most impactful.
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