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Abstract—Large Language Models (LLMs) systems play a
critical role in modern Al, demonstrating strong performance
across various tasks. However, LLM-generated responses often
suffer from hallucinations, unfaithful statements lacking reliable
references. Retrieval-Augmented Generation (RAG) frameworks
enhance LLM responses by incorporating external references
but also introduce new forms of hallucination due to complex
interactions between the retriever and generator. To address these
challenges, researchers have explored attribution-based tech-
niques that ensure responses are verifiably supported by retrieved
content. Despite progress, a unified pipeline for these techniques,
along with a clear taxonomy and systematic comparison of
their strengths and weaknesses, remains lacking. A well-defined
taxonomy is essential for identifying specific failure modes within
RAG systems, while comparative analysis helps practitioners
choose appropriate solutions based on hallucination types and
application context. This survey investigates how attribution-
based techniques are used within RAG systems to mitigate
hallucinations and addresses the gap by: (i) outlining a taxonomy
of hallucination types in RAG systems, (ii) presenting a unified
pipeline for attribution techniques, (iii) reviewing techniques
based on the hallucinations they target, and (iv) discussing
strengths and weaknesses with practical guidelines. This work
offers insights for future research and practical use of attribution
techniques in RAG systems.

Index Terms—Large Language Models, Attribution Tech-
niques, Retrieval-Augmented Generation(RAG), Hallucinated In-
formation, Hallucination Mitigation.

I. INTRODUCTION

Large Language Models (LLMs) have become foundational
in natural language processing tasks such as question an-
swering, summarization, translation, and dialogue. Trained
on extensive text corpora, they generalize well and gener-
ate fluent, coherent, and contextually appropriate responses.
However, they face a major limitation: hallucination—the
production of factually incorrect, unsupported, or misaligned
outputs—which undermines the reliability of LLM-based sys-
tems, especially in high-stakes domains such as healthcare,
law, and education.

Retrieval-Augmented Generation (RAG) addresses this by
grounding LLM outputs in external knowledge. By retrieving
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relevant references, RAG improves factual accuracy and in-
terpretability, enabling users to trace responses to supporting
evidence. Yet RAG introduces new challenges: retrieval may
return outdated or irrelevant information, misleading the gen-
erator and producing new hallucinations. Mismatches between
retriever and generator can propagate errors and compromise
system reliability.

Recent work explores attribution-based methods to reduce
hallucination in RAG systems, including improving query for-
mulation, reranking retrieved documents, designing prompts
that encourage grounded generation, and applying post-hoc
corrections. However, a clear understanding of which tech-
niques address specific hallucination types—especially those
arising from retriever—generator interactions—remains limited.

Comparison with related surveys. Existing surveys on
hallucination either focus on LLMs broadly or do not connect
mitigation techniques to the specific causes of hallucination in
RAG systems. Surveys such as [1]-[4] analyze hallucination
in general LLMs but overlook RAG-specific error sources.
Others [1], [5]-[7] discuss attribution or RAG development
but do not provide a taxonomy linking hallucination types
to corresponding mitigation strategies. This survey fills the
gap by focusing on hallucinations within RAG and organizing
attribution methods around retriever—generator interactions.

Summary of contributions.

1) We propose a taxonomy of hallucination types that arise
from retriever—generator interactions in RAG systems.

2) We introduce a unified attribution-based mitigation
pipeline with four modular components: Query Refining (T1),
Reference Identification (T2), Prompt Engineering (T3), and
Response Correction (T4), as shown in Fig.1.

3) We map each module to the hallucination types they best
mitigate, providing guidance for selecting techniques based on
the source of error.

4) We present a comparative analysis of attribution methods
in terms of effectiveness, computational efficiency, and appli-
cation domains, and discuss usage strategies, trade-offs, and
open challenges in practical deployment.
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Fig. 1. A Unified Pipeline of LLM Attribution

II. A UNIFIED PIPELINE OF LLM ATTRIBUTION

The LLM attribution pipeline integrates LLMs with exter-
nal knowledge to generate responses grounded in credible
references. Given a user query ¢, the retriever returns rel-
evant references R’, and the generator produces a response
A= M(q,{r}),Vr € R'. The pipeline includes four modules
(Figure 1): Pre-retrieval Query Refining (T1), Post-retrieval
Reference Identification (T2), Pre-generation Prompt Engi-
neering (T3), and Post-generation Response Correction (T4).
These components improve efficiency, accuracy, and usability
without modifying model architecture or requiring fine-tuning.

T1: Refines the input query g to ¢’ = T (q) for retrieval.

T2: Selects the most relevant references, yielding Rgn =
V(R).

T3: Constructs a structured prompt P = §(¢’, Rfinal)-

T4: Reviews and adjusts the generated response Ay, using
Acorrected = C(q/y Agem Rﬁnal)-

To illustrate the end-to-end interaction, consider the query
“Who is the current CEO of OpenAl?”. T1 may introduce
temporal constraints, T2 prioritize recent authoritative sources,
T3 encourage evidence-grounded prompting, and T4 verify
and correct unsupported claims, together illustrating how these
techniques can operate jointly within an end-to-end pipeline.

III. TAXONOMY OF ATTRIBUTION FOR MITIGATING
HALLUCINATIONS

Hallucination occurs when an LLM generates responses that
are factually incorrect, unsupported, or misaligned with the
query or references. In RAG systems, hallucinations may arise
from retrieval or generation. This section presents a taxonomy
of hallucination types specific to RAG, based on retriever—
generator interactions (Figure 2), providing a framework for
linking attribution methods to each hallucination type.

A. Regulating Overconfidence Hallucination

Overconfidence hallucination occurs when an LLM ex-
presses uncertain or incorrect information with excessive cer-
tainty. Two attribution-based techniques help mitigate this: T3
and T4.

T3 Overconfidence emerges when responses display unwar-
ranted certainty. Adding hedging terms (e.g., likely, possibly)

reduces this. T3 incorporates such cues into prompts. Verbal
Uncertainty Calibration (VUC) [12] inserts hedging instruc-
tions to align response confidence with that of retrieved refer-
ences, using a verbal uncertainty feature in the representation
space.

T4 Overconfidence may also result from over-reliance on
particular references or from mismatched certainty between
generated content and retrieved evidence. Post-generation cor-
rection addresses this by adjusting confidence [8], [9], [11]
and limiting dominance of specific references [10]. RLKF
[11] uses a reward model to penalize false certainty. SAPLMA
[8] employs a classifier to detect confidently stated falsehoods
and trigger regeneration. Iterative Feedback Learning (IFL) [9]
evaluates correctness and citation quality to refine responses
and diversify reference use. SelfCheckGPT [10] measures
consistency across multiple generated outputs, selecting the
version most supported by retrieved references to identify
unsupported overconfident claims.

B. Managing Outdatedness Hallucination

Outdatedness hallucination occurs when an LLM gener-
ates responses that were once correct but are now obsolete.
Attribution-based solutions primarily rely on T1 and T2.

T1 Outdatedness often arises from ambiguous queries or
missing temporal cues that lead to retrieving old informa-
tion. Query refining improves precision and timeliness [13],
[14]. SmartBook [14] adds temporal keywords (e.g., “past
two weeks”) to restrict retrieval to recent sources. WebCPM
[13] enhances WebGPT through iterative refinements such
as synonym substitution and paraphrasing to obtain fresher
references.

T2 Outdatedness also results from selecting references that
are no longer current. Post-retrieval identification methods ad-
dress this extensively [15]-[22]. DPR [16] evaluates timeliness
using relevance, frequency, and source reliability, forming a
foundation for RAG systems [19], [35]. Later approaches en-
hance retrieval freshness: LLM-Augmenter [15] applies RLHF
for date-specific retrieval, CoDA [20] prioritizes timely over
popular references, REALM [21] updates retrieval dynami-
cally, and FDP [22] estimates temporal validity. WebBrain
[18] maintains an updated Wikipedia-based database, while
WebGPT [17] simulates real-time web searches, a strategy
now common in systems such as ChatGPT, DeepSeek, and
Anthropic.

C. Alleviating Unverifiability Hallucination

Unverifiability hallucination arises when an LLM produces
responses without sufficient supporting evidence. Attribution-
based methods mitigate this by using T2 and T4.

T2 Unverifiability often results from loosely related or
weakly aligned references. Post-retrieval identification ensures
that only verifiable, well-supported evidence informs the final
answer, using either reranking [23]-[26] or finer-grained ref-
erence selection [27]-[30]. LLM-assisted reranking methods
such as REPLUG [23], AAR [24], and SELF-RAG [26]
classify retrieved documents as fully, partially, or unsupported
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Fig. 2. Taxonomy of Attribution for Mitigating six types of LLM Hallucinations.

and reorder them accordingly. C-RAG [25] evaluates reasoning
paths and reranks documents based on verifiability rather than
similarity.

Other approaches enhance attribution through more granu-
lar evidence. CoTAR [27] guides step-by-step reasoning to
link reference segments to generated content. PRCA [28]
condenses supportive sentences into concise generator inputs.
RECOMP [29] summarizes references into query-relevant evi-
dence. TOC [30] generates clarifying sub-questions, organizes
them hierarchically, and validates responses to produce fully
supported long-form outputs.

T4 Unverifiability may also occur when references are
relevant but incomplete. Post-generation correction methods
either (i) refine a single response using higher-quality evidence
[37]-[42] or (ii) generate multiple responses and rank them
by verifiability [31]-[34], [36]. Many techniques use an LLM
or auxiliary verifier to assess reference support. Self-Refine
[37] critiques and revises outputs while retrieving additional
evidence. CaLM [40] verifies cited statements and retains
only validated portions. AGREE [39] applies NLI to detect
unsupported claims and trigger targeted retrieval. RARR [38]
generates sub-questions to gather more evidence, and ITER-
RETGEN [42] and ITRG [41] iteratively expand queries to
refine responses.

A second family of methods produces multiple candidate
responses and ranks them. TWEAK [34] measures support-
iveness using a Hypothesis Verification Model. RLHF-based
methods such as GopherCite [33] and Fine-Grained RLHF
[36] score responses for verifiability and provide corrective
feedback. LaMDA [31] filters outputs for factuality, while
Sparrow [32] applies rule-based evaluation to re-rank or re-
move unsupported responses.

D. Correcting Instruction Deviation

Instruction deviation hallucination occurs when an LLM
fails to follow instructions, leading to topic drift, incomplete
answers, or inconsistencies. Attribution-based methods address
this by using T1, T2, and T3.

T1 Instruction deviation often arises from ambiguous or
underspecified queries. Query-refinement methods clarify user
intent to ensure retrieval matches the task. Approaches include
(i) keyword-based refinement [43], [44], (ii)) query decom-
position [30], [45]-[48], [53], and (iii) rule-based strategies
[49]-[53]. MixAlign [43] identifies vague constraints and
prompts users for clarification, while 1-PAGER [44] extracts
keywords to iteratively filter irrelevant references. Blueprint
[46] and related methods (CCV, DSP, TOC) decompose com-
plex queries into sub-questions for targeted retrieval. Step-
Back Prompting [48] broadens questions to improve reasoning.



TABLE I
TAXONOMY OF HALLUCINATION TYPES, DEFINITIONS, ORIGIN (RETRIEVER OR GENERATOR), EXAMPLES, AND MITIGATION TECHNIQUES.

Type Definition Ret. Gen. Example Tech.
Overconfidence ?resemmg uncertain or nuanced v Query: How to lose weight? - Ref:& [1] E)Icérmse, [2] diet, metabolism. T3, T4
information as absolute fact. Resp: The only way to lose weight is exercise.
. i i 92 3 .
Outdatedness A response that was once correct v Query: Who. is the currf:nl U.S. president? — Ref: Donald Trump (pre-2025). TI, T2
but is now obsolete. Resp: Joe Biden is president.
Unverifiability A response lunsupported by any v v Query: Biological consequence qf bulldlpg Elffel Tower. — Ref: No relevant records. T2, T4
available evidence. Resp: It caused the extinction of the Parisian tiger.
Instruction Output does not follow explicit Query: Translate “The weather is nice today.” — Ref: Meaning is pleasant weather.
N . . v v . S g . T1, T2, T3
Deviation user instructions. Resp: Explains meaning instead of providing translation.
Context Response contradicts or ignores v Query: Where is the Nile’s source? — Ref: Located in central Africa. T3. T4
Inconsistency | retrieved references. Resp: It starts in Egypt. ?
Reasoning Logical errors, invalid inference, v Query: Why do whales surface? — Ref: Whales breathe air via lungs. T3. T4
Deficiency or flawed reasoning chains. Resp: Whales use gills and do not need to surface. =

Rule-based methods such as In-Context RALM [51], VTG
[49], Query2doc [50], HyDE [52], and RRR [53] adjust or
expand queries using contextual or semantic cues to better
capture user intent.

T2 Instruction deviation may also occur when references
are topically relevant but misaligned with user intent. Post-
retrieval identification methods address this by re-ranking
references based on semantic alignment [26], [38], [54], [55].
Self-RAG [26] combines dense similarity and keyword match-
ing (TF-IDF, BM25) to prioritize relevant evidence. RARR
[38] adds an NLI-based model for support-based reranking.
LLatrieval [54] and QLM [55] use LLMs to iteratively check
relevance and ensure the final set meets an alignment thresh-
old.

T3 Pre-generation Prompt Engineering reduces instruction
deviation by using prompt templates that explicitly encode the
task before generation [56]. UPRISE [56] constructs a pool
of templates from retrieved references and selects the most
aligned one using an additional retriever, outperforming static
template designs.

E. Aligning Context Inconsistency

Context-inconsistency hallucination occurs when an LLM
contradicts retrieved references, often because parts of the re-
sponse are not properly grounded. Attribution-based methods
address this by using T3 and T4.

T3 Context inconsistency arises when references are incor-
rectly linked to response segments. Prompt engineering guides
the model to stay consistent with retrieved evidence [14],
[51], [57]-[59]. In-Context RALM [51] improves alignment
by concatenating queries with retrieved documents. QUIP [57]
explicitly prompts claim attribution. RECITE [58] has the
model “recite” key information before generating an answer.
SmartBook [14] uses sub-questions and keywords for explicit
citation, while PKG [59] enriches prompts with domain-
relevant background information to improve coherence and
consistency.

T4 Even with correct references, the generator may produce
misaligned content, leading to context-inconsistent hallucina-
tions. Post-generation correction addresses this by comparing
responses with retrieved evidence using either an auxiliary
model [60], [61], [63] or the same LLM [62]. Most approaches

rely on NLI-based verification: SourceCheckup and WebCiteS
apply statement-level NLI checks to flag inconsistencies.
EFEC identifies key tokens with an auxiliary LLM, masks
them, and instructs the model to regenerate content based on
retrieved evidence. RSEGQA, in contrast, prompts the same
LLM to verify and revise its output by decomposing it into
sub-statements, evaluating each against supporting references,
and editing contradictions to maintain consistency.

F. Reducing Reasoning Deficiency

Reasoning deficiency hallucination often appears in Chain-
of-Thought (CoT) settings, where flawed or incomplete rea-
soning leads to incorrect conclusions. Attribution-based meth-
ods mitigate this by using T3 and T4.

T3 Reasoning deficiencies can be reduced through struc-
tured prompts that guide step-by-step reasoning [64], [65].
SubgraphRAG [64] encodes references into a knowledge
graph, extracts relevant subgraphs, and formats them into
prompts supporting multi-step, evidence-grounded explana-
tions. Self-Reasoning [65] builds prompts for each reasoning
step, prompting the LLM to validate document relevance,
extract key facts, and construct a coherent reasoning trajectory.

T4 Post-generation correction methods revise reasoning
chains after generation, encouraging models to break responses
into explicit steps, assess coherence, and repair flawed logic
[66]-[68]. SearChain [67] uses predefined prompts to de-
tect and regenerate faulty reasoning steps. Verify-and-Edit
[68] measures step-level confidence, flags uncertainties, and
generates retrieval-oriented questions for correction. CoVe
[66] issues verification queries against retrieved references to
ensure only validated reasoning steps are included in the final
response.

IV. HALLUCINATION HANDLING USING
ATTRIBUTION-BASED TECHNIQUES

Attribution-based methods mitigate hallucinations by iden-
tifying their source—either the retriever or the generator
(Table I). Retriever-related issues arise from outdated, irrel-
evant, or incomplete references, while generator-related hal-
lucinations occur during response formulation due to over-
confidence or flawed reasoning. Retriever-oriented techniques
(T1, T2) improve evidence quality: T1 reformulates queries



by decomposing complex questions, clarifying ambiguity, or
adding temporal cues to retrieve more accurate references,
while T2 filters or re-ranks documents using semantic models
or updated knowledge sources to ensure only relevant evidence
is passed to the generator. Generator-oriented techniques (T3,
T4) address hallucinations during or after generation: T3
reduces reasoning errors through structured prompts and task-
specific keywords, and T4 verifies and revises outputs or
selects the most consistent response from multiple candidates.
These approaches leverage self-critique prompts, NLI-based
validators, reward models, and confidence-ranking strategies
to improve response accuracy and verifiability.

V. DISCUSSION OF KEY CHALLENGES

Despite their effectiveness, attribution-based methods face
several challenges. Many rely on single-source validation, lim-
iting support for open-domain or multi-perspective queries and
potentially reinforcing bias. Dependence on external sources
introduces risks related to incompleteness, reliability, and
copyright. Using LLMs as retrieval judges (e.g., LLatrieval,
CoVe) creates circularity, as hallucination-prone models eval-
vate one another. Long-context limitations persist for com-
plex inputs and multiple subqueries, while chain-of-thought
reasoning can amplify early errors without reliable checks.
Prompt fragility also remains a concern, as template-based
prompts lack generalization and few-shot prompting increases
cost while still struggling with novel reasoning patterns.

VI. CONCLUSION

This survey examines attribution-based techniques for re-
ducing hallucinations in RAG systems. We introduce a unified
pipeline consisting of query refinement, reference identifica-
tion, prompt engineering, and response correction, and map
common hallucination types to their corresponding mitigation
strategies. These methods enhance grounding, attribution, and
factual consistency in LLM-generated responses.
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