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Abstract: Retrieval-augmented generation has become the default architecture for grounding large language models in external
knowledge, and it is widely deployed precisely because it promises to reduce hallucination, the generation of fluent content
unsupported by fact or source. The promise is real but partial: retrieval-augmented systems continue to hallucinate, and they do so
through failure modes that differ from those of closed-book models, including retrieval of irrelevant or conflicting evidence, faithful
generation from unfaithful sources, unfaithful generation from faithful sources, and fabricated attribution. This review synthesizes
the literature on hallucination and its mitigation in retrieval-augmented generation systems. It first consolidates definitions and
origins of hallucination in neural text generation, distinguishing factuality from faithfulness and intrinsic from extrinsic error. It
then reviews the architectural foundations of retrieval augmentation, from dense retrieval and fusion-based readers through end-
to-end retrieval-augmented models, and organizes documented failure points into a pipeline-aligned taxonomy spanning query
formulation, retrieval, context construction, generation, and attribution. Mitigation research is examined at each stage: retrieval-
side methods including query rewriting, reranking, and robustness training against irrelevant context; generation-side methods
including grounded and contrastive decoding, self-verification, uncertainty estimation, and calibrated abstention; and pipeline-level
methods including active and iterative retrieval, self-reflective generation, verification chains, and structured knowledge integration.
The evaluation landscape is reviewed across faithfulness metrics, attribution measures, and RAG-specific benchmarks, followed by
evidence from high-stakes domain deployments. The review closes with open problems in knowledge conflict resolution, long-context
utilization, calibration, and evaluation validity, and with directions for future research.

1. Introduction

Large language models generate text by modeling conditional probability over sequences, and the same statistical
machinery that produces their fluency also produces their most consequential defect: content that is plausible, confident, and wrong.
The phenomenon, commonly termed hallucination, was documented in neural generation systems well before the current model
generation, notably in abstractive summarization where generated summaries routinely asserted facts absent from or contradicted by
their source documents (Maynez et al., 2020), and it has been consolidated into taxonomies that span tasks, causes, and metrics (Ji
et al., 2023). With the scaling of general-purpose models into widely deployed assistants (Brown et al., 2020; Ouyang et al., 2022),
hallucination ceased to be a task-specific curiosity and became the central reliability obstacle of the technology, catalogued at length
in surveys dedicated to its forms in large models (Zhang et al., 2023; Huang et al., 2025). The stakes are organizational as much as
technical, since enterprises now route consequential decisions through model output and must govern that dependence explicitly
(Shah et al., 2025), and in clinical settings the fluency that makes assistance valuable is precisely what makes unflagged error costly
(llodigwe & Adesemoye, 2025a).

Retrieval-augmented generation arose as the principal architectural response. Rather than relying on knowledge stored
implicitly in parameters, a retrieval-augmented system fetches evidence from an external corpus at inference time and conditions
generation on it, an approach formalized in end-to-end retrieval-augmented models (Lewis et al., 2020; Guu et al., 2020) and now
standard in deployed question answering, enterprise search, and assistant products. The motivations are threefold. Parametric
knowledge is bounded by training data and decays with time, whereas an index can be updated continuously; parametric knowledge
fails disproportionately on rare, long-tail facts that models see too seldom to memorize (Kandpal et al., 2023); and parametric answers
offer no provenance, whereas retrieved evidence supports citation and audit. Empirical work confirmed the core promise early:
augmenting conversational generation with retrieval measurably reduced hallucinated content relative to closed-book baselines
(Shuster et al., 2021). Comparable motivations drive grounding in operational decision support, where systems are expected to point
at the record an answer came from rather than assert a conclusion from an opaque model (Adelanwa et al., 2024).

The promise, however, is partial, and the gap between retrieval-augmented and hallucination-free has become a research
field of its own. Retrieval can fail, returning irrelevant, outdated, or contradictory passages that the generator then faithfully
reproduces. Generation can fail, ignoring retrieved evidence in favor of parametric priors, blending sources incoherently, or asserting
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more than the evidence supports. Attribution can fail, decorating unsupported claims with citations to documents that do not contain
them. Systematic engineering studies of deployed pipelines catalogue failure points across the entire chain from ingestion to answer
(Barnett et al., 2024), and benchmark studies show that models frequently mishandle exactly the hard cases retrieval is meant to
solve: noisy evidence, absent evidence, and evidence that conflicts with what the model already believes (Chen et al., 2024; Longpre
et al., 2021). Deployed systems add an adversarial dimension absent from benchmark settings, since the retrieval corpus and the
tools a model may call are themselves attack surfaces for injection and content poisoning (Nwakamma et al., 2024b).

This review synthesizes the literature on hallucination and its mitigation specifically in retrieval-augmented settings. Its
organizing premise is that mitigation is a pipeline property: hallucination in a retrieval-augmented system is not one phenomenon
but a family of failures arising at identifiable stages, and the mitigation literature is best understood as a set of interventions aligned
to those stages. The paper proceeds as follows. Section 2 states scope and approach. Section 3 consolidates definitions and origins
of hallucination. Section 4 reviews retrieval-augmented architectures. Section 5 organizes failure modes into a pipeline-aligned
taxonomy. Sections 6 through 8 review mitigation at the retrieval side, the generation side, and the pipeline level respectively. Section
9 treats evaluation, Section 10 reviews domain deployments, Sections 11 and 12 discuss open problems and future directions, and
Section 13 concludes.

2. Scope and Approach of the Review

The review covers systems in which a neural language model conditions its output on evidence retrieved at inference time
from an external corpus, whether the coupling is loose, as in prompt-concatenation pipelines over commodity vector stores, or tight,
as in models trained jointly with their retrievers. Hallucination is treated in both of its standard senses, factuality error, in which
output conflicts with world knowledge, and faithfulness error, in which output conflicts with or exceeds the provided evidence,
because retrieval-augmented systems are accountable to both standards and their divergence is itself a characteristic failure setting.
Work on hallucination in closed-book generation is included where it supplies definitions, mechanisms, or mitigation techniques
that transfer; work on retrieval for purposes other than grounding generation, and on multimodal hallucination, is excluded.

The literature base spans natural language processing venues, where retrieval augmentation, faithfulness evaluation, and
decoding-time mitigation are published; machine learning venues, where retrieval-augmented architectures and uncertainty methods
appear; information retrieval venues, for the retrieval and reranking components; and an emerging software engineering and systems
literature that studies deployed pipelines as engineered artifacts. Comprehensive surveys of retrieval-augmented generation were
used to bound the architectural landscape (Gao et al., 2024), and hallucination surveys were used to anchor terminology (Ji et al.,
2023; Huang et al., 2025). Emphasis falls on work from 2020 onward, the period in which retrieval-augmented generation became
the dominant grounding paradigm, with earlier foundational work in open-domain question answering and faithfulness evaluation
retained where the field builds on it directly. An adjacent applied literature on model governance, auditing, and regulated deployment
was consulted where it bears on how mitigation is specified, verified, and evidenced in production rather than in evaluation (Ominyi
& Anichukwueze, 2023; Aliliele et al., 2025a).

Two synthesis choices shape the presentation. First, mitigation methods are organized by the pipeline stage at which they
intervene rather than by technique family, because deployed systems compose interventions across stages and the stage view exposes
which combinations are complementary and which redundant. Second, throughout the review, claims about mitigation effectiveness
are tied to the evaluation instruments that support them, because the field's metrics are themselves model-based and imperfect, and
several apparent disagreements in the literature trace to differences in what was measured rather than in what works.

3. Hallucination in Language Models: Definitions and Origins

Terminological precision matters because mitigation targets differ by error type. The generation literature distinguishes
intrinsic hallucination, output that contradicts the provided source, from extrinsic hallucination, output that is unsupported by the
source but not necessarily false, a distinction developed in summarization faithfulness research (Maynez et al., 2020) and generalized
across generation tasks in the survey literature (Ji et al., 2023). Orthogonally, factuality names agreement with the world, while
faithfulness names agreement with given evidence. A retrieval-augmented answer can be faithful but false, when the evidence is
wrong; false but supported by the model's training distribution, when parametric priors override evidence; or true but unfaithful,
when the model answers correctly from parameters while citing evidence that does not support the claim. Surveys of hallucination
in large models refine this space further, separating factuality errors from faithfulness errors and instruction-inconsistency, and
cataloguing contributing causes across data, training, and inference (Zhang et al., 2023; Huang et al., 2025). Applied treatments of
accountability for automated decision systems draw a parallel distinction between an output being wrong and an output being
unexplainable, and a retrieval-augmented system is answerable on both counts (Ominyi & Anichukwueze, 2023; Annan, 2024).

The mechanistic origins relevant to retrieval-augmented settings fall into three groups. The first is knowledge representation
in parameters. Language models demonstrably store and retrieve relational knowledge (Petroni et al., 2019) and can answer many
questions closed-book (Roberts et al., 2020), but this parametric knowledge is frequency-sensitive, failing systematically on long-
tail entities and relations (Kandpal et al., 2023; Mallen et al., 2023), and time-bound, degrading as the world moves past the training
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corpus (Lazaridou et al., 2021; Dhingra et al., 2022). Retrieval exists to compensate for both properties, and hallucination risk
concentrates where compensation is incomplete: rare entities retrieval also struggles to cover, and temporal questions whose answers
differ between index and parameters. Because parametric coverage is a product of what the training corpus contained and how it was
curated, data-side intervention on the composition of training and adaptation corpora bears directly on which facts a model can be
expected to hold reliably (Oyesiji et al., 2024), and coverage thins sharply outside high-resource languages, where adaptation method
rather than scale carries the burden (Oyesiji et al., 2023).

The second group concerns training objectives and behavior. Likelihood training rewards fluent continuation rather than
epistemic accuracy, instruction tuning and preference optimization reward helpfulness signals that correlate imperfectly with truth
(Ouyang et al., 2022), and models therefore answer confidently by default rather than abstaining. Studies of self-knowledge
complicate the picture productively: models carry usable internal signal about the reliability of their own claims, with self-evaluation
well calibrated in some regimes (Kadavath et al., 2022), and factual truthfulness partially recoverable from internal representations
even when surface output is wrong (Li et al., 2023). This latent signal is the resource on which several generation-side mitigations
of Section 7 draw. Work on interpretable models in applied prediction settings argues the same point from the opposite direction,
treating recoverable internal signal as the precondition for trusting an output at all (Komi & Adamolekun, 2021).

The third group concerns the interaction between context and parameters, which is the distinctive locus of retrieval-
augmented failure. When retrieved evidence conflicts with parametric belief, models exhibit systematic and non-obvious
preferences, sometimes over-trusting parameters against contradicting evidence and sometimes over-trusting persuasive but wrong
context, with behavior modulated by evidence coherence and popularity of the fact (Longpre et al., 2021; Xie et al., 2024). Even
absent conflict, context use is imperfect: models are measurably distracted by irrelevant material inserted into prompts (Shi et al.,
2023), and their attention over long contexts is positionally biased, using information at the beginning and end of the window far
better than material in the middle (Liu et al., 2024). These properties convert retrieval imperfection into generation error, and they
explain why mitigation cannot live at the retrieval stage alone.

4. Retrieval-Augmented Generation: Foundations and Architectures

The model side of the paradigm rests on the transformer architecture and its pre-training lineage, from bidirectional encoders
through unified text-to-text formulations to openly released large models (Vaswani et al., 2017; Devlin et al., 2019; Raffel et al.,
2020; Touvron et al., 2023). The architecture of retrieval augmentation assembled itself from open-domain question answering. The
modern template, retrieve then read, was established by pipelines coupling term-based retrieval over Wikipedia with neural readers
(Chen et al., 2017), with classical probabilistic ranking functions supplying the retrieval component (Robertson & Zaragoza, 2009).
Dense retrieval replaced term matching with learned embeddings, training dual encoders so that questions and supporting passages
map to nearby vectors (Karpukhin et al., 2020), with hard-negative mining sharpening the learned space (Xiong et al., 2021), and
late-interaction designs recovering token-level matching precision at scale (Khattab & Zaharia, 2020). Neural reranking layered
cross-encoder precision over first-stage recall (Nogueira & Cho, 2019). The vector search infrastructure underneath, GPU-scale
similarity indexes and graph-based approximate nearest neighbor structures, made corpus sizes of billions of passages practical
(Johnson et al., 2021; Malkov & Yashunin, 2020). Standard resources for the resulting task family include Natural Questions and
TriviaQA for open-domain question answering (Kwiatkowski et al., 2019; Joshi et al., 2017), multi-hop composition benchmarks
(Yang et al., 2018), evidence-based verification datasets (Thorne et al., 2018), the KILT suite unifying knowledge-intensive tasks
over a shared snapshot (Petroni et al., 2021), and heterogeneous zero-shot retrieval evaluation (Thakur et al., 2021). The operational
substrate beneath these components is ordinary data engineering, since corpora must be extracted, transformed, and loaded before
they can be embedded or indexed (Badmus et al., 2019a), the governance of that substrate determines what the index is permitted to
contain (Aliliele et al., 2025b), and the elastic serving components beneath it inherit the capacity-planning problems of any served
system (Ahmed et al., 2020).

On this substrate, three coupling patterns between retrieval and generation emerged. End-to-end trained models integrate
the retriever into the generative likelihood, as in retrieval-augmented generation over dense indexes (Lewis et al., 2020) and retrieval-
augmented pre-training in which the retriever is learned from the language modeling signal itself (Guu et al., 2020); fusion-in-
decoder architectures scale evidence integration by encoding many passages independently and fusing them in the decoder (lzacard
& Grave, 2021), and retrieval-in-pre-training designs interleave retrieval throughout the model's computation over trillions of tokens
(Borgeaud et al., 2022), with few-shot variants demonstrating strong knowledge-intensive performance from compact models
(Izacard et al., 2023). Nearest-neighbor language models interpolate parametric token distributions with distributions induced by
retrieved contexts (Khandelwal et al., 2020). Finally, and dominant in deployment, in-context augmentation treats the language
model as frozen, concatenating retrieved passages into the prompt (Ram et al., 2023), optionally adapting only the retriever to the
black-box model's preferences (Shi et al., 2023b). Instruction-following models trained to browse and cite demonstrated the pattern's
product form, answers with quoted supporting sources (Nakano et al., 2021). Deployment constraints increasingly determine which
coupling is available in practice: quantization, pruning, and distillation make capable models viable on constrained hardware
(Nwakamma et al., 2025), ranking components face the same compression pressure (Oyesiji et al., 2025), and portable runtimes have
made cloud-to-edge placement of the whole pipeline a live architectural choice (Ojukwu et al., 2025; Komi & Ganiu, 2023).
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The deployed pipeline that this review's taxonomy addresses is the in-context pattern elaborated with engineering stages:
document ingestion and chunking, embedding and indexing, query processing, first-stage retrieval, reranking, context assembly
under a token budget, generation with citation instructions, and post-hoc verification. Surveys of the paradigm organize its variants
into naive, advanced, and modular configurations and catalogue the optimization surface at each stage (Gao et al., 2024). Two
properties of this pipeline matter for everything that follows. It is a cascade, so errors propagate and compound forward, and stages
are trained or configured in isolation, so each stage's failure distribution is unknown to the others. The taxonomy of the next section
is, in essence, an accounting of where that cascade leaks.

5. A Pipeline-Aligned Taxonomy of Retrieval-Augmented Hallucination

Failures enter at query formulation. User questions are underspecified, multi-intent, or phrased in vocabulary mismatched
to the corpus, and compositional questions require evidence no single query surfaces, a gap quantified as the compositionality gap
between what models can answer piecewise and what they answer directly (Press et al., 2023). A pipeline that retrieves on the raw
question therefore begins with degraded recall, and the generator downstream answers anyway.

Failures enter at retrieval. First-stage retrieval returns passages that are topically adjacent but evidentially useless, stale
relative to the question's time reference, or drawn from unreliable strata of the corpus; engineering studies of deployed systems
identify missing content and missed top-ranked documents among their most common failure points (Barnett et al., 2024).
Benchmarks constructed to probe these conditions show sharp degradation: when noise is injected into retrieved sets, when no
passage contains the answer, and when passages contradict one another, models frequently fail to reject, abstain, or integrate correctly
(Chen et al., 2024). The conflict case is the most treacherous, because model behavior under evidence-parameter disagreement is
systematic but not reliable, varying with fact popularity and evidence framing (Longpre et al., 2021; Xie et al., 2024). A distinct
class of retrieval failure is adversarial rather than accidental, since a corpus can be seeded with content engineered to be retrieved
and believed, which makes index hygiene a security property and not only a quality one (Nwakamma et al., 2024b; Adebayo et al.,
2022).

Failures enter at context construction. Chunking severs claims from their qualifying context, concatenation interleaves
sources without provenance boundaries, and position effects mean that evidence placed mid-context is systematically underused
(Liuetal., 2024), while irrelevant filler measurably distracts generation (Shi et al., 2023). The result is a context window that contains
the answer yet does not deliver it. Provenance is lost at this stage as much as anywhere, and enterprise practice for classifying
material by sensitivity and tracing it to its system of record supplies exactly the metadata that grounded generation and citation later
require (Aliliele et al., 2024a; Aneke et al., 2023).

Failures enter at generation. The generator may ignore evidence in favor of parametric priors, producing answers
ungrounded in the supplied passages; may over-abstract, asserting stronger claims than the evidence licenses, the extrinsic pattern
documented since summarization (Maynez et al., 2020); may blend incompatible sources into a fluent composite true of neither; or
may complete gaps with invented specifics, names, numbers, dates, that inherit the surface style of the retrieved material. Because
retrieval-augmented prompts lengthen contexts, generation failures interact with the long-context weaknesses above, and because
instruction-tuned models are rewarded for answering, the default failure is confident fabrication rather than refusal.

Failures enter at attribution. Citation-generation studies show that models cite documents that do not support the attributed
claim, omit citations for claims that need them, and cite partially, covering some conjuncts of a compound claim while leaving others
unsupported (Gao et al., 2023). Attribution failure is the most corrosive category for trust, because it counterfeits exactly the
verifiability that motivates retrieval augmentation, and formal frameworks for attribution were developed precisely to make such
claims testable (Rashkin et al., 2023). Where output reaches populations who cannot readily verify it, unearned confidence
compounds, which is the concern that trust-centered designs for public-facing generated communication are built around (Odejide,
2024).

The taxonomy earns its keep through diagnosis: the visible symptom, a wrong or unsupported answer, is compatible with
any of these entry points, and mitigation misallocated across stages is a recurring engineering failure. The next three sections review
the mitigation literature stage by stage.

6. Retrieval-Side Mitigation

Query-stage methods attack recall before generation can inherit its absence. Query rewriting trains or prompts models to
reformulate user questions into retrieval-effective forms, and trainable rewriters optimized against downstream answer quality
improve end-to-end performance over retrieving on raw questions (Ma et al., 2023). Decompositional prompting addresses
compositionality directly, eliciting sub-questions whose individual answers assemble into the final one and narrowing the measured
compositionality gap (Press et al., 2023), while interleaved formulations alternate reasoning steps with retrieval so that each step's
queries are conditioned on what reasoning has established so far (Trivedi et al., 2023). Agentic formulations generalize the pattern,
treating retrieval as an action within a reasoning loop that can search, read, and reconsider (Yao et al., 2023). Query understanding
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over noisy, informal, and multilingual sources is itself a mature applied problem, and the normalization and reformulation strategies
developed there transfer directly to retrieval-augmented pipelines operating on comparable corpora (Atakpa et al., 2023).

Ranking-stage methods raise the evidential quality of what enters the context. Cross-encoder reranking remains the
workhorse for precision at the top of the ranking (Nogueira & Cho, 2019), and retriever adaptation methods tune the retrieval
distribution against the frozen generator's actual utility, treating the language model's likelihood of the correct answer as supervision
for what to retrieve (Shi et al., 2023b). Heterogeneous benchmark evaluation cautions against overfitting any single retrieval
configuration, documenting large cross-domain variance in dense retriever effectiveness (Thakur et al., 2021), which for deployed
systems translates into a recommendation of hybrid first stages and mandatory in-domain evaluation. In enterprise settings the
candidate pool is additionally constrained by entitlement, so retrieval must respect identity and access boundaries before relevance
is considered at all, and a permission-aware first stage is a correctness requirement rather than a deployment detail (Mbonu et al.,
2020; Badmus et al., 2024).

Robustness methods accept that retrieval will be imperfect and harden generation against its characteristic imperfections.
Training with deliberately mixed relevant and irrelevant evidence teaches models to use the former and ignore the latter, substantially
improving robustness to retrieval noise relative to models trained only on clean evidence (Yoran et al., 2024), and the distraction
results that motivate such training also support a cheap inference-time counterpart, instructing models explicitly that supplied context
may be irrelevant, which recovers part of the degradation (Shi et al., 2023). Context construction practice contributes the remaining
retrieval-side gains: provenance-preserving formatting that keeps source boundaries and metadata legible to the generator,
deduplication and conflict surfacing so that disagreement among sources is presented as disagreement rather than silently
concatenated, and evidence ordering informed by positional bias so that the strongest passages occupy the positions models actually
use (Liu et al., 2024). Systematic failure-point studies close the loop operationally, recommending instrumentation at each stage so
that missing-content and ranking failures are observed rather than inferred from bad answers (Barnett et al., 2024). Where source
systems are heterogeneous, much of the realized gain comes from integration and data-quality discipline upstream of retrieval rather
than from the retriever itself (llodigwe & Adesemoye, 2021).

7. Generation-Side Mitigation

Decoding-time methods modify how the model produces tokens without retraining it. Contrastive layer decoding exploits
the observation that factual knowledge localizes differentially across transformer layers, amplifying the signal of mature layers
against premature ones and improving factuality on knowledge-intensive benchmarks (Chuang et al., 2024). Representation-level
intervention goes one step deeper, identifying attention heads whose activations track truthfulness and shifting activations along
truth-correlated directions at inference time (Li et al., 2023). Factuality-oriented training complements decoding: continued training
regimes designed around factual completion improve the factual reliability of open-ended generation (Lee et al., 2022), and
truthfulness benchmarks that penalize imitation of common misconceptions supply the evaluation pressure such methods answer to
(Linetal., 2022). Explainability work in applied deployment settings converges on the same premise, that usable reliability depends
on exposing the basis of an output and not only its conclusion (Sanni et al., 2026).

Self-assessment methods convert the model's latent self-knowledge into usable reliability signals. Direct self-evaluation,
asking the model for the probability that its answer is true, is informative and partially calibrated in large models (Kadavath et al.,
2022), though the general calibration literature cautions that modern networks are systematically overconfident and require post-hoc
correction (Guo et al., 2017). Sampling-based consistency provides a black-box alternative: hallucinated content proves unstable
under resampling, so agreement across stochastic generations serves as a factuality signal without model internals (Manakul et al.,
2023). Semantic formulations sharpen this idea by clustering samples by meaning before measuring dispersion, yielding semantic
entropy, an uncertainty estimate that detects confabulated answers substantially better than token-level measures and has been
validated across question answering domains (Kuhn et al., 2023; Farquhar et al., 2024). In retrieval-augmented pipelines these signals
gate behavior: high-uncertainty answers can be suppressed, hedged, routed to further retrieval, or escalated to human review,
converting hallucination from an undetected output into a managed event. Treating predictive uncertainty as an explicit modeling
target rather than a residual is standard practice in applied forecasting, and the framing carries over directly (Wedraogo & Sanni,
2024).

Verification and revision methods have the model check and repair its own output. Chain-of-verification prompts the
generator to draft an answer, plan verification questions against it, answer them independently, and revise, reducing hallucination
across tasks without external tools (Dhuliawala et al., 2024). Self-refinement generalizes draft-feedback-revise into a task-agnostic
loop (Madaan et al., 2023), and tool-augmented variants ground the critique step in external evidence, having the model verify its
claims against search results or other tools and correct accordingly (Gou et al., 2024), with pipeline instantiations wrapping black-
box models in retrieval-verify-repair loops driven by automated feedback (Peng et al., 2023). Reasoning-style prompting interacts
with all of the above: eliciting intermediate reasoning improves multi-step accuracy (Wei et al., 2022), but reasoning traces are
themselves generated text subject to fabrication, which is why the verification methods deliberately re-derive claims rather than
trusting the trace. Where residual risk is unacceptable, the loop is closed by a person rather than a model, and the human-in-the-loop
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literature supplies the design vocabulary for where that intervention sits, what it costs, and how generated drafts should be presented
for review rather than for acceptance (Ladapo et al., 2022; Ladapo et al., 2024).

Abstention closes the generation-side repertoire. Adaptive retrieval policies decide when evidence is needed at all, retrieving
for long-tail questions while answering popular ones parametrically, using popularity and confidence signals to route (Mallen et al.,
2023), and the same signals support declining to answer when neither parameters nor evidence suffice. Calibrated abstention is
arguably the definitive mitigation, since a system that reliably knows when it does not know converts residual hallucination risk into
explicit uncertainty, and its dependence on the calibration and uncertainty methods above makes those methods infrastructural rather
than optional.

8. Pipeline-Level and Structural Mitigation

Active and iterative retrieval restructures the pipeline from retrieve-once to retrieve-as-needed. Forward-looking active
retrieval monitors generation confidence token by token, triggering fresh retrieval when the model is about to generate low-
confidence content and regenerating the affected span with the new evidence (Jiang et al., 2023). Interleaved reasoning-retrieval
alternates the two operations so that multi-hop questions accumulate their evidence chain stepwise (Trivedi et al., 2023), and agentic
loops make retrieval one action among several in a deliberative policy (Yao et al., 2023). These designs attack the taxonomy's query
and retrieval failures jointly, because each retrieval is conditioned on an explicit, evolving information need rather than on the
original question alone. Multi-agent formulations extend the same logic to division of labor among specialized components acting
under partial information, whether those components are reasoning roles or coordinating physical agents (Akanbi et al., 2025).

Self-reflective architectures train the generator to manage its own grounding. Self-reflective retrieval-augmented generation
trains models to emit control tokens deciding when to retrieve, whether each retrieved passage is relevant, whether the generated
segment is supported by it, and whether the answer is useful, yielding a single model that retrieves on demand and critiques its own
evidence use, with reported gains in factuality and citation accuracy over conventional pipelines (Asai et al., 2024). The design
internalizes at training time the checks that verification chains perform at inference time, and the two approaches are complementary
in deployment, structural self-critique for routine grounding and explicit verification for high-stakes claims. Comparable division-
of-labor designs appear in regulated document review, where separate agents draft, check, and adjudicate rather than a single model
performing all three roles (Ominyi et al., 2025a).

Structured knowledge integration substitutes or supplements free-text corpora with knowledge graphs, whose triples carry
provenance and compositional structure that text chunks lack. Roadmaps for unifying language models with knowledge graphs
organize the design space, graphs as retrieval targets, as constraints on generation, and as verification references against which
generated claims are checked (Pan et al., 2024). For hallucination specifically, the graph's contribution is decidability: a claim
mapped to a triple is checkable in a way that a claim floating in prose is not, at the cost of coverage and of the mapping step itself.
Where the requirement is tamper-evidence rather than compositional structure, append-only and cryptographically verifiable records
serve the same auditability goal for the evidence trail itself (Anichukwueze et al., 2021; Oshoba et al., 2020; Sanni et al., 2024), and
where corpora cannot be centralized across organizational boundaries, federated designs preserve the evidence relationship without
pooling the underlying data (Sanni et al., 2023).

Finally, systems-level practice treats the pipeline as an engineered artifact with observable stages. The failure-point
literature recommends per-stage instrumentation, retrieval hit rates, reranker agreement, citation coverage, verification pass rates, so
that hallucination regressions localize to a stage rather than surfacing only as end-task complaints (Barnett et al., 2024), and
automated evaluation frameworks purpose-built for retrieval-augmented systems supply the measurement layer such practice
requires (Es et al., 2024; Saad-Falcon et al., 2024). The consistent lesson across pipeline-level work is compositionality: no single
intervention removes hallucination, but staged combinations, robust retrieval, grounded generation, uncertainty gating, and
verification, reduce it multiplicatively because their failure modes are imperfectly correlated. Process mining over pipeline execution
logs offers a complementary view, reconstructing what a system actually did on a given request rather than what its configuration
says it should do (Sanni et al., 2025), while dashboarding practice determines whether those signals are acted on or merely collected
(Ogbole et al., 2021), and governance frameworks for Al-assisted workflows assign ownership for the residual risk that
instrumentation exposes (Badmus et al., 2025).

9. Evaluation: Metrics, Benchmarks, and Their Limits

Faithfulness measurement matured in summarization before migrating to retrieval-augmented generation. Entailment-style
classifiers score whether source documents support generated claims (Kryscinski et al., 2020), with natural language inference
reformulations improving robustness through sentence-level decomposition (Laban et al., 2022); question-based metrics test whether
questions generated from the output are answered identically by the source (Durmus et al., 2020; Wang et al., 2020); and meta-
evaluations of summarization metrics document both progress and the persistent gap between automatic scores and human judgments
(Fabbri et al., 2021), with standardized comparison surfaces consolidating faithfulness evaluation across tasks (Honovich et al.,
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2022). Fine-grained factuality scoring decomposes long-form output into atomic claims and verifies each against a reference corpus,
yielding precision-style factuality scores that expose error rates invisible to answer-level metrics (Min et al., 2023).

Attribution has its own instruments. Formal frameworks define when output is attributable to identified sources and how
annotators should judge it (Rashkin et al., 2023), and citation-quality benchmarks operationalize the definition for generated text
with citations, measuring citation recall, whether supported claims carry citations, and citation precision, whether cited passages
actually support their claims, alongside fluency and correctness (Gao et al., 2023). RAG-specific evaluation frameworks assemble
these dimensions into pipeline dashboards: reference-light suites score faithfulness, answer relevance, and context relevance jointly
(Es et al., 2024), and trained-judge frameworks calibrate lightweight evaluators on synthetic data with statistical correction against
small human-labeled sets (Saad-Falcon et al., 2024). Behavioral benchmarks complete the toolkit by probing the failure conditions
of Section 5 directly, noise robustness, negative rejection when evidence is absent, information integration, and conflict handling
(Chen et al., 2024), while truthfulness suites measure resistance to imitative falsehood (Lin et al., 2022) and knowledge-intensive
task collections standardize provenance-aware comparison (Petroni et al., 2021). Judge-model evaluation has been surveyed in its
own right, with attention to the biases judges import, the prompt sensitivity of their verdicts, and the release-gating decisions that
come to rest on them (Nwakamma et al., 2024a).

Three validity cautions qualify this apparatus. Most faithfulness and attribution metrics are themselves model judgments,
inheriting the biases and blind spots of judge models, which is why frameworks emphasize calibration against human labels (Saad-
Falcon et al., 2024) and why metric-only gains warrant skepticism. Benchmarks age: as evaluation sets circulate, contamination and
optimization pressure erode their discriminative value, and static snapshots drift from the live corpora deployed systems retrieve
over (Petroni et al., 2021). And aggregate scores obscure the asymmetric costs of error types, a system that hallucinates rarely but
confidently in the negative-rejection condition may dominate benchmarks while being operationally worse than a more abstinent
competitor. Reporting practice that separates error types, discloses judge models, and includes abstention behavior is the field's
available correction. Two adjacent lines sharpen the caution. Annotator and judge disagreement is not noise to be averaged away but
signal about the underlying task, and treating it as noise inflates apparent reliability (Ladapo et al., 2026). And continuous validation
practice from security engineering, in which controls are re-tested against live conditions rather than certified once, is the operational
analogue of the living benchmarks the field lacks (Dosunmu & Ogundele, 2024a; Dosunmu & Ogundele, 2025b), with acceptance
testing against stated user requirements remaining the last check that measured gains correspond to usable ones (Eyetsemitan et al.,
2023b).

10. Domain Deployments and Case Evidence

High-stakes domains supply the clearest evidence of both the necessity and the insufficiency of retrieval augmentation. In
medicine, large models encode substantial clinical knowledge and approach expert-level performance on medical question answering
under careful evaluation rubrics, while the same evaluations document residual error modes, incorrect retrieval-free recall,
incomplete answers, and unsupported reasoning, that motivate grounding and abstention in clinical use (Singhal et al., 2023). The
clinical setting sharpens every requirement of this review: evidence must be current, provenance must be auditable, and confident
error is costlier than refusal, which elevates uncertainty gating and verification from options to obligations. The surrounding literature
on clinical deployment reaches the same conclusion from the operational side, documenting both the gains available from grounded
decision support (Adelanwa et al., 2024; Afrihyia et al., 2023) and the governance, readiness, and accountability conditions without
which those gains do not materialize (Afrihyia et al., 2024; Afrihyia et al., 2025; llodigwe & Adesemoye, 2025a). Trust in patient-
facing systems is contingent on privacy posture and regulatory alignment as much as on accuracy (Akintola et al., 2025; Ekechi et
al., 2026), and retrieval over clinical records inherits every protection obligation attached to those records (Nnaji & Akinlolu, 2024a).
Population-level applications add a further requirement, since risk stratification that is confidently wrong misallocates scarce
response capacity (Oparah et al., 2021).

In law, systematic measurement found hallucination pervasive when general models answer legal questions, with error rates
that vary by task and jurisdiction and that concentrate exactly where practitioners are least able to detect them, in plausible
misstatements of authority (Dahl et al., 2024). Legal deployments consequently exhibit the full mitigation stack of this review,
retrieval over curated primary sources, citation-first generation, and attribution checking, and they illustrate the taxonomy's
attribution stratum vividly, since a fabricated citation to a real reporter is more dangerous than an obvious fabrication. The regulatory
literature around these deployments is now substantial: enterprise use of large language models raises privilege and confidentiality
questions distinct from accuracy (Ominyi et al., 2025c), automated decisions carry anti-discrimination exposure (Annan, 2025a),
authorship and ownership of generated text remain unsettled (Annan, 2023), and organizations face concrete readiness obligations
under emerging statutory regimes (Ominyi et al., 2024b).

Enterprise assistants and search products constitute the largest deployment class, and the engineering literature drawn from
them grounds the taxonomy of Section 5: missing content in corpora, chunking that severs context, ranking misses, and specification
failures between stages recur across case studies (Barnett et al., 2024), while product-scale browsing assistants demonstrated early
that citation-forward generation is feasible and preferred by users when the plumbing supports it (Nakano et al., 2021). Across
domains, deployment evidence converges on three practices: curation of the retrieval corpus dominates downstream cleverness,
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because no generation-side method rescues an index that lacks or misstates the answer; citation with verification is the trust interface,
because users and auditors act on provenance, not on model confidence; and abstention pathways are load-bearing, because every
deployed system faces queries its corpus cannot answer and its behavior there defines its failure reputation. Governance frameworks
written for this deployment class make ownership of these practices explicit rather than leaving them to implementation judgment
(Ominyi & Anichukwueze, 2024).

Financial services present a third pattern, in which retrieval-augmented systems are deployed less to answer open questions
than to assemble evidence for a human adjudicator. Fraud and financial-crime work has long paired statistical detection with case
narratives that must be traceable to source records (Atakpa & Abetoh, 2022; Okoruwa et al., 2025), and compliance monitoring at
transaction scale imposes the same evidence-linking requirement (Ominyi et al., 2024a). The audit literature supplies the governing
constraint: a system whose output enters a controlled process must itself be auditable, which places model risk management and
assurance of Al-enabled financial systems on the critical path rather than at the margin (Fobellah, 2025b; Ominyi & Anichukwueze,
2023), while the human factors shaping how analysts weigh machine-generated evidence belong to the risk picture rather than sitting
outside it (Fobellah, 2025a). Analytics platforms built for this setting increasingly assume these properties rather than adding them
afterward (Walawalkar et al., 2026).

Education and public communication show the same failure modes at their most diffuse. Adaptive and assistive learning
systems place generated explanation in front of learners least equipped to detect error, which makes grounding and calibrated hedging
pedagogical requirements rather than technical niceties (Onwubuya et al., 2026; Fawehinmi et al., 2026; Joseph & Uzondu, 2024a).
Public safety communication is the sharper case, since alerting content is consumed under time pressure, often in translation, by
populations with uneven access to verification, and the design literature there treats trust, accessibility, and equity as first-order
system requirements rather than downstream concerns (Odejide, 2023; Odejide, 2025). Data governance determines what such
systems may retrieve and about whom, and is therefore upstream of every mitigation discussed above (Orise & Niniola, 2025).

11. Challenges and Open Problems

Knowledge conflict remains the least solved failure condition. Systems need principled policies for evidence-parameter
disagreement, evidence-evidence disagreement, and staleness, policies that current models approximate with unstable heuristics
sensitive to popularity and framing (Longpre et al., 2021; Xie et al., 2024). Progress requires both behavioral specification, what the
correct action is when sources disagree, and mechanisms that implement it, and the temporal dimension makes the problem
permanent, since indexes and parameters will always date at different rates (Dhingra et al., 2022; Lazaridou et al., 2021).

Long-context utilization is the second structural obstacle. Context windows have grown faster than the reliability of
attention over them, and positional underuse of mid-context evidence converts retrieval success into generation failure at exactly the
scale deployments now operate (Liu et al., 2024), while distraction by irrelevant material penalizes the recall-oriented retrieval that
long windows invite (Shi et al., 2023). Whether the resolution is architectural, training-based, or a retrieval discipline that curates
less and orders better is open, and evaluation must catch up, since answer-level metrics do not localize positional failure.

Calibration and abstention at deployment grain constitute the third cluster. Semantic uncertainty and self-assessment work
under controlled conditions (Farquhar et al., 2024; Kadavath et al., 2022), but thresholds drift across domains, models, and prompt
formats, and the field lacks standards for reporting operating characteristics of abstention, the false-refusal versus hallucination trade-
off, that deployments actually tune. Relatedly, verification methods inherit a regress, the verifier is a model with its own error
distribution, and characterizing when verification helps versus merely launders confidence remains open (Dhuliawala et al., 2024;
Gou et al., 2024). The organizational counterpart is equally unsettled, since who owns an abstention threshold, and against what
standard it is defended when it is wrong, are governance questions that current practice answers inconsistently (Ominyi et al., 2026b).

Evaluation validity is the fourth. Judge-model bias, benchmark contamination, and the divergence between static
benchmarks and live corpora jointly threaten the field's ability to measure its own progress (Saad-Falcon et al., 2024; Petroni et al.,
2021), and attribution evaluation at the granularity users need, claim by claim, citation by citation, remains expensive enough that it
is sampled rather than routine (Gao et al., 2023; Min et al., 2023). Finally, the systems dimension is understudied relative to its
deployment weight: chunking, index freshness, corpus governance, and stage instrumentation determine much of realized
hallucination behavior, yet occupy a small fraction of the literature (Barnett et al., 2024). Fairness adds a dimension that aggregate
accuracy conceals, since a system can improve on average while becoming systematically less reliable for some populations than
others, a pattern documented wherever predictive systems are evaluated only in aggregate (Komi, 2023).

12. Future Directions

Four directions appear most promising. The first is native grounding: architectures and training regimes in which evidence
use is a learned, supervised behavior rather than a prompt-time convention, extending the self-reflective line in which retrieval
decisions, relevance judgments, and support judgments are model outputs with their own training signal (Asai et al., 2024), and
integrating retrieval deeply enough that attribution is generated with, not after, the claim (Borgeaud et al., 2022; Izacard et al., 2023).
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The second is uncertainty as a first-class output. Semantic uncertainty estimation validated at scale (Farquhar et al., 2024),
self-assessment (Kadavath et al., 2022), and consistency signals (Manakul et al., 2023) point toward systems that emit calibrated
support levels per claim, enabling downstream policies, hedging, verification, escalation, abstention, to be tuned against explicit
operating characteristics rather than fixed prompts.

The third is conflict-aware evidence reasoning: models and pipelines that detect disagreement among sources and between
sources and parameters, represent it explicitly, and resolve it by recency, authority, and provenance policies specified by the deployer,
a direction for which knowledge-graph integration supplies structure (Pan et al., 2024) and behavioral benchmarks supply
measurement (Chen et al., 2024; Xie et al., 2024). Resolution policy is ultimately institutional rather than technical, which argues
for frameworks that connect legal, quantitative, and operational judgment instead of treating conflict resolution as a modeling
problem alone (Ominyi et al., 2026a).

The fourth is evaluation infrastructure worthy of the deployment stakes: living benchmarks coupled to evolving corpora,
judge calibration as standard practice (Saad-Falcon et al., 2024), claim-level attribution auditing cheap enough to run continuously
(Min et al., 2023; Gao et al., 2023), and reporting norms that disclose abstention behavior and error-type decomposition alongside
headline accuracy. The trajectory of neighboring subfields suggests that such infrastructure, more than any single mitigation,
converts a fast-moving literature into reliable engineering practice.

13. Conclusion

Retrieval-augmented generation reframed the hallucination problem without dissolving it. Grounding generation in
retrieved evidence removes the largest single cause of fabricated content, the closed-book reliance on parametric memory for facts
it stores poorly or not at all, and the empirical record confirms substantial reductions in hallucination when retrieval is added. What
remains is a different and more tractable problem: a cascade of identifiable failure modes, in query formulation, retrieval, context
construction, generation, and attribution, each with a maturing mitigation literature and each observable with purpose-built
evaluation.

The synthesis offered here supports three conclusions. First, mitigation is compositional: robust retrieval, grounded and
self-critical generation, uncertainty gating, and verification address imperfectly correlated failures, and deployed reliability comes
from their staged combination rather than from any single technique. Second, the model's relationship to its evidence, not the
evidence's availability, is now the frontier: conflict handling, long-context utilization, and faithful attribution are where current
systems fail most consequentially. Third, measurement is the binding constraint on progress: the field's metrics are model judgments
requiring calibration, its benchmarks age quickly, and its most important behaviors, abstention and attribution, are the least
standardized in reporting.

The practical outlook is nonetheless positive. The combination of native grounding, calibrated uncertainty, conflict-aware
reasoning, and continuous evaluation defines an engineering agenda in which hallucination becomes a managed, measured error
budget rather than an unpredictable defect, and the pace of the literature reviewed here suggests that agenda is being executed.
Systems built on these principles will not be free of error, but they will be honest about it, and for the knowledge-intensive
applications that motivated retrieval augmentation in the first place, calibrated honesty is the property on which everything else
depends.
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