A Survey of Retrieval-Augmented Generation:
From Searchable Sources to Supported Answers

Abstract

Retrieval-augmented generation (RAG) lets a large language model answer from an
external collection instead of relying only on what it learned during training. Information
passes from sources through an index, retrieval, context construction and generation; a
controller may repeat the search. A relevant passage can omit a needed fact, and a generator
can ignore a fact that reaches its input. Even a supported answer can be wrong when its source
is outdated. We survey these stages across text, graph and multimodal sources, comparing
methods by what they keep, discard or add. Small, self-contained units suit fact lookup,
while longer units preserve connections across a document. Further searches help when earlier
results reveal a missing fact. Checking support for each required step reduces searches while
preserving accuracy in most tested settings. Compression saves input tokens but can sever
the link between a claim and its original source. When sources disagree, repetition and the
model’s memory can outweigh reliable evidence. Because these failures arise at different
stages, evaluation must measure relevance, sufficiency, support and correctness separately,
intervene on individual stages to locate failures, and count preparation as well as query costs.
Keeping derived indexes consistent with changing sources, making retrieval decisions reliable
and reproducing evaluations remain open problems.

1 Introduction

Large language models (LLMs) learn to generate text by predicting tokens, units such as words
or word fragments, in large training collections. Training stores patterns of language and factual
associations in the model’s numerical parameters. Given a question or an instruction, the same
model can then explain a concept, summarize supplied text or compose an answer, without a
separate model trained for each task. This ability makes language models useful as conversational
assistants and interfaces to specialized information [7]. For factual questions, generation draws
on both learned knowledge and whatever information the input supplies. The learned knowledge
is not a searchable copy of the training collection: the model can state a fact without identifying
where it learned it [8]. It can also produce a plausible falsehood, and its stored knowledge stays
fixed between training updates. Answering questions about changing events or private documents
therefore requires information beyond the model’s parameters.

External retrieval supplies that information without retraining the model. A searchable
collection holds documents that can be updated or replaced, a retriever selects relevant passages,
and the language model reads them before answering [8]. The answer can then be checked against
identifiable sources, making this approach useful for search assistants and question answering
over company documents [7]. For “Which country has the largest population?”, a 2023 report
of United Nations estimates supplies India where an older model may recall China. Searching
once with the question works when the retrieved passages contain what the answer needs. A
harder variant, “Who wrote the national anthem of the most populous country?”, may retrieve
population reports but nothing about anthem authors. If the country is initially unknown,
the system must identify India before it can search for the author. Interleaving retrieval with
reasoning helps gather evidence for such dependent steps [3].
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Figure 1: RAG separates source indexing (§3), evidence retrieval (§4) and evidence use (§6), with a
controller that can repeat the search (§5). Evaluation checks retrieval, context and answers separately
(§7). Graph, multimodal and agentic designs cross these stages rather than replacing the pipeline [1-6].

Retrieval and generation can be combined at different points. Some systems train the retriever
and generator together [8, 9]; others train a generator to use a fixed retriever [10] or add retrieved
text to an already trained model’s input [11]. The model can also choose later searches from
earlier results [3, 12]. We call this family retrieval-augmented generation (RAG): a language
model generates output using material retrieved from an external collection during inference.
RAG extends retrieve-then-read question answering [13] from extracting an answer span to
generating an answer that combines several passages [4]. Giving the model control of search
produces the agentic branch of RAG [14]. Enlarging its input window offers a different route to
external information: a long-context model can read a whole supplied document, while retrieval
selects evidence from collections too large to read in full [15, 16].

Retrieval adds two difficulties before the model begins writing. (i) Indezing decides what can
be found. Splitting or rewriting sources can cut a fact off from its context: “it overtook China
in 2023” leaves the country unnamed [17, 18]. (ii) Relevant passages can leave a required step
unanswered. Population reports do not name anthem authors, so the system must search again
using what it has learned [3, 19]. Two further difficulties extend the language model’s existing
problem of generating reliable text. (iii) The model can ignore or misread its input. Retrieval
adds distractions and conflicting sources, and the model may follow repetition or its memory
instead of the evidence [20-22]. (iv) Support and correctness can diverge. An outdated source can
justify a false answer, while the model can supply a true answer from memory without support
[6, 19]. We therefore follow the path from searchable sources (§3), through query transformation,
matching and selection (§4), repeated search (§5) and evidence use (§6), to evaluation that
distinguishes these failures and counts their cost (§7; Figure 1).

Earlier surveys already compare RAG components. Gao et al. organize methods around
retrieval, generation and augmentation [23], while a broader account also compares training



strategies and applications [7]. Specialized surveys examine evaluation [24], graph RAG [25]
and agentic RAG [14]. Component categories help locate a method, but an architectural label
alone does not explain why its answers improve. A gain can come from finding different passages,
preserving more of the same passages in the context, or changing how the generator uses
them. An iterative system can also compensate for weak initial retrieval through later searches.
Distinguishing these causes requires tracing what reaches the generator and comparing systems
under matched conditions. Our contributions are:

o A formulation that separates retrieved evidence, constructed context and generated output,
with four criteria (relevance, sufficiency, support and correctness) that distinguish evidence
quality from answer quality (§2).

e A comparison across text, graph and multimodal sources that states what methods keep,
discard or add, and separates evidence about whole pipelines from comparisons that isolate
one change.

e An account of evaluation that measures each criterion separately, uses interventions to
locate failures and counts the full cost of a system (§7), together with the open problems
that these distinctions expose (§8).

2 Foundations

RAG combines finding material in an external collection with generating an answer from it.
Retrieved material may be shortened or reorganized before generation, and an adaptive system
can repeat the search. We separate these stages by what each receives and produces (§2.1), then
trace the field’s development into the design choices compared in the body sections (§2.2).

2.1 Retrieval-augmented generation

A language model can answer a query ¢ directly from its learned parameters. Writing G for the
generator and y for its output, generation without external evidence is:

y~G(-|q). (1)

RAG supplies additional information from an external collection of text documents, knowledge-
graph records, page images, or a mix of these. The system builds a searchable index over
units such as passages, sentences or graph paths. A text unit is often called a chunk. Index
construction may rewrite, summarize or link the units and encode them for matching. An
embedding represents a unit or query as a numerical vector, allowing retrieval to compare their
content. When a question arrives, a retriever searches the index, and the system places what it
finds in the generator’s input. We call what the retriever returns evidence: material offered for
answering, which may or may not be true.

Retrieved evidence can guide the generator only if it reaches its input, so we separate retrieval
from context construction. Given the query and an index I, the retriever R returns ranked
evidence E (2a). The context constructor A orders, truncates, compresses or formats that
evidence into the context C' (2b). The generator G then produces the output y from the query
and context (2c):

E = R(q, 1), (2a)
C = A(q, E), (2b)
y~G(-1q0C). (2¢)

Compared with Eq. (1), the generator now receives an explicit context C' in addition to the
query. Retrieval and context construction determine what that context contains. The output



may be a short answer, a longer text with citations, or a continuation. The context is not always
a single prompt: some generators encode each passage separately and attend to all of them while
decoding, and others combine the predictions they make from each passage (§6.2). Evidence that
retrieval found can be truncated before it reaches the generator. Separating E from C reveals
both that loss and the effects of presenting the same evidence differently (§7.3).

Standard RAG follows this path once: it searches with the question, keeps the top k units as
evidence and answers. An adaptive system lets a controller choose whether to search, what query
to issue and when to answer. The controller reads the question and any previous queries, returned
evidence or intermediate text. Suppose the model initially knows neither the most populous
country nor its anthem’s author. A first search returns a current population report naming India.
The controller then asks who wrote India’s national anthem, retrieves a passage naming “Jana
Gana Mana” and Rabindranath Tagore, and answers from both sources. Such questions, whose
answers require connecting several facts, are called multi-hop questions. A model that already
knows the country can search directly for the author; one that knows both facts can answer
without searching. The controller may follow fixed rules, use a prompted language model, or
learn a policy from training (§5).

A system can succeed at one stage of this path and fail at the next, and four criteria tell the
stages apart. Evidence is relevant when it bears on the question, as the population reports bear
on the anthem question. Relevant evidence can still lack a fact the answer needs, so a context is
sufficient only if it contains enough information to give a definite answer, whether or not the
generator then uses it [19]. A context containing only population reports is insufficient, since
none mentions an anthem. Even a sufficient context can be ignored or misread, so an output is
supported when the context justifies its claims, and correct when its claims are true.

Support and correctness separate in both directions. An old report naming China, paired
with a passage about China’s anthem, supports an answer about the wrong country’s author.
A model that answers “Tagore” from memory after reading only population reports is correct
but unsupported. Across the tested settings, models answer correctly in 35-62% of cases with
insufficient context [19]. The four criteria concern different objects in Eq. (2): relevance concerns
the evidence E, sufficiency the context C, support the output y relative to C, and correctness
the claims in y. Evaluation must therefore check the evidence, the constructed context and the
answer separately (§7.2).

2.2 System design dimensions

Early work explored answer-supervised retrieval [13], generation from several retrieved passages
[4, 8] and learning retrieval during language-model pretraining [26]. Later pretraining used
much larger retrieval collections [10], while few-shot answering jointly trained retrieval and
generation [9]. From about 2022, four difficulties drew work toward different parts of the pipeline
(Figure 2). Fixed-length passages can separate a fact from its context, so indexes began storing
self-contained facts, longer documents and explicit connections through summary trees or graphs;
page-image indexes also preserved information lost in text extraction (§3; [1, 17, 27-29]). A
question’s wording can miss relevant passages, and individually relevant passages can repeat
the same information, motivating query rewriting and selection of complementary evidence (§4;
[30-33]). Dependent questions require facts that the initial query cannot name, so controllers
interleaved search with reasoning and later learned when and how to search (§5; [3, 12, 34-37]).
Finally, hosted models made retrieval useful without retraining the generator, through prompts
or per-passage predictions. Long, conflicting inputs and the need to check generated claims then
motivated compression, conflict handling and source attribution (§6; [5, 11, 38-42]).

Two further choices affect the whole pipeline. (i) Training. A retriever can learn to find
different evidence, a controller to choose different searches, and a generator to use the context
differently. The components trained determine which parts of a system must be open to updates.



2022 2023 2024 2025 2026

Shared foundationg)

[ 5 e e
» Indexing (§3)
O 2019 oR ® @ e
0A = Devse X | o SRS g, Versionki

Self-contained facts Communny reports

= \ { -
‘ B u ‘|' @ ColPali “L. Q) ety |
‘ | g A48 ] page images

O 2020 Ream-Rac-FD | pf Retrieval (§4) )

v

g @ [ o—
w J - , H DE Query?.doc RaFe =, SetR ") OptiSet
Generatedsearch Query expansion Ranking feedback 1 Complementary Q Set selection
_— Qj passages. @ e —ﬂ—i- J-- sets { , and ranking

| @ 2021 RETRO § Retrleval control (§5)

o —— @ o—
‘ “ lRCoT Self RAG Adaptive-RAG Search-R1 HALT
L é Reasomngwuh Rgﬂgctlon _~ Routing @ Learned search @ Verified stopping
search ¢ policy

(O 2022 Atlas

. Context and generation (§6) !
o ==
>/ REPLUG XRAG VenCﬂe
. X H Prediction fusion One-token Citation verification
0 context

ALCE

| Cited answers

v

Learned retrieval and generation
Retrieval during pretraining

Figure 2: RAG developed from learned retrieval and generation into four parallel lines: indexing (§3),
retrieval (§4), retrieval control (§5), and context construction and generation (§6) [3-5, 8-10, 12, 13, 17,
26, 28-31, 33, 36-39, 42-46].

(ii) Access. A text interface permits prompt changes but hides token probabilities, internal
representations and attention. Some retrieval triggers, fusion methods and attribution methods
require that access (§5.1, §6.2, §6.4). A remote search service can likewise hide how it ranks
results and updates its index. A method’s access requirements determine whether it can be
added to a hosted model or needs a model the developer can inspect or train.

Graph, multimodal and agentic designs each change several of these choices at once. Graph
structure can change indexing, matching and retrieval control [47]. Images change source
representation and the generator’s input [48], while agentic control changes search sequences and
the reasoning between searches [49]. A multimodal system, for instance, still has to choose how
to match and rerank candidates [50].

3 Knowledge sources and representations

Indexing determines which parts of a source a retriever can find and what context accompanies
them. A sentence-sized unit beginning “It overtook China” loses the country’s name; a transcrip-
tion of a population chart may keep its labels but lose the crossing curves. A retriever cannot
recover facts absent from its index. We compare three ways of preserving them: text units with
surrounding context or metadata (§3.1), graphs that record connections explicitly (§3.2), and
multimodal indexes that keep visual content or align different media (§3.3). Table 1 shows what
each index stores and what remains available to the generator.

3.1 Documents and text indexes

A text index splits documents into units, and each unit has two jobs. It must match the questions
it can answer, and it must make sense when read on its own. Small units match precisely but
lose the text around them; large units keep that text but give the generator more to read. Most
methods therefore try to give a unit the context it lacks without simply making it larger.



Table 1: Retrieval units, preserved context and construction requirements across text, graph and
multimodal indexes.

Work Source Retrieval unit Context or Offline Generator input,
structure encoded construction if evaluated
Dense X Text Proposition Atomic fact with LLM rewriting Propositions
[17] resolved into propositions;
references unit embeddings
LongRAG Text Document or Whole-document Grouping; each Concatenated
[27] document group and unit scored by its long units
linked-document  best chunk
context
Late Chunking Text Text chunk Surrounding text Long-context Not evaluated
[18] in chunk encoding, then
embeddings chunk pooling
RAPTOR Text Chunk or Semantic clusters Recursive Selected node
1] summary node at multiple levels clustering, texts
summaries,
embeddings
GraphRAG Text Community Extracted entity = Graph extraction; Community
[28] report relations and graph clustering; reports, answered
community reports one by one and
hierarchy merged
GNN-RAG Existing Reasoning path ~ Graph Train a graph Shortest paths
[51] knowledge graph connectivity neural network to written as text
around question  score answer
entities nodes
KET-RAG Text Entity, relation,  Graph from core Select core Graph
[52] text chunk chunks; chunks; partial descriptions and
keyword-text graph extraction; text chunks
links keyword graph
DSE Screenshots Screenshot Text, images, and Contrastive Not evaluated
[53] page layout training; one
vector per
screenshot
ColPali Page images Page Contextualized Contrastive Not evaluated
[29] image patches training; patch
vectors per page
M3DocRAG PDF images Page Within-page ColPali page Page images to a
[54] visual content vectors; optional multimodal
approximate generator
index
UnilR Text, images, Multimodal item Aligned text and Instruction Not evaluated
[55] pairs image features tuning; item
embeddings

Granularity and segmentation A proposition expresses one fact with enough context to
stand alone. Rewriting passages into propositions can turn “It overtook China in April 2023” into
“India overtook China as the most populous country in April 2023” (Dense X [17]). With retrievers
trained without labeled question—passage pairs, indexing propositions instead of passages raises
the share of questions whose answer appears in the top five results by 9-12 percentage points.
The gain is largest for rarely mentioned entities. Propositions fit more answer-bearing text into
a fixed token budget, though the gain in answer accuracy is smaller. Narratives need a different
boundary: splitting them at topic changes keeps passages coherent and ranks evidence better
than recursive splitting by length (LumberChunker [56]). Small units help fact lookup when each
unit still carries the context needed to understand it.

Larger units keep context but shift work to the generator. Grouping related Wikipedia



documents into units of several thousand tokens shrinks the index from 22 million units to 600
thousand and raises the share of fact-lookup questions from Natural Questions whose answer
appears in the top retrieved unit from 52% to 72% (LongRAG [27]). The generator then has
to read tens of thousands of tokens, and beyond a few units, adding more makes its answers
worse. No single size suits every collection. Concise factual answers favor small chunks, technical
explanations favor large ones, and the best size also shifts with the embedding model [57]. The
unit should match where the answer lives, and its size has to be tuned for each collection and
retriever.

Contextual embeddings A unit can carry context in its embedding without changing its
text. Late chunking encodes the whole document before averaging the token vectors within
each chunk [18]. The embedding of “It overtook China” can then reflect the earlier mention of
India. Late chunking preserves source wording and avoids the extra LLM calls needed to write
a context summary for every chunk. Over chunks embedded independently, the method gains
about two points of nDCG on average.! The benefit depends on meaningful surrounding text:
synthetic tasks that hide a relevant sentence in unrelated text gain nothing. Repeating text
through overlap is less selective. In a controlled study, a 20% overlap enlarged the index by a
quarter without improving answers [58]. Encoding useful context can improve matching without
duplicating the text the generator later reads.

Hierarchies and metadata Hierarchies let a question match either a summary or a detailed
passage. They can be built by repeatedly clustering and summarizing chunks, with the originals
kept as leaves (RAPTOR [1]), or by linking a document’s table of contents to an entity graph [59].
The search strategy then matters. Searching all levels of a summary tree at once works better
than descending one level at a time [1]. In another tree, each node stores only information absent
from its parent’s summary. Within a supplied document, descent matches flat retrieval’s answer
quality with about 30% fewer context tokens. When search must first choose the document from
a collection, routing accuracy falls to about half that of flat retrieval [60]. A root summary about
demographic trends may omit the country name needed to select its report. These results favor
descent within a known document and direct access to detailed passages when the document
itself must be found.

Metadata records a unit’s source, date or other attributes beyond its main text. In annual
filings with repeated boilerplate, adding the company and fiscal year to chunk representations
helps distinguish otherwise similar passages. Embedding the metadata separately also permits
updates without re-embedding the text [61]. Dates help distinguish the population rankings in
the 2021 and 2023 reports, though a system must check when the reported estimates apply as
well as when the report appeared. Versioned documents need links between states too. An index
that records document versions and their changes answers 90% of questions on a version-specific
benchmark correctly, against 58% for standard RAG and 64% for GraphRAG (VersionRAG [43]).
Source dates and explicit version links give retrieval information that text similarity alone cannot
recover.

3.2 Graph-structured knowledge

A knowledge graph stores entities and the relations between them explicitly, so a system can
follow a chain of relations instead of hoping that one passage states the whole chain. A graph
that links India to its national anthem and the anthem to its author answers the second half of
the anthem question with a two-step path.

!Section 7.2 defines the ranking and answer metrics used in the method comparisons, including nDCG, HitQk,
exact match and F1.



Existing graphs When a graph is supplied, the design question is which part of it to give
the generator: single facts, paths that connect the question’s entities to candidate answers,
or whole subgraphs. One method runs a graph neural network over a subgraph around the
question’s entities to score candidate answers, then gives the generator the shortest paths from
the question’s entities to the best candidates, written out as text (GNN-RAG [51]). Others
retrieve a connected subgraph and keep the text of its nodes and edges alongside its structure
[62, 63]. Selecting facts one at a time can break these connections. Searching the graph with a
question’s subquestions finds more relevant entities than searching with the whole question, but
it returns disconnected pieces, and answer accuracy peaks when the search balances the two [64].
What the generator receives should keep the connections the question depends on, not only the
facts that individually score highest.

Graphs constructed from text When the collection is text, extracting a graph can miss
facts stated across chunk boundaries. If one chunk reports that “Jana Gana Mana” was written
by Tagore and the next says only that “India adopted it as its national anthem in 1950”, neither
alone links the song’s title to India. A graph neural network can locate incomplete regions in an
extracted graph and direct targeted extraction there [65]. Keeping the text offers another recovery
route. In a cyber-threat intelligence system, graph retrieval improves multi-hop questions, while
repairing failed graph queries and falling back on text makes it operationally reliable [66]. Source
text lets a system recover facts that extraction left out of the graph.

Extraction is also expensive when a language model reads every chunk. Extracting relations
only from central chunks and linking the rest through a keyword graph cuts indexing cost by
more than an order of magnitude, with comparable or better retrieval (KET-RAG [52]). Parsers
avoid model calls altogether. Syntax trees expose code structure directly [67], and dependency
parsing reaches 94% of the answer performance of language-model extraction at much lower cost
in one comparison [68]. A full LLM-extracted graph is therefore not always necessary: partial
extraction or parsing can retain much of the measured benefit while leaving the source text
available for reading.

Community evidence Some questions concern a whole collection rather than one fact, such
as what a decade of population reports says about demographic change in Asia. No single passage
or path answers them. One approach clusters the extracted entity graph into nested communities,
writes a summary of each, and answers a collection-wide question by drawing a partial answer
from each summary and merging the partial answers (GraphRAG [28]). Unlike the clusters of
a summary tree, which group passages by similarity, these communities follow the connections
between extracted entities. On news and podcast transcripts, judges rate its answers as more
comprehensive and more diverse than those of standard RAG, while standard RAG wins on
directness because its answers are shorter. The summaries are derived evidence: an extraction
step and a summarization step stand between each source sentence and the text the generator
reads. They suit questions about a whole collection, whereas a specific question, such as who
wrote India’s anthem, is better served by a path or by the original passage.

3.3 Multimodal and heterogeneous sources

Much of what documents say lies in charts, tables and layout, which a text index sees only
through a transcription.

Visual pages and text conversion Optical character recognition (OCR), parsing and
captioning make pages searchable by text retrievers, but they decide which visual facts survive.
If the population ranking appears only as two crossing curves, an OCR transcription can keep the



axis labels while losing the crossing. Retrievers that embed the page image avoid the transcription.
One encodes each screenshot as a single vector and outperforms OCR-based text retrieval by
more than 15 points of nDCG on slide decks (DSE [53]); another keeps a vector for each image
patch and matches each query token against the patches (ColPali [29]). Retrieving the page
is half the job, since the generator must then read it. Passing the retrieved page images to a
multimodal generator lets a system answer questions about charts and figures that OCR-based
pipelines ignore (M3DocRAG [54]). Visual retrieval finds pages that text conversion misses, and
reading those pages as images lets the generator use their charts.

Controlled transcription comparisons recover much of the apparent visual-retrieval advantage
on the tested benchmarks. With the retriever fixed, better OCR and text normalization recover
up to 9 points of Hit@5 for the keyword retriever BM25 (§4.1) on multilingual benchmarks, and
short descriptions of figures add up to 31 points on figure-heavy pages [69]. Language-specific
preprocessing, such as word segmentation for Japanese, changes accuracy by more than 10 points
with the OCR held fixed. Text retrieval still trails on questions that are visual by nature, such
as spatial relations or trends in a plot. Storing both the parsed text and the page image avoids
choosing between them [70]. Before concluding that a visual retriever beats text retrieval, an
evaluation has to check what the text index actually contained.

A whole page can also be too coarse a unit. Retrieving layout blocks, such as a chart together
with its caption, instead of whole pages cuts the generator’s input by up to 78% while improving
answers. Blocks that follow the layout also retrieve better than a fixed grid of image patches,
which splits tables and figures [71]. Linking text, images, tables and equations in graphs is
another way to keep such elements connected [72]. Units that follow the document’s own layout
keep a figure together with the text that explains it.

Heterogeneous alignment An index holding several modalities must match the requested
type of content as well as its topic. A request for the chart of India’s and China’s populations
should return the chart rather than a paragraph describing it. Yet retrievers built on multimodal
language models tend to return text even when an image is requested [73]. A shared embedding
space can be trained to respect modality through query instructions (UnilR [55]) or on-topic
training negatives in the wrong modality (MM-Embed [73]). Alternatively, a router can choose
among separate collections for each modality and granularity (UniversalRAG [74]; §5.1). A
shared index must learn to distinguish modalities during matching; separate indexes make that
distinction through an explicit routing decision.

4 Retrieval methods

A retrieval step matches a query against the index and selects evidence for the generator. It must
handle differences in wording and cover the facts the answer needs: five highly ranked population
reports may repeat one fact while leaving the anthem’s author unknown. We distinguish three
choices within a step: how to match queries with indexed units (§4.1), how to transform the
question into search requests (§4.2), and how to rerank candidates or select complementary
evidence (§4.3). Later searches chosen after reading the results belong to retrieval control (§5).

4.1 Sparse, dense and hybrid retrieval

A retriever finds only what its score rewards. It can count shared words, compare one vector per
text, or compare vectors token by token. Each kind of match misses different passages. On its
own, none of them checks whether a passage supports the answer or merely shares its topic. The
best retriever therefore depends on the questions and the collection, and combining two helps
only when they miss different passages.



Lexical and semantic matching Sparse retrieval represents text through weights on a small
subset of vocabulary terms. BM25, a lexical sparse retriever, scores query-word matches and
gives rare words more weight. Dense retrieval encodes the query and each unit as vectors and
compares them. Word overlap preserves names and technical terms, while learned embeddings
can match paraphrases, such as “most populous” and “has more people than any other country”.
Their relative value depends on how questions were written. On questions asked without knowing
the answer, a retriever trained jointly with its reader beats BM25 by 19 points of exact match
on one benchmark. On questions written by people who knew the answer, whose wording
tends to follow the evidence, it falls behind [13]. For entity-centric questions with correct entity
annotations, linking names directly to articles also beats BM25 [75]. Lexical matching suits
shared terminology, dense matching suits paraphrases, and entity linking suits questions whose
entities can be identified reliably.

Hybrid retrieval Hybrid retrieval combines sparse and dense results so each can recover
what the other misses. On cystic-fibrosis literature, a weighted sum of keyword and dense
similarities outperforms either alone, including a dense model trained on scientific papers [76].
On a structured medical textbook, dense retrieval alone answers more questions correctly than
the hybrid and needs less computation [77]. Combining scores does not repair a poor retrieval
unit: in repetitive financial filings, all tested methods find the right filing far more often than
its answer-bearing chunk [78]. Mixture weights can also be chosen per query from retrieval
uncertainty or a model’s judgment of the top results [79, 80]. Hybrid retrieval is useful when its
component retrievers make complementary errors; adding a second retriever without testing that
complementarity can increase cost and lower answer quality.

Late interaction A single dense vector can blur matches between particular query words and
passage words. Late interaction instead compares token vectors after encoding the query and
passage separately. For example, ColBERT [2] keeps a vector for every passage token, takes
each query token’s best match and sums the matches. Passages are encoded once, offline. On
web-passage ranking tasks in MS MARCO, it matches the ranking accuracy of a cross-encoder, a
reranker that reads each query—passage pair together, while cutting reranking time per query
from about 11 seconds to 61 milliseconds. The scientific question-answering comparison in
Table 4 also favors a late-interaction pipeline, though that pipeline changes the encoder as well
[81]. Token-level matching can retain cross-encoder accuracy with much less computation per
query, in exchange for storing many vectors per passage.

Evidence-oriented supervision and structure Topical relevance can favor the wrong fact.
A passage about India’s national song, “Vande Mataram”, is on topic for a question about India’s
national anthem, yet names a different author. Training can target support directly through
human-marked evidence rationales and on-topic negatives that do not support the answer [82].
Synthetic labels for which subquestions a passage answers can instead train coverage of distinct
facts; one such retriever covers 10% more answer facts than strong dense baselines without losing
ordinary ranking accuracy [83]. Graph methods pursue connected evidence by spreading query
relevance along weighted edges [84]. This traversal remains inside a retrieval step, unlike the
controller’s later searches (§5). Evidence supervision and graph structure both help retrieve the
connections an answer needs rather than only individually similar units.

4.2 Query transformation

Three transformations turn a question into a better search request. Rewriting restates it as a
clearer request, expansion adds words the source is likely to use, and decomposition splits it into
simpler questions.
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Rewriting and expansion Rewriters can learn from the retrieved documents or answers
their queries produce, rather than from human-written rewrites. Rewarding a small model by
the answer quality of a frozen generator raises answer F1 on multi-hop Wikipedia questions in
HotpotQA by about 5 points over searching with the original question (Rewrite-Retrieve-Read
[32]). The trained rewriter also outperforms a much larger model prompted to rewrite. A
reranker’s document scores can replace the answer reward when answer labels are unavailable
[44]. Conversational rewriting adds a shared-context problem: “And who wrote its anthem?”
needs to become “Who wrote the national anthem of India?” Training a reformulator and
an answer-based expansion jointly against target passages addresses both missing context and
missing search terms [85]. Retrieval-based feedback teaches queries to suit the collection instead
of merely resembling human rewrites.

Expansion goes further and lets the model write text that resembles the answer. One method
generates a hypothetical passage that answers the question and searches with its embedding,
so the search compares documents with a document instead of with a short question (HyDE
[30]). Without any relevance labels, this raises an unsupervised retriever’s nDCG@10 on the
2019 TREC deep-learning queries from 44.5 to 61.3, close to the 62.1 of the same retriever
fine-tuned with relevance labels. Another method appends a generated passage to the query for
sparse or dense retrieval; it helps BM25 most and helps less as the dense retriever gets stronger
[31]. Expansion can also draw on the relations of a knowledge graph, grounded in an initial
retrieval [86]. Generated expansions help most on question-like queries, while on specialized
scientific collections, classic pseudo-relevance feedback, which adds terms from the top retrieved
documents, remains competitive [87]. The generated text carries the model’s own beliefs into
the search. A model that still thinks China is the most populous country writes a hypothetical
passage about China’s anthem and retrieves real passages about the wrong song. Generated
text can shape the query, but it is a guess about the answer and should not enter the context as
evidence.

Decomposition and multiple formulations Independent subquestions can be searched
together. Combining their results with those of the original question, then reranking the pool
against that original question, ranks relevant documents for multi-hop questions much higher
than standard RAG does [88]. Several rewrites carrying different amounts of information offer
another way to obtain complementary results [89]. The anthem question shows where advance
decomposition stops being enough. It splits into “Which country is the most populous?” and
“Who wrote that country’s national anthem?”; but the second request still lacks a country name.
If that name is initially unknown, the controller must wait for the first answer before issuing the
second search (§5.2).

The gains from rewriting shrink against a strong pipeline. With dense retrieval followed by
a cross-encoder, individual rewriting methods help little. Their combined results raise top-ten
retrieval success on enterprise questions by about 12 percentage points because they rescue
different questions. The same combination hurts on ambiguous questions, where the lists overlap
[90]. Rewriting can also counter a retriever’s preference for short, early or repetitive documents.
Simple rewrites reduce each bias separately, but only expansion into a generated document
corrects the preference when several biases are exploited together [91]. Rewriting earns its cost
when it targets an observed matching failure or retrieves complementary results.

4.3 Reranking and evidence selection

A first-stage retriever returns a candidate pool; reranking or selection then chooses the evidence
FE that will enter context construction. Candidates can be scored for relevance, usefulness to
the generator or what they add to one another. Cross-encoder reranking has the clearest gains
when the first-stage retriever is weak: on the tested question-answering benchmarks, nearly every
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cross-encoder improves a small embedding retriever, while only the largest improves a large one
[92]. A gain over a weak first stage therefore gives little reason to add the same reranker after a
stronger retriever.

Generator utility Relevance scores can disagree with answer quality: on Natural Questions,
more highly rated relevance rankings tend to produce lower answer F1 [93]. Utility-based selection
scores evidence by its benefit to a generator. For example, IGP [93] measures how much each
candidate reduces uncertainty in a short trial generation and drops candidates that reduce it little.
With token-probability access and one trial per candidate, it raises average answer F1 over BM25
while cutting the final generator input by about three quarters across five datasets. A smaller
multimodal model can estimate image utility instead, improving slightly over relevance-based
selection [94]. Selection can also move into training: choosing difficult but answerable evidence
teaches a more robust generator without requiring the selector at inference [95]. Utility-based
selection can improve the final answer, but its savings must include the work of estimating utility,
and its choices depend on the generator being served.

Complementary sets Scoring candidates one at a time cannot tell that the fifth report on the
population ranking adds nothing to the first four, or that none of them mentions an anthem. Set
selection judges candidates together. One method first lists the pieces of information the question
requires and then selects a set that covers them, improving multi-hop answering over rerankers
that score passages one by one (SetR [33]). Another learns set preferences from how easily the
generator produces the reference answer from each candidate set, and it answers more accurately
than the first method while selecting fewer passages (OptiSet [45]). Structure gives a third route.
Reserving part of a fixed budget for documents linked in a graph to the most relevant ones
recovers complete evidence chains more often than spending the whole budget on a flat ranking,
because the later steps of a chain often score low on their own [96]. Other selectors make the
decision explicit, as a rationale for each admitted passage [97] or as an objective that trades
relevance against coverage and redundancy [98]; the rationales make the choice interpretable,
and the objective makes its trade-offs adjustable. Selecting sets pays off when the answer needs
several distinct facts, as the two halves of the anthem question do.

Better evidence scores have to be checked against final answers. Replacing topical-relevance
labels with answer-support labels changes which retrievers rank best, yet does not reliably
improve downstream training or answer quality [99]. The effect also depends on opportunities
to search again. For report generation, coverage of distinct facts in the retrieved set predicts
coverage in the report for one-pass pipelines, but not for iterative pipelines that can gather
missing facts later [100]. Complete selection matters most when one retrieval step must supply
every fact. In an iterative system, selection and later searches have to be evaluated together.

5 Retrieval control

Adaptive retrieval uses the question and previous results to choose whether to search, what to
ask next and when to stop. A model may know who wrote India’s anthem but not know that
India is now the most populous country. It then needs evidence for the country rather than for
the author; skipping retrieval risks an outdated answer, while searching repeatedly can add cost
and distractions. We organize control around three questions: how to route a question to no
retrieval or a retrieval strategy (§5.1), how to use feedback during a search workflow and decide
when to stop (§5.2), and how to train the components that make those decisions (§5.3).
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5.1 Retrieval necessity and adaptive routing

Before any search, a router decides whether a question needs retrieval and, if it does, how much.
It has no evidence yet, so it must guess what the model already knows. Useful signs include
how well known the question’s subject is, which strategy worked on similar questions, and how
confident the model seems. A router pays off when it skips only searches the model did not need
and costs less to run than the searches it skips.

Query-based routing Models know more about popular entities. Retrieving only for questions
about less popular ones, as measured by how often their Wikipedia pages are viewed, keeps the
benefit of retrieval for rare facts while avoiding passages that can mislead the model about facts
it already knows [101]. Counting how often a subject and a relation appear together, instead of
how popular the subject is, describes a fact more precisely [102]. Both signals estimate what a
model knows from statistics about the world, so they work only for facts whose frequency can be
looked up.

Classifying the question avoids frequency lookups. A router can choose no retrieval, standard
RAG or iterative retrieval (Adaptive-RAG [36]). Its labels come from which strategy answered
each training question correctly and from the question’s dataset. They describe the available
strategies’ performance, so changing those strategies changes what the classifier needs to predict.
On multi-hop questions, the router matches the accuracy of always iterating while running
40-50% faster than the iterative baseline. For the tested strategies, choosing which one suffices
retains iterative retrieval’s accuracy without paying its cost on every question.

Uncertainty-based routing A router can estimate how sure the model is, using signals
permitted by its interface. With access to hidden states and several sampled generations,
uncertainty can guide retrieval, document selection and reasoning strategy (SeaKR [103]). Using
these uncertainty signals improves multi-hop answer F1 by 6 points over the strongest adaptive
baseline in its evaluation. Text-only routers instead use disagreement among sampled answers
[104] or confidence stated by the model [105]. A model can also learn to emit a retrieval token
(§5.3). Neither popularity nor confidence necessarily detects a changing fact. India and its
anthem remained well known when the population ranking changed in 2023; a model that learned
the old ranking might still name China without hesitation. Treating time sensitivity as a separate
routing decision addresses that possibility directly [106]. The question gives a reason to search
even when the model is confident.

Turning confidence into a decision requires a cutoff, usually tuned for the model on held-out
data. In one text-only router, this improves mean F1 slightly and retrieves about 20% fewer
passages than always retrieving, across six datasets and three models. Total token use nevertheless
rises because obtaining confidence takes an extra generation [105]. A preliminary answer can
instead guide how many passages to fetch, saving latency on known questions while reducing
distractors [107]. More information for the router is not always worth gathering: in a matched
multimodal comparison, features from an initial retrieval did not reliably improve routing over
the query alone [108]. Routing should be assessed by answer quality and total work, including
any generation or retrieval performed just to make the decision.

5.2 Search workflows and feedback

The value of a later search depends on what earlier ones revealed, so a fixed list of reformulations,
written before any result arrives, cannot follow the dependency between the two steps of the
anthem question. Adaptive workflows differ in what the controller reads before its next search:
its own reasoning, a draft of the answer, or a judgment of the evidence. Figure 3 contrasts
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Figure 3: Retrieval can occur once (top), after each reasoning step (middle), or when a draft sentence
contains uncertain tokens (bottom). CoT denotes chain-of-thought reasoning; the QA reader is the final
answering step. The bottom workflow searches with the draft before regenerating and accepting it [3, 35].

standard RAG with two of these workflows. One searches after every step of its reasoning; the
other searches only when its draft of the next sentence is uncertain.

Reasoning and answer feedback Search can follow intermediate reasoning rather than wait
for a complete draft. For example, IRCoT [3] writes one sentence of chain-of-thought reasoning
from the collected passages, searches with that sentence and repeats until an answer appears
or a step limit is reached. A separate answering step reads the collected passages. Across
multi-hop benchmarks, interleaving raises gold-evidence recall (§7.2) by 11-21 percentage points
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over standard RAG and answer F1 by up to 15 points. Explicit follow-up questions offer a more
targeted request than a reasoning sentence (Self-Ask [34]). At the other extreme, searching with
an entire draft and regenerating it needs fewer calls and answers about six percentage points
more HotpotQA questions correctly than the follow-up-question method after two rounds [109].
The useful feedback unit can therefore be a reasoning sentence, an intermediate answer or a
whole draft; searching after every small step is not inherently more effective.

Generation-triggered acquisition Long answers raise a different question: when during
generation is another search useful? With access to token probabilities, a system can draft the
next sentence and search if it contains an uncertain token (FLARE [35]). Suppose the draft
names the author of India’s anthem but gives the name low probability. Searching with the
draft while omitting the uncertain name lets retrieval supply the author before the sentence is
accepted. A matched query ablation on multi-hop questions raises exact match from 39.0 to 48.8
when the query uses the upcoming sentence instead of the previous one. Searching for what the
model is about to claim targets information that past text may never mention.

Evidence and environment feedback Judging retrieved evidence lets a controller change
course even when the model is confident. An evaluator can rate the initial documents as adequate,
inadequate or ambiguous, then refine them, replace them with web results or combine both
sources (CRAG [110]). A local-first policy instead keeps a curated collection as the default and
turns to the web when that collection is inadequate (PrefRAG [111]). Both make source choice
depend on evidence quality. For the population question, detecting an old report could justify
seeking a current one. In a knowledge graph, evidence judgments guide which paths remain open
as the controller selects relations and neighboring entities (Think-on-Graph [112]). Feedback can
thus change both where a system searches and which search paths it continues.

Finding the missing evidence is not enough if the system then ranks it too low. In iterative
retrieval over graphs, the gains are clearest on bridge questions, whose intermediate entity reveals
the missing link. Yet the documents about that intermediate entity, which later searches find,
often end up ranked below the top ten, where the generator does not use them [113]. Retrieving
more documents does not fix this, since the extra documents add noise and hurt accuracy,
especially on simple questions. Issuing two complementary queries and moving those documents
to the top of the context does. A new search helps only if what it finds reaches the generator.

Stopping needs its own signal because finding no new evidence does not tell the controller
whether the missing facts are obtainable. Trace studies find that most steps in long searches
add no new gold evidence (§7.3). A judge attached to a trained search policy saves about 4%
of searches at a loss of 0.6 points of exact match, while adding computation of its own [114].
Checking support for each expected step gives a more explicit stopping rule (HALT [46]). It
reduces search loops while preserving accuracy in five of six tested settings; predicting the
required steps from the question also preserves accuracy, with smaller search reductions. For the
anthem question, a report identifying India leaves the author unchecked, while a passage about
the anthem leaves the current population ranking unchecked. The coverage rule requires both
before stopping.

Extra deliberation must justify its cost as well as extra retrieval. In one orchestrator, a
reflection loop raises latency up to sixfold on a multi-hop benchmark while lowering answer
quality [115]. Together with the small savings from a separate stopping judge, this shows why
counting avoided searches alone is inadequate. A workflow improves efficiency only when its
decisions save more work than their own reasoning and verification consume.
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5.3 Learning retrieval policies

Training decides which controller decisions receive feedback and which component changes. A
retrieval trigger can learn directly from labels for when the model needed evidence. Multi-step
search is harder to supervise because answer correctness is observed only after all the searches.
A final-answer reward scores the whole sequence without identifying which query helped.

Supervised decisions and reflection The simplest supervision labels when a particular
model needs retrieval. Questions it answers correctly without context become direct-answer
examples; failures become examples of emitting a retrieval token and answering from retrieved
context (Adapt-LLM [116]). These labels depend on the model that produced them. Richer
supervision teaches evidence use too. A critic can annotate whether retrieval is needed, a passage
is relevant, the output is supported and the answer is useful (Self-RAG [12]). The generator learns
to produce the corresponding reflection tokens through next-token prediction. Weighting those
tokens at inference adjusts citation behavior without retraining. In the reported open-domain,
reasoning and fact-verification tasks, the trained model outperforms retrieval-augmented chat
baselines. Supervision can therefore teach both the decision to search and the judgments needed
to use its results.

Outcome rewards and training environments Reinforcement learning (RL) can replace
labels for individual search decisions with a reward for the final answer. The model explores
sequences of reasoning and searches and learns which lead to correct answers [37, 117]. Retrieved
documents are supplied observations rather than actions the model chose to write. Masking them
from the training loss updates the policy only for its reasoning, queries and answers (Search-R1
[37]). A live engine makes training costly and exposes it to uncontrolled changes in results. A
simulated engine can instead return useful or deliberately noisy documents during training, with
a real engine used at inference (ZeroSearch [118]). Policies can likewise learn to search graphs
[119] or choose among tools [120]. Final-answer rewards remove the need for labeled search
traces, but leave the contribution of each search unspecified.

Credit, efficiency, and controller placement A final-answer reward cannot distinguish
a useful search from an irrelevant one followed by a correct guess. Answering “Tagore” from
memory earns the same reward as answering from retrieved support. More targeted feedback
can separate planning from execution or score the evidence path itself. APEX-Searcher [121]
rewards correct decompositions and trains execution separately, while PathRouter [122] weights
answer rewards by evidence-path quality and adds teacher guidance for poor searches. Efficiency
needs feedback too. Training on a mix of questions answerable from memory and questions
requiring search teaches a policy to skip unnecessary retrieval; on knowledge tasks it already
handles, it searches for fewer than 2% of questions (SEM [123]). Stage-specific and evidence-based
rewards give a policy reasons to search well, while mixed training questions teach when search is
unnecessary.

The system’s constraints also decide where learning can happen. Training the generator end
to end rules out a frozen or proprietary model. One alternative trains only a separate search agent
and rewards it by how much its evidence improves a frozen generator’s answers over standard
RAG. Averaged over six general question-answering benchmarks, it outperforms baselines trained
on 70 times more data, using about 2.4 thousand training examples (s3 [124]). Computing its
reward still requires running the frozen generator in every training episode. Learning can also
move into the retriever: one method uses reinforcement learning to train only the embedder,
which learns to choose successive chunks of a long document, so the language model never has to
learn to write queries (Q-RAG [125]). A trained controller can sit in the generator, in a separate
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search agent or in the retriever, and the choice decides which models must be open to training
and which can stay frozen.

6 Evidence integration

The evidence E helps only if it reaches the generator in a usable form and the generator uses it.
Integration covers the context constructor A and the generator G in Eq. (2), and each can lose
what retrieval found. A compressor can drop the date that tells the 2021 population report from
the 2023 one, a generator can side with its memory over the retrieved report, and an answer can
cite a source that does not support it. We organize this section by what happens to the evidence:
what of it reaches the context (§6.1), how the generator combines several pieces (§6.2), how it
handles evidence that conflicts with its memory or with other sources (§6.3), and how its claims
are tied back to their sources (§6.4).

6.1 Context construction and compression

Concatenating the selected passages keeps their wording but spends the context budget on useful
facts and surrounding text alike. Compression shortens the context by keeping source text,
rewriting it, or replacing it with learned vectors. Each choice decides what survives and whether
it can still be traced to its source.

Extractive and abstractive compression FExtractive compression keeps original sentences,
so retained text can be traced directly to its source. Sentence selection can use a classifier that
reads the sentence in its document context (EXIT [40]), a reranker [126], or the generator’s
attention when its internals are accessible [127]. The document-aware classifier raises average
exact match by about 4 points over uncompressed documents with a large generator. A separate
comparison with a smaller generator favors extraction over rewriting: the extractive pipeline
answers in under a second where an abstractive compressor needs more than eight. Selecting
sentences retains source wording without paying for a newly generated summary.

Abstractive compression rewrites evidence into shorter text. It can merge repeated facts
or make evidence easier for the target model to read by combining a summarizer’s predictions
with that model’s predictions [128]. Iterative systems can also replace previously read page
images with compact notes (VISOR [129]). Rewriting, however, can hide a loss of support. In
one comparison, answers built from abstractive summaries have citation precision (§7.2) of 0.86
against those summaries but only 0.12 against the original sources; extractive compression retains
0.43-0.49 against the originals [130]. If a summary keeps the population ranking but drops
“according to United Nations estimates from April 2023”7, a citation to the summary cannot
recover the missing date. For answers that require verifiable citations, extraction preserves a
more reliable link to source wording.

Latent compression and structured rendering Latent compression replaces text with
learned vectors. An encoder can turn a long context into a few memory slots for a frozen language
model (ICAE [131]), or a projection can map the retriever’s document vector to one generator
input embedding (xRAG [39]). These methods shorten the input, but the vectors contain no
quotable spans. Verifying source wording requires retaining the original text alongside them.
Structured rendering instead controls which explicit facts fit in the context. A graph ordered
by distance from the question’s entities preserves answer-bearing edges that a naive rendering
loses to truncation [132]. Selecting regions from a hierarchy over multimodal evidence similarly
cuts input by 14-28% relative to the same iterative pipeline without compression [133]. Vector
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compression reduces the tokens the generator reads; structured selection also keeps readable
evidence for checking what survived.

Formatting changes what the generator can use even when the content is fixed. Converting
passages into atomic statements in JSON lowers performance on multi-hop and temporal reading
tasks, while Markdown removes that penalty and uses 33-46% fewer tokens [134]. Metadata
helps where the question needs it. Adding the period during which each fact holds improves
accuracy on questions that filter facts by date, which is what the population question requires.
Splitting a paragraph whose events depend on one another into separate statements, however,
hurts questions about how those events relate in time. A context format therefore has to suit the
task, since the format that helps date filtering hurts temporal reasoning.

Ordering and context length Generators can use the same passages differently depending on
their order. In a controlled reproduction, two open models answer nearly equally well wherever
an answer-bearing document is placed, but their end-to-end RAG accuracy still changes with
document count and ordering [135]. Long answers also tend to follow the order of their source
documents [136]. Ordering therefore needs to be tested on retrieved sets and final answers, even
when moving one known answer-bearing passage has little effect.

Context length poses a separate choice. Reading a whole supplied document does better
overall than retrieving from it, especially for Wikipedia articles and stories [16]. For larger
collections, retrieval lets a short-window model match the same model with a fourfold longer
window, and also improves the extended model [15]. Full-document reading suits a known,
self-contained source; retrieval remains useful when relevant evidence is scattered through more
text than the model should read at once.

6.2 Fusion architectures

When several passages are retrieved, the generator must combine them, and the point at which
it combines them decides how much access the system needs, even when the model itself stays
frozen. Table 2 compares the mechanisms by what the generator reads, how the evidence is
combined, what access and training each needs, and what extra work it adds at inference.
Combining passages in a shared prompt needs only text access, combining predictions made from
each passage needs token probabilities, and combining internal representations needs access to
embeddings, attention caches or encoder and decoder internals.

Prompt and probability fusion Prompt fusion places retrieved text in an unchanged model’s
input. It needs only a text interface and can improve language modeling without retraining
(In-context RALM [11]). More frequent retrieval helps further in that evaluation, while requiring
the prefix to be recomputed each time. With access to token probabilities, probability fusion
can instead combine predictions from separate model runs. Retrieval-weighted averaging runs
the model once per document (REPLUG [5]); related methods combine passage-conditioned
probabilities for a whole output or separately at each token [8]. Another mixes predictions
from the full prompt with those from retrieved text alone to favor the evidence [140]. Separate
predictions can be combined without letting the model compare the sources. If four equally
weighted old reports favor China and one new report favors India, averaging their predictions
can preserve the outdated majority. Resolving that disagreement requires comparing what the
reports say and when it applies.

Representation fusion Representation fusion lets the generator attend jointly to internal
representations of several passages. For example, FiD [4] encodes each passage separately with
the question, then lets the decoder read all the resulting states. Encoding cost grows linearly
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Table 2: Evidence fusion at the prompt, prediction or internal-representation level, with its access and
training requirements.

Method Evidence at Fusion Inference access Learned Online work
generator components
RAG- Passage text Average passage- Token Query encoder; Candidate
Sequence [8] conditioned probabilities generator generation per
probabilities for passage;
the whole sequence scoring
output
RAG-Token Passage text Average passage- Token Query encoder; Per-passage
8] conditioned probabilities generator next-token
probabilities at prediction
each token
FiD [4] Passage encoder Decoder attends Encoder and Encoder; Independent
states to all passages  decoder decoder encodings; joint
internals decoding
In-context Passage text Prepend to Text prompt Optional Prefix
RALM [11] input prefix reranker recomputation
after retrieval
REPLUG [5] Passage text Average token ~ Token Retriever One generator
predictions, probabilities (optional) pass per passage
weighted by
retrieval score
RETRO [10] Encoded Chunked Decoder Encoder for Chunk retrieval;
retrieved chunks cross-attention internals retrieved chunks; encoding;
and the text decoder cross-attention
after each (retriever frozen)
xRAG [39] Dense retrieval Project to one  Input Projection layer Projection; one
vector input embedding embeddings evidence token
KV-Fusion Stored attention Join these Attention Answer decoder Passage
[137] keys and values representations caches; decoder representations
for each passage before decoding internals computed in
parallel; joint
decoding
MuRAG [138] Image patches; Joint Multimodal Multimodal Visual encoding;
text embeddings multimodal model internals encoder; decoder joint reading
encoding;
decoder
attention
VisRAG Retrieved page Joint Multi-image Retriever Image
(multi-image) images multi-image prompt processing;
[139] prompting multi-image
decoding

with passage count, and answer accuracy improves as more passages are added in its experiments.
The decoder can connect the population report to the anthem passage even though neither
alone answers the question. Other designs insert retrieved chunks through internal attention
[10], join stored attention keys and values from separately encoded passages [137], or learn how
much retrieved information to admit into the model’s hidden states [141]. These mechanisms
require access to the internals and usually training. A text-only alternative generates separate
answers and votes among them when joint prompting returns no answer [142]. Voting can select
a complete answer from one passage; joint reading can construct an answer from facts spread
across passages.
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Multimodal reading Multimodal generators can read retrieved media jointly or combine
separate answers. Joint encoding lets a decoder attend to retrieved images and text together
with the query (MuRAG [138]); multi-image prompting gives it several retrieved page images
directly (VisRAG [139]). With a single-image generator, the latter pipeline can join pages into
one image or answer per page and select by confidence and retrieval score. A staged approach
first records evidence from each image and then reasons over those records, focusing attention on
supporting regions (EVisRAG [143]). Joint reading enables comparison across pages; separate
answering suits single-image models when one page can supply a complete answer.

6.3 Grounding and conflicting evidence

Once evidence reaches the generator, it must decide which claims to accept. Conflicting sources
call for comparison, a draft calls for verification, and missing support may call for abstention.
These responses address different failures: following an outdated memory, accepting a claim that
the evidence does not justify, or guessing when a required fact is absent.

Parametric knowledge and source disagreement Controlled conflict studies find two
biases. Models favor retrieved passages that agree with what they memorized, and they tend to
follow the position that more passages state [21, 22]. A model shown a single coherent passage
that contradicts its memory usually accepts it, but once a passage agreeing with its memory is
added, one model returns to its prior answer about two times in three [22]. Repetition reinforces
the effect: paraphrases of one claim shift answers more than independent pieces of evidence do
[144]. Suppose the population retrieval returns mostly old reports and the model still recalls
China as the leader. Source counts and remembered knowledge then reinforce the same outdated
answer. Resolving the conflict requires checking dates and source dependence instead of treating
repetition as independent confirmation.

Explicit conflict handling Conflicts can be handled during token prediction or through an
explicit report before answering. Contrastive decoding compares predictions made with evidence
against those made from memory or misleading context, then suppresses the competing signal
(CD2 [21]). It needs access to token predictions and improves answer recall by about 2 points
in the reported conflict test. An explicit report instead records the model’s own view, refines
retrieved statements and summarizes their disagreements for the final generator (CARE-RAG
[41]). The full pipeline improves exact match over standard RAG across tested models and
datasets. Token-level correction avoids a separate report-generation pass; reporting adds work
but exposes the disagreement to both the final generator and a reader.

The right way to resolve a conflict depends on why the sources disagree. The 2021 and 2023
reports disagree because the world changed; a fabricated page naming a different author for
India’s anthem disagrees because someone planted it. One method decides from the context
whether a conflict reflects change over time, deliberate manipulation or unresolved uncertainty,
and only then decides how to present the evidence (EvoTrustRAG [145]). The credibility of each
source is another signal. Giving the generator a reliability rating for each publisher addresses
the case in which misleading sources outnumber reliable ones [146]. When a conflict cannot be
resolved, a system can keep it explicit: it can turn the evidence into a measure of uncertainty
and choose to answer, to explain the disagreement or to abstain [147]. Questions with several
legitimate readings call for a qualified answer instead. Neither counting sources nor deferring to
the newest-looking one handles all of these cases, because resolving a conflict requires knowing
whether the sources describe different times, different readings of the question, or a falsehood.
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Verification and revision Checking a draft against explicit premises can catch claims its
evidence does not justify. One method extracts question-relevant premises, drafts an answer and
revises it when a support scorer finds weak support (PAVE [148]). With retriever and model
fixed, this raises accuracy by 33 percentage points over standard RAG on a subset of SQuAD.
The premises must retain the conditions on each claim. A list that drops “according to 2023
estimates” can make a timeless population ranking appear supported, just as a compressed
summary can hide missing support (§6.1). Verification should therefore preserve a route from
each premise to the original evidence, including its dates and qualifications.

Selective use and answering Training can teach a model to use evidence selectively. Fine-
tuning on a mix of relevant and distracting documents placed in the prompt teaches it to ignore
what does not help [20, 149]. When the context lacks what the answer needs, the right response
may be to abstain. When a classifier’s judgment of sufficiency decides when to abstain, the share
of correct answers among those the model gives rises by 2-10 points across model families [19].
Training can teach the same boundary directly. One method orders evidence from unsupported
through partial and minimally sufficient to redundant, and trains the model to abstain until
the evidence becomes sufficient [150]. Another trains the model to tell missing knowledge
from ambiguity in the question, and to withhold answers in uncertain or conflicting cases [151].
Selective answering gives fewer answers in exchange for more reliable ones. Abstaining whenever
the context is insufficient would also withhold “Tagore” after the system has retrieved only the
2023 report, although many models know the answer. The right policy therefore depends on
whether an application accepts correct but unsupported answers.

6.4 Attribution and citations

Citations let a reader check an answer, but only if each citation points to a source that supports
the claim beside it. A sentence stating that Tagore wrote India’s anthem, cited to the 2023
population report, has a citation but no support. Benchmarks for generation with citations
give the model numbered passages, ask it to cite them statement by statement, and check each
citation with a model that judges whether the cited passage supports the statement [38]. Giving
the model summaries or snippets of the passages instead of their full text makes its answers
more often correct but lowers the quality of its citations. Shortening the evidence thus trades
citation quality for correctness, so the two have to be measured together.

Before and during generation Citations can be fixed before the text is written. One method
selects fine-grained source spans first, plans how to use them, and then generates sentences
grounded in those spans, so each sentence’s support exists before its wording does (Attribute
First, then Generate [152]). Planning with a sequence of questions that the text will answer
improves attribution in the same way [153]. Inline methods cite while generating. One requires a
document identifier and a verbatim snippet after every claim. It either enforces this format with
constrained decoding or lets the model write an approximate snippet and afterwards matches it
to the closest exact span in the source (FullCite [154]). The second approach raises the token F1
(§7.2) between quoted and source snippets on ASQA from about 13 to 62 for one model. Exact
quotation makes every cited span easy to locate and check.

Post-hoc support alignment A located span still has to support its claim, and post-hoc
methods check and repair citations after generation. They differ in what they may change: one
refines only the citations of a finished answer [155], while another checks the draft’s claims against
the extracted evidence and can rewrite what the answer says (VeriCite [42]). Citations can also
be made more precise, pointing to the shortest sub-sentence span that suffices [156]. Repair
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has to check the original sources. As Section 6.1 showed, citations checked against compressed
summaries can look accurate while most of them cannot be traced to the original text, so aligning
citations to a summary hides exactly the loss the check should catch.

Influence and visual evidence A supporting citation can be attached to an answer produced
from memory. Influence asks whether the source changed the model’s predictions, rather than
whether it justifies the claim. One method identifies answer tokens whose probabilities shift
with the context and traces them to source words through gradients (MIRAGE [157]). Another
removes random subsets of sources, measures changes in answer probability and fits a sparse
linear model to estimate each source’s contribution (ContextCite [158]). These methods estimate
dependence on the evidence through internal computations or repeated model runs. They
complement citation checks by asking what changed the prediction, not merely what could
support it.

For charts and scanned pages, an attribution must also say where on the page the support
lies. One method generates the answer together with a bounding box around the supporting
region of the original screenshot (VISA [159]), and another trains each step of its reasoning to
name the page and region it relies on (Look-As-You-Think [160]). If the population ranking
appears only in a chart, a box around the crossing curves lets a reader check a claim that a
citation to the whole page would leave vague. Region-level attribution makes visual evidence as
checkable as quoted text.

7 Evaluation and diagnosis

Evaluation asks whether each stage did its job: whether retrieval found relevant evidence, whether
the context was sufficient, whether the output is supported by the context and correct, and
what all of this cost. Because these criteria concern different objects in Eq. (2), a single answer
score cannot say which stage failed. Suppose a system names the author of China’s anthem in
reply to the anthem question. Retrieval may have returned an outdated report, or the generator
may have ignored a current one; either way the answer is scored wrong. If the benchmark’s
reference answer itself dates from before 2023, the same answer is scored right. We organize
this section around what an evaluation has to specify: the task, the evidence it supplies and the
controls that make comparisons fair (§7.1); the measurements for each criterion and the judges
who apply them (§7.2); the interventions that locate failures and the attacks and defenses that
test robustness and privacy (§7.3); and the resources a system spends (§7.4).

7.1 Tasks, benchmarks and experimental controls

An evaluation supplies a question and access to evidence, then judges whether the answer meets
the task’s requirements. Four task families need different references. (i) Fact lookup asks for one
localized fact, usually checked against an answer string. (ii) Multi-hop answering connects several
facts, such as the country and author in the anthem question. Benchmarks connect Wikipedia
articles (2WikiMultiHopQA [161]) or news articles (MultiHop-RAG [162]) and annotate gold
evidence, the facts or passages designated as supporting the reference answer. (iii) Long-form
answering requires coverage of several points or interpretations. ASQA supplies ambiguous
questions and reference answers covering their readings [163]; citation benchmarks add support
checks (ALCE [38]), while Long?RAG measures coverage of document key points [164]. (iv)
Collection-wide synthesis asks what many sources say about a theme, so success requires breadth
rather than one answer-bearing passage [28].

Benchmarks also differ in what evidence the system receives, which decides the stages they
test. Some fix a collection that the system must search, such as Wikipedia for knowledge-intensive
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tasks [165] or a fixed, human-verified set of web documents for deep-research questions [166].
Others supply the context, as a long text or as a multi-page document with charts and evidence
spread across its pages [167, 168]. A benchmark can also mix source types, such as text, tables
and knowledge-graph records, and annotate which source each question needs [169]. Table 3
compares representative resources by the evidence the system receives, what they measure and
how they score it. A score on a benchmark that supplies the context says nothing about whether
the system could have found that context.

Matched conditions A diagnostic comparison changes the evidence condition while keeping
the question, generator and decoding settings fixed. One protocol uses four conditions: no
evidence, retrieved evidence, the full source and only the gold supporting evidence [171]. The
differences reveal how much retrieval recovers and how much the generator uses. Comparing two
retrievers requires additional controls on evidence budget and presentation, so a longer input or
a different ordering does not masquerade as better retrieval. The collection snapshot, source
versions and possible training exposure must also be recorded. Reference answers age along
with sources: a reference from 2021 would name the author of China’s anthem for the running
question. A fixed collection removes live-search variation [166]; recording when the collection
and references were fixed makes the comparison reproducible.

7.2 Component and answer quality

Each criterion of Section 2.1 has its own measurements. Retrieval metrics score the evidence
E, sufficiency ratings score the context C', support metrics compare the output y with C', and
answer metrics compare y with a reference. Figure 4 places the measurements along the evidence
path. Many are applied by judges, human or automatic, and Table 4 shows several of them side
by side.

Retrieved evidence and sufficiency Ranking evaluation receives a question, a retrieved list
and relevance annotations. Success means placing relevant units early. Hit@k is the fraction of
questions with at least one relevant unit in the top k. Mean reciprocal rank (MRR) averages the
reciprocal rank of the first relevant unit, assigning zero when none is found. A first relevant unit
at rank three contributes 1/3. Normalized discounted cumulative gain (nDCG) sums relevance
gains with rank r weighted by 1/logy(r + 1), then divides by the sum for an ideal ranking. Gains
commonly use 2! — 1 for a graded relevance label rel. The @k variants stop at rank k; these
scores range from zero to one and are often reported as percentages.

Multi-hop evaluation also checks completeness. Precision P is the fraction of predicted
units matching the reference, and recall R is the fraction of reference units recovered. F1
combines them as Iy = 2PR/(P + R), with zero when both are zero. Gold-evidence recall
applies recall to annotated supporting units recovered by retrieval. Support F'1 compares selected
evidence with annotated supporting sentences or passages. For the anthem question, ranking the
population report first gives perfect MRR, but retrieving no anthem passage recovers only half
of a two-passage gold set. Joint task-and-evidence scores enforce both requirements.?

Gold-evidence recall still counts units, not information. Sufficiency instead asks whether the
context C' allows a definite answer, which an LLM rater can judge without a reference answer
[19]. A rater must detect missing information rather than topical overlap. One lightweight scorer
is built to ignore passage count and word overlap. Tested on pairs of contexts in which one
member lacks a needed fact, it ranks the sufficient member higher in 84% of pairs on average
[173]. Earlier sufficiency raters that run locally do worse, and so does a large commercial model

2KILT credits a task output only when the full annotated set of gold pages is retrieved [165]. Reader-interface
diagnostics can further require every gold unit to reach the generator’s input [172].
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Table 3: Evaluation resources by the evidence the system receives, what they measure, and how they

score it.

Resource and kind Task / evidence Evidence setting Measured target Scoring /
unit annotation
KILT [165] Knowledge- Fixed collection Task output; Task metrics; gold
Benchmark intensive tasks; search retrieval of gold pages
Wikipedia pages pages; output
credited only with
all gold pages
MultiHop- Multi-hop Fixed collection Evidence retrieval;  Gold evidence per
RAG [162] questions; news search answer accuracy query
Dataset chunks
ASQA [163] Ambiguous Collection search;  Coverage of Human references;
Dataset questions; long runs without interpretations; word overlap and a
answers retrieval as controls answer quality question-answering
model
ALCE [38] Long-form or list Collection search ~ Fluency; Task metrics;
Benchmark questions; cited correctness; citation model checks that

LongBench [167]
Benchmark

MMLongBench-
Doc [168]
Benchmark
mmRAG [169]
Benchmark

BrowseComp-
Plus [166]
Benchmark
Sufficient
Context [19]
Diagnostic
protocol
RAGChecker [6]
Framework

GroUSE [170]
Judge benchmark

passages

Long text;
questions,
summaries, code
and other tasks
Questions on long
documents; visual
pages

Questions over text,
tables and
knowledge-graph
records
Deep-research
questions; web
documents
Questions;
query—context pairs

Long-form
questions; atomic
claims

Grounded
questions;
reference—answer
tests

Supplied context

Supplied document

Unified collection
search

Fixed collection
search

Supplied or
retrieved context

Retrieved context
and output

Supplied test cases

support

Long-context task
performance

Answer accuracy;
unanswerable
detection
Routing; retrieval;
answer quality

Retrieval; answer
accuracy; search
calls

Sufficiency;
correctness;
abstention

Recall of reference
claims; correctness;
support by context
Judge calibration;

failure detection

each citation
supports its
statement
Task-specific
automatic metrics

Reference answers;
accuracy and F1

Pooled LLM
relevance labels

Human-verified
evidence documents

LLM sufficiency
and answer raters

Reference answer;
LLM checks of each
claim

Curated unit tests;
expected score
ranges

prompted as a rater. Scores of this kind order contexts by sufficiency, and a system that abstains
on them still has to choose a threshold. Because these raters need no reference answer, a system
can run them before it generates, to decide whether to answer or search again.

Sufficient context improves answers only when the generator uses it. On three question-
answering benchmarks, models answer more accurately when the context is sufficient, yet they
still often answer wrongly instead of abstaining [19]. Checking sufficiency can identify whether
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Figure 4: Evidence can be lost in retrieval, context construction or generation. Supplying gold evidence,
restoring or dropping it, and changing its presentation test these stages separately. The lower panels
distinguish support for an answer from agreement with a reference [6, 19, 165, 172].

more evidence is needed, but answer and support checks are still needed to detect mistakes made
after that evidence arrives.

Claims, citations, and abstention Answer evaluation compares the generated output y with
a reference. Fzxact match (EM) gives one when the normalized prediction equals an accepted
reference and zero otherwise. Answer F1 applies the preceding calculation to token occurrences in
the prediction and reference. It gives partial credit to “Rabindranath Tagore” against “Tagore”,
while exact match rejects the longer form unless the benchmark accepts it as an alias. Judged
accuracy is the fraction of answers an evaluator accepts as correct, permitting equivalent wording
beyond string matching.

Support evaluation instead compares the answer with its context C. Reference-free checks
judge whether answer statements follow from the context [174]. Claim-level frameworks also
compare atomic answer claims with the reference, so correctness and context support receive
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separate scores [6]. For citations, citation recall is the fraction of statements fully supported by
the passages they cite. Citation precision is the fraction of citations contributing to that support
[38]. These checks establish justification rather than influence (§6.4). Inserting a supporting
statement into a previously uncited document makes one model cite that document in up to 57%
of cases [175]. A plausible citation alone therefore cannot establish that the source shaped the
answer.

Abstention needs a stated policy before it can be scored. One evaluation model treats a
system as successful when it answers correctly after retrieval succeeds or abstains after retrieval
fails [176]. On one benchmark, systems with nearly identical accuracy differ threefold in how
often they follow this policy, because some of them guess when retrieval fails. Accuracy among
attempted answers hides such differences. A risk—coverage curve keeps them visible by plotting
the error rate among answered questions against the share of questions answered, so that two
systems can be compared at the same share.

The unit of support must also match the representation. For graph-based systems, evaluation
can compare paths and communities in a knowledge graph built from the answer and the context,
instead of isolated facts [177]. For multimodal sources, one framework splits the answer into
atomic subclaims and checks each against text, image, audio or video sources, since text-only
metrics adapted to video correlate poorly with human judgments [178]. Text overlap cannot
show whether a chart, an image region or a stretch of audio supports a claim, so multimodal
evaluation has to check the claim against the medium itself.

Judges and human assessment A language-model judge must be validated for the judgment
it is asked to make. On a benchmark of controlled answer variations with expected score ranges,
existing evaluation frameworks miss important failure modes [170]. Open evaluator models fail
many of its individual tests even though their scores correlate strongly with those of a large
commercial judge. For support judgments in a shared evaluation of RAG systems, an independent
expert agreed more with a language-model judge than with the original human annotator [179].
Humans who post-edited the model’s labels agreed with them far more often than humans who
judged from scratch, 72% against 56%, so editing anchors the human judgment. People differ
among themselves too. For long-form answers, crowd workers favor concise answers, whereas
domain experts penalize answers that omit important content, and standard automatic metrics
correlate poorly with the experts [180]. Failure detection, system ranking, individual support
labels and overall preference are different properties, so a judge validated for one cannot be
trusted for another.

Whole-pipeline comparison Scientific question answering illustrates the difference between
choosing a pipeline and isolating a mechanism (Table 4). Six pipelines answer synthetic questions
about the problem or method described in a paper abstract [81]. They share the collection and
generator; successful retrieval returns the paper used to write the question. Hit@3 and MRR@3
measure that success. A separate model assigns overall answer ratings from one to five using
only the question and answer, so it does not check support against the retrieved papers.

The configurations change more than one component: reranking increases the candidate
pool, and late interaction changes the encoder as well as matching. Under those conditions, the
late-interaction pipeline retrieves the target among its top three results about twice as often as the
baseline and receives higher answer ratings. Rank fusion over query rewrites and model-directed
tool calling both fall below the baseline on the paired answer-score comparison. For these
synthetic scientific questions, the tested late-interaction configuration gives the strongest retrieval
and answer ratings.
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Table 4: Retrieval and answer scores for six scientific question-answering pipelines that share a collection,
a generator and a judge.

Pipeline Hit@3 MRR@3 Answered mean Paired A [95% CI]

(%) (%) (1-5)
Problem queries (n = 9,742); study: [81]
Baseline 46.3 39.3 3.71 Reference
Query rephrased 39.7 33.3 3.69 —0.023 [—0.040, —0.006]
Rephrased + reranked 47.5 41.6 3.84 +0.126 [4+0.110, +0.142]
Rank fusion (RRF) 38.6 30.6 3.64 —0.093 [~0.111, —0.076]
Tool call 45.7 39.0 3.57 —0.170 [—0.190, —0.150]
Late interaction (ColBERT) 92.8 89.4 3.96 +0.272 [4+0.255, +0.290]
Method queries (n = 9,742); study: [81]
Baseline 46.8 40.6 3.50 Reference
Query rephrased 45.9 39.7 3.55 40.059 [4+0.039, +0.079]
Rephrased + reranked 52.8 48.2 3.71 +0.231 [+0.212, +0.251]
Rank fusion (RRF) 44.2 36.4 3.47 —0.057 [-0.078, —0.036]
Tool call 48.5 42.4 3.51 —0.050 [—0.073, —0.027]
Late interaction (ColBERT) 94.8 92.2 3.92 +0.467 [40.446, +0.487]

The answered mean averages overall judge ratings only where an answer was produced. Paired A averages
per-question score differences from the baseline over all questions, counting non-answers as zero. CI denotes the
study’s 95% confidence interval for that difference. The different treatment of non-answers explains why the two
columns can favor different pipelines. The common generator also wrote the questions; all pipelines search 463,971
arXiv records.

7.3 Failure analysis and robustness

Diagnosis tests how answers change when evidence or search steps are altered. Missing or
reordered evidence probes retrieval and context use; changes to an intermediate search probe
error propagation. Adversarial tests then ask whether a system retrieves and adopts planted
material, while privacy tests ask what a query or answer discloses. Each test needs a defined
intervention and an observed consequence rather than a judgment of the final answer alone.

Evidence interventions Removing a found gold passage, or restoring a missed one, tests
whether the generator’s answer depends on it (Figure 4). On multi-hop benchmarks, missing
gold evidence at the generator’s input costs 22—41 points of answer F1; restoring it raises F1 by
a similar amount. Moving that evidence to the front of an otherwise unchanged context adds
3—7 points [172]. These interventions distinguish missing information from poorly presented
information. A comparison of retrievers must keep presentation fixed because ordering alone can
move answer F1 by several points.

Distractor tests must specify the starting evidence, the number of added passages and their
similarity to the question. One study reports that near-topic passages without the answer distract
more than random passages, and that adding random passages can improve accuracy [181]. A
later replication adds five non-gold passages from each similarity band to gold or retrieved
evidence. No tested band improves correctness above the gold-only baseline, and the pattern
persists with the earlier study’s generator [182]. Random text is therefore not a dependable
remedy for poor evidence; any benefit must be demonstrated for the model and context being
used.

Targeted perturbations reveal failures that random damage can miss. In knowledge graphs,
deleting answer-path edges hurts much more than deleting a fifth of all edges at random [183].
Ordering tests also need enough questions: the apparently best order can change between small
test samples [135]. A robustness result should therefore state which evidence was changed and
how the tested questions were sampled, so random perturbations do not hide dependence on a
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particular fact or order.

Search trajectories and causal attribution A search trajectory records queries, returned
evidence and intermediate outputs in order. Comparing accumulated evidence with the gold set
shows when useful material arrived and which steps added none. Across six agents searching
a fixed collection, answer accuracy correlates strongly with accumulated gold-evidence recall
(r =0.99) and weakly with final context size (r = 0.16). Between 78% and 94% of steps add no
new gold evidence, and most useful evidence arrives early. A retrospective estimate puts accuracy
retained by a 20-search cap at 86-92% of full-run accuracy [184]. These observations identify
costly repetition and favor measuring evidence gathered over simply measuring context length.

Locating a causal failure requires changing the suspected step. Suppose an old report directs
the search toward China. Repairing that step and rerunning the continuation tests whether the
correction recovers the right answer. In a benchmark that deliberately corrupts intermediate
evidence, repair-based probing identifies the faulty step in two thirds of 18 failed cases at depth
two, whereas diagnosis from final evidence coverage identifies none [185]. The small test supports
intervention as a diagnostic tool when later errors hide the initial fault.

Written reasoning can be tested in the same way. Explicit reasoning about conflicting evidence
improves answer accuracy, but that gain alone does not show that the written rationale caused
the answer [186]. Injecting errors into the rationale changes one model’s answers in most cases
and barely changes another’s. Comparing original and perturbed continuations therefore tests a
dependence that final answer scores and plausible reasoning traces leave unresolved.

Adversarial exposure and privacy Adversarial tests place deliberately misleading material
in the collection and measure whether it is retrieved and believed. An attack can optimize a
passage to rank highly across a topic while poisoning no more than a millionth of the collection
[187]. In another benchmark, planted passages rank first for more than 83% of questions [188].
A false page crediting India’s anthem to another author has reached the model if retrieved; it
changes the answer only if the generator adopts it. Exposure and adoption must therefore be
measured separately.

Generator tests measure the answer change after contaminated evidence is supplied. A small
chat model invents answers for 96% of questions with answer-free contexts, and adding one
adversarial document removes more than half of its correct answers [189]. Training against
contamination provides a direct defense test: one RL method rewards correct extraction without
adopting planted claims or following planted instructions [190]. Adoption falls from 73% to
69%, a statistically inconclusive change, and obedience to planted instructions does not fall.
Robustness tests must measure both ranking exposure and the generator’s response, since a
defense at either stage can leave the other failure intact.

Privacy evaluation first specifies the observer and the information to hide. A remote index
service can learn a user’s interests from the query. Private retrieval protocols restrict that
disclosure at the cost of computation and communication. A client can select a document cluster
locally from public cluster centers, then fetch it using encryption that permits computation
without revealing the plaintext (PIR-RAG [191]). Alternatively, a perturbed query vector can
narrow the search before encrypted exact-distance computation and private document fetching
(RemoteRAG [192]). These protocols address what the retrieval server observes; protecting the
collection from users requires checking generated answers as well.

The generator can still reveal the collection. Prompts can make a RAG system reproduce
private documents from its retrieval database [193]. An attacker can also infer whether a
particular document is in the database from the answers alone, or from token probabilities where
they are exposed [194]. Defenses must be checked at the stage they claim to protect. One audit
examined three RAG implementations meant to provide differential privacy, a guarantee limiting
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what their outputs reveal about any single document [195]. Their apparent protection came from
changes at retrieval, while their hooks at generation were inactive placeholders. Canary strings,
deliberately inserted text unlikely to occur naturally, test whether generated answers disclose
source content. A defense that changes one part of the system protects only that part.

7.4 Efficiency and resource trade-offs

Resource evaluation measures the work needed to prepare a system and answer its queries at a
stated quality. Preparation includes index construction, refreshes and model training. Query work
includes encoding, searching, reranking, compression and generation. In the anthem example,
choosing a second search requires intermediate reasoning as well as another retrieval, and the
final generation reads evidence from both. Search and token counts capture parts of that work.
We distinguish stage-by-stage runtime costs, work moved into preparation and storage, and
budgets that limit expensive queries.

The resource measures count different things. Latency is elapsed time to an answer; time
to first token measures only the wait for generation to begin. Energy per query is the energy
consumed by the measured hardware while answering, reported in joules. Monetary cost totals
charges for model calls, tools and source access. These measurements require stated boundaries,
including whether preparation is counted and whether requests run individually or in batches.

Stage profiles and hardware Profiling tests whether a stage saves more downstream than
it consumes. In a system retrieving ten documents for an eight-billion-parameter generator,
reranking reduces time to first token from 322 to 165 milliseconds, offsetting its own 24-millisecond
overhead. Combining reranking and compression cuts energy per query by two thirds [196]. On
an edge device, however, removing only a tenth of the context raises total energy use by up to
13% because compression costs more than it saves [197]. Shorter prompts improve efficiency only
when the measured generation savings exceed selection or compression overhead.

Retrieval accuracy also trades against memory and latency. On financial and technical
documents, a late-interaction page-image retriever ranks evidence best among the tested pipelines,
but needs ten times the memory of a single-vector visual retriever and more than 20 seconds
per query. Dense pipelines finish in under a second [198]. The ranking gain therefore suits
applications that can afford slower queries and larger indexes; a latency-constrained application
must weigh that gain against its response-time budget.

Preparation, storage, and communication Precomputing passage representations moves
work out of each query while adding storage. A small query-time encoder can adapt those
representations and match full retrieval-augmented reading at a fraction of its query computation
(LUMEN [199]). Graph extraction makes preparation costly in a different way. Limiting extraction
and using graph elements to point back to source text retains answer quality at a fraction of full
graph-construction cost [200]. The comparison must therefore include both what is precomputed
and how often that preparation will be reused.

Dialogue memory makes the importance of reuse concrete. In one reproduction, building a
memory costs 73-120 thousand tokens for each dialogue history, while reducing the context read
per question from about 1.0 to 0.7 thousand tokens [201]. Heavy compression answers 57% of
questions correctly, below the 67% from retrieving raw turns, while milder compression reaches
71%. Changing only the retriever over a fixed memory store moves accuracy from 58% to 76%.
A short final prompt therefore establishes neither a low total cost nor a good memory design.
Preparation must be amortized over the questions that reuse it, and compression must be tested
with the retriever that will read the memory.

Private retrieval adds communication as well as computation, through cluster downloads or
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encrypted distance calculations (§7.3). Reporting final prompt length alone misses that work.
Cost reports should separate preparation, query computation, storage and transferred data so
applications can compare the resources they actually pay for.

Budgets and tails A small number of expensive queries can dominate resource use. In one
hybrid-retrieval evaluation, an exact top-20 ranking takes fewer than 311 document accesses for
most queries but more than 3.5 million for a difficult one. Limiting accesses directly retains
at least 95% of nDCG@20 while avoiding much of that work [202]. Search caps offer a related
control for agents, with the retrospective accuracy trade-off described in Section 7.3. A budget
should bound the operation that consumes resources, such as document accesses or search calls.
Reports should then show the resulting quality and the distribution of actual costs, including
expensive queries that an average conceals.

8 Open problems

RAG systems must remain reliable as their sources, questions and models change. New population
estimates can leave old summaries and graph edges in the index, alter whether another search
is needed and invalidate a reference answer. We group the remaining problems by what must
stay consistent: evidence across sources and versions (§8.1), retrieval decisions under changing
conditions (§8.2), and evaluations that others can reproduce (§8.3).

8.1 Dynamic and heterogeneous evidence

Freshness requires more than adding new documents. When population estimates are revised,
every representation derived from the old reports, from propositions and summaries to extracted
graph edges and community reports, can keep the old ranking. Questions about earlier states,
such as which country was the most populous in 2020, need the old versions kept as well.
Version-aware indexes record which statements supersede others (§3.1). An index-free alternative
searches the raw documents at query time, trading preparation for computation on every query
[203]. Tracing each part of a question to the passages that answer it and to their verbatim source
text keeps derived evidence checkable [204]. The open problem is to keep derived representations
consistent with changing sources, and to preserve the history needed for questions about the
past, without rebuilding everything at every change.

Gathering complete evidence becomes harder when support crosses repositories, languages or
media. Ranking several repositories by one score can favor the largest or the one whose wording
best matches the question. Allocating the context by estimated source relevance helps retain
evidence from others [205]. Yet a conclusion may require a table, a qualification elsewhere and
a later revision together. Selection and updates must preserve those dependencies as well as
individual facts.

Cross-language search shows how much evidence can be lost before reading begins. In
a benchmark that translates evidence for English deep-research questions into eleven other
languages, supplying gold evidence raises answer accuracy by roughly 65—75 percentage points
[206]. Finding evidence is the larger obstacle, though reading remains harder than with the
original English sources even when gold evidence is supplied. The next test is to preserve support
across native multilingual sources that change over time, including claims whose evidence spans
languages, modalities and versions.
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8.2 Reliable retrieval control

A controller needs to estimate what another search could change. Repeatedly producing the
same answer is weak evidence for stopping when every sample sees the same wrong or empty
retrieval. Separate checks of the answer, evidence and retrieval state detect errors hidden by
that agreement, but one tested rule accepts only about 8% of answers [207]. The problem is to
identify inadequate evidence without either endorsing a repeated retrieval error or abstaining on
almost everything. The decision must also remain reliable when sources, questions or models
change. A policy trained against one engine, including a simulated engine (§5.3), has to recognize
a different engine’s omissions and ranking errors.

Stopping makes errors irreversible within a run: the controller cannot recover missing evidence
after it has ended the search. Coverage-based rules already reduce searches while preserving
answer accuracy in several settings, whereas a separate learned judge saves relatively few searches
(§5.2). The remaining question is when verification reduces total cost after its own computation
is included, and whether the rule still works when the collection or search engine changes.

Detecting a problem must also lead to a useful action. In multi-turn tests with contradictory
evidence, models acknowledge the conflict and still give unsafe recommendations; among the tested
small models, acknowledgment is statistically unrelated to safe resolution [208]. A controller must
choose whether to search again, revise or abstain, rather than merely describe its uncertainty.
Conflicting population reports, for example, call for checking which estimates apply to the
requested date. Training needs to reward that corrective action and test its effect on later
searches, including cases where an early mistake has already changed the query sequence.

8.3 Reproducible system evaluation

Benchmark averages can hide parts of a collection that are barely tested. Entity-based clustering
reveals topic regions with few questions and systematically weaker retrieval [209]. More questions
from the same skewed distribution can leave those regions underrepresented. Generating questions
to fill the gaps introduces dependence on the question-writing model, as in the scientific comparison
of Section 7.2. Reproducible evaluation needs to record both how questions were produced and
which parts of the collection they cover.

Evidence dependence also needs tests that separate source use from memorization. Fictional
news timelines make the supplied evidence necessary by asking about invented events [210].
Real dated claims retain natural questions, while restricting their evidence to earlier documents
prevents later information from leaking into the collection [211]. These designs address different
problems: invented events test reliance on evidence, and dated collections test what could have
been known at the time. A benchmark must state which of those abilities its construction tests.

The evaluator can introduce another source of variation. In a specialized industrial domain, an
LLM judge rates answer relevance up to twice as highly as experts; statistical correction anchored
in expert labels is needed to use its judgments [212]. Together with the judge disagreements in
Section 7.2, this makes validation part of the evaluation itself. Releasing the judge’s instructions
and expert checks helps others distinguish system differences from differences in how answers
were rated.

Reproducing a diagnosis requires the search history as well as the final answer. Removing,
replacing or duplicating evidence in a one-pass pipeline tests dependence on individual items
[213]; in an adaptive pipeline the same change may alter every later query. A recorded trace and
a regenerated continuation therefore answer different questions. Cost comparisons likewise need
the preparation, controller work and hardware measurements of Section 7.4. Shared records of
inputs, search steps, continuations and costs would let an evaluator repeat the intervention and
compare systems under the same resource budget.
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9 Conclusion

A RAG system must preserve evidence from its source to the answer. Indexing can separate a fact
from its context, retrieval can return relevant passages that leave a required step unanswered, and
generation can ignore the needed fact even after receiving it. The anthem example distinguishes
these failures: losing the country’s name in segmentation, retrieving population reports without
an author, or following old reports despite a current estimate. Relevance, sufficiency, support
and correctness check different parts of that path. Keeping them separate lets evaluation identify
a failure and test a repair.

The resulting design choices depend on the task. Fact lookup benefits from small, self-
contained units, while questions spanning a document need longer context or explicit connections.
Source dates, versions and links to original text keep evidence interpretable as collections change.
Later searches help when they fill an identified gap, and support checks for each required step
offer a concrete stopping rule. Compression must be judged by what support survives, and
conflicting sources by why they disagree. Comparisons must then include the work of making
these decisions, along with preparation, storage and generation. Evaluations that follow the
evidence through these stages can explain both an answer’s quality and the resources needed to
obtain it.
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