A Survey of Knowledge Graph RAG: From Connected Facts to
Supported Answers

Abstract

Retrieval-augmented generation (RAG) lets a language model answer from an external
document collection. Ranking passages independently can miss facts connected across
documents and give a narrow view of a whole collection. Knowledge graph RAG uses
connections among entities, passages or summaries to find and combine evidence. This survey
follows that evidence from graph construction through retrieval to generation, comparing
what each stage preserves and what it loses. A running example of reports about research
labs shows how an extracted fact can lose a qualification, how a search can follow an irrelevant
connection and how source text can recover missing detail. Controlled comparisons find gains
on multi-hop questions and on facts unseen during training, but also losses on single-hop
questions and section summaries. Equal token budgets remove some apparent gains, and
graph construction can cost far more than text indexing. A valid graph path, a claim
supported by its sources and a correct answer require separate checks. The resulting research
priorities are to predict when graph retrieval helps, measure losses by their effect on answers,
preserve attribution through synthesis, and maintain facts and permissions as sources change.

1 Introduction

Large language models answer questions using knowledge learned during training, which can
be outdated or omit private information. Retrieval-augmented generation (RAG) gives a model
access to an external document collection: a retriever finds material relevant to a question, and a
generator answers from that material [1]. Because the collection can be updated or replaced,
the same model can answer from current or private sources without retraining. In a standard
passage-based pipeline, documents are split into passages, each passage is ranked by its similarity
to the question, and the top results are passed to the generator. The retrieved wording gives the
model facts it may never have learned and gives the reader sources against which to check the
answer. This pipeline works well when one passage both resembles the question and contains the
needed fact.

Questions that connect documents or ask about a whole collection require more than a
matching passage. Consider a hypothetical collection of reports about research labs whose facts
no language model saw during training. Asked “Where is Cedar Lab located?”, a retriever finds
the passage that places Cedar Lab in Oslo. Asked “In which city is the lab that Mira founded?”,
it instead ranks a report about Mira and Cedar Lab highly, while the passage giving the lab’s
city never mentions Mira and can rank far lower. Both questions ask for the same city, but the
second requires identifying the lab first. Independent passage ranking can miss this bridging fact
[2, 3]. Asked “What do the labs in this collection study?”; the retriever faces a different problem:
the nearest passages describe only a few labs, so the answer leaves much of the collection out [4].

A graph makes the connections needed by these questions explicit. Following relations from
a founder to a lab and from the lab to a city retrieves the location even when its passage never
names the founder [3, 5, 6]. Grouping connected entities and summarizing each group in advance
lets a generator cover a collection one group at a time [4]. We call this family knowledge graph
RAG (KG RAG): systems that retrieve graph facts or use connections among entities, passages



or summaries to select evidence for a language model’s response. KG RAG is a branch of RAG
that changes how evidence is organized and found. It overlaps with knowledge graph question
answering, where systems answer from curated graphs such as Freebase and Wikidata; methods
that retrieve their paths or subgraphs for a language model belong to both fields [6-8]. Graphs
built from documents also support longer outputs, including summaries and dialogue [4, 9].
Training graph facts into model parameters is a sibling approach; retrieval keeps those facts
available externally [10].

KG RAG inherits two difficulties from passage-based RAG and adds two of its own. (i)
Finding related material can miss support. Graph traversal reaches passages that similarity
misses, but also reaches irrelevant neighbors; another lab in Oslo contributes nothing to Cedar
Lab’s location [11, 12]. (ii) Retrieved evidence can go unused. A generator can overlook an answer
present in its input, and graph structure makes the presentation of that evidence especially
consequential [13, 14]. The graph adds two further difficulties. (iii) Eztraction can change the
facts. A triple stores a head entity, relation and tail entity. Turning “Mira founded Cedar Lab to
study forests” into (Mira, founded, Cedar Lab) drops the purpose; splitting a fact across triples
can lose a shared condition [15]. (iv) Connections are costly to maintain. Graph construction
adds work beyond text indexing [16], and changing a source can require revising both extracted
facts and summaries derived from them [17, 18].

We organize the survey around three stages where evidence can be lost: construction
determines what survives extraction (§3); retrieval determines which connections bring useful
facts into view (§4); integration determines what the generator can read and cite (§5). Evaluation
must separate gains from extra context and computation (§6), while reliability depends on
preserving support as sources change or are attacked (§7). Earlier surveys organize the field by
pipeline stage [19], graph domain [20], or the graph’s role as knowledge or an index [21]. These
accounts predate systematic graph—text comparisons [16, 22, 23] and therefore leave the costs
and benefits of their design choices untested. Our contributions are:

e A formulation that separates the document collection, the graph built from it, the graph
elements retrieved for a question and the evidence the generator reads (§2). It distinguishes
three properties that can fail independently: a valid path through the graph, support from
the source text and a correct answer.

e A comparison of construction, retrieval and integration methods by what each keeps or
loses of the source documents, traced through one running example (§3-§5).

o A synthesis of controlled comparisons that locates when graphs help and at what cost (§6),
together with the failures that incomplete, changing and adversarial collections cause and
the open problems they leave (§7-§8).

2 Foundations

RAG retrieves evidence and generates a response from it. KG RAG changes this pipeline by
making connections available to retrieval, then converting the selected graph elements into
evidence the generator can read (§2.1). What those steps must preserve depends on whether the
question asks for a single fact, connected facts or a view of the collection (§2.2).

2.1 Knowledge graph RAG

Passage-based RAG, called text RAG here, answers from external text in two steps. Given a
question g and a collection of passages D, a retriever scores each passage d with a matching
function s and keeps the k highest-scoring passages as candidates C' (1a). A generator with



parameters 6 produces the response y from the question and those candidates (1b):

C = top-ks(q,d), (la)
deD
y~po(ylqC). (1b)

Each passage is ranked independently. A passage stating Cedar Lab’s city can therefore fall
below passages about Mira even though it supplies the answer.

KG RAG adds a graph and separates what retrieval selects from what the generator reads.
For a document collection, construction builds a graph G from D (2a); for an existing knowledge
graph, G is supplied directly. Nodes can hold entities, passages, summaries or propositions, short
statements that stand on their own. Edges record relations, mentions or links between summaries
and their underlying material. Retrieval selects graph elements S, such as triples, paths or
subgraphs, by matching the question and following connections (2b). Integration ¢ converts that
selection into readable evidence E (2c¢), and the generator answers from the question and this
evidence (2d):

G = build(D), (2a)
S = retrieve(q, G), (2b)
E = ¢(q,9), (2¢)
y~poylqE). (2d)

Compared with Eq. (1), retrieval uses connections in G, and the generator reads E rather than
the candidates as found. Retrieval can repeat, choosing each search from earlier results. A node
or edge g can retain a source link, src(g), to the text it came from; src(S) denotes the sources
linked to the selection. Those links let integration recover wording absent from the selected
graph elements.

The integration step ¢ separates two roles a graph can play [21]. When the graph is a
knowledge carrier, ¢ writes the selected triples or paths as text, and the relations themselves are
the evidence. When it is an index, ¢ returns the source text src(S) of the selected elements, and
the edges serve only to find that text. Such edges may link passages to the pages and tables they
come from (KGP [5]) or place passages under recursively written summaries (RAPTOR [24]).
The two roles make different claims. An extracted relation asserts that a source states a fact,
while an edge between two passages with similar wording asserts only that they are related. Many
systems play both roles, using triples to find passages and giving the generator both [25, 26].

Systems also differ in when they build the graph. A persistent graph is built once for the
whole collection before any question arrives, so its initial build cost is shared across questions
[4, 27]. A query-local graph is built over the candidates C' retrieved for one question and used to
decide which of them to keep (PAGE-RAG [11]). A query-local graph can connect only what
the first retrieval step found, whereas a persistent graph fixes in advance what any question can
reach.

The hypothetical lab collection assumes facts unseen during training; a model that already
knew the lab’s identity could search for its location directly. Let s; be “Mira founded Cedar Lab
to study forests” and so be “Cedar Lab is located in Oslo.” Construction extracts the founding
and location triples and links each to its sentence. Suppose text retrieval for “In which city is
the lab that Mira founded?” returns s; and other passages about Mira, but misses so. Graph
retrieval instead starts at Mira, follows the founding edge to Cedar Lab and the location edge to
Oslo, and returns this path as 5. Written as text, it supplies “Oslo”. Changing the question to
“Why did Mira found Cedar Lab?” changes what counts as enough evidence. The founding triple
omits the purpose, so integration must follow its source link and return s;. Table 1 compares
the two ways the graph helps: connecting the facts needed for the city and recovering the source
wording needed for the purpose.



Table 1: A graph path supplies the lab’s city; its source sentence also supplies the purpose of its founding.

Question ¢ Selection Evidence Result

City of the lab Mira s1 and other passages No passage gives the City unsupported
founded? (text RAG) about Mira city

City of the lab Mira Path Mira — Cedar The path written as  “Oslo”

founded? (KG RAG) Lab — Oslo text

Why did Mira found Cedar The founding edge The triple, without Needs s; through the
Lab? (KG RAG) the purpose source link

The field arrived at this design space through three lines of work (Figure 2). Early systems
retrieved triples or followed paths in curated knowledge graphs and gave the results to a generator
as text [6, 28, 29]. Construction then expanded the available sources: passage graphs connected
documents, summary trees organized long collections, and extracted entity graphs supported
summaries of connected groups [4, 5, 24]. Retrieval added ways to rank those connections, from
spreading relevance through a graph to trained scorers and learned search policies [3, 8, 30].
Integration changed how generators receive the result, using rewritten text, learned vectors or
spans linked to sources [14, 31, 32].

The three lines of development yield choices that can be combined. A document graph can
use propagation to retrieve source passages (HippoRAG 2 [33]), while a curated graph can use a
trained triple scorer and a generator that needs no task-specific training (SubgraphRAG [8]).
Figure 1 maps these choices onto the survey. We compare construction by what it preserves (§3),
retrieval by how it selects evidence (§4), and integration by what reaches the generator (§5).
Tables 2 and 3 locate systems along these three dimensions.
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Figure 1: Evidence passes through construction (§3), retrieval (§4) and integration (§5); evaluation (§6)
and reliability (§7) test what survives and at what cost [3, 4, 6, 29, 32].
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Figure 2: KG RAG evolved along three lines: construction expanded from passage connections to
richer, source-linked facts (top, §3); retrieval moved from model-guided paths to propagation and learned
control (middle, §4); integration added learned representations and source-grounded spans to textual facts
(bottom, §5) [3-5, 14, 15, 28-30, 32, 34-36].

2.2 Evidence requirements

Each kind of question can go wrong in its own way. A single-fact answer fails when the system
picks the wrong entity, a chain breaks when one link is missing, and a broad answer falls short
when it leaves out much of the collection. Even evidence that passes these tests can mislead. A
path can exist in the graph without any source that states it, and a well-sourced fact can be out
of date.

Local factual grounding A single-fact question such as Cedar Lab’s location can be answered
from one triple or sentence, so retrieval mainly needs to locate the right entity. If the collection
also mentions Cedar Labs, a software company, linking the question to the wrong node produces
a confident wrong answer. Over a curated graph, the question’s entities and relations have to be
linked to stored ones (§4.1). Over documents, one passage usually suffices, and text retrieval
answers such questions as well as graph retrieval or better [16].

Connected multi-hop evidence A multi-hop question requires combining facts, often from
different documents [2]. Finding several passages about Mira still leaves the city unanswered if
none supplies Cedar Lab’s location. Each required fact can arrive as a compact triple or as a
sentence or passage that keeps its context. A system can begin with triples and add source text
when a triple leaves a gap [37]. The evidence must cover every required step rather than repeat
the question’s topic.

Corpus-wide synthesis A question about the whole collection, such as “What do the labs in
this collection study?”, has no single chain of facts behind it. Its answer has to draw on many
documents, so it is judged by how much of the relevant material it covers as well as by whether
each statement is accurate [4]. Coverage matters within a single long document as well, where an
answer can depend on material spread across its sections [38]. Summaries prepared in advance



cannot anticipate every question, but written at several levels of abstraction they let a system
answer such questions without reading every document [4, 24].

Validity, support and correctness An answer can follow the graph and still misrepresent
a source. A path has path validity when every step is an edge of G. Suppose s; instead said
that Mira visited Cedar Lab, but extraction recorded a founding. The path from Mira to Oslo
remains valid, although the source never states the founding. Checking source support asks
whether the linked source text, src(.S), entails the response’s claims. Even a supported answer
can be outdated: if Cedar Lab moved after so was written, “Oslo” faithfully repeats an old
source but gives the wrong current city. Answer correctness asks whether the response agrees
with the accepted answer. Constrained decoding enforces path validity [39]; evidence checks
target support [11]; answering correctly also requires sources suited to the question’s time and
circumstances. Evaluation must distinguish these three properties (§6).

Table 2: Different graph contents G, retrieval selections S and evidence forms F support different tasks.

System Graph G Selection S Evidence E and training Task
GraphRAG[4] Extracted entities and Community summaries at a Summary text; prompted Global
relations; nested communities chosen level; scored partial ~ API model synthesis
answers
RAPTOR|24] Passages under recursive Similarity search across Node text; API or open Long-
cluster summaries levels, or tree traversal generator document
QA
LightRAG[27]  Extracted entities and Local and global keywords;  Profiles and source excerpts; Global
relations with text profiles vector match; one-hop prompted API model synthesis
expansion
LinearRAG[40] Entities, sentences and Semantic bridging; PPR over Passage text; prompted API Multi-hop
passages; mention links passages and entities model QA
RoGl6] Freebase entities and typed LLM relation plans; paths Paths as text; fine-tuned Multi-hop
relations found by constrained BFS planner and generator KGQA
GNN-RAG(T7] Freebase entities and typed =~ GNN-scored candidates; Paths as text; fine-tuned Multi-hop
relations shortest paths open LLM KGQA
SubgraphRAG  Freebase entities and typed  MLP-scored triples with Triples as text; untuned open Multi-hop
8] relations directional distances or API generator KGQA

QA: question answering; KGQA: knowledge graph question answering; LLM: large language model; GNN: graph neural
network, which combines information over neighboring nodes; MLP: multilayer perceptron, a feed-forward neural scorer;
PPR: personalized PageRank; BFS: breadth-first search, which explores one hop at a time. Vector matching compares
learned numerical representations of text. API models are accessed through an application programming interface.

3 Graph construction

Construction determines which information from the collection D is available through the graph
(. Extracted relations make facts searchable, while linked text preserves qualifications and
summaries make groups readable at once. We separate three choices: where the graph’s content
comes from (§3.1), which units and connections it stores (§3.2), and how source links and quality
checks make the result verifiable (§3.3).

3.1 Graph sources and extraction

A graph’s facts are only as reliable as the step that produced them. Some sources already state
their relations, and parsing can read them off directly. Prose needs a language model to choose
which relations to keep and which names refer to the same entity. Each of these choices can drop
a fact or invent one, so systems often keep the text searchable beside the graph.



Table 3: Hybrid and learned systems combine graph facts, source text and trained components across
the same three stages.

System Graph G Selection S Evidence E and training Task
HippoRAG 2 Extracted phrases, synonym Vector triple matching; LLM Passage text; optimized filter Factual and
[33] links and passage nodes filter; PPR over passages prompt multi-hop
QA
ToG-2[41] Wikidata relations; LLM relation pruning; dense Paths and contexts; untuned KG and
Wikipedia contexts context scores; iteration open or API LLM document
QA
HyperGraph-
RAG Entities and hyperedges for ~ Vector search over entities Hyperedge facts and Domain QA
[15] facts that join several entities and hyperedges; expansion; passages; prompted API
passages model
G-Retriever[32] Textual knowledge, scene Connected subgraph Graph text plus learned Graph QA
and commonsense graphs balancing relevance prizes vector; trained GNN and
and edge costs projection; frozen generator
KAG[25] Typed and extracted KGs Logical forms; graph and Facts, text and memory; Professional
linked to passages text retrieval; reflection general or fine-tuned LLM QA
SURGE|9] Entities and relations linked Context—triple similarity; GNN-adjusted token vectors; Grounded
to the dialogue sampled subgraphs generator trained with dialogue
retriever
KG2RAG[26] Extracted triples linked to Dense seed passages; BF'S; Ordered source passages; Multi-hop
passages spanning trees; reranking prompted open LLM QA

Abbreviations follow Table 2. A frozen generator’s weights stay fixed; a projection maps graph vectors into its input space.
Dense retrieval ranks by vector similarity.

Existing graphs and source-defined structure Curated graphs provide stored facts [42];
support tickets supply nested fields and ticket references [43]; code supplies inheritance and
dependency relations recoverable by parsing [44]. Using this existing structure avoids asking a
language model to infer it. On a Java codebase, language-model extraction indexed only 64% of
the passages held by a text index, compared with 90% for deterministic parsing [44]. Parsing is
therefore preferable where the required relations are explicit; prose such as the lab reports still
requires extraction.

Schema guidance and open extraction Extraction from prose needs a rule for which
entities and relations to keep. A schema specifies their allowed types. An extractor can follow a
predefined schema and discard triples whose endpoints have the wrong types (OMD-GraphRAG
[45]). For the lab collection, allowing (Person, founded, Organization) and (Organization, located
in, City) captures the founding and location but leaves no place for the purpose. Open extraction
instead keeps relations before assigning them to a schema. Written relation definitions can guide
that later assignment (EDC [46]), while checks against an ontology, a specification of types and
their constraints, can repair only entries that violate it (OAK [47]). This flexibility can preserve
(Cedar Lab, studies, forests), at the cost of reconciling names such as “studies” and “researches”.
Both approaches still need source checks: (Mira, founded, Cedar Lab) fits the types even if the
report says only that Mira visited. Schema compliance checks the form of a fact; source linkage
makes its content checkable (§3.3).

Entity resolution Extracting separate passages can give one entity several nodes. FEntity
resolution merges those mentions so that facts about the same entity connect. Until “Cedar
Lab” and “the Cedar Laboratory” share a node, the founding and location facts can remain
disconnected. Similar-name clusters can be checked by a language model for duplicates (KGGen
[48]); larger semantic units describing events and relations can also be merged across the corpus
(GOSU [49]). The merge must preserve identity, not merely similarity. Combining Cedar Lab
with Cedar Labs, the software company, joins facts that no source connects. Resolution therefore
has to repair fragmented identities without creating false ones.



Graph—text construction Keeping a text index beside the graph gives retrieval another route
to omitted facts. The purpose of Cedar Lab remains in its founding passage even if extraction
drops it. Separate graph and vector searches can recover complementary evidence from the same
documents [50]. Linking each extracted fact to its passage in both directions goes further: a
planner can move directly from a graph lookup to the text that explains it (KAG [25]). The
construction choice is whether graph and text remain independent search results or become
connected evidence (§3.3).

3.2 Graph structure and granularity

Each kind of node and edge keeps part of a source and loses the rest. A triple is cheap to read
but drops conditions such as a purpose or a date. A passage keeps those conditions but costs
more to read, and a summary covers many passages at once but can leave details out. No single
unit suits every question, so many graphs connect small units to the larger ones that contain
them.

Entity graphs and community summaries A graph of extracted entities can support both
local lookup and summaries of connected groups. For example, GraphRAG extracts entities,
relations and claims, merges repeated names, then uses the Leiden clustering algorithm to
form nested groups of connected entities [4]. A language model writes a community summary
describing each group; summaries of smaller groups supply context when all their descriptions
would not fit. The hierarchy lets a broad answer cover the collection without reading every
passage. Its coverage still depends on extraction and merging: exact-name matching leaves
“Cedar Lab” and “the Cedar Laboratory” apart, and a summary can omit a relation such as a
shared funder. Community summaries suit recurring broad questions; linked passages retain the
details needed for questions the summaries did not anticipate.

Passage and entity associations A graph can link passages through mentions without
extracting the relations between their entities. Entity recognition identifies names in sentences
and passages (LinearRAG [40]), while document structure links passages to containing pages
and tables (KGP [5]). Similarity groups can also connect passages through shared concepts
(ContextRAG [51]). Mira and Cedar Lab then connect because they occur together, not because
an edge asserts a founding. The generator must read s; to distinguish founding from visiting.
Relation-free graphs avoid relation-extraction errors by deferring that interpretation to the
generator.

Detailed relations and broad coverage can share an index when extraction is selective. A
graph-centrality ranking can identify passages for expensive relation extraction, while keyword
links connect the remaining passages (KET-RAG [52]). The central skeleton supports explicit
relation search, and the cheaper links keep the rest reachable. This design spends extraction
effort where connectivity suggests it may help most.

Recursive summaries Grouping passages by similarity creates summaries without first
extracting entities. For example, RAPTOR clusters passage vectors, lets a passage join several
clusters, summarizes each cluster, and repeats the process on those summaries [24]. The resulting
tree retains the original passages as leaves. Its parent groups similar text, whereas an entity-
community summary groups entities joined by extracted relations. Neither grouping link asserts
a source fact. For “How did Cedar Lab’s research change over its first decade?”, a passage
summary can combine successive reports into a narrative while its leaves retain the original
details.



Propositions and linked granularities Linking fine and coarse units lets retrieval choose
how much context to return. A graph can place propositions beside the entities and passages they
mention [53], link triples to their sentences and passages [37], or distinguish event descriptions
and attributes as additional node types [54]. The proposition “Cedar Lab was founded to study
forests” preserves the purpose that a founding triple omits. Its source passage can in turn
preserve who made that claim and in what circumstances. Finer units reduce reading cost; links
to coarser ones recover qualifications when the question needs them.

Higher-order and multimodal evidence Some facts need several participants to stay
connected. “Mira directed Cedar Lab from 2015 to 2020” ties a person, a lab and a period
together. Separate binary relations can leave the period’s role ambiguous. A hyperedge connects
all participants in one fact; storing its description as a separate node linked to each participant
keeps the directorship and its period together (HyperGraphRAG [15]). The same design can
keep interacting medical variables together [55]. Grouping passages by theme adds another kind
of shared context (Cog-RAG [56]), while linking concepts to supporting text, table or image
regions preserves evidence across modalities (HVM-GraphRAG [57]). These structures preserve
different relationships, so the unit should match what the question must combine: participants
in a fact, passages on a theme, or a concept and its visual evidence.

3.3 Source linkage and graph quality

Every extracted element claims that some source states it. A link back to that source lets a
system or a reader check the claim. Such a check catches extraction errors but not a source that
is itself wrong, so the graph also needs to record where sources disagree and how far each can be
trusted. Graph quality depends on these records and on how many facts survive extraction, not
on graph size.

Links back to the source A source link lets later stages recover wording that a graph element
omits. Sentence anchors return the exact local context (GroundedKG-RAG [34]); page and
section anchors return a larger region in which the generator must find the relevant sentence
(PolyUQuest [58]). For the founding edge, that difference determines whether the generator
receives the purpose clause directly or has to search a report page. Links also enable checks
during construction: proposed entries can be verified against their cited passages before insertion
(RAGA [59]). Such checks catch a misread founding but faithfully retain a misreported city,
SO source accuracy remains a separate problem (§7.1). A stricter design uses the graph only
to navigate and answers from the linked text [60]. Source links then determine the evidence
returned, rather than merely documenting extraction.

Quality beyond graph size Graph quality depends on which facts remain recoverable, not
simply on the number of nodes and edges. A fact-retention test gives extractors generated
articles with verified facts, retrieves a neighborhood for each fact, and asks a language model
whether the subgraph entails it (KGGen’s MINE-1 [48]). Stage-level diagnostics additionally
check confidence, source coverage, redundancy and consistency [61]. Neither substitutes for
recording disagreements or source reliability. A graph can attach reliability estimates informed by
human feedback [62] and explicit support or contradiction links between claims [63]. For Cedar
Lab’s location, these records answer separate questions: which report asserted Oslo, which report
disagrees, and how far each is trusted. Together they make extraction quality, disagreement and
source reliability separately inspectable.



4 Graph retrieval

Retrieval selects graph elements .S that supply the facts needed by the question. Connections
can reveal a missing location passage, but also lead to unrelated labs through a shared city.
We compare entry points and hybrid search (§4.1), shapes and pruning of the selection (§4.2),
candidate ranking (§4.3), adaptive control (§4.4), and the choice of summary level (§4.5). These
are decisions within a search, so one system can combine several of them.

4.1 Query grounding and hybrid search

Before it can follow any connection, retrieval has to decide where in the graph to start. Sometimes
the question’s wording matches nothing the graph stores. Many systems therefore run a text
search alongside the graph. It adds candidates that graph search misses, and it gives the system
a fallback when the question cannot be tied to the graph at all.

Entity and passage seeds The elements a search starts from are called seeds, and choosing
the wrong ones can keep useful evidence out of reach. The two-hop question names Mira,
so its natural seed is Mira’s node. Seeds can be entities, relations or passages. One system
extracts specific keywords from the question to match entity descriptions and broader keywords
to match relationship descriptions, then gathers the matched elements’ neighbors (LightRAG
[27]). Another retrieves source passages by similarity first and enters the graph through the
entities they contain, which helps when the question’s wording resembles a passage more than
any entity name (KG2RAG [26]). Over a curated graph, a language model can propose candidate
entities, paths and graph queries, and tools keep only the proposals that resolve against the
stored graph (ByoKG-RAG [42]). Whatever their source, seeds help only once they resolve to
elements the graph actually stores.

Parallel retrieval and fusion Running graph and text retrieval side by side recovers passages
missed by either route [50]. Keyword search can add another route, while typed relation sequences,
called meta-paths, guide traversal through text-bearing nodes [64]. Combining the rankings
requires comparable scores. One approach maps graph and similarity scores to percentile ranks;
once normalized, different combination rules perform similarly on the tested retrieval benchmarks
(PhaseGraph [65]). Combination can also happen while the graph expands, using semantic
similarity to add nodes and neighboring scores to rerank them [66]. In conversation, entity
matches and nearby turns supply candidates, semantic similarity ranks them, and dense retrieval
fills the remaining slots [67]. Graph connections and text similarity can complement each other
at candidate selection or ranking; normalization prevents an arbitrary score scale from deciding
which route dominates.

Routing and query expansion Search can adapt its entry point before it begins traversing.
Retrieved entity and relation terms can expand the query [68], while a router can choose a
textual or relational retriever and revise that choice using feedback [69]. If a graph query fails,
source passages can supply relations for a query-local evidence graph [70]. In a comparison on
cyber-threat intelligence, repairing failed graph queries and combining graph with text retrieval
were the most reliable architectures [71]. Text search therefore supplies both additional candidates
and a recovery route when a question cannot be grounded in the stored graph.

4.2 Neighborhoods and relational paths

After choosing seeds, retrieval can retain a neighborhood, the elements within a bounded number
of edges, or a path, an ordered chain of relations. A subgraph retains selected nodes and edges,
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including paths that branch or meet. The shape determines what must be pruned: nearby
elements in expansion, relation sequences in path search, or connections joining several facts.

Bounded expansion Expansion adds connected elements to the seeds, then filters them for
the question. Shared extracted facts can connect initially retrieved passages to further passages;
organizing the result as branching trees gives the generator a connected text sequence (KG2RAG
[26]). Metadata links can instead supply candidate neighbors for combined semantic and keyword
ranking (SAGE [72]). In SAGE’s tests, skipping expansion helps when a structured query already
specifies the edges to follow. A fixed hop limit controls distance, while the filter determines
whether the added material supplies useful evidence. Expansion is most useful when the initial
search leaves a connection unresolved.

Relation plans and instantiated paths Planning relations before retrieving entities separates
a proposed search from stored evidence. For example, RoG learns relation sequences from paths
connecting training questions to their answers, then uses breadth-first search restricted to each
sequence to retrieve matching entity paths [6]. “Founded, then located in” yields Mira, Cedar
Lab, Oslo only where the graph contains those edges. Planning can also operate over propositions
without a language-model call at query time [73]. Linking a retrieved triple chain back to passages
additionally recovers the wording it omits [74]. An uninstantiated plan supplies no evidence;
matching it against stored edges makes the resulting chain checkable.

Scoring and pruning connections As paths branch, retrieval must discard connections that
consume context without helping the answer. Distance-decayed flow [75], shortest-path context
[76], and combined structural and semantic scores [77, 78] offer different ways to rank them. A
structural score alone can favor a hub such as Oslo, through which many unrelated organizations
connect. A query-local graph can instead score each connection by its sources, the specificity of
its shared entity and how coherently it joins the passages, then retain connections within the
generator’s budget (PAGE-RAG [11]). The useful connection contributes a missing fact or its
context; merely reaching another passage through the same city is not enough.

4.3 Neural scoring and graph propagation

Scoring many candidates together avoids a language-model call for every hop. A trained scorer
learns ranking parameters ¢ from supervision, giving a selection S = retrieve,(q,G). A fixed
propagation rule instead spreads the question’s relevance through existing connections. Both
rank graph evidence, but only the scorer learns how to assign the scores.

Trained candidate and triple scoring Supervision can rank answer entities, triples or
passages, and that choice determines what the generator receives. For example, GNN-RAG trains
a graph neural network on question—answer pairs to rank candidate answer entities, then returns
shortest paths to the highest-ranked candidates as text [7]. Adding paths proposed by a language
model further improves answers, combining structural ranking with semantic planning. Scoring
triples independently simplifies the ranking model and lets the generator read as many facts as
its context permits (SubgraphRAG [8]). Passage scorers instead propagate question relevance
across linked passages, sometimes across successive searches [79, 80]. These are trained retrieval
methods; unlike the interfaces of Section 5.2, they leave the generator’s text input unchanged.

A retriever can generate identifiers for its selection instead of scoring candidates separately.
Encoding each relation as one token lets a small language model generate a subgraph’s relation
sequence [81]. In that study, the specialized retriever outperforms a much larger model, and single-
token relations speed retrieval. Reading graph structure and text together also improves transfer
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to unseen domains relative to graph-neural-network retrievers in another study [82]. Specialized
representations can therefore reduce retrieval work without requiring a larger general-purpose
model.

Nonparametric propagation A fixed graph walk can spread relevance without generating
intermediate queries. Personalized PageRank repeatedly follows edges and restarts at the
question’s seeds; passages rank by the activation they receive (HippoRAG [3]). Cedar Lab
can therefore carry relevance from Mira to the location passage even though it never mentions
Mira. Adding passage nodes, filtering matched triples with a language model and retaining
similarity-based passage weights improves the initial seeds (HippoRAG 2 [33]). The walk also
applies to relation-free graphs [40], including designs that run without a graphics processor [83].
Hubs can divert activation to irrelevant neighbors, so query-aware variants weight edges by their
endpoints’ relevance and favor passages containing key facts [84, 85]. A fixed walk saves repeated
reasoning calls; question-dependent seeds and weights keep its ranking focused.

4.4 Adaptive graph traversal

Some questions reveal what they lack only after a first search. Adaptive retrieval uses what the
system has found so far to decide where to go next, whether to change direction and when to
stop, and its controller can call any of the searches and scorers above.

Follow-up queries A first retrieval can expose a fact missing from the original query. Once
s1 identifies Cedar Lab, the controller can ask directly for its city. Combining such residual
queries with the original question’s propagation signal preserves what the first search established
(EviReform [86]). A tentative answer supplies a less reliable basis: guessing Trondheim and
searching only for confirmation narrows the search around an unsupported premise. Follow-
ups should target a gap revealed by retrieved evidence, while treating generated answers as
hypotheses.

Prompted exploration and correction A prompted language model can alternate reasoning
with graph queries [87] and consult text or tables to revise its rationale [88]. Keeping several
candidate paths, then pruning relations and neighboring entities at each step, makes this a beam
search (Think-on-Graph [29]). Pruning saves later exploration but can discard the correct branch
early. If the retained entity is Cedar Labs, the software company, later hops remain in the
wrong neighborhood. Linked source text gives the pruning decision more evidence [41]; recording
unfinished subgoals and explored branches lets the controller backtrack (Plan-on-Graph [89]).
Text helps prevent a wrong turn, and an explicit search record lets the controller recover from
one.

Graph algorithms as tools Some questions require computing over all relevant edges. “How
many labs in the collection are in Oslo?” calls for counting matching location edges, rather than
returning one path. A controller can call graph algorithms for these operations. In a supply-chain
case study, algorithm access enabled aggregation and comparison questions that text retrieval
and traversal failed to answer [90]. For such questions, retrieval must return a computed result
over the graph rather than leave the generator to infer a count from a few examples.

Stopping and evidence records A controller can stop once its record of evidence covers
the question’s requirements. One design checks sufficiency before escalating to targeted graph
retrieval or the source text behind graph signals (A2RAG [91]). Evidence records also guide
navigation through document hierarchies [92] and graphs of dependent subquestions [93]. The
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lab’s identity may be established while its location remains open; recording those separately
directs the next search to the missing location. Stopping and follow-up search then depend on
unresolved facts rather than on a fixed number of hops.

Reinforcement-learned control Training can teach a controller when to retrieve and answer,
rather than prescribing those choices in a prompt. Multi-turn policies learn graph operations
from answer rewards [30], while cost-aware rewards favor correct runs that spend less retrieval
time [94]. Final-answer rewards alone can credit a search that found nothing useful if the model
answered from memory. Adding overlap with an annotated evidence path rewards retrieval itself,
and a teacher with access to that evidence can guide unsuccessful runs (PathRouter [35]). Answer
correctness and evidence overlap then improve together. Rewards that score both establish a
stronger training target than correctness alone.

A systematic study of iterative retrieval in KG RAG shows where adaptation pays [12].
Iteration helps most on multi-hop bridge questions, by promoting the documents that hold the
bridging entity into the leading ranks; on single-hop and simple comparison questions it brings
little or nothing, and widening the candidate pool adds noise. Coverage was rarely the problem,
since the relevant documents usually appeared somewhere in the top hundred. The problem was
ranking them among the top few that the generator reads. An adaptive controller therefore has
to decide which evidence reaches the top ranks, not only whether to search again.

4.5 Hierarchical and community retrieval

When construction has built several levels of summaries, retrieval also chooses the level. “What
do the labs in this collection study?” needs the breadth of the top levels, “Why did Mira found
Cedar Lab?” needs the detail of the leaves, and many questions need some of both.

Coverage and selective community search Reading every community summary at one
level gives retrieval coverage across a collection (GraphRAG [4]). Coarser levels offer fewer,
broader summaries; finer levels offer more detail. Selective search reduces the reading by choosing
only relevant communities, using either a hierarchy of attributed groups [95] or topic-specific
subgraphs [96]. For “Which labs study forests?”, it can skip unrelated groups but also miss a
forest lab summarized under another theme. A third choice samples representative edges within
a token budget, using a hierarchy formed by repeatedly removing the least-connected nodes,
or k-core decomposition [97]. Reading all groups prioritizes collection coverage; selecting or
sampling groups spends less context on material that appears irrelevant. The breadth required
by the question determines which saving is acceptable.

Searching across levels Ranking several levels together lets a question select both a summary
and its underlying detail. In RAPTOR’s comparison on a subset of the scientific-paper question-
answering benchmark QASPER, a collapsed tree, which ranks passages and summaries together,
consistently outperformed traversal down from the root [24]. A question could then reach a
fine-grained match even when its parent summary was less similar. Other methods explicitly
move from entities up to connecting summaries [98] or from global summaries down to detail
[99]. The same choice appears in book hierarchies [100], cross-document summary trees [101],
and indexes combining propositions, topics or hyperedges [102, 103]. Summary-level matches
locate broad context, while linked leaves supply facts the summary omits. Keeping both levels
available avoids making the initial choice of granularity irreversible.
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5 Evidence integration and generation

Integration converts the retrieved selection S into the evidence E = ¢(q,S) the generator reads.
Text interfaces present triples, source passages or synthesized summaries (§5.1); learned interfaces
encode structure in vectors or special tokens (§5.2). The choice changes which details remain
visible, as Figure 3 illustrates. We separate these presentation choices from the checks applied to
the resulting answer: valid graph paths, source support and attribution (§5.3).

Text I PR = R

serialization founded [s1] located in [s2] i Gr?g&;\iﬂ;‘!{; = E Text prompt 2
i i
g LM

fo—o—e-
i Mira Cedar Lab Oslo

Selected source-linked graph
OPTIONAL

Source-span ‘{Mira founded Cedar Lab] to study forests.”
recoveryp founded [s1] located in [s2] Text prompt
— o —0—@ —
ﬁ_ Mira Cedar Lab oslo *(Cedar Lab is locatedin Oslo. ” ’
LM

Mira | founded | Cedar Lab [s1]

Cedar Lab | located in | Oslo [s2]
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!.earned founded [s1] —_ locatedin [s2]
L ©0—0O—0— — —E.—
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Figure 3: The generator can receive relation text or linked source wording (top two rows, §5.1) or a
learned graph vector (third row, §5.2). The source wording restores the founding purpose. Path validity,
source support and attribution require separate checks (bottom, §5.3) [14, 28, 31, 32, 39].

5.1 Textual evidence and answer synthesis

Writing the selected graph elements as text lets any generator read them through an ordinary
prompt. Shorter text takes less room in the prompt but leaves out more. Triples are the shortest,
and rewriting makes them easier to read, but neither brings back details that extraction dropped.
Linked source text does, at a higher cost. Evidence too large for one prompt has to be condensed
in stages, and each stage can lose facts.

Triples and paths When the graph carries facts (§2.1), integration can write selected triples
as short statements without retraining the model (KAPING [28]). The running example becomes
“Mira | founded | Cedar Lab; Cedar Lab | located in | Oslo” (Figure 3, top). Paths additionally
order the facts, and arranging several paths changes where the strongest evidence appears. One
method puts more reliable paths last to reduce their exposure to the poorly attended middle of a
long prompt (PathRAG [75]). Templates can similarly expose control and data flow in retrieved
code [104]. Serialization preserves the selected relations and their order; the qualifications
available to the generator remain those preserved during extraction.

Graph-to-text rewriting Rewriting reduces the repetition and scattered facts in a list of
triples. A trained rewriter can combine shared entities into sentences, using graph—text pairs
selected for helping the generator answer (Retrieve-Rewrite-Answer [31]). A summarizer can
additionally learn preferences for text that helps answer without adding unsupported facts
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(EFSum [105]). These objectives address different risks: readability helps the model use the facts,
while fidelity constrains what the rewriter may assert. Neither recovers the founding purpose
from a triple that never stored it. Rewriting suits evidence whose needed facts are already
present; omitted context requires the source text.

Source text Returning linked source text restores details omitted by extraction. Whole
passages can carry the context behind ranked graph elements [26, 33]; selected spans can identify
the wording that answers each part of the question (LineageRAG [14]). For the founding edge,
returning s; restores “to study forests” (Figure 3, middle). This choice affects evidence use
even when retrieval is unchanged: adding source spans to the same passages improves answer
F1 (§6.2). Dialogue evaluations likewise find that graph and text presentations favor different
properties, with text improving factual consistency [106]. Source text spends more context than
triples but preserves qualifications and makes the answer checkable against the original wording.

Staged synthesis Answering from more evidence than fits in one prompt requires intermediate
answers or summaries. For example, GraphRAG generates a partial answer from each community
summary, rates its helpfulness, discards zero-rated answers and combines the remaining answers
within the final context budget [4]. Each forest-research community can then contribute to
the collection-wide answer. Finer, query-focused summaries reduce irrelevant material before
synthesis [107]. A planned tree of retrievals instead lets the intended answer structure determine
which branches are gathered and combined [108], while an outline can organize scientific synthesis
into chains of cited contributions [109]. All intermediate summaries can omit facts, so broad
coverage depends on what survives each stage. Staged synthesis is useful when the gain from
covering more sources outweighs those additional opportunities for loss.

5.2 Learned graph interfaces

Learned interfaces require a generator that accepts graph vectors or has been trained to read
structural tokens. This differs from training the retriever (§4.3), which changes candidate ranking
while leaving the generator’s text interface intact.

Graph encoders and soft prompts A learned interface can compress a selected subgraph
into a vector the generator reads like a prompt token. For example, G-Retriever assigns relevance
prizes to nodes and edges and selects a connected subgraph that balances those prizes against
edge costs [32]. A graph neural network encodes it, and a trained projection maps the encoding
into the generator’s embedding space as a soft graph token. The frozen generator reads that vector
alongside the question and the subgraph’s textual attributes (Figure 3, third row). Training
adjusts the encoder and projection to improve generated answers. Related approaches align
graph and text representations [36, 104], or let a smaller model identify entities and relations
before a larger model writes the answer [110]. Soft graph tokens suit generators whose embedding
layer is accessible and for which a compatible projection can be trained.

Entity representations and graph memory Structure can enter at the level of individual
entities rather than one pooled vector. A relation-aware network can modify retrieved entities’
token embeddings and train retrieval and generation together (SURGE [9]). Its contrastive
training brings graph and text representations closer when they describe matching facts; altering
the supplied facts tests whether responses follow that evidence rather than memory. Other
designs combine commonsense subgraphs [111], evidence gathered during conversation [112],
or hierarchical graph memory with the model’s token representations [113]. The granularity
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changes from entities to subgraphs or memory slots, but each design needs access to embeddings
or attention. A prompt-only generator therefore calls for the textual interfaces of Section 5.1.

Learned linearization A token sequence can preserve graph structure when the generator
is trained to read an explicit notation. Special tokens distinguish heads, relations, reverse
relations and tails, while a graph-constrained retriever generates the sequence (DialogGSR [114]).
Training the response model to reconstruct the graph as well as answer teaches it how those
markers connect. The resulting text keeps the relations explicit while remaining a token sequence,
provided the response model has been trained to read the markers.

Whether the generator uses the graph Evaluating a learned interface requires testing
whether the response depends on the supplied structure. A diagnostic asking for the hop count
between two nodes finds zero exact match for graph-augmented baselines even when their input
contains the necessary evidence [13]. Query-based sampling, readable endpoint roles and tokens
that preserve adjacency raise exact match to 37-77% across four domains. On this task, selecting
and presenting the right structure matters more than merely adding a graph representation to
the input.

5.3 Grounding and verification

Once evidence has been presented, checks can enforce that a generated path exists, test whether
the source text supports a claim, and locate the cited wording (Figure 3, bottom). We take these
checks in that order because each establishes something the previous one leaves open. Answer
correctness requires the task-specific evaluation of Section 6, including whether the sources
answer the intended question.

Constrained paths Constrained decoding can enforce path validity while a model writes. A
prefix tree, or trie, stores allowed graph paths and restricts each next token to one that continues
a stored path [39]. The same idea can constrain subgraph generation [114]. It blocks “Mira,
founded, Birch Lab” when that edge is absent. It still permits a founding edge extracted from a
source that said “visited”, so validity checking needs the separate source checks below.

Entailment and consistency checks To check source support, a verifier asks whether the
evidence entails each generated claim. It can match response sentences to supporting evidence
sentences [115], separate retrieval, legal assessment and conclusion writing among agents [116], or
check medical summary sentences against retrieved evidence chains [117]. Verification can also
precede generation: support and contradiction among atomic claims determine which claims enter
the answer (ArbGraph [63]). Similar wording is a weaker test. A graph-based consistency score
tracks hallucinations in one model family but reverses direction in several others on RAGTruth,
a dataset with hallucination annotations [118]. “Cedar Lab studies forests in Oslo and Bergen”
reuses the example’s wording while adding an unsupported city. The check must test the claim’s
meaning against the evidence, rather than their structural or lexical resemblance.

Attribution and evidence lineage Attribution connects each answer claim to a source a
person can inspect. A verifier can check that a quoted span occurs in a selected passage for the
relevant information need (LineageRAG [14]). Other checks locate cited web blocks [58], trace
financial claims through recorded source chains [119], or confirm that cited code files and line
ranges exist [120]. Locating a quotation establishes its existence; the entailment checks above
establish whether it supports the claim. Citing s; beside “Mira founded Cedar Lab in 2015”
leaves the year unsupported even though the quotation is genuine. Citations also omit some
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information that affects the answer: agentic graph retrieval experiments find dependence on
visited but uncited entities [121]. A useful evidence record therefore distinguishes the source
offered to support a claim from the observations that influenced its generation.

6 Comparative evaluation

Evaluation has to say whether a graph helps, and Section 2.2 showed that helping can mean
several things: a correct answer, an answer its sources support, or better evidence, each at some
cost. Benchmarks differ in which of these they can observe (§6.1). Comparisons that hold the
task, the generator and the budget fixed show when graphs help and when they do not (§6.2),
and cost accounting separates the one-time work of building a graph from the work each question

adds (§6.3).

6.1 Tasks and benchmarks

Benchmarks give a system either documents to search, a graph to query, or both, and ask it
to recover facts or generate an answer. Document question answering ranges from single facts
(Natural Questions [122]) to facts connected across Wikipedia articles (HotpotQA and MuSiQue
[123, 124]) or news articles (MultiHop-RAG [2]). Curated-graph question answering supplies
stored relations instead of requiring their extraction, as in WebQSP over Freebase [125]. These
tasks test the direct and connected questions in the lab example. Success requires the right
answer and, where annotated, recovery of the supporting evidence.

Broader generation tasks ask for themes, summaries or explanations rather than one fact.
They include questions over medical guidelines and novels (GraphRAG-Bench, Xiang et al. [23]),
section summaries grounded in web sources (WildGraphBench [126]), and textbook reasoning
with reference rationales (GraphRAG-Bench, Xiao et al. [127]). Success requires coverage of
the requested material as well as correct individual claims. Further families test entity ranking
without generation (STaRK [128]), answers over textual or scene graphs (GraphQA [32]), and
evidence crossing text, tables and knowledge graphs or images (mmRAG and MKG-RAG-Bench
[129, 130]). Table 4 compares these settings and their controls.

Answer and evidence metrics Accuracy averages whether answers are correct under a
benchmark’s scoring rule. Exact match (EM) gives one for a prediction matching the reference
string and zero otherwise, usually after normalization. Judged accuracy is the fraction of answers
a human or model judge accepts as correct. Some benchmarks award partial credit for partially
correct selections.! These rules compare answers differently and must be held fixed within a
comparison.

Overlap metrics also give partial credit. Precision P is the fraction of predicted items
matching the reference. Recall R is the fraction of reference items recovered. F1 combines them
as F1 = 2PR/(P + R), with zero assigned when there is no overlap. Answer F1 compares answer
tokens. Statement F1 compares the claims in a generated summary with reference statements
[126]. Triple recall counts relevant graph triples recovered [8]; passage recall counts annotated
passages; citation F1 compares cited source identifiers with gold identifiers [119]. These variants
apply the precision, recall and F1 calculations to their named units.

Ranking and generation metrics Ranking scores reward finding relevant items near the top.
Hit@k usually counts the fraction of questions with a relevant item in the first k results. Mean

!GraphRAG-Bench (Xiao et al.) gives half credit for a correct subset in multi-select questions and uses
model-judged scores for open-ended and fill-in-blank answers [127].
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reciprocal rank (MRR) averages the reciprocal rank of the first relevant result, assigning zero
when none is found. Mean average precision (MAP) averages over questions the sum of precision
at relevant ranks divided by the number of annotated relevant items. A cutoff limits which
retrieved ranks contribute. Normalized discounted cumulative gain (NDCG) sums relevance gains
discounted by the logarithm of one plus rank, then divides by the score of the ideal ordering.
The counted unit still matters: MultiHop-RAG calls evidence recall Hit@k [2], GraphQA’s Hit@1
counts whether the top generated answer matches an accepted answer, and STaRK’s scores entity
ranking [32, 128].

Longer outputs need both support and coverage checks. A win rate is the fraction of
paired answers a judge prefers on a stated criterion, such as comprehensiveness or diversity
[4]. Faithfulness estimates the fraction of answer claims supported by retrieved context [23].
Text-overlap scores compare the response with a reference: ROUGE-L uses the longest common
token subsequence to calculate precision, recall and F1; BLEU-1 multiplies token precision
by a brevity penalty, counting each predicted token no more often than it appears in the
reference. Contains@1 is the fraction of generated answers containing the reference answer [130].
Structural checks compare generated graph elements with the stored graph, while a rationale
score averages a judge’s assessment of agreement between generated and reference explanations
[32, 127]. These checks distinguish matching the reference, using the supplied sources and
producing valid structure.

What the measurements reveal Recording intermediate evidence helps locate failures.
Supplying MultiHop-RAG’s gold evidence exposes errors that remain after retrieval has succeeded
[2]. Reporting retrieved relevance and recall beside answer quality separates retrieval losses from
generation losses [23]. Even then, a metric must match the task: entity-level F1 underscored
correct structural answers in a supply-chain case study [90], and a graph-based evaluator’s path
overlap tracked correctness more closely than faithfulness [131]. Stage records explain where
a system loses evidence; task-specific answer and support scores establish whether that loss
matters.

6.2 Comparative findings

Controlled comparisons ask whether changing retrieval or evidence presentation improves answers
on the same questions. Success means a gain under a stated generator, evidence budget and
scoring rule, with build and query costs accounted for separately. Table 5 uses the answer,
evidence and ranking metrics defined in Section 6.1. Each block is a separate study; the
interpretation below compares alternatives within blocks rather than pooling their scores.

Task and budget dependence The same retrieval method can help one task and hurt
another. With one generator and ten retrieved units, a propagation-based graph method trails
text RAG on single-hop Natural Questions but leads it on multi-hop HotpotQA by roughly three
to four answer-F1 points in each direction [16]. The evidence budget changes the comparison
too. Local community retrieval leads text RAG on MultiHop-RAG at ten units (69.0% against
67.0%), but its units carry more text. At equal input tokens, text RAG matches it overall
(69.3% against 69.0%). The community method remains stronger on temporal questions, while
text retrieval is stronger on inference questions. Combining their evidence or routing questions
to the better retriever beats either alone. A separate comparison finds that adding entities
and relations to communities and passages raises multi-hop accuracy from 55.2% to 59.7% [22].
Graph connections and source text are complementary, and equal token budgets are necessary to
distinguish that complementarity from simply reading more.

Broad generation exposes a second task distinction. On WildGraphBench, global community
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Table 4: KG RAG benchmarks test different sources, outputs and stages, with different controls and cost
measurements.

Benchmark Sources Task / output Tested controls Metrics Cost evidence
GraphRAG- Medical guidelines; Fact and reasoning Flat RAG with and R: relevance, recall; Build time and
Bench (Xiang et  novels QA; summaries; without reranking; G: accuracy, tokens; prompt
al.)[23] creative answers several generators ROUGE-L, tokens
faithfulness
GraphRAG- 20 CS textbooks Five answer GPT-40-mini; R: not reported; G: Build, index and
Bench (Xiao et formats; rationales k& = 5; 1,200-token accuracy, rationale retrieval time;
al.)[127] passages score tokens
WildGraphBench Web pages cited by Single- and GPT-40-mini; R: not reported; G: Not reported
[126] Wikipedia multi-fact QA; k =5 or 10; accuracy,
section summaries common passage statement P/R/F1
splitting
MultiHop-RAGI[2] 609 news articles Inference, Retrieved or gold R: MAP, MRR, Not reported
comparison, evidence; six Hit; G: accuracy
temporal and null  generators
questions
STaRK[128] Amazon; MAG; Ranked entities; Synthetic and R: Hit, recall, Retrieval latency
PrimeKG retrieval only human queries; MRR; G: none
rerankers
GraphQA[32] ExplaGraphs; Commonsense, Llama2-7B; R: not separate; G: Tokens and nodes;
scene graphs; scene and KG prompting, tuning, accuracy, answer training time
Freebase answers LoRA Hit@1; structural
checks
mmRAG[129] Six QA datasets; Answers; passage  Two generators; R: NDCG, MAP, Not reported
text, tables, KGs  retrieval; routing top 3; oracle Hits; G: EM, F1
retrieval
MKG-RAG- MarKG; MedMKG; Masked relation or Shared CLIP; R: NDCG, P/R; G: Throughput with
Bench[130] text and images tail answers modality subsets; EM, F1, cached embeddings
GPT-5; k=5 Contains@1,
BLEU-1

R/G: retrieval and generation; P/R: precision and recall. Metrics are defined above. LoRA: low-rank adaptation, which
trains small weight updates; CLIP: an encoder that maps images and text into a shared vector space. MAG is a scholarly
publication graph; PrimeKG is a biomedical graph; ExplaGraphs contains commonsense explanation graphs. Retrieval
metrics count the evidence units or entities specified by each benchmark.

retrieval raises multi-fact accuracy from 35.1% to 47.6% but lowers section-summary statement
F1 from 15.8% to 13.8% [126]. Finding the few facts needed to identify forest labs differs from
covering the statements in an entire report section. Summary-based retrieval can help the former
while dropping details needed by the latter.

How synthesis is judged changes the apparent benefit too. Some studies compare reference
overlap, using ROUGE-2 to apply precision, recall and F1 to adjacent token pairs. BERTScore
instead matches each answer token to its most similar reference-token vector, and vice versa,
then combines the two average similarities as F1 [16]. Others judge paired answers for compre-
hensiveness and diversity [22], while WildGraphBench scores statement coverage [126]. A varied
thematic answer can win a preference judgment while missing reference facts. Pairwise judging
adds further variation: reversing answer order can shift win rates by more than thirty points,
and answer length can influence preference [132]. Under bias controls and questions generated
from indexed text, one reported 72% to 28% graph win becomes a slight loss. Comparing broad
answers therefore requires matched coverage criteria and judge controls, not a preference score
alone.

Evidence coverage and evidence use Retrieving more supporting material helps only if
the generator uses it. With fixed embeddings and retrieval budget, a conversation graph raises
evidence recall from 79.7% to 84.5%, a statistically supported gain, while answer F1 changes
little [67]. Conversely, adding source spans tied to the question’s information needs to the same
five passages leaves passage recall unchanged but raises MuSiQue answer F1 from 50.1% to
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Table 5: Graph retrieval gains depend on the task, evidence budget and property scored. Each block
compares conditions within one study.

Task Control — alternative Metric Control Alternative Budget or condition

Han et al. [16]; Llama-3.1-8B-Instruct generator

Natural RAG — HippoRAG 2 Answer F1 64.78 61.03 Top 10 units

Questions

HotpotQA RAG — HippoRAG 2 Answer F1 60.04 63.01 Top 10 units

MultiHop-RAG RAG — community (local) Accuracy 67.02 69.01 Top 10 units;
unequal tokens

MultiHop-RAG Token-matched RAG — Accuracy 69.33 69.01 Equal input tokens

community (local)

MultiHop-RAG RAG — community graph Build time (s) 135 5,560 Graph built with
GPT-40-mini

WildGraphBench [126]; GPT-40-mini generator, GPT-5-mini judge

Multi-fact Text RAG — GraphRAG (global) Accuracy 35.08 47.64 Top 5 units

Summary Text RAG — GraphRAG (global) Statement F1 15.84 13.78 Top 10 units

Entity—memory graph [67]; GPT-3.5-turbo generator

LoCoMo Dense — entity—memory graph Evidence 79.7 84.5 Same vectors; top 25

dialogue recall

LoCoMo Dense — entity—memory graph Answer F1 42.1 42.6 Same generator

dialogue protocol

SubgraphRAG [§]; retrieval only, Freebase

WebQSP GNN-RAG — SubgraphRAG Triple recall 40.5 86.5 GPT-4o-labeled
triples

WebQSP GNN-RAG — SubgraphRAG Runtime (s) 68 6 Excludes KG
queries

Zhou et al. [22]; Llama-3-8B generator
MultihopQA Communities and passages — plus Accuracy 55.2 59.7 Same retrieval setup
entities and relations

LineageRAG [14]; GPT-40-mini generator

MuSiQue Without — with source spans Passage R@5 76.53 76.53 Same five passages

MuSiQue Without — with source spans Answer F1 50.11 55.76 Spans tied to
information needs

KDAF [119]; Qwen3 generator, FinanceBench reports

145 questions BM25 — ontology graph Citation F1 46.3 51.5 Pool of 189 records
145 questions BM25 — ontology graph Correctness 11.7 11.0 Exact or numeric
scoring

Quality metrics are percentages. Passage R@5 applies recall to the first five retrieved passages; evidence recall
counts annotated conversation turns. Correctness uses exact or numeric agreement with the reference answer.
Top-k counts evidence units, which differ by method. SubgraphRAG returns 100 triples, while GNN-RAG returns
a variable number of paths. The entity—-memory recall gain and KDAF’s citation gain hold under the studies’
resampling tests; the corresponding answer-F1 and correctness differences do not.

55.8% [14]. Supplying gold evidence exposes the remaining generation limit: on MultiHop-RAG,
one generator’s accuracy rises from 56% to 89%, while two others reach only 32% and 36% [2].
Evidence coverage and answer quality must be scored separately because either can improve
while the other stays fixed.

On a curated graph, simpler retrieval can also be better retrieval. SubgraphRAG’s evaluation
on WebQSP compares its triple scorer, a small network that rates each triple independently,
with GNN-RAG’s graph neural network [8]. The two return different amounts of evidence, a
fixed 100 triples against a variable set of paths, and the timing excludes graph queries. Under
these conditions, the triple scorer more than doubles the recall of judged-relevant triples (86.5%
against 40.5%) and cuts retrieval time from 68 to 6 seconds, so on this graph the simpler scorer
is both more accurate and faster.
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Correctness and attribution Better citations can coexist with unchanged answer correctness.
Over 145 financial questions, an ontology-driven graph raises citation F1 from 46.3% to 51.5%
relative to BM25, a standard lexical ranking function [119]. Paired resampling supports that
citation gain, while correctness remains near 11% across retrieval conditions. The graph improves
where the answer points without fixing what it says, so attribution and correctness require
separate scores.

Domain and model conditions Existing domain structure can make graph construction
useful without inferring every relation from prose. A support-ticket graph preserves fields and
ticket links, improving retrieval rankings and reducing deployed issue-resolution time [43]. Parsed
code dependencies support repository-level generation [133], while linking private medical records
to literature and controlled vocabularies improves clinician-judged source use [134]. These
applications share useful connections already present in their sources. Their gains motivate
retaining such structure before paying to extract additional relations.

Whether the generator already knows the facts changes how much retrieval adds. On a
public biomedical graph, triple retrieval and agent-written graph queries change medical-exam
accuracy by at most 3.4 points across the tested models; on novel and counterfactual facts,
the same pipeline lifts accuracy from chance to nearly 100% [135]. A battery-materials study
likewise finds that a model without graph access recovers much of the graph’s content, while
random graph subsets reproduce much of the effect of top-ranked facts [136]. These findings
make private or new facts, such as Cedar Lab’s location, especially useful tests of evidence use.
Comparing familiar and unseen facts separates information supplied by retrieval from knowledge
the generator already has.

6.3 Computational cost

Cost evaluation gives a system a collection, a workload of questions and an update schedule.
Success means retaining the required answer quality with affordable construction, query and
maintenance work. Building the graph G is paid before questions and again where updates
require it; retrieval and generation are paid per question. Figure 4 separates these stages.

Cost measures Latency is elapsed time for the operation being measured. Token counts
measure model input and output separately; storage measures the bytes retained in indexes and
summaries. Monetary cost applies the stated prices of model calls, tools and source access to the
workload. Throughput counts completed operations per unit time. Reporting these separately
distinguishes a one-time indexing expense from a fast query path.

In one controlled comparison, community-graph construction takes about forty times as long
as text indexing (5,560 against 135 seconds), while retrieval over the study’s questions takes less
time (1,249 against 1,724 seconds) [16]. Storage also grows (165 against 127 MB). The graph’s
cheaper retrieval does not immediately repay its construction cost; how many questions it serves
and how often it changes determine whether it does.

Where savings arise A saving is useful only after the work moved to other stages has been
counted. (i) Construction. Extracting a central skeleton, simplifying the graph, or replacing
relation extraction with parsing reduces indexing work [52, 137, 138]. (ii) Retrieval. Reusing
previous traversals [139] or escalating only when evidence is missing reduces repeated search
(§4.4). (iii) Generation. A router can select a cheaper graph method and generator using a
learned policy [140] or the distribution of retrieval scores [141]. Total accounting must include
the router, any training, and the answer quality retained, so a local saving is credited only after
its additional work is charged.
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Figure 4: Construction incurs an initial cost, queries add retrieval and generation costs (top two rows,
§6.3), and localized updates refresh affected graph elements and summaries (third row, §7.2). A fact’s
valid time can differ from its source’s arrival time (bottom) [16-18, 27].

Whether a graph pays for itself depends on how often it is queried and how often it changes.
A lab collection that answers thousands of questions a day spreads its build cost thin; one that
receives new reports every day pays for updates again and again. Benchmarks report different
parts of this account. GraphQA reports training time per pass through the training data [32],
STaRK reports retrieval latency [128], and MKG-RAG-Bench reports throughput with cached
embeddings and warm retrievers, which leaves out building the index and generating the answer
[130]. Adaptive systems add variation, because their work depends on each question and on
when they stop. A fair comparison reports build, update and per-question costs separately, in
their original units.

Scale and refresh Corpus growth can rule out a design before answer quality is measured.
Across nested collections spanning about a 450-fold size range, BM25 overtakes an agent that
explores files above roughly ten million tokens, while the tested graph methods reach construction
limits earlier [142]. Their scalable variants remain below BM25 wherever both run. Query-time
alignment with an external graph avoids offline triple extraction and has been used over millions
of documents, but can drift to a related topic [143]. Linking Cedar Lab to Cedar Labs, the
software company, would create that error during a query rather than construction. Updates add
recurring work because changed facts may affect several summaries (§7.2). The scalable choice
must therefore account for both construction capacity and repeated alignment or refresh work.

7 Reliability and maintenance

A graph carries source errors into every path and summary that depends on them. Reliability
therefore requires recovering missing support and exposing conflicts (§7.1), preserving the time
of facts while updating their derivatives (§7.2), and resisting both poisoned sources and attempts
to extract protected knowledge (§7.3). These failures share a dependency problem: changing one
source fact can affect many later retrievals and answers.
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7.1 Incomplete and conflicting evidence

A graph can lack an edge the answer needs, or hold claims that cannot both be true. In both
cases the answer should rest on a source. A missing fact can sometimes be reached through other
edges or found in the source text, but a fact the model supplies from memory has no source
behind it. Conflicting claims can be settled only once the system knows why they differ, for
instance because one is out of date.

Missing support and alternative paths Losing an answer-bearing edge hurts more than
losing unrelated context. One path-based method loses about five accuracy points on WebQSP
after random deletion of a fifth of its triples, but about eleven after deletion along reasoning paths
[144]. A separate analysis finds the largest damage next to the answer, with some context-edge
deletions harmless or helpful [145]. Robustness tests must also distinguish recoverable omissions
from questions left without any supporting path. Removing direct facts only where a logical rule
guarantees a detour preserves answerability (BRINK [146]). If Cedar Lab’s city edge is missing,
edges placing the lab at the University of Oslo and that university in Oslo might supply a detour.
BRINK finds that systems often miss such alternatives and recover better with recognizable entity
names than with hidden names. Testing both graph detours and hidden identities separates
recovery from evidence from recovery through model memory.

Textual recovery and generated completion A missing graph edge can be recovered from
source text or proposed from model knowledge. A controller can check each hop’s requirements
and return to raw passages when graph evidence cannot establish the next entity (CS-RAG
[147]). Fuzzy text matching provides another fallback when decomposition or verification fails
[148]. Generating and verifying missing triples instead draws on what the model already knows
(Generate-on-Graph [149]). This improves answers on the incomplete graphs tested, but supplies
no dependable source for an unseen private fact such as Cedar Lab’s city. Returning to text
recovers evidence the graph omitted; generated completion should remain a hypothesis until
evidence confirms it.

Conflicting assertions Detecting a conflict becomes harder when its two claims connect
only through several relations [150]. A verifier can compare retrieved claims for support and
contradiction before generation (§5.3). A different conflict arises when sources disagree with
model memory: one method finds paths that most change the uncertainty of the model’s answer
distribution [151]. Testing answers under counterfactual unreliable paths can also improve
calibration, agreement between stated confidence and observed accuracy [152]. Resolving the
answer still requires knowing why the claims differ. Reports from different periods may both be
right, while two current reports may disagree about Cedar Lab’s city. Recording source, time
and contradiction lets the system give a dated answer in the first case and disclose disagreement
in the second.

7.2 Temporal validity and updates

Facts change, but an old fact stays true for the period it describes. A graph that dates its facts,
rather than overwriting them, can answer questions about the past as well as the present. The
cost falls on maintenance. Each new fact also changes the summaries built on it, and rebuilding
them all for every update is expensive.

Time-constrained evidence Selecting evidence by the period it describes prevents old and
current facts from being mixed. Suppose Cedar Lab moves from Oslo to Bergen in 2024.
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“Where was it in 20227” and “Where is it now?” then need different location edges. One
system decomposes multiple time constraints, retrieves time-specific subgraphs and then gathers
finer evidence and source text (T-GRAG [153]). On annual-report questions with several time
constraints, its reported accuracy rises from 36% to 75% with one generator and from 46% to
70% with another. Other methods narrow retrieval through time-aligned rules [154] or learn a
temporal retriever with explicit retrieval and reasoning steps [155]. The representation must also
suit the temporal question. Intervals accommodate uncertain boundaries [156]; event timelines
and linked entity—event graphs preserve ordering and change [157, 158]; dated episodic memory
retains successive observations [159]. Choosing the right period before generation reduces the
conflicting evidence the generator must resolve.

Localized maintenance Adding new facts can be local even when their summaries form a
hierarchy. After inserting extracted nodes and edges [27], a system can repartition and summarize
affected text groups, then propagate the change to their ancestors (EraRAG [17]). Its experiments
test repeated insertions. A time-organized hierarchy instead adds summaries for new time nodes
and their ancestors while retaining earlier relations (TG-RAG [18]). Its answers about past
earnings calls remain stable as new transcripts arrive. Applied to the lab collection, the dated
2024 move adds Bergen while preserving Oslo for questions about 2022. Restricting refresh to
affected groups and ancestors reduces repeated summarization while retaining historical evidence.

7.3 Attacks and defenses

Attackers either put false facts into a KG RAG system or get protected facts out of it. Both
attacks exploit the graph’s connections. A planted fact reaches every question whose search
passes through it. Carefully chosen queries can piece together relations the system should keep
private, even when no answer quotes a source. Defenses therefore have to act on sources and
connections, not only on wording.

Poisoning assertions and topology An attacker who changes source text can redirect the
graph’s connections. Injected triples can complete a misleading chain [160], target a relation
shared by many questions [161], or make a false fact resemble a legitimate update [162]. A
fabricated report that Cedar Lab moved to Stockholm can then enter retrieval as a newer location
claim. Small edits to existing documents can be harder to notice: changing less than 0.05%
of corpus words cut one system’s accuracy from 95% to 50% without detection by the tested
defenses [163]. Substituting entities of the same type likewise preserves fluent wording while
redirecting multi-hop connections [164]. Graph poisoning exploits not only false content but also
the routes through which later questions find it.

Defenses that inspect surface wording do little to repair poisoned connections. Query
paraphrasing barely reduces success against injected relations or entity substitutions [161, 164],
and filters based on text predictability poorly separate poisoned from clean passages [161]. Source
trust labels have a larger effect when they are supplied with knowledge of which sources were
poisoned: attack success on MuSiQue falls from 89.2% to 45.7% [161]. The remaining problem
is obtaining those judgments without the attack labels. Source links and reliability estimates
provide the records on which such defenses must act (§3.3).

Extracting hidden graph knowledge Query access can expose relations even when answers
reveal little source text. Targeted prompts recover entities and relations, with leakage growing
as retrieval windows and query counts increase [165]. Adaptive attacks can reconstruct topology
through traversal [166] or choose queries for the new structure they reveal [167]. Restricting
similarity thresholds reduces leakage at a substantial answer-quality cost. Summarizing evidence
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helps against untargeted extraction but can worsen leakage on targeted facts [165]. A community
summary naming Cedar Lab’s confidential funder reveals the relation without quoting the funding
report. Protecting documents therefore requires controlling which facts and connections each
user can recover, including through summaries.

8 Open problems

The remaining problems concern preserving answer-relevant evidence and predicting when its
connections help. We group them into measuring representation loss, selecting useful retrieval
operations, retaining attribution under conflict, and maintaining support and permissions as
sources change.

Representation errors and evidence loss Construction quality needs to be measured by
the questions its omissions change. A dropped qualification, a false entity merge or a fragmented
multi-part fact can leave a connected graph that misstates its source (§3). Fact-retention tests
[48] and stage diagnostics [61] identify losses without establishing their answer-level consequences.
Dropping “to study forests” is harmless for Cedar Lab’s city but decisive for its founding purpose;
a linked passage can also make a lost graph relation recoverable. Generation adds another failure
point because the model may overlook evidence that is present [13]. Measuring recoverability
together with evidence use would distinguish when to repair extraction, retain more text or
change the generator’s input.

Transferable graph benefit and retrieval control Choosing graph retrieval requires
predicting a benefit beyond the collection on which it was measured. Existing comparisons
show sensitivity to token budgets, output criteria and judge biases [16, 126, 132], as well as to
whether the model already knows the decisive facts [135]. A useful predictor would use observable
properties of a question, its sources and the available budget to select graph or text retrieval.
Adaptive control needs the same prediction for each next operation. Another traversal may
promote a missing bridge into the few positions the generator reads, or merely add distraction
[12]. The controller needs a record of unresolved support so it can distinguish a useful next
search from repeated evidence and stop when the required facts are covered.

Source-grounded attribution under conflict Claim-level support needs to survive retrieval,
compression and synthesis. Citations locate the support offered for an answer, while traversal
records capture other observations that influenced it [14, 121]. Connecting those records would
show which retrieved statements justify each generated claim. Conflicts require an additional
judgment: weighing support and contradiction makes disagreement explicit [63], but the answer
must also distinguish a correctly quoted source from a reliable source and a historical claim from
a current one. Cedar Lab’s move calls for a dated answer; incompatible current reports call for
qualified alternatives or abstention. Evaluations should score whether answers preserve those
distinctions, rather than force every conflict into a single unqualified reference answer.

Efficient maintenance and trustworthy deployment Insertion methods show how sum-
mary hierarchies can grow without rebuilding everything [17, 18]. Correction and withdrawal
require tracking dependencies in the other direction. A retracted report can affect extracted
facts, entity merges, summaries and answers, so maintenance must find those derivatives and
revise them while leaving unaffected content intact. Access control poses the same dependency
problem. Graph systems can leak relations through summaries even while protecting source text
[165]. If access to Cedar Lab’s funding report is revoked, a readable community summary must
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not continue revealing its confidential funder. Deployment therefore needs dependency records
that carry both support and permissions through extraction, aggregation and traversal, and tests
that verify their revision when a source changes.

9 Conclusion

Knowledge graph RAG makes connections available to retrieval so that a generator can combine
facts across documents or draw on summaries of a collection. Its usefulness depends on what
survives each stage. Construction can retain a founding relation while dropping its purpose;
retrieval can reach both the lab’s city and irrelevant neighbors; integration can deliver a path or
the source wording that qualifies it. Linking graph elements to source text keeps those omitted
details recoverable and gives readers evidence they can inspect.

Controlled comparisons favor graphs on some connected questions and unseen facts, while
finding losses on simpler questions or detailed summaries. Equal token budgets remove some
apparent advantages, and construction costs must be repaid across queries and updates. Valid
paths, source-supported claims and correct answers require separate measurements. Progress
therefore depends on predicting when connections help, measuring which losses change answers,
and preserving support and permissions as evidence is combined, corrected or withdrawn.
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