CASJ-2026 - International Scientific and Practical Conference - 18 December 2026

PROCEEDINGS OF THE INTERNATIONAL SCIENTIFIC AND PRACTICAL CONFERENCE
Science and Education in Central Asia: Digital Transformation and Sustainable

Development
18 December 2026 - online, Zoom - CASJ-2026
SECTION 7. YOUNG RESEARCHERS: STUDENT SECTION (BACHELOR'S AND MASTER'S)

DOI: https://doi.org/10.5281/zenodo.24141910

UDC 004.8

EVIDENCE COMPLETENESS AND ANSWER QUALITY IN GRAPH-
ASSISTED RETRIEVAL-AUGMENTED GENERATION

Mukhambetov Bektas, Noken Rakhima, Tarlan Baimyrza, Yskak Zhanibek
Astana IT University, Astana, Kazakhstan

Mukhambetov Bektas — Third-year BSc student in Computer Science, Astana IT University, Astana,
Kazakhstan.

Noken Rakhima — Third-year BSc student in Computer Science, Astana IT University, Astana,
Kazakhstan.
Tarlan Baimyrza — Third-year BSc student in Computer Science, Astana IT University, Astana,
Kazakhstan.

Yskak Zhanibek — Third-year student in Software Engineering, Astana IT University, Astana, Kazakhstan.

Scientific supervisor: Tursynkozha Aisha — PhD, Assistant Professor, School of Artificial Intelligence and
Data Science, Astana IT University, Astana, Kazakhstan.

© Mukhambetov Bektas, Noken Rakhima, Tarlan Baimyrza, Yskak Zhanibek, 2026

Abstract: For multi-hop questions it remains unclear whether retrieving more complete evidence
actually improves the answers of retrieval-augmented generation. The study compares sparse, dense and
entity-mention-graph retrieval with a shared reranker and a local quantized language model on reserved
HotpotQA questions, and proposes an evidence-to-answer decomposition that separates the effect of
evidence coverage from the effect of evidence utilization. Graph-assisted retrieval kept complete evidence
more often than dense retrieval, but its answer gain was not statistically resolved and was explained mainly
by how the generator used the evidence rather than by retrieval coverage.

Keywords: retrieval-augmented generation; multi-hop question answering; entity mention graph;
evidence coverage; answer quality.

AHHOmMayus: [lna MHO20wWazo08blx 80NPOCO8 OCMAEMCS HesICHbIM, ydydwiaem au bonee
Nno/MHbILl NOUCK noomeepxcoaioWux (pakmoe omeembl 2eHepayuu, OONOAHEHHOU nouckoMm. B
uccne008aHUU CpasHUBAOMCS. pa3petceHHbll, NAomHblll U 2pagosblli NOUCK No YNOMUHAHUSM
cywHocmell ¢ 06WUM NepepaHICuUpOBUUKOM U JNOKAAbHOU KBAHMOBAHHOU S13bIKOBOU MOOe/bl0 HA
omuodceHHblx eonpocax HotpotQA, a makdice npednazaemcss 0eKoMnosuyusi «pakmbi—omeem»,
pasoensirowjas s¢pgpekm nonHomsbl pakmos u 3¢ppekm ux ucnonb3osanusi. I pacpoebili nouck vauje
COXpaHan noaMblli Habop ¢akmos, uem nAOMHbIU, OOHAKO 6blU2PblUl 8 Kauecmee omeema
cmamucmuuecku He NOOMeepHCOEH U 0OBIACHSemcsi 8 OCHOBHOM MmeM, KaK 2eHepamop Ucnonb3yem
¢pakmbl, a He no1HOMoll noucka.

Knouesble cnoea: 2eHepayusi, OONOAHEHHAst NOUCKOM; MHO20WA208ble 80Npochbl; 2pag
YNOMUHAHUll cyuwjHocmeli; noaiHoma ¢pakmos; kauecmeo omeema.

AHoamna: Ken cambuibl cypakmap ywiH Oanendepdi monbieblpak maby i3oeymeH
MO/IbIKMbIPbLIRAH 2eHepayUsiHbIH #ayanmapblH Jcakcapma ma 0e2eH Macene ani 0e aHblK eMec.
3epmmeyde HotpotQA dicublHbiHbIH 061eK KanobipbLiegaH CypakmapbiHOd opmak Kaiima
paHzineywici JicoHe xcepeinikmi keaHmmesnzeH mindik modeni 6ap cupek, mblebl3 HcoHe MIHOIK
amaynap 2pacpbiHa HezizoenzeH i30ey canbICmbIpbliadbl, COHOAU-AK 0a1e10epOi MoAbIKMbI2bl MeH
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01apObl nalidanaHdy acepiH aMCbipamambiH «0dneA—xcayan» O0eKOMNO3UYusiCbl  YCbIHbLAAOBI.
I'pagpmbik i30ey mbiebi3 i30eyee KapazaHoa mosblK Oanendepoi xcuipek cakmaobl, 6ipak Jcayan
canacbliHOGebl JHaKcapy CmamucmukaablK mypoe pacmanmaobl JiCoHe HeziziHeH —i30ey
MobIKMblebIMeH eMec, 2eHepamopobly 0d/1e10epdi natidanaHybiMeH myCiHOipinoi.

TyliiH ce30ep: i30eyMeH MOAbIKMbIPbLIRAH 2eHepayusi; Ken camblibl CYpakmap; MaHOIK
amaynap 2pacgbl; 0anea0epoiy MoabIKMbibl; Hayan candchbl.

1 Introduction

Retrieval-augmented generation (RAG) combines a retriever that selects passages from an
external collection with a language model that writes the answer from them [1]. Universities
increasingly use RAG for tutoring and course question answering, often on modest local hardware
[2]. For such systems the quality of retrieval and the quality of the answer must be measured
separately, because they are produced by different components.

The difficulty is greatest for multi-hop questions, which combine facts from several
documents. HotpotQA formalised this task and annotated the supporting sentences of each question
[3], and iterative retrieval was proposed to find the second, bridge document [4]. However,
complete evidence does not guarantee a correct answer: language models use long contexts
unevenly [5] and lose accuracy when relevant passages are mixed with noise [6]. Graph-assisted
retrieval is a popular way to improve coverage, but its benefit is usually reported only as an end-to-
end answer score, so a developer cannot tell whether to improve retrieval or the use of the retrieved
context.

The aim of this study is to determine how a lightweight entity-mention graph changes
evidence completeness and answer quality of a fixed local generator under a matched context
budget, and to quantify how much of the answer difference is explained by coverage and how much
by utilization. The object is the RAG pipeline for multi-hop questions; the subject is the relationship
between retrieved evidence and answer correctness. Two hypotheses are tested: H1, graph-assisted
retrieval increases the share of questions with complete evidence compared with dense retrieval;
H2, this gain translates only partially into answer quality, and most differences are explained by
evidence utilization.

The novelty lies in the evaluation design and in the proposed evidence-to-answer
decomposition (EAD), which splits the answer difference between two retrieval methods into a
coverage effect and utilization effects, and splits the gap to oracle evidence into missing evidence
and context dilution.

2 Literature review

Graph-based RAG adds explicit structure between pieces of text. GraphRAG builds an
entity graph with a language model and summarises its communities [7]. HippoRAG runs
personalized PageRank over an extracted knowledge graph to improve multi-hop retrieval [8], and
KG2RAG uses graph links to expand and organise retrieved chunks [9]. Document GraphRAG
builds document-structure graphs and reports its largest gains on multi-hop questions, including
HotpotQA [10], while a query-aware multi-path approach selects among one-hop, multi-hop and
importance-based subgraphs [11]. Most of these methods require a language model to extract
entities and relations, which is costly and introduces errors.

Recent analyses question the general benefit of graphs. A comprehensive benchmark finds
that graph RAG often underperforms standard RAG and identifies the tasks where structure helps
[12]. Zarrinkia et al. show that a leading graph RAG system often retrieves the answer yet reasons
incorrectly [13], and evaluation frameworks such as RAGAS score context relevance and answer
faithfulness as separate dimensions [14]. Table 1 summarises the comparison.
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Table 1 — Comparison of graph-assisted RAG studies

Approach Graph construction Measures evidence Links coverage to
coverage answers

GraphRAG LLM entity graph No No

HippoRAG LLM triples, PageRank Retrieval recall No

Document GraphRAG document structure Retrieval metrics No

RAGAS not applicable Context relevance Separate scores

This study exact title mentions Complete supporting Yes, EAD

sentences

Table 1 shows that existing studies either do not check whether complete evidence reached
the generator or report retrieval and answer scores without linking them. This study fills that gap
with a transparent attribution of answer differences to coverage or utilization.

3 Methodology

3.1 Research design and data

The study follows the six-stage design in Figure 1.

2 Mention graph

1 Question sampling

Exact title mentions
Passage projection, hub cap 30

HotpotQA dev, distractor split
50 tuning + 200 reserved

1,362 triples, 3,230 edges
|

2,485 pooled passages

-

3 Retrieval and reranking 4 Packing and generation

< 1,024 Qwen tokens
Closed-book, oracle controls

BM25, dense, graph routes
Shared cross-encoder

top 20 candidates per route 1,000 evaluations

v
6 EAD decomposition

Coverage vs utilization
Missing evidence vs dilution

EM, F1, evidence coverage
Paired bootstrap intervals

primary endpoint: AF1 proposed framework

Figure 1 — Research design

Figure 1 shows that stages 1-3 prepare the questions, the graph and the ranked candidates,
and stages 4—6 generate, evaluate and decompose the answers. A deterministic hash ordering with
seed 20261029 selects 250 records from the HotpotQA development distractor release: 50 for
tuning and 200 reserved for evaluation (159 bridge and 41 comparison questions). All their passages
form one shared corpus of 2,485 documents. Questions, answers and supporting-fact labels are
never used for indexing or graph construction.

Titles of at least four characters are matched at word boundaries; each match yields a
mention triple with sentence provenance. Passages are linked if they mention the same entity or if
one mentions the title of the other, and entities mentioned in more than 30 passages are ignored. The
graph has 1,362 triples and 3,230 edges, and 1,226 documents (49.34%) remain isolated.

3.2 Retrieval and generation pipeline

Figure 2 shows the evaluated pipeline.
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Figure 2 — Architecture of the evaluated pipeline and of the proposed diagnosis
Figure 2 shows three retrieval routes over one corpus that feed one reranker, packer and
generator. BM25 uses Lucene settings k1 = 1.2 and b = 0.75 [15]. Dense retrieval uses normalised
all-MiniLM-L6-v2 embeddings. The graph route takes the three best dense passages as seeds of
personalized PageRank:

where is the vector of passage scores after iterations, is the restart vector with equal mass
on the seeds, is the row-normalised adjacency matrix and is the restart probability. Dense and
graph rankings are fused by weighted reciprocal rank fusion [16]:

where and are the ranks of passage in the two lists and is the graph weight selected on the
tuning questions only.

Each route passes its top 20 candidates to the same ms-marco-MiniLM-L-6-v2 cross-
encoder. Packing admits at most five passages, 256 tokens per passage and 1,024 tokens in total,
counted with the generator’s tokenizer. The generator is Qwen2.5-7B-Instruct [17] quantised to
Q4_K_M and run with llama.cpp on an RTX 3050 Ti laptop GPU with 4 GB of memory, using
greedy decoding and an answer-only JSON format; insufficient evidence should yield “noanswer”.
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A closed-book control receives no context, and an oracle control receives all annotated supporting
sentences.

3.3 Metrics and proposed decomposition

The primary endpoint is the graph-minus-dense difference in macro answer token F1. Exact
match (EM) is also reported, and complete evidence for question is , where is the set of annotated
supporting sentences and is the packed context. Paired 95% intervals use 2,000 bootstrap resamples
of questions and, separately, of clusters sharing a gold source.

For method, let be the share of questions with complete evidence, the EM among them and
the EM among the remaining questions. Then

where the first term is the contribution of complete-evidence questions and the second the
contribution of correct answers despite missing evidence. For methods A and B the EM difference is
split exactly as

where is the value for B minus the value for A, is the mean completeness and is the mean
accuracy lift from complete evidence. The first term is the coverage effect and the other two are
utilization effects. The gap to the oracle control is split as

where is the EM with oracle evidence, the first term is the missing-evidence component and
the second is the context-dilution component, the loss caused by complete but longer and noisier
contexts. The decomposition is descriptive, because evidence states are observed rather than
randomised.

4 Results

Table 2 reports all five conditions on the 200 reserved questions; there were 1,000
evaluations and no failed request.

Table 2 — Evidence coverage and answer quality on the reserved questions

Configuration Complete EM F1 Abstain Context tokens
evidence
BM25 + reranking | 68.0% 37.0% 47.2% 67 702.0
Dense + reranking | 67.0% 34.0% 44.8% 74 700.6
Graph + reranking | 71.0% 37.0% 46.9% 69 703.1
Closed book — 4.5% 6.5% 175 0.0
Oracle evidence 49.5% 64.1% 36 149.0

Table 2 shows that the routes used almost identical context lengths, so differences are not
caused by the amount of text. The graph route had the highest complete-evidence rate, and its F1
was 2.1 percentage points (pp) higher than that of dense retrieval, with 95% intervals of [-0.1, +4.7]
for question resampling and [-0.2, +4.6] for source clusters. Both include zero, so a directional
advantage is not established, and BM25 reached a similar F1 (47.2%). Without reranking, coverage
was 51.5% for dense and 67.0% for graph retrieval; the common reranker narrowed this 15.5 pp
advantage to 4.0 pp, which supports H1 in a weaker form. By question type, graph F1 exceeded
dense F1 by 1.6 pp on bridge and 4.1 pp on comparison questions, the latter based on only 41
questions.
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Figure 3 — Exact match conditional on complete or incomplete evidence (95% Wilson intervals)
Figure 3 shows that complete evidence is associated with an EM of 42.5% to 44.9%, against
16.7% to 20.3% with incomplete evidence, a gap of about 25 pp for every route. The intervals
within each evidence state overlap strongly across routes, and even complete retrieved evidence
gives a lower EM than oracle sentences alone. Table 3 lists the components of the decomposition.

Table 3 — Components of the evidence-to-answer decomposition

Route c a b EM Missing Context
evidence, pp | dilution, pp
BM25 68.0% 44.9% 20.3% 37.0% 7.9 4.6
Dense 67.0% 42.5% 16.7% 34.0% 8.5 7.0
Graph 71.0% 44.4% 19.0% 37.0% 7.4 5.1
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Figure 4 — Evidence-to-answer decomposition: (a) method gap relative to dense retrieval; (b) gap to
oracle evidence

Figure 4a shows that of the 3.0 pp EM gain of graph over dense retrieval only 1.0 pp (34%)
comes from higher coverage, while 2.0 pp come from higher accuracy within evidence states.
BM?25 achieves the same gain almost entirely through utilization, with a coverage effect of 0.3
pp. Figure 4b shows that missing evidence explains 7.4 to 8.5 pp of the gap to the oracle, and
context dilution explains 4.6 to 7.0 pp, or 37% to 45% of the gap. These results support H2.

5 Discussion

The mention graph increased evidence coverage strongly before reranking and modestly
after it, but its answer gain over dense retrieval was small, statistically unresolved and no larger
than that of BM25. The decomposition explains why: most differences arise within evidence states
rather than from moving questions into the complete state. This agrees with the reasoning
bottleneck reported for graph RAG by Zarrinkia et al. and adds a quantitative attribution: in this
setting about one third of the gain comes from coverage. The dilution component links the results
with long-context studies: the oracle used about 149 tokens, the retrieval routes about 700, and the
extra text cost 4.6 to 7.0 pp even when nothing was missing.

The work has practical value for developers of RAG systems that run locally on limited
hardware, for example in universities. A mention graph can be built without language-model calls,
but it should be compared with a sparse baseline using paired intervals. Recording for each question
whether the complete evidence was packed is enough to compute the EAD and decide whether to
invest in retrieval or in context selection and compression; when dilution is large, as here, reducing
context noise is likely to help more than higher recall.

The study is limited to one corpus of 2,485 passages, one quantised generator and modest
retrieval models. The graph is a mention-based projection without alias resolution, annotated
supporting sentences may miss valid evidence paths, and EM can penalise valid answer aliases. The

© Authors, 2026 - Central Asian Scientific Journal 27



CASJ-2026 - International Scientific and Practical Conference - 18 December 2026

EAD is descriptive and was computed for EM.

6 Conclusion

The aim of the study was achieved. Under the pooled HotpotQA setting, graph reranking
retained complete evidence for 71.0% of questions against 67.0% for dense and 68.0% for BM25
reranking, and reached 46.9% F1 against 44.8% and 47.2%; the graph-minus-dense difference of
+2.1 pp is not statistically resolved. The proposed decomposition shows that only about one third of
the graph-versus-dense gain in EM is due to coverage and that context dilution accounts for 37% to
45% of the gap to oracle evidence. Future work will test alias resolution, other generators, Kazakh
and Russian corpora and context selection aimed at the dilution component. As local language
models spread in education and public services, separating retrieval from the use of evidence is
likely to become a standard part of RAG evaluation.
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