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BACKGROUND

Preliminaries

Instead of reasoning over an unordered set of text fragments (as instandard RAG),
GraphRAG operates on structured evidence composed of nodes and edges.

Offline GraphRAG

A corpus-level graph ( Is constructed in
advance and remains fixed during retrieval.
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Online GraphRAG

The evidence graph is incrementally
constructed and refined for the target query.

Pla|q) = Z P(a | q,Gq)P(Gq | q)
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Prevalence and diversity of query
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Nash Bargaining Maximizing joint gains relative to a disagreement point.
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Gap

Motivation

How can GraphRAG construct an evidence graph thatis sufficient for
answering a query while remaining compact and conflict-free ?

[ m What nationality is the director of the film The Beach?

[ Answer: British ] J
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METHOD

CONSIST: Exploration and Editing

1. Candidate Evidence Graph Construction

(a) Seed initialization
LLM extracts Embedding Top-m

uer
ey key entities alignment  seeds
— 000 — ::i: —000

Structural neighbors ~ Semantic relations

(b) Iterative expansion

@seed
exp a;?d o = o frontier
frontier nodes to Ocandidate
produce —structural
candidate graph )—semantic
G (can)
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2. Conflict-Aware Graph Utility
Modeling for Evidence Control

Sufficiency S(G,q) —
answer support
LLM-based support scoring

Consistency C(G,q) —
low contradiction
pairwise conflict penalty

Minimality M(G) —
compact graph
size-aware compactness penalty

sufficiency consistenc§

Gq = arg max( S(Gg,q) + AC(Gg,q)
+ (1-OM(G())
minimality

, ¥

Joint utility U(G,q) guides evidence control.
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(i) Graph edit space (Gumbel-softmax gates)
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@ s O ' Edit space : Graph editing

z ~ GS(Softmax(0))
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| (ii) Current—Future Nash bargaining
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\\ Output: minimal sufficient subgraph Gq’!e




METHOD

Problem Formulation

For a query ¢ and a set of documentnodes V1 with an initial edge set FE, let G(q) denote the
query-specific graph space reachable through edge expansion or removal over 1, where
edges may originate from F or be dynamically introduced beyond FE.

GZ = alg max S(GQ7Q) T )\C(GQ7Q) + (1 - )\)M(GQ)
Gq€9(q)

Sufficiency G, provides evidence that supports answering ¢
Consistency G, avoids contradictory or incompatible knowledge.

Minimality G, remains compact, minimizing duplicated or unnecessary evidence.

)\ is a trade-off weight between consistency and minimality.



CORE STEP 1

Candidate Evidence Graph Construction

Seed initialization. Extract query entities, align them with document nodes, and select
top-m LLM-ranked seeds.

GO _ {‘/seedn @}7 FO e ‘/seed

Candidate expansion. Expand structural neighbors and semantic relations.

‘/t—l—l ‘/tU U str UNsem( ))7

’UEFt

EtJrl — Et U {(?J, vstr,sem) | (U Ft7 Ustr,sem < Nstr(v) U Nsem(v)}-

If no prior edges exist, candidate expansion relies solely on semantic relations.



CORE STEP 2

Conflict-Aware Graph Utility

Sufficiency S(G,q) = LLMsup(Ga q)

The answer-support scorer rewards evidence useful for answering the query.

COHSiStency C(G7 Q) =1- Avg(ei,ej)EE(G)LLMpair (Q7 (eia ej))
LLM,.ir scores conflict between evidence edges.
Minimality M(G) = E(G")

E(G)

G’ denotes the graph before expansion. The edge-count ratio acts as a compactness proxy

UG,q) = S(G,q) + MC(G,q) + (1 — MNM(G)



CORE STEP 3

Nash-Guided Graph Editing

Each gate determines whether a candidate edge is retained. A  Gumbel-based relaxation
enables gradient-based editing.

loge —log(1 —¢) + 0

GS(f) = a( o ) e ~ U0,1)

(6’5, g & Et,

edi . can
. otherwise.

Nodes are removed when all incident edges are pruned. New edges are initializedat 1 , giving
them a temporary retention preference before utility-based editing.



CORE STEP 3

Nash-Guided Evidence Graph Editing

Current and future players. Immediate improvement can overlook conflicts introduced by
later expansion. The rollout uses H further expansion steps without additional editing .

ucwr = E|U(GET0),0) ], une =E[U(G15971(0).9)

u; ; = arg max Z log(u; — d;), st Vi, u; > dy.
e S L) i€{cur,fut}

d; = E[U (G4, q)]: both players must improve over the unchanged graph
If no such edit exists, CONSIST keeps the current graph unchanged.

Monte Carlo sampling. Stop when  S(G, q) > 7stop, then generate a = LLM(G7, q)-



EXPERIMENTS

Experiments: Multi-hop QA

Setup.We evaluate EM/F1 on 2Wiki, HotpotQA, and MuSiQue.

Method 2Wiki HotpotQA MuSiQue Avg.
EM(T) FI(T) EM(T) FI(T) EM(T) FI(T) EM(T) FI(T)
DEEPSEEK-V3 31.2 36.5 294 40.2 7.8 16.4 22.8 31.0
+ RAPTOR [32] 46.7 54.8 47.2 63.1 18.8 28.6 37.6 48.8
+ TOG [23] 32.8 31.3 24.1 29.2 23 7.0 2.7 245
+ G-RETRIEVER [8]  36.2 45.5 369 49.3 9.2 16.9 274 37.2
+ LIGHTRAG [6] 30.0 36.4 384 49.8 10.4 17.1 26.3 344
+ GRAPHRAG [5] 31.8 37.9 45.0 56.9 13.8 20.6 30.2 38.5
+ HIPPORAG [7] 57.8 68.4 49.8 64.7 19.0 29.8 422 543
+ RELINK [11] 62.8 722 55.8 70.4 252 37.0 47.9 59.9
+ CONSIST 65.3 13.9 62.6 77.8 43.5 559 S7.1 69.2
Std. F10 05 15 L2 E0F7 =l klD ==
GPT-40 29.2 35.8 33.0 424 10.6 214 243 33.2
+ SIRERAG [49] 59.6 67.9 61.7 76.5 40.5 3.1 539 65.8
+ TCR-QF [10] 59.8 68.0 55.8 70.8 30.3 43.2 48.6 60.7
+ HOPRAG [20] 61.1 68.3 62.0 76.1 42.2 54.9 2.1 66.4
+ CONSIST 67.2 5.7 64.3 79.0 44.1 56.8 58.5 70.5
Std. +1.1 08 09 08 <£05 X109 08 H09

CONSIST achieves the best EM/F1 on 2Wiki, HotpotQA, and MuSiQue. DeepSeek-V3
average EM improves from RelLink's 47.9to 57.1.



EXPERIMENTS

Experiments: Conflict-oriented QA

Setup. FaithEval and three ConFiQA settings.

Method FaithEval  ConFiQA (MC) ConFiQA (MR) ConFiQA (QA) Avg.
EM(T) FI(T) EM(T) FI(T) EM(T) FI(T) EM(T) FI(T) EM(T) FI(T)

LLAMA-3-8B 60 277 2.1 5.0 1.9 6.1 1.3 6.1 o8 132
+ OPIN(INSTR) [52] 151 349 573 674 540 659 674 769 485 613
+ CAD [34] 427 594 114 160 313 400 381 483 309 409
+ COIECD [47] 413 561 240 285 433 509 60.1  67.1 422  50.7
+ ADACAD [37] 477 614 325 433 425 467 481 557 427 518
+ KRE [46] 121 59.1 598 682 589 687 747 840 514 700
+ FAITHFULRAG [50] 49.1 624 612 703 531 624 652 704 572 664
+ CONSIST 557 685 651 739 638 727 716 813 656 756
Std. +12 415 407 108 206 406 03 402 107 408

In multi-hop QA, it preserves necessary intermediate links; in conflict-heavy settings, it
suppresses inconsistent or ambiguous paths that could mislead reasoning.



EXPERIMENTS

Model Breakdown

2Wiki ConFiQA-MC EXP: expansion-only
GS-LLM: LLM-derived heuristic

Variant EM F1 EM F1 GS-U: current-player utility

+EXP 562 651 494 55 6 GS-SUM: sum of current and future
utilities

+GS-LLM 594 685 54.9 60.4 . .
Full: Nash bargaining with our

+GS-U 63.9 728 61.7 67.3 _ _
proposed disagreement point

+GS-SUM 64.6 734 63.2 70.1

Full 67.2 75.7 65.1 73.9

Nash coordination further gains 2.3 F1 points on 2Wiki and 3.8 on ConFiQA-MC over
direct utility summation.



EXPERIMENTS

Utility Ablation

7e1%y7,

>.3 63.2 ConFiQA

72. 2Wiki F1

2Wiki EM 63.1
Fl ConFiQA

EM

EM
Memb

NLI-based Consistency
Replaces the LLM-based consistency with a natural
language inference-based contradiction detector.

CNLI

Embedding-based Minimality

Replaces the size-based minimality with an
embedding-based redundancy to count nodes if
their cosine similarity is greater than 0.75.

ConFiQA 2Wiki
74.6 F1 Full EM 66.5

2Wiki
EM ConFiQA
67.2 CorIIEI:ViIQA F1
2Wiki 65.1 73.9
F1

75.7




EXPERIMENTS

Graph Quality: Consistency and Minimality

ConR: context alignment. ParR : parametric-knowledge alignment. Higher ConR together
with lower ParR indicates better conflict resolution.

ConR 68.9 Nodes

4 73.8

32.7

ParR B LLaMA3-8B Edges
“/16.9 A FaithfulRAG

22 Ours

ZJ HopRAG

0 20 40 60 80

On 2Wiki, CONSIST retains 11.2 nodes and 14.8 edges , versus HopRAG’s 19.6 and 32.7:
42.9% fewer nodes and 54.7% fewer edges .




FURTHER ANALYSIS

Model Robustness via Evidence Pruning

Setup. Randomly remove ¢9% of edges from the final evidence graph, with ¢ ¢
{0%, 10%, 20%, 30%, 40%}, and evaluate the resulting performance.

80 Result. CONSIST degrades

=/ HopRAG EM ' SiReRAG EM  ={J= QOurs EM .
=gr= HopRAG F1 =#= SiReRAG F1 == OQurs F1 more sharply than basellne
methods.

70 1

60 h I.\

Explanation. A higher
proportion of task-critical
edges, with fewer duplicated
reasoning paths.

50

40 A

30 ! T T T T
0% 10% 20% 30% 40%

The evidence selected by CONSIST is more compact and less redundant



FURTHER ANALYSIS

Time Complexity Analysis

Each iteration introduces at most 5 new edges: |F;| <

|Eo| + tb. When the initial graph size is treated as Method Avg. time (s)
constant, |E;| = O(tb).

RELINK 12.62

RELINK :  O(b(Cexp + CLLm) + blogb) .
Cost at iteration ¢ HOPRAG : O (bCexp + b*Crinmt) - HopRAG 17.52
TOG-3: O(R(Cosp+ Crim)).
O((l =i H)bCeXp —|-tb—|-CLLM) ToG-3 15.18
CONSIST 12.80

; t of di didate edge. .
Cexp: COSt Of €xpanding one candidate edge Runtime comparable to RELINK

; t of LLM-b d tion. ..
Crpm: cost of one ased operation and more efficient than HopRAG

The additional editing cost grows linearly with the and ToG-3.
accumulated expansion budget .



NASH-GUIDED OPTIMIZATION

Proposition : Continuity of Expected Utility

Let G be a finite set of graphs and h : G — R. Let ¢ be arandom graph generated by
Gumbel-softmax edge-retention probabilities. Assume A > 0.

u(0) = Elh(g) | 0] is continuous in 6.

Each p;(0) is continuous. Under independent Bernoulli edge-retention decisions conditional on 0:

P(g=g.|0) ZHpi(é’)xi(l—pi(H))l_“a =Y h(g)P(g10).

= geyg
A finite product of continuous functions is continuous.  w(#) is a finite linear combination of

continuous functions.

Replacing h(g) by h(f(g)): ugyt is also continuous in  0-



BACKUP

Sensitivity Analysis
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(a) Rollout step H.
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(a) Utility hyperparameter A.
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(b) Semantic expansion threshold Tsem.
-8 2Wiki
- ConFiQA 67.2
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(b) Gumbel-Softmax temperature A.
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(b) Termination threshold Tstop.



Conclusion

CONSIST explicitly regulates graph construction by jointly modeling sufficiency,
consistency, and minimality , and refines candidate graphs through Gumbel-based
edge editing guided by current—future Nash bargaining .

Experiments show that CONSIST consistently improves answer accuracy while
producing substantially more compact evidence graphs .



