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Abstract001

Large Language Models (LLMs) have demon-002
strated remarkable reasoning capabilities but of-003
ten grapple with reliability challenges like hal-004
lucinations. While Knowledge Graphs (KGs)005
offer explicit grounding, existing paradigms of006
KG-augmented LLMs typically exhibit cogni-007
tive rigidity—applying homogeneous search008
strategies that render them vulnerable to in-009
stability under neighborhood noise and struc-010
tural misalignment leading to reasoning stagna-011
tion. To address these challenges, we propose012
CoG, a training-free framework inspired by013
Dual-Process Theory that mimics the inter-014
play between intuition and deliberation. First,015
functioning as the fast, intuitive process, the016
Relational Blueprint Guidance module lever-017
ages relational blueprints as interpretable soft018
structural constraints to rapidly stabilize the019
search direction against noise. Second, func-020
tioning as the prudent, analytical process, the021
Failure-Aware Refinement module intervenes022
upon encountering reasoning impasses. It trig-023
gers evidence-conditioned reflection and ex-024
ecutes controlled backtracking to overcome025
reasoning stagnation. Experimental results on026
three benchmarks demonstrate that CoG signif-027
icantly outperforms state-of-the-art approaches028
in both accuracy and efficiency.029

1 Introduction030

Large Language Models (LLMs) (Brown et al.,031

2020a; Ouyang et al., 2022; Achiam et al., 2023;032

Dubey et al., 2024; Guo et al., 2025) have demon-033

strated strong generalization across natural lan-034

guage tasks (Bang et al., 2023; Zhao et al., 2023;035

Huang and Chang, 2023; Qiao et al., 2023). How-036

ever, in knowledge-intensive and multi-hop rea-037

soning scenarios, they face substantial reliability038

challenges, including hallucinations and inconsis-039

tent evidence chains (Hu et al., 2023; Wang et al.,040

2023a; Huang et al., 2024). These issues are exacer-041

bated by reliance on parametric knowledge, which042

is difficult to update and lacks verifiability. When 043

external evidence is incomplete, models often fall 044

back on language priors, producing answers that 045

are fluent yet weakly grounded. Consequently, in- 046

tegrating knowledge graphs (KGs)—which offer 047

structured, retrievable, and verifiable facts—has 048

become a critical pathway to ground complex rea- 049

soning (Pan et al., 2024). 050

Among KG-augmented LLMs approaches, the 051

LLM-driven graph agent paradigm (Sun et al., 052

2024; Chen et al., 2024; Ma et al., 2025) has been 053

widely adopted for its flexibility. Such methods 054

typically execute a plan–retrieve–generate loop 055

to iteratively extend evidence chains (Sun et al., 056

2024; Chen et al., 2024; Luo et al., 2024). De- 057

spite their utility, these approaches often exhibit 058

instability in complex settings, with performance 059

fluctuating heavily under neighborhood noise. We 060

attribute this instability not merely to knowledge 061

deficiency (Ji et al., 2023), but to a lack of adap- 062

tive strategy regulation—a limitation we term cog- 063

nitive rigidity. In practice, many existing sys- 064

tems (Sun et al., 2024; Chen et al., 2024) apply 065

homogeneous search strategies regardless of task 066

uncertainty, leading to reasoning trajectories that 067

oscillate or deviate. Specifically, cognitive rigidity 068

manifests in two reinforcing challenges (Figure 1): 069

(1) Error Cascading from Indiscriminate Explo- 070

ration. Indiscriminate exploration fails to distin- 071

guish high-value signals from noise. A minor early 072

selection error (e.g., selecting contains instead of 073

adjoins) exposes the agent to substantially larger 074

candidate sets. This noise dominates the reason- 075

ing branch, causing irreversible trajectory deviation 076

(Figure 1(a)) that is difficult to recover from. 077

(2) Structural Misalignment from Myopic De- 078

cisions. Relying heavily on local semantic match- 079

ing often neglects global logical constraints. This 080

myopia traps models in local optima: selecting re- 081

lations that appear relevant but utilize the wrong 082
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(b) CoG (Success): Blueprint-guided structuring

Q1: What country bordering France contains an airport that serves Nijmegen? 

Red   = failure
Blue  = blueprint-guided  
Green = verified answer

(a) Existing Work (Failure): Indiscriminate Exploration & Error Cascading

18 neighboring 
countries

Germany
Belgium

Italy

Spain 3208 contained nodes

France

…

Blueprint (schema-level, relations-only; generated)：

Blueprint-guided relation reranking &  pruning

(before expansion)

Germany
selected: adjoins

other 
relations

Weeze 
Airport

contains

Nijmegen
Answer:

Germany…

adjoin_s adjoins contains serves

…

serves

hop-1 

chose: 

Paris

Versailles

Strasbourg

…

Le Mans

…

Answer:

Belgium

Q2: What movie did Angelina Jolie direct that is 126 minutes long？

…

hop-1 relation : adjoins ✓ vs contains ✗

Angelina 
Jolie 

In the Land of 
Blood and Honey

Local match bias 
→ picks film.actor.film

Required reasoning structure :
1. get films she directed → {x}
2. filter by runtime(x)=126
3. output x

126 

cannot verify 
runtime=126

noisy dominates
⇒ wrong branch
⇒ wrong answer

Maleficent

film.film.runtime
Answer:

Unknown

France

Maleficent

film.film.runtime

In the Land of 
Blood and Honey

126 

Angelina 
Jolie 

Initial reasoning path: 
(Angelina Jolie, film.actor.film, Maleficent)
Enough Information: No.
Failure-Aware Refinement: I can’t verify the 
126-minute runtime for the current 
candidate (the runtime constraint is 
unsatisfied). I will backtrack to the previous 
hop and revise the relation from 
film.actor.film to film.director.film.

Answer:

In the Land of 

Blood and Honey

Failure-Aware Refinement

(c) Existing Work (Failure): Myopic Decisions Cause Structural Misalignment (d) CoG (Success): Failure-Aware Refinement

Figure 1: Illustration of cognitive rigidity in existing works and how CoG addresses it: (I) Error cascading from
indiscriminate exploration (top), mitigated by Relational Blueprints for blueprint-guided relation reranking and
pruning (a vs. b); (II) structural misalignment from myopic decisions (bottom), corrected by Failure-Aware
Refinement via backtracking and controlled fallback (c vs. d).

structure (e.g., prioritizing actor over director in083

Figure 1(c)). Consequently, retrieved candidates084

fail to satisfy downstream constraints (e.g., run-085

time checks), forcing premature termination. This086

highlights that local semantic relevance does not087

guarantee cross-hop structural consistency.088

To address these challenges, we propose CoG,089

a novel training-free framework for controllable090

reasoning on KGs. Inspired by Dual-Process The-091

ory (Kahneman, 2011), CoG emulates the cog-092

nitive interplay between intuitive pattern recog-093

nition and deliberate analysis: First, Relational094

Blueprint Guidance (System 1): Acting as the095

fast, intuitive process driven by experience and096

structural patterns, this module is responsible for097

rapidly determining the search direction, particu-098

larly when structures are similar or information099

is sufficient. It leverages relational blueprints as100

heuristic priors to efficiently filter noise without101

heavy reasoning overhead (Figure 1(b)). Second,102

Failure-Aware Refinement (System 2): Acting as103

the prudent, analytical process, this module inter-104

venes upon detecting failure signals, such as insuffi-105

cient evidence or unverifiable constraints. It explic-106

itly diagnoses anomalies (e.g., stagnation due to107

KG incompleteness (Xu et al., 2024)) and executes108

corrective measures through controlled backtrack-109

ing to overcome reasoning dead-ends (Figure 1(d)).110

Overall, CoG harmonizes intuitive guidance with 111

analytical refinement to improve robustness while 112

preserving verifiability. Our main contributions 113

are: 114

• We propose CoG, a training-free framework 115

that synergizes blueprint-guided planning (for 116

stability) and failure-aware refinement (for 117

robustness) to mitigate error cascading and 118

structural mismatch. 119

• We introduce a relational blueprint mecha- 120

nism, injecting interpretable soft structural 121

priors into graph exploration to balance ef- 122

ficiency and controllability. 123

• We evaluate CoG on multiple KGQA datasets. 124

Results on both open-source and closed- 125

source LLMs validate that our framework 126

outperforms state-of-the-art baselines and gen- 127

eralizes robustly across diverse backbones. 128

2 Preliminaries 129

Knowledge Graph (KG). Let G = (E ,R) be a 130

knowledge graph, where E and R denote entities 131

and relations, respectively. It consists of factual 132

triplets (e, r, e′), where e, e′ ∈ E and r ∈ R. 133

Relation & Reasoning Paths. A relation path 134

z = (r1, . . . , rL) captures an abstract query pat- 135

tern (e.g., born_in → capital_of ) independent of 136
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concrete entities. A reasoning path pz instantiates137

z in G as e0
r1−→ e1 . . .

rL−→ eL, where each step138

(ei−1, ri, ei) is a valid triplet in G.139

Problem Statement (KGQA). Given a question140

Q and a KG G, the goal is to identify the an-141

swer set A ⊆ E . Following prior agent-based142

paradigms (Sun et al., 2024; Chen et al., 2024),143

we adopt an iterative retrieve-and-reason approach:144

starting from topic entities Eq extracted from Q,145

the agent expands the subgraph step-by-step to con-146

struct a reasoning path pointing to the answer.147

3 Methodology148

In this section, we introduce CoG, a training-149

free framework that couples blueprint-guided plan-150

ning with failure-aware correction. As shown151

in Figure 2, CoG instantiates Dual-Process The-152

ory with three components. Specifically, (i) Of-153

fline blueprint construction abstracts relational se-154

quences from training paths into a searchable tem-155

plate library. (ii) System 1 (Online blueprint-156

guided exploration) retrieves and adapts a query-157

specific blueprint as a soft structural constraint for158

candidate-relation reranking and pruning. (iii) Sys-159

tem 2 (Failure-aware refinement) detects failure sig-160

nals (e.g., search stagnation) and triggers evidence-161

conditioned reflection with targeted backtracking162

to revise earlier decisions and recover a verifiable163

evidence chain. Overall, CoG promotes globally164

consistent exploration beyond purely local seman-165

tic matching.166

3.1 Offline Relational Blueprint Construction167

In the offline stage, we distill structural priors from168

training data by abstracting entity-specific reason-169

ing paths into reusable relation-only patterns. This170

one-time preprocessing yields a blueprint template171

library that provides stable structural cues for on-172

line reasoning with negligible computational over-173

head.174

Extraction and Abstraction of Relation Paths.175

Given a training instance (q, p) ∈ Dtrain, where q176

is the question and p is its reasoning-path represen-177

tation (e.g., an executable SPARQL query), we aim178

to extract the underlying logical structure. Since179

p is typically instantiated with concrete entities,180

it is not directly transferable. We therefore adopt181

a deterministic, rule-based de-instantiation strat-182

egy: we parse p and apply pattern filters (e.g., reg-183

ular expressions) to remove entity identifiers (e.g.,184

Freebase IDs) and other non-structural elements,185

retaining only relation predicates. The remaining 186

relations, ordered by occurrence, form a relational 187

blueprint template: 188

S(q) = ⟨r1, r2, . . . , rL⟩, rj ∈ R, (1) 189

where R is the set of KG relations, rj is the j-th 190

predicate, and L is the path length. This abstraction 191

converts grounded facts into reusable structural 192

priors that transfer across questions. 193

Relational Blueprint Template Library Con- 194

struction. Multiple training questions may share 195

the same logical structure. To ensure a compact yet 196

representative library, we deduplicate templates us- 197

ing their string representations as unique keys. For 198

each unique S, we aggregate its associated ques- 199

tions and select a semantic anchor q∗ to facilitate 200

online matching. We employ a simple yet effective 201

heuristic by selecting the longest question as the 202

anchor to preserve maximal contextual semantics: 203

q∗ = argmaxq∈{q′|map(q′)=S} len(q), (2) 204

where map(·) is the abstraction mapping and len(·) 205

denotes text length. The final library is defined as 206

B = {(qi,Si)}Ni=1. 207

Semantic Indexing. For efficient retrieval, we 208

encode each anchor question qi with a pretrained 209

sentence encoder (e.g., SentenceTransformer) to 210

obtain vqi , and build a vector index over {vqi}Ni=1 211

for nearest-neighbor search at test time. This offline 212

procedure involves no task-specific training: we 213

do not fine-tune the encoder or perform gradient 214

updates, relying only on rule-based extraction and 215

encoder forward passes. 216

3.2 Online Blueprint-Guided KG Exploration 217

The online stage incrementally constructs a trace- 218

able and verifiable evidence chain on the KG, while 219

keeping reasoning stable and controllable under 220

neighborhood noise and varying candidate scales. 221

We instantiate CoG as a planning agent that per- 222

forms dynamic navigation on the KG. For a ques- 223

tion Q, following prior work (Sun et al., 2024; 224

Chen et al., 2024; Jiang et al., 2025) the agent 225

follows an iterative loop: at step t, it identifies 226

a candidate relation set Rcand reachable from the 227

entity frontier Et−1, executes a selection to ex- 228

pand the frontier to Et, and verifies new evidence 229

against constraints. Verified triples and intermedi- 230

ate conclusions are stored in a working memory 231

M, providing context for subsequent decisions. 232

On top of this loop, CoG retrieves and adapts a 233
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Offline Blueprint Construction System 1:Blueprint-Guided Exploration System 2:Failure-Aware Refinement

Training Set

Q: When did the team whose mascot is Mrs. 

Met win the World Series?
SPARQL：
SELECT ?x WHERE {

  ?c ns:team_mascot ns:m.0w7lzvh .

  ?c ns:team.championships ?x .

  ?x ns:time.event.end_date ?date .

} ORDER BY DESC(? date) LIMIT 1

Extract

Path 

Abstraction

team_mascot

team.championships 

time.event.end_date

Relational Blueprint 

Template

Blueprint 

Template 

Library

Lou Seal is the mascot for the team that last won the World 

Series when?

Lou Seal 

team.championships

2010 Major League 

Baseball season

[team_mascot, team.championships, time.event.end_date]

San Francisco 

Giants

Adapt
Query-Specific Blueprint

mascot.team 
n

o
ta

b
le

_
ty

p
e
s

2012 World Series

2010 World Series

2014 World Series

San Francisco

Final Answer:

2014

Blueprint-

Guided 

Pruning

1. participant.event

2. team.location

3. team.championships

Structural 

Alignment

1. team.championships

2. participant.event

3. team.location

rerank

Subgoals：
1.dentify the team for which Lou Seal 

is the mascot.

2.Determine the last year that team 

won the World Series.
Facts:

1. Lou Seal is the mascot for the San 
Francisco Giants.
2. The San Francisco Giants won the 
2010 World Series and the 2012 

World Series

Reflective Thought: I know from that the 

Giants last won in 2014.

Current Search Failure: 2010/2012 are 

already retrieved but do not satisfy the 

'last' constraint.

Action: Backtrack to the team node to find 

the 2014 championship record.

Backtracking

The San Francisco Giants, whose mascot 

is Lou Seal, last won the World Series in 

2014 according to the knowledge triplets.

Memory

Figure 2: Overview of the CoG framework. CoG instantiates Dual-Process Theory as a cooperative reasoning
loop. Left: Offline blueprint construction abstracts relational sequences from training paths into a searchable
template library. Middle (System 1): Online blueprint-guided exploration adapts query-specific blueprints as soft
structural constraints to rerank and prune candidate relations. Right (System 2): Failure-aware refinement monitors
the reasoning process; upon failure signals (e.g., search stagnation), it performs evidence-conditioned reflection and
targeted backtracking to recover a verifiable answer (e.g., enforcing the temporal constraint “last won”).

query-specific relational blueprint SBP and uses234

it as an interpretable soft structural constraint to235

guide candidate-relation reranking and pruning at236

each step, mitigating structural mismatch and error237

cascading from purely local semantic matching.238

3.2.1 Initialization and Structural Planning239

Initialization and Task Decomposition. Given240

Q, we perform entity linking to identify topic en-241

tities and obtain the initial frontier E0. A working242

memory M is maintained to store verified evidence243

triples, historical decisions, and constraint states,244

supporting conditional decision-making and failure245

correction. We then decompose Q into an ordered246

subgoal sequence O = [o1, . . . , oT ], where each247

ot specifies the focus at step t to mitigate context248

drift. While subgoals guide local actions, they do249

not define the global relational structure, which250

can lead to the structural misalignment and myopic251

decisions that CoG aims to resolve.252

Entity-masked blueprint retrieval and adapta-253

tion. To provide global guidance, we generate a254

query-specific blueprint SBP. We first mask topic255

entities in Q to obtain Qm = Mask(Q,E0), shift-256

ing retrieval toward compositional structures and257

predicate patterns. We encode Qm with a pre-258

trained sentence encoder f(·) and retrieve Top- 259

K nearest exemplars from an offline semantic in- 260

dex, where each exemplar is an anchor-question– 261

relational-blueprint-template pair. We adopt a hy- 262

brid copy–adapt strategy: if the top similarity ex- 263

ceeds τcopy, we copy the retrieved Top-1 template; 264

otherwise, we feed the most similar exemplars (e.g., 265

Top-2) together with Q into an LLM to generate or 266

lightly rewrite a blueprint under exemplar structural 267

constraints. Crucially, this adaptation mechanism 268

ensures that CoG is not confined to the training 269

distribution. By treating retrieved blueprints as 270

flexible structural exemplars rather than rigid rules, 271

the LLM can synthesize novel reasoning plans for 272

unseen query topologies, effectively bridging the 273

gap between historical priors and new scenarios. 274

Specific implementation details are provided in Ap- 275

pendix ??. The resulting blueprint is 276

SBP = ⟨rBP
1 , . . . , rBP

L ⟩, (3) 277

where rBP
j is the j-th relation slot and L is the 278

blueprint length. Importantly, SBP is not a hard 279

executable plan but an interpretable soft structural 280

prior: it sketches the approximate relation types 281

to follow and continuously constrains candidate 282
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selection. L provides a depth prior (not a hard283

limit); the actual number of steps is determined by284

constraint satisfaction and termination criteria.285

3.2.2 Blueprint-Guided KG Exploration286

Under subgoals and the blueprint, CoG performs287

stepwise exploration by expanding the frontier, ver-288

ifying evidence, and updating memory under the289

blueprint soft constraint.290

Candidate relation collection and blueprint-291

guided reranking. From the current frontier Et−1,292

we collect all reachable relations to form the can-293

didate set Rcand. To control scale and suppress294

noise propagation, we apply lightweight rule-based295

filtering (e.g., removing obviously uninformative296

generic relations). In noisy neighborhoods, Rcand297

may still contain many distractors, and relying298

only on local semantic matching can cause early299

mis-selections and error cascading. To stabilize300

decisions, CoG injects the blueprint SBP into the301

candidate-relation layer and reranks candidates by302

three complementary signals. We first define a slot-303

alignment index304

π(t) = argmaxj∈[1,L] sim
(
h(ot), h(r

BP
j )

)
, (4)305

where h(·) is a text encoder and sim(·, ·) is cosine306

similarity. To prevent structural drift caused by307

out-of-order slot alignment in multi-hop reasoning,308

we enforce a monotone alignment constraint in309

implementation:310

• Initialization: π(0) = 1.311

• Monotone update: restrict j ∈ [π(t− 1), L] so312

π(t) is non-decreasing.313

• Clamping: when steps exceed L, clamp π(t) =314

L.315
Based on π(t), we define three complementary316
scoring signals:317

ϕloc(ot, r) = sim
(
h(ot), h(r)

)
, (5a)318

ϕstep(r, r
BP
π(t)) = sim

(
h(r), h(rBP

π(t))
)
, (5b)319

ϕglob(SBP, r) = maxj∈[1,L] sim
(
h(r), h(rBP

j )
)
, (5c)320

where ϕloc (local relevance) captures subgoal–321

relation relevance, ϕstep (step-wise alignment) mea-322

sures alignment to the current blueprint slot, and323

ϕglob (global compatibility) evaluates compatibility324

with the overall blueprint, helping mitigate struc-325

tural drift over long-horizon reasoning. For each326

r ∈ Rcand, we compute a fused score327

Score(r) = λlocϕloc(ot, r)

+ λstepϕstep(r, r
BP
π(t))

+ λglobϕglob(SBP, r),

(6)328

where λloc, λstep, λglob ≥ 0 and λloc + λstep + 329

λglob = 1. we set weights λloc=0.6, λstep=0.25, 330

and λglob=0.15 in all experiments; additional sen- 331

sitivity details are deferred to Appendix E.3. We 332

then rerank Rcand by Score(·) and retain the top- 333

scoring relations to form a compact, structure- 334

aligned shortlist R̃cand. 335

Blueprint-guarded pruning. We further refine 336

R̃cand via an LLM conditioned on (Q, ot,M) and 337

the shortlist. To reduce the risk of missing struc- 338

turally correct relations, we enforce a Structure- 339

Consistency Safeguard: the final candidate set is 340

the union of the LLM-selected relations and the 341

top candidate by step-wise alignment ϕstep. This 342

dual-source selection balances semantic nuances 343

and structural consistency, mitigating single-view 344

bias. 345

State update and answer generation. After se- 346

lecting rt, CoG expands the KG to obtain the next 347

frontier Et, filters reached entities using subgoal 348

constraints and the working memory M (via an 349

LLM), and writes the chosen relation, key evidence 350

triples, and verified intermediate conclusions into 351

M for traceability and termination. CoG then per- 352

forms an LLM-based sufficiency check conditioned 353

on the current subgoal state ot and verified evidence 354

in M. If sufficient, the LLM synthesizes the veri- 355

fied traces and subgoal states to produce the final 356

answer. If insufficient, the failure stems from either 357

missing evidence (addressable by further expan- 358

sion) or an early wrong decision that derailed the 359

trajectory; in the latter case, CoG invokes Failure- 360

Aware Refinement to backtrack and revise suspi- 361

cious transitions, recovering a verifiable evidence 362

chain while maintaining controllability. 363

3.3 Failure-Aware Refinement 364

While blueprint guidance provides strong structural 365

priors, KG incompleteness and noise can still im- 366

pede exploration. To counteract this, CoG imple- 367

ments Failure-Aware Refinement. Upon detecting 368

failure signals (e.g., stagnation or insufficient evi- 369

dence), CoG switches from forward exploration to 370

a controlled correction mode. This process priori- 371

tizes minimal interventions on high-risk transitions, 372

ensuring the recovery of verifiability without dis- 373

carding valid sub-paths. 374

Diagnosis and Targeted Re-routing. Upon trig- 375

gering a failure signal, CoG invokes an LLM for 376

evidence-conditioned reflection. Guided by the 377

working memory M, the the LLM reviews the 378

current trajectory T = [e0, r1, e1, . . .] alongside 379
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compact summaries of pruned branches to pinpoint380

the decision point terr responsible for the deviation381

(e.g., a step biased by local semantics). Subse-382

quently, the agent executes targeted backtracking383

to re-route the search: it reverts the frontier to the384

state preceding terr, recalls structurally relevant can-385

didates that were prematurely pruned, and resumes386

expansion. This re-routing mechanism rectifies387

myopic errors while enforcing global constraints,388

allowing CoG to reconstruct a verifiable evidence389

chain.390

Grounded Inference. In extreme cases, missing391

edges can render verifiable evidence unreachable,392

such that even re-routing fails to restore a check-393

able evidence chain. As a fallback, CoG aggregates394

verified path segments and unmet constraints into395

a concise summary, prompting the LLM to synthe-396

size a final answer conditioned strictly on this valid397

context. Unlike free-form generation, this infer-398

ence is explicitly grounded in the verified semantic399

space, effectively mitigating parametric hallucina-400

tion while preventing premature termination.401

4 Experiments402

4.1 Experiment Setup403

Datasets & Evaluation Metrics. To verify CoG’s404

effectiveness in complex reasoning over knowledge405

graphs, aligning with the standard evaluation406

protocols of prior state-of-the-art methods (Sun407

et al., 2024; Chen et al., 2024), we evaluate on408

three representative multi-hop KGQA benchmarks:409

CWQ (Talmor and Berant, 2018), WebQSP (Yih410

et al., 2016), and GrailQA (Gu et al., 2021). These411

datasets are grounded on Freebase (Bollacker et al.,412

2008), which contains approximately 88 million413

entities, 20K relations, and 126 million triples, serv-414

ing as one of the most comprehensive knowledge415

bases for standardized KGQA evaluation. Follow-416

ing previous studies (Sun et al., 2024; Chen et al.,417

2024; Jiang et al., 2023a), we use Exact Match ac-418

curacy (Hits@1) as the primary metric, i.e., the419

percentage of questions whose predicted answer420

exactly matches the ground-truth answer, thus em-421

phasizing exact answers over partially correct ones.422

Compared Methods. We compare CoG with423

strong existing LLM-based baselines from two424

groups: LLM-only methods and KG-augmented425

LLM methods, covering both fine-tuned and426

prompting methods. Detailed descriptions of the427

compared methods are deferred to Appendix D.428

Implementations. We construct dataset-specific429

Method CWQ WebQSP

LLM-Only (GPT-3.5)

IO Prompt (Brown et al., 2020b) 37.6 63.3
CoT (Wei et al., 2022) 38.8 62.2
SC (Wang et al., 2023b) 45.4 61.1

Fine-Tuned KG-Augmented LLM

RE-KBQA (Cao et al., 2023) 50.3 74.6
UniKGQA (Jiang et al., 2023b) 51.2 79.1
RoG (Luo et al., 2024) 62.6 85.7
DECAF (Yu et al., 2022) 70.4 82.1
KG-Agent (Jiang et al., 2025) 72.2 83.3

Prompting KG-Augmented LLM w/ Qwen2.5-7B

ToG (Sun et al., 2024) 42.5 56.0
PoG (Chen et al., 2024) 46.0 58.5
CoG (Ours) 54.0 74.5

Prompting KG-Augmented LLM w/ GPT-3.5 or others

KD-CoT (Wang et al., 2023a) 50.5 73.7
KB-BINDER (Li et al., 2023) – 74.4
StructGPT (Jiang et al., 2023a) 54.3 72.6
ToG (Sun et al., 2024) 57.1 76.2
PoG (Chen et al., 2024) 63.2 82.0
CoG (Ours) 66.9 86.8

Prompting KG-Augmented LLM w/ GPT-4

ToG (Sun et al., 2024) 67.6 82.6
PoG (Chen et al., 2024) 75.0 87.3
CoG (Ours) 77.8 89.7

Table 1: Performance comparison of different methods
on CWQ and WebQSP.

blueprint libraries by parsing gold SPARQL queries 430

from the training splits of WebQSP, GrailQA, 431

and CWQ. Semantic anchors are encoded into 432

dense vectors using a pre-trained Sentence Trans- 433

former (Sanh et al., 2019) for retrieval. Detailed 434

implementation settings and template library statis- 435

tics are deferred to the Appendix E.2.1. 436

4.2 Main Results 437

Table 1 and Table 2 present the comparisons 438

between CoG and representative state-of-the-art 439

(SOTA) baselines on WebQSP, CWQ, and GrailQA. 440

Overall, CoG delivers consistently strong perfor- 441

mance across all evaluation settings. First, com- 442

pared with prompting-based KG-augmented LLM 443

baselines, CoG shows clear advantages: under both 444

GPT-3.5 and GPT-4 backbones, CoG consistently 445

outperforms the strongest baseline Planning-on- 446

Graph (PoG). While PoG introduces adaptive plan- 447

ning, its online search is still largely driven by lo- 448

cal exploration signals, making it more suscepti- 449

ble to structural ambiguity in complex neighbor- 450

hoods. CoG mitigates this limitation through the 451

synergy of relational blueprint guidance and failure- 452

aware refinement, which jointly encourages global 453
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Method GrailQA

Overall I.I.D. Compositional Zero-shot

LLM-Only

IO Prompt (Brown et al., 2020b) 29.4 – – –
CoT (Wei et al., 2022) 28.1 – – –
SC (Wang et al., 2023b) 29.6 – – –

Fine-Tuned KG-Augmented LLM

RnG-KBQA (Ye et al., 2022) 68.8 86.2 63.8 63.0
TIARA (Shu et al., 2022) 73.0 87.8 69.2 68.0
FC-KBQA (Zhang et al., 2023) 73.2 88.5 70.0 67.6
Pangu (Gu et al., 2023) 75.4 84.4 74.6 71.6
FlexKBQA (Li et al., 2024) 62.8 71.3 59.1 60.6
GAIN (Shu and Yu, 2024) 76.3 88.5 73.7 71.8
KG-Agent (Jiang et al., 2025) 86.1 92.0 80.0 86.3

Prompting KG-Augmented LLM w/ Qwen2.5-7B

ToG (Sun et al., 2024) 62.6 60.8 47.0 68.9
PoG (Chen et al., 2024) 68.9 67.9 51.5 75.4
CoG (Ours) 72.0 72.5 57.6 76.9

Prompting KG-Augmented LLM w/ GPT-3.5 or others

KB-BINDER (Li et al., 2023) 53.2 72.5 51.8 45.0
ToG (Sun et al., 2024) 68.7 70.1 56.1 72.7
PoG (Chen et al., 2024) 76.5 76.3 62.1 81.7
CoG (Ours) 79.2 80.4 65.2 83.6

Prompting KG-Augmented LLM w/ GPT-4

ToG (Sun et al., 2024) 81.4 79.4 67.3 86.5
PoG (Chen et al., 2024) 84.7 87.9 69.7 88.6
CoG (Ours) 86.4 88.3 76.3 89.1

Table 2: Performance comparison of different methods
on GrailQA.

structural alignment and enables controlled cor-454

rection under failure cases, leading to higher ac-455

curacy. Second, although CoG is a training-free456

prompting framework, it remains highly competi-457

tive against fine-tuned KG-augmented LLM base-458

lines. On CWQ and WebQSP, CoG (with GPT-459

4) surpasses all included fine-tuned baselines; on460

GrailQA, CoG still outperforms all fine-tuned meth-461

ods even when using the weaker GPT-3.5 back-462

bone. A potential concern with blueprint-guided463

exploration is generalization to unseen structures.464

However, results on the GrailQA Zero-shot split465

(Table 2) using GPT-3.5 show that CoG (83.6%)466

achieves substantial gains over baselines, signifi-467

cantly outperforming both the exploration-based468

ToG (72.7%) and the adaptive planning method469

PoG (81.7%). This empirically confirms that our470

approach leverages training data as abstract logi-471

cal priors to aid generalization, rather than merely472

memorizing paths, thereby offering superior ro-473

bustness even with less capable backbone models.474

Moreover, these findings strongly support the ef-475

fectiveness of combining structural guidance with476

failure awareness for complex reasoning, and fur-477

ther suggest that explicit structural priors coupled478

with dynamic self-correction can generalize more479

robustly to unseen query structures and compo-480

sitional patterns than relying solely on implicit481

Method CWQ WebQSP GrailQA

CoG (Ours) 66.9 86.8 79.2

Component Removal
w/o Blueprint Adaptation 62.4 83.5 77.5
w/o Blueprint-guided Reranking 63.5 84.0 76.8
w/o Failure-Aware Refinement 58.5 79.9 75.3

Reranking Variants
Local relevance only 64.6 84.4 76.2
w/o Global compatibility 65.8 85.4 77.2
w/o Step-wise alignment 65.9 85.7 77.6

Table 3: Ablation study of core components and
blueprint-guided reranking signals.

parameter updates. Furthermore, compared with 482

LLM-only baselines, CoG benefits substantially 483

from incorporating structured evidence from exter- 484

nal knowledge graphs, underscoring the value of 485

KG grounding for complex queries that are diffi- 486

cult to handle with parametric knowledge alone. To 487

assess generalization across model scales, we fur- 488

ther evaluate CoG with a smaller backbone LLM 489

(e.g., Qwen2.5-7B (Team, 2024)); even with sub- 490

stantially reduced model capacity, CoG still con- 491

sistently surpasses baseline agents, indicating that 492

the gains primarily stem from methodological ad- 493

vances rather than merely scaling up the underly- 494

ing LLM. To further intuitively demonstrate how 495

CoG navigates complex reasoning paths and cor- 496

rects errors, we provide detailed case studies in 497

Appendix J. 498

4.3 Ablation Study 499

To evaluate the effectiveness of individual compo- 500

nents and adaptive exploration in CoG, we con- 501

ducted ablation studies on CWQ, WebQSP, and 502

GrailQA, progressively removing key components. 503

The results are shown in Table 3. Specifically, w/o 504

Blueprint Adaptation refers to using retrieved rela- 505

tions directly from the database, without allowing 506

the LLM to modify them to better align with the 507

query. w/o Blueprint-guided Reranking refers to 508

removing the step where the retrieved blueprint 509

serves as an interpretable structural prior, guiding 510

the ranking of relations based on its structural con- 511

straints. w/o Failure-Aware Refinement refers to 512

the removal of the failure recovery mechanism, 513

which corrects reasoning when search stalls or ev- 514

idence is insufficient. Empirical results indicate 515

that removing Failure-Aware Refinement causes 516

the most significant performance drop, underscor- 517

ing its critical role in resolving search impasses. 518

Moreover, removing either Blueprint Adaptation or 519

Blueprint-guided Reranking consistently degrades 520
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Data Method Calls Input Output Total H@1

CWQ
ToG 22.6 8,182.9 1,486.4 9,669.4 57.1
PoG 13.3 7,803.0 353.2 8,156.2 63.2
CoG 11.7 6,589.0 486.8 7,075.8 66.9

WebQSP
ToG 15.9 6,031.2 987.7 7,018.9 76.2
PoG 9.0 5,234.8 282.9 5,517.7 82.0
CoG 8.3 4,693.6 206.0 4,899.6 86.8

GrailQA
ToG 11.1 4,066.0 774.6 4,840.6 68.7
PoG 6.5 3,372.8 202.8 3,575.6 76.5
CoG 5.5 3,122.0 166.1 3,288.1 79.2

Table 4: Efficiency comparison. Metrics include aver-
age LLM calls and token usage per query.

performance, indicating that CoG benefits from521

both adapting the retrieved relational templates to522

the specific query and leveraging the blueprint as523

an interpretable guide for relation selection. No-524

tably, while the blueprint offers implicit global con-525

text (e.g., depth cues) even without reranking, its526

efficacy is substantially diminished when decou-527

pled from the candidate ranking process. Regard-528

ing reranking variants, relying solely on local rele-529

vance yields suboptimal gains. Incorporating Step-530

wise Alignment mitigates myopic decision-making,531

while Global Compatibility ensures long-term con-532

sistency. Peak performance is achieved by integrat-533

ing all three signals, confirming the synergy of our534

fused ranking design.535

4.4 Efficiency Analysis536

We evaluate the efficiency of different methods in537

terms of LLM calls and token usage, as shown in538

Table 4. CoG achieves a superior accuracy-cost539

trade-off across all datasets. Unlike traditional540

expansion-based methods, which rely on exhaus-541

tive searches over neighboring nodes, CoG uses the542

relational blueprint to constrain the search space.543

This reduces irrelevant reasoning paths by pruning544

them in advance, eliminating the need for exhaus-545

tive exploration and avoiding redundant interme-546

diate queries. As a result, CoG significantly re-547

duces computational overhead, setting a new perfor-548

mance benchmark while minimizing costs, making549

it highly cost-effective and practical for real-world550

deployment.551

5 Related Work552

LLM Reasoning. LLMs have transitioned from553

heuristic prompting to structured reasoning frame-554

works (Brown et al., 2020a; Wei et al., 2022; Zhou555

et al., 2022; Zhao et al., 2023; Huang and Chang,556

2023; Qiao et al., 2023). Beyond Chain-of-Thought557

(CoT) (Wei et al., 2022), recent works utilize non- 558

linear topologies (Yao et al., 2023; Besta et al., 559

2024; Li and Qiu, 2023; Ning et al., 2023) to 560

navigate complex spaces (Yao et al., 2023; Besta 561

et al., 2024). However, purely parametric rea- 562

soning remains vulnerable to hallucinations and 563

logical inconsistencies (Ji et al., 2023; Hu et al., 564

2023). While ensemble strategies like majority vot- 565

ing (Wang et al., 2023b) bolster stability, they can- 566

not rectify knowledge staleness or decision opac- 567

ity (Huang and Chang, 2023; Pan et al., 2024). 568

KG-Augmented LLM. Knowledge Graphs (KGs) 569

provide verifiable grounding (Ji et al., 2023; Pan 570

et al., 2024) via implicit integration (Jiang et al., 571

2023b; Luo et al., 2024) or explicit retrieval (Jiang 572

et al., 2023a; Li et al., 2023). Yet, implicit meth- 573

ods struggle with schema evolution, while ex- 574

plicit retrieval often decouples search from rea- 575

soning (Jiang et al., 2023a; Li et al., 2023). Agent- 576

based paradigms (Sun et al., 2024; Chen et al., 577

2024) enable interactive navigation but suffer 578

from open-loop rigidity and irreversible semantic 579

drifts (Chen et al., 2024). Similarly, specialized 580

navigation or exemplar-based priors (Luo et al., 581

2024; Zhang et al., 2024; He et al., 2024; Xu 582

et al., 2025) apply guidance in a static, open-loop 583

manner, lacking robustness against structural mis- 584

alignment. In contrast, CoG introduces a closed- 585

loop paradigm. While training-free methods like 586

ToG (Sun et al., 2024) and GoG (Xu et al., 2024) 587

suffer from inefficient indiscriminate exploration, 588

CoG utilizes training data as a reference library—a 589

“compass” for navigation. This design strikes a 590

superior balance: it avoids parameter fine-tuning 591

costs while preventing the aimless wandering of 592

zero-shot exploration, without sacrificing the flexi- 593

bility to handle novel cases via adaptation. 594

6 Conclusion 595

In this paper, we present CoG, a training-free frame- 596

work for controllable reasoning over knowledge 597

graphs. CoG introduces two key innovations: re- 598

lational blueprint-guided exploration and failure- 599

aware refinement. These mechanisms mitigate crit- 600

ical challenges such as error cascading and struc- 601

tural misalignment in complex multi-hop reasoning 602

tasks. Extensive experiments on WebQSP, CWQ, 603

and GrailQA demonstrate that CoG outperforms ex- 604

isting state-of-the-art methods in both performance 605

and efficiency, making it a robust and scalable so- 606

lution for knowledge graph question answering. 607
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Limitations608

Despite the effectiveness of CoG in enhancing609

multi-hop reasoning, several limitations remain.610

First, its performance is constrained by the cov-611

erage and accuracy of the underlying knowledge612

graph. While failure-aware refinement can help613

mitigate gaps in evidence through grounded syn-614

thesis, it cannot fully compensate for the absence of615

key relational paths in the graph. Second, the qual-616

ity and coverage of the pre-constructed relational617

blueprint library directly impact the effectiveness618

of structural guidance. In specialized or niche do-619

mains where such templates are scarce, the model’s620

ability to retrieve and adapt appropriate structural621

constraints may be hindered. Moreover, while CoG622

achieves a favorable accuracy-cost trade-off com-623

pared to unstructured search methods, the process624

of resolving complex cascading failures through625

iterative backtracking and reflection can introduce626

additional computational latency. Finally, since627

blueprints are currently generated in a static offline628

manner, exploring the dynamic online evolution629

and adaptive refinement of these templates remains630

a promising avenue for future work.631
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A Prompt Templates for LLM Agents 908

In this section, we provide the prompt templates 909

used in CoG for LLM agents. To ensure proper 910

parsing of the LLM output, we require the LLM to 911

provide answers using specific data structures, such 912

as lists and JSON. This structured output facilitates 913

easier processing and integration with the system. 914

Additionally, we explicitly instruct the LLM not to 915

include any irrelevant information in its responses. 916

Some of the prompt templates are based on the 917

design of PoG (Plan-on-Graph) (Chen et al., 2024) 918

prompts, and have been adjusted and optimized to 919

better suit the reasoning process in CoG. 920

A.1 Task Decomposition 921

Please break down the process of answering the question
into as few subgoals as possible based on semantic
analysis.

In-Context Few-Shot

Now you need to directly output subgoals of the following
question in list format without other information or notes.
Q: {}

922
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A.2 KG Exploration923

A.2.1 Relation Pruning924

Please provide as few highly relevant relations as possible
to the question and its subgoals from the following
relations (separated by semicolons).

In-Context Few-Shot

Now you need to directly output relations highly related
to the following question and its subgoals in list format
without other information or notes.
Q: {}
Subgoals: {}
Topic Entity: {}
Relations: {}

925

A.2.2 Entity Filtering926

Which entities in the following list ([] in Triples) can be
used to answer question? Please provide the minimum
possible number of entities, strictly following the
constraints in the question.

In-Context Few-Shot

Now you need to directly output the entities from [] in
Triplets for the following question in list format without
other information or notes.
Q: {}
Triplets: {}

927

A.2.3 Memory Update928

Based on the provided information (which may have
missing parts and require further retrieval) and your
own knowledge, output the currently known information
required to achieve the subgoals.

In-Context Few-Shot

Now you need to directly output the results of the follow-
ing question in JSON format without other information or
notes.
Q: {}
Subgoals: {}
Memory: {}

929

A.3 Answer Generation930

Please answer the question based on the memory, related
knowledge triplets and your knowledge.

In-Context Few-Shot

Now you need to directly output the results of the fol-
lowing question in JSON format (must include "A" and
"R") without other information or notes. If the triplets
explicitly contains the answer to the question, prioritize
the fact of the triplet over memory.
Q: {}
Memory: {}
Knowledge Triplets: {}

931

A.4 Failure-Aware Refinement 932

A.4.1 Retrieval Necessity Diagnosis 933

Based on the current frontier Et and the historical
evidence in memory M, determine whether expanding
the search space by adding previously pruned entities is
necessary to resolve the reasoning impasse.

In-Context Few-Shot

Now you need to directly output the results of the follow-
ing question in the JSON format (must include "Add" and
"Reason") without other information or notes.
Q: {}
Entities set to be retrieved: {}
Memory: {}
Knowledge Triplets: {}

934

A.4.2 Targeted Backtracking and Re-routing 935

Under the guidance of memory M and current subgoals,
select the minimum set of high-risk pruned entities to
resume expansion and restore a verifiable evidence chain.

In-Context Few-Shot

Now you need to directly output the results for the fol-
lowing Q in the list format without other information or
notes.
Q: {}
Reason: {}
Candidate Entities: {}
Memory: {}

936

A.4.3 Grounded Inference 937

Based on the verified path segments and unmet con-
straints, synthesize the most plausible answer. Prioritize
entities in the [Graph Evidence], but leverage internal
knowledge to bridge missing links and resolve entity
identifiers.

In-Context Few-Shot

Now you need to directly output the final answer string
based on the following question and provided evidence.
Do not output IDs or refusal phrases.
Question: {}
[Graph Evidence]: {}
Answer:

938

A.5 Blueprint Adaptation 939

Task: Generate or adapt a relational blueprint for the
new question under the structural constraints of provided
exemplars.

In-Context Few-Shot

Now, identify the core semantic intent of the [New Ques-
tion] and directly output its relational blueprint in list
format. Use the exemplars only for structural reference.
Q: {}
Output:

940

B Search SPARQL 941

To automatically process the KG data, we pre- 942

define the SPARQL queries for Freebase, which 943
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can be executed by filling in the entity’s mid and944

relation.945

B.1 Relation Search946

PREFIX ns: <http://rdf.freebase.com/ns/>
SELECT DISTINCT ?relation
WHERE {

ns:mid ?relation ?x .
}

947

PREFIX ns: <http://rdf.freebase.com/ns/>
SELECT DISTINCT ?relation
WHERE {

?x ?relation ns:mid .
}

948

B.2 Entity Search949

PREFIX ns: <http://rdf.freebase.com/ns/>
SELECT ?tailEntity
WHERE {

ns:mid ns:relation ?tailEntity .
}

950

PREFIX ns: <http://rdf.freebase.com/ns/>
SELECT ?tailEntity
WHERE {

?tailEntity ns:relation ns:mid .
}

951

B.3 Entity ID Resolution952

PREFIX ns: <http ://rdf.freebase.com/
ns/>

SELECT DISTINCT ?tailEntity
WHERE {

BIND(ns:id AS ?entity)
{

?entity ns:type.object.name ?
tailEntity .

FILTER(LANG(? tailEntity) = "" ||
LANGMATCHES(LANG(? tailEntity),
"en"))

BIND(1 AS ?priority)
}
UNION
{

?entity ns:common.topic.alias ?
tailEntity .

FILTER(LANG(? tailEntity) = "" ||
LANGMATCHES(LANG(? tailEntity),
"en"))

BIND(2 AS ?priority)
}
UNION
{

?entity <http ://www.w3.org
/2002/07/ owl#sameAs > ?
tailEntity .

BIND(3 AS ?priority)
}

}
ORDER BY ASC(? priority) LIMIT 1

953

C Datasets 954

We evaluate our method on three complex KGQA 955

benchmarks: WebQSP (Yih et al., 2016) , Com- 956

plexWebQuestions (CWQ) (Talmor and Berant, 957

2018), and GrailQA (Gu et al., 2021). All 958

datasets are constructed on the Freebase knowl- 959

edge graph (Bollacker et al., 2008). The detailed 960

statistics are summarized in Table 5. 961

WebQSP WebQSP consists of 4,737 natural lan- 962

guage questions that require 1-hop or 2-hop reason- 963

ing over Freebase. It is widely used to evaluate the 964

robustness of Entity Linking and multi-hop reason- 965

ing capabilities. 966

ComplexWebQuestions (CWQ) CWQ extends 967

WebQSP by introducing four types of complex con- 968

straints: conjunction, composition, comparative, 969

and superlative. It contains 34,689 questions re- 970

quiring multi-hop reasoning (up to 4 hops) and 971

strict constraint handling. 972

GrailQA GrailQA is a large-scale dataset with 973

64,331 questions designed to test three levels of 974

generalization: I.I.D., Compositional, and Zero- 975

Shot. It poses significant challenges for models to 976

handle novel schemas and diverse logical structures 977

not seen during training. 978

Dataset Answer Format Train Test Licence

ComplexWebQuestions Entity 27,734 3,531 -
WebQSP Entity/Number 3,098 1,639 CC Licence
GrailQA Entity/Number 44,337 1,000 -

Table 5: Statistics of KGQA datasets.

D Baseline Descriptions 979

To comprehensively evaluate our method, we com- 980

pare it against two categories of state-of-the-art 981

approaches: (1) LLM-only methods without ex- 982

ternal knowledge access; and (2) KG-augmented 983

LLM methods, which include both fine-tuned mod- 984

els and training-free prompting frameworks. 985

D.1 LLM-Only Methods 986

• Standard Prompting (IO Prompt) (Brown 987

et al., 2020b): A direct prompting baseline where 988

the LLM is instructed to generate answers imme- 989

diately based on the input question, serving as 990

a reference for the model’s intrinsic knowledge 991

capacity in a few-shot setting. 992

• Chain-of-Thought (CoT) (Wei et al., 2022): 993

Enhances the reasoning capability of LLMs by 994
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prompting them to generate a sequence of inter-995

mediate reasoning steps before deriving the final996

answer, rather than outputting the result directly.997

• Self-Consistency (SC) (Wang et al., 2023b): An998

advanced prompting strategy that samples mul-999

tiple diverse reasoning paths via CoT and ag-1000

gregates the results through majority voting to1001

improve answer stability and accuracy.1002

D.2 Fine-tuned KG-Augmented LLM1003

Methods1004

• RE-KBQA (Cao et al., 2023): Improves rea-1005

soning path selection by emphasizing relation1006

exploration and incorporating additional supervi-1007

sion signals to enhance the representation of KG1008

entities.1009

• UniKGQA (Jiang et al., 2023b): A unified frame-1010

work that integrates the retrieval and reasoning1011

modules into a single shared model architecture1012

to facilitate semantic alignment between ques-1013

tions and KG entities.1014

• RoG (Luo et al., 2024): Synergizes LLMs1015

with KGs by generating faithful reasoning plans1016

grounded in the graph structure, thereby enhanc-1017

ing both interpretability and reasoning reliability.1018

• DeCAF (Yu et al., 2022): A hybrid approach1019

that combines the precision of semantic parsing1020

with the generalization of LLMs to jointly decode1021

valid logical forms and natural language answers.1022

• KG-Agent (Jiang et al., 2025): An autonomous1023

agent framework that formalizes multi-hop rea-1024

soning as an executable program, incorporating1025

KG querying tools and memory mechanisms to1026

facilitate step-by-step logical derivation.1027

• RnG-KBQA (Ye et al., 2022): Employ a1028

generate-and-rank paradigm where candidate log-1029

ical programs are first enumerated and ranked by1030

BERT, then refined into more complex structures1031

using T5.1032

• TIARA (Shu et al., 2022): Adopts a multi-1033

grained retrieval strategy using BERT for schema1034

linking, followed by a T5-based generation mod-1035

ule that outputs constrained logical plans.1036

• FC-KBQA (Zhang et al., 2023): Utilizes a1037

fine-to-coarse composition strategy to decouple1038

knowledge acquisition from reasoning, ensuring1039

better generalization across diverse KG schemas.1040

• Pangu (Gu et al., 2023): An end-to-end KBQA1041

model that emphasizes compositional generaliza-1042

tion, allowing it to handle more complex query1043

structures.1044

• FlexKBQA (Li et al., 2024): A flexible few-shot1045

framework designed to adapt to new KGs and 1046

query languages using only a small number of 1047

annotated samples. 1048

• GAIN (Shu and Yu, 2024): Focuses on improv- 1049

ing model robustness against distribution shifts 1050

by introducing a specialized data augmentation 1051

mechanism for KGQA tasks. 1052

D.3 Prompting KG-Augmented LLM 1053

Methods 1054

• KB-BINDER (Li et al., 2023): A few-shot in- 1055

context learning approach capable of generating 1056

logical forms for heterogeneous KGs by binding 1057

question semantics to schema items. 1058

• KD-CoT (Wang et al., 2023a): A knowledge- 1059

driven chain-of-thought method that dynamically 1060

retrieves KG context to guide the LLM in gener- 1061

ating faithful and grounded reasoning steps. 1062

• StructGPT (Jiang et al., 2023a): Enables LLMs 1063

to reason over structured data by defining spe- 1064

cific interfaces for iterative information access, 1065

filtering, and reasoning. 1066

• ToG (Sun et al., 2024): An iterative framework 1067

where the LLM performs beam search over the 1068

KG, dynamically assessing whether the retrieved 1069

triplets are sufficient to answer the question at 1070

each hop. 1071

• PoG (Chen et al., 2024): PoG decomposes com- 1072

plex queries into structured subgoals and adap- 1073

tively plans reasoning paths on the KG, enabling 1074

better compositional reasoning. 1075

E Implementation Details 1076

E.1 Experiment Settings 1077

In our experiments, we evaluate CoG using three 1078

different language models: GPT-3.5 and GPT-4 1079

accessed via the OpenAI API 1, and Qwen2.5 2. 1080

We set the temperature parameter to 0.3, frequency 1081

penalty to 0, and presence penalty to 0. The max- 1082

imum token length for generation is 1024. In all 1083

experiments, the depth of exploration is set to 4 1084

to avoid endless exploration. The experiments are 1085

conducted on a Linux server equipped with two 1086

Intel(R) Xeon(R) Gold 6148 CPUs @ 2.40GHz 1087

and 256 GB RAM. 1088

1https://platform.openai.com/docs
2https://huggingface.co/Qwen
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E.2 Blueprint Construction and Copy–Adapt1089

Analysis1090

This section details the offline relational blueprint1091

template library construction and provides an em-1092

pirical analysis of how the copy threshold τcopy reg-1093

ulates the copy–adapt mechanism—the trade-off1094

between utilizing structural priors and maintain-1095

ing generative flexibility. For semantic retrieval,1096

the anchors of these templates are encoded using1097

msmarco-distilbert-base-tas-b3. Our sensi-1098

tivity experiments are conducted on the WebQSP1099

dataset using GPT-4o-mini.1100

E.2.1 Blueprint Library Statistics1101

We construct dataset-specific relational blueprint1102

template libraries by distilling structural patterns1103

from training splits. Table 6 summarizes the statis-1104

tics, where a defining characteristic is the extreme1105

structural compression. For instance, on the large-1106

scale GrailQA dataset, over 44,000 training ques-1107

tions condense into merely 3,703 unique blueprint1108

templates—a ratio of only 8.3%.1109

This significant reduction empirically validates1110

that the logical topologies of KG reasoning are1111

far more finite and recurrent than their natural lan-1112

guage surface forms. By abstracting away con-1113

crete entities, the library captures generic reasoning1114

prototypes (e.g., multi-hop filtration, comparative1115

logic) that are highly transferable to unseen queries.1116

Dataset Train Size Lib Size Ratio
(Queries) (Templates) (%)

WebQSP 3,098 569 18.4%
CWQ 27,734 6,747 24.3%
GrailQA 44,337 3,703 8.3%

Table 6: Statistics of offline relational blueprint libraries.
The compression ratio highlights the high reusability of
structural patterns.

E.2.2 Sensitivity of Copy Threshold1117

The threshold τcopy acts as the gatekeeper of the1118

copy–adapt strategy, determining when to trust1119

structural priors (copy) versus when to rely on LLM1120

generalization (adapt) . Table 7 presents the impact1121

of τcopy on performance, revealing an “inverted-U”1122

trajectory where the optimal accuracy (83.7%) is1123

achieved at τcopy = 0.92. Crucially, we observe1124

a robust performance plateau within the [0.9, 1.0]1125

interval, where Hits@1 consistently exceeds 82%,1126

3https://huggingface.co/sentence-transformers/
msmarco-distilbert-base-tas-b

indicating that CoG is not hypersensitive to specific 1127

threshold tuning. 1128

Balancing copy and adapt. A potential con- 1129

cern regarding methods utilizing historical data 1130

is whether relying on training-derived blueprints 1131

limits generalization compared to pure zero-shot 1132

approaches like ToG or GoG. The strategy distri- 1133

bution at the optimal threshold (τcopy = 0.92) pro- 1134

vides compelling counter-evidence: 1135

• Minimal Dependency, Maximum Gain: At 1136

peak performance, the model invokes the 1137

copy mode for only 8.7% of queries (high- 1138

confidence matches), while adapting via LLM 1139

generation for the remaining 91.3%. This 1140

confirms that CoG does not rigidly overfit to 1141

training distributions. 1142

• Dynamic Fallback: The blueprint library 1143

serves as a “compass” for frequent patterns. 1144

For novel or unseen structures (similarity 1145

< τcopy), CoG seamlessly transitions to its 1146

adapt phase, retaining the full generative flex- 1147

ibility of zero-shot baselines while benefiting 1148

from the stability of structural priors when 1149

applicable . 1150

Threshold Copy–Adapt Strategy (Queries) Hits@1

(τcopy) Copy (Memory) Adapt (Gen.) (%)

0.70 1639 (100%) 0 78.9
0.80 1355 (82.7%) 284 80.6
0.90 193 (11.8%) 1446 82.8
0.92 143 (8.7%) 1496 83.7
0.95 74 (4.5%) 1565 82.2
1.00 0 (0.0%) 1639 82.7

Table 7: Impact of the copy threshold τcopy on model
behavior. Optimal performance balances selective mem-
ory usage with generative fallback.

E.3 Sensitivity Analysis of Reranking Weights 1151

In our main experiments, we employ gpt-4o-mini 1152

as the backbone agent for reasoning and scoring. 1153

The final reranking score is a weighted sum of 1154

three components: local semantic relevance (λloc), 1155

step-wise structural alignment (λstep), and global 1156

compatibility (λglob), subject to
∑

λ = 1. In this 1157

section, we provide a detailed sensitivity analysis 1158

to justify our hyperparameter selection (λloc = 1159

0.6, λstep = 0.25, λglob = 0.15) and demonstrate 1160

the robustness of our approach. 1161
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E.3.1 Experimental Design and Rationale1162

To effectively decouple the impact of semantic sig-1163

nals versus structural constraints, we designed a1164

two-stage sensitivity test:1165

(1) Main Trend: Balancing Semantics vs. Struc-1166

ture.1167

• Setup: We vary the primary weight λloc from1168

0.4 to 0.8. Crucially, while adjusting λloc,1169

we maintain a fixed ratio between the two1170

structural weights (λstep : λglob ≈ 5 : 3).1171

• Rationale: This setup treats "structural con-1172

straint" as a unified force. By adjusting λloc,1173

we control the trade-off between trusting the1174

LLM’s local semantic matching (high λloc)1175

versus trusting the Blueprint’s structural guid-1176

ance (low λloc).1177

(2) Internal Ratio Variants: The Composition of1178

Structure.1179

• Setup: We fix λloc at its optimal value (0.6)1180

and disturb the internal distribution of the re-1181

maining 0.4 weight mass. We test variants1182

where the structural weight is dominated by1183

global compatibility (e.g., λglob = 0.2, 0.3) or1184

equally distributed.1185

• Rationale: We hypothesize that step-wise1186

alignment (checking the validity of each rea-1187

soning hop) provides a more precise signal1188

than global compatibility (which only checks1189

the final path shape). Therefore, λstep should1190

logically be assigned a higher weight than1191

λglob.1192

(3) Uniform Baseline. We also compare against1193

a naive baseline where λloc = λstep = λglob ≈1194

1/3, to verify that the performance gains stem from1195

our specific weighting strategy rather than simple1196

score ensembling.1197

E.3.2 Results and Analysis1198

The results on WebQSP are visualized in Figure 3.1199

Optimal Balance Found at λloc = 0.6. The blue1200

curve exhibits a clear inverted-U trajectory.1201

• Under-weighting Semantics (λloc < 0.6):1202

When λloc is low (e.g., 0.4), the strict struc-1203

tural constraints may filter out semantically1204

correct entities that have weaker structural sig-1205

nals (e.g., due to sparse KG connections), lead-1206

ing to a performance drop (82.73%).1207

• Over-weighting Semantics (λloc > 0.6): As 1208

λloc approaches 0.8, the agent behaves like 1209

a greedy semantic searcher, ignoring global 1210

blueprint constraints, which drops accuracy to 1211

82.79%. 1212

Superiority of Step-wise Verification. The com- 1213

parison at λloc = 0.6 (orange markers) strongly 1214

supports our hypothesis regarding internal struc- 1215

tural ratios. Even with the optimal primary 1216

weight, allocating more weight to global com- 1217

patibility (λglob > λstep) leads to significant 1218

degradation (82.43% and 82.36%). This con- 1219

firms that gpt-4o-mini benefits more from fine- 1220

grained, step-by-step structural verification than 1221

from coarse-grained global checks. 1222
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Figure 3: Sensitivity analysis of reranking weights. The
blue line tracks performance as λloc varies. The or-
ange triangles represent variants with suboptimal inter-
nal structural ratios at the peak λloc = 0.6. The grey
square denotes the naive uniform baseline. The explicit
weight configuration (λloc, λstep, λglob) is annotated for
each point.

F Detailed Performance Breakdown 1223

Figure 4 details the performance comparison across 1224

four query types on CWQ. Our method (CoG) con- 1225

sistently outperforms the baseline across all cate- 1226

gories, with the performance gap widening as struc- 1227

tural complexity increases. 1228

Most notably, we observe the substantial accu- 1229

racy gains in Conjunction (+4.7%) and Superla- 1230

tive (+4.6%) queries. These categories demand rig- 1231

orous logic: conjunctions require satisfying multi- 1232

branch constraints simultaneously, while superla- 1233

tives necessitate global comparison over candidate 1234

sets. The significant boost here substantiates that 1235

our blueprint-guided constraints effectively prevent 1236

reasoning drift in complex scenarios. Meanwhile, 1237

performance on standard Composition (+2.6%) 1238
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and Comparative (+3.3%) chains remains robust,1239

confirming that our structural constraints enhance1240

reliability without compromising efficiency on fun-1241

damental tasks.1242
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Figure 4: Performance breakdown by query type. Our
method achieves significant accuracy gains, particularly
in structurally complex categories like Conjunction
(+4.7%) and Superlative (+4.6%).

G Analysis of Failure-Aware Refinement1243

We scrutinize the activation frequency and error-1244

correction capability of the Failure-Aware Refine-1245

ment module across datasets. Table 8 details the1246

triggering statistics, while Figure 5 breaks down1247

the outcomes of these triggered cases.1248

Activation and Complexity Correlation. Ta-1249

ble 8 reveals a clear correlation between query1250

complexity and refinement activation. The mod-1251

ule is triggered most frequently on CWQ (45.3%),1252

significantly higher than on WebQSP (32.3%) and1253

GrailQA (29.9%). This high activation rate on1254

CWQ reflects the inherent difficulty of its multi-1255

hop questions, where intermediate reasoning steps1256

are prone to "dead ends," thereby necessitating fre-1257

quent intervention by our safety-net mechanism.1258

Recovery Effectiveness. Figure 5 illustrates the1259

success rate of the refinement module in rectifying1260

potential failures.1261

• I.I.D. vs. Zero-Shot: The module proves1262

most effective on the I.I.D. WebQSP dataset,1263

recovering 65.4% of triggered queries. In1264

contrast, performance dips on the zero-shot1265

GrailQA dataset (38.8%). This variance sug-1266

gests that while self-correction is powerful for1267

standard reasoning, it faces challenges when1268

grounding novel entities without prior schema1269

exposure.1270

• Contribution to Robustness: Despite the1271

lower recovery rate on complex datasets, rec-1272

tifying nearly 40% of potential failures on 1273

CWQ and GrailQA constitutes a critical por- 1274

tion of the overall performance gains reported 1275

in the main results. 1276

Dataset Total Overall Refinement Trigger

Queries Hits@1 Count Rate

CWQ 3531 66.9 1599 45.3%
WebQSP 1639 86.8 529 32.3%
GrailQA 1000 79.2 299 29.9%

Table 8: Statistics of refinement activation. We report
the frequency (Count) and proportion (Rate) of queries
necessitating self-correction intervention.
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Figure 5: Outcome distribution of the refinement pro-
cess. The "Right" segment represents the proportion of
queries successfully rectified by the module after being
triggered.

H Quantitative Error Analysis 1277

To explicitly quantify how CoG mitigates the two 1278

core dimensions of cognitive rigidity—Error Cas- 1279

cading and Reasoning Stagnation—we conducted 1280

an ablation-based attribution analysis. We define 1281

the performance gap between the full CoG frame- 1282

work and its component-ablated variants as a proxy 1283

for the volume of specific errors corrected by our 1284

mechanisms. Figure 6 visualizes these gains across 1285

three benchmarks. 1286

Mitigating Error Cascading (Blue Bars). The 1287

blue bars in Figure 6 quantify the contribution of 1288

Blueprint-Guided Exploration (System 1). By en- 1289

forcing structural constraints, CoG consistently fil- 1290

ters out neighborhood noise that typically misleads 1291

baselines into irreversible deviations. On the noise- 1292

intensive CWQ dataset, this mechanism rescues 1293

3.4% of queries from cascading errors. Even on 1294

simpler datasets like WebQSP and GrailQA, the 1295

consistent gains (+2.8% and +2.4%) confirm that 1296

structural blueprints serve as a robust, universal 1297

filter against the "butterfly effect" of early selection 1298

errors. 1299
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Figure 6: Quantitative attribution of performance gains
to CoG’s core mechanisms. The blue bars quantify the
mitigation of Error Cascading via System 1 (Blueprint-
Guided Exploration), acting as a structural filter against
noise. The orange bars represent the recovery from
Reasoning Stagnation via System 2 (Failure-Aware Re-
finement), resolving structural misalignment through
diagnostic backtracking. The pronounced impact on
CWQ highlights the necessity of the refinement mecha-
nism for complex multi-hop reasoning.

Resolving Stagnation (Orange Bars). The orange1300

bars highlight the critical role of Failure-Aware Re-1301

finement (System 2) in overcoming reasoning dead-1302

ends. This effect is particularly dominant on the1303

complex CWQ benchmark, where the diagnostic re-1304

routing mechanism recovers a substantial 8.4% of1305

queries that initially stagnated. The sharp contrast1306

between the high gain on CWQ and the moderate1307

gains on other datasets suggests a clear correla-1308

tion: as reasoning depth and complexity increase,1309

the risk of structural misalignment grows, making1310

CoG’s "safety net" mechanism increasingly indis-1311

pensable for navigating treacherous search spaces.1312

I Generalization Analysis on1313

Heterogeneous Knowledge Graphs1314

To assess the robustness of CoG beyond the spe-1315

cific schema of Freebase, we extended our evalua-1316

tion to Wikidata (Vrandečić and Krötzsch, 2014),1317

a knowledge graph characterized by significantly1318

larger scale and greater heterogeneity. This setting1319

serves as a rigorous stress test for the model’s abil-1320

ity to handle schema variations and navigate noisy1321

environments without specific fine-tuning.1322

Experimental Setup. We mapped the entity an-1323

notations in WebQSP and CWQ from Freebase IDs1324

(MIDs) to Wikidata IDs (QIDs). It is important to1325

acknowledge that due to ontological misalignment1326

between the two KGs, a subset of entities could not1327

be perfectly mapped, introducing an inherent layer1328

of noise and information loss. We benchmarked1329

Method WebQSP CWQ

Source Domain: Freebase

ToG 76.2 57.1
PoG 82.0 63.2
CoG (Ours) 86.8 66.9

Target Domain: Wikidata

ToG 68.6 54.9
PoG 73.8 60.7
CoG (Ours) 76.5 62.8

Table 9: Performance comparison using different source
KGs (Freebase vs. Wikidata). Despite the domain shift,
CoG demonstrates superior robustness against schema
heterogeneity compared to ToG and PoG.

CoG against the strongest baselines, ToG and PoG, 1330

under this challenging setting. 1331

Results and Discussion. The comparative results 1332

are summarized in Table 9. We first observe a 1333

universal performance decline across all methods 1334

when transitioning from Freebase to Wikidata. This 1335

drop is anticipated and stems primarily from two 1336

factors: (1) the annotation bias, as the datasets 1337

were originally curated for Freebase, rendering the 1338

mapping process lossy; and (2) the structural com- 1339

plexity, where Wikidata’s dense topology substan- 1340

tially expands the search space and complicates 1341

relation filtering. 1342

Despite these environmental hurdles, CoG main- 1343

tains a distinct advantage over the baselines. Specif- 1344

ically, CoG outperforms the strongest competitor, 1345

PoG, by margins of 2.7% on WebQSP and 2.1% 1346

on CWQ. These results offer two critical insights 1347

into the mechanism of CoG: 1348

• Schema Agnosticism: The Relational 1349

Blueprint mechanism appears to capture ab- 1350

stract reasoning patterns (e.g., Subject → At- 1351

tribute → Value) rather than overfitting to 1352

specific naming conventions (e.g., Freebase’s 1353

people.person.place_of_birth). This ab- 1354

straction allows the generated blueprints to 1355

adapt effectively to the distinct property pred- 1356

icates found in Wikidata. 1357

• Resilience to Noise: The performance gap 1358

suggests that the Failure-Aware Refinement 1359

module is particularly effective in heteroge- 1360

neous settings. When initial search paths are 1361

misled by Wikidata’s noise, CoG’s diagnos- 1362

tic backtracking prevents the reasoning chain 1363
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from premature collapse—a failure mode fre-1364

quently observed in baselines lacking such1365

corrective mechanisms.1366

J Case Studies1367

We conduct a qualitative analysis of two representa-1368

tive cases to scrutinize the interplay between struc-1369

tural priors and reasoning stability.1370

Case 1 (Figure 7) exemplifies CoG’s capacity1371

to navigate the “neighborhood noise” inherent in1372

super-nodes, where local semantic cues often di-1373

verge from the underlying reasoning logic. In this1374

query concerning Angelina Jolie—an entity with1375

an overwhelming density of acting-related meta-1376

data—the baseline PoG, lacking global structural1377

constraints, succumbs to the high-frequency se-1378

mantic traps of her acting career. Consequently,1379

PoG exhausts 5,544 tokens drifting through unre-1380

lated films (e.g., The English Patient) before even-1381

tually hallucinating By the Sea as a partially cor-1382

rect but logically invalid answer. In contrast, CoG1383

strictly adheres to the adapted relational blueprint1384

⟨film.director.film, film.film.music⟩. Even though1385

the local semantic score for the “actor” relation1386

is dominant, the step-wise alignment signal ϕstep1387

effectively penalizes these noisy distractors. By an-1388

choring the search within the directorial slot, CoG1389

identifies the correct answer, In the Land of Blood1390

and Honey, with minimal overhead, demonstrating1391

that relational blueprints function as a robust “struc-1392

tural compass” in complex semantic landscapes.1393

Case 2 (Figure 8) illustrates how CoG resolves1394

structural misalignment through diagnostic refine-1395

ment, distinguishing its systematic backtracking1396

from the stochastic retries of existing agents. When1397

searching for the specific college attended by Kevin1398

Hart under postgraduate constraints, PoG correctly1399

identifies the Community College of Philadelphia1400

but falls into a state of cognitive rigidity. Because1401

its self-correction mechanism is purely heuristic1402

and lacks structural foresight, PoG enters a loop1403

of 26 redundant calls (14,187 tokens) on the same1404

invalid node, unable to escape the local search im-1405

passe. Conversely, CoG leverages Failure-Aware1406

Refinement to execute a structural diagnosis upon1407

reaching the Castlemont High School node. Rec-1408

ognizing that this entity type is ontologically in-1409

compatible with the university-level slots required1410

by the blueprint, CoG avoids blind retries. Instead,1411

this diagnostic failure triggers a targeted re-routing1412

back to the education hub, leading directly to Tem-1413

ple University, where it extracts the specific value 1414

(5,478) and satisfies the condition. This success 1415

underscores CoG’s ability to maintain reasoning 1416

momentum where baseline agents stagnate. 1417
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Question: What movie features music by Gabriel Yared and was directed by Angelina Jolie?

PoG

Subgoals: 1. Identify movies with music by Gabriel Yared; 2. Identify movies directed by Angelina Jolie; 3. 

Find the movie that matches both criteria.

Answer: The movie featuring music by Gabriel Yared and directed by Angelina Jolie is 'By the Sea'

Reasoning Path:

Gabriel Yared

music_contributor.film

person_or_entity_appearing_in_film.films

film.music

The English Patient …

Angelina Jolie film.directed_by By the Sea

…

…

…

CoG

Subgoals: 1. Search for movies with music composed by Gabriel Yared; 2. Identify which of those movies 

were directed by Angelina Jolie

Answer: 'The Land of Blood and Honey' features music by Gabriel Yared and was directed by Angelina Jolie

Blueprint: director.film, film.music

Angelina Jolie

Reasoning Path:

actor.film

film_art_director.films_directed

person_or_entity_appearing_in_film.films…

director.film In the Land of Blood and 

Honey

Unbroken

By the Sea

…

…

film.music Gabriel Yared

Figure 7: Case 1: Comparison of reasoning trajectories on a super-node. PoG is misled by the local density of
acting roles, leading to semantic drift, while CoG utilizes the relational blueprint to filter distractors and maintain
structural consistency.

Which college attended by Kevin Hart has less than 9153 postgraduates?

PoG

Subgoals: 1. Find the colleges attended by Kevin Hart; 2. Search for the number of postgraduates at each 

college; 3. Search the college with less than 9153 postgraduates

Answer: First, Kevin Hart attended the Community College of Philadelphia. Second, the Community College 

of Philadelphia has less than 9153 postgraduates.

Reasoning Path:

Kevin Hart education.institution Community College of Philadelphia

…

…

CoG

Answer: Kevin Hart attended Temple University, which has 5478 postgraduates, a number less than 9153.

Blueprint: person.education, education.institution, university.number_of_postgraduates, 

measurement_unit.dated_integer.number

Angelina Jolie

Reasoning Path:

person.education

…

…

…

Subgoals: 1. Identify the colleges attended by Kevin Hart; 2. Find the number of postgraduates at each 

identified college; 3. Determine which college has fewer than 9153 postgraduates

m.0gy5x50

m.0n1khzm education.institution

university.number_of_postgraduates

Temple University university.number_of_postgraduates m.0rqfd3b
measurement_unit.dated

_integer.number 5478

Figure 8: Case 2: Visualization of CoG’s diagnostic re-routing. Unlike the stochastic stagnation observed in PoG
(26 failed repetitive calls), CoG identifies structural misalignment at the High School node and utilizes System 2
reflection to re-route toward a valid reasoning branch.

20


	Introduction
	Preliminaries
	Methodology
	Offline Relational Blueprint Construction
	Online Blueprint-Guided KG Exploration
	Initialization and Structural Planning
	Blueprint-Guided KG Exploration

	Failure-Aware Refinement

	Experiments
	Experiment Setup
	Main Results
	Ablation Study
	Efficiency Analysis

	Related Work
	Conclusion
	Prompt Templates for LLM Agents
	Task Decomposition
	KG Exploration
	Relation Pruning
	Entity Filtering
	Memory Update

	Answer Generation
	Failure-Aware Refinement
	Retrieval Necessity Diagnosis
	Targeted Backtracking and Re-routing
	Grounded Inference

	Blueprint Adaptation

	Search SPARQL
	Relation Search
	Entity Search
	Entity ID Resolution

	Datasets
	Baseline Descriptions
	LLM-Only Methods
	Fine-tuned KG-Augmented LLM Methods
	Prompting KG-Augmented LLM Methods

	Implementation Details
	Experiment Settings
	Blueprint Construction and Copy–Adapt Analysis
	Blueprint Library Statistics
	Sensitivity of Copy Threshold

	Sensitivity Analysis of Reranking Weights
	Experimental Design and Rationale
	Results and Analysis


	Detailed Performance Breakdown
	Analysis of Failure-Aware Refinement
	Quantitative Error Analysis
	Generalization Analysis on Heterogeneous Knowledge Graphs
	Case Studies

