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Abstract001

Knowledge-intensive NLP systems increas-002
ingly combine large language models (LLMs),003
knowledge graphs (KGs), and document re-004
trieval. These sources have highly heteroge-005
neous inference costs: LLM calls are accurate006
but expensive (120ms, cost 1.0), KG lookups007
are fast but limited (8ms, cost 0.02), and re-008
trieval lies in between. Existing KG reasoning009
methods either rely on a single source or fuse010
multiple sources in a cost-blind manner, which011
can lead to suboptimal accuracy–cost trade-offs.012
We propose HyAKE, a cost-aware hybrid ex-013
pert framework for KG reasoning. HyAKE014
integrates three specialists—a parametric LLM015
expert, a structural GNN expert over cached016
subgraphs, and a retrieval expert—with two key017
components: (i) a Knowledge Graph Reason-018
ing Planner (KGRP) that decomposes com-019
plex queries into a DAG of sub-questions for020
dependency-aware, partially parallel execution;021
and (ii) an Adaptive Knowledge Fusion Mod-022
ule (AKFM) that performs query-specific, cost-023
aware expert routing with learned temperature024
networks and a CLUB-based decoupling loss025
to encourage complementary behaviors. Exper-026
iments on four benchmarks show that HyAKE027
improves MRR by 37–59% over strong base-028
lines and by 10–19% over direct Qwen-2.5-7B029
prompting, while reducing normalized infer-030
ence cost by 45% and achieving 2.2× lower031
latency. On unseen entities, HyAKE retains032
79% of its transductive performance versus033
45–51% for baselines, suggesting that gains034
are not solely due to memorization.035

1 Introduction036

Knowledge graphs (KGs) encode structured real-037

world knowledge and underpin critical NLP appli-038

cations including question answering [1], recom-039

mendation [2], and retrieval [3].040

Recent advances in LLMs [4, 5, 6] enable pow-041

erful parametric reasoning, yet their direct appli-042

cation to KG tasks faces a critical challenge: cost043
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Figure 1: Key Capabilities of HyAKE, a multimodal
hybrid expert system for KG reasoning. The system in-
tegrates parametric knowledge (LLM), structural knowl-
edge (GNN), and retrieval knowledge across four bench-
marks, demonstrating cost-aware adaptive routing and
superior performance.

heterogeneity. Modern systems can leverage LLM 044

inference (120ms, cost 1.0), cached KG lookups 045

(8ms, cost 0.02), and document retrieval (35ms, 046

cost 0.1)—but these sources differ by 50× in cost. 047

Existing approaches either use single sources with 048

limited capabilities [7] or apply cost-blind uniform 049

fusion [8], yielding suboptimal accuracy-cost trade- 050

offs. 051

This motivates three key challenges. First, how 052

to integrate parametric LLM knowledge, struc- 053

tural graph knowledge, and retrieval knowledge 054

while explicitly modeling cost heterogeneity? Sec- 055

ond, how to decompose complex multi-hop queries 056

into explicit sub-questions with dependency aware- 057

ness, beyond greedy chain-based reasoning [9, 10]? 058

Third, how to achieve reliable predictions with 059

adaptive routing and verification under cost con- 060

straints? 061

To address these challenges, we propose 062

HyAKE (Hybrid Adaptive Knowledge Expert), a 063

cost-aware hybrid framework for KG reasoning. 064

Figure 1 illustrates HyAKE’s key capabilities. Our 065

main contributions are: 066

• We formulate KG reasoning with heteroge- 067

neous knowledge sources as a cost-aware ex- 068
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pert routing problem and analyze why cost-069

blind uniform fusion can be suboptimal under070

realistic cost distributions.071

• We introduce HyAKE, which combines072

a DAG-based Knowledge Graph Reason-073

ing Planner (KGRP) for dependency-aware074

multi-hop planning, a cost-aware Adaptive075

Knowledge Fusion Module (AKFM) with076

learned temperature networks and explicit077

cost penalties, and CLUB-based decoupling to078

encourage complementary expert behaviors.079

• We conduct extensive experiments on four080

benchmarks, showing consistent MRR gains081

over strong embedding/GNN baselines and di-082

rect LLM prompting, together with 45% lower083

normalized cost and 2.2× lower latency. In-084

ductive evaluation and ablations further vali-085

date the contribution of each component.086

2 Related Work087

Knowledge Graph Embeddings. Traditional ap-088

proaches learn entity and relation embeddings089

through geometric operations. Recent surveys090

[7, 8] review advances in knowledge graph rep-091

resentation learning. Contrastive learning methods092

[11] have improved embedding quality using pre-093

trained language models. However, these methods094

lack multi-hop reasoning capabilities and ignore095

external knowledge sources, limiting their effec-096

tiveness for complex reasoning tasks.097

Graph Neural Networks. Graph neural net-098

works [12, 13] have revolutionized graph repre-099

sentation learning with advances in geometric ap-100

proaches [14, 15]. Foundational architectures like101

GAT [16], GraphSAGE [17], and GIN [18] enable102

effective message passing on graphs. Recent sur-103

veys [7] highlight their applications to knowledge104

graphs. Despite success in capturing local topology,105

these approaches focus solely on structural knowl-106

edge without integrating parametric or retrieval-107

augmented information.108

Knowledge Graph Question Answering. Re-109

cent advances integrate retrieval-augmented gener-110

ation with knowledge graphs [19, 1], while graph-111

constrained reasoning methods [3, 20] ensure faith-112

ful LLM reasoning on KGs. Multi-hop reason-113

ing approaches [21, 22] leverage KB embeddings,114

and Think-on-Graph methods [9, 10] provide inter-115

pretable reasoning paths. However, existing sys-116

tems lack explicit reasoning planning and adaptive117

fusion mechanisms for balancing diverse knowl- 118

edge sources. 119

Retrieval-Augmented Generation and Mix- 120

ture of Experts. Dense passage retrieval [23] 121

enables effective document retrieval, while RAG 122

methods [24, 25] and GraphRAG [26] advance 123

KG-enhanced generation. MoE architectures [27, 124

28] enable conditional computation for trillion- 125

parameter models. The CLUB loss [29] provides 126

mutual information estimation for multi-modal 127

learning, while contrastive methods [11, 30] en- 128

hance knowledge graph reasoning. However, exist- 129

ing MoE methods are not designed for KG-specific 130

challenges and lack explicit multi-hop reasoning 131

with planning, fact verification, and tailored knowl- 132

edge source decoupling. 133

HyAKE combines these aspects with explicit 134

DAG-based planning (KGRP), cost-aware adap- 135

tive fusion (AKFM), and CLUB-based expert de- 136

coupling. Unlike prior MoE work [27] focused 137

on accuracy, chain-based planners [9, 10], or cost- 138

blind fusion [8], HyAKE explicitly models per- 139

source costs and learns query-specific routing for 140

accuracy-cost optimization. 141

3 Methodology 142

3.1 Overview 143

Problem. Given knowledge graph G = (E ,R, T ) 144

and external resources (LLM parameters Θ, cached 145

subgraphs, document corpus D), predict the miss- 146

ing tail entity t for query (h, r, ?). HyAKE follows 147

a divide-conquer-verify approach: (1) decompose 148

via KGRP, (2) solve using PKE/SKE/RKE experts, 149

(3) fuse via AKFM, and (4) verify outputs. 150

3.2 Expert Networks: Specialized Knowledge 151

Processing 152

3.2.1 Parametric Knowledge Expert (PKE) 153

Architecture. PKE harnesses parametric knowl- 154

edge from pre-trained LLMs through two stages: 155

Prompt Construction: We build structured 156

prompts by combining a KG-specific template, rea- 157

soning context, and output format instructions. 158

CoT Decoder: We apply KG-aware 159

chain-of-thought decoding to generate 160

opke = LLMCoT(prompt; Θ). 161

Implementation. We instantiate PKE with 162

Qwen-2.5-7B [31] fine-tuned on 500K KG reason- 163

ing triples using LoRA adapters (details in the Ap- 164

pendix). While PKE excels at complex reasoning, 165
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Figure 2: HyAKE System Architecture. Complete data flow through four key stages: (1) Input encoding with
complexity assessment and entity disambiguation, (2) Parallel knowledge retrieval via PKE (parametric), SKE
(structural with GNN), and RKE (retrieval with reranking), all leveraging knowledge caching, (3) Adaptive fusion
with temperature-controlled weighting, (4) Verification and fallback for reliability assurance.

it incurs about 120ms latency per call, so AKFM166

invokes it for only a small fraction of queries.167

3.2.2 Structural Knowledge Expert (SKE)168

SKE extracts k=3-hop subgraphs from cached169

Gcache (78% hit rate, avg 180 nodes) and applies170

3-layer relational GCN:171

h(l+1)
v = ReLU

 ∑
(u,r)∈N (v)

W(l)
r h(l)

u + h(l)
v


(1)172

3.2.3 Retrieval Knowledge Expert (RKE)173

RKE uses dense retrieval (BERT dual encoders)174

to fetch top-100 candidates from corpus D, then175

cross-encoder reranking to select top-10 for final176

scoring.177

3.3 Knowledge Graph Reasoning Planner178

(KGRP)179

Architecture. KGRP decomposes queries through180

three stages:181

Stage 1: Question Decomposition. A Seq2Seq182

model breaks query q into k ∈ [2, 5] sub-questions:183

{q1, . . . , qk} = Decomposer(q).184

Training. We train a T5-base decomposer on185

question–decomposition pairs derived from Hot-186

potQA and ComplexWebQuestions; training de-187

tails are in the Appendix.188

Stage 2: Dependency Graph. Build a DAG G = 189

(Vq, Edep) where edge (qi, qj) exists if qj depends 190

on qi: 191

pij = σ(wT [emb(qi)∥emb(qj)]) 192

eij = I[pij > 0.5] (2) 193

Stage 3: Execution Order. Topological sort de- 194

termines execution sequence π = TopoSort(G), 195

ensuring all dependencies are satisfied. For cyclic 196

dependencies (0.2% of cases), we fall back to se- 197

quential execution. 198

Benefits. KGRP brings 7.9% MRR gain (Ta- 199

ble 2) despite 35ms overhead. DAG-based planning 200

with parallel execution reduces latency by 25% ver- 201

sus chain-based methods on multi-hop queries. 202

3.4 Adaptive Knowledge Fusion Module 203

(AKFM) 204

Motivation. Different queries benefit from differ- 205

ent experts with vastly different costs. Simple fac- 206

tual queries can be answered by fast, cheap graph 207

lookups via SKE. Complex reasoning queries re- 208

quire expensive LLM inference via PKE. AKFM 209

learns to dynamically weight expert contributions, 210

achieving high performance while minimizing op- 211

erational cost. 212

Architecture. Fusion occurs in four steps: 213
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Step 1: Temperature Estimation. Learn query- 214

specific temperature:215

ccomplex = MLPassess(Encoder(q))216

τ = exp(wT
τ [ccomplex∥Encoder(q)]) (3)217

Step 2: Cost-Aware Weight Computation. Soft-218

max over learned logits with cost penalty:219

zi = MLP(oi, q)− λcost · Cost(i) (4)220
221

wi =
exp(zi/τ)∑
j exp(zj/τ)

(5)222

where Cost(i) encodes normalized per-query cost223

for each expert (LLM, retrieval, KG lookup), es-224

timated from empirical latency and cloud pricing225

(see Table 4 and Appendix). The cost weight λcost226

is tuned on validation data.227

Step 3: Weighted Fusion. Compute final pre-228

diction as pfused =
∑

iwioi. During training, we229

inject Gaussian noise for regularization.230

Routing Statistics. AKFM routes 65% queries231

to SKE-dominant (low-cost), 25% to SKE+RKE fu-232

sion, and 10% to PKE-involved (high-cost), achiev-233

ing 45% cost reduction while maintaining superior234

accuracy. We show that uniform fusion is subop-235

timal when query difficulty and expert costs are236

heterogeneous (proof in Appendix).237

3.5 Verification and Training238

We apply three verification checks—KG consis-239

tency, cross-expert agreement, and confidence240

thresholds—and fall back to alternative experts241

when verification fails (<1% of queries). The242

model is trained with a combined loss L =243

Lanswer + 0.5Lpath + 0.1LCLUB, using alternating244

optimization between experts and AKFM (Adam,245

lr=10−4, batch size 32; full details in the Ap-246

pendix). The CLUB loss [29] reduces mutual infor-247

mation between expert outputs, encouraging com-248

plementary behaviors.249

4 Experiments250

4.1 Experimental Setup251

Datasets. We evaluate on four benchmarks:252

DB15K [7], Kuai16K, MKG-W, and MKG-Y, cov-253

ering DBpedia-based KGs, recommendation-style254

KGs, and multi-modal KGs. We follow standard255

train/validation/test splits and derive all training256

instances (including LLM fine-tuning and decom-257

position pairs) from the training split only to avoid258

leakage.259

Baselines. We compare against 13 methods:260

six embedding models (TransE, TransH, DistMult, 261

ComplEx, RotatE, SimplE), three neural models 262

(ConvE, InteractE, TuckER), two GNNs (R-GCN, 263

CompGCN), a relation-aware MoE (RelMoE), and 264

a direct Qwen-2.5-7B prompting baseline with 5- 265

shot in-context learning and chain-of-thought de- 266

coding. 267

Protocol. We report MRR and Hits@K under 268

the filtered setting [7]. All experiments are con- 269

ducted in the standard transductive setting. Mod- 270

els are implemented in PyTorch and trained on 4× 271

NVIDIA A100 GPUs; additional hyperparameters 272

are in the Appendix. 273

4.2 Main Results 274

HyAKE achieves 37–59% MRR gains over the best 275

non-LLM baselines and 10–19% over direct Qwen- 276

2.5-7B (5-shot) prompting (Table 1), indicating that 277

architectural choices—hybrid experts, planning, 278

and cost-aware routing—provide benefits beyond 279

raw LLM capacity. HyAKE also outperforms en- 280

hanced baselines that access Wikipedia/Wikidata, 281

while a KG-only variant (no external resources) 282

still exceeds baselines with external knowledge 283

(39.8 vs 33.9 MRR on average; details in the Ap- 284

pendix), suggesting that the gains are not merely 285

due to additional resources. 286

4.3 Ablation Study 287

Table 2 analyzes component contributions on 288

DB15K. Each row removes one component to as- 289

sess its impact. 290

Key Findings: 291

• AKFM is most critical (-13.0% when re- 292

placed with uniform averaging), validating 293

adaptive fusion over naive combination. 294

• PKE contributes 8.8%. Removing the LLM 295

expert still yields strong performance (44.8 296

MRR), but the additional gain justifies the 297

cost of occasional LLM calls. 298

• KGRP planning adds 7.9%, enabling multi- 299

hop reasoning. 300

• All experts contribute, confirming comple- 301

mentarity. 302

• CLUB decoupling adds 2.4%, ensuring non- 303

redundant contributions. 304
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Table 1: Main Results (MRR/H@1, %). Bold: best, underline: 2nd. HyAKE: mean±std, 5 runs. ††: p < 0.01.

MKG-W MKG-Y DB15K Kuai16K

Method MRR H@1 MRR H@1 MRR H@1 MRR H@1

Embedding: TransE/TransH/DistMult/ComplEx/RotatE/SimplE (best)
RotatE 26.7 19.1 25.3 17.9 34.7 25.9 30.1 22.3

Neural: ConvE/InteractE/TuckER (best)
TuckER 27.9 20.3 26.5 19.1 35.8 27.1 31.5 23.7

GNN: R-GCN/CompGCN (best)
CompGCN 26.3 18.7 25.1 17.5 34.5 25.8 29.8 22.1

MoE Baseline
RelMoE 27.1 19.5 25.8 18.3 35.2 26.5 30.8 22.9

Direct LLM (No KG Structure)
Qwen-2.5-7B (5-shot) 38.5 29.2 36.7 27.9 41.3 33.8 37.2 28.6

HyAKE†† 43.2±0.3 34.1±0.4 40.3±0.2 31.2±0.3 49.1±0.2 42.3±0.3 43.7±0.3 35.8±0.4

vs Best Traditional +55% +68% +52% +63% +37% +56% +39% +51%
vs Direct LLM +12% +17% +10% +12% +19% +25% +17% +25%

Tra
nsE

Tra
nsH

DistM
ult

Com
plE

x
Ro

tat
E

Sim
plE

Con
vE

Int
era

ctE
Tuc

kE
R

R-G
CN

Com
pG

CN
Re

lMoE
HyA

KE
0

10

20

30

40

50

M
RR

 (
%

)

MKG-W
MKG-Y
DB15K
Kuai16K
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Table 2: Ablation Study on DB15K (all metrics in %).
“∆” shows performance drop from full HyAKE.

Configuration MRR H@1 H@10 ∆MRR

Full HyAKE 49.1 42.3 67.9 –

w/o AKFM (uniform) 42.7 35.9 63.2 -13.0%
w/o PKE (LLM) 44.8 38.1 65.4 -8.8%
w/o KGRP 45.2 39.2 66.1 -7.9%
w/o SKE 46.1 40.0 66.8 -6.1%
w/o RKE 46.8 40.9 67.2 -4.7%
w/o LCLUB 47.9 41.5 67.5 -2.4%
w/o Temperature 48.2 41.8 67.6 -1.8%
w/o Cost penalty 48.7 42.0 67.7 -0.8%

CLUB Analysis. CLUB mainly improves ro- 305

bustness rather than raw accuracy: it increases ex-306

pert divergence from 0.23 to 0.67 and verification307

fallback success from 67% to 85% (see Appendix308

for full statistics), confirming that it helps experts309

specialize rather than collapse to similar behaviors.310

Ablation results show AKFM contributes most311

(13.0%), followed by PKE (8.8%) and KGRP312

(7.9%), with all experts and optimization compo-313

nents providing complementary gains.314

4.4 Expert Weight Analysis315

Table 3 shows AKFM’s adaptive weighting across316

query types.317

Table 3: Expert Weight Distribution by Query Type on
DB15K (weights in %).

Query Type PKE SKE RKE % Queries

Simple 1-hop 5 90 5 45
2-hop structural 15 75 10 30
Complex multi-hop 45 40 15 15
Open-domain/recent 30 20 50 10

Weighted Avg 16 73 11 100

AKFM routes most queries (73%) to fast SKE318

lookups, activating expensive PKE for only 16%319

on average (45% on complex multi-hop), achieving320

45% cost reduction.321

4.5 Deployment and Cost Analysis322

Table 4 presents deployment metrics demonstrat-323

ing HyAKE’s cost-effectiveness through intelligent324

routing.325

Table 4 summarizes deployment metrics.326

HyAKE attains 55ms average latency and 0.55 nor-327

malized cost per query, compared to 120ms and328

1.0 for always using the LLM, mainly by routing329

most queries to cached KG lookups and retrieval.330

Cache hits reduce SKE latency to 8ms, enabling a331

Table 4: Deployment Metrics. Costs normalized to
PKE=1.0, aligned with AKFM coefficients.

Component Latency Cost Usage Notes

Expert Performance
PKE (Qwen-2.5) 120ms 1.0 10% LLM
SKE (3-hop) 15ms 2 × 10−2 75% Cache 78%
- cache hit 8ms 1 × 10−2 58% Cached
- cache miss 45ms 5 × 10−2 17% On-demand

RKE 35ms 1 × 10−1 15% FAISS

System Performance
HyAKE (full) 55ms 5.5 × 10−1 100% Weighted
KGRP (T5-base) +35ms +1 × 10−2 – Planning
AKFM +3ms +1 × 10−2 – Fusion

Baselines
Always-LLM 120ms 1.0 – Baseline
TuckER 12ms 1 × 10−2 – Lower acc
RelMoE 35ms 6.7 × 10−1 – No routing

Cost Reduction 45% vs. always-LLM (0.55 vs 1.0)
Speed-up 2.2× faster (55ms vs 120ms)
Throughput 90 queries/sec (4× A100 GPUs)

throughput of around 90 queries/sec on 4× A100332

GPUs. 333

Error Analysis. We analyze 200 failures 334

(MRR=0) from DB15K: SKE structure failures 335

(26%, sparse subgraphs), AKFM routing misjudg- 336

ment (23%), PKE knowledge gaps (19%), KGRP 337

decomposition errors (14%), RKE retrieval failures 338

(12%), and verification errors (7%). System-level 339

errors (37%) suggest architectural improvements; 340

expert-specific errors (49%) indicate need for better 341

knowledge coverage. 342

4.6 Inductive Evaluation: Generalization to 343

Unseen Entities 344

To validate generalization, we conduct inductive 345

evaluation on unseen entities following Teru et al. 346

[32]. We construct inductive versions of DB15K 347

and Kuai16K by holding out 20% of entities and 348

creating test triples that involve only unseen entities 349

(details in the Appendix). Embedding-based base- 350

lines are adapted using standard heuristics such as 351

neighbor-averaging and description-based initial- 352

ization. 353

Table 5: Inductive Eval (MRR %). Trans/Ind on unseen
entities. HyAKE: 79% retention vs 45-51%.

Method DB15K Kuai16K Avg Gap
Trans./Ind. Trans./Ind. Ind.

Best Embedding/Neural/GNN
RotatE 34.7/15.3 30.1/13.8 14.6 -54%
TuckER 35.8/18.2 31.5/16.9 17.6 -49%
CompGCN 34.5/16.7 29.8/15.3 16.0 -52%
RelMoE 35.2/17.9 30.8/16.8 17.4 -49%

HyAKE 49.1/38.7 43.7/35.2 37.0 -21%

Improvement +20.5 (+113%) +18.3 (+109%) +19.4 +28%
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Table 5 shows that while all methods degrade on 354

unseen entities, HyAKE retains 79% of its trans-355

ductive MRR, compared to 45–51% for the best356

baselines. This smaller gap reflects the benefit of357

combining parametric, structural, and retrieval ex-358

perts: PKE and RKE can exploit textual descrip-359

tions and external documents for unseen entities,360

while SKE still captures relational patterns from361

their neighbors. AKFM naturally increases the362

weights of PKE/RKE on inductive queries without363

explicit mode switching.364

5 Conclusion365

We present HyAKE, a cost-aware hybrid expert366

framework for knowledge graph reasoning that in-367

tegrates LLM parametric knowledge, graph struc-368

ture, and document retrieval through learned adap-369

tive routing. Key components include DAG-based370

planning (KGRP), cost-aware fusion (AKFM), and371

CLUB-based decoupling for expert complementar-372

ity.373

Experiments on four benchmarks show that374

HyAKE consistently outperforms strong baselines375

and direct LLM prompting, while substantially re-376

ducing inference cost and latency. Inductive evalua-377

tion further indicates good generalization to unseen378

entities. Ablations confirm that AKFM, PKE, and379

KGRP contribute complementary value.380

Limitations381

Current limitations include: (1) dependency on 3-382

hop cached subgraphs requiring storage overhead;383

(2) KGRP’s 35ms T5-based planning adds latency;384

(3) alternating optimization increases training com-385

plexity; (4) temporal knowledge gaps in pre-trained386

LLM; (5) limited evaluation on extremely large-387

scale KGs (>1M entities). Future work includes388

adaptive cache-on-demand strategies, faster decom-389

posers, temporal knowledge integration, and scal-390

ing to web-scale graphs.391
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