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Abstract001

Large language models (LLMs) have demon-002
strated increasingly strong reasoning capa-003
bilities, achieving remarkable progress in004
knowledge graph question answering (KGQA).005
However, a key challenge in such systems is006
non-deterministic reasoning, where the model007
indecisively activates multiple semantically008
related knowledge graph edges for a given009
query, frequently leading to incorrect answers.010
To address this issue, we propose Diagnosing011
and Remedying Representation Deficiencies012
for Deterministic Reasoning in KGQA (DR2).013
DR2 identifies and localizes non-deterministic014
reasoning behaviors, uncovering the underlying015
semantic representation deficiencies in LLMs.016
Building on this diagnosis, we design abductive017
reasoning-based preference learning, which018
promotes fine-grained semantic discrimination019
and mitigates non-deterministic reasoning020
errors. Experimental results demonstrate that021
the proposed DR2 significantly outperforms022
several strong baselines, achieving state-of-the-023
art performance on the widely used WebQSP024
and CWQ benchmarks.1025

1 Introduction026

Large language models have demonstrated increas-027

ingly strong reasoning capabilities, leading to028

remarkable improvements in Knowledge Graph029

Question Answering (KGQA) tasks. Current030

approaches primarily leverage LLMs’ powerful031

capabilities through two paradigms: in-context032

learning augmented with retrieved evidence to033

directly generate answers or reasoning chains (Li034

et al., 2023; Nie et al., 2024), and interactive, step-035

by-step frameworks where the model decomposes036

questions or traverses the knowledge graph037

through tool calls (Gu et al., 2023; Huang et al.,038

2024; Sun et al., 2024). To further enhance039

precision, supervised fine-tuning on questions and040

1Our codes and data will be released upon acceptance.

Figure 1: Comparing SFT’s memorization-induced
indecisiveness with our method’s deterministic discrim-
ination on semantically related edges.

synthesized reasoning paths is widely used to 041

enable more accurate and direct generation of 042

search queries (LUO et al., 2024; Luo et al., 2024; 043

Bu et al., 2025; Xu et al., 2025b). These methods 044

advance KGQA by more effectively combining the 045

knowledge of LLMs with the knowledge graphs, 046

enhancing the reliability of reasoning process. 047

However, a key challenge in such systems is 048

non-deterministic reasoning, where the model 049

indecisively activates multiple semantically related 050

knowledge graph edges for a given query, 051

frequently leading to incorrect answers. Existing 052

Supervised Fine-Tuning (SFT) approaches in 053

KGQA fundamentally fall short of addressing this 054

semantic ambiguity. As Figure 1 illustrates, the 055

indecisiveness of SOTA models on semantically 056

similar knowledge graph edges—such as confusing 057

“place of birth” with “nationality”—accounts for 058

up to 53% of overall errors (see Figure 7). This 059

critical failure stems from a key limitation of 060

SFT: while it optimizes for matching the correct 061

tool call during training, it does not equip the 062

model with the ability to internally discriminate 063

between closely related relations. We empirically 064
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verify this in a controlled setting with the easily065

confusable tool calls “language spoken” and066

“official language”. Although SFT method achieves067

high accuracy on the training set, the performance068

on unseen test data drops to 75%, as shown in069

Figure 8. This 25% accuracy gap reveals the070

model’s reliance on memorization rather than071

true semantic discrimination, and its persistent072

vulnerability to non-deterministic reasoning when073

encountering unfamiliar examples.074

To mitigate this issue, we propose Diagnosing075

and Remedying Representation Deficiencies for076

Deterministic Reasoning in KGQA (DR2), which077

enhances the model’s ability to discriminate078

between semantically related knowledge graph079

edges. DR2 identifies and localizes non-080

deterministic reasoning behaviors, uncovering the081

underlying semantic representation deficiencies082

in LLMs. Building on this diagnosis, we083

designs abductive reasoning-based preference084

learning, which promotes fine-grained semantic085

discrimination and mitigates non-deterministic086

reasoning errors. DR2 enhances the model’s087

capability to distinguish fine-grained semantic088

differences, our main contributions are:089

• We propose a novel method DR2 to detect non-090

deterministic reasoning and locate semantic091

representation deficiencies in LLMs.092

• We propose using abductive reasoning method093

to acquire fine-grained semantic preference094

data to mitigate the deficiencies.095

• The proposed DR2 method achieved state-096

of-the-art performance on two widely used097

benchmarks WebQSP and CWQ.098

2 Related Works099

Preferences Alignment. Recent advances in100

LLM alignment that leverage human preferences101

offer a promising direction for enhancing the102

discriminative capability of KBQA systems.103

The established method Reinforcement Learning104

from Human Feedback (RLHF) trains a reward105

model to optimize the policy model (Ouyang106

et al., 2022; Bai et al., 2022). Direct107

Preference Optimization (DPO) eliminates the108

separate reward model by training directly on109

output preference pairs (Rafailov et al., 2023).110

Subsequent work simplified DPO by removing111

the reference model (Meng et al., 2024; Hong112

et al., 2024). Most recently, IOPO improves113

DPO by constructing bidirectional preference pairs, 114

improving the model’s fine-grained discriminative 115

capability (Zhang et al., 2025). 116

Knowledge Graph Question Answering. Early 117

research can be categorized into rule-based 118

methods, that leverage the symbolic structure of 119

Knowledge Bases(KB) for retrieval or parsing (Sun 120

et al., 2018; Zhang et al., 2022; Ye et al., 121

2022) and embedding-based methods which utilize 122

neural networks to learn latent representations 123

of entities and relations for reasoning (Miller 124

et al., 2016; Yasunaga et al., 2021; Jiang et al., 125

2022). With the advent of large language 126

models (LLMs), KBQA methods have evolved 127

significantly. Current approaches predominantly 128

leverage LLMs’ powerful reasoning capabilities, 129

primarily through in-context learning (ICL) 130

augmented with retrieved evidence to generate 131

answers or reasoning chains directly (Li et al., 132

2023; Nie et al., 2024), as well as through step- 133

by-step frameworks where the model interactively 134

decomposes questions or traverses the knowledge 135

graph (Gu et al., 2023; Huang et al., 2024; Sun 136

et al., 2024). To further enhance performance and 137

alignment with specific KB schemas, supervised 138

fine-tuning (SFT) on datasets of question-logical 139

form pairs has been effectively adopted to enable 140

more accurate and direct generation of structured 141

queries (Luo et al., 2024; LUO et al., 2024; Jiang 142

et al., 2025; Xu et al., 2025b; Bu et al., 2025). 143

While fine-tuning enhances the model’s ability 144

to understand questions and produce formally 145

correct queries, the fine-tuned models may still lack 146

robust discriminative capabilities, often leading 147

to non-deterministic reasoning when faced with 148

semantically similar edges. To mitigate this 149

issue, we propose the Diagnosing and Remedying 150

Representation Deficiencies for Deterministic 151

Reasoning in KGQA to explicitly enhance the 152

model’s ability to discriminate between edges with 153

close semantic meanings, thereby improving the 154

precision and reliability in KBQA tasks. 155

3 Preliminary 156

In this section, we introduce several basic concepts 157

and definitions used in our work. 158

Knowledge Graph(KG). A Knowledge Graph 159

is a set of triples, denoted as KG = 160

{(e0, r, e1)|e0, e1 ∈ E , r ∈ R}, where E is the 161

set of entities and R is the set of relations. 162

Reasoning Path. Given a query, a reasoning path 163
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Figure 2: The overall framework of our DR2. The diagnosing process trains an induced model with limited data (a)
and diagnoses its deficiencies by analyzing the reasoning behaviors under temperature sampling (b). The remedying
process leverages abductive reasoning to construct preference data for training the final model (c).

P is a sequence from the topic entity to the answer164

entity. It is formally represented as P = etopic
r1−→165

e1
r2−→ ...

rn−→ eans, where etopic is the topic entity166

and eans is the answer entity. In the training set167

DTrain, the golden reasoning path Pgold is directly168

derived from its annotated SPARQL query.169

Reasoning Structure. The reasoning structure is170

an abstraction of a reasoning path, obtained by171

removing all entity nodes and retaining only the172

sequence of relations. For a path P = etopic
r1−→173

e1
r2−→ ...

rl−→ eans, its reasoning structure is174

defined as PS = [r1, r2, ...rl].175

4 Approach176

In this section, we provide a detailed description177

of our proposed DR2 method. As illustrated in178

Figure 2, our approach to mitigating semantic rep-179

resentation deficiencies is decomposed into three180

tasks: Inducing Training, Deficiencies Diagnosis181

and Abductive Reasoning-based Remedy.182

4.1 Inducing Training183

Inducing Training aims to train an "induced model"184

to systematically expose the model’s inherent185

semantic representation deficiencies. As shown186

in Figure 8, the model exhibits non-deterministic187

reasoning during early SFT, where the probabilities188

for the two similar paths rise synchronously. To189

induce this behavior, we design a training strategy190

based on reasoning structure classification.191

Reasoning Structure Classification. For each192

data (Q,PGold) in the training set DTrain, we 193

compute its reasoning structure PS
Gold. We then 194

partition DTrain into K mutually exclusive subsets 195

{G1, G2, ...GK}, where all data within the same 196

subset share the same reasoning structure. 197

Non-determinism Inducing Training. To ensure 198

the model is exposed to all reasoning structures, we 199

randomly sample a small proportion of data from 200

each subset Gi according to a pre-defined ratio to 201

form the inducing training set DInduce. We then 202

fine-tune the base model MBase using DInduce to 203

obtain the induced model MInduce. 204

4.2 Deficiencies Diagnosis 205

After obtaining the induced model MInduce, 206

we are able to diagnose the model’s semantic 207

representation deficiencies by analyzing its non- 208

deterministic reasoning. We first collect confusion 209

errors from MInduce, and summarize them 210

into confusing structure pairs. A Semantic 211

Distinguishability Evaluation is then proposed 212

to pinpoint the pairs stemming from inherent 213

semantic representation deficiencies, providing 214

precise targets for remediation. 215

Confusion Error Collection. For each data 216

(Q,PGold) in the training set DTrain, we feed 217

the question Q into the induced model MInduce 218

and obtain m reasoning paths with a temperature 219

sampling (SampleTemp) process: 220

PGen = SampleTemp(MInduce, Q). (1) 221

If the structure of the generated path differs from 222
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that of the golden path, it forms a confusion error223

instance (Q,PGold, PGen). All such instances224

constitute the confusion error instance set DError.225

To focus on systematic errors caused by semantic226

representation deficiencies, we summarize errors227

at the reasoning structure level. For each error228

instance (Q,PGold, PGen) in DError, we extract229

the reasoning structure of the golden path S1 =230

PS
Gold and the generated path S2 = PS

Gen, then231

(S1, S2) forms an unordered confusion pair.232

Semantic Distinguishability Evaluation. To233

pinpoint the confusion that arises from intrinsic234

deficiencies of the model, we evaluate the semantic235

distinguishability of each summarized confusion236

pair (S1, S2). We first construct two question237

groups G1 and G2 which contains all questions238

from DTrain whose golden reasoning structure is239

included in S1 and S2, respectively:240

Gi = {Q|(Q,P ) ∈ DTrain ∧ PS = Si}. (2)241

We randomly sample a question Q from G1 ∪G2,242

and then classify it into G1 or G2 using a general-243

purpose LLM MEval. The average classification244

accuracy (Acc) over multiple sampled questions245

yields the distinguishability score DistSc using:246

DistSc = Acc(MEval(Q) = Group(Q)). (3)247

A high DistSc score indicates that the questions248

are semantically distinct, and the model’s249

confusion stems from its representation deficiency.250

Pairs with scores above a predefined threshold form251

the target deficiencies set TDefect, which is used252

for further remediation.253

4.3 Abductive Reasoning-based Remedy254

For each target deficiency in TDefect, we extract255

the original error instances from DError as the256

forward preference data. We then leverage257

the abductive reasoning capability of a general-258

purpose LLM to construct inverse preference data.259

Finally, joint training on both forward and inverse260

preferences guides the model to deeply understand261

and discriminate between the confusion pairs,262

thereby remedying its representation deficiencies.263

Error Instances Retrieval. For each target264

confusion pair in TDefect, we filter all matching265

error instances (Q,PGold, PGen) from the error set266

DError. For each instance, a forward preference267

tuple (Q,PGold ≻ PGen) is constructed, which is268

added to the forward preference set DForward.269

Inverse Question Generation. For each matched 270

error instance (Q,PGold, PGen), we employ 271

a general-purpose LLM MAbduct to perform 272

abductive reasoning, inferring a new natural 273

language question QInv for which PGen becomes 274

the uniquely correct reasoning path: 275

QInv = MAbduct(PGen). (4) 276

This process yields a inverse preference tuple 277

(QInv, PGen ≻ PGold), which is added to the 278

inverse preference set DInverse 279

Preference Learning. The induced model 280

MInduce is optimized using Direct Preference 281

Optimization on the union of the forward 282

preference set DForward and the inverse preference 283

set DInverse. This directly targets the identified 284

semantic representation deficiencies. The model is 285

then Supervised Fine-Tuned on the original training 286

set DTrain to produce the final model MFinal, 287

which enhances its overall reasoning ability. 288

5 Experiment 289

In this section, we present a comprehensive 290

experimental evaluation of the proposed DR2 291

method. We first introduce the experimental setup, 292

including the benchmarks, evaluation metrics, and 293

baseline methods. Following this, we report the 294

main results and a series of analytical experiments 295

to examine the characteristics of DR2 against 296

baseline methods from multiple perspectives. 297

5.1 Experimental Settings 298

Benchmarks. To evaluate the performance of our 299

proposed method on KGQA tasks, we employ two 300

widely used benchmarks: WebQSP (Yih et al., 301

2016) and CWQ (Talmor and Berant, 2018). 302

Metrics. We adopt standard metrics for KGQA 303

evaluation: Hits, F1 and Hits@1 following 304

previous works. In our work, Hits measures if 305

any predicted answer is correct, while Hits@1 306

specifically checks if the first predicted answer is 307

correct. See detailed definitions in Appendix C. 308

Baselines. We compare DR2 against previous 309

state-of-the-art and representative KGQA methods, 310

including strong baselines such as MemQ (Xu et al., 311

2025b) and KaeDe (Bu et al., 2025), as well as 312

other notable methods for broader context. 313

Implementation Details. To ensure a fair 314

comparison, we use Llama2-7B-chat (Touvron 315

et al., 2023) as our base language model, consistent 316

with the setup in recent methods like MemQ (Xu 317
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Method
Society Entertainment Culture Average

Hits@1 F1 Hits@1 F1 Hits@1 F1 Hits@1 F1
KaeDe 0.620 0.632 0.519 0.634 0.696 0.663 0.589 0.640
MemQ 0.741 0.773 0.561 0.648 0.696 0.790 0.648 0.718
DR2 0.759 0.808 0.603 0.677 0.732 0.798 0.681 0.745

Table 1: Performance comparison of DR2 and baselines on a confusing subset of WebQSP and CWQ.

et al., 2025b) and KaeDe (Bu et al., 2025). All our318

experiments are conducted on a machine with 4319

NVIDIA RTX 4090 GPUs. During inference, we320

use a beam size of 4 for both datasets.321

5.2 Main Result322

Method
WebQSP CWQ

Hits F1 Hits F1
KV-Mem (Miller et al., 2016) 0.467 0.345 0.184 0.157
GraftNet (Sun et al., 2018) 0.664 0.604 0.368 0.327
QGG (Lan and Jiang, 2020) 0.730 0.738 0.369 0.374
DECAF(Yu et al., 2022) 0.821 0.788 - -
UniKGQA(Jiang et al., 2022) 0.751 0.702 0.507 0.480
ToG(Sun et al., 2024) 0.826 - 0.676 -
KG-Agent(Jiang et al., 2025) 0.833 0.810 0.722 0.692
FiDeLiS(Sui et al., 2025) 0.844 0.783 0.715 0.643
AMAR(Xu et al., 2025a) 0.843 0.812 0.831 0.785
FM-KBQA(Gao et al., 2025) 0.873 0.842 0.795 0.687
RoG(LUO et al., 2024) 0.857 0.708 0.626 0.562
ChatKBQA(Luo et al., 2024) 0.864 0.835 0.860 0.813
GGI-MAB(Tang et al., 2025) 0.866 0.756 0.794 0.720
EPERM(Long et al., 2025) 0.888 0.724 0.662 0.589
KaeDe(Bu et al., 2025)* 0.908 0.819 0.880 0.801
MemQ(Xu et al., 2025b)* 0.890 0.860 0.878 0.836
DR2 0.918 0.889 0.898 0.860

Table 2: The results of our method DR2 compared
with previous approaches on WebQSP and CWQ. The
asterisk * denotes the results we reproduced.

The main results of our proposed DR2 on323

the WebQSP and CWQ datasets benchmarks are324

presented in Table 2 and Table 3. Our method325

achieves state-of-the-art performance across all326

key metrics on both benchmarks. This consistent327

and superior performance provides empirical328

evidence that our approach effectively mitigates329

the semantic representation deficiency in LLMs,330

confirming the effectiveness of diagnosing and331

remedying representation deficiencies in enhancing332

deterministic reasoning for KGQA. These results333

not only demonstrate the practical advantages of334

our method, but also highlight the fundamental335

importance of semantic representation robustness336

in complex reasoning tasks with LLMs.337

Method WebQSP CWQ
RoG (LUO et al., 2024) 0.795 0.567
KaeDe (Bu et al., 2025) 0.830 0.798
MemQ (Xu et al., 2025b) 0.847 0.805
DR2 0.882 0.835

Table 3: The results of our method DR2 compared with
previous approaches on WebQSP and CWQ using the
strict Hits@1 metric (see Appendix C) for details.

5.3 Discrimination Capability Evaluation 338

To further evaluate the capability of DR2 339

in discriminating between semantically related 340

knowledge graph edges, we constructed a 341

challenging subset derived from the WebQSP 342

and CWQ test sets. This subset comprises 671 343

questions whose gold reasoning paths contain 344

knowledge graph edges that are hard to distinguish. 345

The questions are categorized into three domains 346

(Society, Entertainment and Culture), based on 347

their topic entities. 348

As shown in Table 1, DR2 achieves consistent 349

improvements over all baseline methods across 350

all evaluation metrics on the challenging subset. 351

These results confirm that our method effectively 352

mitigates the semantic representation deficiency for 353

semantically related edges. 354

5.4 Mitigation of Representation Deficiencies 355

To provide direct evidence of how DR2 mitigates 356

representation deficiencies, we compare its internal 357

representations with those of MemQ on the 358

identified defect set TDefect. For each diagnosed 359

defect pair (S1, S2), we input the corresponding 360

questions and golden paths into the model to 361

extract the hidden state of the last token, which 362

forms representation groups G1 and G2. We 363

then project the representations onto the first two 364

principal components using Principal Component 365

Analysis and visualize the distributions with Kernel 366

Density Estimation. In addition, we calculate 367

the Separability Score (SepSc) to quantify this 368

difference, defined as the ratio of average inter- 369
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Figure 3: Comparing the separability of representations between DR2 and MemQ.

group Euclidean distance (GD) to average intra-370

group Euclidean distance (D):371

SepSc(G1, G2) =
GD(G1, G2)

1
2 × (D(G1) +D(G2))

. (5)372

As shown in Figure 3, compared to MemQ, DR2373

produces more separated representation clusters374

for the structures within each defect pair compared375

to MemQ, with a clearer boundary between them.376

Quantitatively, DR2 achieves a consistently higher377

SepSc for all these pairs. This demonstrates that378

our method effectively enhances the model’s ability379

to discriminate between the confusable reasoning380

structures. See further analyses in Appendix E.381

5.5 Enhancement of Deterministic Reasoning382

To quantitatively assess the improvement in383

reasoning determinism, we construct a challenge384

test set comprising questions that are prone to cause385

confusion. We analyze the model behaviors on this386

set by performing temperature sampling for both387

MemQ and DR2. A model is considered to perform388

deterministic reasoning if it generates a path with a389

probability greater than 90%.390

The histogram in Figure 4 presents the391

distribution of probabilities that the model392

generates the correct reasoning path. The393

result shows that DR2 increases the probability394

of deterministically inferring the correct path395

by 65% over MemQ. This confirms that our396

method effectively enables the model to perform397

deterministic reasoning towards the correct path.398

Figure 4: Comparing reasoning determinism of MemQ
and DR2 via temperature sampling on a confusion set.

5.6 Cross-Model Effectiveness 399

To assess the generalizability of DR2 beyond 400

a single model, we evaluate its performance 401

when using different base models. We conduct 402

experiments on four widely-used LLMs, the 403

results in Table 4 demonstrate that all evaluated 404

models achieve strong performance. This 405

indicates that our approach to diagnosing and 406

remedying semantic representation deficiencies is 407

not restricted to a single model architecture, but 408

instead exhibits effective transferability across a 409

variety of backbone models. These findings further 410

establish DR2 as a robust and versatile framework 411

for enhancing deterministic reasoning in KGQA, 412

regardless of the underlying language model. 413

5.7 Ablation Study 414

To validate the contribution of each component 415

in our proposed DR2 method, we conduct a 416
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Base Method
WebQSP CWQ

Hits@1 F1 Hits Hits@1 F1 Hits

Llama2
MemQ 0.847 0.860 0.890 0.805 0.836 0.878

DR2 0.882 (+0.035) 0.889 (+0.029) 0.918 (+0.028) 0.835 (+0.030) 0.860 (+0.024) 0.898 (+0.020)

Llama3
MemQ 0.868 0.874 0.895 0.814 0.839 0.879

DR2 0.882 (+0.014) 0.888 (+0.014) 0.919 (+0.024) 0.840 (+0.026) 0.868 (+0.029) 0.911 (+0.032)

Qwen
MemQ 0.830 0.845 0.877 0.796 0.822 0.868

DR2 0.840 (+0.010) 0.857 (+0.012) 0.899 (+0.022) 0.808 (+0.012) 0.837 (+0.015) 0.889 (+0.021)

Gemma
MemQ 0.854 0.856 0.879 0.799 0.826 0.867

DR2 0.870 (+0.016) 0.876 (+0.020) 0.905 (+0.026) 0.809 (+0.010) 0.839 (+0.013) 0.883 (+0.016)

Table 4: Evaluation of the generalization of DR2 across multiple widely-used LLMs.

comprehensive ablation study with the following417

four experimental settings: 1) Without Inverse418

Question Generation (w/o IQG). During the419

preference construction stage, only the forward420

preference data Dforward are used for DPO421

training, thereby isolating the contribution of422

the synthesized counterfactual data. 2) Without423

Semantic Distinguishability Evaluation (w/o424

SDE). It eliminates the semantic distinguishability425

evaluation in the diagnosis stage. All summarized426

structural confusion pairs are directly used as the427

target defect set TDefect for subsequent correction.428

3) Without Confusion Error Summarization429

(w/o CES). It uses all sampled confusion error430

instances from DError are directly used to431

construct forward preferences for DPO training. 4)432

Without Direct Preference Optimization (w/o433

DPO). The model is directly fine-tuned on the434

original training set DTrain using a SFT objective.435

Strategy
WebQSP CWQ

Hits@1 F1 Hits Hits@1 F1 Hits

DR2 0.882 0.889 0.918 0.835 0.860 0.898
w/o IQG 0.875 0.882 0.913 0.820 0.850 0.892

w/o SDE 0.864 0.873 0.905 0.819 0.850 0.889

w/o CES 0.844 0.861 0.904 0.812 0.845 0.887

w/o DPO 0.848 0.861 0.891 0.801 0.833 0.876

Table 5: Ablation study on the components of DR2.

Based on the results in Table 5, we observe436

the following: 1) The performance gap between437

DR2 and "w/o IQG" demonstrates that the438

generated inverse preference data are essential for439

capturing fine-grained semantic distinctions. 2)440

The further decline in performance from "w/o441

IQG" to "w/o SDE" highlights the necessity of442

semantic distinguishability evaluation; without443

this step, the refinement process is adversely444

affected by confusion pairs unrelated to inherent445

model deficiencies. 3) The comparison between446

"w/o Semantic Evaluation" and "w/o Confusion 447

Summarization" reveals that using all error 448

instances without abstraction impedes the model’s 449

ability to focus on the most frequent and 450

systematic confusion pairs, resulting in diminished 451

performance. 4) Most notably, the largest 452

performance drop occurs in the "w/o DPO" 453

setting, confirming that standard SFT alone is 454

inadequate for addressing the underlying semantic 455

representation deficiencies in LLMs. 456

5.8 Reasoning Precision Improvement 457

Total Hops 1 2 3,4 >=5 avg
EHR

KaeDe 0.716 0.770 0.759 0.679 0.741
MemQ 0.800 0.817 0.828 0.839 0.821
DR2 0.875 0.867 0.866 0.869 0.868
GoldGED

KaeDe 0.157 0.420 0.744 2.078 0.654
MemQ 0.170 0.358 0.659 1.118 0.523
DR2 0.155 0.315 0.619 1.075 0.490

Table 6: Evaluation of edge accuracy (EHR) and search
structure (GoldGED) for DR2 and baselines.

To further investigate the improvement in the 458

model’s reasoning capability, we evaluate the 459

reasoning paths generated by the model against 460

the golden reasoning paths. The evaluation focuses 461

on two key aspects: 1) the accuracy of the edges 462

and 2) the accuracy of the search structure. 463

We use the Edge Hit Rate (EHR) to evaluate 464

the accuracy of edges, which is defined as the 465

proportion of edges in the golden path that are 466

correctly predicted in the predicted path. 467

EHR =
num({r|r ∈ Ppred ∧ r ∈ Pgold})

num({r|r ∈ Pgold})
. (6) 468

We use the Graph Edit Distance (GoldGED) to 469

evaluate the accuracy of the search structure, which 470

is defined as the edit distance between the predicted 471
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path and the golden path. A lower GoldGED472

indicates a higher structural accuracy.473

GoldGED = min
π∈Π(Ppred,Pgold)

num(π). (7)474

The evaluation results are presented in Table 6. In475

the comparison of edge accuracy, DR2 method476

achieves a significantly higher EHR than all477

baseline methods. Moreover, as the complexity of478

the questions increases, the EHR of our method479

remains at a comparable level without a noticeable480

decline, demonstrating its robustness. In the481

comparison of graph structure, our method attains482

a lower GoldGED than baselines, confirming483

that the search graphs generated by our approach484

predicts reasoning path structures more accurately.485

5.9 Error Analysis486

To gain deeper insight into the specific improve-487

ments introduced by our method, we conduct488

a detailed error analysis on both datasets. We489

categorize errors according to the source of490

reasoning confusion: (1) Main Path Confusion,491

where errors occur along the primary reasoning492

path from the starting entity to the answer entity;493

and (2) Filter Path Confusion, which arises from494

the misapplication of filtering constraints.495

Figure 5: Error analysis of main path and filter path
confusion for DR2 and baselines.

As shown in Figure 5, DR2 yields fewer errors496

in both Main Path and Filter Path confusion497

compared to the strong baselines MemQ and498

KaeDe. This demonstrates that the enhanced499

fine-grained semantic discrimination enabled by500

our method effectively reduces core relation501

misidentification and improves the precision of502

constraint application, thereby leading to more503

robust and reliable reasoning.504

5.10 Case study505

We present a case to intuitively demonstrate how506

DR2 enhances deterministic reasoning. As shown507

WebQTest-1370

Question: where did thomas hobbes live?
Golden Path:
Find where *Thomas Hobbes* has lived.

DR2

Generated Path: (P = 97.56%)
Find where *Thomas Hobbes* has lived.

MemQ

Generated Path 1: (P = 51.92%)
Find place of birth of *Thomas Hobbes*.
Generated Path 2: (P = 44.53%)
Find where *Thomas Hobbes* has lived.

Figure 6: Case study comparing the deterministic
reasoning of DR2 and MemQ on a representative query.

in Figure 6, for the query “Where did Thomas 508

Hobbes live?”, the golden reasoning path is “Find 509

the location where Thomas Hobbes has lived". The 510

structural pair “the location where someone has 511

lived” and “the place of birth of someone” was 512

identified as a semantic representation deficiency 513

during diagnosis. In this case, DR2 demonstrates 514

clear deterministic reasoning by assigning a high 515

probability of 97.56% to the correct path, while 516

MemQ exhibits pronounced indecision, assigning 517

51.92% to the incorrect path “Find the place of 518

birth of the person Thomas Hobbes” and 44.53% 519

to the correct one. See more cases in Appendix F. 520

6 Conclusion 521

In this paper, we propose DR2, a novel method that 522

mitigates the key challenge of non-deterministic 523

reasoning in KGQA by diagnosing and rem- 524

edying underlying representation deficiencies. 525

Our approach diagnoses such deficiencies by 526

analyzing the model’s non-deterministic behavior 527

under temperature sampling. These identified 528

deficiencies are remedied by constructing targeted 529

preference data through abductive reasoning- 530

based Preference Learning. Experimental results 531

demonstrate that DR2 has achieved the state-of-the- 532

art performance on WebQSP and CWQ, confirming 533

the effectiveness of diagnosing and remedying 534

representation deficiencies. These results not 535

only demonstrate the practical advantages of 536

our method, but also highlight the fundamental 537

importance of semantic representation robustness 538

in complex reasoning tasks with LLMs. 539

8



Limitation540

Although our proposed DR2 method demonstrates541

strong performance in the KGQA task by542

mitigating the issue of non-deterministic reasoning,543

we acknowledge several limitations in the544

present work that point to directions for future545

improvement:546

1) Dependency on Labeled Data: While547

our proposed DR2 method effectively diagnoses548

representation deficiencies, the process requires a549

substantial amount of labeled data. Specifically,550

identifying deficiencies requires sampling multiple551

reasoning paths for each query and comparing552

them with the annotated path. This reliance on553

annotated data to locate semantic ambiguities limits554

the method’s scalability in low-resource scenarios.555

In future work, we will explore pathways to556

detect representation deficiencies directly from all557

relations in the knowledge graph, thereby reducing558

the reliance on labeled data and enabling a more559

automated diagnosis.560

2) Limited Validation on Task Generalization:561

Our current work evaluates the proposed diagnostic562

and remediation method primarily within the563

KGQA task, which validates its capability to564

resolve semantic ambiguities in this setting.565

However, its effectiveness on other tasks where566

LLMs exhibit similar representation deficiencies567

remains unexplored. For instance, in tasks568

like Code Generation, Relation Extraction and569

Sentiment Analysis, models may also struggle570

with semantically similar options, leading to non-571

deterministic reasoning. It remains an open572

question whether the proposed deficiency diagnosis573

and remediation method can transfer to these tasks.574

In future work, we will explore the adaptability of575

our approach across a wider range of tasks.576
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A Error Analysis of MemQ790

In order to understand the limitations of the strong791

baseline method MemQ, we conducted a manual792

error analysis on its incorrect predictions within793

the first 500 samples of WebQSP dataset. The794

observed errors are systematically categorized795

into four primary types: 1) Relation Confusion.796

It predicts a knowledge graph relation that is797

semantically related to the correct one; 2) Rare798

Relation. The target relation is highly sparse799

or unseen in the training data; 3) Constraint800

Violation. It incorrectly filters out valid answers801

by over-applying constraints; 4) Query Ambiguity.802

The input natural language query is ambiguous or803

underspecified. As illustrated in Figure 7, Relation804

Confusion is the most prevalent failure, accounting805

for 53% of the analyzed errors. This suggests that806

the model’s primary weakness lies in distinguishing807

between semantically similar relations.808

B Limitation of SFT809

To empirically investigate the limitations of810

supervised fine-tuning (SFT) in discriminating811

closely related relations, we design a controlled812

experiment. We construct a dedicated dataset813

Figure 7: Error Analysis of MemQ.

where, for each query, the golden reasoning path 814

must be exactly one of the two semantically 815

similar relations: "language spoken" or "official 816

language". This setup isolates the model’s ability 817

to discriminate between easily confusable relations 818

without interference from other error types. 819

We randomly split this dedicated dataset into 820

training and test sets, with the results shown 821

in Figure 8. The performance is measured by 822

the average probability it assigns to generating 823

the correct golden reasoning path. Although the 824

SFT model achieves near-perfect accuracy on the 825

training set, its performance drops to 75% on the 826

test set. This discrepancy indicates that the SFT 827

objective leads the model to primarily memorize 828

surface patterns rather than learn to discriminate 829

between closely related relations. 830

C Evaluation Metrics 831

In this section, we present the mathematical 832

formulations and explanations for the primary 833

metrics used in our evaluation. All reported results 834

are averaged values. 835

Hits@1. Hits@1 quantifies the proportion of 836

questions for which the top-ranked answer in the 837

model’s output is correct. Let Answer represent 838

the list of predicted answers, Golden denote the 839

list of ground truth answers, and total represent 840

the total number of questions in the dataset. The 841

formula of Hits@1 is defined as follows: 842

Hits@1 =
count(Answer[0] ∈ Golden)

total
. (8) 843

Hits. The Hits metric measures whether any of the 844

model’s predicted answers is present in the set of 845
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Figure 8: Limitation of SFT.

ground truth answers. It is formulated as:846

Hits =
count(Answer ∩Golden ̸= ∅)

total
. (9)847

Unlike Hits@1, which is a stricter measure848

requiring the first prediction to be correct, Hits849

considers the prediction successful if any of the850

returned answers matches a golden answer.851

F1. The F1 score provides a balanced measure of852

the model’s overall answer quality by considering853

both precision and recall. We report the overall854

F1 score. This is calculated by first averaging the855

precision and recall values across all samples and856

then computing the F1 score based on them.857

D Prompt Templates858

The prompt templates used in our experiments are859

detailed below. We design two specific templates:860

one for the Semantic Distinguishability Evaluation861

(see Table 8) and another for the Inverse Question862

Generation via abductive reasoning (see Table 9).863

E Further Representation Analysis864

We provide additional evidence to illustrate865

how DR2 mitigates representation deficiencies.866

This appendix presents extended analyses and867

visualizations on the identified defect set TDefect,868

comparing the internal representations of DR2869

against those of the MemQ baseline. Figure 11870

further demonstrate DR2’s effectiveness in separat-871

ing previously confused relations.872

Compared to MemQ, DR2 consistently produces873

more distinct and better-separated representation874

clusters for the two reasoning structures within875

each confusable pair, with a clearer boundary876

between them. This clear separation observed in 877

the visualizations is supported by the quantitative 878

results. For every defect pair examined, DR2 879

achieves a significantly higher Separability Score 880

(SepSc) than MemQ. This combined evidence 881

robustly demonstrates that our method effectively 882

enhances the model’s ability to discriminate be- 883

tween previously confusable reasoning structures. 884

F Extended Case Studies 885

To further illustrate how DR2 enhances determin- 886

istic reasoning, we present the following extended 887

case studies. 888

In Figure 9, the query is “what country 889

does rafael nadal play for?”. The baseline 890

SFT method (MemQ) exhibits confusion among 891

multiple semantically related knowledge graph 892

relations: “nationality of the person someone”, 893

“the country of which someone is a notable person”, 894

and “the country of the country where someone 895

has lived”. exhibiting non-deterministic reasoning. 896

In contrast, DR2 maintains deterministic and 897

correct reasoning reasoning, successfully selecting 898

the precise relation “nationality of the person 899

someone”. This case highlights DR2’s enhanced 900

ability to resolve multi-relation confusion through 901

improved semantic discrimination. 902

In Figure 10, the query is “what region of the 903

world is egypt associated with?”. Although the 904

baseline MemQ correctly predicts the relation ”the 905

location that contains somewhere“, it fails to apply 906

the necessary constraint filtering for the "notable 907

type". In contrast, DR2 accurately perceives 908

the contextual cue “region” in the query and 909

accordingly applies the necessary "notable type" 910
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constraint during reasoning. This demonstrates911

DR2’s enhanced ability to handle constraint-aware912

reasoning, effectively resolving relation confusion913

that arises within filtering constraints.914

G Details of Datasets915

In this section, we provide details about the datasets916

utilized in this paper in Table 7. Both datasets are917

publicly available and pose no security or privacy918

concerns.919

Dataset Train Test
WebQSP 3098 1639
CWQ 27639 3531

Table 7: Details about datasets.

H Use of AI in Writing920

During the writing process, AI assistants were ex-921

clusively used for text editing purposes, including922

grammar correction and wording refinement.923
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WebQTest-1770

Question: what country does rafael nadal play for?
Golden Reasoning Path:
Step1: Find the nationality of the person *Rafael Nadal*, assign it to ?x.
Step2: Make sure ?x should not be *Rafael Nadal*.
Finally the answer is ?x.

DR2

Generated Reasoning Path: (P = 99.56%)
Step1: Find the nationality of the person *Rafael Nadal*, assign it to ?x.
Step2: Make sure ?x should not be *Rafael Nadal*.
Finally the answer is ?x.

MemQ

Generated Reasoning Path 1: (P = 53.17%)
Step1: Find the nationality of the person *Rafael Nadal*, assign it to ?x.
Step2: Make sure ?x should not be *Rafael Nadal*.
Finally the answer is ?x.
Generated Reasoning Path 2: (P = 27.90%)
Step1: Find the country of which *Rafael Nadal* is a notable person, assign it to ?x.
Step2: Make sure ?x should not be *Rafael Nadal*.
Finally the answer is ?x.
Generated Reasoning Path 3: (P = 8.31%)
Step1: Find the country of the country where *Rafael Nadal* has lived, assign it to ?x.
Step2: Make sure ?x should not be *Rafael Nadal*.
Finally the answer is ?x.

Figure 9: Compare a case of DR2 and MemQ.

WebQTest-376

Question: what region of the world is egypt associated with?
Golden Reasoning Path:
Step1: Find the location that contains *Egypt*, assign it to ?x.
Step2: Make sure ?x should not be *Egypt*.
Step3: Find the notable type of the topic ?x, assign it to ?notable_types.
Step4: Make sure ?notable_types should be *Region*.
Finally the answer is ?x.

DR2

Generated Reasoning Path: (P = 95.66%)
Step1: Find the location that contains *Egypt*, assign it to ?x.
Step2: Make sure ?x should not be *Egypt*.
Step3: Find the notable type of the topic ?x, assign it to ?notable_types.
Step4: Make sure ?notable_types should be *Region*.
Finally the answer is ?x.

MemQ

Generated Reasoning Path 1: (P = 79.83%)
Step1: Find the location that contains *Egypt*, assign it to ?x.
Step2: Make sure ?x should not be *Egypt*.
Finally the answer is ?x.
Generated Reasoning Path 2: (P = 13.18%)
Step1: Find the location that contains *Egypt*, assign it to ?x.
Step2: Make sure ?x should not be *Egypt*.
Step3: Find the notable type of the topic ?x, assign it to ?notable_types.
Step4: Make sure ?notable_types should be *Region*.
Finally the answer is ?x.

Figure 10: Compare a case of DR2 and MemQ.
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Semantic Distinguishability Evaluation
You are given two groups of questions:
# Group1:
## Grou1 Hints: {group1_structure}
## Group1 Questions:
{group1_question1}
{group1_question2}
{group1_question3}
{group1_question4}
# Group2:
## Group2 Hints: {group2_structure}
## Group2 Questions:
{group2_question1}
{group2_question2}
{group2_question3}
{group2_question4}
Here is another question, your task is to classify it into either Group1 or Group2.
Respond strictly with either "Group1" or "Group2". Do not provide any explanations or other text.
Question:
question

Table 8: Semantic Distinguishability Evaluation

Inverse Question Generation
Based on the examples below, generate ONLY the natural language question based on the provided
Entity and its Search Plan. The question should accurately reflect the search intent, mimicking
the style and phrasing of the examples provided below.
Output NOTHING BUT the Question itself.
Here are the examples:
# EXAMPLE1
## Entity: {topic_entity1}
## Search Plan: {golden_plan1}
## Question: {question1}
# EXAMPLE2
## Entity: {topic_entity2}
## Search Plan: {golden_plan2}
## Question: {question2}
# EXAMPLE3
## Entity: {topic_entity3}
## Search Plan: {golden_plan3}
## Question: {question3}
# Your Task:
## Entity: {topic_entity}
## Search Plan: {generated_plan}
## Question:

Table 9: Inverse Question Generation
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Figure 11: Further Representation Analysis.
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