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Abstract001

The Retrieval-augmented generation (RAG)002
system based on Large language model003
(LLM) has made significant progress. It can004
effectively reduce factuality hallucinations,005
but faithfulness hallucinations still exist.006
Previous methods for detecting faithfulness007
hallucinations either neglect to capture the008
models’ internal reasoning processes or handle009
those features coarsely, making it difficult for010
discriminators to learn. This paper proposes a011
semantic-level internal reasoning graph-based012
method for detecting faithfulness hallucination.013
Specifically, we first extend the layer-wise014
relevance propagation algorithm from the015
token level to the semantic level, constructing016
an internal reasoning graph based on attribu-017
tion vectors. This provides a more faithful018
semantic-level representation of dependency.019
Furthermore, we design a general framework020
based on a small pre-trained language model021
to utilize the dependencies in LLM’s reasoning022
for training and hallucination detection, which023
can dynamically adjust the pass rate of correct024
samples through a threshold. Experimental025
results demonstrate that our method achieves026
better overall performance compared to027
state-of-the-art baselines on RAGTruth and028
Dolly-15k. Implementation available here:029
https://anonymous.4open.science/r/SIRG-030
1022.031

1 Introduction032

LLMs easily generate grammatically coherent but033

factually incorrect outputs, a phenomenon com-034

monly referred to as “hallucination” (Mishra et al.;035

Zhang et al., 2024; Li et al., 2023). Post-learning036

for downstream tasks or introducing the RAG sys-037

tem (Lewis et al., 2020) can mitigate the factuality038

hallucinations to some extent, which refer to the039

tendency of LLMs to produce outputs that are in-040

consistent with real-world facts. However, due041

to the inherent knowledge bias of the internal pa-042

rameters of LLMs, the generated content of RAG043
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Figure 1: Example of a semantic-level internal reason-
ing graph. Yellow nodes represent contextual semantic
fragments, blue nodes represent semantic fragments of
the model’s response, and the weight on the edge in-
dicates the contribution degree of the source semantic
fragment to the target (with an upper boundary of 1).
The dashed box indicates a hallucinated semantic frag-
ment.

may be inconsistent with the context provided by 044

users (Lyu et al., 2024), leading to faithfulness 045

hallucinations. He et al. (2022) has found that 046

faithfulness hallucinations arise primarily from the 047

inconsistency between LLMs’ word-level output 048

and true thought process, meaning that LLMs only 049

utilize surface knowledge, such as entity popular- 050

ity (Lehmann et al., 2025), during reasoning. 051

To detect faithfulness hallucinations, both Man- 052

akul et al. (2023) and Zhao and Zhang (2025) pro- 053

pose post-processing methods with LLMs. How- 054

ever, multiple invocations of the LLM system can 055

lead to significant resource consumption and am- 056

plification of model bias. Other scholars (Chen 057

et al., 2025; Wu et al., 2024; Burns et al., 2022) 058

assess hallucinations based on the internal embed- 059

ding of the model, which often relies on heuristic 060

discrimination trained on these abstract features, 061

resulting in poor interpretability. Hu et al. (2024); 062

Chuang et al. (2024) detect hallucinations from the 063

perspective of output attribution, but their direct ac- 064

cumulation of all token-level attribution vectors for 065

LLMs’ responses will introduce substantial noise 066
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(as shown in Appendix A).067

To better explain the origin of faithfulness hallu-068

cinations, motivated by Phukan et al. (2024), we di-069

vide the tokens generated during the autoregressive070

reasoning of LLMs into linking and substantive to-071

kens. Unlike the original concept, we define linking072

tokens as non-substantive text in LLM-generated073

responses that serve to connect contextual infor-074

mation, whereas substantive tokens refer to text075

that utilizes the contextual information provided076

by users and reflects the semantic content of the077

responses. We consider that hallucinations origi-078

nate from LLM mistakenly generating substan-079

tive tokens as linking, which manifests on the080

surface as generation based on entity popularity.081

Visual analysis from the perspective of attribution082

score distribution can reveal which substantive to-083

kens LLMs treat as linking tokens, and these dif-084

ferences are difficult to detect from a human per-085

spective because of semantic drift. Specifically,086

linking tokens rely more on words generated ear-087

lier within the same sentence, whereas substantive088

tokens also depend on words in the long-distance089

context (detailed in Appendix B).090

Since faithfulness hallucinations typically occur091

at the semantic level, we extend the aforementioned092

concepts to this level and detect faithfulness hallu-093

cinations by our proposed semantic-level internal094

inference graphs, which can faithfully construct095

the dependency of the linking and substantive frag-096

ments. Specifically, we first employ Layer-wise097

relevance propagation (LRP) to calculate the score098

vector attributed to each token during the autore-099

gressive process. This attribution method, which100

utilizes internal model parameters and predefined101

rules, faithfully reflects the true computational pro-102

cess within the model. According to the token-level103

attribution vectors, we model the attribution rela-104

tionship between contextual semantic fragments105

and those of LLM’s response, forming the internal106

reasoning graph, as illustrated in Fig. 1. We can107

observe that the semantic fragments with halluci-108

nations assign higher attribution scores to previ-109

ously generated semantic fragments in the model’s110

autoregressive reasoning, while showing weaker111

dependency on the context provided by the user.112

LLM mistakenly treats substantive fragments as113

linking during the reasoning process, leading to the114

hallucination phenomenon.115

Based on the above observation, we linearize116

each response node and attribution dependency in117

the internal reasoning graph, concatenate them into118

a prompt, and input it to downstream pretrained 119

language models (PLM) for fine-tuning in binary 120

classification tasks. In the hallucination detection 121

phase, we determine hallucination based on the bi- 122

nary classification label distribution of all semantic 123

fragments in the LLM-generated text. The entire 124

process relies solely on the model with a small 125

number of parameters. 126

In summary, our contributions mainly include: 127

• We extend token-level LRP to the semantic 128

level and propose a method for construct- 129

ing semantic-level internal reasoning graph 130

of LLMs. 131

• We analyze faithfulness hallucinations from 132

the distribution differences between linking 133

and substantive fragments and utilize internal 134

reasoning graphs to detect them. 135

• The experimental results on two general 136

datasets demonstrate that the performance of 137

our framework surpasses previous baselines. 138

2 Related Work 139

Hallucination Detection LLMs often produce 140

content that is grammatically correct but semanti- 141

cally conflicts with real-world or contextual knowl- 142

edge, known as hallucinations (Huang et al., 2025). 143

Hallucinations widely exist in downstream rea- 144

soning (Vu et al., 2024; Li et al., 2024). Ex- 145

isting hallucination detection methods mainly in- 146

clude: (1) LLMs-based post-verification methods, 147

which detect hallucinations by using multi-agent 148

systems (Nguyen et al., 2025), multiple rounds 149

of self-criticism (Mündler et al., 2024), or consis- 150

tency of multiple generations (Kuhn et al.); (2) 151

representation-based methods, which identify ab- 152

normal states through model hidden states (Bhatia 153

et al., 2025), outputs of attention modules (Simhi 154

et al., 2024), semantic alignment rates (Huang et al., 155

2023), etc.; (3) task-specific methods, including 156

fine-tuning (Bergeron et al., 2025) or designing 157

task-specific features (Guerreiro et al., 2023). Most 158

of the aforementioned methods rely on explicit rea- 159

soning or uninterpretable feature spaces, which 160

may fail to detect semantic biases within the model. 161

Our framework focuses more on faithfully model- 162

ing the true reasoning dependencies within LLMs 163

and training a lightweight detector based on them. 164

Faithful Attribution Our method, grounded in 165

additive interpretability theory (Agarwal et al., 166
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2021), decomposes model predictions into a sum167

of contributions from each input, analyzing the sig-168

nificance of source tokens to target tokens based169

on contribution scores. Perturbation-based method170

is the most classic attribution algorithm, including171

SHAP (Lundberg and Lee, 2017), LIME (Ribeiro172

et al., 2016), AtMan (Deiseroth et al., 2023), etc.173

These methods exhibit significant computational174

complexity in the application of LLMs. For the175

transformer architecture, some scholars utilize at-176

tention mechanisms (Abnar and Zuidema, 2020;177

Chefer et al., 2021) to capture causal relationships.178

However, these methods lack category specificity179

and cannot faithfully interpret the final predictions.180

Based on an improved backpropagation method,181

the propagation rules are customized between lay-182

ers to trace back from the model output to the in-183

put. Classic methods include Input × Gradient (Si-184

monyan et al., 2013), LRP (Bach et al., 2015; Voita185

et al., 2021), SmoothGrad (Smilkov et al., 2017),186

etc. AttenLRP (Achtibat et al., 2024) employed in187

this paper is an improved backpropagation method188

that can effectively handle nonlinear relationships.189

3 Methodology190

3.1 Task Formulation191

Let D = (Qi, Ai)
|D|
i=1 denote a RAG dataset consist-192

ing of |D| samples, where each sample pair com-193

prises a user query Qi and its corresponding answer194

Ai. Each answer is based on contexts retrieved195

from a knowledge base C = {Cj}|C|j=1, where Cj196

represents a text block. Given a question Qi, a re-197

trieval model parameterized by ϕ first retrieves the198

most relevant text blocks from C to form a prompt,199

which is then input into a generative model pa-200

rameterized by θ to generate the answer Ai. The201

complete process of RAG is defined as follows:202

P (Ai|Qi) = Pϕ(Cj |Qi)Pθ(Ai|Qi, Cj)

Pθ(Ai|Qi, Cj) =
n∏

k=1

Pθ(ak|a1, · · · , ak−1;Cj ;Qi)

(1)

203

where n is the total number of tokens in the target204

answer Ai. We introduce a discriminator param-205

eterized by γ to determine whether Ai contains206

hallucinations:207

P (Li|Qi, Cj) = Pθ(Ai|Qi, Cj)Pγ(Li|Qi, Cj , Ai)
(2)208

where label Li indicates whether the sample ex- 209

hibits hallucinations. The framework of our 210

method is shown in Fig. 2. 211

3.2 Contribution Score Calculation 212

The LRP algorithm is used to calculate the contri- 213

bution score. The basic assumption of LRP is that 214

a function fj with N input features x = {xi}Ni−1 215

can be decomposed into independent contributions 216

of a single input variable Ri←j , representing the 217

amount of output j that can be attributed to input 218

i. When these contributions are added up, they are 219

proportional to the original function value. 220

fj(x) ∝ Rj =

N∑
i

Ri←j (3) 221

The decomposition property of LRP leads to an 222

important conservation property (Achtibat et al., 223

2024), which ensures that the sum of all contribu- 224

tion scores in each layer remains constant. This 225

feature allows for meaningful and faithful attribu- 226

tion, as the scale of each contribution score can be 227

associated with the output of the original function. 228

In the generation stage, when generating each 229

token ak, the generator simultaneously outputs a 230

correlation vector r⃗k based on internal gradients 231

and predefined LRP rules (see Appendix C for de- 232

tails), which is used to quantify the correlation 233

between ak and each contextual token Cj . By ag- 234

gregating all correlation scores r⃗k of a token during 235

the generation process, we can obtain a correlation 236

matrix Ri. 237

3.3 Internal Reasoning Graph Construction 238

Due to potential semantic biases in the model dur- 239

ing training, which is caused by the solidification of 240

pre-trained corpora and the prejudice of the model, 241

the semantic meaning of certain words understood 242

by LLMs may differ from their meaning in the 243

real world. This results in a gap between the rea- 244

soning process understood by humans based on 245

chain-of-thought and the reasoning process actu- 246

ally intended by LLMs. That is, there are some 247

thinking outputs that cater to human preferences, 248

while the model’s true reasoning process does not 249

rely on these thinking outputs or follow thinking 250

shortcuts. The correlation matrix Ri calculated in 251

the previous step using the LRP is a token-level 252

attribution matrix that is faithful to the internal 253

reasoning process of the model. Therefore, the in- 254

ternal reasoning graph constructed based on Ri can 255
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Figure 2: The framework of our method. LRP is first applied to derive a relevance distribution Ri based on the
parameters of the LLM. Based on Ri of entities and semantic fragments of input and output content, a semantic-level
internal reasoning graph of LLMs is constructed. Subsequently, a PLM is used to determine whether each fragment
exhibits semantic conflicts or omissions. Finally, the degree of hallucination occurring in the reasoning graph units
is used to determine whether the model’s overall response exhibits hallucinations.

faithfully reflect which contextual semantic frag-256

ments a certain semantic fragment originates from257

during the internal inference of the model.258

We first recursively use “\n” and sentence tool259

of Spacy to segment the input context into indi-260

vidual semantic fragments, thereby obtaining a261

set Sc = {sc,1, sc,2, · · · }, where each sc,i repre-262

sents the ith semantic fragment in that context.263

For the model’s output, we similarly use “\n” to264

segment, obtaining a set of semantic fragments265

Sa = {sa,1, sa,2, · · · } contained in one response266

from the model. The union of these semantic frag-267

ments, denoted as S = Sc ∪ Sa, serves as the node268

set of the model’s internal reasoning graph, that is,269

the set of atomic steps for model inference.270

As mentioned above, the text within a seman-271

tic fragment includes both linking content used to272

connect contexts and make them grammatically273

correct, and substantive content that specifically274

reflects the actual meaning and thought expressed275

in the text. When calculating attribution at the frag-276

ment level based on LRP, the attribution scores277

calculated for these linking fragments introduce a278

significant amount of noise. To distinguish between279

semantic fragments that contain rich semantic infor-280

mation and meaningless content, we use a general281

named entity extraction tool (Spacy and Stanze)282

to extract entities from the document to the great- 283

est extent possible. The extracted content includes 284

nouns, verbs, noun phrases, negation words, and 285

named entities, which can maximize the reflection 286

of the semantic meaning expressed in the text while 287

filtering out linking content. The set of extracted 288

results, after removing duplicates, is considered the 289

core content E = {e1, e2, · · · } that expresses se- 290

mantic information in the text. Finally, by mapping 291

the set E to each element in the semantic fragment 292

set S, we can obtain the subset of actual meaning 293

Esi = {e} contained in each semantic fragment. 294

In each target semantic fragment si, we only se- 295

lect tokens contained in Esi to calculate its attribu- 296

tion vector relative to the preceding text. Then, we 297

average all the selected correlation vectors element 298

by element to obtain the token-level attribution vec- 299

tor of the semantic segment relative to the preced- 300

ing text. For the attributed semantic fragment sj in 301

the preceding text, we select the maximum value 302

of tokens contained in Esj in the attribution vector 303

of si as the score of si’s attribution to sj . When 304

attributing, si often only attaches to a small number 305

of tokens with actual meaning in the preceding text. 306

Using an average function can dilute the high cor- 307

relation information in sj due to fragment length. 308

Therefore, we use a maximum function to aggre- 309
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gate the correlation vectors:310

Wsa,i,s∗,j =



max
w∈sc,j

(
1

|Esa,i |
∑

e∈Esa,i

r⃗e,w)

sa,i ∈ Sa, sc,j ∈ Sc

max
w∈sa,j

(
1

|Esa,i |
∑

e∈Esa,i

r⃗e,w)

sa,i, sa,j ∈ Sa, i > j

0 sa,i, sa,j ∈ Sa, i ≤ j

(4)311

where r⃗e,w represents the element associated with312

token w in the vector corresponding to entity e in313

the matrix Ri. If the entity consists of multiple314

tokens, the average of the vectors corresponding315

to these multiple entities is taken. Through this316

step, we can obtain the semantic-level correlation317

matrix W ∈ Rna×(nc+na), where each element318

Wi,j represents the influence degree of the jth se-319

mantic fragment on the ith. As shown in Fig. 2,320

since subsequent semantic segments do not have321

an attributive influence on preceding semantic seg-322

ments, this matrix is a lower triangular matrix from323

column na to column nc + na.324

The internal reasoning graph G = {V,E} is325

a directed graph that faithfully reflects the depen-326

dency relationships between semantic fragments327

during the internal inference process of the model.328

The nodes of the graph, V = Sc ∪ Sa, represent329

the semantic fragments obtained from the previous330

context. The edges are associated through the at-331

tribution scores between semantic fragments. The332

weight of each edge is the normalized attribution333

score. Based on the semantic-level correlation ma-334

trix, we propose two methods for constructing intra-335

inference graphs:336

Top k method This strategy first ranks the at-337

tribution scores calculated for the target semantic338

fragments from highest to lowest, then selects the339

top k fragments as the source, and inserts edges340

from the source to the target semantic fragments in341

the graph. The set of incoming edges for node sa,j342

can be represented as:343

Ea,j = {(s∗,i, sa,j)|Topk(Wsa,j ,s∗,i), s∗,i ∈ V }
(5)344

Adaptive Method The distribution of attribution345

scores calculated often exhibits a long-tail char-346

acteristic. To select edges adaptively, we arrange347

the attribution scores in descending order and cal-348

culate the discrete gradient of the sequence. The349

maximum discrete gradient point is used to distin- 350

guish between important and unimportant source 351

semantic fragments. Assuming that v1 ≥ v2 ≥ 352

· · · ≥ vnc+na is the non-increasing ordering of 353

elements in Wsa,i , where each v1 is mapped one-to- 354

one with s∗,i using the function f(·), then the set 355

of incoming edges for node sa,j can be represented 356

as follows: 357

m = arg max
1≤i≤nc+na−1

(Wsa,j ,f(vi) −Wsa,j ,f(vi+1))

Ea,j = {(s∗,i, sa,j)|s∗,i ∈ f(vk), 1 ≤ k ≤ m}
(6)

358

The union of the incident edge sets of all nodes 359

forms the edge set E = {Ea,j |1 ≤ j ≤ na}. 360

3.4 Hallucination Discrimination 361

As depicted in Fig. 1, in the attribution nodes of 362

hallucinated semantic fragments, a higher propor- 363

tion of attribution is allocated to the previous se- 364

mantic fragment answered by the model; whereas 365

the attribution nodes of non-hallucinated semantic 366

fragments tend to be more related to the contex- 367

tual corpus provided by the user, indicating that 368

they are more faithful to the context provided by 369

humans. Therefore, an important reason for the 370

occurrence of hallucination is that the model treats 371

the next generated semantic fragment as linking 372

content, rather than as substantive content. 373

To enable the model to discover the attribution 374

distribution differences and semantic differences 375

in these contextual dependencies, we linearize the 376

inference graph into multiple semantic combina- 377

tions. Specifically, for each semantic fragment sa,j 378

answered by the model, we concatenate all its in- 379

coming edges to form a prompt, and feed it into 380

a pre-trained language model (PLM) to obtain the 381

label la,j : 382

la,j = PLM({s∗,i|s∗,i ∈ Ea,j} ⊕ sa,j) (7) 383

In this paper, we utilize the ALIGNSCORE (Zha 384

et al., 2023), which is based on the RoBERTa archi- 385

tecture (Liu et al., 2019), as the PLM for training, 386

and employ its binary classification inference head 387

for hallucination discrimination. ALIGNSCORE 388

has undergone pretraining on a vast amount of data, 389

focusing on the degree of information alignment 390

between two arbitrary segments. Therefore, by 391

simply fine-tuning it with the downstream cross- 392

entropy loss function, it can exhibit strong halluci- 393

nation detection capabilities. Ultimately, we em- 394

ploy a flexible threshold α to determine whether 395
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the entire model response exhibits hallucinations.396

If the proportion of semantic fragments containing397

hallucinations in the model response exceeds α,398

then the model response is considered to exhibit399

hallucinations. Formally, it can be expressed as400

follows:401

la = I[
∑na

j=1 I[la,j = 0]

na
≤ α] (8)402

where I denotes an indicator function. This pa-403

per aligns with previous research, where la = 1404

signifies a correct model response, indicating the405

absence of hallucination, and la = 0 denotes an406

incorrect model response, indicating the presence407

of hallucination. When α = 0, it means that any408

semantic fragment in the model response that is409

suspected of being hallucinatory will result in the410

entire response being classified as hallucination. In411

practice, the value of α can be adjusted based on412

the required level of model reliability for specific413

scenarios.414

4 Experiments415

4.1 Datasets416

We conducted experiments using RAGTruth (Niu417

et al., 2024) and Dolly-15k (Conover et al., 2023).418

RAGTruth is a manually annotated RAG sample419

set generated by various LLMs. The Llama-7B420

part we used contains 510 hallucination samples421

and 479 normal samples, while the Llama-13B part422

contains 399 hallucination samples and 590 nor-423

mal samples. Dolly-15k is a large model question-424

answering dataset covering multiple scenarios. We425

only used the closed question-answering scenar-426

ios oriented towards the RAG framework and fil-427

tered out samples with empty contexts. Consistent428

with Hu et al. (2024), GPT-4 is used to compare429

model outputs with standard answers to annotate430

the dataset.431

4.2 Baselines432

Detailed implementation of our method (SIRG) is433

provided in the Appendix D. We compare SIRG434

with the following baselines:435

Prompt (Niu et al., 2024) Through prompt engi-436

neering, we manually design LLM (Llama-7b and437

GPT-3.5-turbo) prompts to identify hallucinations.438

SelfCheckGPT (Manakul et al., 2023) Self-439

CheckGPT is employed to assess the consistency440

between sampled responses, calculating the proba-441

bility of hallucination.442

Fine-tune (Niu et al., 2024) We fine-tune Llama- 443

7b and Qwen-7b on the corresponding dataset to 444

detect hallucinations. 445

EigenScore (Chen et al., 2024) This method uti- 446

lizes the eigenvalues of the response covariance 447

matrix to measure semantic consistency in the em- 448

bedding space. 449

SEP (Kossen et al., 2024) A linear probe trained 450

on the hidden states of LLMs is utilized to detect 451

hallucinations. 452

LRP4RAG (Hu et al., 2024) This is a method 453

based on LRP, which directly feeds the contribution 454

scores to SVM classifiers or LLMs for hallucina- 455

tion detection. 456

4.3 Main Results 457

We employ 3 evaluation metrics to compare SIRG 458

with 9 state-of-the-art baselines on RAGTruth and 459

Dolly-15k, with some results directly sourced from 460

Hu et al. (2024). 461

Table 1 shows the comparison results on 462

RAGTruth. SIRG has strong performance across 463

all metrics, even outperforming high-resource- 464

consumption methods such as LLMs fine-tuning. 465

On RAGTruthLlama-7B and RAGTruthLlama-13B, 466

SIRG ranks first with the highest F1, achieving im- 467

provements of 3.07% and 5.78% over the currently 468

most advanced methods respectively. Prompt- 469

based and self-validation-based methods (Self- 470

CheckGPT) rely on pre-trained LLMs by design- 471

ing prompts to enable single or multiple rounds of 472

self-correction, which makes them highly unsta- 473

ble. Switching LLMs or prompts can significantly 474

impact downstream tasks. For example, using dif- 475

ferent prompts with the same gpt-3.5-turbo resulted 476

in a 44.89% difference in recall. Although gpt-3.5- 477

turbo achieves 92.54% recall in the SelfCheckGPT 478

framework, its precision drops to 53.27%, indi- 479

cating that LLMs blindly classify most samples 480

as correct. This demonstrates that relying solely 481

on pre-training knowledge is insufficient for accu- 482

rate hallucination detection. The Fintune approach 483

trains LLMs using specific RAGTruth data samples, 484

yet its average performance remains only 62.74% 485

and 36.75%. We attribute this to the insufficient 486

training data scale, which may inadvertently dis- 487

rupt the general knowledge acquired through fine- 488

tuning. Consequently, the fine-tuning outcomes are 489

inferior to those of direct Prompt-based methods. 490

Both EigenScore and SEP are methods based on 491
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Model Precision Recall F1

RAGTruthLlama-7B

Promptllama-7b 52.64% 76.08% 62.23%
Promptgpt-3.5-turbo 56.91% 47.65% 51.87%

SelfCheckGPTllama-7b 53.32% 83.53% 65.09%
SelfCheckGPTgpt-3.5-turbo 53.27% 92.54% 67.62%
Fintunellama-7b 62.50% 65.75% 63.58%
Fintuneqwen2-7b 61.76% 64.34% 61.90%
EigenScore − 74.69% 66.82%
SEP − 74.77% 66.27%
LRP4RAGLLM 71.18% 75.78% 73.54%

SIRG (Ours) 73.64% 79.83% 76.61%

RAGTruthLlama-13B

Promptllama-7b 41.02% 56.64% 47.58%
Promptgpt-3.5-turbo 47.58% 44.36% 45.91%

SelfCheckGPTllama-7b 43.66% 75.94% 55.44%
SelfCheckGPTgpt-3.5-turbo 43.01% 89.47% 58.10%
Fintunellama-7b 62.50% 27.92% 37.62%
Fintuneqwen2-7b 63.55% 25.93% 35.89%
EigenScore − 67.15% 66.37%
SEP − 65.80% 71.59%
LRP4RAGLLM 77.14% 74.58% 75.86%

SIRG (Ours) 78.48% 85.51% 81.84%

Table 1: Overall precision, recall, and F1-score on
RAGTruth with Llama-7B and Llama-13B.

vector space discriminators that lack direct contex-492

tual semantic information, making it difficult to493

adequately identify hallucination. LRP4RAG em-494

ploys token-level aggregation of attribution vectors495

generated by the LRP algorithm to derive contex-496

tual relevance for model responses, representing a497

coarse-grained approach. This method introduces498

excessive noise of linking text, resulting in sub-499

optimal performance during classifier training or500

discriminative tasks using LLMs. Our approach501

also employs the LRP algorithm, but it enhances502

the processing of substantive information in re-503

sponse texts by filtering out semantic noise and504

formally modeling it as a reasoning graph. This505

facilitates easier training of the downstream dis-506

criminator while helping humans understand the507

decision-making process of LLMs. See Fig.9 in508

Appendix B for details of the example.509

Table 2 presents the comparative results of510

the Dolly-15k dataset. For the threshold-based511

benchmark model, we provide its optimal thresh-512

old parameters. Since the content generated513

by the LLM each time is random, fine-tuning514

to fit fixed responses is pointless in this sce-515

nario. On DollyQwen2.5-3B and DollyQwen2.5-7B,516

SIRG achieved F1 scores of 82.17% and 89.17%517

respectively, surpassing the state-of-the-art method518

Model Precision Recall F1

DollyQwen2.5-3B

Prompt 58.41% 24.98% 34.99%
SelfCheckGPT 67.32% 32.47% 43.88%
EigenScore 68.88% 64.58% 66.66%
SEP 77.94% 79.19% 78.56%
LRP4RAGLLM 80.55% 82.91% 81.71%

SIRG (Ours) 72.10% 95.49% 82.17%

DollyQwen2.5-7B

Prompt 61.46% 47.23% 53.36%
SelfCheckGPT 67.32% 32.47% 43.88%
EigenScore 58.57% 70.03% 63.79%
SEP 76.36% 77.59% 76.97%
LRP4RAGLLM 79.60% 82.20% 80.80%

SIRG (Ours) 84.21% 96.00% 89.71%

Table 2: Overall precision, recall, and F1-score on
Dolly-15k with Qwen2.5-3B and Qwen2.5-7B.

LRP4RAG. Due to the more unstable response of 519

Qwen2.5-3B compared to Qwen2.5-7B, SIRG per- 520

forms better on Qwen2.5-7B than on Qwen2.5-3B. 521

4.4 Faithfulness of LRP-based Internal 522

Reasoning Graph 523

To verify the faithfulness of the internal inference 524

graph constructed by SIRG, the same perturbation 525

tests as (Bakish et al., 2025) are employed (detailed 526

in Appendix E). 527

We implement token-level blocking of semantic 528

fragments in ten sequential steps based on their 529

relevance, with results presented in Fig. 3. When 530

adding the semantic fragment deemed most rele- 531

vant by LRP, the most significant changes are ob- 532

served in the decrease of (y0−yp)
2 and the increase 533

of loghtsk, indicating that this semantic fragment 534

plays a pivotal role in LLM’s computational pro- 535

cess. After pruning semantic fragments based on 536

relevance scores, those with lower relevance to the 537

target exhibit negligible impact on both (y0 − yp)
2 538

and loghtsk, whereas highly relevant fragments 539

demonstrate substantial effects post-pruning. This 540

shows that our algorithm can effectively identify 541

the source semantic fragment, which has a signifi- 542

cant impact on the target semantic fragment. If the 543

importance of contributions is randomly assigned, 544

the result curve should change gradually with ad- 545

dition or pruning. Compared with the standard 546

curve of random addition or pruning, our method 547

demonstrates a significant AUC advantage. For 548
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Figure 3: Perturbation tests on RAGTruth with Llama-
7B. (y0−yp)

2 indicates the change of final embeddings
before and after perturbation, while logitsk represents
the average probability of the target semantic fragment.
The dashed line shows the curve state after random
addition or pruning. Perturbation tests are conducted on
100 samples and mean of the above indicators are took.

quantitative comparison of this curve, please refer549

to the work of Bakish et al. (2025).550

4.5 The Impact of Hyperparameters551

For the classifier of SIRG, we focus on exploring552

the impact of α in Equation 8. When α = 0, as553

long as there is one hallucinated semantic frag-554

ment, this response will be judged as a hallucinated555

sample, representing the strictest hallucination de-556

tection strategy. As shown in Fig. 4, at this point,557

SIRG has a relatively low recall for correct samples558

but a high precision in identifying hallucinations.559

As the value of α increases, the detection strategy560

becomes increasingly lenient, so the pass rate for561

correct samples rises. When α = 0.4, the recall562

for correct samples reaches 100%, but the preci-563

sion decreases to 72.86%. Although adjusting α564

greatly impacts recall and precision, it has a rel-565

atively weak effect on the F1 score. In different566

scenarios, we can dynamically adjust α based on567

the desired pass rate for correct samples.568

For the construction of the internal reasoning569

graph, we regulate the number of source seman-570

tic fragments by setting different Topk values.571

The performance of discriminators trained using572

graphs generated by various construction strate-573

gies is demonstrated in Table 3. As the number574

Figure 4: Overall precision, recall, and F1 score of
Llama-13B on RAGTruth are evaluated by setting dif-
ferent α values.

Top 1 5 10 15 20 Ada

Precision 79.35% 82.46% 85.71% 83.12% 82.27% 78.98%
Recall 84.82% 87.58% 91.03% 91.72% 89.65% 85.51%
F1 82.00% 84.94% 85.71% 87.21% 85.80% 82.11%

Table 3: Overall precision, recall, and F1 score of
Llama-13B on RAGTruth are evaluated by setting dif-
ferent Topk. Ada denotes the gradient-based adaptive
construction strategy referred in Equation 6.

of source semantic fragments increases, the dis- 575

criminator can obtain more semantic information. 576

Consequently, the discriminators’ F1 score progres- 577

sively improves during the initial training phase, 578

reaching its peak at k = 15. An increase in k will 579

introduce edge contribution noise into the target se- 580

mantic fragment, meaning many low-contribution 581

semantic fragments are mistakenly fed to the dis- 582

criminator for training. The discriminator may mis- 583

interpret the conflict between insignificant semantic 584

fragments and target semantic fragments as halluci- 585

nation, resulting in inferior performance at k = 20 586

compared to k = 15. For the adaptive discrete gra- 587

dient strategy, it tends to only select 1 or 2 source 588

semantic fragments. Without sufficient informa- 589

tion, the discriminator’s performance is limited. 590

5 Conclusion 591

This paper first extends the token-level LRP al- 592

gorithm to the semantic level within the autore- 593

gressive inference paradigm. Then we construct 594

internal reasoning graphs using semantic fragments 595

from RAG contexts and LLMs’ responses, which 596

faithfully model the dependencies of the internal 597

reasoning process. Based on that, we propose 598

a framework, SIRG, for identifying faithfulness 599

hallucinations in RAG. SIRG achieves the perfor- 600

mance of LLM-based detection frameworks us- 601

ing only a lightweight parameterized discriminator, 602

demonstrating the effectiveness of our approach. 603
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Limitations604

For the internal reasoning graph construction of605

SIRG, since LRP requires computing internal606

model gradients for each token generation, this607

results in a high time complexity for the attribution608

score calculation phase. Future work will opti-609

mize LRP’s computational objects from semantic610

fragment perspectives to reduce graph construction611

time. We will also evaluate the semantic-level faith-612

fulness of various attribution methods in capturing613

internal inference processes.614

For the hallucination detection module of SIRG,615

although the linearization method has achieved616

great results, it is a naive way of using topolog-617

ical relation, which ignores the multi-hop depen-618

dency information and the subtle error propagation619

information in the internal reasoning graph. Fu-620

ture efforts will explore multi-angle applications of621

this graph, including adaptive node relationship ag-622

gregation via graph neural networks. Additionally,623

developing low-resource hallucination discrimina-624

tors remains a key research focus.625
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A Coarse-grained Processing 881

Hu et al. (2024) employs the maximum and av- 882

erage value of the LRP attribution vector for all 883

tokens to get the attribution distributions of the 884

whole response. As shown in Fig. 5, using the 885

maximum value method accumulates the context 886

that contributes the most to each response token, 887

resulting in a noisy contribution distribution. Us- 888

ing the average value method dilutes the context 889

with a high contribution to the substantive word 890

with a large number of linking words, leading to a 891

significantly lower contribution distribution. 892

B Linking Tokens and Substantive 893

Tokens 894

In the sentence “The 15 minute guideline starts 895

from the point at which you put your scones in a 896

preheated oven”, “15 minute”, “preheated oven”, 897

etc., contain rich semantic information and are 898

considered as substantive tokens, while “The”, 899

“which”, etc., serve to enhance sentence fluency 900

in the document and are therefore considered link- 901

ing tokens. 902

The above description of the linking and substan- 903

tive token is identified from a human perspective. 904

From an LLM’s standpoint, due to semantic drift 905

and dataset bias during training, the linking and 906

substantive tokens inferred by the LLM may differ 907

from human perceptions. When LLMs generate 908

tokens by treating human-considered substantive 909

content as linking, it results in the faithfulness hal- 910

lucination. The cognitive gap between humans and 911

LLMs makes this phenomenon hard to detect di- 912

rectly. 913

We employ the LRP to perform token-level attri- 914

bution of the next token generated by the LLM, and 915

visualize the results using a heat map. As shown 916

in Fig.6, linking tokens rely more on words gen- 917

erated earlier within the same sentence, whereas 918

substantive tokens also depend on words in the 919

long-distance context. When the model generates 920

hallucination tokens, the heat map in Fig.7 reveals 921

that their attribution distribution exhibits character- 922

istics of linking tokens. From a human perspective, 923
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<s> Briefly answer the following question:<0x0A>how to improve hair
growth<0x0A>Bear in mind that your response should be strictly based on the
following three passages:<0x0A>passage 1:1 Tip #4 To increase hair growth,
constantly massage the scalp daily to promote circulation in the scalp. 2 A
good flow of blood will help the delivery of oxygen to the hair and scalp,
keeping the cells healthy and less prone to breakage and damage.3 Tip #
5 Never over-style the hair. Tip #6 A good way to promote hair growth
is to have regular trimming of the hair every 8 weeks. 2 This rids the
hair of unhealthy split ends, and promotes the lengthening of hair. 3 Tip
#7 Eat a healthy diet at all times. 4 Vitamins for hair growth should be
instilled in the daily diet.<0x0A><0x0A>passage 2:1 Fats will help you process
the vitamins and minerals in your diet that are necessary for healthy hair
production, including Vitamins A, D, E, and K. 2 Eat the right kinds of fats.
3 Saturated fats, trans fatty acids, and hydrogenated fats are examples of
fats that you should avoid.t does, however, stop loss of length from the tips,
as it prevents breakages from split ends. 1 How often you should cut your
hair depends on how healthy it is and how fast you want it to grow; it is
totally up to your own judgement. 2 Normal hair grows anywhere from 1⁄2
inch (1.3 cm) - 5⁄8 inch (1.6 cm) per month.<0x0A><0x0A>passage 3:Cut
your hair. Gets rid of split ends and makes hair appear healthier, though
this does not make it grow faster. Cut it on a night when the moon is in
phase new moon your hair grows faster or when 1st quarter moon phase.ow
to Improve Hair Growth. Let’s face it. We want long hair and we want it now!
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options to try.<0x0A><0x0A>In case the passages do not contain the necessary
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are some ways to improve hair growth:<0x0A><0x0A>1. Massage the scalp
daily to promote circulation and deliver oxygen to the hair and scalp. (Passage
1)<0x0A>2. Avoid over-styling the hair, as it can cause damage and lead
to breakage. Regular trimming every 8 weeks can help keep the hair healthy
and promote lengthening. (Passage 2)<0x0A>3. Include healthy fats in your
diet, such as those found in nuts, seeds, and avocados, as they help the body
process vitamins and minerals essential for hair growth. (Passage 2)<0x0A>4.
Cutting the hair regularly can help get rid of split ends and make the hair
appear healthier, although it may not make the hair grow faster. (Passage
3)<0x0A><0x0A>Unable to answer based on given passages. The passages
do not provide specific information on how to speed up hair growth.
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your hair. Gets rid of split ends and makes hair appear healthier, though
this does not make it grow faster. Cut it on a night when the moon is in
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Figure 5: The attribution of LLM responses is obtained by processing attribution features at a coarse granularity.
The left figure shows the maximum value of the attribution vector for all tokens in the response, while the right
figure shows the average value. The deeper the red color, the greater the token’s contribution to the target response.

however, these tokens should be substantive tokens924

in the RAG system that strictly depend on contex-925

tual content. In other words, LLMs process sub-926

stantive tokens as linking, resulting in faithfulness927

hallucination.928

Faithfulness hallucination is a semantic phe-929

nomenon where LLM responses contain content930

that is semantically inconsistent or contextually931

absent. When isolated from context, it is chal-932

lenging to determine whether LLMs exhibit faith-933

fulness hallucination at the token level alone. As934

shown in Fig.8, the sample’s golden label is “Have935

Hallucination” and the reason is “LOW INTRO-936

DUCTION OF NEW INFORMATION. Original:937

This might be correct, however, the exact way to938

make sesame milk is not directly stated in the pas-939

sages. Generative: ...by grinding the seeds into a940

fine powder and mixing them with water or other941

liquids. (Passage 2)”. However, direct analysis of942

the superimposed token-level attribution distribu-943

tion makes it difficult to identify the hallucination944

fragment. By constructing the target fragment as a945

semantic-level reasoning graph using our method946

(as shown in Fig.9), we can easily identify that the947

information in the target fragment primarily orig-948

inates from Passage 1, Passage 3, and the LLM’s 949

previous generation, indicating a high probability 950

of the faithfulness hallucination. 951

C LRP Rules 952

To obtain token-level correlations within LLM, we 953

backpropagate output correlations through each 954

transformer layer. 955

For the densely connected modules within the 956

transformer architecture, we utilize the local Ja- 957

cobian matrix Jji =
∂zj
∂xi

, which represents the 958

gradient of the layer’s output zj with respect to its 959

input xi, as the weight for assigning correlations. 960

Specifically, for the multi-layer perceptrons within 961

the model, they typically consist of a linear layer 962

followed by an additional nonlinear function: 963

zj =
∑
i

Wjixi + bj

aj = σ(zj)

(9) 964

where Wji represents the model’s parameter and σ 965

denotes the nonlinear function. By linearizing the 966

linear layer in Equation 9 at any point x ∈ RN , the 967
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<s> Briefly answer the following question:<0x0A>how to improve hair
growth<0x0A>Bear in mind that your response should be strictly based on the
following three passages:<0x0A>passage 1:1 Tip #4 To increase hair growth,
constantly massage the scalp daily to promote circulation in the scalp. 2 A good
flow of blood will help the delivery of oxygen to the hair and scalp, keeping
the cells healthy and less prone to breakage and damage.3 Tip # 5 Never
over-style the hair. Tip #6 A good way to promote hair growth is to have
regular trimming of the hair every 8 weeks. 2 This rids the hair of unhealthy
split ends, and promotes the lengthening of hair. 3 Tip #7 Eat a healthy
diet at all times. 4 Vitamins for hair growth should be instilled in the daily
diet.<0x0A><0x0A>passage 2:1 Fats will help you process the vitamins and
minerals in your diet that are necessary for healthy hair production, including
Vitamins A, D, E, and K. 2 Eat the right kinds of fats. 3 Saturated fats, trans
fatty acids, and hydrogenated fats are examples of fats that you should avoid.t
does, however, stop loss of length from the tips, as it prevents breakages from
split ends. 1 How often you should cut your hair depends on how healthy it
is and how fast you want it to grow; it is totally up to your own judgement.
2 Normal hair grows anywhere from 1⁄2 inch (1.3 cm) - 5⁄8 inch (1.6 cm)
per month.<0x0A><0x0A>passage 3:Cut your hair. Gets rid of split ends and
makes hair appear healthier, though this does not make it grow faster. Cut it
on a night when the moon is in phase new moon your hair grows faster or when
1st quarter moon phase.ow to Improve Hair Growth. Let’s face it. We want long
hair and we want it now! Although there is no miracle for rapid hair growth
there are always different options to try.<0x0A><0x0A>In case the passages
do not contain the necessary information to answer the question, please reply
with: ”Unable to answer based on given passages.”<0x0A>output:<s> Based
on the provided passages, here are some
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Figure 6: Contribution scores of the next generated token. The upper three boxes show the distribution of attribution
scores for the next generated linking token, while the lower three boxes display the substantive token. The deeper
the red color, the greater the token’s contribution to the last token.

basic LRP rule can be derived:968

Rl−1
i =

∑
j

Wjixi
Rl

j

zj(x) + ε
(10)969

Since element-wise nonlinearity has only a single970

input variable and output variable, the decompo-971

sition of attribution results is the operation itself.972

Therefore, the total input correlation Rl
i can only973

be allocated to a single input variable.974

Rl−1
i = Rl

i (11)975

We apply the Equation 11 to all element-wise oper-976

ations of single-input and single-output variables.977

For the multi-head attention module in the trans-978

former architecture, let Q, K, and V represent the979

query, key, and value matrices, respectively. The980

scaled dot product attention calculates the attention981

weight A and output value O as follows:982

A = softmax(
Q ·KT

√
dk

)

O = A · V

softmaxj(x) =
exj∑
k e

xk

(12)983

Taylor expansion of the softmax function at refer- 984

ence point x yields the following correlation prop- 985

agation rules: 986

Rl−1
i = xi(R

l
i − si

∑
j

Rl
j) (13) 987

Among them, si represents the i-th output of the 988

softmax function. For the double matrix multi- 989

plication part in self-attention computation, since 990

f(0, 0) = 0 holds, it is necessary to decompose 991

the matrix multiplication into a form without bias 992

terms. For this purpose, we decompose matrix mul- 993

tiplication into affine operations containing sum- 994

mation and bilinear parts containing element-wise 995

multiplication. 996

Ojp =
∑
i

AjiVip (14) 997

For the bilinear multiplication summation part men- 998

tioned above, we decompose it into element-level 999

multiplication operations with N input variables: 1000

fj(x) =
N∏
i

xji (15) 1001

The following uniform correlation propagation 1002

rules can be obtained at the reference point x using 1003
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<s> Briefly answer the following question:<0x0A>how do i get copies of my
income tax returns<0x0A>Bear in mind that your response should be strictly
based on the following three passages:<0x0A>passage 1:Step 4: Enter form
used. Enter the form you used to file your federal income tax return on line 6.
If you are requesting a personal income tax return, it’s likely you filed on Form
1040, 1040A or 1040EZ. You must also enter the tax years you are requesting
copies for on line 7.<0x0A><0x0A>passage 2:1 This transcript includes your
marital status, the type of return you filed, your adjusted gross income and
taxable income. You can get transcripts on the web, by phone or by mail.
To request transcripts online, go to IRS.gov and use the Order a Transcript
tool.<0x0A><0x0A>passage 3:You may also request a copy of your California
tax return by submitting a Request for Copy of Income Tax or Fiduciary
Return Form FTB 3516 or by submitting your request on plain paper and
provide the following: 1 Your Name (and Spouse if joint return) Social security
numbers.<0x0A><0x0A>In case the passages do not contain the necessary
information to answer the question, please reply with: ”Unable to answer based
on given passages.”<0x0A>output:<s> Based on the provided passages, here is
how you can obtain copies of your income tax returns:<0x0A><0x0A>Passage
1 states that to obtain copies of your income tax returns, you will need to
complete Form 4506

<s> Briefly answer the following question:<0x0A>how to heat frozen baked
scones<0x0A>Bear in mind that your response should be strictly based on the
following three passages:<0x0A>passage 1:There should be little bits of cold
butter scattered around the flour. The moment the cold butter pieces bake, they
create little pockets of steam and cause the dough to rise – this is similar to what
happens when you bake pie crust. It’s the butter that makes these cranberry
scones so tender, light and delicious.<0x0A><0x0A>passage 2:Scones should
be light and flaky, not heavy and flat. We stick to all-purpose flour in our
kitchen – it’s pretty much our go-to flour. For this recipe, we prefer to use soft,
low protein all-purpose flour. Protein levels vary by flour brand. Protein content
can affect the tenderness of baked goods.<0x0A><0x0A>passage 3:Make sure
to preheat the oven to the correct temperature (220°C / 200°C fan oven / gas
mark 6) before putting your scones in. The 15 minute guideline starts from the
point at which you put your scones in a preheated oven. It may also take a bit
longer to bake them through in a standard (non-fan) or gas oven. You will also
need to extend the time if you’re baking more than 12 tea-time or 24 canapé
scones in the oven at the same time.<0x0A><0x0A>In case the passages do
not contain the necessary information to answer the question, please reply with:
”Unable to answer based on given passages.”<0x0A>output:<s> Based on the
provided passages, here’s how to heat frozen baked scones:<0x0A><0x0A>To
heat frozen baked scones, preheat your oven to 220°C (200°C fan oven / gas
mark 6). Place the frozen scones on a baking tray lined with parchment paper
and bake for 15-2

Figure 7: The contribution score of the next generated
token (labeled as hallucination). The deeper the red
color, the greater the token’s contribution to the last
token.

the Shapley method (with a baseline of zero) or the1004

Taylor decomposition method:1005

Rl−1
ji =

1

N
Rl

j (16)1006

Therefore, based on the correlation propagation1007

calculation formulas of each sub-part in the self-1008

attention module mentioned above, we can obtain1009

the following correlation propagation rules in the1010

self-attention layer:1011

Rl−1
ji =

∑
p

AjiVip

Rl
jp

2Ojp + ε
(17)1012

There is no bias term for absorption correlation1013

in this rule, and the amount of ε absorption can1014

be ignored. By adopting this rule, we strictly ad-1015

here to the conservation property in the process of1016

correlation propagation.1017

Regarding the correlation propagation rule of1018

LayerNorm layer, when using common ε = 10−61019

and V er[x] = 1, it actually absorbs 99% of the cor-1020

relation. Therefore, linearizing at x is meaningless.1021

<s> Briefly answer the following question:<0x0A>how to use sesame
seeds<0x0A>Bear in mind that your response should be strictly based on the
following three passages:<0x0A>passage 1:1 Add raw sesame seeds to any side
dish to add crunch and flavor. 2 For instance, you can add to vegetable or bean
dishes. 3 Sesame oil is a great option to try to incorporate in your cooking.4
Like almond milk and hemp milk, you can make your own sesame milk. You

can also make a light salad dressing out of tahini. 2 Sesame seeds can also
be roasted, crushed and then sprinkled over salads. 3 This will give you more
variety and flavor than your typical salad. 4 Add raw sesame seeds to any
side dish to add crunch and flavor.<0x0A><0x0A>passage 2:1. Toast over the
stovetop. If you don’t see any dust or small pebbles in your sesame seeds, you can
put them directly in a skillet or frying pan. Heat over medium-low heat, stirring
occasionally, for two to three minutes or until the seeds turn brown, glisten,
and occasionally pop or jump.1 Do not add oil to the skillet.. Toast over the
stovetop. If you don’t see any dust or small pebbles in your sesame seeds, you can
put them directly in a skillet or frying pan. Heat over medium-low heat, stirring
occasionally, for two to three minutes or until the seeds turn brown, glisten, and
occasionally pop or jump.<0x0A><0x0A>passage 3:Sesame seeds are tiny, flat
oval seeds with a nutty taste and a delicate, almost invisible crunch. They come
in a host of different colors, depending upon the variety, including white, yellow,
black and red. Sesame seeds are highly valued for their high content of sesame
oil, an oil that is very resistant to rancidity.he hulls of sesame seeds contain
oxalates. In fact, most of the calcium found in the seed hull comes in the form
of calcium oxalate. The sesame seed paste (tahini) found in grocery stores is most
often made with seed kernels—the part of the sesame seed that remains after
the hull has been removed.<0x0A><0x0A>In case the passages do not contain
the necessary information to answer the question, please reply with: ”Unable
to answer based on given passages.”<0x0A>output:<s> Based on the provided
passages, here are some ways to use sesame seeds:<0x0A><0x0A>1. Add raw
sesame seeds to any side dish to add crunch and flavor. (Passage 1)<0x0A>2.
Toast sesame seeds over the stovetop by heating them over medium-low heat,
stirring occasionally, for two to three minutes or until they turn brown, glisten,
and occasionally pop or jump. (Passage 2)<0x0A>3. Use sesame seeds as
a topping for salads, adding a nutty flavor and crunchy texture. (Passage
1)<0x0A>4. Make sesame milk by grinding the seeds into a fine powder and
mixing them with water or other liquids. (Passage 2)<0x0A>5. Roast sesame
seeds and use them as a topping for salads or other dishes. (Passage 1)<0x0A>6.
Use sesame oil in cooking for added flavor and health benefits. (Passage
1)<0x0A>7. Make a light salad dressing using tahini, a sesame seed paste.
(Passage 2)<0x0A>8. Add sesame seeds to baked goods, such as breads and
muffins, for added flavor and nutrition. (Passage 1)<0x0A>9. Use sesame seeds
as a garnish for soups and other dishes. (Passage 1)<0x0A>10. Experiment with
different types of sesame seeds, such as white, yellow, black, and red, to find the
one that best suits your taste preferences. (Passage 3)<0x0A><0x0A>Unable
to answer based on given passages. The passages do not provide information on
how to use sesame seeds in specific dishes or recipes.

Figure 8: The superimposed token-level attribution dis-
tribution of the response (start with “<s> Based on”).
The deeper the red color, the greater the token’s contri-
bution to the last token. Based solely on the overlap-
ping attribution distribution, it is difficult to determine
whether the response contains hallucination fragments.

By using Taylor expansion to decompose Layer- 1022

Norm or RMSNorm with reference point 0, we can 1023

obtain the same identity association propagation 1024

rule as Equation 11. 1025

By using the correlation backpropagation based 1026

on the above rules, we can obtain the contribu- 1027

tion score of the model input to the probability 1028

value output. Intuitively, the higher the contribu- 1029

tion score, the greater the impact of the input label 1030

on a specific output label. By combining these con- 1031

tribution vectors into a matrix Ri, we can obtain a 1032

correlation matrix that is faithful to the internal in- 1033

ference process of the model. The proof is detailed 1034

in (Achtibat et al., 2024). 1035

D Implementation Details 1036

We employ LXT 2.0 to compute LRP attribution 1037

scores for both Llama and Qwen. For substantive 1038

word extraction, we utilize Spacy and Stanza to 1039
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Passage 1: 3  Sesame oil is 
a great option to try to 

incorporate in your 
cooking.4  Like almond 

milk and hemp milk, you 
can make your own 

sesame milk.

0.22

Previous Generate: Use 
sesame seeds as a 
topping for salads, 

adding a nutty flavor 
and crunchy texture.

0.11

Passage 3: The sesame seed 
paste (tahini) found in grocery 
stores is most often made with 
seed kernels\u2014the part of 
the sesame seed that remains 

after the hull has been removed.

0.09

Previous Generate: Based on the 
provided passages, here are some 

ways to use sesame seeds

0.07

Passage 3: Sesame seeds 
are tiny, flat oval seeds with 
a nutty taste and a delicate, 

almost invisible crunch.

0.06

Make sesame milk by 
grinding the seeds into a 
fine powder and mixing 
them with water or other 

liquids. (Passage 2)

Figure 9: The internal reasoning graph constructed
based on the target fragment in the response shown in
Fig. 8. The target fragment clearly originates from pas-
sage 1, passage 3 and previous generation, contradicting
the annotation that it comes from passage 2. Thus, the
fragment within the dashed box is most likely a case of
faithfulness hallucination.

identify nouns, named entities, noun phrases, and1040

negations in the text. During training, the Align-1041

Score pre-trained Roberta model with 124M pa-1042

rameters is used. The batch size is set to 16, and1043

we perform 100 iterations on the training set using1044

the Adam optimizer at a learning rate of 1e − 5.1045

The model with the best F1 score is selected for the1046

final result.1047

E Perturbation Tests1048

The perturbation tests employed by Bakish et al.1049

(2025) are divided into two types of disturbance:1050

generation and pruning. The generation pro-1051

cess progressively incorporates semantic fragments1052

starting from null, ordered by relevance from high-1053

est to lowest. An approach that faithfully replicates1054

the real decision-making process of LLMs will1055

identify the most impactful semantic fragments.1056

When these fragments are added, the embedding1057

distance of this model is significantly reduced com-1058

pared to the previous one, and the logit (calculated1059

against the predicted target semantic fragment)1060

shows a marked increase. The pruning method1061

starts by masking the semantic fragments with the1062

lowest relevance and gradually progresses towards1063

the semantic fragments with higher importance.1064

Removing low-impact semantic fragments should1065

preserve model prediction stability. Following Ali1066

et al. (2022), the final metrics were quantified using1067

Area-Under-Curve (AUC), capturing model accu-1068

racy relative to the percentage of masked semantic1069

fragments, from 0% to 100%.1070

15


	Introduction
	Related Work
	Methodology
	Task Formulation
	Contribution Score Calculation
	Internal Reasoning Graph Construction
	Hallucination Discrimination

	Experiments
	Datasets
	Baselines
	Main Results
	Faithfulness of LRP-based Internal Reasoning Graph
	The Impact of Hyperparameters

	Conclusion
	Coarse-grained Processing
	Linking Tokens and Substantive Tokens
	LRP Rules
	Implementation Details
	Perturbation Tests

