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Abstract001

Retrieval-Augmented Generation (RAG) of-002
ten struggles with knowledge conflicts, where003
model-internal parametric knowledge over-004
rides retrieved evidence, leading to unfaith-005
ful outputs. Existing approaches are often006
limited, relying either on superficial decod-007
ing adjustments or weight editing that necessi-008
tates ground-truth targets. Through layer-wise009
analysis, we attribute this failure to a para-010
metric suppression phenomenon: specifically,011
in deep layers, certain FFN layers overwrite012
context-sensitive representations with mem-013
orized priors. To address this, we propose014
CORECT (Context-Aware Logit Contrast for015
Hidden State Rectification).By contrasting log-016
its from contextualized and non-contextualized017
forward passes, CORECT identifies layers that018
exhibit high parametric bias without requiring019
ground-truth labels. It then rectifies the hidden020
states to preserve evidence-grounded informa-021
tion. Across question answering (QA) and sum-022
marization benchmarks, CORECT consistently023
improves faithfulness and reduces hallucina-024
tions compared to strong baselines.025

1 Introduction026

Large Language Models (LLMs) have demon-027

strated remarkable capabilities in knowledge-028

intensive tasks (Brown et al., 2020; Touvron et al.,029

2023).However, because much of their knowl-030

edge is encoded in static pre-training corpora,031

LLMs often hallucinate or produce outdated state-032

ments when queried about evolving facts.Retrieval-033

Augmented Generation (RAG) mitigates this issue034

by conditioning generation on external evidence re-035

trieved at inference time, thereby improving factu-036

ality and robustness (Lewis et al., 2020; Guu et al.,037

2020). Despite its promise, RAG often fails under038

knowledge conflict—where the retrieved evidence039

contradicts the model’s parametric prior knowl-040

edge (Longpre et al., 2021; Chen et al., 2022). In041
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Figure 1: Comparison of intervention strategies. (a) Our
method localizes and rectifies parametric suppression
layers within the model’s internal residual stream. (b)
Baseline methods treat the model as a black box by
intervening only at the output stage.

such settings, LLMs tend to under-utilize the pro- 042

vided context, favoring internally memorized but 043

incorrect knowleage. As illustrated in Figure 1, 044

when queried about the start date of the right to 045

buy scheme, LLMs favor internal biases 1979 even 046

when context specifies the correct fact 1980. 047

Recent work has proposed decoding-time cor- 048

rections to address this failure mode. Prominent 049

approaches include adjusting the final token distri- 050

bution by subtracting logits attributed to parametric 051

priors (Shi et al., 2024; Wang et al., 2025), or utiliz- 052

ing information entropy constraints to dynamically 053

balance context and memory (Yuan et al., 2024). 054

While effective in many scenarios, these methods 055

largely treat the model as a black box and intervene 056

only at the output layer. Such late interventions are 057

weakly grounded in the model’s internal computa- 058

tion: they do not prevent intermediate representa- 059

tions from being progressively steered toward the 060
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parametric answer. Moreover, aggressive manip-061

ulation of the output distribution can disrupt the062

model’s inherent linguistic priors, often leading to063

semantic instability or quality degradation.064

In this work, we shift from output-level cor-065

rections to a mechanistic view of where knowl-066

edge conflicts emerge inside the model. Using067

a layer-wise analysis of the residual stream via068

Logit Lens (nostalgebraist, 2020), we observe a069

consistent parametric suppression phenomenon:070

under conflicts, although early layer representa-071

tions initially reflect the retrieved evidence, deeper072

layers are progressively overwhelmed by internal073

priors, effectively suppressing the context to revert074

toward the and incorrect answer.Inspired by mech-075

anistic interpretability and model editing studies,076

we hypothesize that this drift is driven by a subset077

of Feed-Forward Network (FFN) layers that act078

as key-value memories for parametric facts (Geva079

et al., 2021; Dai et al., 2022). Concretely, while080

attention mechanisms successfully incorporate ex-081

ternal context, certain FFN layers overwrite this082

evidence-consistent state with parametric memo-083

ries, thereby enforcing the prior over the context.084

Once the failure is attributed to FFNs, a natu-085

ral idea is to directly modify these modules. In-086

deed, ROME-style editing methods update weights087

in selected FFN layers to rewrite factual associa-088

tions (Meng et al., 2022a,b). However, such ap-089

proaches crucially assume access to the answer,090

which is unrealistic for open-ended generation in091

RAG. At inference time, the system typically does092

not know the single gold answer in advance. This093

limitation motivates a different goal: resolving con-094

flicts without target answer during inference.095

We therefore propose a training-free frame-096

work that mitigates knowledge conflicts via tar-097

geted hidden-state intervention. Our key idea is098

a dynamic layer localization strategy that iden-099

tifies conflict-inducing layers where parametric100

suppression originates—without the correct an-101

swer. Once localized, we apply an inference-102

time intervention that blocks the propagation of103

conflict-induced parametric information and re-104

stores evidence-following behavior, while preserv-105

ing the model’s general generation capabilities.Our106

contributions are summarized as follows:107

• Unveiling the Parametric Suppression Phe-108

nomenon. We identify a phenomenon termed109

Parametric Suppression where deep FFN layers110

override representations with memorized priors.111

This insight isolates the specific internal compo-112

nents responsible for unfaithful generation. 113

• Target-Agnostic Inference-Time Intervention. 114

We propose a novel intervention framework that 115

localizes conflict-inducing layers without target 116

answers, achieving high alignment with over 117

70% recall relative to critical layers identified 118

by ROME. By rectifying hidden states within the 119

identified layers during inference, our approach 120

effectively mitigates knowledge conflicts and re- 121

duces hallucinations while preserving fluency. 122

• Effective Mitigation of Knowledge Conflicts 123

Extensive evaluations across Question Answer- 124

ing and Summarization tasks demonstrate the 125

effectiveness of our framework, showing that it 126

outperforms state-of-the-art baselines in resolv- 127

ing knowledge conflicts. 128

2 Related Work 129

We tackle RAG knowledge conflicts via decoding, 130

model editing, and mechanistic interpretability. 131

Decoding-Time Interventions. Knowledge con- 132

flicts occur when models prioritize parametric pri- 133

ors over contradictory retrieved evidence (Long- 134

pre et al., 2021; Xie et al., 2023). To mitigate 135

this, strategies like CAD (Shi et al., 2024) and 136

AdaCAD (Wang et al., 2025) adjust the final to- 137

ken distribution, typically by contrasting context- 138

augmented logits against a context-free baseline.By 139

treating the model as a black box, they fail to ar- 140

rest the internal propagation of incorrect parametric 141

information, potentially leading to generation in- 142

stability despite maintaining surface-level fluency. 143

Mechanistic Localization and Editing. Going 144

deeper than the output layer, mechanistic studies 145

identify Feed-Forward Networks (FFNs) as key- 146

value memories storing factual associations (Geva 147

et al., 2021; Dai et al., 2022). Methods like 148

ROME (Meng et al., 2022a) and MEMIT (Meng 149

et al., 2022b) leverage this insight to permanently 150

edit FFN weights. However, these approaches re- 151

quire the target answer to compute updates, render- 152

ing them unsuitable for open-ended RAG where 153

the correct answer is unknown. Furthermore, per- 154

manent parameter modifications lack the flexibility 155

to handle transient, query-specific conflicts. 156

Inference-Time Activation Intervention. Al- 157

ternatively, activation engineering methods like 158

ITI (Li et al., 2023) and Representation Engineer- 159

ing (Zou et al., 2023) steer model behavior by in- 160

jecting static vectors derived from trained probes. 161
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While effective, they typically rely on labeled data162

for training and apply global, static interventions.163

In contrast, our framework is fully training-free164

and instance-specific. Instead of relying on static165

directions or supervised weight updates, we utilize166

the Logit Lens (nostalgebraist, 2020) to dynami-167

cally localize the specific layers where parametric168

suppression originates for each query, enabling tar-169

geted hidden-state intervention that resolves con-170

flicts without pre-trained classifiers.171

3 Preliminaries172

3.1 Residual Decomposition for Transformer173

We analyze a standard L-layer decoder-only LLM,174

denoted as FLLM, with a vocabulary V . In the175

prevalent pre-layer normalization (Pre-LN) archi-176

tecture, the model structure can be formalized as:177

FLLM = WU ◦ fLN ◦ fL ◦ · · · ◦ f1 ◦WE , (1)178

where WU ∈ R|V|×d is the unembedding matrix,179

WE ∈ Rd×|V| is the embedding matrix, and fLN180

denotes layer normalization. The l-th Transformer181

layer fl comprises an attention module and a feed-182

forward network (FFN), formulated as:183

fl = f
(l)
ffn ◦ fLN ◦ f

(l)
attn ◦ fLN, (2)184

where f
(l)
ffn and f

(l)
attn denote the FFN and attention185

modules of the l-th layer, respectively. Let hl ∈ Rd186

denote the residual stream state at layer l. The187

stream is updated additively:188

hl = hl−1 + al + ul, (3)189

where al = f
(l)
attn(fLN(hl−1)) and ul =190

f
(l)
ffn(fLN(hl−1 + al)). The final logits zL are ob-191

tained by applying a decoding head to the normal-192

ized final state: zL = WUfLN(hL).193

To analyze intermediate representations, we194

employ the Logit Lens technique (nostalgebraist,195

2020). By treating Layer Normalization as a locally196

linear operation or absorbing it into the projection,197

we can approximate the final logits as a linear de-198

composition of components from all layers:199

zL ≈WUh0 +
L∑
l=1

WUal +
L∑
l=1

WUul. (4)200

Eq. (4) interprets the prediction as a superposition201

of the initial embedding and the outputs from atten-202

tion heads and MLP blocks.203

3.2 Weight Editing as Residual Steering 204

Most knowledge editing methods modify the pa- 205

rameters of Feed-Forward Network (FFN) modules, 206

operating on the hypothesis that FFNs serve as key- 207

value memories for factual knowledge (Meng et al., 208

2022a). In the context of residual networks, the 209

output of these modules, ul, plays a critical role: 210

it is added directly to the residual stream, thereby 211

propagating the encoded factual information as a 212

linear contribution to the final prediction. 213

General Framework. Given a prompt and a de- 214

sired target token t∗, the objective of editing is to 215

amplify the logit of t∗. Functionally, parameter ed- 216

its can be abstracted as injecting a steering vector 217

δl into the residual pathway: 218

ûl = ul + δl. (5) 219

Let wt represent the row vector of WU correspond- 220

ing to token t∗. Adopting the view of the residual 221

stream as a linear communication channel (Elhage 222

et al., 2021), and following the decoding analy- 223

sis in (Geva et al., 2021), we approximate the cu- 224

mulative effect of the edit as the projection of the 225

steering vector onto the target’s unembedding direc- 226

tion(A detailed derivation based on linear channel 227

assumption is provided in Appendix A): 228

∆zL(t
∗) ≈

∑
l∈ξ

w⊤
t∗δl, (6) 229

where ξ indexes the edited layers. Eq. (6) re- 230

veals that the optimal steering direction is explicitly 231

aligned with wt∗ , making target-guided residual 232

rectification inherently label-dependent. 233

Analysis of ROME. Formally, we define the 234

post-activation key vector ml as the intermediate 235

activation produced by the up-projection: 236

ml = σ
(
W (l)

up fLN(hl−1 + al)
)
. (7) 237

Consequently, the output of the FFN at layer l, 238

which propagates to the residual stream, is com- 239

puted as: 240

ul = W
(l)
downml. (8) 241

where σ is the activation function. ROME (Meng 242

et al., 2022a) instantiates this abstraction by re- 243

alizing δl via a rank-one weight update. ROME 244

computes a parameter update ∆W (l): 245

δl = ∆W (l)ml. (9) 246
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Figure 2: Rank evolution analysis. (Top) Middle layer
flip pattern. (Bottom) Last layer flip pattern.

ROME(Detailed proofs are provided in Appendix247

B) constructs ∆W (l) specifically to align the in-248

duced δl with the target direction wt∗ . This high-249

lights a critical limitation: existing weight-editing250

approaches heavily rely on an oracle target t∗ to de-251

termine the update direction. This dependency pre-252

cludes their application in autonomous correction253

settings where the ground truth label is unavailable.254

4 Methodology255

4.1 Parametric Suppression256

To understand why the model fails to generate the257

correct answer despite potentially encoding it, we258

investigate the internal representation dynamics us-259

ing the Logit Lens technique (nostalgebraist, 2020).260

Formally, we project the hidden state hl of each261

layer l directly onto the vocabulary space V using262

the pre-trained language modeling head WU . This263

allows us to interpret the model’s instantaneous264

prediction preference at specific depths of the net-265

work.We observe a counter-intuitive phenomenon266

where the gold answer token often achieves a high267

probability in intermediate layers, only to be sup-268

pressed in the final output. We term this phe-269

nomenon Parametric Suppression.270

Qualitative Analysis. As illustrated in Figure 2,271

we analyze the rank evolution of the gold answer272

for the query: “How many episodes in season 5273

of Curse of Oak Island?”. In the intermediate lay-274

ers, the model’s internal states strongly favor the275

correct answer 111, However, as the information276

propagates to the final layers, the rank of 111 drops277

significantly, and the model ultimately outputs the278

incorrect token 5. This discrepancy suggests that279

the correct knowledge was successfully retrieved280

and encoded in the middle layers but was subse-281

quently overridden during the forward pass.282

To verify the prevalence of this phenomenon, we283

conducted a systematic evaluation on 500 sampled284

cases from the Natural Questions (NQ) training set285

that involve knowledge conflicts. We tracked the286

rank evolution of the gold answers across all layers.287

Our analysis reveals that 282 out of 500 cases ex- 288

hibit this flip phenomenon: the gold answer reaches 289

Rank 1 at some point but is not the final prediction. 290

Specifically, we categorize these into two patterns: 291

Middle Flip (154 cases):The gold answer surfaces 292

in the intermediate layers but is lost in the later 293

stages. Last Layer Flip (128 cases):The gold an- 294

swer remains dominant until the very last projec- 295

tion layer, where it is suddenly suppressed.The high 296

prevalence of parametric suppression indicates that 297

the model often possesses the capability to solve 298

the problem, yet fails to manifest it in the final 299

generation. While we acknowledge that some rank 300

fluctuations may reflect legitimate reasoning steps, 301

the fact that over 56% of error cases contain the 302

correct answer internally serves as a strong moti- 303

vation for our approach. It suggests that instead of 304

injecting new knowledge, we can improve perfor- 305

mance by intervening in the decoding process to 306

release the suppressed correct information. 307

4.2 Transition: From Supervised Overwriting 308

to Autonomous Rectification 309

The foregoing analysis underscores that conven- 310

tional editors operationalize editing as supervised 311

overwriting: an externally specified t∗ is used to 312

construct a parameter patch that compels the model 313

toward a designated output. In contrast, our ap- 314

proach departs from this paradigm along two axes— 315

how the target is obtained and how the intervention 316

is applied. we introduce a two-stage procedure: (1) 317

Token Selection We infer a reliable target token 318

t̃∗ from the input prompt itself, thereby removing 319

the requirement for oracle target; (2) Hidden State 320

Rectification Instead of forcefully steering genera- 321

tion toward t̃∗, we apply a minimal intervention to 322

the hidden representation ul that selectively attenu- 323

ates components that inhibit t̃∗. Conceptually, we 324

frame this as disinhibition rather than injection. By 325

removing suppressive components, we aim to pre- 326

serve the model’s native generative dynamics while 327

selectively mitigating hallucinations.The overall 328

architecture of our proposed model is Figure 3. 329

4.3 Stage 1: Trustworthy Token Selection 330

Simple subtraction of logits often amplifies noise 331

alongside the correct answer. To select a robust tar- 332

get token t̃∗ at current step, we integrate Contextual 333

Mutual Information with attention-based evidence. 334

Contextual Mutual Information Estimation 335

We perform two forward passes: one with the full 336
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Figure 3: The overall architecture of our proposed model.

input prompt and one with a null context consist-337

ing only of the instruction tokens, so that the null338

pass captures generic prior preferences indepen-339

dent of the specific query. Let z(ctx)l and z
(null)
l340

denote the logits at layer l, obtained by projecting341

the layer’s hidden state onto the vocabulary using342

the logit lens. For each token v ∈ V , we compute343

the layer-wise S(l)
info(v) which captures the boost in344

likelihood for token v provided by the context:345

S
(l)
info(v) = logP (v | z(ctx)l )− logP (v | z(null)l ),

(10)346

where P (· | z) = softmax(z) represents the prob-347

ability distribution over the vocabulary given logits348

z. To capture the evolution of information, we fo-349

cus on the last k layers. We aggregate these scores350

via the mean:351

S̃info(v) =
1

k

L∑
l=L−k+1

S
(l)
info(v). (11)352

To ensure numerical stability, we apply sign-353

preserving max-normalization. The global infor-354

mation score is defined as:355

S
(total)
info (v) =

S̃info(v)

maxv′∈V

∣∣∣S̃info(v′)
∣∣∣+ ϵ

. (12)356

where ϵ is a small scalar for numerical stability.357

Candidate Selection & Attention Filter. We358

define the candidate set C as the top-M tokens359

ranked by S
(total)
info . Then we employ an attention- 360

based verification mechanism that favors candi- 361

dates grounded in the input context. For each can- 362

didate v ∈ C, we perform a token matching step 363

to identify its occurrences in the context x̃ of the 364

input x. Let I(v) = {j | x̃j = v} denote the set 365

of position indices where the token v appears. We 366

then quantify the evidence for v by aggregating the 367

attention mass the model allocates to these matched 368

positions: 369

S̃
(L)
attn(v) =


1

H

H∑
h=1

∑
j∈I(v)

A
(curr,j)
L,h , if I(v) ̸= ∅

0, otherwise.
(13) 370

where H represents the total number of attention 371

heads. The term A
(curr,j)
L,h denotes the attention 372

weight assigned by the h-th head at layer L, This 373

formulation essentially averages the attention mass 374

that the model’s final layer directs toward the can- 375

didate v.This metric serves as a Faithfulness Score, 376

ensuring that the selected target is not only infor- 377

mative but also supported by the model’s inter- 378

nal attention to the context. We apply the same 379

sign-preserving max-normalization (as defined in 380

Eq. 12) to the raw score S̃(L)
attn(v) to obtain S

(L)
attn(v). 381

At current autoregressive decoding step t, the step- 382

wise target token t̃∗t is selected to maximize the 383

following joint objective: 384

t̃∗ = argmax
v∈C

(
S
(total)
info (v) + λS

(L)
attn(v)

)
, (14) 385
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where λ balances contextual induction with explicit386

evidence support, thereby offering the flexibility387

to accommodate varying demands ranging from388

extractive grounding to logical deduction.389

4.4 Stage 2: Hidden State Rectification390

Given the target unembedding vector wt̃∗ , we iden-391

tify the suppressive layers Lsupp where the MLP’s392

direct contribution negatively impacts the target:393

Lsupp =
{
l ∈ {1, . . . , L}

∣∣∣ u⊤l wt̃∗ < 0
}
. (15)394

To mitigate this, we construct an additive patch ϕl395

to cancel the projection of ul onto the wt̃∗ direction.396

We define the rectification patch:397

ϕl = −α
u⊤l wt̃∗

∥wt̃∗∥2
wt̃∗ , ∀l ∈ Lsupp. (16)398

This formulation offers a tunable spectrum of inter-399

vention controlled by α. Specifically, setting α = 1400

reduces the term to zero, strictly neutralizing the401

suppression. This corresponds to the pure “disinhi-402

bition” paradigm discussed in Sec. 4.2, where the403

blockage is removed without imposing new direc-404

tional force. In contrast, setting α > 1 flips the405

sign of the contribution from negative to positive,406

transitioning the operation from mere removal of407

inhibition to active promotionof evidence for t̃∗.408

Regardless of the specific regime, the net change409

in the final logit is geometrically guaranteed to be410

positive:411

∆zL(t̃
∗) ≜

∑
l∈Lsupp

w⊤
t̃∗ϕl = −α

∑
l∈Lsupp

w⊤
t̃∗ul > 0.

(17)412

To verify the optimality of our identified layer l413

compared to ROME’s l⋆(the derivation of which414

is detailed in Appendix C), we analyze the editing415

performance across different layers. Figure 4 illus-416

trates the trends of F1 score and QA accuracy as417

we vary the intervention layer.418

5 Experiments419

We evaluate our proposed method on both Question420

Answering (QA) and Summarization tasks. Our ex-421

periments aim to demonstrate the effectiveness of422

our method in mitigating hallucinations and priori-423

tizing contextual faithfulness compared to strong424

inference-time intervention baselines.Detailed for-425

malizations of the decoding-time correction base-426

lines and the specific hyperparameter configura-427

tions for all methods are provided in Appendix E428

and Appendix F, respectively.429

25 20 15 10 5 1
Last N Layers Aggregation

0.58

0.60

0.62

0.64

F1
 S

co
re

F1 Score Accuracy

= =

0.78

0.80

0.82

0.84

0.86

0.88

0.90

0.92

Ac
cu

ra
cy= = =

Figure 4: Performance metrics across different layer
aggregation scales. The F1 score (blue) validates the
localization accuracy by comparing ROME-identified
layers l∗ with our defined layers l, while the accuracy
(red) illustrates the performance stability after applying
our correction method.

5.1 Experimental Setup 430

Datasets and Metrics. To ensure a comprehen- 431

sive evaluation, we test CoRect across a wide spec- 432

trum of tasks. For QA and Reasoning, we cover 433

NQ (Kwiatkowski et al., 2019), HotpotQA (Yang 434

et al., 2018), TabMWP (Lu et al., 2022), Triv- 435

iaQA (Joshi et al., 2017), SQuAD (Rajpurkar 436

et al., 2016)and standard/high-conflict benchmarks 437

NQ-Swap (Longpre et al., 2021). For Summa- 438

rization, we include short/long-form synthesis 439

XSum (Narayan et al., 2018), CNN-DM (Hermann 440

et al., 2015)) and topic-aligned evaluation (TofuE- 441

val (Tang et al., 2024). We report Exact Match 442

(EM) for QA, alongside ROUGE-L (Lin, 2004), 443

BERTScore-P (Zhang et al., 2019), and Align- 444

Score (Zha et al., 2023) to rigorously assess faith- 445

fulness. Detailed dataset statistics and metric for- 446

malizations are provided in Appendix D. 447

5.2 Main Results 448

Question Answering. Table 1 summarizes the 449

performance across QA benchmarks. CoRect 450

achieves consistently strong EM scores on Trivi- 451

aQA and SQuAD, while demonstrating superior 452

evidence extraction on NQ, even within long- 453

context documents. Most notably, on NQ-Swap—a 454

high-conflict stress test—CoRect yields substan- 455

tial gains, showcasing its robustness against direct 456

contradictions between context and priors. Further- 457

more, CoRect consistently improves performance 458

on reasoning-intensive tasks like HotpotQA and 459

TabMWP across various backbones. 460

Summarization and Alignment. We evaluate 461

CoRect on summarization benchmarks (Table 2). 462

CoRect consistently outperforms strong baselines 463
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Model Method NQ NQ-Swap HotpotQA TriviaQA TabMWP SQuAD Avg

Qwen2.5-7b-instruct

Greedy 69.49 70.54 43.30 76.85 59.90 81.27 66.89
CAD 67.28 79.37 40.31 76.75 58.90 84.43 67.84
COIECD 59.87 78.56 41.90 80.75 64.35 88.90 69.06
AdaCAD 68.54 73.14 43.82 76.90 60.00 81.20 67.27
CoRect 72.74 80.15 45.67 79.60 70.60 88.93 72.95

LLaMA3-8b-instruct

Greedy 68.72 60.67 39.47 80.30 47.40 81.93 63.08
CAD 68.17 80.10 36.44 81.20 48.90 84.93 66.62
COIECD 60.23 70.39 37.10 80.95 51.95 84.40 64.17
AdaCAD 67.57 67.37 40.43 80.30 47.30 81.87 64.14
CoRect 71.22 79.32 41.15 83.00 52.60 83.70 68.50

Mistral-7b

Greedy 46.34 44.51 31.60 72.10 25.20 63.93 47.28
CAD 33.50 65.72 29.17 72.50 35.40 72.90 51.53
COIECD 36.85 42.96 29.23 76.35 36.50 74.20 49.35
AdaCAD 44.56 63.99 34.69 72.00 25.40 63.87 50.75
CoRect 56.31 70.37 36.06 78.60 38.50 74.33 59.03

LLaMA2-13b-chat

Greedy 44.15 49.29 21.27 55.60 17.90 52.17 40.06
CAD 46.88 74.59 23.53 63.55 27.30 68.97 50.80
COIECD 43.11 54.41 20.83 60.35 26.70 58.67 44.01
AdaCAD 43.40 57.69 29.13 55.05 17.70 51.80 42.46
CoRect 49.01 76.52 29.45 68.15 27.20 70.70 53.51

Table 1: Comparison of different methods across multiple models on NQ, NQ-Swap, HotpotQA, TriviaQA,TabMWP
and SQuAD.

Method CNN-DailyMail XSum TofuEval (AlignScore)

ROUGE-L BERT-P AlignScore ROUGE-L BERT-P AlignScore Overall Main / Marginal

Greedy 21.08 85.83 91.48 16.42 86.56 77.65 43.65 49.92 / 37.39
CAD 18.40 84.66 76.91 15.25 84.30 67.00 50.33 53.42 / 47.24
COIECD 21.17 85.86 91.63 15.77 86.48 81.06 49.61 64.26 / 34.95
AdaCAD 21.27 85.63 91.87 15.81 86.43 82.02 57.11 66.33 / 47.89

CoRect 21.97 86.03 92.88 20.04 87.30 83.30 69.45 73.69 / 65.21

Table 2: Abstractive summarization performance on LLaMA-3-8b. CoRect significantly improves factual alignment
(AlignScore) while maintaining generation quality.

across XSum, CNN/DailyMail, and TofuEval,464

demonstrating superior generalization across vary-465

ing summary lengths and topic constraints.466

5.3 Ablation Studies467

Q1: How Effective is the Token Selection Strat-468

egy? We compared our token selection strategy469

against baseline methods. As shown in Figure 5(a),470

when the number of intervened layers k=1, our471

token selection strategy begins to above the base-472

line method, In this setting, our method demon-473

strates competitive performance on both the NQ474

and XSum datasets, confirming the effectiveness475

of our token selection strategy.476

Q2: Does the number of intervened layers477

k matter? We analyzed the performance on478

NQ by varying the number of last layers k ∈479

{1, 5, 10, 15, 20, 25}. As shown in Figure 5(a), per- 480

formance peaks at k = 10, but slightly degrades as 481

we intervene with too many layers. Additionally, 482

we conducted similar experiments on the XSum 483

dataset. As shown in Figure 5(b), performance was 484

maximized at k = 5, where the summary quality 485

metrics reached their highest values. These find- 486

ings suggest that, while increasing the number of 487

layers can help capture more nuanced information, 488

excessive layer interventions may lead to the inclu- 489

sion of irrelevant or noisy tokens, negatively affect- 490

ing model performance on both NQ and XSum. 491

Q3: Is the Attention Filter Useful? We applied 492

the Attention Filter component on both the NQ 493

and XSum datasets. As shown in Figure 5(c)(d), 494

the results demonstrate that the attention weight, 495

denoted by λ, plays a crucial role in performance 496

7
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Figure 6: Accuracy comparison of different decoding
strategies. Our Hidden State Rectification consistently
outperforms Direct Decoding across all backbones.

optimization. On the NQ dataset, performance im-497

proves gradually as the attention weight increases,498

reflecting the benefit of utilizing more context into499

the model’s responses. On the XSum dataset, the500

performance peaked at λ = 0.5. This difference501

can be attributed to the nature of the task. Unlike502

QA, where answers are typically extracted directly503

from the context , the summarization task in XSum504

requires the model to generate responses based on505

a broader understanding of the content. High at-506

tention weights in this case may cause the model507

to focus too heavily on specific parts of the input,508

which could limit its ability to generate a coherent509

and high-quality summary. Therefore, a moderate510

attention weight of λ = 0.5 strikes the optimal bal-511

ance between context understanding and generating512

summaries with appropriate semantic depth.513

Q4: Is Hidden State Rectification Effective?514

To evaluate the effectiveness of the hidden state515

rectification component, we compare the perfor-516

mance of directly decoding the target token se-517

lected in Stage 1 with that of using hidden state518

rectification. As shown in Figure 6, our method519

outperforms the direct decoding baseline. The core520

Context: Suddenly is a song from Xanadu... performed as
a duet between Olivia Newton-John and Cliff Richard...

Q: who sang the song suddenly with olivia newton john?
Gold: Cliff Richard
Direct Decoding: Ciff Richard sang the song...
Ours (Rect.): Cliff Richard sang the song...

Figure 7: Our method rectifies the hidden state to gener-
ate the (Cliff) where direct decoding fails (Ciff).

reason for this improvement lies in the fact that 521

while the target token t̃∗ selected in Stage 1 pro- 522

vides a reliable direction, it is not always the opti- 523

mal final token4. Direct decoding forces the model 524

toward t̃∗, which can sometimes lead to semantic 525

incoherence. In contrast, our rectification mecha- 526

nism treats the selected token as a guiding vector 527

to neutralize internal parametric suppression. This 528

approach allows the model to maintain its native 529

generative capabilities while surfacing the correct 530

information, resulting in higher accuracy and better 531

linguistic quality.A representative case demonstrat- 532

ing the efficacy of our approach is illustrated in 533

Figure 7. 534

6 Conclusion 535

In this work, we unveil Parametric Suppression, 536

a phenomenon where deep FFN layers in LLMs 537

override retrieved evidence and revert to memo- 538

rized priors under knowledge conflicts. To address 539

this, we propose CoRect, a target-agnostic hidden- 540

state rectification method that localizes conflict- 541

inducing layers and applies targeted interventions 542

to neutralize parametric bias. Extensive evaluations 543

demonstrate that improving RAG faithfulness is 544

more effectively achieved via internal mechanistic 545

corrections rather than via superficial output-level 546

calibration. Ultimately, CoRect offers a practical, 547

interpretable and training-free framework for solv- 548

ing knowledge conflicts in real-world. 549
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7 Limitations550

While CoRect effectively mitigates knowledge551

conflicts, it introduces non-negligible computa-552

tional overhead compared to standard decoding.553

The framework necessitates a multi-pass inference554

scheme and stage-wise hidden state rectification,555

which entails frequent access to residual streams556

across layers. To alleviate this temporal burden,557

KV cache can be reused across passes to mini-558

mize redundant prefix computations, preventing a559

strictly linear growth in latency. While CoRect still560

introduces additional latency compared to vanilla561

decoding, this trade-off facilitates a more mechanis-562

tically interpretable and context-faithful resolution563

of knowledge conflicts.564
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A Derivation of the Optimal Steering 733

Direction 734

In this section, we provide a formal justification for 735

Eq. (6) and the optimality of aligning δl with wt∗ . 736

A.1 First-Order Approximation of Logit Shift 737

Let hL be the final hidden state of the Trans- 738

former before the unembedding layer. The logit 739

for the target token t∗ is given by the inner product 740

zL(t
∗) = w⊤

t∗hL. When we introduce perturba- 741

tions {δl}l∈l∗ at intermediate layers, the change in 742

the target logit ∆zL(t
∗) can be estimated using a 743

first-order Taylor expansion: 744

∆zL(t
∗) ≈

∑
l∈l∗

(∇hl
zL(t

∗))⊤ δl (18) 745

where hl is the hidden state at layer l. Applying 746

the chain rule, the gradient with respect to hl is: 747

∇hl
zL(t

∗) =

(
∂hL
∂hl

)⊤
∇hL

zL(t
∗) = J⊤

l→Lwt∗

(19) 748

where Jl→L = ∂hL
∂hl

is the Jacobian matrix repre- 749

senting the transformation of the residual stream 750

through subsequent layers. 751

A.2 Linear Communication Channel 752

Assumption 753

Following (Elhage et al., 2021), the linear commu- 754

nication channel hypothesis assumes that the resid- 755

ual stream acts as a high-fidelity conveyor where 756

information is primarily transmitted linearly. Math- 757

ematically, this implies that for the relevant steering 758
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components, the Jacobian matrix is approximately759

identity:760

Jl→L ≈ I (20)761

Substituting this into the expansion, we obtain the762

approximation used in the main text:763

∆zL(t
∗) ≈

∑
l∈l∗

w⊤
t∗δl (21)764

A.3 Proof of Optimality765

To find the optimal steering direction δl, we con-766

sider the optimization problem under a fixed norm767

constraint ∥δl∥ = ϵ for each layer:768

max
δl

w⊤
t∗δl s.t. ∥δl∥ = ϵ (22)769

By the Cauchy-Schwarz inequality:770

|w⊤
t∗δl| ≤ ∥wt∗∥∥δl∥ (23)771

The equality (and thus the maximum value) is772

achieved if and only if δl is linearly dependent on773

wt∗ with a positive scalar:774

δl ∝ wt∗ (24)775

This confirms that under the linear channel assump-776

tion, the optimal direction to rectify the residual777

stream for a target token t∗ is to align the pertur-778

bation with its corresponding unembedding vector779

wt∗ .780

B Derivation of Rank-One Model Editing781

This appendix details the derivation of the ROME782

update rule referenced in Section 3.2. We explicitly783

show how the optimization objective translates into784

the rank-one weight update and connect this back785

to the residual steering framework introduced in786

Eq. (9).787

B.1 Constrained Optimization Problem788

Let W0 be the original weight matrix of the FFN789

down-projection at layer l. In the notation of790

the main text, the input to this layer is the post-791

activation vector m∗ (associated with the subject792

token), and the original output is u∗ = W0m∗.793

ROME seeks an updated matrix Ŵ that satisfies794

two conflicting objectives:795

1. Target Alignment (The Edit): For the specific796

subject key m∗, the output should map to a new797

target vector v∗. This v∗ is optimized specifi-798

cally to maximize the probability of the target799

token t∗:800

Ŵm∗ = v∗ (25)801

2. Knowledge Preservation: For all other keys 802

m drawn from the general distribution of text 803

(characterized by covariance C = E[mmT ]), 804

the output should remain unchanged: 805

min
Ŵ

Em∼C [∥Ŵm−W0m∥2] (26) 806

Defining ∆W = Ŵ −W0, the problem simpli- 807

fies to minimizing the norm of the change weighted 808

by the covariance C, subject to the linear con- 809

straint: 810

min
∆W

Tr(∆WC∆W T )

s.t. ∆Wm∗ = v∗ −W0m∗
(27) 811

B.2 Analytical Solution 812

Using Lagrange multipliers (similar to the standard 813

derivation in (Meng et al., 2022a)), the optimal 814

closed-form solution is given by: 815

∆W =
v∗ −W0m∗
mT

∗ C
−1m∗

(C−1m∗)
T (28) 816

This confirms that the update is a rank-one matrix, 817

defined by the outer product of the residual vec- 818

tor (v∗ −W0m∗) and the whitened key direction 819

(C−1m∗)
T . 820

B.3 Connection to Residual Steering and 821

Target Dependency 822

We now link this result back to the residual steering 823

abstraction in Section 3.2. Substituting the derived 824

update ∆W (Eq. 28) into the steering equation 825

(Eq. 9), the effective steering vector δl injected into 826

the residual stream for the subject m∗ is: 827

δl = ∆Wm∗

=

(
v∗ −W0m∗
mT

∗ C
−1m∗

(C−1m∗)
T

)
m∗

= (v∗ −W0m∗)
mT

∗ C
−1m∗

mT
∗ C

−1m∗

= v∗ −W0m∗

(29) 828

This derivation explicitly reveals the dependency 829

discussed in the main text: 830

• The steering vector δl = v∗− uoriginal is exactly 831

the difference required to shift the representation 832

from the old knowledge to the new target vector 833

v∗. 834

• Since v∗ is optimized to maximize P (t∗|x), the 835

steering vector δl is inherently constructed to 836

align with the unembedding direction wt∗ (i.e., 837

δl ≈ αwt∗). 838
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This mathematically validates our claim in Sec-839

tion 3.2: ROME’s weight update is equivalent to840

hard-coding a steering vector that is functionally841

dependent on the oracle label t∗.842

C Localization and Identification of843

Factual Interference844

This section describes the procedure for identify-845

ing factual interference within the model’s layers.846

While traditional causal analysis focuses on facili-847

tatory sites, our study prioritizes the extraction of848

disruptive layers.849

C.1 Causal Tracing and the ROME Reference850

Site851

The ROME framework employs Causal Tracing852

to evaluate the contribution of each layer to a spe-853

cific factual prediction. By calculating the Average854

Indirect Effect (AIE), the method quantifies how855

the probability of a target token t∗ recovers when856

a layer’s activation is restored to its “clean” state857

during a corrupted inference run.858

In standard practice, ROME identifies a specific859

layer with the maximum positive AIE to serve as860

the singular editing site. We denote this traditional861

reference index as lROME:862

lROME = arg max
l∈{1,...,L}

AIEl. (30)863

C.2 Defining the Interference Set as l∗864

Our research shifts the focus toward layers that ex-865

hibit a negative causal impact. We define the set866

of Interference Layers as l∗. This set comprises867

all layers where the restoration of clean activations868

leads to a further suppression of the target proba-869

bility:870

l∗ = {l | AIEl = Prestored(t
∗)− Pcorr(t

∗) < 0}.
(31)871

A negative AIE suggests that these layers host fac-872

tual conflicts or inhibitory mechanisms relative to873

the target fact.874

C.3 Detailed Algorithm875

The following algorithm formalizes the extraction876

of the interference set l∗ alongside the traditional877

ROME index lROME.878

D Dataset Descriptions879

This section provides a comprehensive overview of880

the datasets utilized in our experiments, organized881

by their primary evaluation tasks.882

Algorithm 1 Extraction of Interference Layer Set
l∗

Require: ModelM, prompt x with subject s, tar-
get t∗, noise scale σ.

Ensure: l∗ and lROME.
1: Pclean(t

∗), {hl}Ll=1 ←M(x) {Baseline Run}
2: xcorr ← Embed(x) + ϵ, ϵ ∼ N (0, σ2I) {Cor-

rupted Run}
3: Pcorr(t

∗)←M(xcorr)
4: Initialize empty set l∗ = ∅
5: for each layer l ∈ {1, . . . , L} do
6: Prestored(t

∗)←M(xcorr | do(h(s)l ← hl))
7: AIEl ← Prestored(t

∗)− Pcorr(t
∗)

8: if AIEl < 0 then
9: l∗ ← l∗ ∪ {l}

10: end if
11: end for
12: lROME ← argmaxl(AIEl)
13: return l∗, lROME

Data Selection and Scaling. Following the data 883

processing methodology in AdaCAD (Wang et al. 884

(2025)) and considering computational resource 885

constraints, we conduct our evaluation on represen- 886

tative subsets of the original benchmarks. Specif- 887

ically, for QA and reasoning tasks, we evaluate 888

on: NQ (3,481 samples), HotpotQA (4,690 sam- 889

ples), NQ-Swap (4,000 samples), TabMWP (1,000 890

samples), TriviaQA (2,000 samples), and SQuAD 891

(3,000 samples). For summarization tasks, we uti- 892

lize XSum (600 samples), CNN-DailyMail (600 893

samples), and TofuEval (300 samples). 894

D.1 Question Answering and Reasoning 895

Natural Questions (NQ) (Kwiatkowski et al., 896

2019) consists of real search queries from 897

Google. It requires models to find answers 898

within Wikipedia articles, evaluating real- 899

world information retrieval and extraction. 900

HotpotQA (Yang et al., 2018) focuses on multi- 901

hop reasoning, where the model must aggre- 902

gate information across multiple documents 903

to arrive at the final answer. 904

TriviaQA (Joshi et al., 2017) includes a large col- 905

lection of questions authored by trivia en- 906

thusiasts. It provides a challenging test for 907

long-form reading comprehension and open- 908

domain QA. 909

SQuAD (Rajpurkar et al., 2016) is a benchmark 910

where the answer to every question is a span 911
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of text from the provided reading passage, test-912

ing basic reading comprehension.913

TabMWP (Lu et al., 2022) provides mathemati-914

cal word problems based on tabular data, ne-915

cessitating both linguistic understanding and916

numerical reasoning.917

NQ-Swap (Longpre et al., 2021) is a robustness918

benchmark that substitutes ground-truth enti-919

ties with plausible alternatives. It is used to920

assess how models resolve conflicts between921

their internal parameters and the provided ex-922

ternal context.923

D.2 Summarization and Faithfulness924

CNN-DailyMail (DM) (Hermann et al., 2015)925

contains news stories and multi-line sum-926

maries. It is widely used to evaluate both927

extractive and abstractive summarization ca-928

pabilities.929

XSum (Narayan et al., 2018) provides BBC arti-930

cles paired with single-sentence summaries.931

The task is highly abstractive, demanding sig-932

nificant compression and rephrasing.933

TofuEval (Tang et al., 2024) is designed to mea-934

sure the factual consistency and faithfulness935

of models, particularly in scenarios involving936

fictitious information or knowledge unlearn-937

ing.938

E Details of Decoding-time Correction939

Methods940

Following the discussion in the main text, this941

section provides the formal definitions for the942

decoding-time strategies used to mitigate knowl-943

edge conflicts. We denote the context-aware distri-944

bution as Pctx = P (yt|y<t, x, c) and the context-945

free (null) distribution as Pnull = P (yt|y<t, x).946

1. CAD (Shi et al., 2024) Context-Aware Decod-947

ing (CAD) applies a contrastive objective to the948

logit space to amplify the influence of the external949

context c while suppressing parametric priors. The950

corrected distribution is formulated as:951

PCAD ∝ exp ((1 + α) logPctx − α logPnull)
(32)952

where α ≥ 0 is a hyperparameter that determines953

the strength of the contextual shift.954

2. AdaCAD (Wang et al., 2025) AdaCAD im- 955

proves upon the static nature of CAD by introduc- 956

ing an adaptive weight αt, allowing the model to 957

dynamically regulate the importance of the context 958

at each decoding step t: 959

PAdaCAD ∝ exp

(
logPctx + αt log

Pctx

Pnull

)
(33) 960

By scaling the log-ratio of the two distributions, 961

AdaCAD selectively follows the context only when 962

the discrepancy between Pctx and Pnull indicates a 963

potential knowledge conflict. 964

3. COIE (Yuan et al., 2024) The Contextual 965

Information-Entropy (COIE) framework utilizes 966

an entropy-based constraint to discern and resolve 967

conflicts. It measures the uncertainty and informa- 968

tion gain through the cross-entropy between the 969

context-aware and prior distributions: 970

H(Pctx, Pnull) = −
∑
y∈V

Pctx(y) logPnull(y)

(34) 971

This entropy constraint serves as a diagnostic tool 972

to determine the reliability of the retrieved con- 973

text, ensuring the model adaptively balances its 974

internal memory with external evidence based on 975

the information-theoretic properties of the current 976

token. 977

F Implementation Details 978

For the hyperparameter configurations of the de- 979

coding methods used in our experiments, we follow 980

the settings established by prior research to ensure 981

fair comparison. The specific details are as follows: 982

• CAD: Following Shi et al. (2024), we set the 983

scaling factor α = 1 for all Question Answering 984

(QA) datasets to emphasize the context. For sum- 985

marization datasets, α is set to 0.5 to balance the 986

prior knowledge and the source document. 987

• COIECD: In accordance with Yuan et al. (2024), 988

the hyperparameter λ is fixed at 0.25 across all 989

tasks. The entropy constraint parameter α fol- 990

lows the same task-specific settings as CAD: 991

α = 1 for QA datasets and α = 0.5 for sum- 992

marization datasets. 993

• ADACAD: Unlike the fixed settings above, ADA- 994

CAD(Wang et al. (2025)) employs a dynamic 995

adjustment mechanism for the parameter α. The 996

value of α is computed instance-wisely, varying 997

according to the quantified degree of knowledge 998
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conflict detected between the model’s parametric999

memory and the provided context.1000

For our proposed method, we maintain α = 11001

across all datasets, while the values of k and λ1002

are tailored to the task requirements. Specifically,1003

for QA tasks, we set k = 10, with λ = 0.8 for1004

reasoning-intensive datasets (e.g., HotpotQA) and1005

λ = 1.0 for standard QA datasets. For summariza-1006

tion tasks, we adopt k = 5 and λ = 0.5 to strike a1007

balance between context faithfulness and linguistic1008

fluency.1009

G α Rectification1010

To further elucidate the mechanism of hidden state1011

intervention, we conduct a sensitivity analysis1012

of the scaling factor α using the Natural Ques-1013

tions (NQ) dataset. This parameter defines a tun-1014

able spectrum of intervention intensity: (i) when1015

0 < α < 1, the framework performs partial sup-1016

pression, attenuating but not fully neutralizing the1017

conflicting parametric bias; (ii) at α = 1, the oper-1018

ation strictly neutralizes the suppression, aligning1019

with the pure disinhibition paradigm discussed in1020

Sec. 4.2; and (iii) for α > 1, the intervention tran-1021

scends mere removal of inhibition, actively promot-1022

ing the evidence for the target token t̃∗ by flipping1023

the sign of the corrective signal.Experimental re-1024

sults on the NQ dataset, illustrated in Figure 8,1025

reveal a concave relationship between model per-1026

formance and the scaling factor. We observe that1027

the performance peaks at α = 1, confirming that1028

strict neutralization of parametric bias offers the1029

most balanced intervention. While partial suppres-1030

sion (0 < α < 1) shows steady improvement over1031

the baseline (α = 0), aggressive promotion (α = 2)1032

leads to a performance degradation. This decline1033

suggests that excessive amplification of the correc-1034

tive signal may introduce over-correction artifacts,1035

potentially distorting the original semantic space1036

of the hidden states.Notably, as α continues to in-1037

crease to an extreme scale, the intervention will1038

degenerate into a form of direct decoding guided1039

solely by the t̃∗.1040

H More Case Studies about Direct1041

Decoding and Hidden State1042

Rectification1043

The qualitative examples in Fig. 9 illustrate the1044

efficacy and robustness of our proposed rectifica-1045

tion mechanism.Unlike naive constrained decoding1046

methods that force the model to output a specific1047
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Figure 8: Sensitivity analysis of the scaling factor α on
the Natural Questions (NQ) dataset. The peak at α = 1
indicates that exact neutralization of conflicting signals
achieves optimal performance.

Context: ⟨Table⟩ ⟨Tr⟩ ⟨Th⟩ Contestant ⟨/Th⟩ ... ⟨Td⟩
Amber Brauner ⟨/Td⟩ ⟨Td⟩ 37 ⟨/Td⟩ ... ⟨Td⟩ Winner March
31 ⟨/Td⟩ (truncated)
Q: winner of worst cooks in america season 5?
Gold: Amber Brauner
Direct Decoding: Lance Green
Ours (Rect.): Amber Brauner

Context: ⟨P⟩ The Super Bowl LI Halftime show took
place on February 5, 2017... headlined by Lady Gaga, who
performed a medley of her songs... (truncated)
Q: who performed the halftime show at super bowl 51?
Gold: Lady Gaga
Direct Decoding: liba Gaga performed the...
Ours (Rect.): Lady Gaga performed the...

Figure 9: Qualitative examples illustrating the efficacy
of our proposed rectification mechanism in both table-
based (top) and text-based (bottom) QA tasks.

token, our approach operates within the pure "dis- 1048

inhibition" paradigm discussed in Sec. 4.2.we do 1049

not strictly override the model’s generative process. 1050

Instead, we steer the underlying representations 1051

toward the correct semantic manifold. This distinc- 1052

tion is crucial for maintaining model robustness: 1053

even if the external knowledge or the target token 1054

selection contains slight noise, the latent space re- 1055

tains its internal linguistic coherence. 1056
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