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Abstract001

Retrieval-augmented generation (RAG) incor-002
porates external knowledge into large language003
models (LLMs), improving their adaptability to004
downstream tasks and enabling information up-005
dates. Surprisingly, recent empirical evidence006
demonstrates that injecting noise into retrieved007
relevant documents paradoxically facilitates ex-008
ploitation of external knowledge and improves009
generation quality. Although counterintuitive010
and challenging to apply in practice, this phe-011
nomenon enables granular control and rigorous012
analysis of how LLMs integrate external knowl-013
edge. Therefore, in this paper, we intervene on014
noise injection and establish a layer-specific015
functional demarcation within the LLM: shal-016
low layers specialize in local context modeling,017
intermediate layers focus on integrating long-018
range external factual knowledge, and deeper019
layers primarily rely on parametric internal020
knowledge. Building on this insight, we pro-021
pose Layer Fused Decoding (LFD), a simple022
decoding strategy that directly combines rep-023
resentations from an intermediate layer with024
final-layer decoding outputs to fully exploit the025
external factual knowledge. To identify the op-026
timal intermediate layer, we introduce an inter-027
nal knowledge score (IKS) criterion that selects028
the layer with the lowest IKS value in the lat-029
ter half of layers. Experimental results across030
multiple benchmarks demonstrate that LFD031
helps RAG systems more effectively surface032
retrieved context knowledge with minimal cost.033
The code for replication is available at https:034
//anonymous.4open.science/r/LFD/.035

1 Introduction036

Retrieval-Augmented Generation (RAG) empow-037

ers large language models (LLMs) by dynamically038

integrating external knowledge during inference,039

enabling precise adaptation to knowledge-intensive040

tasks and rapidly evolving domains (Borgeaud041

et al., 2022; Guu et al., 2020; Lewis et al., 2020a).042

As a cornerstone of context-aware generation, RAG043

has been widely deployed in real-world applica- 044

tions, including recommendation systems (Fan 045

et al., 2024; Di Palma, 2023; Ji et al., 2024) and 046

search engines (Salemi and Zamani, 2024; Xiong 047

et al., 2024). The broad applicability has spurred 048

extensive optimization efforts on dynamic knowl- 049

edge integration, including reranking strategies (Yu 050

et al., 2024; Dong et al., 2024) to prioritize rele- 051

vance, adaptive retrieval mechanisms (Asai et al., 052

2024; Jiang et al., 2023c) to minimize redundancy, 053

and graph-based architectures (He et al., 2024; 054

Edge et al., 2024; Jiang et al., 2023b) to model 055

inter-document semantic relationships. 056

Despite these advances, LLMs might underuti- 057

lize accurate external contexts, disproportionately 058

favoring internal parametric knowledge during gen- 059

eration (Sun et al., 2025b; Niu et al., 2024). This 060

overreliance risks propagating outdated informa- 061

tion or hallucinations, undermining the trustwor- 062

thiness of RAG systems. Surprisingly, recent stud- 063

ies reveal a paradoxical phenomenon: injecting 064

noise—random documents or tokens—to re- 065

trieved contexts that already contain answer- 066

relevant snippets can improve the generation ac- 067

curacy (Cuconasu et al., 2024; Sun et al., 2025a). 068

While this noise-injection approach is simple and 069

effective, its underlying influence on LLM remains 070

unclear. Furthermore, long contexts containing 071

noise documents create computational overhead. 072

Therefore, it is important to design more principled 073

strategies that can achieve similar benefits without 074

incurring excessive cost. 075

This phenomenon enables more granular control 076

and rigorous analysis of how LLMs integrate ex- 077

ternal knowledge. To investigate the underlying 078

mechanisms, we study layer-wise external knowl- 079

edge exploitation by measuring the divergence of 080

ablating answer-determining context, i.e., the spe- 081

cific text segment within retrieved documents that 082

directly supports the correct answer to a query. By 083

intervening on injecting noise and measuring its 084
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Figure 1: Illustration for layer-wise behavior in LLMs for RAG. Given a query and retrieved documents with
the correct answer (“Real Madrid”), shallow layers capture local context, middle layers focus on answer-relevant
content, while deep layers may over-rely on internal knowledge and hallucinate (e.g., “Barcelona”). Our proposal,
LFD fuses middle-layer signals into the final output to preserve external knowledge and improve accuracy.

impact on divergence patterns, we identify the rel-085

ative importance of different layers in exploiting086

external knowledge. Empirically, we find that noise087

amplifies the contribution of answer-determining088

context in middle layers, highlighting their critical089

role in integrating long-range external information.090

To further support this observation, we compare091

attention distributions across heads and layers with092

versus without answer-determining context. The093

analysis shows that attention differences peak in094

middle layers but decline in later layers, signaling095

a transition from external knowledge reliance to in-096

ternal parametric knowledge utilization. Following097

these observations, we propose a functional cate-098

gorization of LLM layers: (1) shallow layers for099

short-context modeling, (2) intermediate layers for100

external knowledge integration, and (3) deeper lay-101

ers for internal knowledge transformation. There-102

fore, when retrieved context already contains the103

correct answer, excessive dependence on internal104

knowledge in later layers introduces confounding105

effects, reducing generation accuracy, as visualized106

in Figure 1 (left).107

Based on this insight, we propose a simple de-108

coding method, Layer Fusing Decoding (LFD),109

which enhances access to external factual knowl-110

edge without introducing additional noise overhead.111

The core idea is illustrated in the right panel of112

Figure 1. LFD fuses representations from the long-113

term context retrieval layer, where external knowl-114

edge is most effectively integrated, directly into the115

final decoding layer to maximize factual ground-116

ing. To identify the appropriate layer for fusion, we117

track the model’s reliance on internal knowledge118

by measuring changes in hidden states across trans-119

former feed-forward network (FFN) layers, where120

model knowledge is primarily stored (Geva et al.,121

2021; Dai et al., 2022). Specifically, we select the122

layer exhibiting minimal internal knowledge influ-123

ence from the latter half of the model’s layers. This 124

criterion ensures that LFD captures the externally 125

grounded signal before it is overridden by paramet- 126

ric knowledge in later layers. Importantly, LFD 127

operates at inference time, requiring no post-hoc 128

fine-tuning or architectural modifications, making 129

it easily integrable into existing LLM pipelines. Fi- 130

nally, extensive empirical validation across diverse 131

model architectures and datasets demonstrates that 132

LFD delivers competitive performance relative to 133

noise-based approaches, while incurring signifi- 134

cantly lower computational overhead. 135

2 Preliminary 136

2.1 Formulation of RAG 137

In RAG systems, the generator G (typically a 138

LLM) is expected to produce accurate and well- 139

grounded responses based on retrieved documents 140

D = {d1, d2, ..., dλ}. To quantify this capability, 141

we define A = {a1, ..., aλ} as the set of key in- 142

formation extracted from D that is necessary for 143

generating an accurate answer. The performance of 144

the RAG system can be evaluated by measuring the 145

inclusion rate of A in its output response r, which 146

reflects the model’s ability to fully utilize valuable 147

documents. To produce the final response, the sys- 148

tem first encodes the query q and documents D into 149

a structured prompt through an instruction template 150

T , which instantiates the prompt P = T (q,D), 151

then the generator processes this prompt to pro- 152

duce the final response r. To optimize the gener- 153

ation process, the generator G aims to ensure that 154

all answers contained within A are included in the 155

generator’s output. The accurate answer generated 156

by G can be formalized as: 157

r = G(q,D), s.t. ∀ai ∈ A, I(r, ai) = True, (1) 158

159
where I(r, ai) = True means the answer ai is in- 160

cluded in r. 161
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Figure 2: (a) Calculation procedure for SimHidden and DiffAttn metrics; (b) Average SimHidden scores (with 95%
confidence intervals) across layers under varying noise levels (0, 4, 8, 12); (c) Average DiffAttn scores (with 95%
confidence intervals) across layers when noise level = 0.

2.2 External Knowledge Intervention in RAG162

The counterintuitive effectiveness of noise in RAG163

systems motivates a deeper investigation into layer-164

wise behavior in LLMs. To this end, we conduct an165

empirical study that contrasts layer-wise represen-166

tation dynamics under two controlled interventions:167

(1) ablation of the answer-determining context, and168

(2) injection of varying levels of noise into the169

retrieved documents. This differential analysis re-170

veals how noise modulates the model’s internal171

information flow, amplifying the influence of exter-172

nal knowledge in middle layers while mitigating173

the model’s tendency to over-rely on internal para-174

metric memory. Our findings highlight key trans-175

formation layers where noise injection helps reduce176

context-dependent fragility, providing a foundation177

for our proposed decoding strategy.178

Experimental Setup We simulate noisy level by179

adding k irrelevant Wikipedia documents Nk =180

{n1, . . . , nk} to each prompt input (Cuconasu181

et al., 2024). To analyze how external knowledge182

flows in LLMs, we generate a modified document183

set D̂, which deletes key information A from the184

original documents D. Without loss of generality,185

we assume the retrieval set D contains a single doc-186

ument, i.e., D = {d1}. By varying noise levels k,187

we analyze how external knowledge impacts differ-188

ent layers of the model by comparing two prompts:189

the original prompt P k = T (q,D,Nk) (contain-190

ing key information A) and the modified prompt191

P̂ k = T (q, D̂,Nk), shown in Figure 2(a). This192

section focuses on Llama2-7B and the NQ dataset.193

Additional results are in Appendix A.194

Quantify External Knowledge’s Influence To195

measure how external knowledge influences LLMs,196

we compare intermediate representations before197

and after removing critical information A. For each198

layer l ∈ {1, ..., L} in the model, we calculate199

the cosine similarity between the feed-forward net-200

work (FFN) outputs of the original input P k and its201

modified version P̂ k, focusing on the final prompt 202

token as 203

SimHiddenl(P
k, P̂ k) =

hl(P
k) · hl(P̂

k)

∥hl(P k)∥ · ∥hl(P̂ k)∥
, (2) 204

205where hl(P ) denotes the intermediate representa- 206

tion of layer l under prompt P . This metric reveals 207

how significantly removing A disrupts the model’s 208

contextual processing at each layer. A higher score 209

indicates the model’s understanding remains con- 210

sistent even after removing A, while a lower score 211

suggests removing A plays a critical role in shap- 212

ing the layer’s output. By analyzing this metric 213

across varying levels of noise injection (k), we can 214

assess how different noise perturbation intensities 215

affect the model’s reliance on external knowledge, 216

providing insights into how contextual information 217

is integrated across layers. 218

Additionally, since the divergence of hl(P
k) and 219

hl(P̂
k) tends to accumulate in deeper layers, we 220

further analyze attention patterns before and after 221

the removal of the answer-determining context A. 222

For each transformer layer l, we compute the aver- 223

age Jensen-Shannon Divergence (JSD) (Lin, 2002) 224

across all attention heads to quantify distributional 225

shifts in attention: 226

DiffAttnl(P
k,P̂ k)=

1

M

M∑
m=1

JSD(αl,m(P
k)∥α̂l,m(P̂ k)),(3) 227

228where αl,m(P k) denotes the softmax-normalized 229

attention distribution of head m in layer l at the 230

final token position for prompt P k. The variant 231

α̂l,m(P̂ k) is computed by filling attention scores 232

corresponding to answer-determining context A 233

with −∞ before softmax normalization, thereby 234

preserving the relative distribution over remaining 235

tokens in modified prompt P̂ k. Larger divergence 236

scores indicate that the external knowledge A sig- 237

nificantly influences the model’s attention. Note 238

that we concentrate on intervention of noise-free 239

models (where k = 0), we compare the original 240

prompts P 0 with their intentionally altered coun- 241

terparts P̂ 0. 242
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Figure 3: The proposed LFD includes two key components: (1) A dynamic layer selection method using IKS to
pinpoint the most impactful layers for integrating external retrieval knowledge. (2) A knowledge fusion mechanism
that merges external information with the model’s predictions after adaptive filtering to ensure alignment with the
model’s reasoning.

Analysis and Conclusion The quantified im-243

pacts of external knowledge, as depicted in Fig-244

ure 2(b-c), lead to the following observations and245

conclusions: (1) The early layers (1-14) pri-246

marily perform short-context modeling, which247

means they focus more on capturing local token248

relationships rather than integrating global con-249

textual information. This manifests through two250

key observations: the hidden state similarity re-251

mains relativly high across all noise conditions252

and the attention divergence also stay constantly253

low compared to other layers. (2) The mid-254

dle layers (15-26) demonstrate long-term con-255

text retrieval capabilities, as evidenced by two256

complementary patterns: a progressive decline in257

SimHiddenl(P k, P̂ k) (Figure 2 (b)) and a corre-258

sponding increase in DiffAttnl (Figure 2 (c)). This259

dual evidence indicates these layers’ heightened260

sensitivity to the removal of A and their capac-261

ity for comprehensive global context integration.262

Meanwhile, an increasing noise level, especially263

when k ≥ 8, leads to greater discrepancies in264

hidden state similarity, suggesting that a certain265

amount of noise can enhance the model’s focus on266

A, thereby improving answer accuracy. (3) The267

deeper layers (27-32) exhibit characteristics of268

parametric knowledge utilization. As we can ob-269

serve, hidden state similarity does not continue to270

decrease as the model depth increases, instead, it271

shows a rebound, with SimHidden increasing by a272

maximum of 0.1. Meanwhile, attention divergence,273

after peaking at layer 21, also exhibits a moderate274

decline, with DiffAttn decreasing by a maximum275

of approximately 0.06. This indicates that the role276

of internal knowledge may be enhanced, as the277

model may focus more on processing the already278

captured contextual information rather than contin-279

uing to attend to external knowledge. These ob- 280

servations motivate us to design our own methods 281

to better leverage external knowledge with inter- 282

nal representations, thereby improving the model’s 283

performance in RAG systems. 284

3 Layer Fused Decoding 285

This section present LFD, a framework designed to 286

improve how external knowledge is integrated into 287

model predictions while retaining accuracy. Our 288

approach has two core components: (1) A dynamic 289

external knowledge layer identification strategy, 290

which automatically selects the most impactful 291

layer for integrating retrieved context. This selec- 292

tion is guided by Internal Knowledge Scores (IKS), 293

which measure how strongly each layer reflects 294

the model’s parametric knowledge. (2) An exter- 295

nal knowledge fused decoding mechanism, which 296

merges external knowledge representations with 297

the model’s final output. An adaptive filtering step 298

precedes fusion to ensure the incorporated informa- 299

tion complements the model’s reasoning. Figure 3 300

illustrates the complete workflow of our approach. 301

3.1 Dynamic External Knowledge Layer 302

Identification 303

Effective integration of retrieval-based knowledge 304

requires identifying layers that are responsive to ex- 305

ternal context while minimally influenced by inter- 306

nal parametric knowledge. To this end, we quantify 307

the influence of internal knowledge across layers 308

and select candidate layers based on the external 309

information integration. 310

Internal Knowledge Score Recent advances in 311

transformer interpretability reveal that FFN lay- 312

ers function as specialized knowledge reposito- 313

ries in LLMs (Geva et al., 2021; Dai et al., 2022). 314

To quantify how different layers utilize this inter- 315
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nal knowledge, we design the Internal Knowledge316

Score (IKS), a metric that captures layer-specific317

knowledge transformations. Given an input prompt318

P , let hin
l (P ) ∈ Rd and hout

l (P ) ∈ Rd denote the319

input and output activations of the l-th FFN layer.320

We project these vectors into the vocabulary space321

via LogitLens (Belrose et al., 2023) of LLMs, pa-322

rameterized by WLM ∈ Rd×|V |, as follows:323

pin
l = softmax(WLMh

in
l (P )),

pout
l = softmax(WLMh

out
l (P )).

(4)324

325 The IKS for layer l is defined as the JSD divergence326

between these distributions as327

IKSl(P ) = JSD(pin
l ∥ pout

l ). (5)328

329
This divergence quantifies the parametric knowl-330

edge impact of FFN layers, where higher IKS indi-331

cates greater transformation in the residual stream332

and stronger reliance on internal knowledge.333

External Knowledge Layer Selection To iden-334

tify the optimal layer for leveraging context-derived335

factual knowledge during inference, we propose336

two principled criteria for layer selection: (1) Inte-337

gration of Late-Stage Layers: We integrate the lat-338

ter half of the LLM’s layers for final decoding. This339

choice is motivated by the observation that early340

layers predominantly focus on short-context mod-341

eling, with limited capacity to capture contextual342

dependencies. The integration of external knowl-343

edge becomes progressively stronger in middle-to-344

late layers (as analyzed in Section 2.2). (2) Low-345

est IKS Layer Selection: Within the subset of346

late-stage layers, we select the layer exhibiting the347

lowest IKS score. This layer strikes a balance by re-348

taining sufficient external contextual signals while349

substantially mitigating distortion of the model’s350

inherent knowledge representations. By selecting351

these layers, we maximize the exploitation of re-352

trieval context before the dominance of internal353

parametric knowledge obscures external signals.354

Empirical validation further confirms the efficacy355

of this strategy (detailed in Section 4.3).356

3.2 External Knowledge Fused Decoding357
We propose an intervention-aware fusion frame-358

work that dynamically integrates intermediate rep-359

resentations from layer i (identified via IKS scor-360

ing) with the final layer’s predictions. To estab-361

lish distributional coherence between these com-362

plementary knowledge sources, we first compute363

normalized log-probabilities through log softmax364

transformation:365

p̃out
i = log softmax(WLMh

out
i (P )),

p̃out
L = log softmax(WLMh

final
L (P ))

(6)366

367where WLMhout
i (P ) and WLMhout

L (P ) denote the 368

raw logits from the intervention layer and final 369

layer respectively. To mitigate noise amplification 370

from early layer predictions while preserving crit- 371

ical external knowledge signals, we implement a 372

dynamic gating mechanism inspired by (Li et al., 373

2022): 374

f̃i(t) =

{
p̃out
i (t) + p̃out

L (t), if p̃out
i (t) ≥ Γ

−∞, otherwise,
(7) 375

376Within this gating mechanism, the threshold is for- 377

mulated as Γ = min{τ ·max(p̃out
L ),max-s(p̃out

L )}. 378

Here, max(·) and max-s(·) denote the maximum 379

and s-th maximum values of the final output layer 380

logits p̃out
L , respectively, and τ ∈ [0, 1] is a hyperpa- 381

rameter that controls the truncation aggressiveness 382

to filter out low-probability tokens. The final de- 383

coding distribution, derived via normalized fusion 384

fi = softmax(f̃i), enables synergistic knowledge 385

transfer between layers, preserving the final layer’s 386

discriminative capacity to balance the integration 387

of external knowledge with the model’s inherent 388

confidence. 389

4 Experiments 390

4.1 Experiment Setup 391

Datasets and Metircs Building on related 392

works (Cuconasu et al., 2024; Wu et al., 2024; 393

Jeong et al., 2024), our evaluation encompasses 394

both single-hop and multi-hop QA tasks. Single- 395

hop performance is measured using the widely- 396

used Natural Questions (NQ) (Kwiatkowski et al., 397

2019) and RGB (Chen et al., 2024a) benchmarks, 398

which comprise real-world queries. Turning to 399

multi-hop QA, we select HotpotQA (Yang et al., 400

2018) and 2WikiMultihopQA (Ho et al., 2020), en- 401

abling evaluation of complex reasoning types such 402

as comparison and composition. Across all tasks, 403

we report accuracy as the primary metric. More de- 404

tails of the datasets and metrics are in Appendix B. 405

Baselines To demonstrate its broad effective- 406

ness, we evaluate LFD across four widely used 407

LLMs: Llama2-7B (Touvron et al., 2023), Mistral- 408

7B (Jiang et al., 2023a), DeepSeek-7B (Bi et al., 409

2024), and Qwen3-8B (Team, 2025). We further 410

benchmark LFD against three established decoding 411

strategies: (1) Greedy Decoding (GD) employs 412

standard autoregressive decoding. We augment GD 413

with varying numbers of noise documents, denoted 414

as GD (0), GD (4), GD (8), and GD (12). (2) Con- 415

trastive Search (CS) (Su et al., 2022) balances 416

response quality and diversity to encourage more 417

coherent outputs. (3) Decoding by Contrasting 418
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NQ RGB HotpotQA 2WikiMultihopQA

Compare Bridge Total Compare Bridge Inf Compose Total

Llama2-7B

GD (0) 0.5745 0.8900 0.4755 0.4108 0.4237 0.3095 0.2815 0.2607 0.2928 0.2904
GD (4) 0.5559 0.8267 0.5084 0.4049 0.4257 0.2559 0.2564 0.2048 0.2405 0.2433
GD (8) 0.5965 0.8300 0.5091 0.4096 0.4317 0.3257 0.2983 0.2789 0.2995 0.3030
GD (12) 0.6383 0.8200 0.5286 0.4236 0.4447 0.3204 0.3202 0.2646 0.2943 0.3027
CS 0.5775 0.8567 0.4284 0.4049 0.4096 0.2800 0.2462 0.2464 0.2866 0.2712
DoLA 0.5809 0.8733 0.4438 0.3883 0.3995 0.2738 0.2411 0.2289 0.2592 0.2550
LFD (Random) 0.5928 0.8900 0.4385 0.4295 0.4313 0.3065 0.2845 0.2744 0.3066 0.2978
LFD 0.5949 0.9067 0.5453 0.4295 0.4528 0.3174 0.3005 0.3043 0.3232 0.3144

Mistral-7B

GD (0) 0.6130 0.8900 0.5864 0.5889 0.5884 0.5518 0.5204 0.5605 0.5337 0.5385
GD (4) 0.5667 0.8033 0.5494 0.5348 0.5377 0.3681 0.3443 0.3173 0.3296 0.3406
GD (8) 0.5678 0.7700 0.5326 0.5260 0.5273 0.2963 0.2874 0.2503 0.2582 0.2728
GD (12) 0.5814 0.8267 0.5440 0.5461 0.5457 0.3098 0.2888 0.2503 0.2655 0.2795
CS 0.5598 0.7433 0.4149 0.5117 0.4922 0.4346 0.3873 0.4486 0.4740 0.4423
DoLA 0.6142 0.8900 0.5931 0.5870 0.5883 0.5366 0.5018 0.5572 0.5239 0.5262
LFD (Random) 0.6270 0.9133 0.5985 0.6016 0.6009 0.5687 0.5317 0.5767 0.5506 0.5541
LFD 0.6357 0.9367 0.6026 0.6093 0.6079 0.5813 0.5434 0.5982 0.5645 0.5680

DeepSeek-7B

GD (0) 0.5250 0.8233 0.3282 0.4033 0.3883 0.2625 0.2414 0.2663 0.2609 0.2609
GD (4) 0.5216 0.8300 0.3968 0.4437 0.4343 0.2807 0.2939 0.2744 0.2730 0.2796
GD (8) 0.5226 0.8800 0.4506 0.4579 0.4564 0.3578 0.3603 0.3407 0.3463 0.3515
GD (12) 0.5204 0.8933 0.4573 0.4618 0.4609 0.3701 0.3705 0.3349 0.3614 0.3622
CS 0.5322 0.8000 0.4028 0.4584 0.4472 0.3929 0.3833 0.3888 0.4077 0.3964
DoLA 0.3755 0.5033 0.3490 0.3003 0.3100 0.3039 0.3118 0.2484 0.2594 0.2803
LFD (Random) 0.4858 0.6700 0.3847 0.3734 0.3757 0.3466 0.3563 0.3277 0.3320 0.3403
LFD 0.5412 0.8267 0.4801 0.4466 0.4533 0.4492 0.4227 0.4194 0.4223 0.4285

Qwen3-8B

GD (0) 0.7318 0.9571 0.6960 0.6708 0.6759 0.6637 0.6335 0.5897 0.6085 0.6250
GD (4) 0.7213 0.9467 0.6658 0.6544 0.6567 0.6044 0.5729 0.4948 0.5268 0.5517
GD (8) 0.7233 0.9500 0.6584 0.6568 0.6571 0.6117 0.5780 0.5078 0.5370 0.5605
GD (12) 0.7133 0.9533 0.6530 0.6582 0.6571 0.6146 0.5722 0.5052 0.5462 0.5634
CS 0.7204 0.9533 0.7081 0.6762 0.6826 0.6468 0.6204 0.5754 0.6015 0.6134
DoLA 0.7168 0.9533 0.7014 0.6703 0.6766 0.6485 0.6058 0.5650 0.5929 0.6057
LFD (Random) 0.7357 0.9567 0.7108 0.6935 0.6970 0.6627 0.6334 0.6014 0.6136 0.6289
LFD 0.7380 0.9600 0.7182 0.6974 0.7016 0.6663 0.6342 0.6034 0.6148 0.6301

Table 1: The accuracy performance comparison of different methods on four datasets. Compare, Bridge, Inf,
and Compose represent distinct reasoning question types (details in Appendix B). Bold values indicate the best
performance, while underlined values represent the second-best.

Layers (DoLA) (Chuang et al., 2024) is a con-419

trastive decoding approach that reduces halluci-420

nations by comparing predictions across different421

model layers. (4) LFD (Random) is a variant of422

LFD that randomly selects an intermediate layer423

to fuse during the final decoding stage. Implemen-424

tation details are provided in Appendix C.425

4.2 Main Results426

Table 1 summarizes the accuracy of RAG based427

on four different models across four QA datasets.428

From the table, we have the following observations:429

(1) LFD matches or exceeds the performance430

of noise-injection strategies. We can see our431

method demonstrates consistent performance gains,432

ranging from minimal 0.29% (Qwen3-8B, RGB)433

to maximal 16.76% (DeepSeek-7B, 2WikiMul-434

tihopQA) improvement. Injecting noise, i.e.,435

GD (12), shows performance gains on some436

datasets and models, with the highest improvement437

being 10.13% (DeepSeek-7B, 2WikiMultihopQA).438

However, it significantly degrades performance for439

Mistral-7B and Qwen3-8B across all datasets, lead-440

ing to a notable reduction in accuracy (maximum441

∆ = −26.57% on Mistral-7B). Additionally, our442

method also achieves significantly lower compu-443

tational overhead than noise-injection strategies444

(see Appendix D).445

(2) LFD outperforms decoding strategies with-446

out noise injection. Compared to alternative de-447

coding methods, LFD consistently delivers su- 448

perior performance. While methods like DoLA 449

and CS show strong results in specific cases, e.g., 450

achieving 1.94% and 13.55% gains on DeepSeek- 451

7B with the 2WikiMultihopQA dataset, they occa- 452

sionally underperform even relative to the greedy 453

decoding baseline. In particular, DoLA shows the 454

largest decline of 30% on DeepSeek-7B with the 455

RGB dataset, while CS exhibits a maximum drop of 456

14.57% on Mistral-7B with the RGB dataset. These 457

results indicate that both strategies are sensitive to 458

specific model architectures or data characteris- 459

tics. Additional comparisons of these methods 460

under different noise levels and the case study 461

are provided in Appendix E and Appendix H, 462

respectively. 463

(3) The fusion layer selection plays a critical role 464

for RAG. Our dynamic layer selection strategy con- 465

sistently outperforms the random approach, with an 466

average improvement of 3.11%, particularly achiev- 467

ing a 15.67% gain on DeepSeek-7B/RGB, demon- 468

strating its efficacy. 469

4.3 Analysis Experiments 470

Effects of late-stage layer Integration We as- 471

sess how different layer selection ranges affect per- 472

formance using Llama2-7B and Mistral-7B across 473

four benchmark datasets in Table 2. As Table 2 474

shows, our approach (selecting from layers 16–32) 475

consistently achieves higher accuracy than select- 476
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NQ RGB HotpotQA 2WikiMultihopQA

Compare Bridge Total Compare Bridge Inf Compose Total

Llama2-7B

GD (0) 0.5745 0.8900 0.4755 0.4108 0.4237 0.3095 0.2815 0.2607 0.2928 0.2904
LFD[0, 16) 0.5758 0.8833 0.4371 0.4027 0.4096 0.2956 0.2582 0.2529 0.2739 0.2731
LFD[0, 32) 0.5957 0.9067 0.4586 0.4208 0.4284 0.3181 0.3038 0.3004 0.3237 0.3151
LFD[16, 32) 0.5949 0.9067 0.5454 0.4295 0.4528 0.3174 0.3005 0.3043 0.3232 0.3144

Mistral-7B

GD (0) 0.6130 0.8900 0.5864 0.5889 0.5884 0.5518 0.5204 0.5605 0.5337 0.5385
LFD[0, 16) 0.6081 0.8867 0.5864 0.5919 0.5908 0.5551 0.5218 0.5650 0.5402 0.5429
LFD[0, 32) 0.6344 0.9367 0.5938 0.5994 0.5982 0.5842 0.5492 0.5917 0.5639 0.5690
LFD[16, 32) 0.6357 0.9367 0.6026 0.6093 0.6079 0.5813 0.5434 0.5982 0.5645 0.5680

Table 2: Comparison of accuracy between different layer selection ranges under dynamic layer selection strategy.
Bold indicate the best performance, while underline represent the second-best. LFD[0, 16) and LFD[16, 32) mean
selecting layers from the earlier and later half respectively.

ing from earlier layers (layers 0-16), with an aver-477

age gain of 3.01%. Notably, our approach provides478

marginal accuracy gains (≤0.1%) over full-range479

selection (layers 0-32), which indicates the advan-480

tage of the proposed layer selection strategy. These481

results demonstrate the greater efficacy of deeper482

layers for utilizing knowledge in RAG. Results for483

DeepSeek-7B and Qwen3-8B are provided in Ap-484

pendix F.485

Effects of the lowest IKS layer selection We486

evaluate the effectiveness of the lowest IKS layer487

selection on the NQ and HotpotQA datasets. Ex-488

tended results across models and datasets appear489

in Appendix G. First, we compare our dynamic490

strategy with fixed-layer selection LFD (Fixed) in491

Figure 4(a-b). Second, we analyze the distribution492

of dynamical layer selections against the optimal493

fixed-layer baseline on NQ (Figure 4(c)).494

Key findings emerge: (1) Fixed-layer selection495

requires dataset-specific validation for optimal-496

ity. While fixed-layer achieves peak performance497

at layer 24 − 26 (NQ) and layer 22 (HotpotQA),498

these layers differ across datasets, necessitating ex-499

tra validating datasets. (2) The lowest IKS tends500

to achieve near-optimal performance with small501

margins. Compared to the best fixed-layer results,502

the lowest IKS exhibits performance gaps of only503

1.8% (NQ) and 0.2% (HotpotQA), demonstrating504

robust generalization without dataset-specific tun-505

ing. (3) Dynamic layer selection concentrates506

near the optimal fixed-layer. For NQ dataset, the507

lowest IKS selections cluster around layer 26 (Fig-508

ure 4(c)), aligning closely with the optimal fixed509

layer despite stochasticity.510

Effects of Conflicting Documents Real-world511

retrieval often involves conflicting documents,512

which are semantically similar to the query but513

do not contain the correct answer (Cuconasu et al.,514

2024). Following (Chen et al., 2024a), we utilize515

the RGB dataset with five documents per prompt516

and vary the ratio of conflicting documents from517

0 0.2 0.4 0.6 0.8

Llama2-7B GD (0) 0.9267 0.9167 0.9167 0.8933 0.8500
LFD 0.9267 0.9167 0.9167 0.8967 0.8833

Mistral2-7b GD (0) 0.8933 0.8933 0.8867 0.8867 0.8367
LFD 0.9567 0.9333 0.9233 0.9167 0.8800

Table 3: Accuracy comparison under varying ratios
of conflicting documents (from 0 to 0.8) on the RGB
dataset. Bold values indicate the best performance.

NQ HotpotQA

Glm4-9B GD (0) 0.7980 0.6620
LFD 0.8280 0.7340

Llama2-13B GD (0) 0.6500 0.5940
LFD 0.7280 0.5980

Qwen3-32B GD (0) 0.8440 0.7660
LFD 0.8480 0.7780

Table 4: Comparison of accuracy across different larger
models on the NQ and HotpotQA datasets. Bold values
indicate the best performance.

0 to 0.8. As shown in Table 3, LFD consistently 518

outperforms GD (0), demonstrating its robustness 519

when encountering misleading interference. 520

Results for Larger Models Following the same 521

experimental setup (Section 4.1), We extend our 522

evaluation to larger models on NQ and HotpotQA. 523

As shown in Table 4, LFD consistently yields sig- 524

nificant gains (e.g., +7.8% on Llama2-13B for NQ). 525

5 Related Works 526

5.1 Retrieval Augmented Generation 527

Retrieval-Augmented Generation (RAG) enhances 528

model reasoning by integrating relevant external 529

knowledge retrieved through user queries. Recent 530

advances focus on three directions: refined retrieval 531

mechanisms (Jeong et al., 2024; Chan et al., 2024), 532

structured knowledge organization (Procko and 533

Ochoa, 2024; Baek et al., 2023), and optimized con- 534

text embedding (Hu et al., 2024; Sahoo et al., 2024). 535

Self-RAG (Asai et al., 2024) and FLARE (Jiang 536

et al., 2023c) achieve adaptive retrieval through 537

self-evaluation and uncertainty prediction respec- 538

tively, dynamically optimizing knowledge acqui- 539

sition. GraphRAG (He et al., 2024; Edge et al., 540
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Figure 4: Comparison between LFD and LFD (Fixed) on the NQ (a) and HotpotQA (b) datasets. (c) illustrates the
layer selection distribution in LFD compared to the optimal fixed layer selection.

2024; Jiang et al., 2023b) advances reasoning capa-541

bilities by constructing document-derived knowl-542

edge graphs that capture semantic relationships543

for multi-hop inference. Embedding optimizations544

include noise injection (Cuconasu et al., 2024;545

Wu et al., 2024) to counter overfitting through546

strategic low-relevance document insertion, and547

context re-ranking (Yu et al., 2024; Dong et al.,548

2024) that prioritizes high-utility knowledge via549

learned document scoring. While these methods550

enhance knowledge orchestration through pipeline551

improvements, they systematically neglect the in-552

ternal mechanisms through which LLMs process553

external information during generation. Our work554

bridges this fundamental gap by surfacing strati-555

fied knowledge integration patterns across LLM’s556

layers through systematic layer-wise analysis.557

5.2 Decoding Strategy in LLMs558

Decoding strategies are pivotal in transforming raw559

model probabilities into coherent text outputs, crit-560

ically influencing the quality and factual integrity561

of LLM generations (Shi et al., 2024). While tra-562

ditional methods like greedy decoding and beam563

search (Meister et al., 2020; Xie et al., 2023) remain564

prevalent, recent work has introduced advanced565

techniques to address their limitations. Contrastive566

search (CS) (Su et al., 2022) balances diversity and567

coherence by selecting tokens through a weighted568

combination of probability and semantic dissimilar-569

ity to preceding context, mitigating repetition while570

preserving fluency. Simple Decoding (FSD) (Yang571

et al., 2024) suppresses redundant patterns by dy-572

namically constructing an anti-language model to573

penalize overused token sequences. DoLa (Chuang574

et al., 2024) addresses hallucinations by contrasting575

later-layer logit distributions with earlier ones, pri-576

oritizing factually consistent predictions. Building577

on these advances, we propose a novel decoding578

strategy for RAG that dynamically balances exter-579

nal retrieved knowledge with the model’s internal580

parametric knowledge, enhancing factual accuracy581

by mitigating interference from outdated or con-582

flicting internal representations. 583

5.3 Hallucinations in LLMs 584

Hallucinations in LLMs refer to instances where 585

the model generates false or unsupported informa- 586

tion not grounded in its reference data (Perković 587

et al., 2024). Existing mitigation strategies in- 588

clude multi-agent debating, where multiple LLM 589

instances collaborate to detect inconsistencies 590

through iterative debates (Chen et al., 2024b; Du 591

et al., 2023); self-consistency verification, which 592

aggregates and reconciles multiple reasoning paths 593

to reduce individual errors (Wang et al., 2022); 594

and model editing, which which directly modifies 595

neural network weights to correct systematic fac- 596

tual errors (Zhang et al., 2024; Hartvigsen et al., 597

2023). While RAG systems aim to ground re- 598

sponses in retrieved external knowledge, recent 599

studies show that they still exhibit hallucinations, 600

especially those that contradict the retrieved con- 601

tent (Sun et al., 2025b). To address this limitation, 602

our work conducts an empirical study analyzing 603

how LLMs internally process external knowledge 604

in RAG settings by controlling the noise from dif- 605

ferent granularity. Based on these findings, we 606

propose a novel decoding method designed to im- 607

prove answer accuracy and reduce hallucination by 608

enhancing the integration of retrieved evidence. 609

6 Conclusion 610

By analyzing how noise injection amplifies exter- 611

nal knowledge exploitation in LLMs, we establish a 612

functional demarcation across LLMs’ layers: shal- 613

low (local context), intermediate (external knowl- 614

edge), and deep (internal parametric knowledge). 615

Leveraging this, we propose LFD, a training-free 616

decoding strategy that fuses intermediate-layer rep- 617

resentations to enhance external knowledge integra- 618

tion in final outputs via a the lowest internal knowl- 619

edge score to pinpoint the ideal fusion layer. Exper- 620

iments across diverse benchmarks demonstrate that 621

LFD enhances factual grounding in RAG systems 622

while incurring minimal computational overhead. 623
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Limitations624

Our work has the following two main limitations.625

First, LFD occasionally yields slightly lower626

gains than GD(12). However, it maintains consis-627

tent superiority over GD(0) in every experimental628

configuration. More importantly, LFD achieves629

these results with only 1/10 of the context tokens630

and 0.4x the latency of GD(12) (see AppendixD).631

This superior computational efficiency, combined632

with its stable performance, underscores the overall633

effectiveness of LFD.634

Second, While noise-enhanced RAG has proven635

effective (Cuconasu et al., 2024; Sun et al., 2025a),636

a rigorous theoretical justification for its success637

remains unclear. Our study utilizes noise primarily638

as an intervention tool to analyze layer-specific ef-639

fects, leading to the development of LFD to bypass640

costly augmentation. Theoretical exploration of641

such noise-driven improvements remains a promis-642

ing direction for future research.643
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A Comprehensive Analysis of External975

Knowledge Intervention in RAG976

In this section, we expand our analysis by incorpo-977

rating a multi-hop question answering dataset Hot-978

potQA to further quantify the impact of external979

knowledge. As shown in Figure 5, LLaMA2-7B980

exhibits a consistent three-stage pattern of knowl-981

edge utilization across layers, as reflected by the982

SimHidden scores: early layers (1–14), middle983

layers (15–26), and deeper layers (27–32). This984

stratification is further supported by the DiffAttn985

scores, which peak at layer 21 and remain lower in986

both ealier and latter layers, reinforcing the validity987

of the three-stage division.988

To assess the generality of this phenomenon,989

we evaluate a diverse set of models across vari-990

ous architectures and scales. Specifically, we in-991

clude models with different architectural designs:992

Mistral-7B, DeepSeek-7B, and Qwen3-8B. Results993

are shown in Figures 6–8. Despite these archi-994

tectural variations, all models exhibit a consis-995

tent three-phase trend in SimHidden scores and996

a middle-peak pattern in DiffAttn scores across997

both the NQ and HotpotQA datasets (e.g., for998

Mistral-7B on NQ, the three phases span layers999

1–14, 15–29, and 30–32, with the DiffAttn peak1000

occurring at layer 20). This consistency extends to1001

larger scales, such as Llama2-13B and Qwen3-32B1002

(Figures 9–10).1003

B Details About Datasets and Metrics1004

Following the experimental setups of (Cuconasu1005

et al., 2024; Wu et al., 2024; Jeong et al., 2024),1006

we evaluate our approach across following datasets:1007

(1) Natural Questions (NQ) (Kwiatkowski et al., 1008

2019), a large-scale QA dataset based on real 1009

Google search queries. (2) RGB (Chen et al., 1010

2024a), a RAG benchmark that evaluates models’ 1011

ability to utilize retrieved information, focusing 1012

on noise robustness, negative rejection, informa- 1013

tion integration, and counterfactual robustness. We 1014

use its English test set for evaluation. (3) Hot- 1015

potQA (HQA) (Yang et al., 2018), which requires 1016

multi-hop reasoning over multiple documents, fea- 1017

turing both compare and bridge question types: 1018

compare questions involve contrasting information 1019

from multiple sources, while bridge questions re- 1020

quire connecting intermediate facts, both necessi- 1021

tating the synthesis of external documents with the 1022

model’s internal knowledge. We evaluate all meth- 1023

ods on their dev set, reporting results under the 1024

categories Compare, Bridge, and Total in the main 1025

results table. (4) 2WikiMultihopQA (2WQA) (Ho 1026

et al., 2020), which presents a more challenging 1027

multi-hop QA scenario with four distinct task types: 1028

comparison (comparing information), bridge com- 1029

parison (connecting intermediate facts for compar- 1030

ison), inference (deriving conclusions), and com- 1031

positional (integrating multiple facts). We use its 1032

dev set for evaluation, reporting separate perfor- 1033

mance for each question type (denoted as Comapre, 1034

Bridge, Inf, Compose and Total) in the experimen- 1035

tal results. 1036

Regarding the experimental data, since each 1037

sample in the aforementioned benchmark datasets 1038

is accompanied by multiple retrieved documents, 1039

we construct the input context using these docu- 1040

ments, supplemented with golden documents, i.e., 1041

the ground-truth passages that contain the infor- 1042

mation necessary to answer the question. This 1043

setup, following prior work (Lewis et al., 2020b; 1044

Cuconasu et al., 2024; Krishna et al., 2025; Park 1045

et al., 2025), allows us to evaluate the model’s abil- 1046

ity to effectively leverage external knowledge when 1047

it is explicitly provided in the input context. To con- 1048

struct the noise document set for each sample, we 1049

consider all documents within the corresponding 1050

dataset. We utilize the all-MiniLM-L6-v2 model to 1051

retrieve documents from this collection that exhibit 1052

the lowest relevance scores relative to the query of 1053

the given sample. 1054

We use accuracy as our primary evaluation met- 1055

ric. For the NQ and RGB datasets, which include 1056

samples with multiple acceptable answer variants 1057

(e.g., alternative phrasings of the same concept), 1058

we follow the evaluation protocol established in 1059
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(a) SimHidden (Smaller is better) on HotpotQA dataset.
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(b) DiffAttn (Larger is better) on HotpotQA dataset.

Figure 5: (a) Average SimHidden scores (with 95% confidence intervals) across layers when noise level = 0; (b) Aver-
age DiffAttn scores (with 95% confidence intervals) across layers when noise level = 0. Results are from Llama2-7B
on HotpotQA dataset.

Input Latency Throughput GPU Memory
Length (ms) (tokens/s) (MB)

GD (0) 239 (×1.00) 42.23 (×1.00) 24.29 (×1.00) 144.05 (×1.00)

GD (4) 958 (×4.01) 73.42 (×1.74) 14.95 (×0.62) 572.23 (×3.97)

GD (8) 1675 (×7.01) 97.99 (×2.32) 11.92 (×0.49) 997.81 (×6.93)

GD (12) 2396 (×10.02) 129.67 (×3.07) 9.31 (×0.38) 1426.87 (×9.91)

DoLA 239 (×1.00) 49.66 (×1.18) 20.58 (×0.85) 201.00 (×1.39)

LFD 239 (×1.00) 52.25 (×1.24) 19.56 (×0.81) 203.15 (×1.41)

Table 5: Input Length, Decoding Latency (ms),
Throughput (tokens/s), and GPU Overhead (MB).

(Cuconasu et al., 2024; Kandpal et al., 2023; Liu1060

et al., 2024). A model’s response is marked correct1061

if it matches any annotated ground-truth answer.1062

C Implementation details1063

Both LFD and DoLA require the implementation1064

of dynamic layer selection strategies. For LFD, we1065

prioritize layers in the latter half of the architec-1066

ture (e.g., layers 16–32 for 32-layer models like1067

Llama2-7B and Mistral-7B). In contrast, DoLA se-1068

lects layers across the entire depth (layers 0–32)1069

based on divergence from the final layer’s predic-1070

tions. Similar configurations apply to DeepSeek-1071

7B (30 layers: LFD uses 15–30; DoLA uses 0–30)1072

and Qwen3-8B (36 layers: LFD uses 18–36; DoLA1073

uses 0–36). Following DoLA’s convention, we re-1074

strict candidates to even-numbered layers within1075

these ranges for efficiency. Contrastive Search uses1076

a degeneration penalty α = 0.6 and top-k candi-1077

date size k = 5, adopting the parameters from (Su1078

et al., 2022). Regarding the gating mechanism in1079

LFD, we set the hyperparameter τ = 0.1 following1080

the configuration in (Li et al., 2022)1081

D Latency, Throughput & Memory Usage 1082

We compare the decoding latency, throughput, and 1083

GPU overhead between LFD and the greedy decod- 1084

ing method (with varying levels of noise), and the 1085

experimental results are illustrated in Table 5. The 1086

results demonstrate that, compared to the noise- 1087

injection baselines, LFD exhibits advantage in 1088

terms of decoding time and memory overhead. Fur- 1089

thermore, when compared to noise-free decoding 1090

baseline DoLA, our approach incurs just 1.05× 1091

the latency and 1.01× the memory usage, keeping 1092

efficiency on par with state-of-the-art decoding 1093

methods. 1094

E Noise Injection Analysis for CS, DoLA, 1095

and LFD 1096

To investigate the performance of different decod- 1097

ing strategies under varying noise conditions, we 1098

introduce controlled noise levels (4, 8, and 12) to 1099

CS, DoLA, and LFD. Experiments are conducted 1100

using LLaMA2-7B and Mistral-7B on the NQ and 1101

HotpotQA datasets, respectively. As shown in Ta- 1102

ble 6 and Table 7, LFD generally achieves higher 1103

accuracy than other decoding methods under vari- 1104

ous noise levels, indicating comparatively stronger 1105

robustness to noise. Notably, a significant improve- 1106

ment in LFD’s accuracy is observed under mod- 1107

erate noise conditions. For example, on the NQ 1108

dataset using LLaMA2-7B, applying noise level 12 1109

yields a 6.7%accuracy gain compared to the noise- 1110

free setting. This suggests that controlled noise 1111

exposure can further improve the performance of 1112

LFD. 1113
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(a) SimHidden (Smaller is better) on NQ dataset.
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(b) DiffAttn (Larger is better) on NQ dataset.
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(c) SimHidden (Smaller is better) on HotpotQA dataset.

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31
Layer

0.00

0.05

0.10

0.15

0.20

Je
ns

en
-S

ha
nn

on
 D

iv
er

ge
nc

e Noise Level 0
(mean with 95% CI)

(d) DiffAttn (Larger is better) on HotpotQA dataset.

Figure 6: (a) Average SimHidden scores (with 95% confidence intervals) across layers when noise level = 0; (b) Aver-
age DiffAttn scores (with 95% confidence intervals) across layers when noise level = 0. Results are from Mistral-7B
on NQ dataset and HotpotQA dataset.

F Ablation Study on Layer Selection1114

Range with DeepSeek-7B and1115

Qwen3-8B1116

To complement the layer selection range analysis in1117

Section 4.3, we extend our experiments to include1118

DeepSeek-7B and Qwen3-8B models across four1119

datasets: NQ, RGB, HotpotQA, and 2WikiMulti-1120

hopQA. As shown in Table 8, our findings remain1121

consistent with those presented in Table 2, demon-1122

strating that selecting layers from the latter half of1123

the model consistently yields superior performance1124

compared to earlier ranges.1125

G Evaluating IKS Score Effectiveness1126

Across Different Models and Datasets1127

To further validate the effectiveness of the low-1128

est IKS layer selection discussed in Section 4.3,1129

we conduct additional evaluations using models:1130

Mistral-7B, DeepSeek-7B, and Qwen3-8B. Our ex-1131

periments encompass both a single-hop QA dataset1132

(NQ) and a multi-hop QA dataset (HotpotQA). The1133

complete results are presented in Figures 11–13.1134

H Case Studies 1135

We provide some case studies using the Llama2-7B 1136

model across four benchmark datasets: NQ, RGB, 1137

HotpotQA, and 2WikiMultihopQA. As shown in 1138

Tables 9–12, our method enables the model to bet- 1139

ter adhere to the provided context and correctly 1140

identify answers within the given information. 1141

I Computational Details 1142

All experiments are performed on a GPU- 1143

accelerated computing system equipped with 1144

NVIDIA GeForce RTX 3090 graphics processors 1145

(24GB GDDR6X VRAM each), supported by dual 1146

Intel Xeon Gold 6271C CPUs (2.6GHz base fre- 1147

quency, 48 cores total) and 251GB of system mem- 1148

ory. 1149

J The License For Artifacts and Data 1150

Consent 1151

All models and datasets used in this work are 1152

publicly available artifacts released for academic 1153

research. Regarding model licenses, Llama-2 1154

14
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(a) SimHidden (Smaller is better) on NQ dataset.
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(b) DiffAttn (Larger is better) on NQ dataset.

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29
Layer

0.94

0.95

0.96

0.97

0.98

0.99

1.00

Co
sin

e 
Si

m
ila

rit
y

Noise Level 0
(mean with 95% CI)

(c) SimHidden (Smaller is better) on HotpotQA dataset.
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(d) DiffAttn (Larger is better) on HotpotQA dataset.

Figure 7: (a) Average SimHidden scores (with 95% confidence intervals) across layers when noise level = 0; (b) Av-
erage DiffAttn scores (with 95% confidence intervals) across layers when noise level = 0. Results are from
DeepSeek-7B on NQ dataset and HotpotQA dataset.

(7B/13B) is used under the Llama 2 Commu-1155

nity License Agreement; Mistral-7B and Qwen-31156

(8B/32B) are governed by the Apache License 2.0;1157

DeepSeek-7B and GLM-4-9B are used under their1158

respective proprietary model licenses (DeepSeek1159

and GLM-4 licenses). For evaluation datasets, Nat-1160

ural Questions (NQ) and 2WikiMultihopQA are1161

licensed under the Apache License 2.0, while Hot-1162

potQA and RGB are used under CC BY-SA 4.0 and1163

CC BY-NC-SA 4.0, respectively. All datasets are1164

pre-anonymized and filtered for offensive content1165

by the original creators. Our use of these materi-1166

als is strictly for academic purposes and is fully1167

consistent with their specified intended use.1168

NQ HotpotQA

Compare Bridge Total

GD (0) 0.5745 0.4755 0.4108 0.4237
CS (0) 0.5775 0.4284 0.4049 0.4096
DoLA (0) 0.5809 0.4438 0.3883 0.3995
LFD (0) 0.5949 0.5453 0.4295 0.4528

GD (4) 0.5559 0.5084 0.4049 0.4257
CS (4) 0.5657 0.4546 0.4199 0.4269
DoLA (4) 0.5574 0.4775 0.4111 0.4244
LFD (4) 0.5637 0.5071 0.4304 0.4458

GD (8) 0.5965 0.5091 0.4096 0.4317
CS (8) 0.6054 0.4694 0.4236 0.4328
DoLA (8) 0.6023 0.4956 0.4199 0.4351
LFD (8) 0.6216 0.5400 0.4400 0.4601

GD (12) 0.6383 0.5286 0.4236 0.4447
CS (12) 0.6410 0.4781 0.4419 0.4492
DoLA (12) 0.6458 0.5158 0.4306 0.4477
LFD (12) 0.6622 0.5521 0.4532 0.4731

Table 6: Accuracy performance comparison of differ-
ent decoding methods with varying levels of noise,
evaluated on the NQ and HotpotQA datasets using
the LLaMA2-7B. Bold values indicate the best perfor-
mance, while underlined values represent the second-
best.
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(a) SimHidden (Smaller is better) on NQ dataset.
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(b) DiffAttn (Larger is better) on NQ dataset.
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(c) SimHidden (Smaller is better) on HotpotQA dataset.
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(d) DiffAttn (Larger is better) on HotpotQA dataset.

Figure 8: (a) Average SimHidden scores (with 95% confidence intervals) across layers when noise level = 0; (b) Aver-
age DiffAttn scores (with 95% confidence intervals) across layers when noise level = 0. Results are from Qwen3-8B
on NQ dataset and HotpotQA dataset.

NQ HotpotQA

Compare Bridge Total

GD (0) 0.6130 0.5864 0.5889 0.5884
CS (0) 0.5598 0.4149 0.5117 0.4922
DoLA (0) 0.6142 0.5931 0.5870 0.5883
LFD (0) 0.6357 0.6026 0.6093 0.6079

GD (4) 0.5667 0.5494 0.5348 0.5377
CS (4) 0.5014 0.2065 0.2778 0.2635
DoLA (4) 0.5625 0.5373 0.5331 0.5340
LFD (4) 0.6036 0.5467 0.5502 0.5495

GD (8) 0.5678 0.5326 0.5260 0.5273
CS (8) 0.5201 0.1137 0.1926 0.1768
DoLA (8) 0.5659 0.5111 0.5252 0.5223
LFD (8) 0.5966 0.5259 0.5446 0.5409

GD (12) 0.5814 0.5440 0.5461 0.5457
CS (12) 0.5334 0.1432 0.2328 0.2149
DoLA (12) 0.5845 0.5293 0.5492 0.5452
LFD (12) 0.5943 0.5346 0.5640 0.5581

Table 7: Accuracy performance comparison of different
decoding methods with varying levels of noise, evalu-
ated on the NQ and HotpotQA datasets using the Mistral-
7B. Bold values indicate the best performance, while
underlined values represent the second-best.
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(a) SimHidden (Smaller is better) on NQ dataset.
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(b) DiffAttn (Larger is better) on NQ dataset.
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(c) SimHidden (Smaller is better) on HotpotQA dataset.
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(d) DiffAttn (Larger is better) on HotpotQA dataset.

Figure 9: (a) Average SimHidden scores (with 95% confidence intervals) across layers when noise level = 0; (b) Av-
erage DiffAttn scores (with 95% confidence intervals) across layers when noise level = 0. Results are from
Llama2-13B on NQ dataset and HotpotQA dataset.

NQ RGB HotpotQA 2WikiMultihopQA

Compare Bridge Total Compare Bridge Inf Compose Total

DeepSeek-7B

GD (0) 0.5250 0.8233 0.3282 0.4033 0.3883 0.2625 0.2414 0.2663 0.2609 0.2609
LFD[0, 15) 0.3865 0.5000 0.2313 0.3366 0.3154 0.2155 0.2316 0.2334 0.2152 0.2211
LFD[0, 30) 0.5389 0.8233 0.4768 0.4395 0.4470 0.4432 0.4277 0.4135 0.4159 0.4248
LFD[15, 30) 0.5412 0.8267 0.4801 0.4466 0.4533 0.4492 0.4227 0.4194 0.4223 0.4285

Qwen3-8B

GD (0) 0.7318 0.9571 0.6960 0.6708 0.6759 0.6637 0.6335 0.5897 0.6085 0.6250
LFD[0, 18) 0.7304 0.9567 0.7068 0.6845 0.6889 0.6640 0.6334 0.5903 0.6097 0.6256
LFD[0, 36) 0.7372 0.9567 0.7196 0.6949 0.6999 0.6660 0.6349 0.6021 0.6146 0.6299
LFD[18, 36) 0.7380 0.9600 0.7182 0.6974 0.7016 0.6663 0.6342 0.6034 0.6148 0.6301

Table 8: Comparison of accuracy between different layer selection ranges under dynamic layer selection strategy.
Bold indicate the best performance, while underline represent the second-best.

Method GD(0) CS DoLA LFD

Prompt

You are given a question and you MUST respond by EXTRACTING the answer from one of the provided documents. If none of the documents
contain ...
Document [20971901](Title: Pirates of the Caribbean (film series)) The film series started in 2003 with Pirates of the Caribbean : The Curse of
the Black Pearl ... The franchise ’s second film , subtitled Dead Man ’s Chest , was released three years later in 2006 ... The third film in the
series , subtitled At World ’s End , ... and Disney released a fourth film , subtitled On Stranger Tides , in 2011 ...
Question: All the names of the pirate of the caribbean movies. Answer:

Ground Truth [At World ’s End, Dead Man ’s Chest, On Stranger Tides]

Answer

Captain Jack Sparrow, Will
Turner, Elizabeth Swann,
James Norrington, Barbossa,
and Blackbeard.

Captain Jack Sparrow, Bar-
bossa, Will Turner, Elizabeth
Swann

Captain Jack Sparrow, Will
Turner, Elizabeth Swann,
James Norrington, Barbossa,
and Blackbeard.

Pirates of the Caribbean : The
Curse of the Black Pearl, Dead
Man’s Chest, At World’s End, and
On Stranger Tides.

Table 9: Case study on GD(0), CS, DoLA, and LFD on the NQ dataset using LLaMA2-7B.
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(a) SimHidden (Smaller is better) on NQ dataset.
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(b) DiffAttn (Larger is better) on NQ dataset.
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(c) SimHidden (Smaller is better) on HotpotQA dataset.
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(d) DiffAttn (Larger is better) on HotpotQA dataset.

Figure 10: (a) Average SimHidden scores (with 95% confidence intervals) across layers when noise level =
0; (b) Average DiffAttn scores (with 95% confidence intervals) across layers when noise level = 0. Results are from
Qwen3-32B on NQ dataset and HotpotQA dataset.

Method GD(0) CS DoLA LFD

Prompt

You are given a question and you MUST respond by EXTRACTING the answer from one of the provided documents. If none of the documents
contain ...
Document: Riot Games Singapore ... In October 2022, Riot acquired Wargaming Sydney—a subsidiary of Cyprus-based Wargaming that had
originally developed the MMO middleware BigWorld—for an undisclosed amount, and renamed it Riot Sydney ...
Question: What gaming software development studio did Riot Games acquire? Answer:

Ground Truth Wargaming Sydney

Answer Riot Sydney RIOT SYDNEY Riot Sydney
Riot Games acquired Wargaming Sydney—a subsidiary of
Cyprus-based Wargaming that had originally developed the
MMO middleware BigWorld—for an undisclosed amount, and
renamed it Riot Sydney.

Table 10: Case study on GD(0), CS, DoLA, and LFD on the RGB dataset using LLaMA2-7B.

Method GD(0) CS DoLA LFD

Prompt

You are given a question and you MUST respond by EXTRACTING or DERIVING the answer from the provided documents. If the answer
cannot be logically inferred from the documents, respond with NO-RES ...
Document(Title: Terry Norris (actor)) ... As an actor, he has starred in TV Shows such as "Bellbird" & "Cop Shop", and in films like "Romulus,
My Father" and "Paper Planes" ...
Document(Title: Romulus, My Father (film)) ... Romulus, My Father is a 2007 Australian drama film directed by Richard Roxburgh ... Based on
the memoir by Raimond Gaita, the film tells the story of Romulus (Eric Bana) and his wife Christine (Franka Potente), and their struggle in the
face of great adversity to raise their son, Raimond (Kodi Smit-McPhee) ...
Question: Terence Richard "Terry" Norris starred in a 2007 Australian drama film that was directed by Richard Roxburgh, and was based on a
memoir by who? Answer:

Ground Truth Raimond Gaita

Answer ERIC BANA ERIC BANA NO-RES
Based on the documents provided, Terry Norris starred in the
film "Romulus, My Father" directed by Richard Roxburgh,
based on the memoir by Raimond Gaita.

Table 11: Case study on GD(0), CS, DoLA, and LFD on the HotpotQA dataset using LLaMA2-7B.
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(a) LFD vs. LFD (Fixed) on NQ dataset.
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(b) Histgram of layer selection in LFD on NQ dataset.
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(c) LFD vs. LFD (Fixed) on HotpotQA dataset.
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(d) Histgram of layer selection in LFD on HotpotQA dataset.

Figure 11: Comparison between LFD and LFD (Fixed) using the Mistral-7B model on the NQ and HotpotQA
datasets.

Method GD(0) CS DoLA LFD

Prompt

You are given a question and you MUST respond by EXTRACTING or DERIVING the answer from the provided documents. If the answer
cannot be logically inferred from the documents, respond with NO-RES ...
Document(Title: A Tale of Winter) A Tale of Winter is a 1992 French drama film directed by Éric Rohmer, and starring Charlotte Véry, Frédéric
van den Driessche and Michael Voletti ...
Document(Title: Éric Rohmer) ... He edited the influential film journal, "Cahiers du cinéma", from 1957 to 1963 ...
Question: Where does the director of film A Tale Of Winter work at? Answer:

Ground Truth Cahiers du cinéma

Answer
Éric Rohmer works at a film produc-
tion company. Éric Rohmer

NO-RES: The answer cannot be log-
ically inferred from the provided
documents.

Éric Rohmer works at a film journal
called "Cahiers du cinéma".

Table 12: Case study on GD(0), CS, DoLA, and LFD on the 2WikiMultihopQA dataset using LLaMA2-7B.
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(a) LFD vs. LFD (Fixed) on NQ dataset.
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(b) Histgram of layer selection in LFD on NQ dataset.
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(c) LFD vs. LFD (Fixed) on HotpotQA dataset.
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(d) Histgram of layer selection in LFD on HotpotQA dataset.

Figure 12: Comparison between LFD and LFD (Fixed) using the DeepSeek-7B model on the NQ and HotpotQA
datasets.
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(a) LFD vs. LFD (Fixed) on NQ dataset.
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(b) Histgram of layer selection in LFD on NQ dataset.
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(c) LFD vs. LFD (Fixed) on HotpotQA dataset.
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(d) Histgram of layer selection in LFD on HotpotQA dataset.

Figure 13: Comparison between LFD and LFD (Fixed) using the Qwen3-8B model on the NQ and HotpotQA
datasets.
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