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Abstract001

Retrieval-Augmented Generation (RAG) has002
been widely adopted to enhance LLMs’ factual-003
ity and performance. However, the mechanisms004
behind whether LLMs have faith in the context005
remain poorly understood. In this work, we006
show that LLMs’ internal activations encode007
explicit awareness about context relevance, and008
this awareness can be extracted and manipu-009
lated to control context utilization. We find that010
context distrust can be mediated by a single011
direction. This direction can intervene in the012
model to reduce context faith during genera-013
tion. We demonstrate the effectiveness of this014
direction on the FaithEval benchmark, showing015
substantial improvements on all tasks across016
three open-source chat models. Through anal-017
ysis of attention patterns and generation un-018
certainty, we reveal how the context distrust019
direction affects the model’s information pro-020
cessing, including reduced attention to context021
tokens and increased generation entropy. Based022
on these findings, we propose AACR, a method023
that leverages both internal activation-based024
context confidence and verbalized parametric025
knowledge confidence to dynamically route026
between external context and internal knowl-027
edge, achieving improved robustness on noisy028
retrieval scenarios while maintaining perfor-029
mance on relevant context.030

1 Introduction031

Large Language Models (LLMs) have demon-032

strated remarkable capabilities in generating coher-033

ent and contextually relevant responses across di-034

verse tasks (Yang et al., 2024; Riviere et al., 2024).035

However, their knowledge is inherently constrained036

by training data cutoffs and may contain inaccu-037

racies or biases. Retrieval-Augmented Generation038

(RAG) has emerged as a promising solution to these039

limitations by augmenting LLMs with external, up-040

to-date knowledge sources (Lewis et al., 2020; Guu041

et al., 2020). Despite the success of RAG systems,042

a critical challenge persists: how do LLMs decide 043

when to trust external context versus their paramet- 044

ric knowledge? Previous research shows that cur- 045

rent LLMs are highly receptive to external context 046

(Xie et al., 2023; Tan et al., 2024), but this receptive- 047

ness becomes problematic when retrieved context 048

is irrelevant, misleading, or contradicts the model’s 049

accurate internal knowledge. In such cases, blind 050

trust in external context can degrade performance 051

and introduce factual errors (Wu et al., 2024a; Yu 052

et al., 2024; Huang et al., 2025). 053

Inspired by recent advances in mechanistic inter- 054

pretability (Bricken et al., 2023; Templeton et al., 055

2024; Arditi et al., 2024) and their applications 056

to RAG systems (Zhao et al., 2024; Sun et al., 057

2025), we investigate how external context rele- 058

vance is represented within models’ internal ac- 059

tivations. Previous work has demonstrated that 060

LLMs’ internal activations encode rich informa- 061

tion about context utilization and parametric knowl- 062

edge (Wu et al., 2024b; Sun et al., 2025; Ferrando 063

et al., 2025). Additionally, studies have identified 064

linear representations of specific features such as 065

language (Bricken et al., 2023), truth (Marks and 066

Tegmark, 2023), sentiment (Tigges et al., 2023), re- 067

fusal (Arditi et al., 2024) and verbal uncertainty (Ji 068

et al., 2025), with these directions proving effective 069

for controlling model behavior. 070

In this work, we demonstrate that LLMs’ in- 071

ternal activations encode explicit awareness of 072

context relevance, and this awareness can be ex- 073

tracted and manipulated to control context uti- 074

lization. Specifically, we extract a single linear 075

difference-in-means direction (nostalgebraist, 2020; 076

Rimsky et al., 2024) with contrastive pairs (Burns 077

et al., 2022; Marks and Tegmark, 2023; Arditi et al., 078

2024) where each question is paired with both rel- 079

evant and irrelevant context. This extracted direc- 080

tion can then be used to intervene in the model, 081

either reducing or enhancing context faith during 082

generation. We validate the effectiveness of this 083
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Question: when does season 8 for blue bloods start
Context: (Title: Blue Bloods (season 8)) Blue Bloods (season 8) The eighth season of B̈lue Bloods,̈
a police procedural drama series created by Robin Green and Mitchell Burgess, premiered on
CBS on September 29, 2017. The season contained 22 episodes and concluded on May 11, 2018.
Donnie Wahlberg (Danny Reagan), Bridget Moynahan (Erin Reagan), Will Estes (Jamie Reagan),
and Len Cariou (Henry Reagan) are first credited. Sami Gayle (Nicky Reagan-Boyle) is credited
next, marking the fourth season she has been included in the opening credits. Tom Selleck (Frank
Reagan) receives an ändb̈illing at the close of the main title sequence.
Response (original): Season 8 of Blue Bloods premiered on September 29, 2017.
Response (intervention): The information provided does not mention the start date of Season 8 of
Blue Bloods.

Figure 1: The results of Llama-3.1-8B-Instruct on the item with relevant context adding along the distrust direction.

context distrust direction on the FaithEval bench-084

mark (Ming et al., 2024), demonstrating substantial085

improvements on all tasks across three open-source086

chat models. Through analysis of attention patterns087

and generation uncertainty, we reveal the mecha-088

nistic effects of the context distrust direction on in-089

formation processing, including reduced attention090

to context tokens and increased generation entropy.091

Building on these insights, we propose092

Activation-Aware Context Routing (AACR), a093

method that leverages both internal activation-094

based context confidence and verbalized paramet-095

ric knowledge confidence to dynamically route096

between external context and internal knowledge.097

This approach achieves improved robustness in098

noisy retrieval scenarios while maintaining perfor-099

mance when context is relevant.100

Our main contributions are: (1) We demonstrate101

that context distrust can be mediated by a single102

direction in internal activations, enabling manipu-103

lation of context utility during generation. (2) We104

show that this direction causally affects context105

information processing by preventing the model106

from attending to context tokens. (3) We pro-107

pose a method that enhances model robustness on108

noisy context while preserving performance when109

retrieval is accurate.110

2 Methodology111

2.1 Background112

In this work, we focus on decoder-only transform-113

ers (Vaswani et al., 2017; Radford and Narasimhan,114

2018), which reads from a series of tokens t =115

(t1, t2, · · · , tn) ∈ Vn and outputs vocabulary dis-116

tributions y = (y1, y2, · · · , yn) ∈ Rn×V . Each117

Figure 2: The context utility and accuracy of validation
data when intervening along the optimal direction r∗.

token is then mapped to its embedding h
(0)
i = 118

Embed(ti) ∈ Rdmodel and goes transformations 119

through residual stream (Elhage et al., 2021). The 120

transformer consists of L layers 1, each layer reads 121

information from the residual stream, while adding 122

information from Attention and MLP, and writing 123

back to the residual stream. Attention heads’ main 124

functionality is to move information from previous 125

tokens t<i to current token ti (Clark et al., 2019; 126

Elhage et al., 2021; Jin et al., 2024). MLP compo- 127

nents primarily function as the knowledge storage 128

(Geva et al., 2020). After transformation through L 129

layers, the residual stream of each token ti is unem- 130

beded to final logits logitsi = Unembed(h(L)i ) and 131

transformed to probability yi = softmax(logitsi). 132

Our analysis focuses on the residual stream to un- 133

1We omit the embedding and final unembedding layer here.
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derstand how internal representations evolve across134

layers during the generation process.135

2.2 Datasets and Models136

Datasets. To investigate LLMs’ context utiliza-137

tion, we construct a question-answering dataset138

with contrastive passage pairs: a relevant passage139

prel containing the golden answer and an irrelevant140

passage pirrel that does not. We sample 20k and 4k141

items as train and validation splits from the train-142

ing and val split of Natural Question (Kwiatkowski143

et al., 2019) and TriviaQA (Joshi et al., 2017). We144

filter items with neither the relevant passage nor the145

irrelevant passage. We split the combined dataset146

into 2 datasets noted Drel and Dirrel, which con-147

tain items of (q, a, prel) and items of (q, a, pirrel)148

respectively. See Appendix C for more details.149

Models. In this paper, we focus on post-trained150

LLMs that have undergone instruction-tuning151

and preference optimization. Specifically, we152

use Llama-3.1-8B-Instruct (Dubey et al., 2024),153

Qwen/Qwen2.5-7B-Instruct (Yang et al., 2024) and154

Gemma-2-9b-it (Riviere et al., 2024) for our main155

experiments.156

2.3 Extracting the Context Distrust Direction157

To extract a direction representing the model’s158

confidence in context utility, We take the con-159

trastive pair (q, a, prel) and (q, a, pirrel) as inputs160

and obtain their respective model activations 2. We161

then compute the difference between the mean162

activations, known as difference-in-means (Bel-163

rose, 2023), which has demonstrated its effective-164

ness in isolating key feature directions (Marks and165

Tegmark, 2023; Tigges et al., 2023; Arditi et al.,166

2024). More specifically, we take the last prompt167

token in each layer l, and calculate the mean acti-168

vation µ(l) for prompts from Dirrel:169

µ(l) =
1

|Dirrel|
∑

x∈Dirrel

h(l)(x) (1)170

and ν(l) for prompts from Drel:171

ν(l) =
1

|Drel|
∑

x∈Drel

h(l)(x) (2)172

We then calculate the difference vector r(l) =173

µ(l) − ν(l). These vectors capture how model acti-174

2We extract the activations from the post residual stream
of each layer, which accumulates transformation from both
attention and MLP components.

vations differ on average when encountering useful 175

versus useless context. 176

As we compute the difference vector r(l) for 177

each layer l, we get L difference vectors as our 178

candidates. To select the optimal vector, we use the 179

validation split and do the same process as the train 180

split, we ask the model about whether the passage 181

is relevant for answering the question, then filter the 182

items which either the model answers irrelevant for 183

relevant passage or relevant for irrelevant passage. 184

Then we evaluate the difference vector r(l) on the 185

items with relevant passage and irrelevant passage. 186

We then select the direction that most effectively 187

leads the model to state that passages don’t contain 188

useful information when added, and affirm passage 189

usefulness when subtracted. 190

2.4 Utility Evaluation and Model Intervention 191

Context utility score. When the model has no 192

faith on the context, it typically responds with 193

phrases like "The provided context doesn’t contain 194

useful information", "Unfortunately, I can’t find 195

useful information in the text provided". To eval- 196

uate such patterns, we apply the LLM to measure 197

whether the model responses contain them. Specifi- 198

cally, given (q, â, p), where â represents the model 199

generation, the LLM needs to classify whether the 200

context is useful (context_utility_score = 1) or 201

useless (context_utility_score = 0) for answer- 202

ing the question. We use GPT-5 (gpt-5-2025-08- 203

07) 3 with few-shot prompting, see Appendix A for 204

prompts. Compared to string matching, LLM eval- 205

uation better captures diverse phrasing styles across 206

different contexts. We also conduct evaluation with 207

open-weighted LLM and human annotators in Ap- 208

pendix E.3. 209

Model Intervention. Given the extracted vector 210

r(l), we intervene on model activations by steering 211

along the corresponding direction (Li et al., 2023; 212

Arditi et al., 2024; Ji et al., 2025): 213

h(l)(x)← h(l)(x) + α ∗ r(l) (3) 214

where α is the hyperparameter that controls the 215

intervention strength. Adding the vector along the 216

direction of r(l) (α > 0) reduces the model’s con- 217

text faith, while adding in the reverse direction 218

(α < 0) increases the model’s context faith. 219

Figure 2 demonstrates results when intervening 220

with the optimal context distrust direction r∗ on 221

3https://platform.openai.com/docs/models/gpt-5
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Figure 3: PCA visualization of internal activations at each model’s optimal layer using the training split.

our validation set. Adding along the direction de-222

creases the model’s belief in context utility, while223

reversing the direction slightly increases it. Reduc-224

ing context utility leads to accuracy similar to cases225

with irrelevant passages, 4 indicating that the model226

attempts to use parametric knowledge as it would227

when given irrelevant context.228

Internal Activation Visualization. To further in-229

vestigate how the model encodes the awareness of230

context utility, we extract the activations of the last231

prompt token across layers and project the activa-232

tion to 2-dimensional space with PCA. As shown233

in Figure 3, activations for items with relevant ver-234

sus irrelevant context are separated at the optimal235

layer for each model, indicating that internal states236

encode awareness of context relevance.237

3 Analysis238

3.1 Validation Across Different Types of Noisy239

Context240

To demonstrate the broader applicability of our con-241

text distrust direction, we evaluate its effectiveness242

on FaithEval (Ming et al., 2024), a comprehensive243

benchmark specifically designed to assess contex-244

tual faithfulness in LLMs. We apply our extracted245

context distrust direction r∗ to the three chat mod-246

els used in our main experiments and evaluate their247

performance across FaithEval’s three tasks. We ap-248

ply the direction with coefficient α = 2 to reduce249

context faith and α = −2 to increase it. See Ap-250

pendix D for the details of FaithEval benchmark.251

Table 1 presents the results on FaithEval. Our252

findings demonstrate that the context distrust di-253

rection effectively generalizes across established254

benchmarks. For both unanswerable and inconsis-255

tent context tasks, adding the context distrust direc-256

4We use the identical question with both relevant and irrel-
evant passages.

tion dramatically improves performance across all 257

models. Qwen2.5-7B-Instruct shows the most sub- 258

stantial improvement (+44.4 points on unanswer- 259

able and +50.1 points on inconsistent tasks). For 260

the counterfactual task, the model should use the 261

context information, which contains the counterfac- 262

tual information. Adding the direction significantly 263

reduces accuracy, while there are slight decreases 264

when adding in the reverse direction. This improve- 265

ment stems from the model’s increased tendency 266

to abstain when context utility is reduced, correctly 267

identifying when insufficient information is avail- 268

able. 269

3.2 Context Distrust Direction Increases 270

Model Uncertainty 271

To further understand how the context distrust di- 272

rection affects model behavior, we examine its im- 273

pact on the model’s generation uncertainty. We 274

quantify the model’s uncertainty using the entropy 275

of the output probability distribution over generated 276

tokens. For a given input, let pt be the probability 277

distribution over the vocabulary at generation step 278

t, where pt(w) represents the probability of gen- 279

erating token w. The entropy at step t is defined 280

as: 281

Ht = −
∑
w∈V

pt(w) log pt(w) (4) 282

where V is the vocabulary. Higher entropy indi- 283

cates greater uncertainty in token selection, while 284

lower entropy suggests more centralized token 285

probabilities. For each generated sequence, we 286

compute the average entropy across all generation 287

steps: 288

H̄ =
1

T

T∑
t=1

Ht (5) 289

where T is the total number of generated tokens. 290

This metric captures the overall uncertainty level 291

during the entire generation process. 292
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Model Unanswerable Inconsistent Counterfactual

Qwen2.5-7B-Instruct
No intervention 53.3 49.1 68.5
α = +2.0 97.7 (+44.4) 99.2 (+50.1) 28.6 (-39.9)
α = −2.0 10.3 (-43.0) 1.4 (-47.7) 64.5 (-4.0)

Llama-3.1-8B-Instruct
No intervention 42.0 24.5 66.7
α = +2.0 75.4 (+33.4) 61.8 (+37.3) 10.2 (-56.5)
α = −2.0 13.0 (-29.0) 2.7 (-21.8) 70.8 (+4.1)

Gemma-2-9B-it
No intervention 52.3 21.3 65.5
α = +2.0 81.6 (+29.3) 64.9 (+43.6) 10.3 (-55.2)
α = −2.0 21.9 (-30.4) 4.6 (-16.7) 60.8 (-4.7)

Table 1: Performance on FaithEval benchmark with context distrust direction intervention. For α > 0: we
expect increased accuracy on Unanswerable/Inconsistent (reducing context faith helps) and decreased accuracy on
Counterfactual (reducing context faith hurts). For α < 0: opposite effects expected.

Figure 4a shows the entropy of generation with-293

out intervention and with intervention. We inter-294

vene the model by adding the context distrust direc-295

tion when the context is relevant, and reducing the296

context distrust direction when the context is irrele-297

vant. Applying the direction increases the model’s298

entropy on both cases. For questions with relevant299

context, the entropy increase is more noticeable.300

This uncertainty pattern aligns with our hypothesis:301

when the model’s confidence in context utility is302

artificially reduced, it struggles to choose between303

relying on the external information and its paramet-304

ric knowledge.305

In addition to entropy analysis, we also analyze306

the top-5 tokens’ probability during the generation307

using LogitLens (nostalgebraist, 2020), which di-308

rectly project hidden states h(l) into the vocabulary309

distribution:310

LogitLens(h(l)) = LayerNorm(h(l))WU (6)311

As shown in Figure 4b, the intervention reduces312

the probability sum of top-5 tokens, especially313

when giving the relevant context. Meanwhile, the314

original top-5 tokens’ probability sums are almost315

identical for both relevant and irrelevant cases.316

3.3 Reducing Context Utility Prevents317

Attention to Context318

To understand the mechanism by which the context319

distrust direction affects model behavior, we ana-320

lyze the attention patterns of the model before and321

after applying the direction. Specifically, we exam-322

ine how the context distrust direction intervention323

impacts the attention heads that are responsible for324

locating relevant information in the context.325

We focus our analysis on the attention patterns 326

at the last prompt token. Prior work (Orgad et al., 327

2024) finds that the last exact answer token in 328

model generation incorporates the crucial infor- 329

mation about the LLM’s self-awareness. For each 330

question-context pair (q, c) where the context con- 331

tains the golden answer, we identify attention heads 332

that attend to the last exact answer token in the con- 333

text. More formally, let A(l,h)
i,j denote the attention 334

weight from token i to token j in layer l and head h. 335

For the last prompt token position tlast, we compute 336

the attention weights to all context tokens. We then 337

identify "answer-attending heads" as those where 338

the last token of the exact answer in the context 339

appears in the top-k most attended tokens: 340

Attnanswer = {(l, h) : rank(A(l,h)
tlast,tanswer

) ≤ k} (7) 341

where tanswer represents the position of the last to- 342

ken of the exact answer in the context, and rank(·) 343

returns the ranking of the attention weight among 344

all context tokens. We set k = 5 for our experi- 345

ments. 346

Figure 5 shows the attention heads for three 347

models under two conditions: without interven- 348

tion (top row) and with context distrust direction 349

applied (bottom row). Each visualizes the frac- 350

tion of answer-attending heads across layers and 351

head positions. It can be seen that applying context 352

distrust direction effectively reduces the attention 353

heads that attend to the last exact answer token. 354

The model’s attention is redirected away from the 355

exact answer tokens in the context, reducing the 356

model’s ability to locate and extract relevant in- 357

formation. Meanwhile, the heads that typically 358

integrate context information with the query are 359
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(a) The entropy of the final layer’s probability distribution
in the generated tokens.

(b) The probability sum of the top-5 tokens with the highest
probabilities across layers.

Figure 4: The generation uncertainty of Gemma-2-9b-it with and without intervention. Figure 4a shows that
intervention reduces the model’s generation confidence. Figure 4b shows top-5 tokens’ probability sum reduction in
the early layers and later layers.

suppressed, leading to decreased reliance on exter-360

nal context.361

4 Improving RAG Performance with362

Context Faith363

One key objective of RAG is to improve the364

model’s accuracy and factuality. Once we know365

the internal representation about the context faith366

of the LLM. We could use it to detect whether the367

model would use the context information ahead368

of generation. We use the model’s self-confidence369

about internal knowledge Ci and external context370

Ce to determine when to make model use internal371

knowledge or context information.372

4.1 Confidence Estimation for Internal373

Knowledge and External Context374

Since model internal activations encode context375

faithfulness, we train a linear probe to predict the376

model’s confidence in context utility. Given the377

hidden states h(l)t at layer l and token t, we train a378

logistic regression classifier:379

P (context useful) = σ(wTh
(l)
t + b) (8)380

where σ is the sigmoid function, and w, b are381

learned parameters. We use the hidden states from382

the optimal layer l∗ identified in Section 2.3, specif-383

ically at the last prompt token position.384

We train the linear probe on our constructed385

datasets Drel and Dirrel, where positive examples386

are hidden states from (q, a, prel) (relevant passages387

the model considers useful) and negative examples388

are from (q, a, pirrel) (irrelevant passages the model389

considers not useful). The external context confi-390

dence score Ce is defined as:391

Ce = P (context useful | h(l
∗)

last ) (9)392

which indicates the confidence about external con- 393

text with the hidden state from the optimal layer 394

l∗. 395

For internal knowledge confidence Ci, we em- 396

ploy verbalized confidence by prompting the model 397

to assess its own knowledge. We ask the model 398

whether it can answer the question based solely on 399

its parametric knowledge. We then extract the log- 400

its for the "Yes" and "No" tokens at the last prompt 401

token position and compute a normalized confi- 402

dence score. The internal knowledge confidence is 403

determined by: 404

Ci =
logit("Yes")

logit("Yes") + logit("No")
(10) 405

This provides a continuous confidence measure 406

between 0 and 1, where values closer to 1 indi- 407

cate higher confidence in the model’s parametric 408

knowledge, and values closer to 0 indicate lower 409

confidence. 410

4.2 Activation-Aware Context Routing 411

We propose Activation-Aware Context Routing 412

(AACR), a simple framework that dynamically 413

routes between external context and parametric 414

knowledge based on dual confidence assessments. 415

AACR operates through a series of decision pro- 416

cess. It first does context utility assessment, for 417

a given question-context pair (q, c), we compute 418

the context utility score Ce using our trained lin- 419

ear probe on the model’s internal activations. If 420

Ce < τe, we consider the context insufficient and 421

proceed to assess internal knowledge confidence. If 422

the context is insufficient, we evaluate the model’s 423

confidence in its parametric knowledge Ci using 424

the normalized logit score. We let the model re- 425

spond with its parametric knowledge if Ci > τi, 426
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Figure 5: The attention pattern from the last prompt token to the last token of the exact answer when the context
contains the golden answer. Top row shows original patterns without intervention; bottom row shows patterns with
context distrust direction applied.

where τi is a threshold parameter 5. Otherwise,427

the model should abstain with "Unable to answer428

based on the provided context or current knowl-429

edge" which indicates the model could not answer430

based on either provided context or its parametric431

knowledge.432

Datasets. We conduct evaluation on 3433

open-domain QA datasets Natural Question434

(Kwiatkowski et al., 2019), TriviaQA (Joshi435

et al., 2017) and PopQA (Mallen et al., 2022)436

alongside the external context. To get the external437

context, we retrieve top-1 passage from Dec 2018438

Wikipedia dump with Dragon+(Lin et al., 2023).439

We categorize datasets into two subsets: the golden440

subset contains the golden answer in the retrieved441

context, while the noisy subset contains no golden442

answer in the context, simulating realistic retrieval443

scenarios with imperfect results.444

Baselines. We take the Direct Augmentation445

which directly augments the external context and446

asks the model answer based on the given context.447

We also include the method of Implicit Confidence448

Reasoning (ICR) which prompts the model to an-449

swer based on either its internal knowledge or ex-450

ternal context. Meanwhile, we evaluate whether451

LLMs can be used for routing the context aug-452

mentation, where LLM explicitly judges context453

sufficiency to route generation. We use GPT-5 in454

5We set τe = 0.5 and τi = 0.3 in our experiments. Se-
lecting a lower threshold for τi is to avoid model to abstain
frequently.

our experiments, which shows strong capability 455

in context understanding. In addition, we include 456

the closed-book setting to provide insight into the 457

model’s inherent performance. 458

Result. Table 2 presents results across all datasets 459

and models. We take accuracy as our main eval- 460

uation metric, which checks whether the golden 461

answer is in the model’s response. AACR shows 462

comparable performance with LLM as Router on 463

all datasets across 3 models, while AACR is more 464

efficient by using internal activation. It can be 465

largely attributed to its better robustness on noisy 466

context scenarios where retrieved information is 467

irrelevant to the question. This improvement stems 468

from the method’s ability to detect when external 469

context is unreliable and appropriately fall back to 470

parametric knowledge. While AACR shows slight 471

performance degradation compared to direct aug- 472

mentation when golden context is available, this 473

trade-off is justified by substantial improvements 474

in noisy scenarios. Asking models to answer based 475

solely on context doesn’t necessarily improve per- 476

formance even with golden context, indicating that 477

models naturally combine information from inter- 478

nal knowledge and external context. AACR’s ex- 479

plicit routing mechanism better manages this inte- 480

gration. 481

5 Related Work 482

Retrieval-augmented LM. Retrieval-augmented 483

generation seeks to enhance LLMs by integrating 484
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NQ TriviaQA PopQA Total

Method Golden Noisy Overall Golden Noisy Overall Golden Noisy Overall Average

Qwen2.5-7B-Instruct

Closed-book - - 35.7 - - 58.2 - - 35.7 43.2
Direct Augmentation 87.4 11.6 43.8 96.3 27.3 64.6 94.0 7.5 44.4 50.9
ICR 87.9 13.6 45.2 96.4 31.6 66.6 94.1 8.3 47.3 53.0
LLM as Router 81.3 22.6 47.5 94.3 41.8 70.2 88.5 11.3 46.3 54.7
AACR 85.6 19.5 47.6 93.9 37.5 67.9 90.7 11.8 47.6 54.4

Llama-3.1-8B-Instruct

Closed-book - - 44.7 - - 57.1 - - 25.7 42.5
Direct Augmentation 78.2 10.1 39.1 89.7 24.2 59.6 87.2 5.6 42.7 47.1
ICR 78.6 14.5 41.7 90.8 29.0 62.4 87.2 6.8 43.3 49.1
LLM as Router 76.2 24.3 46.4 87.7 38.2 64.9 85.1 12.5 45.5 52.3
AACR 78.9 21.8 46.1 89.3 36.0 64.8 85.4 12.1 45.4 52.1

Gemma-2-9B-it

Closed-book - - 38.8 - - 65.4 - - 29.3 44.5
Direct Augmentation 83.8 9.5 39.5 96.1 26.2 63.2 92.8 5.9 45.1 49.3
ICR 83.2 15.1 43.4 95.7 35.4 67.9 92.3 7.8 46.3 52.5
LLM as Router 80.8 20.1 45.9 93.7 39.8 68.9 91.4 12.7 48.4 54.4
AACR 82.9 17.2 45.1 95.5 39.0 69.5 90.9 12.2 48.0 54.2

Table 2: Performance on the golden and noisy subset. The bold text indicates the best performance, underlined text
indicates the second-best results. AACR shows comparable performance to LLM as Router, both indicate strong
capability on subsets with noisy context.

external context to overcome the limits of its para-485

metric knowledge (Lewis et al., 2020; Guu et al.,486

2020). A typical RAG system incorporates a re-487

triever and a generator. The retriever (Izacard et al.,488

2021; Lin et al., 2023) extracts the relevant docu-489

ments from external corpora and integrates such490

information to the generator. Recent works indicate491

that current LLMs are highly receptive to external492

context (Xie et al., 2023). Tan et al. (2024) shows493

that LLMs trust context generated from their own494

parametric knowledge. While the LLMs are recep-495

tive to external context, the external context may496

hurt the LLM’s performance when the context is497

untruthful or irrelevant, and the LLM should focus498

on using its parametric knowledge (Yu et al., 2024;499

Sun et al., 2025; Huang et al., 2025).500

Feature Directions. Substantial prior works have501

studied the linear representation of LLMs’ partic-502

ular features in activation spaces (Mikolov et al.,503

2013; Bolukbasi et al., 2016; Elhage et al., 2022;504

Park et al., 2023; Ferrando et al., 2025) such as505

harmlessness (Wolf et al., 2020; Zheng et al., 2024;506

Arditi et al., 2024), truth (Marks and Tegmark,507

2023), sentiment (Tigges et al., 2023), language508

(Bricken et al., 2023), response uncertainty (Ji509

et al., 2025). Using contrastive pairs shows its510

effectiveness to extract feature directions (Burns511

et al., 2022; Arditi et al., 2024). Recent works use512

tools like sparse autoencoder and transcoder to dis- 513

cover the features in LLMs (Bricken et al., 2023; 514

Cunningham et al., 2023; Dunefsky et al., 2024). 515

Meanwhile, the mediated feature directions show 516

the effectiveness to change the behavior of LLMs. 517

Zhao et al. (2024) utilizes the SAE to control the 518

model’s behavior of knowledge selection. While 519

the direction in this work could casually affect the 520

knowledge selection, we mainly investigates the 521

information about context relevance in LLMs’ acti- 522

vations. 523

6 Conclusion 524

In this work, we demonstrate that models’ inter- 525

nal activations encode self-awareness of context 526

relevance. We show that context distrust can be 527

mediated by a single direction across open-source 528

chat models. We investigate how the context dis- 529

trust direction causally affects the model’s behavior 530

and attention mechanisms. Based on these insights, 531

we propose AACR, a method that dynamically de- 532

cides whether to rely on external context or internal 533

parametric knowledge, achieving improved robust- 534

ness, particularly in scenarios involving noisy and 535

irrelevant context. 536
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Limitations537

Our work has several limitations. Our investiga-538

tions focus on the decision step, where models have539

already assessed whether context is relevant or not.540

The question of how models arrive at this assess-541

ment remains open, which we leave for future work.542

We mainly focus on three open-source chat models;543

our findings may not generalize to untested models,544

including much larger models, proprietary models,545

and those introduced in the future.546

The directions we extract in this work are pri-547

marily effective for detecting context relevance and548

utility. For contexts that contradict the model’s549

internal knowledge but still contain usable informa-550

tion for responses, known as knowledge conflicts,551

we found these directions are less effective. Our552

proposed AACR relies on a probe trained on sev-553

eral datasets; generalization issues may exist when554

applied to other out-of-distribution domains. De-555

spite these limitations, our work shows that internal556

activations can explain the phenomenon of when557

models use context or not. We can predict and even558

manipulate the model’s behavior. We think our559

work will be useful for future interpretability and560

RAG research.561

Ethics Statement562

While our work is intended to improve the reli-563

ability and transparency of Retrieval-Augmented564

Generation (RAG) systems, the ability to directly565

manipulate a model’s faith in external context in-566

troduces potential risks that require careful consid-567

eration. The primary "distrust" intervention could568

be used as a tool for subtle censorship. An opera-569

tor could apply the vector to systematically force570

a model to ignore or dismiss valid, factual infor-571

mation on certain topics. By steering the model to572

generate responses like "The information provided573

does not mention...", it can be made to discard unde-574

sirable context and default to a sanitized or biased575

set of pre-existing beliefs. Further research is es-576

sential to ensure that such interpretability tools are577

used to build safer and more reliable AI systems.578
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A Prompts 840

We use multiple prompts to evaluate the model’s 841

confidence in both parametric knowledge and ex- 842

ternal context. Following Huang et al. (2025), we 843

place the question before the context to increase 844

the model’s utilization of its parametric knowledge 845

when prompted that it can use both types of in- 846

formation. Figure 6 shows the prompt used for 847

making the model answer based on either internal 848

or external knowledge. This prompt also serves 849

for AACR’s context relevance detection. Figure 7 850

and 8 present prompts used for evaluating context 851
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relevance and the model’s self-awareness of inter-852

nal knowledge, respectively. Figure 23 shows the853

prompt used for evaluating context utility score,854

which judges whether the model answers the ques-855

tion using the given context information.856

Answer the following question based on the
given context or your own knowledge:
{{question}}
You may use the following context:
{{passages}}

Figure 6: The prompt used for making the the model
respond with either the internal knowledge or external
context knowledge.

Given the following question and context,
determine if the context is relevant for an-
swering the question.
Question: {{question}}
Context: {{passages}}
Is the context relevant? Give your reasoning
and respond with "Yes" or "No".

Figure 7: The prompt used for evaluating the context
relevance by the model itself.

Answer the following question:
{{question}}
Please provide a complete and accurate re-
sponse based on your knowledge. If you
don’t have sufficient information to provide
a reliable answer, please reply with: "Un-
able to answer based on my current knowl-
edge."

Figure 8: The prompt used for evaluating the model’s
self-awareness of internal knowledge.

B Chat Templates857

The models we used in this paper have their own858

chat templates for making model respond properly.859

As shown in Table 3, we use the last prompt token860

for our analysis.861

C Details of Dataset Construction 862

To construct the dataset used for extracting the 863

context distrust direction and evaluation, we sam- 864

ple 20k training and 4k validation items from the 865

training and validation splits of Natural Questions 866

(Kwiatkowski et al., 2019) and TriviaQA (Joshi 867

et al., 2017). To obtain external contrastive pas- 868

sage pairs, we conduct passage retrieval with the 869

dense retriever Dragon+ (Lin et al., 2023). Follow- 870

ing prior work (Izacard et al., 2022), we use Dec 871

2018 Wikipedia dump released by Karpukhin et al. 872

(2020) as our retrieval corpus for better information 873

match. Each passage in the corpus is chunked into 874

at most 100 words. We retrieve the top-30 passages 875

for each question and filter out questions with fewer 876

than 2 relevant and 2 irrelevant passages. We se- 877

lect the passage containing the golden answer with 878

the highest retrieval score as our relevant passage 879

and the passage containing no golden answer with 880

the lowest retrieval score as our irrelevant passage. 881

The process results in a dataset with 13980 train 882

and 2876 validation contrastive QA items in total. 883

Each data item is a triple set (q, a, c) where q, a 884

and c represent question, answers and context 885

containing prel and pirrel. 886

While it is intuitive to expect that models 887

would answer correctly given relevant passages, 888

models can still provide incorrect answers due 889

to limited passage comprehension ability or be- 890

cause chunked passages lack important informa- 891

tion. To address this issue, we further ask the 892

model whether the given passage is relevant for 893

answering the question. We provide the model 894

(q, a, prel) and (q, a, pirrel) respectively, leading 895

to 4 kinds of triples: (q, a, p+rel) and (q, a, p−rel) 896

for (q, a, prel), (q, a, p+irrel) and (q, a, p−irrel) for 897

(q, a, pirrel), in which + represents that the model 898

responds the passage is relevant for answering the 899

question, − represents that the model responds 900

the passage is irrelevant for answering the ques- 901

tion. For example, (q, a, p+rel) represents a triple 902

where the passage contains the golden answer 903

and the model considers it relevant for answer- 904

ing the question, while (q, a, p−rel) represents a 905

triple where the passage contains the golden an- 906

swer but the model considers it irrelevant. We 907

then filter out the (q, a, c) where (q, a, prel) is 908

(q, a, p−rel) or (q, a, pirrel) is (q, a, p+irrel). In this 909

way, we construct 2 datasets noted Drel and Dirrel, 910

which contain items of (q, a, p+rel) and items of 911

(q, a, p−irrel) respectively. For convenience, we use 912
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Model family Chat template
Gemma-2 <start_of_turn>user\n{prompt}<end_of_turn>\n<start_of_turn>model\n
Qwen-2.5 <|im_start|>user\n{prompt}<|im_end|>\n<|im_start|>assistant\n

Llama-3.1
<|start_header_id|>user<|end_header_id|>\n\n
{prompt}<|eot_id|><|start_header_id|>assistant<|end_header_id|>\n\n

Table 3: The chat templates for different model families used in our experiments. The red text indicates the token
where we analyze the internal activations.

Figure 9: PCA visualization of three models on training data across layers. Clear separations between relevant and
irrelevant context emerge in the middle layers.

(q, a, prel) and (q, a, pirrel) to refer to (q, a, p+rel)913

and (q, a, p−irrel).914

D Details of FaithEval Benchmark915

FaithEval (Ming et al., 2024) is a benchmark specif-916

ically designed to assess contextual faithfulness in917

LLMs. It comprises three tasks that test differ-918

ent aspects of faithfulness: unanswerable context,919

inconsistent context, and counterfactual context.920

The unanswerable context task provides the context921

lacks information needed to answer the question.922

Models should respond with "unknown" or similar923

phrases indicating insufficient information. The924

inconsistent context task provides Multiple docu-925

ments provide conflicting answers. Models should926

detect and report the inconsistency with "conflict"927

or similar responses. The counterfactual context928

provides context contains statements contradict-929

ing common knowledge. Models should follow930

the context despite contradicting their parametric931

knowledge.932

Each task evaluates a different aspect of how933

models handle challenging contextual scenarios.934

The unanswerable task tests the model’s ability to935

recognize when context is insufficient, the inconsis- 936

tent task tests the model’s ability to detect conflict- 937

ing information and the counterfactual task tests 938

the model’s ability to prioritize context over para- 939

metric knowledge. These tasks collectively assess 940

whether models can appropriately modulate their 941

reliance on external context based on the quality 942

and reliability of the provided information. 943

E Full results 944

E.1 PCA Visualization 945

In section 2, we show that internal activations differ 946

when models encounter relevant and irrelevant con- 947

text. We can extract the context distrust direction 948

from the optimal layer l∗. When we project the ac- 949

tivations at l∗ into 2-dimensional space, we observe 950

a clear separation, indicating that the activations 951

are separable in the top-2 principal components. 952

Figure 9 shows the PCA visualization across lay- 953

ers for the three chat models. A clear separation 954

begins to emerge from the middle layers, indicat- 955

ing how the model differentially processes different 956

types of context in its internal representation before 957

generation. 958
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Figure 10: The entropy of generation tokens of Llama-3.1-8B-Instruct (left) and Qwen2.5-7B-Instruct (right).

Figure 11: The accuracy on the validation set of Drel.
We evaluate the model without knocking heads, 20
random heads and top-20 answer-attending heads are
knocked out.

E.2 Generation Entropy959

We investigate generation uncertainty when inter-960

vening with the context distrust direction. Fig-961

ure 10 shows the entropy results for Llama-3.1-962

8B-Instruct and Qwen2.5-7B-Instruct. The entropy963

increases when adding the direction to relevant con-964

text, while reversing it on irrelevant context shows965

minimal effect.966

E.3 Context Utility Evaluation967

In addition to using GPT-5 for context utility evalu-968

ation, we also conduct the experiments with open-969

weighted LLM evaluation for better replication and970

human evaluation for further confirmation. We use971

Qwen2.5-7B-Instruct for LLM evaluation. We sam-972

ple 100 items from the evaluation data and conduct973

human annotation by the authors of this paper. Ta-974

ble 4 presents context utility evaluation results. The975

results show strong agreement between automated976

and human evaluation, validating our measurement977

approach.978

Without intervention (α = 0), both evaluators 979

report high utility scores for relevant context and 980

lower scores for irrelevant context, indicating mod- 981

els naturally distinguish context quality to some ex- 982

tent. When applying the distrust direction (α > 0), 983

utility scores for relevant context drop dramatically, 984

confirming the intervention successfully reduces 985

context reliance. The reverse intervention (α < 0) 986

on irrelevant context shows stronger effects in hu- 987

man evaluation compared to automated evaluation, 988

possibly due to evaluation bias when using the 989

same model family. Nevertheless, both evaluators 990

consistently validate that our extracted direction 991

can bidirectionally control context utilization be- 992

havior. 993

F Residual Stream Norm 994

We analyze the L2 norm of the residual stream at 995

the last prompt token position. Figure 13 shows 996

the L2 norm patterns across layers for all three chat 997

models. The residual stream magnitude increases 998

consistently across layers, reflecting the nature of 999

transformer-based models where information ac- 1000

cumulates through layers. Notably, the activation 1001

subtraction between items with irrelevant context 1002

and items with relevant context has a greater mag- 1003

nitude compared to the subtraction between items 1004

with the same context type. 1005

G Linear probe 1006

We train linear probes on the internal activations of 1007

each layer to detect the model’s awareness of con- 1008

text relevance. As shown in Figure 12, the probes 1009

achieve over 96% accuracy across all three models 1010

(Llama-3.1-8B-Instruct, Qwen2.5-7B-Instruct, and 1011

Gemma-2-9b-it) on the layers where we extract the 1012

context distrust direction, demonstrating that con- 1013

text relevance information is linearly separable in 1014

the model’s representation space. 1015
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Method
Relevant Context Irrelevant Context

α = 0 α = 1 α = 2 α = 0 α = −1 α = −2

Qwen2.5-7B-Instruct

Qwen2.5-7B-Instruct 0.96 0.51 0.02 0.27 0.43 0.37
Llama-3.1-8B-Instruct 0.87 0.58 0.16 0.15 0.21 0.22
Gemma-2-9B-it 0.91 0.84 0.13 0.16 0.21 0.26

Human

Qwen2.5-7B-Instruct 0.96 0.54 0.06 0.33 0.67 0.84
Llama-3.1-8B-Instruct 0.92 0.56 0.11 0.27 0.54 0.63
Gemma-2-9B-it 0.93 0.78 0.17 0.23 0.63 0.78

Table 4: Context utility evaluation with different evaluators. We report the context utility score on the validation set
with relevant context (Rel) and irrelevant context (Irrel) under different intervention strengths α.

Figure 12: The accuracy of the trained linear probes on the validation split. We train 5 probes for each layer with
different random seeds.

H Attention Heads1016

We identify attention heads that attend to the last1017

exact answer token. These heads appear to be re-1018

sponsible for moving exact answer information1019

to the last prompt token. We further investigate1020

whether these heads are copying heads that transfer1021

attended information from source tokens to target1022

tokens. The standard method for detecting copying1023

heads (Elhage et al., 2021) involves calculating the1024

eigenvalues of the full OV circuits WUWOV WE1025

and assessing the proportion of positive real part of1026

eigenvalues, where WE is the Embedding Matrix,1027

WOV is the OV Matrix and WU is the Unembed-1028

ding Matrix.1029

We investigate the eigenvalue fraction of the1030

top-20 answer-attending heads Attnanswer with1031 ∑
i λi/

∑
i |λi|. As shown in Figure 14, most1032

heads have a large proportion of positive eigen-1033

values, indicating that these heads copy exact an-1034

swer token information to the last prompt token to1035

help the model answer correctly, if we assume this1036

metric reliably captures copying behavior.1037

In addition to eigenvalue analysis, we investigate1038

whether knocking out the top-20 attention heads1039

leads to performance degradation. The results in 1040

Figure 11 show that knocking out heads generally 1041

reduces accuracy across models, indicating that 1042

these heads are important for the model to locate 1043

answers in the context. 1044

I Exploring SAE for Feature Extraction 1045

Recent works use Sparse Autoencoder (SAE) to 1046

extract features in LLMs (Bricken et al., 2023; 1047

Cunningham et al., 2023; Ferrando et al., 2025). 1048

Superposition makes individual neurons in neural 1049

networks polysemantic, where each neuron repre- 1050

sents a mixture of independent features (Elhage 1051

et al., 2022). This increases the difficulty of under- 1052

standing neural network behavior. Sparse Autoen- 1053

coders have proven effective at extracting human- 1054

readable features (Bricken et al., 2023). An SAE 1055

typically consists of an encoder layer and a de- 1056

coder layer with a nonlinear activation function σ 1057

between them, which is defined as: 1058

SAE(h) = act(h)Wdec + bdec (11) 1059

where 1060

act(h) = σ(hWenc + benc) (12) 1061
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Figure 13: The L2 norm of the residual stream at the last prompt token across layers for three chat models.

Figure 14: Eigenvalue fraction of top-20 answer-attending heads across three chat models. High positive eigenvalue
fractions suggest these heads function as copying mechanisms for answer information.

(a) The activation frequency of SAE latents of Gemma-2-
9B-it on items with relevant context and irrelevant context.

(b) The latent separation score of the top-5 SAE latents,
which have the highest latent separation scores across lay-
ers.

Figure 15: The left shows the activation frequency of SAE latents. There are latents that activate frequently only on
relevant context or irrelevant context. The right shows the latent separation score of the top-5 SAE latents. The top
latents in the middle layers have the most separation scores.

Figure 16: Cosine similarity among 3 types of context distrust directions. Combined means the direction is extracted
from all training data.
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Figure 17: The context utility and accuracy of validation
data when intervening along the direction r, which is
extracted from the same layer as r∗. We set α = 2
for the relevant context and α = −2 for the irrelevant
context.

Here, h ∈ Rd is an input vector from the residual1062

stream. Wenc, benc and Wdec, bdec are the weights1063

and biases of the encoder and decoder layer respec-1064

tively. Non-linear activation function σ depends1065

on the architecture of the SAE. Using SAEs, we1066

can decompose a high-dimensional model repre-1067

sentation into a linear combination of interpretable1068

feature vectors. The model’s dense activations1069

are reconstructed as a weighted sum of decoder1070

columns, where each column potentially represents1071

a monosemantic concept, with the sparse encoder1072

outputs serving as weights (Huben et al., 2024;1073

Bricken et al., 2023).1074

We use SAEs from Gemma Scope (Lieberum1075

et al., 2024) for pretrained Gemma-2-9b,6 which1076

use JumpReLU architecture and TopK architecture.1077

JumpReLU activation function is a variant of regu-1078

lar ReLU, it can be represented as z = hH(h− θ)1079

where θ is a learnable threshold parameter and H is1080

the Heaviside step function. The value of the Heav-1081

iside step function equals 1 when its argument is1082

positive, and 0 otherwise. TopK activation func-1083

tion returns the top K elements of the input tensor,1084

setting the rest to zero. It can be represented as1085

z = TopK(h). Although the SAE we use is for1086

pretrained models, previous study shows that SAEs1087

trained on pretrained models transfer well to chat1088

models (Kissane et al., 2024).1089

Following the method of Ferrando et al. (2025),1090

we calculate the fraction of time that each latent is1091

6https://www.neuronpedia.org/gemma-2-9b

Model NQ TriviaQA Overall

Qwen-2.5-7B-Instruct 46.0 74.4 60.2
Llama-3.1-8B-Instruct 56.3 78.7 67.5
Gemma-2-9B-it 52.7 81.5 67.1

Table 5: The accuracy of 3 chat models on the training
data, which we use to extract the context distrust direc-
tion.

active on items with relevant and irrelevant context: 1092

f rel
l,j =

∑N rel

i 1[ai,j(h
rel
l,i) > 0]

N rel (13) 1093

f irrel
l,j =

∑N irrel

i 1[ai,j(h
irrel
l,i ) > 0]

N irrel (14) 1094

in which N rel and N irrel are the number of items 1095

in Drel and Dirrel. l represents the layer where 1096

latents are located, j represents the latent index in 1097

the SAE. Finally, we calculate the latent separation 1098

scores srell,j = f rel
l,j − f irrel

l,j and sirrell,j = f irrel
l,j − 1099

f rel
l,j for selecting optimal activations for items with 1100

relevant and irrelevant context. 1101

Figure 15a shows that some latents activate only 1102

on items with relevant context or irrelevant context. 1103

Meanwhile, the latents with the highest separation 1104

scores are located around the layers where the con- 1105

text distrust direction is extracted, as shown in Fig- 1106

ure 15b. However, we find that steering the top 1107

latents does not lead to the expected context dis- 1108

trust behavior. A possible hypothesis is that these 1109

latents may relate to other model features that man- 1110

ifest in our datasets. We leave this investigation 1111

for future work. Nevertheless, this demonstrates 1112

that the layers where we discover the context dis- 1113

trust direction are indeed where the model begins 1114

to process different context types differently. 1115

J Influence of Parametric Knowledge on 1116

Direction Extraction 1117

A potential confounding factor in our analysis is 1118

whether the model’s pre-existing parametric knowl- 1119

edge influences its assessment of context relevance. 1120

To isolate this effect, we conducted an ablation 1121

study to determine if the context distrust direction 1122

is sensitive to whether the model already knows the 1123

answer. 1124

First, we evaluated each model’s performance on 1125

our training data in a closed-book setting. Based 1126

on whether the model answered correctly, we 1127

partitioned the data into two distinct subsets: a 1128
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"known" subset and an "unknown" subset. This par-1129

tition yielded two new pairs of contrastive datasets:1130

(Dknown
rel , Dknown

irrel ) and (Dunknown
rel , Dunknown

irrel ).1131

As shown in Table 5, the models possess parametric1132

knowledge for a significant portion of the training1133

items.1134

Using these subsets, we extracted two new dis-1135

trust directions: a known direction and an unknown1136

direction. We then compared these with the orig-1137

inal direction extracted from the full, combined1138

dataset. Figure 16 shows the cosine similarity be-1139

tween these three directions across all layers. The1140

similarity is consistently high, particularly in the1141

middle and later layers.1142

Furthermore, we evaluated the causal effect of1143

all three directions on our validation set. As shown1144

in Figure 17, interventions using the known, un-1145

known, and combined directions yield nearly iden-1146

tical effects. The context utility score is evaluated1147

with Qwen2.5-7B-Instruct. All three robustly re-1148

duce the context utility score when applied. The1149

high degree of similarity in both representation (co-1150

sine similarity) and function (interventional effect)1151

indicates that our extracted context distrust direc-1152

tion is a general feature of relevance processing and1153

is largely independent of the model’s parametric1154

knowledge.1155

K Experimental details1156

For most experiments in this work, we use greedy1157

decoding during generation process. For Llama-1158

3.1-8B-Instruct and Qwen2.5-7B-Instruct, we use1159

one NVIDIA RTX 3090 GPU with 24GB VRAM.1160

For Gemma-2-9B-it, we use one NVIDIA RTX1161

A6000 GPU with 48GB VRAM.1162

The optimal layer l∗ we select for extracting1163

context distrust direction is the 15th (15/32) layer1164

for Llama-3.1-8B-Instruct, the 19th (19/28) layer1165

for Qwen2.5-7B-Instruct and the 25th (25/42) layer1166

for Gemma-2-9B-it.1167

L Examples1168

Figure 18, 19, 20, 21, 22 show examples across the1169

experiments in this work.1170
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Question: which is the lion’s mane jellyfish’s species within its genus
Context: (Title: Carybdea branchi) Carybdea branchi Carybdea branchi, the South African box
jellyfish, is a venomous species of cnidarian, in the small family Carybdeidae within the class
Cubozoa. This small box jellyfish grows up to across and may have tentacles of up to in total
length. It has a transparent box-shaped bell with a very long tentacle trailing from each corner. This
jellyfish is found from the north of Namibia and around the South African coast to Port Elizabeth
from the surface to a depth of at least underwater. This jellyfish is often seen in swarms.
Response (original): There is no jellyfish species called the "lion’s mane jellyfish". The passage
you provided is about the Carybdea branchi, also known as the South African box jellyfish.
Response (intervention): The lion’s mane jellyfish’s species within its genus is Carybdea
branchi.

Figure 18: The results of Llama-3.1-8B-Instruct on the item with noisy context reducing along the context distrust
direction. The model provides the wrong answer mentioned in the context after intervention.

Question: What is Yoshiki Tonogai’s occupation?
Context: (Title:Ton’ya) Ton’ya , called "toiya" outside of Edo, were trade brokers in Japan,
primarily wholesalers, warehouse managers, and shipment managers; the term applies equally
to the traders themselves and to their shops or warehouses. First appearing as early as the 12th
century, "ton’ya" came to serve a crucial role in the economy of the Edo period (1603–1867). The
earliest record of a "toi-otoko" may be one from 1175, in which a number of Court officials hire an
outside boatsman to transport them down the Yodo River.
Response: Yoshiki Tonogai is a **Japanese manga artist**.

Figure 19: The results of AACR with Gemma-2-9b-it on items in PopQA with noisy context.

Prompt: You are an expert in retrieval question answering. Please respond with the exact answer
only. Do not be verbose or provide extra information.
If there is no information available from the context, the answer should be ’unknown’.
Context: The Sarah Jane Adventures was developed by CBBC; a special aired on New Year’s Day
2007 and a full series began on 24 September 2007. A second series followed in 2008, notable
for featuring the return of Brigadier Lethbridge-Stewart. A third in 2009 featured a crossover
appearance from the main show by David Tennant as the Tenth Doctor. In 2010, a further such
appearance featured Matt Smith as the Eleventh Doctor alongside former companion actress Katy
Manning reprising her role as Jo Grant. A final, three-story fifth series was transmitted in autumn
2011 – uncompleted due to the death of the series’ lead actress in early 2011.
Question: Who was the star of The Sarah Jane Adventures?
Answer:
Response (original): Sarah Jane Smith \n
Response (intervention): unknown \n

Figure 20: The results of Gemma-2-9b-it on the unanswerable task of FaithEval benchmark. We intervene by adding
the context distrust direction.
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Prompt: You are an expert in retrieval question answering. Please respond with the exact answer
only. Do not be verbose or provide extra information.
If there is conflict information or multiple answers from the context, the answer should be ’conflict’.
Context: The variant forms of the name of the Rhine in modern languages are all derived from
the Gaulish name Rēnos, which was adapted in Roman-era geography (1st century BC) as Greek
(Rhēnos), Latin Rhenus.[note 3] The spelling with Rh- in English Rhine as well as in German
Rhein and French Rhin is due to the influence of Greek orthography, while the vocalisation -i- is
due to the Proto-Germanic adoption of the Gaulish name as *Rı̄naz, via Old Frankish giving Old
English Rín, Old High German Rı̄n, Dutch Rijn (formerly also spelled Rhijn)). The diphthong in
modern German Rhein (also adopted in Romansh Rein, Rain) is a Central German development
of the early modern period, the Alemannic name Rı̄(n) retaining the older vocalism,[note 4] as
does Ripuarian Rhing, while Palatine has diphthongized Rhei, Rhoi. Spanish is with French in
adopting the Germanic vocalism Rin-, while Italian, Occitan and Portuguese retain the Latin Ren-.
Document: The variant forms of the name of the Rhine in modern languages are all derived from
the Gaulish name Rēnos, which was adapted in Roman-era geography (4th century AD) as Greek
(Rhēnos), Latin Rhenus.[note 3] The spelling with Rh- in English Rhine as well as in German
Rhein and French Rhin is due to the influence of Greek orthography, while the vocalisation -i- is
due to the Proto-Germanic adoption of the Gaulish name as *Rı̄naz, via Old Frankish giving Old
English Rín, Old High German Rı̄n, Dutch Rijn (formerly also spelled Rhijn)). The diphthong in
modern German Rhein (also adopted in Romansh Rein, Rain) is a Central German development of
the early modern period, the Alemannic name Rı̄(n) retaining the older vocalism,[note 4] as does
Ripuarian Rhing, while Palatine has diphthongized Rhei, Rhoi. Spanish is with French in adopting
the Germanic vocalism Rin-, while Italian, Occitan and Portuguese retain the Latin Ren-.
Question: What century did the name of the Rhine come from?
Answer:
Response (original): 1st century BC \n
Response (intervention): conflict \n

Figure 21: The results of Gemma-2-9b-it on the inconsistent task of FaithEval benchmark. We intervene by adding
the context distrust direction.
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Prompt: Please answer the following question:
Context: The global shift towards alternative energy resources is driven by the desire to reduce
environmental impact and reliance on fossil fuels. Each alternative energy source has unique
attributes that make it suitable for specific applications. For instance, hydropower harnesses the
energy of moving water to generate electricity, but its implementation is often dependent on
geographical conditions such as river availability and suitable topography. Similarly, geothermal
energy relies on the Earth’s natural heat, which can be accessed through drilling. However, the
efficiency of geothermal plants is often limited by the local geothermal gradient, which varies
significantly across different regions. Biofuel energy, derived from organic materials, is widely
utilized for transportation and some industrial applications but has a different energy conversion
process compared to coal and is often less concentrated in its output. It has been highlighted
in several renewable energy reports that while biofuel plays a crucial role in reducing carbon
emissions, its processing and end-use are quite different from how coal and coal replacements
are used in power generation facilities. In contrast, nuclear energy, which harnesses the power
of nuclear fission, operates in a manner quite similar to traditional coal power plants. Nuclear
reactors, like coal plants, produce large amounts of heat to generate steam, which then drives
turbines to create electricity. Interestingly, a comprehensive study by the International Energy
Agency concluded that of all alternative energy sources, nuclear energy shares the most operational
and structural similarities with coal-fired power stations. This similarity in process has allowed
some coal power plants to be adapted for nuclear use with relative ease. Additionally, nuclear
power plants are often built on sites that were once home to coal power stations, taking advantage
of existing infrastructure and grid connections.
Question: Which alternative energy resource is used most like coal?
A: geothermal energy
B: nuclear energy
C: hydropower
D: biofuel energy
Answer:
Response (original): The answer is **B: nuclear energy**. \n The text explains that nuclear
energy, like coal, uses heat to produce steam which drives turbines to generate electricity.
Response (intervention): The answer is not in the provided text. \n While the text doesn’t directly
state which alternative energy source is *most* similar to coal, it focuses on comparing nuclear
energy to coal and doesn’t offer information to compare the other options. \n To answer your
question, I’d need more information or a broader context about how different energy sources are
produced and used.

Figure 22: The results of Gemma-2-9b-it on the counterfactual task of FaithEval benchmark. We intervene by
adding the context distrust direction.
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Evaluate whether the model thinks the provided context is useful for answering the question. You
will be given a question, the context provided to the model, and the model’s response. Determine
if the model considers the context is useful based on its response language and behavior.

Write ’1’ if the model thinks the context is useful for answering (shows confidence in us-
ing the context), otherwise write ’0’ if the model thinks the context is not useful or insufficient. If
the model gives the answer directly, we think it uses context information, so write ’1’.

Key indicators:
- Context USEFUL (1): Model clearly states that the answer can be found in the context, gives
confident answers citing the context
- Context NOT USEFUL (0): Model states context doesn’t contain the answer, admits context is
insufficient, or explicitly states uncertainty about context relevance

Examples:

Question: What is the capital of France?
Context: France is a beautiful country in Western Europe known for its cuisine and culture.
Model Answer: While the provided context mentions France, it doesn’t explicitly state the capital.
However, I know the capital of France is Paris.
Context Utility Assessment: 0

Question: Who invented the telephone?
Context: Alexander Graham Bell was a Scottish-American inventor who is credited with inventing
and patenting the first practical telephone.
Model Answer: According to the context provided, Alexander Graham Bell invented the telephone.
He was a Scottish-American inventor who is credited with inventing and patenting the first practical
telephone.
Context Utility Assessment: 1

Question: What year was the iPhone first released?
Context: The smartphone market has grown significantly over the past decade.
Model Answer: The provided context doesn’t contain information about when the iPhone was first
released. Based on my knowledge, the iPhone was first released in 2007.
Context Utility Assessment: 0

Now evaluate this response:

Question: {{question}}
Context: {{context}}
Model Answer: {{model_answer}}
Context Utility Assessment:

Figure 23: The prompt used to evaluate the context utility in the model’s generation. The context utility score is "1"
if model generates response with the information in the context. Otherwise, context utility score is "0".
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