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Abstract001

Large language models (LLMs) frequently gen-002
erate outputs that contradict previously estab-003
lished facts—a phenomenon known as syco-004
phancy or hallucination that undermines re-005
liability in knowledge-intensive applications.006
While prior work requires expensive retraining007
or introduces significant overhead, two natural008
inference-time interventions appear promising:009
(1) input-level interventions (attention mask-010
ing) that control what the model attends to, and011
(2) output-level interventions (logit biasing)012
that directly constrain generation. Through the-013
oretical analysis and extensive empirical evalu-014
ation across 5 language models and 50 adver-015
sarial test cases, we demonstrate that neither016
approach succeeds, but for fundamentally dif-017
ferent reasons. Attention masking achieves018
0% improvement due to an architectural gap—019
the output distribution depends on final hid-020
den states, not attention patterns, making it021
theoretically unsound. Logit biasing, while022
theoretically sound, fails due to catastrophic023
NLI detection failure (2% contradiction detec-024
tion rate), revealing a critical benchmark-reality025
gap. Our negative results provide a taxonomy026
of failure modes that saves community effort027
on unproductive directions and points toward028
Context-Aware Decoding as a more promising029
alternative that bypasses both limitations.030

1 Introduction031

Large language models (LLMs) demonstrate re-032

markable capabilities in natural language under-033

standing and generation (Brown et al., 2020; Tou-034

vron et al., 2023; Chowdhery et al., 2022). How-035

ever, they frequently produce outputs that contra-036

dict their own previous statements or established037

facts—a phenomenon variously termed sycophancy038

(Sharma et al., 2023), hallucination (Ji et al., 2023),039

or self-inconsistency (Elazar et al., 2021). This040

lack of consistency undermines LLM reliability in041

knowledge-intensive applications such as question042

answering, dialogue systems, and knowledge base 043

construction. For example, given setup context 044

stating “Arthur McDonald is a Canadian physicist,” 045

models often generate “Japanese” when prompted 046

with the contradictory claim “Arthur McDonald is 047

a Japanese physicist. What nationality is he?” 048

This problem is particularly acute in adversarial 049

sycophancy scenarios where misleading informa- 050

tion in the prompt directly contradicts established 051

facts. Prior work has explored various approaches 052

to improve consistency, including retrieval augmen- 053

tation (Lewis et al., 2020) and constrained decoding 054

(Lu et al., 2022). However, these methods either re- 055

quire expensive retraining or introduce significant 056

computational overhead, limiting their practical ap- 057

plicability. 058

In this work, we investigate two inference-time 059

interventions that require no model retraining and 060

operate at different architectural levels. The first 061

approach, attention masking (input-level), blocks 062

attention to contradictory tokens during computa- 063

tion, preventing contradictions from influencing 064

hidden representations. The second approach, logit 065

biasing (output-level), directly modifies output 066

token probabilities via a bias vector to suppress 067

contradictory terms and boost correct terms. Both 068

approaches are theoretically appealing: they re- 069

quire no retraining, operate at inference time, pre- 070

serve pre-trained weights, and can be implemented 071

efficiently. However, they operate at fundamentally 072

different levels—attention masking controls what 073

information enters the computation, while logit 074

biasing controls what tokens can be generated. 075

Through theoretical analysis and extensive em- 076

pirical evaluation across 5 language models and 077

50 adversarial test cases, we demonstrate that both 078

approaches face significant challenges, though for 079

fundamentally different reasons. Our investigation 080

reveals a taxonomy of failure modes that provides 081

insights into why these natural intervention points 082

are insufficient, and points toward more promising 083
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alternatives such as Context-Aware Decoding.084

Our work makes four key contributions: (1) Sys-085

tematic investigation formalizing and evaluating086

interventions at two architectural levels (input vs087

output), revealing a taxonomy of failure modes;088

(2) Theoretical analysis identifying fundamental089

limitations and bottlenecks in each approach; (3)090

Empirical validation across multiple models and091

test cases demonstrating consistent failure patterns;092

(4) Negative results with implications showing093

that input-level interventions face architectural lim-094

itations, while output-level interventions critically095

depend on detection accuracy, and that Context-096

Aware Decoding bypasses both limitations. The097

paper is organized as follows: Section 2 provides098

background and problem definition; Section 3 re-099

views related work; Sections 4–5 present our in-100

vestigations of attention masking and logit biasing;101

Section 6 provides comparative analysis; Section 7102

concludes with implications and future directions.103

2 Background and Problem Setup104

2.1 Transformer Language Models105

A transformer-based autoregressive language106

model computes P (y) =
∏T

t=1 P (yt | y<t). At107

each position t, hidden representations are com-108

puted through L transformer layers, where each109

layer ℓ applies multi-head self-attention followed110

by a feed-forward network with residual connec-111

tions:112

h
(ℓ)
t = FFN(Attention(Qt,K,V,M)+h

(ℓ−1)
t )113

+ h
(ℓ−1)
t (1)114

with Qt = h
(ℓ−1)
t WQ, K = H(ℓ−1)WK , V =115

H(ℓ−1)WV , and H(ℓ−1) = [h
(ℓ−1)
1 , . . . ,h

(ℓ−1)
t ].116

The attention mechanism computes:117

Attention(Qt,K,V,M) =118

softmax
(
QtK

⊤
√
dk

+Mt

)
V (2)119

where M ∈ RT×T is the attention mask. For120

causal generation, Mcausal
ij = 0 if j ≤ i, −∞ other-121

wise. After L layers, the output distribution is:122

P (yt | y<t) = softmax(Woh
(L)
t + b) (3)123

where h
(L)
t ∈ Rd is the final hidden representa- 124

tion, Wo ∈ R|V|×d is the output projection matrix, 125

and b ∈ R|V| is a bias vector. 126

2.2 Problem Definition: Adversarial 127

Sycophancy 128

We focus on the problem of adversarial syco- 129

phancy, where a model generates outputs that con- 130

tradict established facts when presented with mis- 131

leading information. 132

Setup: The model is given: 133

1. Setup context C containing factual informa- 134

tion F = {f1, . . . , fn} 135

2. Adversarial prompt P containing informa- 136

tion that contradicts F 137

Each fact fi can be represented as a subject- 138

predicate-object triple (si, pi, oi). For example, 139

with C: “Arthur McDonald is a Canadian physi- 140

cist” and P : “Arthur McDonald is a Japanese 141

physicist. What nationality is he?”, we have con- 142

tradiction (s1, p1, o
′
1) where o′1 = “Japanese” ̸= 143

o1 = “Canadian”. 144

Desirable behavior: The model should gener- 145

ate output consistent with C (e.g., “Canadian”), 146

not with the contradictory information in P (e.g., 147

“Japanese”). 148

Observed behavior: LLMs frequently exhibit 149

sycophancy, generating outputs consistent with P 150

rather than C, even when C is factually correct and 151

P contains obvious falsehoods. 152

2.3 Intervention Taxonomy 153

Given this problem, there are two natural points for 154

intervention: (1) Input-Level (Attention Mask- 155

ing): Modify M in Equation 2 to prevent attention 156

to contradictory tokens, where Mintervention
ij = −∞ 157

if j ∈ Iconflict, otherwise Mcausal
ij . Hypothesis: 158

blocking attention prevents contradictory informa- 159

tion from flowing into h
(L)
t . (2) Output-Level 160

(Logit Biasing): Modify Equation 3 by adding 161

bias vector B where Bv = −∞ for v ∈ Tavoid, 162

+α for v ∈ Tboost, and 0 otherwise. Hypothesis: 163

directly constraining the output distribution forces 164

generation consistent with C rather than P . The 165

key distinction is that attention masking operates 166

on computation (hidden states), while logit bias- 167

ing operates on output (generation probabilities). 168

In the following sections, we investigate whether 169

either approach successfully enforces consistency. 170
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3 Related Work171

Consistency in Language Models. Prior work172

addresses consistency through fine-tuning on173

consistency-annotated data (Dziri et al., 2022) or174

retrieval augmentation (RAG) (Lewis et al., 2020).175

Unlike these training-based approaches, we fo-176

cus on inference-time interventions that require177

no model retraining.178

Attention Manipulation. Dathathri et al. (2020)179

(PPLM) and Qin et al. (2022) (COLD) modify180

attention for controllable generation, but target181

style/topic control, not factual consistency, and do182

not analyze architectural limitations. Our work183

proves attention manipulation cannot enforce con-184

sistency due to the gap between attention and gen-185

eration.186

Logit-Level Interventions. Krause et al. (2021)187

(GEDI) and Yang and Klein (2021) (FUDGE) use188

classifiers to bias generation, assuming reliable at-189

tribute classifiers. Our work reveals that for consis-190

tency, the detection bottleneck (2% NLI accuracy191

on adversarial cases) makes logit biasing impracti-192

cal despite theoretical soundness.193

Natural Language Inference. Bowman et al.194

(2015) (SNLI), Williams et al. (2018) (MultiNLI),195

and Nie et al. (2020) (ANLI) establish NLI bench-196

marks. Despite 90% accuracy on MNLI, we find197

pre-trained NLI models fail catastrophically (2%198

detection) on adversarial sycophancy cases, reveal-199

ing a significant benchmark-reality gap.200

Context-Aware Decoding & Other Ap-201

proaches. CAD amplifies/suppresses tokens by202

comparing distributions P (yt | y<t, C) with and203

without context C: PCAD(yt) = (1 + α) · P (yt |204

C)− α · P (yt | ∅). Unlike our approaches, CAD205

requires no explicit detection, bypassing both the206

architectural gap (attention) and detection bottle-207

neck (logit biasing), making it a promising alter-208

native. Knowledge editing (Mitchell et al., 2022;209

Meng et al., 2022; Zhu et al., 2020) and con-210

strained decoding (Lu et al., 2022) assume con-211

straints are known a priori or require model modifi-212

cation, while our setting requires detecting what to213

constrain during generation. Our negative results214

suggest this detection step is the critical bottleneck.215

4 Approach 1: Attention Masking216

(Input-Level)217

4.1 Technical Formulation218

We implement Logically-Conflicting Words At-219

tention Masking (LCWAM) that extends the220

causal mask to block attention to contradictory to- 221

kens (Figure 1). The strategy: (1) Conflict Detec- 222

tion: Parse input to extract facts f ′
i = (s′i, p

′
i, o

′
i) 223

and check for value mismatch conflicts where 224

s′i = sj ∧p′i = pj ∧ o′i ̸= oj for stored fact fj ∈ F ; 225

(2) Mask Construction: For contradictory token 226

positions Iconflict, create mask MLCWAM
ij = −∞ if 227

j > i (causal) or j ∈ Iconflict ∧ i ≥ min(Iconflict), 228

else 0; (3) Generation: Generate autoregressively 229

using MLCWAM in Equation 2. 230

By setting attention weights to −∞ for contra- 231

dictory positions, the softmax produces zero proba- 232

bility for attending to those tokens, which should 233

prevent contradictory information from influencing 234

hidden representations and the output distribution. 235

4.2 Why Attention Masking Fails 236

However, this intuition is flawed. We now demon- 237

strate why attention masking cannot guarantee con- 238

sistency. 239

Theorem 1 (Attention Masking Insufficiency): 240

Attention masking at positions Iconflict does not pre- 241

vent the model from generating tokens correspond- 242

ing to those positions in the output. 243

Proof Sketch: Even with masking, 244

h
(ℓ)
t = FFN(

∑
j /∈Iconflict,j≤t α

(ℓ)
tj v

(ℓ)
j ) + h

(ℓ−1)
t 245

where α
(ℓ)
tj = 0 for j ∈ Iconflict. The output 246

distribution P (yt = v | y<t) ∝ exp(w⊤
v h

(L)
t ) can 247

still assign high probability to contradictory v 248

because: (1) unmasked context provides sufficient 249

signal (e.g., “is years old” suggests an age 250

value); (2) pre-trained correlations P (v | context) 251

from training data; (3) masking affects h
(L)
t but 252

doesn’t directly constrain vocabulary probabilities. 253

Formally, the mapping ϕ : Lattention → Loutput 254

where ϕ(h) = softmax(Woh+b) is many-to-one 255

through high-capacity Wo, so constraining 256

Lattention doesn’t guarantee constraints on Loutput. 257

4.3 Experimental Validation 258

We implement LCWAM using spaCy for fact ex- 259

traction, string-based conflict detection, and Py- 260

Torch forward hooks to inject masks into attention 261

layers (see Appendix B.1 for implementation de- 262

tails). We evaluate on 10 adversarial examples 263

(GPT-2) and 50 ANLI-derived test cases across 5 264

models (0.5B–3.8B parameters). Tables 1 and 2 265

show that LCWAM achieves 0% improvement 266

across all models and scales, despite correct mask 267

application (verified via logging). For example, 268

masking token “30” in “Sarah is 30 years old. 269
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Input
Text
Setup +

Adversarial

Fact Ex-
traction

spaCy parser

Conflict
Detected?

Generate
Mask

Mij = −∞

No
Masking
Standard attn.

Multi-
Layer

Attention

Architectural
Gap
Output

via h
(L)
t ,

not attn.

weights

Output
Gener-
ation

Yes

No

Failure Point:
Unmasked con-
text
encodes contra-
dictory

info in h
(L)
t

Figure 1: Attention masking workflow showing the architectural gap. The approach masks attention to contradictory
tokens, but fails because the output distribution depends on final hidden states h(L)

t , which can encode contradictory
information from unmasked context.

Sarah is actually” still results in generating “30270

years old”. This validates our theoretical analysis:271

the architectural gap between attention (input-level)272

and generation (output-level) makes this approach273

fundamentally unsound.274

Metric Baseline LCWAM

Contradiction Rate 70% 70%
Success Rate 30% 30%
Avg. Latency (ms) 422 503

Improvement — 0%

Table 1: Experimental results on 10 adversarial test
cases with GPT-2. LCWAM shows no improvement
despite correct mask application.

Model Success Rate Contradiction Rate
Baseline +Masking Baseline +Masking

Qwen2.5-0.5B 24% 24% 8% 8%
Llama-3.2-1B 36% 36% 24% 24%
Qwen2.5-1.5B 40% 40% 16% 16%
Phi-2 54% 54% 8% 8%
Phi-3-mini-4k 34% 34% 8% 8%

Improvement 0% across all models

Table 2: Attention masking results across multiple mod-
els (0.5B–3.8B parameters). All models show 0% im-
provement, confirming the architectural gap predicted
by Theorem 1.

4.4 Diagnostic Analysis275

Detailed analysis of why masking fails is provided276

in Appendix A (see also Appendix A.1). Briefly,277

even when attention weights to contradictory to-278

kens are zero, unmasked context provides suffi-279

cient signal for the model to generate contradictory280

outputs based on pre-trained correlations.281

4.5 Summary 282

The core issue is a mismatch between intervention 283

point (attention weights, input-level) and objective 284

(output token probabilities, output-level). Attention 285

masking operates at layers ℓ < L, affecting h
(ℓ)
t , 286

but the output distribution depends on h
(L)
t after 287

L− ℓ additional learned transformations that can 288

recover information from unmasked context, lead- 289

ing to the same contradictory outputs. Conclusion: 290

Attention masking is theoretically unsound for 291

enforcing consistency—it cannot work in principle, 292

not just in practice. 293

5 Approach 2: Logit Biasing 294

(Output-Level) 295

Unlike attention masking, logit biasing operates 296

directly at the output level, making it theoretically 297

sound. However, it critically depends on detecting 298

which tokens to suppress/boost. 299

5.1 Technical Formulation 300

We modify the output distribution in Equation 3 by 301

adding bias vector B ∈ R|V| (see Appendix B.2 for 302

implementation details): 303

P (yt | y<t) = softmax(Woh
(L)
t + b+B) (4) 304

where Bv = −∞ for v ∈ Tavoid (suppress con- 305

tradictory tokens), +α for v ∈ Tboost (boost correct 306

tokens, α = 5.0), and 0 otherwise. The bias is ap- 307

plied at every generation step, directly modifying 308

the output distribution before sampling. 309

5.2 NLI-Based Contradiction Detection 310

To determine Tavoid and Tboost, we employ a 311

three-step pipeline (Figure 2): (1) Extract 312
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False Claim: Parse adversarial prompt using313

regex to identify contradictory statements (e.g.,314

from “Arthur McDonald is a Japanese physi-315

cist. What nationality is he?” extract “Arthur316

McDonald is a Japanese physicist”); (2) NLI317

Classification: Use pre-trained NLI model318

cross-encoder/nli-distilroberta-base319

(Reimers and Gurevych, 2019) to classify320

setup context (premise) vs false claim (hy-321

pothesis). Contradiction detected if label ∈322

{CONTRADICTION, NEUTRAL} ∧ confidence ≥323

0.5; (3) Term Extraction: Use SpaCy POS324

tagging (Honnibal et al., 2020) to extract tokens325

with tags NOUN, PROPN, NUM, ADJ (filtering stop326

words except numbers) from false claim (Tavoid)327

and setup context (Tboost).328

5.3 Experimental Setup329

We evaluate on 5 open-source language mod-330

els (0.5B–3.8B parameters): Phi-3-mini-4k-331

instruct, phi-2, Llama-3.2-1B, Qwen2.5-1.5B, and332

Qwen2.5-0.5B-Instruct. We use 50 adversarial test333

cases from ANLI (Nie et al., 2020), each with setup334

context (factual ground truth), adversarial prompt335

(contradictory information + question), expected336

answer, and expected avoidance terms. Example:337

Setup “Farrukhabad gharana is one of six playing338

styles”, adversarial “but some people think there339

are only three other styles”, expected answer “five”340

or “5”, avoid “three”/“3”. We compare baseline (no341

intervention), attention masking (LCWAM, Sec-342

tion 4), and logit bias (NLI detection + SpaCy ex-343

traction, see Appendix B for details). Metrics: con-344

tradiction rate (lower better), success rate (higher345

better), latency, and failed tests.346

5.4 Main Results347

Table 3 presents our main findings across all mod-348

els and methods.349

Figure 3 visualizes these results, showing that350

attention masking produces identical performance351

to baseline (overlapping bars), while logit biasing352

either crashes or degrades performance.353

Key Observations: Logit biasing either fails to354

detect contradictions (2% in Phi-3-mini-4k), de-355

grades performance (Llama-3.2-1B: 28% vs 36%356

success), or performs on par/worse than base-357

line. Attention masking confirms 0% improvement358

across all models (Section 4). Critical Finding:359

When biasing suppresses top predictions, smaller360

models cannot recover to generate coherent alter-361

natives, revealing a generation quality bottleneck.362

5.5 The Core Problem: NLI Misclassification 363

Our analysis reveals that the NLI model systemat- 364

ically misclassifies contradictions as entailment. 365

Example: Setup “The Beverly Center Business Dis- 366

trict was added to the National Register in 1984”, 367

false claim “the Register was established in 1984”. 368

NLI classifies as ENTAILMENT (confidence: 0.91) 369

despite being different events. Extended exam- 370

ples are in Appendix A.3. Quantitative Analysis: 371

Of 50 test cases, 48 (96%) classified as ENTAIL- 372

MENT, meaning logit biasing is never applied in 373

96% of cases. Even when biasing is applied, small 374

models (< 4B parameters) generate poor outputs 375

when their primary prediction is suppressed (see 376

Appendix A.4). 377

5.6 Model Size and Performance Analysis 378

Table 4 and Figure 4 show baseline improves with 379

scale (54% success for Phi-2 vs 24% for Qwen2.5- 380

0.5B), but logit biasing fails across all scales due 381

to NLI detection bottleneck. Even Phi-3-mini-4k 382

(3.8B) shows 2% detection rate, confirming the 383

bottleneck persists regardless of model capacity. 384

5.7 Category-Level Performance Analysis 385

Category-level analysis (Appendix A.2, Table 6) 386

shows no category benefits from logit biasing, 387

with the “Consistent” category seeing the largest 388

success rate drop (65%� 49%). 389

5.8 Summary 390

Logit biasing is theoretically sound—it directly 391

constrains the output distribution. However, it 392

fails in practice due to two bottlenecks: (1) Detec- 393

tion Bottleneck (Primary): Pre-trained NLI mod- 394

els fail catastrophically on adversarial sycophancy 395

cases, detecting contradictions in only 2% of cases 396

(trained on SNLI/MultiNLI with simpler contra- 397

dictions than our subtle adversarial examples); (2) 398

Generation Quality (Secondary): Even when bi- 399

asing is applied, small models (< 4B parameters) 400

generate poor outputs when their primary predic- 401

tion is suppressed. These failures persist across 402

all model sizes and test categories, demonstrating 403

the bottleneck is in NLI detection, not the biasing 404

mechanism. 405

6 Comparative Analysis and Discussion 406

6.1 Why They Fail Differently 407

Our investigation reveals that attention masking 408

and logit biasing fail for fundamentally different 409
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Input
Text
Setup +

Adversarial

NLI Clas-
sification
cross-encoder

Contr.
Detected?
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Fails
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Terms

spaCy POS

Baseline
Gen.

Apply
Bias
Bv =

−∞/+α

Quality
OK?

Crashes
36% Llama

Output

No 98%

Yes 2%

Fail
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Primary:
NLI fails

Secondary:
Small models

struggle

Figure 2: Logit biasing workflow with two failure bottlenecks. The approach is theoretically sound but fails in
practice: (1) NLI detection catastrophically misclassifies 98% of contradictions as entailment (primary bottleneck),
and (2) when biasing is applied, small models crash 36% of the time (secondary bottleneck).

Model Method Contr. Rate Success Rate Latency (ms) Valid/Total Failed

Llama-3.2-1B
Baseline 24.0% 36.0% 2163 50/50 0
Attention Mask 24.0% 36.0% 4791 50/50 0
Logit Bias (NLI) 6.0% 28.0% 3097 50/50 0

Phi-3-mini-4k Logit Bias (NLI) 2.0% 32.0% 7645 50/50 0

Qwen2.5-0.5B
Baseline 8.0% 24.0% 1213 50/50 0
Attention Mask 8.0% 24.0% 2860 50/50 0
Logit Bias (NLI) 6.0% 24.0% 1417 50/50 0

Qwen2.5-1.5B
Baseline 16.0% 40.0% 3129 50/50 0
Attention Mask 16.0% 40.0% 8726 50/50 0
Logit Bias (NLI) 4.0% 28.0% 3428 50/50 0

phi-2
Baseline 8.0% 54.0% 5397 50/50 0
Attention Mask 8.0% 54.0% 14744 50/50 0
Logit Bias (NLI) 6.0% 50.0% 5318 50/50 0

Table 3: Experimental results across all models and methods. Attention masking shows 0% improvement across all
models. Logit biasing suffers from either low detection rate (Phi-3-mini: 2%), high crash rate (Llama-3.2-1B: 36%),
or degraded performance (Qwen2.5-0.5B).
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Figure 3: Success and contradiction rates across models and methods. Attention masking (purple) perfectly overlaps
with baseline (blue), confirming 0% improvement. Logit biasing (orange) shows degraded performance across most
models due to low NLI detection rates and generation quality issues.

reasons (Table 5). Attention Masking fails in prin-410

ciple: even with perfect detection and masking, the411

architectural gap between attention and generation 412

prevents enforcement—a fundamental limitation 413

6



Model Size Success Rate Contradiction Rate
(B params) Baseline Logit Bias Baseline Logit Bias

Qwen2.5-0.5B 0.5B 24% 24% 8% 6%
Llama-3.2-1B 1.2B 36% 28% 24% 6%
Qwen2.5-1.5B 1.5B 40% 28% 16% 4%
Phi-2 2.7B 54% 50% 8% 6%
Phi-3-mini-4k 3.8B 34% 32% 8% 2%

Table 4: Model size vs. performance correlation. Larger models show better baseline performance, but logit biasing
fails across all scales due to NLI detection bottleneck.
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Figure 4: Model size vs. performance correlation. (a) Baseline success rate increases with model scale (positive
trend), but logit biasing remains low across all sizes. (b) Performance delta shows logit biasing consistently degrades
performance (negative bars) regardless of model capacity, confirming the NLI detection bottleneck affects all model
scales.

that cannot be overcome. Logit Biasing fails in414

practice: the mechanism is theoretically sound, but415

poor NLI detection (2% accuracy) means it’s rarely416

applied—a dependency bottleneck that could theo-417

retically be fixed with better detection.418

We formalize these differences mathematically.419

Theorem 2 (Attention Masking Fundamental420

Gap): Let M be the set of all possible attention421

masks. For any mask M ∈ M, there exists a422

hidden representation h
(L)
t achievable without at-423

tending to masked positions such that the output424

distribution assigns high probability to contradic-425

tory tokens. Proof: By construction (Section 4),426

the mapping ϕ : Lattention → Loutput is many-to-427

one. Multiple hidden states (including those from428

unmasked context) can produce the same output429

distribution over contradictory tokens.430

Theorem 3 (Logit Biasing Detection Bottle-431

neck): The effectiveness of logit biasing is upper-432

bounded by the contradiction detection accuracy:433

P (success | C) ≤ P (detect | C) × P (correct |434

biasing applied) where C denotes the existence of435

a contradiction. Proof: Logit biasing can only436

be applied when a contradiction is detected. If 437

detection fails (P (detect | C) = 0), no biasing 438

occurs. In our experiments, P (detect | C) ≈ 0.02, 439

making P (success | C) ≤ 0.02 × P (correct | 440

biasing). 441

Attention Masking: Architectural Mismatch. 442

The core issue is a type mismatch: intervention do- 443

main (attention weights, input space) vs objective 444

domain (output token probabilities, output space). 445

The transformation h
(L)
t 7→ P (yt) is a learned, 446

high-capacity mapping that can encode contradic- 447

tory information from unmasked context. Implica- 448

tion: No amount of improved detection or masking 449

strategy can fix this—the approach is theoretically 450

unsound. 451

Logit Biasing: Dependency Chain Failure. 452

The approach depends on pipeline: Detect Contra- 453

diction NLI−−→ Extract Terms
SpaCy−−−→ Apply Biasing. 454

Critical bottleneck: NLI detection fails (2% accu- 455

racy). Trained on SNLI/MultiNLI, the model can- 456

not handle subtle adversarial contradictions. Im- 457

plication: The biasing mechanism is sound; the 458

failure is in detection. Better NLI models could 459
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Attention Masking Logit Biasing

Level Input (computation) Output (generation)
What it controls Attention weights Token probabilities
Theoretical soundness Unsound Sound
Failure type Architectural gap Detection bottleneck
Can it work in principle? No Yes (with perfect detection)
Observed improvement 0% 0% (due to 2% detection)

Table 5: Comparison of failure modes between attention masking and logit biasing.

improve results.460

Beyond effectiveness, we analyze computational461

overhead (see Appendix C, Table 7, Figure 5). At-462

tention masking doubles or triples inference time463

(121–222% overhead), while logit biasing adds464

minimal overhead. However, neither approach jus-465

tifies its computational cost: attention masking466

wastes cycles on an unsound mechanism, while467

logit biasing’s efficiency is irrelevant when detec-468

tion fails 98% of the time.469

6.2 Lessons Learned470

Our negative results yield three key insights: (1)471

Intervention level matters: Input-level interven-472

tions (attention) cannot reliably control output-473

level objectives (generation). Direct output con-474

trol (logit biasing) is theoretically superior. (2)475

Detection is critical: Output-level interventions476

require perfect detection. Pre-trained NLI mod-477

els, despite 90% accuracy on MNLI, fail on ad-478

versarial sycophancy (2% on our test set), reveal-479

ing a benchmark-reality gap. (3) Alternative ap-480

proaches needed: Both approaches fail. Context-481

Aware Decoding, which bypasses detection by com-482

paring distributions with/without context, repre-483

sents a more promising direction.484

7 Conclusion and Recommendations485

We conducted a systematic investigation of two nat-486

ural intervention points for enforcing consistency487

in large language models: (1) input-level interven-488

tions via attention masking, and (2) output-level489

interventions via logit biasing. Through theoreti-490

cal analysis and extensive empirical evaluation, we491

demonstrate that both approaches fail, but for fun-492

damentally different reasons. Attention masking is493

theoretically unsound due to an architectural gap,494

while logit biasing fails in practice due to catas-495

trophic NLI detection failure (2% accuracy).496

7.1 Summary of Findings 497

Attention Masking (Input-Level): Proved fun- 498

damentally unsound due to architectural gap be- 499

tween attention and generation. Empirical vali- 500

dation shows 0% improvement on GPT-2 across 501

all 10 test cases despite correct mask application. 502

Conclusion: Cannot work in principle, not fixable. 503

Logit Biasing (Output-Level): Theoretically 504

sound (directly modifies output distribution) but 505

fails in practice. Critical bottleneck: NLI-based de- 506

tection fails catastrophically (2% detection rate on 507

Phi-3-mini across 50 adversarial test cases). Sec- 508

ondary issue: Even when applied, small models (< 509

4B parameters) generate poor outputs. Empirical re- 510

sults across 5 models (0.5B-3.8B parameters) show 511

either low detection (2%), high crashes (36%), or 512

degraded performance. Conclusion: Theoretically 513

promising but fails in practice due to detection bot- 514

tleneck. 515

7.2 Recommendations for Future Work 516

Based on our findings, we recommend: (1) 517

Context-Aware Decoding (CAD): Most promis- 518

ing alternative. CAD bypasses both architectural 519

gaps and detection bottlenecks by comparing distri- 520

butions with/without context: PCAD(yt) = (1+α)· 521

P (yt | C)−α ·P (yt | ∅). No explicit detection re- 522

quired. (2) Domain-Specific NLI Models: If pur- 523

suing logit biasing, train NLI models specifically 524

for adversarial sycophancy detection. Pre-trained 525

models fail to generalize from SNLI/MultiNLI to 526

subtle contradictions. (3) Hybrid Approaches: 527

Combine RAG with CAD for both factual ground- 528

ing and consistent generation. (4) Larger Base 529

Models: Evaluate whether models ≥ 7B param- 530

eters can generate coherent responses when pri- 531

mary predictions are suppressed. (5) Alternative 532

Detection Methods: Explore entailment graph- 533

based methods, semantic similarity metrics, or fine- 534

tuned contradiction classifiers instead of generic 535

NLI models. 536
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Limitations537

Our study has several limitations: (1) Model scale:538

We evaluated models from 0.5B-3.8B parameters.539

Larger models (≥ 7B) may exhibit different behav-540

ior. (2) Test set size: 50 adversarial cases (logit541

biasing) and 10 cases (attention masking). Larger-542

scale evaluation would strengthen conclusions. (3)543

NLI model selection: We used one NLI model544

(cross-encoder/nli-distilroberta-base).545

Other models (e.g., DeBERTa-v3, T5-based) may546

perform differently. (4) Detection alternatives547

unexplored: We focused on NLI for detection.548

Semantic similarity or fine-tuned classifiers might549

improve results.550

Our work demonstrates the value of negative551

results in AI research. By systematically proving552

why two natural approaches fail, we: (1) save com-553

munity effort on unproductive directions; (2) iden-554

tify actual bottlenecks (detection, not mechanism555

design); (3) point toward more promising alterna-556

tives (CAD); (4) reveal gaps between benchmark557

performance and real-world applicability (90%558

MNLI� 2% adversarial).559

References560

Samuel R. Bowman, Gabor Angeli, Christopher Potts,561
and Christopher D. Manning. 2015. A large anno-562
tated corpus for learning natural language inference.563
In Proceedings of the 2015 Conference on Empirical564
Methods in Natural Language Processing (EMNLP).565
Association for Computational Linguistics.566

Tom Brown, Benjamin Mann, Nick Ryder, Melanie567
Subbiah, Jared D Kaplan, Prafulla Dhariwal, Arvind568
Neelakantan, Pranav Shyam, Girish Sastry, Amanda569
Askell, Sandhini Agarwal, Ariel Herbert-Voss,570
Gretchen Krueger, Tom Henighan, Rewon Child,571
Aditya Ramesh, Daniel Ziegler, Jeffrey Wu, Clemens572
Winter, and 12 others. 2020. Language models are573
few-shot learners. In Advances in Neural Informa-574
tion Processing Systems, volume 33.575

Aakanksha Chowdhery, Sharan Narang, Jacob Devlin,576
Maarten Bosma, Gaurav Mishra, Adam Roberts, Paul577
Barham, Hyung Won Chung, Charles Sutton, Sebas-578
tian Gehrmann, and 1 others. 2022. Palm: Scaling579
language modeling with pathways. arXiv preprint580
arXiv:2204.02311.581

Sumanth Dathathri, Andrea Madotto, Janice Lan, Jane582
Hung, Eric Frank, Piero Molino, Jason Yosinski, and583
Rosanne Liu. 2020. Plug and play language models:584
A simple approach to controlled text generation. In585
International Conference on Learning Representa-586
tions.587

Nouha Dziri, Ehsan Kamalloo, Sivan Milton, Osmar Za- 588
iane, Mo Yu, Edoardo M Ponti, and Siva Reddy. 2022. 589
FaithDial: A Faithful Benchmark for Information- 590
Seeking Dialogue. Transactions of the Association 591
for Computational Linguistics, 10:1473–1490. 592

Yanai Elazar, Nora Kassner, Shauli Ravfogel, Abhi- 593
lasha Ravichander, Eduard Hovy, Hinrich Schütze, 594
and Yoav Goldberg. 2021. Measuring and improving 595
consistency in pretrained language models. Transac- 596
tions of the Association for Computational Linguis- 597
tics, 9:1012–1031. 598

Matthew Honnibal, Ines Montani, Sofie Van Lan- 599
deghem, and Adriane Boyd. 2020. spaCy: Industrial- 600
strength Natural Language Processing in Python. 601

Ziwei Ji, Nayeon Lee, Rita Frieske, Tiezheng Yu, Dan 602
Su, Yan Xu, Etsuko Ishii, Yejin Bang, Delong Chen, 603
Wenliang Dai, Andrea Madotto, and Pascale Fung. 604
2023. Survey of hallucination in natural language 605
generation. ACM Computing Surveys, 55(12):1–38. 606

Ben Krause, Akhilesh Deepak Gotmare, Bryan McCann, 607
Nitish Shirish Keskar, Shafiq Joty, Richard Socher, 608
and Nazneen Fatema Rajani. 2021. GeDi: Gener- 609
ative discriminator guided sequence generation. In 610
Findings of the Association for Computational Lin- 611
guistics: EMNLP 2021, pages 4929–4952, Punta 612
Cana, Dominican Republic. Association for Compu- 613
tational Linguistics. 614

Patrick Lewis, Ethan Perez, Aleksandara Piktus, Fabio 615
Petroni, Vladimir Karpukhin, Naman Goyal, Hein- 616
rich Küttler, Mike Lewis, Wen-tau Yih, Tim Rock- 617
täschel, and 1 others. 2020. Retrieval-augmented 618
generation for knowledge-intensive nlp tasks. In Ad- 619
vances in Neural Information Processing Systems. 620

Ximing Lu, Sean Welleck, Peter West, Liwei Jiang, 621
Jungo Kasai, Daniel Khashabi, Ronan Le Bras, Lian- 622
hui Qin, Youngjae Yu, Rowan Zellers, Noah A. Smith, 623
and Yejin Choi. 2022. Neurologic a*esque decoding: 624
Constrained text generation with lookahead heuris- 625
tics. In Proceedings of the 2022 Conference of the 626
North American Chapter of the Association for Com- 627
putational Linguistics: Human Language Technolo- 628
gies, pages 780–799, Seattle, United States. Associa- 629
tion for Computational Linguistics. 630

Kevin Meng, David Bau, Alex Andonian, and Yonatan 631
Belinkov. 2022. Locating and editing factual associ- 632
ations in GPT. In Advances in Neural Information 633
Processing Systems, volume 35. 634

Eric Mitchell, Charles Lin, Antoine Bosselut, Christo- 635
pher D Manning, and Chelsea Finn. 2022. Memory- 636
based model editing at scale. In Proceedings of the 637
39th International Conference on Machine Learning, 638
volume 162 of Proceedings of Machine Learning 639
Research, pages 15817–15831. PMLR. 640

Yixin Nie, Adina Williams, Emily Dinan, Mohit Bansal, 641
Jason Weston, and Douwe Kiela. 2020. Adversarial 642
NLI: A new benchmark for natural language under- 643
standing. In Proceedings of the 58th Annual Meeting 644

9

https://doi.org/10.48550/arXiv.2204.02311
https://doi.org/10.48550/arXiv.2204.02311
https://doi.org/10.48550/arXiv.2204.02311
https://openreview.net/forum?id=H1edEyBKDS
https://openreview.net/forum?id=H1edEyBKDS
https://openreview.net/forum?id=H1edEyBKDS
https://doi.org/10.1162/tacl_a_00529
https://doi.org/10.1162/tacl_a_00529
https://doi.org/10.1162/tacl_a_00529
https://doi.org/10.1162/tacl_a_00410
https://doi.org/10.1162/tacl_a_00410
https://doi.org/10.1162/tacl_a_00410
https://doi.org/10.5281/zenodo.1212303
https://doi.org/10.5281/zenodo.1212303
https://doi.org/10.5281/zenodo.1212303
https://doi.org/10.1145/3571730
https://doi.org/10.1145/3571730
https://doi.org/10.1145/3571730
https://doi.org/10.18653/v1/2021.findings-emnlp.424
https://doi.org/10.18653/v1/2021.findings-emnlp.424
https://doi.org/10.18653/v1/2021.findings-emnlp.424
https://doi.org/10.18653/v1/2022.naacl-main.57
https://doi.org/10.18653/v1/2022.naacl-main.57
https://doi.org/10.18653/v1/2022.naacl-main.57
https://doi.org/10.18653/v1/2022.naacl-main.57
https://doi.org/10.18653/v1/2022.naacl-main.57
https://arxiv.org/abs/2202.05262
https://arxiv.org/abs/2202.05262
https://arxiv.org/abs/2202.05262


of the Association for Computational Linguistics. As-645
sociation for Computational Linguistics.646

Lianhui Qin, Sean Welleck, Daniel Khashabi, and Yejin647
Choi. 2022. Cold decoding: Energy-based con-648
strained text generation with langevin dynamics. In649
Advances in Neural Information Processing Systems,650
volume 35, pages 9538–9551. Curran Associates,651
Inc.652

Nils Reimers and Iryna Gurevych. 2019. Sentence-bert:653
Sentence embeddings using siamese bert-networks.654
In Proceedings of the 2019 Conference on Empirical655
Methods in Natural Language Processing. Associa-656
tion for Computational Linguistics.657

Mrinank Sharma, Meg Tong, Tomasz Korbak, David658
Duvenaud, Amanda Askell, Samuel R. Bowman,659
Newton Cheng, Esin Durmus, Zac Hatfield-Dodds,660
Scott R. Johnston, Shauna Kravec, Timothy Maxwell,661
Sam McCandlish, Kamal Ndousse, Oliver Rausch,662
Nicholas Schiefer, Da Yan, Miranda Zhang, and663
Ethan Perez. 2023. Towards understanding syco-664
phancy in language models. arXiv preprint665
arXiv:2310.13548.666

Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier667
Martinet, Marie-Anne Lachaux, Timothée Lacroix,668
Baptiste Rozière, Naman Goyal, Eric Hambro, Faisal669
Azhar, Aurelien Rodriguez, Armand Joulin, Edouard670
Grave, and Guillaume Lample. 2023. Llama: Open671
and efficient foundation language models. Preprint,672
arXiv:2302.13971.673

Adina Williams, Nikita Nangia, and Samuel Bowman.674
2018. A broad-coverage challenge corpus for sen-675
tence understanding through inference. In Proceed-676
ings of the 2018 Conference of the North American677
Chapter of the Association for Computational Lin-678
guistics: Human Language Technologies, Volume 1679
(Long Papers), pages 1112–1122. Association for680
Computational Linguistics.681

Kevin Yang and Dan Klein. 2021. FUDGE: Controlled682
text generation with future discriminators. In Pro-683
ceedings of the 2021 Conference of the North Amer-684
ican Chapter of the Association for Computational685
Linguistics: Human Language Technologies, pages686
3511–3535, Online. Association for Computational687
Linguistics.688

Chen Zhu, Ankit Singh Rawat, Manzil Zaheer, Srinadh689
Bhojanapalli, Daliang Li, Felix X. Yu, and Sanjiv690
Kumar. 2020. Modifying memories in transformer691
models. arXiv preprint arXiv:2012.00363.692

A Extended Experimental Analysis693

A.1 Diagnostic Analysis: Attention Masking694

Why does masking “30” fail to prevent generating695

“30”? Analysis of the Sarah age example shows: (1)696

attention weights at “30” are zero (mask works);697

(2) unmasked context (“Most people think Sarah698

is... years old”) provides strong age signals; (3)699

output logits show P (“30” | context) = 0.62 even 700

without attending to “30”, with P (“25”) = 0.09 701

and P (“old”) = 0.05. The model strongly prefers 702

“30” based solely on unmasked context and pre- 703

trained correlations, explaining why Equation 3 704

assigns high probability without direct attention. 705

A.2 Category-Level Performance Breakdown 706

Category-level analysis (Table 6) shows no cate- 707

gory benefits from logit biasing. The “Consistent” 708

category sees the largest success rate drop (65% 709

� 49%), suggesting that even without contradic- 710

tions to suppress, low NLI detection and generation 711

quality issues degrade performance. 712

Category Baseline Attention Mask Logit Bias (NLI)
Succ/Contr Succ/Contr Succ/Contr

Consistent 65%/16% 65%/16% 49%/4%
Contradiction 25%/11% 25%/11% 25%/5%

Table 6: Performance breakdown by category (aggre-
gated across all models). No category benefits from
logit biasing.

A.3 Extended NLI Failure Examples 713

Our analysis of Phi-3-mini-4k-instruct reveals that 714

the NLI model systematically misclassifies con- 715

tradictions as entailment. Example: Setup “The 716

Beverly Center Business District was added to 717

the National Register in 1984”, false claim “the 718

Register was established in 1984”. NLI classi- 719

fies as ENTAILMENT (confidence: 0.91) despite 720

being different events—the model fails to distin- 721

guish “added to” vs “established”. Another ex- 722

ample: Setup “The 21st century spans years 2001 723

to 2100” (100 years), false claim “it spans more 724

than 100 years”. NLI classifies as ENTAILMENT 725

(0.67) despite direct mathematical contradiction. 726

Quantitative Analysis: Of 50 test cases, 48 (96%) 727

classified as ENTAILMENT (no biasing), 1 (2%) 728

as CONTRADICTION, 1 (2%) as NEUTRAL. This 729

means logit biasing is never applied in 96% of 730

cases. 731

A.4 Generation Quality Case Studies 732

Even when NLI detects contradictions and bias- 733

ing is applied, small models generate poor outputs. 734

Example: Test case “Ghostbusters” single vs ac- 735

tual single. NLI detects CONTRADICTION (0.59), 736

terms extracted (suppress “Ghostbusters”, boost 17 737

song-related terms), but generated output is “Can 738

you clarify which singles are actually part of the”— 739

the model asks for clarification instead of answer- 740
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ing. Root Cause: Even with perfect biasing, small741

models (< 4B parameters) struggle to generate co-742

herent responses when their primary prediction is743

suppressed.744

B Implementation Details745

B.1 Attention Masking Pipeline746

We implement LCWAM using the following747

pipeline: (1) Fact Extraction: spaCy dependency748

parser extracts (s, p, o) triples from input text. We749

use a sliding window of 5 most recent facts for750

conflict detection. (2) Conflict Detection: String-751

based matching for value mismatches where s′i =752

sj ∧ p′i = pj ∧ o′i ̸= oj for stored fact fj ∈ F .753

(3) Mask Generation: Construct MLCWAM where754

MLCWAM
ij = −∞ if j > i (causal masking) or755

j ∈ Iconflict ∧ i ≥ min(Iconflict) (conflict masking),756

else 0. (4) Hook Injection: Use PyTorch forward757

hooks to inject masks into each attention layer dur-758

ing forward pass. The hooks modify the attention759

computation at runtime without requiring model760

modification.761

B.2 Logit Biasing Pipeline762

We implement logit biasing using the following763

pipeline: (1) False Claim Extraction: Parse764

adversarial prompt using regex pattern matching765

to identify claims after phrases like “but some766

people think” or “but some people say.” (2)767

NLI Classification: Use pre-trained NLI model768

cross-encoder/nli-distilroberta-base769

(330MB, trained on SNLI and MultiNLI)770

to classify relationship between setup con-771

text (premise) and false claim (hypothe-772

sis). Contradiction detected if label ∈773

{CONTRADICTION, NEUTRAL} ∧ confidence ≥774

0.5. (3) Term Extraction: Use SpaCy POS775

tagging to extract tokens with tags NOUN, PROPN,776

NUM, ADJ from false claim (Tavoid) and setup con-777

text (Tboost), filtering stop words except numbers.778

(4) Bias Application: At each generation step,779

modify output distribution by adding bias vector780

B where Bv = −∞ for v ∈ Tavoid, +α (with781

α = 5.0) for v ∈ Tboost, and 0 otherwise.782

C Computational Efficiency Analysis783

We analyze the computational overhead of each784

intervention method. Table 7 shows latency mea-785

surements across all models.786

Key observations: (1) Attention masking is787

expensive—doubles or triples inference time (121–788

222% overhead) due to per-layer mask computation 789

and injection via forward hooks; (2) Logit biasing 790

is lightweight—adds negligible overhead (9% on 791

average) since it only modifies the output distri- 792

bution once per generation step; (3) Efficiency vs. 793

effectiveness trade-off: Despite being more expen- 794

sive, attention masking achieves 0% improvement. 795

Logit biasing is cheaper but fails due to detection 796

issues. Figure 5 visualizes these overhead differ- 797

ences. 798
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Model Baseline Attention Mask Logit Bias
(ms) Overhead (ms) Overhead (%) Overhead (ms) Overhead (%)

Qwen2.5-0.5B 1213 +1647 +136% +204 +17%
Llama-3.2-1B 2163 +2628 +121% +934 +43%
Qwen2.5-1.5B 3129 +5597 +179% +299 +10%
Phi-2 5397 +9347 +173% -79 -1%
Phi-3-mini-4k 7740 +17168 +222% -95 -1%

Table 7: Computational overhead of each intervention method. Attention masking adds significant latency (121–
222% overhead) due to mask computation and injection at every layer, while logit biasing shows variable overhead
across models.
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Figure 5: Computational overhead comparison. (a) Absolute latency overhead shows attention masking adds
thousands of milliseconds, while logit biasing adds minimal overhead. (b) Relative overhead reveals attention
masking exceeds 100% (red line) across all models, meaning inference takes more than twice as long. Despite this
massive computational cost, attention masking achieves 0% improvement.
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