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Abstract

Large language models (LLMs) frequently gen-
erate outputs that contradict previously estab-
lished facts—a phenomenon known as syco-
phancy or hallucination that undermines re-
liability in knowledge-intensive applications.
While prior work requires expensive retraining
or introduces significant overhead, two natural
inference-time interventions appear promising:
(1) input-level interventions (attention mask-
ing) that control what the model attends to, and
(2) output-level interventions (logit biasing)
that directly constrain generation. Through the-
oretical analysis and extensive empirical evalu-
ation across 5 language models and 50 adver-
sarial test cases, we demonstrate that neither
approach succeeds, but for fundamentally dif-
ferent reasons. Attention masking achieves
0% improvement due to an architectural gap—
the output distribution depends on final hid-
den states, not attention patterns, making it
theoretically unsound. Logit biasing, while
theoretically sound, fails due to catastrophic
NLI detection failure (2% contradiction detec-
tion rate), revealing a critical benchmark-reality
gap. Our negative results provide a taxonomy
of failure modes that saves community effort
on unproductive directions and points toward
Context-Aware Decoding as a more promising
alternative that bypasses both limitations.

1 Introduction

Large language models (LLMs) demonstrate re-
markable capabilities in natural language under-
standing and generation (Brown et al., 2020; Tou-
vron et al., 2023; Chowdhery et al., 2022). How-
ever, they frequently produce outputs that contra-
dict their own previous statements or established
facts—a phenomenon variously termed sycophancy
(Sharma et al., 2023), hallucination (Ji et al., 2023),
or self-inconsistency (Elazar et al., 2021). This
lack of consistency undermines LLM reliability in
knowledge-intensive applications such as question

answering, dialogue systems, and knowledge base
construction. For example, given setup context
stating “Arthur McDonald is a Canadian physicist,”
models often generate “Japanese” when prompted
with the contradictory claim “Arthur McDonald is
a Japanese physicist. What nationality is he?”

This problem is particularly acute in adversarial
sycophancy scenarios where misleading informa-
tion in the prompt directly contradicts established
facts. Prior work has explored various approaches
to improve consistency, including retrieval augmen-
tation (Lewis et al., 2020) and constrained decoding
(Lu et al., 2022). However, these methods either re-
quire expensive retraining or introduce significant
computational overhead, limiting their practical ap-
plicability.

In this work, we investigate two inference-time
interventions that require no model retraining and
operate at different architectural levels. The first
approach, attention masking (input-level), blocks
attention to contradictory tokens during computa-
tion, preventing contradictions from influencing
hidden representations. The second approach, logit
biasing (output-level), directly modifies output
token probabilities via a bias vector to suppress
contradictory terms and boost correct terms. Both
approaches are theoretically appealing: they re-
quire no retraining, operate at inference time, pre-
serve pre-trained weights, and can be implemented
efficiently. However, they operate at fundamentally
different levels—attention masking controls what
information enters the computation, while logit
biasing controls what tokens can be generated.

Through theoretical analysis and extensive em-
pirical evaluation across 5 language models and
50 adversarial test cases, we demonstrate that both
approaches face significant challenges, though for
fundamentally different reasons. Our investigation
reveals a taxonomy of failure modes that provides
insights into why these natural intervention points
are insufficient, and points toward more promising



alternatives such as Context-Aware Decoding.
Our work makes four key contributions: (1) Sys-
tematic investigation formalizing and evaluating
interventions at two architectural levels (input vs
output), revealing a taxonomy of failure modes;
(2) Theoretical analysis identifying fundamental
limitations and bottlenecks in each approach; (3)
Empirical validation across multiple models and
test cases demonstrating consistent failure patterns;
(4) Negative results with implications showing
that input-level interventions face architectural lim-
itations, while output-level interventions critically
depend on detection accuracy, and that Context-
Aware Decoding bypasses both limitations. The
paper is organized as follows: Section 2 provides
background and problem definition; Section 3 re-
views related work; Sections 4-5 present our in-
vestigations of attention masking and logit biasing;
Section 6 provides comparative analysis; Section 7
concludes with implications and future directions.

2 Background and Problem Setup
2.1 Transformer Language Models

A transformer-based autoregressive language
model computes P(y) = [[—, P(y: | y<t). At
each position ¢, hidden representations are com-
puted through L transformer layers, where each
layer ¢ applies multi-head self-attention followed
by a feed-forward network with residual connec-
tions:

h!” = FFN(Attention(Q,, K, V, M) +h{‘ "))
+h"Y )

with Q; = h{ VW@ K = HC-VWE Vv =

HDWY, and HED = w7V, nY),
The attention mechanism computes:
Attention(Q;, K, V, M) =
KT
softmax (Q\t/ﬁ + Mt> V 2

where M € RT*T is the attention mask. For
causal generation, Mf;“sal = 0if 5 <4, —oo other-
wise. After L layers, the output distribution is:

Pyt | y<t) = softmax(W,h{" +b)  (3)

where th) € R% s the final hidden representa-

tion, W, € RIVI*? is the output projection matrix,
and b € RVl is a bias vector.

2.2 Problem Definition: Adversarial
Sycophancy

We focus on the problem of adversarial syco-
phancy, where a model generates outputs that con-
tradict established facts when presented with mis-
leading information.

Setup: The model is given:

1. Setup context C' containing factual informa-

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

2. Adversarial prompt P containing informa-
tion that contradicts F

Each fact f; can be represented as a subject-
predicate-object triple (s;,p;,0;). For example,
with C: “Arthur McDonald is a Canadian physi-
cist” and P: “Arthur McDonald is a Japanese
physicist. What nationality is he?”, we have con-
tradiction (s1, p1,0}) where o] = “Japanese” #
01 = “Canadian”.

Desirable behavior: The model should gener-
ate output consistent with C' (e.g., “Canadian”),
not with the contradictory information in P (e.g.,
“Japanese”).

Observed behavior: LLMs frequently exhibit
sycophancy, generating outputs consistent with P
rather than C, even when C' is factually correct and
P contains obvious falsehoods.

2.3 Intervention Taxonomy

Given this problem, there are two natural points for
intervention: (1) Input-Level (Attention Mask-
ing): Modify M in Equation 2 to prevent attention
to contradictory tokens, where Mi;]‘-ter"emio“ = —00
if j € Iconflict, Otherwise M%‘“Sﬁl. Hypothesis:
blocking attention prevents contradictory informa-
tion from flowing into th). (2) Output-Level
(Logit Biasing): Modify Equation 3 by adding
bias vector B where B, = —oo for v € Tayoids
+a for v € Tpoost, and 0 otherwise. Hypothesis:
directly constraining the output distribution forces
generation consistent with C rather than P. The
key distinction is that attention masking operates
on computation (hidden states), while logit bias-
ing operates on output (generation probabilities).
In the following sections, we investigate whether
either approach successfully enforces consistency.



3 Related Work

Consistency in Language Models. Prior work
addresses consistency through fine-tuning on
consistency-annotated data (Dziri et al., 2022) or
retrieval augmentation (RAG) (Lewis et al., 2020).
Unlike these training-based approaches, we fo-
cus on inference-time interventions that require
no model retraining.

Attention Manipulation. Dathathri et al. (2020)
(PPLM) and Qin et al. (2022) (COLD) modify
attention for controllable generation, but target
style/topic control, not factual consistency, and do
not analyze architectural limitations. Our work
proves attention manipulation cannot enforce con-
sistency due to the gap between attention and gen-
eration.

Logit-Level Interventions. Krause et al. (2021)
(GEDI]) and Yang and Klein (2021) (FUDGE) use
classifiers to bias generation, assuming reliable at-
tribute classifiers. Our work reveals that for consis-
tency, the detection bottleneck (2% NLI accuracy
on adversarial cases) makes logit biasing impracti-
cal despite theoretical soundness.

Natural Language Inference. Bowman et al.
(2015) (SNLI), Williams et al. (2018) (MultiNLI),
and Nie et al. (2020) (ANLI) establish NLI bench-
marks. Despite 90% accuracy on MNLI, we find
pre-trained NLI models fail catastrophically (2%
detection) on adversarial sycophancy cases, reveal-
ing a significant benchmark-reality gap.

Context-Aware Decoding & Other Ap-
proaches. CAD amplifies/suppresses tokens by
comparing distributions P(y; | y<¢, C') with and
without context C: Peap(y:) = (14 «) - P(y; |
C) — a - P(y; | 0). Unlike our approaches, CAD
requires no explicit detection, bypassing both the
architectural gap (attention) and detection bottle-
neck (logit biasing), making it a promising alter-
native. Knowledge editing (Mitchell et al., 2022;
Meng et al., 2022; Zhu et al., 2020) and con-
strained decoding (Lu et al., 2022) assume con-
straints are known a priori or require model modifi-
cation, while our setting requires detecting what to
constrain during generation. Our negative results
suggest this detection step is the critical bottleneck.

4 Approach 1: Attention Masking
(Input-Level)

4.1 Technical Formulation

We implement Logically-Conflicting Words At-
tention Masking (LCWAM) that extends the

causal mask to block attention to contradictory to-
kens (Figure 1). The strategy: (1) Conflict Detec-
tion: Parse input to extract facts f] = (s}, p}, o))
and check for value mismatch conflicts where
si = s; Ap, = p;j Aol # oj for stored fact f; € F;
(2) Mask Construction: For contradictory token
positions Iconflict, create mask MiLjCWAM = —o0if
J > i (causal) or j € Iconflict N1 > min(Iconﬂict)’
else 0; (3) Generation: Generate autoregressively
using MMCWAM ip Equation 2.

By setting attention weights to —oo for contra-
dictory positions, the softmax produces zero proba-
bility for attending to those tokens, which should
prevent contradictory information from influencing
hidden representations and the output distribution.

4.2 Why Attention Masking Fails

However, this intuition is flawed. We now demon-
strate why attention masking cannot guarantee con-
sistency.

Theorem 1 (Attention Masking Insufficiency):
Attention masking at positions Iconfiic; does not pre-
vent the model from generating tokens correspond-
ing to those positions in the output.

Proof Sketch: Even with masking,

WO — FEN(Y 0,0y | D

j%houﬂicl 7j St atj V]
0 _

where Q0 = 0 for j € I.onfict- The output

distribution P(y; = v | y<¢) x GXP(W;r th)) can

still assign high probability to contradictory v
because: (1) unmasked context provides sufficient
signal (e.g., “is years old” suggests an age
value); (2) pre-trained correlations P(v | context)
from training data; (3) masking affects hﬁL) but
doesn’t directly constrain vocabulary probabilities.
Formally, the mapping ¢ : Lagenion — Loutput
where ¢(h) = softmax(W,h + b) is many-to-one
through high-capacity W,, so constraining
Lauention doesn’t guarantee constraints on Loygput-

4.3 Experimental Validation

We implement LCWAM using spaCy for fact ex-
traction, string-based conflict detection, and Py-
Torch forward hooks to inject masks into attention
layers (see Appendix B.1 for implementation de-
tails). We evaluate on 10 adversarial examples
(GPT-2) and 50 ANLI-derived test cases across 5
models (0.5B-3.8B parameters). Tables 1 and 2
show that LCWAM achieves 0% improvement
across all models and scales, despite correct mask
application (verified via logging). For example,
masking token “30” in “Sarah is 30 years old.
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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;

information from unmasked context.

Sarah is actually” still results in generating “30
years old”. This validates our theoretical analysis:
the architectural gap between attention (input-level)
and generation (output-level) makes this approach
fundamentally unsound.

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 Analysis

Detailed analysis of why masking fails is provided
in Appendix A (see also Appendix A.1). Briefly,
even when attention weights to contradictory to-
kens are zero, unmasked context provides suffi-
cient signal for the model to generate contradictory
outputs based on pre-trained correlations.

(L), which can encode contradictory

4.5 Summary

The core issue is a mismatch between intervention
point (attention weights, input-level) and objective
(output token probabilities, output-level). Attention

masking operates at layers ¢ < L, affecting hge),

but the output distribution depends on hEL) after
L — /¢ additional learned transformations that can
recover information from unmasked context, lead-
ing to the same contradictory outputs. Conclusion:
Attention masking is theoretically unsound for
enforcing consistency—it cannot work in principle,

not just in practice.

S Approach 2: Logit Biasing
(Output-Level)

Unlike attention masking, logit biasing operates
directly at the output level, making it theoretically
sound. However, it critically depends on detecting
which tokens to suppress/boost.

5.1 Technical Formulation

We modify the output distribution in Equation 3 by
adding bias vector B € RVl (see Appendix B.2 for
implementation details):

Py | y<t) = SoftmaX(Woth) +b+B) 4)

where B, = —oo for v € Tyyoiq (Suppress con-
tradictory tokens), 4+« for v € Tpoost (boOOSt correct
tokens, o = 5.0), and 0 otherwise. The bias is ap-
plied at every generation step, directly modifying
the output distribution before sampling.

5.2 NLI-Based Contradiction Detection

To determine Tayoia and Tpeost, We employ a
three-step pipeline (Figure 2): (1) Extract



False Claim: Parse adversarial prompt using
regex to identify contradictory statements (e.g.,
from “Arthur McDonald is a Japanese physi-
cist. What nationality is he?” extract “Arthur
McDonald is a Japanese physicist”); (2) NLI
Classification: Use pre-trained NLI model
cross-encoder/nli-distilroberta-base
(Reimers and Gurevych, 2019) to classify
setup context (premise) vs false claim (hy-
pothesis). Contradiction detected if label €
{CONTRADICTION, NEUTRAL} A confidence >
0.5; (3) Term Extraction: Use SpaCy POS
tagging (Honnibal et al., 2020) to extract tokens
with tags NOUN, PROPN, NUM, ADIJ (filtering stop
words except numbers) from false claim (Tayoiq)
and setup context (Tpoost)-

5.3 Experimental Setup

We evaluate on 5 open-source language mod-
els (0.5B-3.8B parameters):  Phi-3-mini-4k-
instruct, phi-2, Llama-3.2-1B, Qwen2.5-1.5B, and
Qwen2.5-0.5B-Instruct. We use 50 adversarial test
cases from ANLI (Nie et al., 2020), each with setup
context (factual ground truth), adversarial prompt
(contradictory information + question), expected
answer, and expected avoidance terms. Example:
Setup “Farrukhabad gharana is one of six playing
styles”, adversarial “but some people think there
are only three other styles”, expected answer “five’
or “5”, avoid “three”/*3”. We compare baseline (no
intervention), attention masking (LCWAM, Sec-
tion 4), and logit bias (NLI detection + SpaCy ex-
traction, see Appendix B for details). Metrics: con-
tradiction rate (lower better), success rate (higher
better), latency, and failed tests.

’

5.4 Main Results

Table 3 presents our main findings across all mod-
els and methods.

Figure 3 visualizes these results, showing that
attention masking produces identical performance
to baseline (overlapping bars), while logit biasing
either crashes or degrades performance.

Key Observations: Logit biasing either fails to
detect contradictions (2% in Phi-3-mini-4k), de-
grades performance (Llama-3.2-1B: 28% vs 36%
success), or performs on par/worse than base-
line. Attention masking confirms 0% improvement
across all models (Section 4). Critical Finding:
When biasing suppresses top predictions, smaller
models cannot recover to generate coherent alter-
natives, revealing a generation quality bottleneck.

5.5 The Core Problem: NLI Misclassification

Our analysis reveals that the NLI model systemat-
ically misclassifies contradictions as entailment.
Example: Setup “The Beverly Center Business Dis-
trict was added to the National Register in 1984,
false claim “the Register was established in 1984”.
NLI classifies as ENTAILMENT (confidence: 0.91)
despite being different events. Extended exam-
ples are in Appendix A.3. Quantitative Analysis:
Of 50 test cases, 48 (96%) classified as ENTAIL-
MENT, meaning logit biasing is never applied in
96 % of cases. Even when biasing is applied, small
models (< 4B parameters) generate poor outputs
when their primary prediction is suppressed (see
Appendix A.4).

5.6 Model Size and Performance Analysis

Table 4 and Figure 4 show baseline improves with
scale (54% success for Phi-2 vs 24% for Qwen2.5-
0.5B), but logit biasing fails across all scales due
to NLI detection bottleneck. Even Phi-3-mini-4k
(3.8B) shows 2% detection rate, confirming the
bottleneck persists regardless of model capacity.

5.7 Category-Level Performance Analysis

Category-level analysis (Appendix A.2, Table 6)
shows no category benefits from logit biasing,
with the “Consistent” category seeing the largest
success rate drop (65% — 49%).

5.8 Summary

Logit biasing is theoretically sound—it directly
constrains the output distribution. However, it
fails in practice due to two bottlenecks: (1) Detec-
tion Bottleneck (Primary): Pre-trained NLI mod-
els fail catastrophically on adversarial sycophancy
cases, detecting contradictions in only 2% of cases
(trained on SNLI/MultiNLI with simpler contra-
dictions than our subtle adversarial examples); (2)
Generation Quality (Secondary): Even when bi-
asing is applied, small models (< 4B parameters)
generate poor outputs when their primary predic-
tion is suppressed. These failures persist across
all model sizes and test categories, demonstrating
the bottleneck is in NLI detection, not the biasing
mechanism.

6 Comparative Analysis and Discussion

6.1 Why They Fail Differently

Our investigation reveals that attention masking
and logit biasing fail for fundamentally different
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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
Baseline 24.0% 36.0% 2163 50/50 0
Llama-3.2-1B  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
Baseline 8.0% 24.0% 1213 50/50 0
Qwen2.5-0.5B  Attention Mask 8.0% 24.0% 2860 50/50 0
Logit Bias (NLI) 6.0 % 24.0% 1417 50/50 0
Baseline 16.0% 40.0% 3129 50/50 0
Qwen2.5-1.5B  Attention Mask 16.0% 40.0% 8726 50/50 0
Logit Bias (NLI) 4.0% 28.0% 3428 50/50 0
Baseline 8.0% 54.0% 5397 50/50 0
phi-2 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-  architectural gap between attention and generation
ciple: even with perfect detection and masking, the  prevents enforcement—a fundamental limitation



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 in
practice: the mechanism is theoretically sound, but
poor NLI detection (2% accuracy) means it’s rarely
applied—a dependency bottleneck that could theo-
retically be fixed with better detection.

We formalize these differences mathematically.
Theorem 2 (Attention Masking Fundamental
Gap): Let M be the set of all possible attention
masks. For any mask M € M, there exists a
hidden representation th) achievable without at-
tending to masked positions such that the output
distribution assigns high probability to contradic-
tory tokens. Proof: By construction (Section 4),
the mapping ¢ : Lagention — Loutpur 1S many-to-
one. Multiple hidden states (including those from
unmasked context) can produce the same output
distribution over contradictory tokens. O

Theorem 3 (Logit Biasing Detection Bottle-
neck): The effectiveness of logit biasing is upper-
bounded by the contradiction detection accuracy:
P(success | C') < P(detect | C') x P(correct |
biasing applied) where C' denotes the existence of
a contradiction. Proof: Logit biasing can only

be applied when a contradiction is detected. If
detection fails (P(detect | C') = 0), no biasing
occurs. In our experiments, P(detect | C') ~ 0.02,
making P(success | C') < 0.02 x P(correct |
biasing). O

Attention Masking: Architectural Mismatch.
The core issue is a type mismatch: intervention do-
main (attention weights, input space) vs objective
domain (output token probabilities, output space).
The transformation hEL) — P(y) is a learned,
high-capacity mapping that can encode contradic-
tory information from unmasked context. Implica-
tion: No amount of improved detection or masking
strategy can fix this—the approach is theoretically
unsound.

Logit Biasing: Dependency Chain Failure.
The approach depends on pipeline: Detect Contra-

diction ™=, Extract Terms % Apply Biasing.
Critical bottleneck: NLI detection fails (2% accu-
racy). Trained on SNLI/MultiNLI, the model can-
not handle subtle adversarial contradictions. Im-
plication: The biasing mechanism is sound; the
failure is in detection. Better NLI models could



Attention Masking

Logit Biasing

Level

What it controls
Theoretical soundness
Failure type

Can it work in principle? No
Observed improvement 0%

Input (computation)
Attention weights
Unsound
Architectural gap

Output (generation)

Token probabilities

Sound

Detection bottleneck

Yes (with perfect detection)
0% (due to 2% detection)

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

improve results.

Beyond effectiveness, we analyze computational
overhead (see Appendix C, Table 7, Figure 5). At-
tention masking doubles or triples inference time
(121-222% overhead), while logit biasing adds
minimal overhead. However, neither approach jus-
tifies its computational cost: attention masking
wastes cycles on an unsound mechanism, while
logit biasing’s efficiency is irrelevant when detec-
tion fails 98% of the time.

6.2 Lessons Learned

Our negative results yield three key insights: (1)
Intervention level matters: Input-level interven-
tions (attention) cannot reliably control output-
level objectives (generation). Direct output con-
trol (logit biasing) is theoretically superior. (2)
Detection is critical: Output-level interventions
require perfect detection. Pre-trained NLI mod-
els, despite 90% accuracy on MNLI, fail on ad-
versarial sycophancy (2% on our test set), reveal-
ing a benchmark-reality gap. (3) Alternative ap-
proaches needed: Both approaches fail. Context-
Aware Decoding, which bypasses detection by com-
paring distributions with/without context, repre-
sents a more promising direction.

7 Conclusion and Recommendations

We conducted a systematic investigation of two nat-
ural intervention points for enforcing consistency
in large language models: (1) input-level interven-
tions via attention masking, and (2) output-level
interventions via logit biasing. Through theoreti-
cal analysis and extensive empirical evaluation, we
demonstrate that both approaches fail, but for fun-
damentally different reasons. Attention masking is
theoretically unsound due to an architectural gap,
while logit biasing fails in practice due to catas-
trophic NLI detection failure (2% accuracy).

7.1 Summary of Findings

Attention Masking (Input-Level): Proved fun-
damentally unsound due to architectural gap be-
tween attention and generation. Empirical vali-
dation shows 0% improvement on GPT-2 across
all 10 test cases despite correct mask application.
Conclusion: Cannot work in principle, not fixable.

Logit Biasing (Output-Level): Theoretically
sound (directly modifies output distribution) but
fails in practice. Critical bottleneck: NLI-based de-
tection fails catastrophically (2% detection rate on
Phi-3-mini across 50 adversarial test cases). Sec-
ondary issue: Even when applied, small models (<
4B parameters) generate poor outputs. Empirical re-
sults across 5 models (0.5B-3.8B parameters) show
either low detection (2%), high crashes (36%), or
degraded performance. Conclusion: Theoretically
promising but fails in practice due to detection bot-
tleneck.

7.2 Recommendations for Future Work

Based on our findings, we recommend: (1)
Context-Aware Decoding (CAD): Most promis-
ing alternative. CAD bypasses both architectural
gaps and detection bottlenecks by comparing distri-
butions with/without context: Peap(y:) = (14«)-
P(y: | C) —a- P(y; | 0). No explicit detection re-
quired. (2) Domain-Specific NLI Models: If pur-
suing logit biasing, train NLI models specifically
for adversarial sycophancy detection. Pre-trained
models fail to generalize from SNLI/MultiNLI to
subtle contradictions. (3) Hybrid Approaches:
Combine RAG with CAD for both factual ground-
ing and consistent generation. (4) Larger Base
Models: Evaluate whether models > 7B param-
eters can generate coherent responses when pri-
mary predictions are suppressed. (5) Alternative
Detection Methods: Explore entailment graph-
based methods, semantic similarity metrics, or fine-
tuned contradiction classifiers instead of generic
NLI models.



Limitations

Our study has several limitations: (1) Model scale:
We evaluated models from 0.5B-3.8B parameters.
Larger models (> 7B) may exhibit different behav-
ior. (2) Test set size: 50 adversarial cases (logit
biasing) and 10 cases (attention masking). Larger-
scale evaluation would strengthen conclusions. (3)
NLI model selection: We used one NLI model
(cross-encoder/nli-distilroberta-base).
Other models (e.g., DeBERTa-v3, T5-based) may
perform differently. (4) Detection alternatives
unexplored: We focused on NLI for detection.
Semantic similarity or fine-tuned classifiers might
improve results.

Our work demonstrates the value of negative
results in Al research. By systematically proving
why two natural approaches fail, we: (1) save com-
munity effort on unproductive directions; (2) iden-
tify actual bottlenecks (detection, not mechanism
design); (3) point toward more promising alterna-
tives (CAD); (4) reveal gaps between benchmark
performance and real-world applicability (90%
MNLI — 2% adversarial).
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A Extended Experimental Analysis

A.1 Diagnostic Analysis: Attention Masking

Why does masking “30” fail to prevent generating
“30”? Analysis of the Sarah age example shows: (1)
attention weights at “30” are zero (mask works);
(2) unmasked context (“Most people think Sarah
is... years old”) provides strong age signals; (3)
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output logits show P(“30” | context) = 0.62 even
without attending to “30”, with P(*“25”) = 0.09
and P(“old”) = 0.05. The model strongly prefers
“30” based solely on unmasked context and pre-
trained correlations, explaining why Equation 3
assigns high probability without direct attention.

A.2 Category-Level Performance Breakdown

Category-level analysis (Table 6) shows no cate-
gory benefits from logit biasing. The “Consistent”
category sees the largest success rate drop (65%
— 49%), suggesting that even without contradic-
tions to suppress, low NLI detection and generation
quality issues degrade performance.

Baseline
Succ/Contr

Category Attention Mask  Logit Bias (NLI)

Succ/Contr Succ/Contr

65%/16%
25%/11%

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

Consistent
Contradiction

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

A.3 Extended NLI Failure Examples

Our analysis of Phi-3-mini-4k-instruct reveals that
the NLI model systematically misclassifies con-
tradictions as entailment. Example: Setup “The
Beverly Center Business District was added to
the National Register in 19847, false claim “the
Register was established in 1984”. NLI classi-
fies as ENTAILMENT (confidence: 0.91) despite
being different events—the model fails to distin-
guish “added to” vs “established”. Another ex-
ample: Setup “The 21st century spans years 2001
to 2100 (100 years), false claim “it spans more
than 100 years”. NLI classifies as ENTAILMENT
(0.67) despite direct mathematical contradiction.
Quantitative Analysis: Of 50 test cases, 48 (96%)
classified as ENTAILMENT (no biasing), 1 (2%)
as CONTRADICTION, 1 (2%) as NEUTRAL. This
means logit biasing is never applied in 96% of
cases.

A.4 Generation Quality Case Studies

Even when NLI detects contradictions and bias-
ing is applied, small models generate poor outputs.
Example: Test case “Ghostbusters” single vs ac-
tual single. NLI detects CONTRADICTION (0.59),
terms extracted (suppress “Ghostbusters”, boost 17
song-related terms), but generated output is “Can
you clarify which singles are actually part of the”—
the model asks for clarification instead of answer-
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ing. Root Cause: Even with perfect biasing, small
models (< 4B parameters) struggle to generate co-
herent responses when their primary prediction is
suppressed.

B Implementation Details

B.1 Attention Masking Pipeline

We implement LCWAM using the following
pipeline: (1) Fact Extraction: spaCy dependency
parser extracts (s, p, o) triples from input text. We
use a sliding window of 5 most recent facts for
conflict detection. (2) Conflict Detection: String-
based matching for value mismatches where s, =
s; N p, = pj Ao, # o; for stored fact f; € F.
(3) Mask Generation: Construct MFCWAM here
MiL.CWAM = —oo if § > ¢ (causal masking) or
J € Leonfiict A % > min(Ieongiict) (conflict masking),
else 0. (4) Hook Injection: Use PyTorch forward
hooks to inject masks into each attention layer dur-
ing forward pass. The hooks modify the attention
computation at runtime without requiring model
modification.

B.2 Logit Biasing Pipeline

We implement logit biasing using the following
pipeline: (1) False Claim Extraction: Parse
adversarial prompt using regex pattern matching
to identify claims after phrases like “but some
people think” or “but some people say.” (2)
NLI Classification: Use pre-trained NLI model
cross—-encoder/nli-distilroberta-base
(330MB, trained on SNLI and MultiNLI)
to classify relationship between setup con-
text (premise) and false claim (hypothe-
sis). Contradiction detected if label €
{CONTRADICTION, NEUTRAL} A confidence >
0.5. (3) Term Extraction: Use SpaCy POS
tagging to extract tokens with tags NOUN, PROPN,
NUM, ADJ from false claim (7.yoiq) and setup con-
text (Tpoost), filtering stop words except numbers.
(4) Bias Application: At each generation step,
modify output distribution by adding bias vector
B where B, —oo for v € Tayoid, + (With
a = 5.0) for v € Tyoost> and 0 otherwise.

C Computational Efficiency Analysis

We analyze the computational overhead of each
intervention method. Table 7 shows latency mea-
surements across all models.

Key observations: (1) Attention masking is
expensive—doubles or triples inference time (121-
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222% overhead) due to per-layer mask computation
and injection via forward hooks; (2) Logit biasing
is lightweight—adds negligible overhead (9% on
average) since it only modifies the output distri-
bution once per generation step; (3) Efficiency vs.
effectiveness trade-off: Despite being more expen-
sive, attention masking achieves 0% improvement.
Logit biasing is cheaper but fails due to detection
issues. Figure 5 visualizes these overhead differ-
ences.



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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