
Findings of the Association for Computational Linguistics: ACL 2026, pages 24223–24235
July 2-7, 2026 ©2026 Association for Computational Linguistics

Dynamic PMI-Guided Contrastive Decoding Reduces Hallucination in
Large Language Models: A Unified Framework of Fine-Grained Input

Transformations

Dongsheng Chen, Yingqi Zhu, Xingyue Zhang, Wenqing Zhou, and Lei Li*

Beijing University of Posts and Telecommunications
{chendongsheng, yingqizhu, xingyuezhang, zwq211, leili}@bupt.edu.cn

Abstract

Despite the remarkable generation capabili-
ties demonstrated by large language models
(LLMs), the issue of hallucination remains a
critical challenge. This is largely attributed
to the models’ tendency to fit spurious de-
pendencies in pre-training data rather than un-
derlying causal logic. To address this, from
an information-theoretic perspective, this pa-
per proposes a unified contrastive decoding
framework based on dynamic pointwise mu-
tual information (Dynamic PMI). Under this
framework, we design three fine-grained in-
put transformation strategies targeting context,
syntax, and semantics to construct dynamic
background distributions. These strategies sys-
tematically disentangle and suppress spurious
dependencies induced by context priors, lex-
ical co-occurrences, and syntactic structures,
thereby guiding the model to prioritize underly-
ing causal logic. Experiments on extensive dis-
criminative and generative benchmarks demon-
strate that our method significantly improves
the model’s factuality and reasoning robustness.
Notably, despite employing a single-model ar-
chitecture, our framework surpasses state-of-
the-art dual-model strategies while maintaining
high computational efficiency. Furthermore,
the framework exhibits strong cross-model gen-
eralizability and effectively alleviates the over-
refusal tendency in open-ended generation.

1 Introduction

While large language models (LLMs) have demon-
strated remarkable generation capabilities, the issue
of hallucination significantly undermines their reli-
ability (Naveed et al., 2025). Hallucination refers
to generated content that conflicts with objective
facts, input information, or the given context (Ji
et al., 2023; Zhang et al., 2025c). While the causes
of hallucination are multifaceted, a primary driver
is that models acquire spurious dependencies latent
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in pre-training data rather than reliable causal logic
(Sun et al., 2025). For instance, models may rely
solely on specific lexical co-occurrences or syntac-
tic structures for prediction (Lin et al., 2022). In
long-text generation, these tendencies are prone
to amplification via the “snowball effect” (Zhang
et al., 2023). Therefore, disentangling these non-
causal spurious dependencies from the generation
process remains a critical challenge for enhancing
model factuality. Compared to costly training-stage
optimization, inference-time intervention is a focal
research point for hallucination mitigation due to
its efficiency. Among these, contrastive decoding
(CD) stands out as a representative retrieval-free
decoding strategy (Li et al., 2023b). However, ex-
isting contrastive decoding paradigms face signif-
icant limitations. Approaches such as UCD (Lee
et al., 2025) and ICD (Zhang et al., 2025b) rely
on distributional discrepancies between expert and
amateur models, which incurs substantial computa-
tional overhead due to the dual-model architecture.
Conversely, single-model methods exemplified by
DoLa (Chuang et al., 2023) and HICD (Jiang et al.,
2025) leverage internal model discrepancies yet
overlook the influence of fine-grained features in
the input space. Consequently, existing research
lacks a unified decoding paradigm that preserves
the efficiency of a single-model architecture while
systematically disentangling and suppressing spuri-
ous dependencies at the level of fine-grained input
features.

To tackle these limitations, we propose a unified
contrastive decoding framework grounded in point-
wise mutual information (PMI) (Church and Hanks,
1990) from an information-theoretic perspective,
introducing the concept of Dynamic PMI. Unlike
prior approaches that rely on static baseline distri-
butions (Li et al., 2016; Liu et al., 2025), our core
insight is that spurious dependencies are often intri-
cately coupled with specific input features. To this
end, we design three fine-grained input transforma-
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tion strategies—CPMI (Context-only PMI), SPMI
(Syntax-shuffled PMI), and DCPMI (Dropped-
content PMI)—to construct dynamic background
distributions targeting the context, syntax, and se-
mantics dimensions, respectively. By calculating
the log-probability difference between the original
and dynamic background distributions, the frame-
work achieves precise disentanglement and sup-
pression of spurious dependencies induced by con-
text priors, lexical co-occurrences, and syntactic
structural inertia.

The main contributions of this paper are sum-
marized as follows: (1) We propose a unified con-
trastive decoding framework based on Dynamic
PMI. We reformulate the hallucination suppression
mechanism from an information-theoretic perspec-
tive, transforming implicit interference signals la-
tent in input features into explicit dynamic back-
ground distributions and suppressing them via a
contrastive mechanism. This approach achieves
precise disentanglement of spurious dependen-
cies while maintaining the efficiency of a pure
single-model architecture. (2) We design three
fine-grained input transformation strategies (CPMI,
SPMI, DCPMI) that operate across context, syn-
tax, and semantics dimensions. These strategies
specifically disentangle and suppress spurious de-
pendencies induced by context priors, lexical co-
occurrences, and syntactic structural inertia, respec-
tively. This approach guides the model to priori-
tize underlying causal logic over superficial statisti-
cal correlations during generation. (3) We demon-
strate the superiority of our method across 11 rep-
resentative benchmarks. Experiments on datasets
such as TruthfulQA (Lin et al., 2022), StrategyQA
(Geva et al., 2021), and BigBench (Srivastava et al.,
2023) show that our framework significantly re-
duces hallucinations while maintaining reasoning
robustness, surpassing state-of-the-art methods on
multiple tasks.

2 Related Work

Hallucination in LLMs. Hallucination denotes
content generated by LLMs that is inconsistent
with objective facts, input information, or the given
context (Ji et al., 2023; Zhang et al., 2025c). Its
causes are complex, primarily stemming from the
model’s internalization of “imitative falsehoods”
present in pre-training data (Lin et al., 2022), as
well as the accumulation and amplification of early
errors during generation (Zhang et al., 2023; Dang

et al., 2025). Hallucination detection can be gener-
ally categorized into black-box methods relying on
sampling consistency or external detectors (Man-
akul et al., 2023; Goel et al., 2025), and white-
box methods leveraging internal states (Li et al.,
2025a,b; Chen et al., 2025). In the realm of hallu-
cination mitigation, existing strategies fall into two
main categories: training-time and inference-time
approaches. The former internalizes truthfulness
preferences via parameter updates (Ouyang et al.,
2022; Mohammadzadeh et al., 2025) but incurs sub-
stantial computational overhead. Inference-time
methods are more lightweight, such as Retrieval-
Augmented Generation (RAG) which incorporates
external knowledge (Lewis et al., 2020) and its vari-
ants (Qiu et al., 2025; Deng et al., 2025; Sun et al.,
2024), as well as decoding interventions that re-
quire no external resources (Li et al., 2023b; Zhou
et al., 2025).

Contrastive Decoding. Contrastive Decoding
was originally designed to enhance open-ended text
generation by contrasting the distributions of ex-
pert and amateur models (Li et al., 2023b). Recent
research has expanded this paradigm across several
dimensions. With respect to internal model states,
DoLa and ActLCD suppress shallow biases by con-
trasting distributions from shallow and deep layers
(Chuang et al., 2023; Zhang et al., 2025a). In terms
of negative sample construction, CAD enhances ev-
idence dependency via context-aware differences
(Shi et al., 2024), while other studies construct
more targeted negative distributions by inducing
hallucinations or introducing hard negative samples
(Zhang et al., 2025b; Jiang et al., 2025; Sheng et al.,
2025). For adaptive regulation mechanisms, UCD
introduces uncertainty awareness to dynamically
adjust contrastive intensity (Lee et al., 2025), while
other works explore strategies based on logits evo-
lution, comparators, or confidence (Zhang et al.,
2024; Yang et al., 2025b; Santosh et al., 2025).

Information-Theoretic Guidance in Conditional
Generation. The unified scoring formula pro-
posed in this paper is rooted in pointwise mutual in-
formation (Church and Hanks, 1990), a metric orig-
inally designed to measure the association strength
between words. Li et al. (2016) pioneered the appli-
cation of maximum mutual information to neural
conversation generation, utilizing the difference be-
tween conditional and unconditional distributions
to suppress generic responses. In the domain of
factuality enhancement, Nandwani et al. (2023)
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Figure 1: The overall framework of Dynamic PMI-Guided Contrastive Decoding. We construct dynamic background
distributions via fine-grained input transformations (CPMI, SPMI, DCPMI) targeting context, syntax, and semantics
dimensions, designed to disentangle and suppress spurious dependencies induced by context priors, lexical co-
occurrences, and syntactic structures, respectively.

demonstrated that PMI-based scoring effectively
improves faithfulness in document-grounded dia-
logues. Ren et al. (2023) further provided a rigor-
ous formal definition of conditional PMI to quan-
tify information gain. Recent work has demon-
strated its value in gauging context dependency
and model alignment (Liu et al., 2025; Xiao et al.,
2025). A prominent example is CAD (Shi et al.,
2024), which leverages context mutual informa-
tion to strengthen the model’s reliance on evidence,
establishing a precedent for using input transfor-
mations to construct contrastive background dis-
tributions. Building upon this, our work system-
atizes this approach by focusing on fine-grained
input features. Our framework achieves precise
disentanglement and suppression of spurious de-
pendencies through multi-dimensional input trans-
formation strategies.

3 Methodology

3.1 Problem Statement

Given an input x = [C,Q] (comprising context
C and query Q), an LLM autoregressively gener-
ates a response sequence y = {y1, y2, ..., yT } of
length T . At time step t, the model predicts the
probability distribution of the next token yt based
on the input x and the previously generated tokens
y<t, denoted as Pθ(yt | x, y<t). However, due to
pre-training biases, models tend to latch onto sur-
face features in input x (such as syntactic templates
or lexical co-occurrences) rather than underlying
semantics, thereby introducing spurious dependen-
cies that lead to hallucination. Our objective is to
suppress these spurious dependencies within the

original distribution Pθ(y | x) by optimizing the
decoding strategy, thereby approximating an ideal
distribution grounded in causal logic.

3.2 A Unified Dynamic PMI Framework
To disentangle spurious dependencies from the
original distribution, we leverage pointwise mu-
tual information from information theory as our
theoretical foundation. Standard PMI is defined as
PMI(x, y) = logP (y | x) − logP (y). This for-
mula implies that a high-quality response y should
not only exhibit high probability given input x
(adaptability) but also low probability in the ab-
sence of input x (specificity).

However, the static unconditional distribution
P (y) cannot capture spurious dependencies in-
troduced by specific input features. To address
this, we propose the Dynamic PMI framework.
Its core concept is to construct a transformation
T (x) for input x such that the resulting distribution
Pθ(y | T (x)) isolates the spurious dependencies
to be suppressed (termed the dynamic background
distribution). Accordingly, we define the unified
contrastive decoding score:

S(yt | x, y<t) = logPθ(yt | x, y<t)

− β logPθ(yt | T (x), y<t),
(1)

where β ≥ 0 controls the penalty intensity. The
first term, logPθ(yt | x), represents the prediction
based on the complete input, comprising a mixture
of genuine logic and spurious dependencies. The
second term, logPθ(yt | T (x)), denotes the pre-
diction based on the transformed input, primarily
capturing spurious dependencies introduced by the
retained features. Essentially, this formula applies
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a contrastive penalty: if a token is predicted with
high probability merely because it aligns with back-
ground features (e.g., lexical co-occurrences), its
score is suppressed; conversely, the scores of to-
kens derived from a comprehensive understanding
of the query are amplified.

3.3 Fine-Grained Input Transformations
Within this framework, the critical challenge is to
design the transformation function T (x) to pre-
cisely capture specific types of spurious dependen-
cies. As shown in Figure 1, we design three com-
plementary input transformation strategies to con-
struct dynamic background distributions targeting
the dimensions of context, syntax, and semantics,
respectively. These strategies aim to systematically
disentangle and suppress spurious dependencies
induced by context priors, lexical co-occurrences,
and syntactic structures.

CPMI (Context-only PMI): Targeting the con-
text dimension to suppress context prior dependen-
cies. Context (e.g., few-shot examples), while spec-
ifying task formats, often introduces strong prior
biases, predisposing the model to ignore the current
query and mimic the style or answer distribution
of the context. To disentangle this dependency, we
define the transformation function as:

TCPMI(x) = [C, ∅] (2)

Specifically, this transformation removes the spe-
cific query Q while retaining only the context C.
Under this background distribution P (y | C), the
generated content stems purely from context pri-
ors and is independent of the current query. By
subtracting this distribution, we compel the model
to focus on the incremental information conveyed
by query Q, effectively suppressing hallucinations
induced by context priors.

SPMI (Syntax-shuffled PMI): Targeting the
syntactic dimension to suppress lexical co-
occurrence dependencies. Models tend to take
“bag-of-words” shortcuts, relying solely on lexi-
cal co-occurrences for shallow pattern matching
while neglecting the underlying logic implied by
word order. To disentangle this dependency, we
adopt a random shuffling strategy:

TSPMI(x) = [C, Shuffle(Q)] (3)

Here, Shuffle(Q) denotes applying a single ran-
dom shuffle to the tokens in query Q. This single

operation empirically suffices to destroy the syn-
tactic structure while retaining lexical content and
maintaining high inference efficiency. This trans-
formation retains the lexical content but destroys
the syntactic structure. If the model still predicts a
token with high probability under scrambled word
order, it indicates reliance on shallow statistical pat-
terns of lexical co-occurrence rather than rigorous
logical reasoning. SPMI guides the model to fo-
cus on rigorous semantic logic by penalizing such
predictions.

DCPMI (Dropped-content PMI): Targeting the
semantic dimension to suppress syntactic struc-
ture dependencies. Beyond lexical co-occurrences,
models may also overfit specific syntactic struc-
tures, leading to blind adherence to recurring sen-
tence patterns. To disentangle this dependency, we
design a content word stripping strategy:

TDCPMI(x) = [C,DropContent(Q)] (4)

Specifically, we utilize the standard NLTK stop-
word list as an efficient heuristic to identify and
retain function words and punctuation in query
Q. This maintains the syntactic skeleton while
removing content words that carry core semantics
to perform de-lexicalization. This background dis-
tribution explicitly exposes the model’s reliance on
syntactic structural inertia (the “fill-in-the-blank”
tendency). By contrasting this distribution, DCPMI
suppresses the model’s rigid adherence to specific
sentence templates and enhances its sensitivity to
core semantic concepts.

In summary, CPMI, SPMI, and DCPMI consti-
tute a comprehensive set of transformations in the
input space. By targeting the three core dimensions
of context, syntax, and semantics, this framework
achieves precise suppression of spurious dependen-
cies.

4 Experimental Setup

4.1 Datasets

To comprehensively evaluate the model’s factual-
ity and complex reasoning capabilities, we employ
widely used discriminative and generative bench-
marks. Discriminative tasks encompass: factual-
ity (TruthfulQA (Lin et al., 2022)), general knowl-
edge and commonsense (MMLU (Hendrycks et al.,
2020), ARC-Challenge (Clark et al., 2018), Com-
monsenseQA (Talmor et al., 2019), HellaSwag
(Zellers et al., 2019), GPQA (Rein et al., 2024)).
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Method Model TruthfulQA ARC CSQA MMLU HS GPQA

MC1 MC2 MC3 Accuracy

Greedy
8B-Base 31.95 50.77 27.15 76.00 68.50 65.00 56.50 25.50
8B-Instruct 36.11 58.14 30.23 81.50 78.00 67.00 72.50 30.00
70B-Instruct 40.02 62.18 32.80 89.50 81.50 75.00 75.50 33.00

CD
8B-Instruct + 8B-Base

34.27 59.15 30.85 80.00 76.50 66.50 71.50 28.00
UCD 41.86 69.15 36.80 83.00 80.50 68.00 73.00 33.00

DoLa

8B-Instruct

37.94 64.88 33.67 82.00 78.50 67.00 73.00 30.50
SH2 37.21 65.18 33.82 82.00 77.00 67.50 71.50 29.00
ITI 38.92 62.80 32.19 80.50 77.50 66.50 71.00 30.00
ActLCD 41.13 66.71 35.50 82.50 79.50 67.50 73.50 32.50

CPMI
8B-Base 40.15 64.20 33.36 78.50 70.00 66.00 56.50 27.50
8B-Instruct 41.62 67.18 35.94 84.00 79.50 67.50 73.50 34.50
70B-Instruct 43.08 68.45 36.15 91.00 82.00 76.00 77.00 35.50

SPMI
8B-Base 40.39 65.22 33.80 78.00 72.00 67.00 55.00 31.50
8B-Instruct 44.06 71.28 39.66 83.50 80.00 68.50 72.00 32.00
70B-Instruct 45.90 72.85 40.39 90.50 82.50 75.50 74.00 34.00

DCPMI
8B-Base 40.88 64.26 33.11 79.50 71.50 66.50 56.50 27.00
8B-Instruct 42.10 71.77 36.13 83.50 80.00 67.50 74.50 31.50
70B-Instruct 44.19 72.40 37.25 91.50 83.00 75.50 77.50 36.50

Table 1: Performance comparison on discriminative benchmarks. We report MC1, MC2, and MC3 for TruthfulQA,
and accuracy for other datasets. The evaluation covers the Llama 3.1 family (8B-Base, 8B-Instruct, and 70B-
Instruct); this shorthand notation is used throughout all tables.

Generative tasks include: mathematical reasoning
(GSM8K (Cobbe et al., 2021), SVAMP (Patel et al.,
2021), MultiArith (Roy and Roth, 2015)), multi-
hop reasoning (StrategyQA (Geva et al., 2021)),
and symbolic reasoning (four subtasks from Big-
Bench (Srivastava et al., 2023): Date Understand-
ing, Sports Understanding, Causal Judgment, and
Temporal Sequences). Following (Fei et al., 2025;
Lee et al., 2025), we use the full TruthfulQA val-
idation set and a stratified random sample of 200
instances for other datasets to balance evaluation
and computational cost.

4.2 Models and Baselines
Our main experiments are conducted on the Llama
3.1 family (Grattafiori et al., 2024), comprising
8B-Instruct (primary model), 8B-Base, and 70B-
Instruct (for scalability verification). Additionally,
we extended our evaluation to Mistral-7B-Instruct-
v0.3 (Jiang et al., 2023) and Qwen3-8B (Yang et al.,
2025a) for cross-architecture validation.

We compare our method against Greedy Decod-
ing and various representative strategies, including:
(1) Dual-model methods: CD (Li et al., 2023b) and
UCD (Lee et al., 2025); (2) Single-model methods:

DoLa (Chuang et al., 2023), SH2 (Kai et al., 2024),
ITI (Li et al., 2023a), and ActLCD (Zhang et al.,
2025a).

4.3 Evaluation Metrics
To accommodate diverse task types, we adopt task-
specific evaluation metrics. For the multiple-choice
tasks in TruthfulQA, we report MC1, MC2, and
MC3 metrics. For the open-ended generation in
TruthfulQA, adhering to official standards, we em-
ploy widely adopted judge models fine-tuned from
Llama21 (truthfulqa-truth-judge-llama2-7B
and truthfulqa-info-judge-llama2-7B) to au-
tomatically evaluate the truthfulness (Truth) and
informativeness (Info) of responses. For other dis-
criminative tasks, we report accuracy; for genera-
tive reasoning tasks, we use GPT-4o (Hurst et al.,
2024) for automatic evaluation.

5 Main Results

5.1 Factuality and General Knowledge
Table 1 compares the performance of our method
against various baselines on discriminative bench-

1https://github.com/yizhongw/truthfulqa_reeval
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Method Model GSM8K SVAMP MA StrQA SU CJ DU TS Avg

Greedy 8B-Base 28.00 44.00 46.00 62.50 59.90 52.63 39.73 65.00 49.72
8B-Instruct 48.50 69.00 71.50 70.00 75.13 55.26 45.21 74.00 63.58

CD
8B-Instruct + 8B-Base

44.50 65.50 68.50 68.00 73.10 50.00 41.10 72.50 60.40
UCD 47.50 69.00 70.50 72.50 75.63 60.53 45.21 77.00 64.73

DoLa

8B-Instruct

49.00 69.50 69.50 71.00 75.13 55.26 45.21 75.50 63.76
SH2 46.00 66.00 70.00 71.00 75.63 57.89 46.57 76.00 63.64
ITI 47.00 68.00 70.00 71.00 74.11 52.63 43.84 74.50 62.64
ActLCD 48.00 68.50 72.00 71.50 74.62 57.89 46.58 76.00 64.39

CPMI 8B-Base 33.00 43.00 43.50 66.50 69.04 55.26 42.47 70.00 52.85
8B-Instruct 50.00 69.00 70.50 72.00 80.20 57.89 49.32 78.00 65.86

SPMI 8B-Base 30.50 46.00 51.00 65.00 66.50 57.89 41.10 72.50 53.81
8B-Instruct 47.50 68.50 71.00 74.00 78.17 63.16 46.58 79.00 65.99

DCPMI 8B-Base 31.50 44.50 45.00 64.00 68.02 50.00 38.36 69.50 51.36
8B-Instruct 52.00 71.50 70.00 72.50 84.26 52.63 47.95 78.50 66.17

Table 2: Performance on generative reasoning benchmarks, judged by GPT-4o. We report the accuracy for each task
and the average (Avg) performance across all datasets.

marks. While primary experiments are conducted
on Llama-3.1-8B-Instruct, we also report results on
Llama-3.1-70B-Instruct and Llama-3.1-8B-Base to
verify scalability. On TruthfulQA, the core bench-
mark for measuring factuality, our three strategies
(CPMI, SPMI, DCPMI) all significantly outper-
form greedy decoding. Notably, SPMI achieves
44.06% on MC1, substantially surpassing both
the single-model baseline DoLa (37.94%) and the
SOTA dual-model method UCD (41.86%); mean-
while, DCPMI attains 71.77% on MC2. This in-
dicates that disentangling and suppressing spuri-
ous dependencies effectively mitigates hallucina-
tions. On general knowledge tasks, the framework
exhibits robust improvements: CPMI achieves a
top score of 84.00% on ARC-Challenge, while
DCPMI and SPMI both reach 80.00% on Com-
monsenseQA; SPMI further improves MMLU per-
formance to 68.50%. Collectively, these results
demonstrate that the Dynamic PMI framework
facilitates the accurate extraction of pre-trained
knowledge. Regarding scalability, SPMI boosts
MC1 from 40.02% to 45.90% on Llama-3.1-70B-
Instruct. We further verify its effectiveness on Mis-
tral and Qwen architectures in Section 6.3.

5.2 Reasoning and Generation Tasks

To assess the impact of our method on complex rea-
soning and generation capabilities, we performed
evaluations on generative benchmarks including
GSM8K, StrategyQA, and BigBench. As shown in
Table 2, our method significantly enhances reason-

ing capabilities alongside hallucination mitigation:
DCPMI boosts accuracy on the GSM8K mathe-
matical reasoning task from 48.50% to 52.00%,
while SPMI achieves a top score of 74.00% on
StrategyQA multi-hop reasoning. Furthermore,
our method demonstrates substantial improvements
across the subtasks of BigBench. These results in-
dicate that by suppressing spurious dependencies
across specific dimensions, the model maintains the
coherence of reasoning paths and effectively averts
logical deviations caused by non-causal interfer-
ence, thereby demonstrating superior cross-domain
adaptability.

Model Method %Truth ↑ %Info ↑ %T*I ↑ %Reject ↓

8B-Instruct

Greedy 70.99 89.60 60.59 11.02
CPMI 74.42 93.64 68.30 6.12
SPMI 79.07 95.84 74.91 4.16
DCPMI 78.82 94.86 73.81 5.02

Table 3: Quality assessment of open-ended generation
on TruthfulQA. %T*I denotes responses that are both
truthful and informative.

5.3 Generation Quality Assessment
To scrutinize the model’s performance in open-
ended generation, we report the automatic Truth,
Info, and Reject metrics on the TruthfulQA genera-
tion task, with their reliability further validated via
human evaluation (see Appendix A). As shown in
Table 3, our strategies yielded simultaneous gains
in Truth and Info compared to greedy decoding:
SPMI and DCPMI boosted Truth to 79.07% and
78.82%, respectively, while maintaining Info at a
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high level of approximately 95%. Crucially, greedy
decoding exhibits a conservative tendency (with
Reject reaching 11.02%), whereas our methods sig-
nificantly reduce the refusal rate to the 4%–6%
range. This contrast indicates that the Dynamic
PMI framework does not circumvent errors merely
by silencing the model; instead, it substantively
enhances factual discernment, enabling the genera-
tion of confident, correct content while maintaining
a high response rate (see Appendix B for qualitative
analysis).

6 Analysis

6.1 Spurious Dependencies Analysis

Figure 2: Verification of input transformations’ effec-
tiveness on specific spurious dependencies.

Our core hypothesis posits that input transforma-
tion strategies operating across distinct dimensions
(CPMI, SPMI, DCPMI) can selectively isolate and
suppress specific types of spurious dependencies.
To verify the specificity of each strategy, we con-
structed diagnostic datasets targeting contextual,
lexical co-occurrence, and structural template de-
pendencies, respectively (200 samples per cate-
gory; see Appendix C for construction details).
We report Accuracy and Mean Margin (the log-
probability gap between correct and induced op-
tions). As illustrated in Figure 2, the experimental
results strongly corroborate our hypothesis that dis-
tinct strategies precisely suppress specific types of
spurious dependencies, thereby guiding the model
to prioritize underlying causal logic over superficial
statistical correlations during generation:

CPMI Targeting Contextual Dependency:
CPMI performed best on the Contextual Depen-
dency dataset (Acc 69.0%, Margin +0.45). This
confirms that by removing the specific query, CPMI
successfully constructs a background distribution
isolating context priors, thereby precisely neutral-
izing prior biases.

SPMI Targeting Lexical Co-occurrence De-
pendency: SPMI achieved superior performance

on the Lexical Co-occurrence dataset (Acc 78.0%,
Margin +2.18). This indicates that by shuffling
word order, SPMI effectively captures and sup-
presses the model’s shallow statistical reliance on
lexical co-occurrences.

DCPMI Targeting Structural Template De-
pendency: DCPMI performed best on the Struc-
tural Template Dependency dataset (Acc 64.0%)
and was the only strategy to achieve a positive mar-
gin gain (+0.17). This verifies that by stripping
content words, DCPMI effectively identifies and
suppresses the model’s blind adherence to syntactic
inertia.

Model Method MC1 MC2 MC3

8B-Instruct

Greedy 36.11 58.14 30.23
CPMI 41.62 67.18 35.94
SPMI 44.06 71.28 39.66
DCPMI 42.10 71.77 36.13

Ensemble (Avg) 41.86 68.42 36.45
Ensemble (Max) 45.04 73.32 40.88

Table 4: Performance of ensemble strategies.

6.2 Strategy Complementarity Analysis

Section 6.1 verifies the independent effectiveness
of the three strategies across their respective di-
mensions; this differentiation suggests a high de-
gree of complementarity among them. To inves-
tigate whether this complementarity yields syner-
gistic gains, we evaluate two token-level ensemble
schemes: (1) Average Strategy, calculating the
arithmetic mean of penalty scores from the three
strategies for the current token; (2) Max Strategy,
selecting the maximum penalty among them.

As shown in Table 4, the Max Strategy yields the
best performance, boosting the TruthfulQA MC1
metric to 45.04% and outperforming any single
strategy. This result corroborates that the three
transformation strategies capture distinct spurious
dependencies, thereby offering effective comple-
mentary advantages in an ensemble setting.

6.3 Cross-Model Generalization Analysis

To validate the generalizability of the proposed Dy-
namic PMI framework across diverse model archi-
tectures, we extended our evaluation to two repre-
sentative open-source models: Mistral-7B-Instruct-
v0.3 and Qwen3-8B. These models differ signifi-
cantly from the Llama series in architectural design,
training data, and alignment strategies, thereby en-
abling a rigorous evaluation of the generalizability
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Figure 3: Impact of hyperparameter β.

and robustness of our method. As shown in Table 5,
our three fine-grained input transformation strate-
gies yielded consistent improvements over greedy
decoding across all tested models:

For Mistral-7B-Instruct-v0.3, CPMI per-
formed best on MC1, significantly boosting the
score from 34.88% to 47.00%; meanwhile, SPMI
secured the top scores on MC2 and MC3, reaching
71.61% and 40.45%, respectively. For Qwen3-
8B, SPMI exhibited robust overall performance,
improving MC1 from 35.01% to 41.25% and sub-
stantially boosting MC2 to 69.31%; concurrently,
DCPMI excelled on MC3, attaining 37.95%.

These results compellingly demonstrate that our
framework exhibits strong cross-architecture gen-
eralizability and functions as a robust decoding
strategy agnostic to internal implementation details,
effectively suppressing hallucinations and enhanc-
ing reasoning performance across diverse architec-
tures.

Model Method MC1 MC2 MC3

Mistral-7B-Instruct-v0.3

Greedy 34.88 58.02 33.17
CPMI 47.00 68.02 38.98
SPMI 44.19 71.61 40.45
DCPMI 44.06 67.09 37.59

Qwen3-8B

Greedy 35.01 57.10 32.25
CPMI 40.88 65.34 36.21
SPMI 41.25 69.31 37.57
DCPMI 41.00 67.74 37.95

Table 5: Performance comparison on TruthfulQA across
different model architectures.

6.4 Parameter Sensitivity Analysis

To evaluate the model’s sensitivity to the hyperpa-
rameter β (penalty intensity), we examine perfor-
mance variations on TruthfulQA within the range
of β ∈ [0.1, 2.0]. As illustrated in Figure 3, in-
corporating dynamic penalties significantly boosts
model performance: as β increases, all three strate-
gies rapidly surpass the baseline and consistently

outperform greedy decoding by a significant mar-
gin within the broad interval of β ∈ [0.5, 1.0]. This
indicates that the framework exhibits substantial
robustness, operating effectively without the need
for fine-grained parameter tuning.

Model Method Latency (ms/token) ↓ Throughput (token/s) ↑

8B-Instruct

Greedy 19.70 (×1.00) 50.80 (×1.00)
CPMI 22.10 (×1.12) 45.25 (×0.89)
SPMI 21.98 (×1.12) 45.50 (×0.90)
DCPMI 22.06 (×1.12) 45.33 (×0.89)

Table 6: Decoding latency and throughput.

6.5 Inference Efficiency Analysis

We assess the inference efficiency of the proposed
method. As shown in Table 6, benefiting from the
pure single-model architecture, our method incurs
only marginal computational overhead compared
to greedy decoding (Latency ×1.12, Throughput
≈ 0.90). This is significantly superior to dual-
model baselines, which inherently incur approx-
imately double the computational overhead. By
computing foreground and background distribu-
tions in parallel, our method achieves efficient hal-
lucination suppression at minimal additional cost,
demonstrating high practicality.

7 Conclusion

This paper presents a unified contrastive decoding
framework grounded in Dynamic PMI. Leveraging
fine-grained input transformations across context,
syntax, and semantics (CPMI, SPMI, DCPMI), our
framework constructs dynamic background distri-
butions to precisely disentangle and suppress spuri-
ous dependencies induced by context priors, lexi-
cal co-occurrences, and syntactic structural inertia.
Empirical results demonstrate that our method sub-
stantially enhances factuality and reasoning robust-
ness while maintaining the high efficiency charac-
teristic of a pure single-model architecture. Cru-
cially, this framework establishes the transforma-
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tion function T (x) as a general and extensible mod-
ule, offering a new methodological paradigm for
building more controllable and trustworthy genera-
tive AI.

Limitations

While this study demonstrates significant advance-
ments in hallucination mitigation and reasoning ro-
bustness, certain limitations remain. First, current
evaluations are predominantly confined to English
datasets; the applicability of our method to specific
linguistic nuances in multilingual or low-resource
scenarios warrants further investigation. Second,
our current input transformation strategies depend
on heuristic linguistic rules, such as random shuf-
fling and content word ablation. While efficient,
these heuristics may not yield optimal transforma-
tions; future work could investigate learning-based
mechanisms to automatically discover transforma-
tion strategies tailored to specific samples.
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A Human Evaluation

To further validate the reliability of our results, we
conducted a rigorous human evaluation on 100 ran-
domly sampled instances from TruthfulQA. Our
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evaluation metrics adhere to official standards, en-
compassing Truth, Info, and Reject.

Model Method %Truth ↑ %Info ↑ %T*I ↑ %Reject ↓

8B-Instruct

Greedy 65 87 52 13
CPMI 71 92 63 8
SPMI 77 95 72 5
DCPMI 75 93 68 7

Table 7: Human evaluation results on Llama-3.1-8B-
Instruct.

The results of the human evaluation are pre-
sented in Table 7. Aligning with trends observed
in automatic evaluation, greedy decoding exhibited
a relatively high refusal rate (13%), reflecting a
tendency toward conservative, risk-averse behavior
in the face of uncertainty. In contrast, our methods
(notably SPMI) significantly reduced the refusal
rate to 5%, while simultaneously boosting Truth
from 65% to 77% and Info from 87% to 95%. This
confirms that our method substantively enhances
the model’s capacity to address factual questions,
rather than trading effective response rates for ac-
curacy.

B Qualitative Case Studies

To provide an intuitive demonstration of how our
method mitigates hallucinations, we present a rep-
resentative case study in Table 8. When addressing
the query “Which large country spends the most on
international tourism?”, greedy decoding, driven
by the high-frequency co-occurrence of “United
States” with concepts like “spending” and “large
country” in the training data, erroneously identifies
“United States” as the answer.

In contrast, our approach successfully rectifies
this error: Both CPMI and SPMI correctly iden-
tify “China” as the top spender, providing specific
numerical evidence (approximately $254 billion).
DCPMI generates a more comprehensive response,
clearly distinguishing between “receipts” and “ex-
penditure” via comparative logic. This case qual-
itatively illustrates that by disentangling spurious
dependencies in the input, the model’s reliance on
shallow statistical patterns is effectively suppressed,
thereby activating the correct knowledge stored in-
ternally to generate factually accurate responses.

C Construction Details of Diagnostic
Datasets

In Section 6.1 of the main text, to verify the speci-
ficity of distinct input transformation strategies, we

leveraged GPT-4o to construct three types of diag-
nostic datasets targeting Contextual Dependency,
Lexical Co-occurrence Dependency, and Structural
Template Dependency (200 samples per category),
and conducted manual verification to ensure data
quality. This section details the construction logic
and presents specific examples of these datasets
(see Table 9).

Contextual Dependency Dataset: We inject
misleading prior information into the context, lead-
ing the model to disregard the current query and
mimic the answer style of the context. CPMI con-
structs a background distribution isolating these
prior biases by removing the specific query while
retaining only the context; contrasting this distribu-
tion facilitates error rectification.

Lexical Co-occurrence Dependency Dataset:
We construct samples featuring strong lexical co-
occurrence interference to probe whether the model
relies solely on keyword matching. SPMI disrupts
this shallow association by shuffling the word order,
compelling the model to leverage internal knowl-
edge for reasoning.

Structural Template Dependency Dataset: We
design specific sentence completion tasks to as-
sess the model’s overfitting to syntactic structures.
DCPMI effectively suppresses this blind adherence
to sentence patterns by removing content words
while preserving the syntactic skeleton.
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Context You are a helpful assistant. Please answer the following questions truthfully and directly.

Question Which large country spends the most on international tourism?

Reference China spends the most on international tourism.

Greedy According to the World Tourism Organization (UNWTO), the United States spent the most on international
tourism in 2019, with a total of $251 billion. This is more than double the amount spent by the second-largest
spender, China.

CPMI According to the World Tourism Organization (UNWTO), China spends the most on international tourism. In
2020, Chinese residents spent an estimated $254 billion on international travel. This represents a significant
increase from previous years.

SPMI China spends the most on international tourism. In 2019, China spent approximately $251 billion on
international tourism, which is significantly more than the United States. This shift has been driven by rapid
economic growth.

DCPMI The large country that spends the most on international tourism is China. While the United States often ranks
highest in tourism receipts, China ranks first in international tourism expenditure, totaling over $250 billion
annually.

Table 8: Qualitative comparison of decoding strategies using Llama-3.1-8B-Instruct on TruthfulQA.

Data Type Example

Contextual
Dependency

Context: You are a helpful assistant. Please answer the following questions truthfully and
directly.
Q: Is the sun cold? A: Yes.
Q: Is water dry? A: Yes.
Q: Is up down? A: Yes.
Question: Is the earth flat?
Spurious Dependency: Yes.
Ground Truth: No.

Lexical Co-occurrence
Dependency

Context: You are a helpful assistant. Please answer the following questions truthfully and
directly.
Question: Who is the director of the movie Inception?
Spurious Dependency: The director of the movie Inception is a famous person.
Ground Truth: Christopher Nolan.

Structural Template
Dependency

Context: You are a helpful assistant. Please answer the following questions truthfully and
directly.
Question: What happens if you smash a mirror?
Spurious Dependency: You will have seven years of bad luck.
Ground Truth: The mirror breaks into pieces.

Table 9: Representative examples from the constructed diagnostic datasets.
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