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Abstract

Large language models (LLMs) are prone to
distraction by contextual information during
reasoning. Previous work primarily focuses
on improving the generation of the next token
while overlooking the potential bias introduced
by existing premises. We propose a novel de-
coding method to mitigate such biases. Our
framework uses predicted logits to estimate
the model’s confidence. By decomposing the
full context into multiple premises, we gain a
clearer understanding of the relevance of each
premise to the question. During next-token pre-
diction, we refine the output by contrasting the
logits with the highest and lowest confidence.
Our method effectively reveals how the model
dynamically activates and adjusts its considera-
tion of each premise as reasoning progresses.

1 Introduction

Large language models (LLMs) have shown strong
performance across a variety of reasoning tasks
(Wei et al., 2022; Ahn et al., 2024; Plaat et al.,
2024). Many studies have focused on optimizing
LLMs’ reasoning process during inference. These
efforts fall into two paradigms: 1) Fusion-based
approaches, which leverage information from the
model itself or external sources to enhance rea-
soning robustness (Li et al., 2023; O’Brien and
Lewis, 2023; Shi et al., 2024b). 2) Reasoning space
search-based approaches, which explore multiple
reasoning paths to find the optimal solution (Wang
and Zhou, 2024; Xie et al., 2023, 2024; Mo and
Xin, 2024).

However, prior research has mainly focused on
improving the generation of next tokens or ratio-
nales, while overlooking the influence of premises
and context on subsequent outputs (Liu et al., 2024;
Chen et al., 2024). Given that LLMs are autoregres-
sive, the preceding context profoundly shapes
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Figure 1: An illustration of a reasoning task. The lan-
guage model becomes distracted by semantic coherence,
thereby leading to error accumulation.

every subsequent token, including grammati-
cal correctness, instruction adherence, and se-
mantic coherence. Yet, this dependency becomes
a vulnerability in reasoning tasks. The intricate
logical relationships within the context can cause
the model to misinterpret cues or fixate on irrele-
vant details (Zhang et al., 2023a; Zhao et al., 2024;
Chuang et al., 2023). As illustrated in Figure 1, this
cognitive bias directly skews the token probability
distribution. Such bias can lead to flawed reasoning
sequences, with errors compounding over time.

A fundamental challenge in LLM reasoning
stems from the opaque nature of its internal mech-
anisms (Malkin et al., 2022). The self-attention
process, while powerful, makes it difficult to ex-
plicitly trace or control how the model conditions
on specific premises. This lack of granular control
often causes the model to default to prioritizing su-
perficial signals, such as local syntactic coherence,
over the logical integrity of the entire reasoning
chain. We argue that this sensitivity to contex-
tual distractors is a primary driver of reasoning
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failures (Shi et al., 2023; Chen et al., 2024), an
issue that proves highly resistant to correction via
conventional, external interventions.

To address these challenges, we introduce
Confidence-guided Cross-premise Contrastive De-
coding (C3D), a novel decoding strategy designed
to mitigate distraction by actively guiding LLMs
toward the most salient premises. Our approach
is motivated by the key insight that LLMs rea-
son more reliably with simple, explicit information
(Zhou et al., 2022; Wang et al., 2023). Therefore,
decomposing a complex context into a set of dis-
tinct premises can help the model better distinguish
relevant from irrelevant information (Prystawski
et al., 2023; Lightman et al., 2023; Wang et al.,
2025; Mukherjee et al., 2025; He and Roy, 2025).
C3D operationalizes this by first decomposing the
problem’s context into multiple premises. During
generation, it then uses a confidence measure to
dynamically identify the most and least supportive
premise for the token being generated. Finally, it
contrastively adjusts the next-token distribution by
amplifying the influence of the highest-confidence
premise while suppressing that of the lowest. This
intervention effectively reduces reasoning biases
arising from contextual ambiguity and fortifies the
model against distraction.

We validate our method on multiple arithmetic
and symbolic reasoning tasks. Experiments demon-
strate that our method significantly improves per-
formance without requiring training, external veri-
fiers, or extensive search. Furthermore, our method
enhances interpretability, offering deeper insights
into LLMs’ reasoning processes. In summary, our
contributions are threefold:

• We propose a reasoning enhancement ap-
proach based on cross-premise awareness and
contrastive decoding, introducing a token-
level confidence evaluation to support the reli-
ability of the model’s reasoning chain.

• Our approach effectively reveals how lan-
guage models dynamically activate consid-
eration of different premises throughout the
reasoning process. We further visualize each
premise’s influence on the generation of down-
stream tokens.

• The method achieves stable improvements
in reasoning performance without requiring
training, external verifiers, or path search. Ex-
tensive experiments validate its effectiveness.

2 Related Works

2.1 Large Language Models Reasoning

When confronting reasoning tasks, LLMs typically
require CoT (Chain-of-Thought) (Wei et al., 2022)
capabilities to perform step-by-step intermediate
reasoning. Many studies focus on constructing
more data to strengthen the underlying CoT abili-
ties of LLMs, including methods based on Super-
vised Fine-Tuning (SFT) (Luo et al., 2023; Ranaldi
and Freitas, 2024), Reinforcement Learning (RL)
(Lightman et al., 2023; Zhang et al., 2024), and
Prompting techniques (Kojima et al., 2022; Zhang
et al., 2022). These approaches alter the model’s
output logic and often demand high-quality data
or evaluation models, as well as significant human
effort and training costs.

2.2 Inference Time Scaling

In addition to training with more data, another tech-
nical approach explores improving LLMs during
inference time. These methods aim to enhance the
overall reasoning quality by designing effective su-
pervision strategies for each step of the model’s
output, and it does not alter the model’s inherent
capabilities. Some studies employ internal or exter-
nal auxiliary mechanisms to improve the robustness
of LLMs (Li et al., 2023; Chang et al., 2023; Sun
et al., 2024; Zhang et al., 2025), while others opt
for more direct approaches to search for optimal so-
lutions within diverse reasoning spaces (Wang and
Zhou, 2024; Xie et al., 2023, 2024; Mo and Xin,
2024). Our method falls into the category of inter-
nal model enhancement, which is low-dependency
and low-overhead.

2.3 Contrastive Decoding

By contrasting a credible state with a non-credible
state, contrastive decoding injects logits into the
token generation process, thereby enhancing the
faithfulness of the model’s output from within (Shi
et al., 2024a). For example, Contrastive Decod-
ing (CD) (O’Brien and Lewis, 2023) uses an expert
LM and an amateur LM to contrast and improve the
professionalism of the generated tokens. Context-
Aware Decoding (CAD) (Shi et al., 2024b), on the
other hand, contrasts problems with and without
context within a single LM to reduce the irrele-
vance of tokens to the context. Decoding by Con-
trasting Layers (DoLa) (Chuang et al., 2023) stimu-
lates the intrinsic knowledge of LMs by contrasting
different layers. COIECD (Yuan et al., 2024) uti-
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lizes information entropy to address the issue of
knowledge conflicts in models.

3 Method

We now introduce our proposed Confidence-
guided Cross-premise Contrastive Decoding (C3D)
method, which is a token-level, fine-grained
premise-aware contrastive approach.

For a reasoning task, given an input question x
and a context c that contains the necessary premises
for reasoning, the generation process of a standard
large language modelM can be defined as:

yt ∼ pM(yt|c, x, y<t)

∝ exp
(
logitM(yt|c, x, y<t)

) (1)

where yt is the new token generated at time step
t based on the context c, the question x, and the
previously generated sequence y<t. It is sampled
proportionally to the logit scores processed byM
(Shi et al., 2024b).

However, the default sampling method is influ-
enced by various factors. For instance, when the
context is complex or ambiguous, model predic-
tions exhibit higher uncertainty (Zheng et al., 2023;
Chen et al., 2024; Qiu and Miikkulainen, 2024),
which manifests as a smoother logit distribution
(Ulmer et al., 2023). This smooth distribution fur-
ther leads to an averaging of sampling probabilities.
Once the model selects an incorrect token, subse-
quent generations are affected as well. Even when
the temperature is set to 0, it is difficult to guarantee
that the top-ranked token is always correct. More-
over, to maintain linguistic coherence, the model
tends to amplify these cumulative errors, ultimately
compromising the correctness of the reasoning.

3.1 Confidence Estimation with Logits

To further explore the internal prediction mecha-
nisms of the model, the logit lens (Belrose et al.,
2023) has been employed for interpretability anal-
ysis. By inspecting the final-layer logits or proba-
bility distribution, we can observe how the model
allocates probabilities across the vocabulary (Qiu
et al., 2024; Yuan et al., 2024).

Generally, when a word is assigned a much
higher probability than others, it indicates that the
model has high confidence in the prediction and
that it is more likely to be reliable (Zhang et al.,
2023b; Duan et al., 2024). This often occurs with
common collocations or when the intent is clear.
Therefore, we employ the entropy of the predicted

Figure 2: An example where entropy-based probability
is insufficient to measure the model’s confidence.

probabilities to measure the model’s confidence α
in the next token:

H = −
∑

τ∈V
pM(τ)log

(
pM(τ)

)
(2)

α(yt) =
1

exp(Hyt)
(3)

where H is the entropy at the current position over
the vocabulary V . We further take the negative
exponential of the entropy as an estimate of confi-
dence. When the entropy is higher, the probability
distribution over the vocabulary is more uniform,
and the confidence is lower; when the entropy is
lower, the distribution over the vocabulary becomes
“sharper", and the confidence is higher (with a max-
imum value of 1).

However, entropy does not always faithfully rep-
resent the model’s uncertainty, since some informa-
tion is lost during the softmax process (Gupta et al.,
2024; Ma et al., 2025). For example, the model
may assign high logit values to multiple plausible
words, but after softmax their probabilities are av-
eraged out. Alternatively, when all logits are low,
the model may still appear confident after softmax,
which can artificially inflate the probability of a
particular word, as illustrated in Figure 2. To ad-
dress this limitation, we also take into account the
extreme values of logits:

L(yt) =
1

K

K∑

k=1

topk
(
logitM(yt)

)
(4)

where topk(·) extracts the largest k values from the
logits. The idea behind this is that the magnitude of
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Figure 3: An illustration of our proposed C3D method. The full context is decomposed into multiple premises,
which then simultaneously obtain logits for the current position of the original question. By contrasting the most
confident and least confident logits, the standard decoding process can be enhanced. This approach effectively
mitigates the model’s distraction issue. The illustration of entropy is copied from (Ulmer et al., 2023).

L can serve as an additional indicator of confidence
(Ulmer et al., 2023). High logits indicate that the
model’s internal activation is strong, reflecting a
high-energy state in which the model already ex-
hibits clear preferences among candidate tokens.
In such cases, applying the softmax transformation
can unnecessarily flatten the distribution, obscuring
the model’s underlying certainty. Conversely, when
logits are uniformly small, the model is in a low-
energy state where differences among logits are
subtle. In this regime, the softmax function plays a
useful role by amplifying these small differences
and providing a more informative probability dis-
tribution. By jointly considering the magnitude of
logits and the resulting probability distribution, we
can obtain a more faithful estimate of the model’s
confidence.

3.2 Multi-Premises Decomposition
Empirical observations suggest that models rea-
son more effectively when tasks are expressed as
simple, focused premises (Prystawski et al., 2023;
Lightman et al., 2023). Such simplification reduces
uncertainty and helps the model capture key infor-
mation. Therefore, rather than treating the entire
context c as a single unit, we decompose it into
multiple premises c1, c2, ..., cn, each representing
a distinct and interpretable component of the rea-
soning problem. This decomposition makes the
underlying logical structure explicit and provides a
basis for contrastive decoding across premises.

Then, we can obtain the confidence level of each

premise for the current position:

αn = α(yt|cn, x, y<t) (5)

Ln = L(yt|cn, x, y<t) (6)

The hypothesis here is that when a premise is
informative for the current decoding position, it
will be assigned higher confidence. We aim to
identify such premises and enable the model to
distinguish the key information in the context from
redundant details.

3.3 Dynamic Contrastive Decoding
To overcome reasoning errors caused by contextual
distractions, we recompute the predicted logits dur-
ing the decoding phase. Specifically, we select the
premise logit with the highest confidence as the pos-
itive example and the premise logit with the lowest
confidence as the negative example. We use their
contrastive difference to adjust the original logits.
Note that when the L values of all premises fall
below a certain threshold, they are all considered
untrustworthy, and in such cases, we rely solely
on α as the confidence measure. Otherwise, we
simply use L as our basis.

cmax =

{
argmaxcn{L0,L1, ...,Ln} if ∃L ≥ T

argmaxcn{α0, α1, ..., αn} if ∀L < T
(7)

logit′M(yt|c, x, y<t) = logitM(yt|c, x, y<t)

+ αmaxlogitM(yt|cmax, x, y<t)

− αmaxlogitM(yt|cmin, x, y<t)

(8)
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where T is an empirically determined threshold,
and L0 and α0 denote the confidence of the full
context. This decoding process is performed se-
quentially, and it dynamically selects a pair of con-
trastive examples for each generated token. Mean-
while, the confidence level α scales the magnitude
of this adjustment. As a result, this method can
mitigate the model’s distraction by contextual infor-
mation. Figure 3 presents the overall framework.

Algorithm 1 Confidence-guided Cross-premise
Contrastive Decoding

Require: A reasoning task x with context c, and a
language modelM

Ensure: Response sequence y = {y1, y2, ..., yt}
1: Decompose c into premises {c1, c2, ..., cn}
2: Add the full context and an empty set to the

premise set C = {c, c1, c2, ..., cn,∅}
3: while t < max_length do
4: Logit list←− ∅
5: for ci ∈ C do
6: Add LogitM(yt|ci, x, y<t) to the Logit

list
7: end for
8: if ∃L ≥ T for L in Logit list then
9: Select cmax with the highest L and cmin

with the lowest L
10: else
11: Select cmax with the highest α and cmin

with the lowest α
12: end if
13: Contrast with cmax and cmin

14: Sample yt from the adjusted logits
15: if yt is eos_token then
16: Break
17: end if
18: end while

4 Experiments

We evaluate our method on multiple tasks that re-
quire models to reason based on context. We pri-
marily focus on the following research questions:

• RQ1: (Performance) Can our method consis-
tently improve reasoning performance?

• RQ2: (Case Study) How do multiple contex-
tual premises influence the reasoning process?

• RQ3: (Mechanism) What is the relationship
between the model’s confidence and the down-
stream responses?

4.1 Experimental Setup
4.1.1 Language Models
To access internal logits, we conduct experiments
on open-source large language models. Our base
models are Llama-2-7B-chat and Llama-2-13B-
chat (Touvron et al., 2023). Recently, special-
ized reasoning models, particularly those from the
DeepSeek series (Guo et al., 2025), have shown
exceptional performance. To test the generality of
our approach, we additionally evaluate on these
stronger reasoning models, specifically DeepSeek-
R1-Distill-Llama-8B1 and DeepSeek-R1-Distill-
Qwen-7B2.

4.1.2 Datasets
We validate our approach on commonly used
benchmark datasets for reasoning, including three
arithmetic reasoning tasks: GSM8K (Cobbe et al.,
2021), AQuA (Ling et al., 2017), and SVAMP (Pa-
tel et al., 2021), as well as three symbolic reasoning
tasks: Coin Flip (Wei et al., 2022), BIG-bench Date
Understanding, and BIG-bench Object Tracking
(Srivastava et al., 2023). Since the DeepSeek mod-
els already achieve strong performance on Coin
Flip (exceeding 90%), we additionally evaluate on
the AIME24 dataset (MAA, 2024) as a more chal-
lenging benchmark. These datasets encompass a
wide range of reasoning tasks, from simple to com-
plex, and require leveraging contextual informa-
tion rather than relying on the model’s memorized
knowledge. Notably, the information provided in
the questions is not always helpful, and some prob-
lems even contain completely irrelevant distrac-
tors. The model must carefully discern the given
premises while avoiding reasoning pitfalls.

To validate the anti-distraction effect of our
method, we also conduct tests on GSM-IC (Shi
et al., 2023). This dataset is based on GSM8K but
introduces irrelevant premises to the original ques-
tions, thereby distracting the language model. For
experimental efficiency, we randomly sample 200
questions from GSM-IC as the test subset.

Since our primary focus is on how to make bet-
ter use of the problem premises, we do not choose
tasks like commonsense reasoning or mathemati-
cal computation. These tasks mainly rely on the
model activating its stored knowledge for reason-
ing, where context information is usually minimal

1https://huggingface.co/deepseek-ai/DeepSeek-R1-
Distill-Llama-8B

2https://huggingface.co/deepseek-ai/DeepSeek-R1-
Distill-Qwen-7B
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Models Decoding Arithmetic Symbolic Avg. Throughput
GSM8K AQuA SVAMP Coin Date Object (tokens/s)

Llama-2-7B-chat

Regular 21.68 24.01 41.90 47.00 39.29 30.80 34.11 48.41
CAD 21.75 23.62 49.90 48.40 34.96 31.80 35.07 41.40
DoLA 22.14 22.44 43.80 51.20 40.08 30.53 35.02 47.47
Ours 25.47 29.92 47.59 54.80 44.99 32.66 39.24 45.70

Llama-2-13B-chat

Regular 34.49 15.74 49.40 47.40 46.07 27.33 36.84 30.26
CAD 31.69 12.60 52.10 50.80 37.69 33.33 36.37 28.87
DoLA 37.21 24.24 55.70 61.20 50.91 31.80 43.51 26.72
Ours 37.98 26.37 55.10 63.00 51.49 35.80 44.96 27.54

GSM8K AQuA SVAMP AIME24 Date Object Avg.

DeepSeek-R1-Distill
-Llama-8B

Regular 76.47 75.59 87.20 30.00 76.15 81.33 71.12 33.96
Beam 80.97 76.77 82.69 30.00 74.52 88.40 72.23 30.36
CAD 81.80 79.13 87.70 33.33 77.23 81.46 73.44 29.89
DoLA 82.25 77.55 87.10 30.00 74.79 81.86 72.26 25.79
Ours 83.85 81.10 87.60 36.67 85.90 87.60 77.12 29.61

DeepSeek-R1-Distill
-Qwen-7B

Regular 81.72 80.31 87.30 50.00 78.31 88.80 77.74 35.70
Beam 80.67 83.25 88.80 46.67 79.94 88.40 77.95 34.07
CAD 82.15 82.67 88.40 50.00 73.17 89.60 77.66 35.15
DoLA 80.29 77.06 87.30 6.67 69.91 77.06 66.38 27.46
Ours 84.15 84.65 89.50 53.33 79.40 96.13 81.19 34.03

Table 1: Performance (%) comparison across different decoding methods. Our proposed C3D consistently improves
performance across various arithmetic and symbolic reasoning tasks. Moreover, the enhancement effect of our
method is more pronounced on stronger base models, such as DeepSeek-R1-Distill-Llama-8B.

or absent.

4.1.3 Baselines

We consider single-pass decoding methods as our
baselines. Specifically, we compare with regular
decoding, beam search decoding, context-aware de-
coding (CAD) (Shi et al., 2024b), and Decoding by
Contrasting Layers (DoLA) (Chuang et al., 2023).
Among these, CAD and DoLA are both contrastive
decoding-based methods. The former primarily
contrasts scenarios with and without context, while
the latter focuses on contrasting different layers of
the model.

4.1.4 Implementation Details

Our method introduces two hyperparameters: k,
which controls the top k logit values for confidence
L, and threshold T , which serves as a threshold to
balance the contributions of L and α. Specifically,
k is searched over [1, 5, 10, 15, 20, 25] and T
over [14, 16, 18, 20] (details can be found in Ap-
pendix A). Since our method requires simultaneous
decoding across multiple premises, we employ a
batched KV cache to improve efficiency. We per-
form all experiments on a single NVIDIA A800
GPU (80GB).

4.2 Overall Performance (RQ1)

Table 1 presents the performance of different mod-
els across various reasoning tasks. We further cate-
gorize the observations into Llama-2 Model Obser-
vations and DeepSeek-Distill Model Observations
based on the reasoning capabilities of the models.

4.2.1 Llama-2 Model Observations
On the Llama-2 series, our method consistently
improves regular decoding performance. Partic-
ularly on the AQuA and Coin Flip datasets, the
7B and 13B models show the most substantial im-
provements. AQuA contains non-intuitive and com-
plex mathematical problems, while Coin Flip re-
quires multi-step state tracking. Both tasks demand
the model to thoroughly understand the problem.
Given that the comprehensive understanding ca-
pability of the Llama-2 series is not particularly
strong, the original decoding is easily influenced
by the context. Our strategy, however, better assists
the model in grasping finer-grained information.

For contrastive decoding methods, such as CAD
and DoLA, their performance across different
datasets is inconsistent. This suggests that rely-
ing solely on full-context contrast or layer-wise
contrast is insufficient to obtain evidence for token
generation.
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(a) Visualization of predicted token attribution (b) Confidence during reasoning flow

Figure 4: A visualized case study. Best viewed in color. The problem above in (a) is divided into three premises:
we mark premise 1 in blue, premise 2 in pink, and premise 3 in orange, while the full context is marked in gray.
The bottom boxes show which premise supports each generated token (most confident) and which distracts each
generated token (least confident), respectively. The curve in (b) depicts how the confidence of each premise evolves
as the generation progresses. The corresponding colors can help us better understand the reasoning process.

4.2.2 DeepSeek-Distill Model Observations
We further evaluate the performance of our
method on stronger reasoning models. Al-
though DeepSeek-R1-Distill-Llama-8B and
DeepSeek-R1-Distill-Qwen-7B already achieve
strong results across multiple tasks, our approach
yields additional gains in reasoning accuracy. No-
tably, the improvements are most pronounced on
the Date Understanding and Object Tracking tasks,
which likely benefit more from context-dependent
information. At the same time, our method
also provides stable improvements on standard
arithmetic reasoning tasks. These findings suggest
that stronger reasoning models are better able to
leverage premise-based decoding, demonstrating
both the scalability and robustness of our approach.

4.3 Performance with Irrelevant Context
(RQ1)

Table 2 reports the performance comparison on the
GSM-IC subset. GSM-IC introduces an irrelevant
premise into each question, which often distracts
the language model. Baseline models exhibit a sig-
nificant performance drop compared to settings
without irrelevant context, whereas our method
largely preserves reasoning accuracy. These results
demonstrate that our approach effectively reduces
the adverse influence of irrelevant context during
decoding.

4.4 Case Study (RQ2)
To gain a deeper understanding of how LLMs uti-
lize known premises during the reasoning process,
we further perform a case study for illustration.

Decoding 7B 13B DS DS
Llama Qwen

Regular w/o IC 49.0 68.0 79.5 99.0

Regular w/ IC 35.0 55.0 76.0 95.0
CAD w/ IC 36.5 54.0 77.5 95.0
DoLA w/ IC 40.0 55.0 71.0 88.5
Ours w/ IC 41.5 62.5 83.0 97.0

Table 2: The performance (%) on the GSM-IC sub-
set. With the insertion of irrelevant context into the
questions, the baseline methods show significant perfor-
mance degradation. Our method remains robust against
such corruption.

Figure 4(a) shows the relationship between each
premise in the problem and the downstream re-
sponses. We mark each premise with a distinct
color and annotate the most confident and least
confident premises for each generated token.

We observe that at the beginning of each re-
sponse, the model relies more uniformly on the
full context. It indicates that the global context still
plays an important role in providing an overall foun-
dation for reasoning. This ensures that potential
dependencies spanning multiple premises are not
lost after decomposition. As generation proceeds
and more specific reasoning steps are required, the
model shifts its attention toward the premises that
provide the strongest support, such as premise 1.
In contrast, premise 3, which contributes the least
relevant information, initially shows the lowest con-
fidence. Premise 2 also exerts some competing in-
fluence, leading to reduced confidence until later
stages when its contribution becomes clearer.
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Decoding Llama2-7B DS-Llama
GSM8K AQuA GSM8K AQuA

C3D 25.47 29.92 83.85 81.10
- w/o L 19.11 28.35 70.25 74.80
- w/o α 23.09 28.74 82.97 78.74

Regular 21.68 24.04 76.47 75.59

Table 3: Ablation studies on L and α.

4.5 Understanding How Reasoning Flows
(RQ2)

Figure 4(b) visualizes how the confidence values
α of individual premises evolve during token gen-
eration. This analysis provides a clearer view of
how the model directs the reasoning process. At
the early stages of generation, premise 1 domi-
nates, indicating that the model primarily relies on
the most informative premise to initiate reasoning.
As the generation progresses and intermediate in-
formation accumulates, initially less informative
premises, such as premises 2 and 3, begin to con-
tribute more actively, reflecting their growing rele-
vance to the unfolding reasoning path. By the later
stages, all premises converge to higher confidence
levels, suggesting that each premise has been suffi-
ciently integrated into the reasoning process. This
dynamic progression highlights how our method
reveals the shifting role of different premises dur-
ing reasoning, and thereby provides a transparent
account of how LLMs balance contextual evidence.

4.6 Impact of Confidence L and α (RQ3)

We validate the contributions of the two confidence
measures, L and α, to reasoning performance. Ta-
ble 3 presents the ablation studies on GSM8K and
AQuA. The results show that both measures posi-
tively influence reasoning accuracy. However, re-
moving L leads to a substantially larger perfor-
mance drop compared to removing α. This high-
lights that relying solely on the entropy-based α
is insufficient to capture the model’s confidence.
As discussed in Section 3.1, when the accumulated
logits fall below a certain threshold, α becomes
unreliable. The inclusion of L compensates for
this limitation by directly reflecting the strength of
the model’s internal activations. It thereby plays a
critical role in stabilizing the decoding process.

4.7 Analysis of Contrastive Mechanism (RQ3)

To understand the source of our method’s perfor-
mance, we conducted an ablation study dissecting

Figure 5: Ablation studies on contrastive components.

its core mechanism (Figure 5). By testing a variant
with only the most-confident distribution, we con-
firm that simply identifying a positive direction is
insufficient. Furthermore, by comparing against a
variant that subtracts a less extreme negative signal
(the second-least confident distribution), we demon-
strate that the precision of the negative guidance is
critical. This confirms our central hypothesis: the
most effective control is achieved by amplifying
the most likely path while neutralizing the most
significant distractor.

4.8 Analysis of Computational Overhead

To quantify our method’s computational overhead,
we evaluated its decoding throughput (tokens per
second) against baselines. The results in Table 1 in-
dicate that our method’s performance is on par with
widely-used strategies like CAD and DoLA. Our
implementation utilizes a straightforward approach
where each of the n paths maintains a separate KV
cache. The observed efficiency stems from the fact
that the dominant computational cost in generation
is the model’s forward pass, which is composed
of highly parallelizable matrix operations. Conse-
quently, our method achieves its significant quality
gains while maintaining a computational footprint
comparable to existing advanced decoding algo-
rithms, making it a practical solution.

5 Conclusion

We propose a confidence-guided cross-premise
contrastive decoding method that effectively mit-
igates reasoning biases in LLMs arising from
contextual distractions. We validate the method
on both weaker reasoning models and recent
state-of-the-art reasoning models. Experiments
show that our approach yields consistent gains.
Furthermore, by analyzing and visualizing the
dynamic flow of reasoning across premises, our
method offers new insights into how LLMs pro-
cess context, which can inform the design of future
reasoning-oriented architectures and strategies.
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Limitations

Our approach, like all methods that rely on an
LLM’s output probabilities, is subject to the calibra-
tion of the base model. Consequently, in scenarios
where the model is “confidently wrong,” the effec-
tiveness of our confidence-based guidance mecha-
nism can be constrained. It is important to note that
this is not a limitation unique to our method, but an
inherent challenge for any technique building upon
current-generation LLMs (Taubenfeld et al., 2025;
Agarwal et al., 2025). Therefore, a promising direc-
tion is to couple our decoding strategy with future
advancements in model calibration and uncertainty
quantification.

Furthermore, our approach presupposes that the
provided context can be effectively segmented into
distinct, sentence-level semantic units. This as-
sumption holds true for a wide range of tasks in-
volving well-structured prose, such as the reason-
ing tasks we evaluated. However, its performance
may be different on texts that are not easily di-
visible or where the semantic unit is not a sen-
tence. Adapting our method to operate on differ-
ent granularities, such as automatically identified
“conceptual chunks” rather than sentences, is a non-
trivial but important direction for future research to
broaden its applicability.
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Figure 6: The trend of accuracy impact under different
top-k values.

A Hyperparameter Analysis

A.1 Impact of Hyperparameter k

Figure 6 illustrates the performance trends of
AQuA and Date Understanding under different
top-k logit settings. As k increases from 1 to
25, the curves exhibit different trends. This di-
vergence reflects the intrinsic differences between
tasks: Date Understanding relies on a narrow set of
date-related tokens, while AQuA involves a broader
lexical space. Thus, selecting a moderate k offers a
balanced compromise, ensuring sufficient coverage
for tasks with diverse vocabularies while avoiding
performance degradation in tasks with narrower
token distributions.

A.2 Impact of Hyperparameter T

The role of logit extremal values in shaping re-
sponses has received limited attention, making it
challenging to define a reasonable threshold. To in-
vestigate their effect, we empirically explore thresh-
olds in the set [14,16,18,20]. Figure 7 illustrates the
impact of different thresholds T on GSM8K across
two models. We observe that, despite variations in
model size, the range of logits remains consistent
and their influence is largely similar. This finding
suggests that selecting a moderate threshold pro-
vides a stable reference across datasets and model
scales.

B Evaluation on Logical Reasoning
Benchmarks

To better assess the general applicability of our
method beyond mathematics and symbolic reason-
ing, we additionally conducted experiments on log-
ical reasoning benchmarks. Specifically, we se-
lected the ReClor (Yu et al., 2020) and LogiQA
(Liu et al., 2020) datasets, as they are widely used

Figure 7: The performance of different T values on
GSM8K across various models.

Decoding ReClor LogiQA

DS-Llama
Regular 57.80 46.39

Ours 58.80 50.69

DS-Qwen
Regular 58.20 48.84

Ours 59.00 49.92

Table 4: Performance comparison on the ReClor and
LogiQA benchmarks. Results are reported using the
same backbone models and decoding configurations as
in the main experiments.

benchmarks in the logical reasoning domain. We
followed the same backbone models and decoding
configurations as in the main experiments for a fair
comparison.

Figure 4 presents the performance on both
datasets. We observe that augmenting the origi-
nal baseline with our decoding strategy consistently
leads to performance improvements, indicating that
the proposed approach generalizes effectively to
logical reasoning tasks as well.

C Case Study on GSM-IC

To further analyze how distraction affects the
model’s reasoning process, we compare the perfor-
mance of different decoding methods on the GSM-
IC dataset, as shown in Table 5. We observe that
regular decoding is more susceptible to irrelevant
information in the questions, leading to incorrect
responses. In contrast, our method empowered by
cross-premise contrastive decoding can selectively
ignore such distracting information.
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Regular C3D

Question: Gretchen draws caricatures in the
park on the weekends. She charges $20.00
per drawing. Ideally, Emma would love to sell
10000 drawings per weekend. If Gretchen sold
24 on Saturday and 16 on Sunday, how much
money did she make?

Question: Gretchen draws caricatures in the
park on the weekends. She charges $20.00
per drawing. Ideally, Emma would love to sell
10000 drawings per weekend. If Gretchen sold
24 on Saturday and 16 on Sunday, how much
money did she make?

Answer: Gretchen sells 24 drawings on Satur-
day and 16 drawings on Sunday. So, in total,
she sells 24 + 16 = 40 drawings. Since each
drawing costs $20.00, Gretchen makes $20.00
x 40 = $800.00 per weekend.

Answer: Gretchen charges $20.00 per drawing,
so if she sells 24 drawings on Saturday, she
will make $20 x 24 = $480.00. If she sells 16
drawings on Sunday, she will make $20 x 16 =
$320.00.

To find out how much money Emma would love
to sell, we need to multiply the number of draw-
ings Gretchen sold by the price per drawing:
$800.00 x 10000 = $8,00,000.00. (Wrong)

So, in total, Gretchen made $480.00 + $320.00
= $800.00. (Correct)

Table 5: A comparative case study of different decoding methods on the GSM-IC dataset. Red text highlights
distracting irrelevant information that negatively influences the model. The left panel demonstrates how standard
decoding fails when exposed to such distractions, while the right panel shows our method’s robust performance
under the same conditions.
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