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Abstract

Large language models excel in a wide range
of natural language processing tasks, but gener-
ating factually accurate and consistent outputs
remains a challenge. To improve text reliabil-
ity, Contrastive Decoding (CD) refines token
selection by leveraging differences between an
expert and base model, penalizing low-quality
token choices. However, CD employs static
weighting between models, making it sensitive
to variations in model architecture and input
characteristics, often resulting in suboptimal
token selection and error propagation through-
out generation. We propose Uncertainty-Aware
Contrastive Decoding (UCD), a method that dy-
namically adjusts model contributions at each
decoding step based on uncertainty. We intro-
duce a cumulative energy function, where un-
certainty is quantified as the negative log-sum-
exp over logits, and decomposed into entropy
and expected logit components. This energy
serves as a dynamic confidence signal, guid-
ing adaptive model weighting during genera-
tion. We demonstrate through extensive experi-
ments that UCD significantly improves factual
accuracy and reliability over existing decoding
methods. Finally, we provide a theoretical anal-
ysis showing that our energy function serves
as a well-defined uncertainty metric capturing
model confidence. Our code is available at
https://github.com/MLAI-Yonsei/UCD.

1 Introduction

Large language models demonstrated remarkable
performance across diverse tasks, ranging from
open-ended text generation to structured reason-
ing (Brown et al., 2020; Kojima et al., 2022). Their
ability to generate human-like text and generalize
across domains has led to widespread adoption.
However, reliability remains a persistant challenge,
as LLMs are prone to repetition, hallucination and
factual inconsistencies (Ji et al., 2023). Standard
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Figure 1: Comparison of CD and UCD in token se-
lection. UCD’s dynamic weighting accurately predicts
"August 2, 1776," while CD fails.

decoding strategies, such as greedy decoding and
sampling, struggle to balance coherence, diversity
and factuality, often producing deterministic yet
incorrect generations (Holtzman et al., 2019).

Recent research suggests that relying on a single
LLM is inherently limiting, as no single model can
fully capture the diverse reasoning strategies, do-
main knowledge, and stylistic variations required
for robust text generation (Feng et al., 2025). To
address this limitation, multi-LLM collaboration
techniques such as contrastive objectives and en-
semble methods have been explored to leverage
the strengths of different models (Shen et al., 2024;
Mavromatis et al., 2024).

One prominent approach, Contrastive Decod-
ing (CD), improves text generation without addi-
tional training by refining token selection at in-
ference time (Li et al., 2023). The key insight is
that smaller models amplify undesirable behaviors,
such as repetition and fluency errors, whereas larger
models, despite their strengths, still exhibit halluci-
nations and factual inconsistencies. By contrasting
their predictions, CD filters out low-quality outputs,
leading to improved fluency and coherence. Build-
ing on this foundation, several works have been pro-
posed to enhance the effectiveness of CD. Liu et al.
2024 improve adaptation by using a three-model
setup (Large LM, Small LM, and Fine-Tuned Small
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LM) to simulate fine-tuning effects on the Large
LM without directly updating its parameters. Other
works (Liu et al., 2021; Zhang et al., 2023) apply
contrastive objective to hallucination-induced mod-
els to further enhance factual accuracy. Despite
these advancements, existing methods rely on static
weighting schemes or heuristic search to determine
model contributions. However, the optimal balance
between models should be dynamic, adapting to
the selected models, task requirements, and dataset
characteristics. For instance, a fine-tuned small
model may be more reliable for domain-specific
tasks warranting a higher weighting, whereas a pre-
trained large model excels in open-ended reasoning
task, where it should contribute more.

Few prior works has explored dynamic weight-
ing to address these issues. Fan et al. introduce KL
divergence-based weighting, adjusting model con-
tributions per decoding step by comparing their out-
put distributions. However, this method assumes
a fixed distance between pretrained and fine-tuned
models across different model sizes, oversimplify-
ing model interactions. Mavromatis et al. (2024)
optimize model contributions using perplexity, but
focus on ensembling models rather than applying
contrastive weighting. Moreover, both approaches
rely on a search-based optimization process at each
step, increasing computational overhead. Also they
do not fully account for the sequential nature of
uncertainty, neglecting cumulative effects that in-
fluence model reliability over time.

In this paper, we propose Uncertainty-Aware
Contrastive Decoding (UCD), a framework that
applies energy-based uncertainty estimation to
CD. UCD models uncertainty sequentially using
a cumulative energy function, allowing dynamic
reweighting of model contributions at each step
without iterative optimization, ensuring efficient
and adaptive token selection. As illustrated in Fig-
ure 1, UCD’s dynamic weighting accurately pre-
dicts the correct answer "August 2, 1776" for a
historical question, while CD (O’Brien and Lewis,
2023) fails due to static weighting.

We theoretically validate our energy function
through LSE decomposition, demonstrating its role
as an uncertainty metric for sequential decoding.
By modeling uncertainty accumulation, UCD en-
hances decoding stability and robustness. Exten-
sive experiments on hallucination datasets and rea-
soning benchmarks confirm that UCD consistently
outperforms existing methods, achieving higher
reliability and factual accuracy.

2 Related Works

2.1 Contrastive Decoding

Contrastive Decoding enhances text generation by
contrasting output predictions between large and
small models (Li et al., 2023). Beyond its origi-
nal formulation, the concept of CD expanded to
multiple model contrast (Liu et al., 2024), contex-
tual contrast (Zhao et al., 2024), and layer-wise
contrast (Chuang et al., 2023), increasing adapt-
ability across different settings. Additionally, its
application has broadened to include task-specific
fine-tuned models (Shen et al., 2024), aligned mod-
els (Fei et al., 2024), and hallucination-induced
models (Zhang et al., 2023) each targeting dis-
tinct contrastive objectives. In this work, we in-
troduce Uncertainty-Aware Contrastive Decoding
(UCD), which dynamically adjusts model contri-
butions based on uncertainty estimation, ensuring
stable and effective text generation across diverse
tasks and models.

2.2 Uncertainty Estimation

Prior research has shown that effectively measur-
ing uncertainty helps identify instances where a
model lacks confidence, thereby improving predic-
tion quality (Siddhant and Lipton, 2018; Xiao and
Wang, 2019; Kuhn et al.). Building on this, uncer-
tainty estimation has become essential for enhanc-
ing model reliability, interpretability, and decision-
making across various NLP tasks (Hu et al., 2023).
For instance, Fan et al. utilized KL divergence for
contrastive decoding, Das et al. (2024) leveraged
entropy to select the contrast layer, and Mavromatis
et al. (2024) introduced an ensemble method that
assigns weights based on perplexity. While these
methods rely on specific uncertainty measures, our
work is the first to directly incorporate energy as
an uncertainty indicator in the contrastive decoding
process.

3 Methodology

3.1 Problem Statement

In the context of open-ended text generation, an
auto-regressive language model pp y takes a prompt
Xprompt = (1, - - -, Z) of length n, and generates a
continuation sequence Xcont = (Zpn41, - - - > Tntm)
of length m. Each token z; is drawn from a vocab-
ulary V. The probability of generating the continu-
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ation under py factorizes as:

n+m

pLM(Xcont | Xprompt) = H bm (l't | X<t)a
t=n+1

where x<; = (x1,...,x4_1) is the previously gen-
erated context. Internally, the predictive distribu-

tion is computed by applying a softmax over the
logit vector z; € RrRIVI:

exp(z[v])
wey €xp(z[v'])

PLM(CCt = | X<t) = Z

Here, z;[v] denotes the unnormalized score as-
signed to token v € V.

For decoding, we employ a greedy decoding
strategy, where at each timestep ¢, the model selects
the token with the highest logit probability:

Ty = argmaxprm (wt ’ X<t xprompt); (1
Tt €V

where X<y = (Z1,...,#;_1) is the sequence of
previously selected tokens. Repeating this step over
m timesteps yields the final generated sequence:

)A(cont - (fi'n—&-l; cee 7j3n+m)-

3.2 Cumulative Energy-Contrastive Decoding

Building on Contrastive Decoding (Li et al., 2023;
Liu et al., 2024), we propose Uncertainty-Aware
Contrastive Decoding, which dynamically balances
the contributions of the expert model (EXP) and
base model (BASE).

3.2.1 Energy-based Uncertainty Estimation

Given a prompt, the expert model EXP and base

model BASE generate logits ZEEXP) and ngASE)

at each decoding step ¢. To quantify the uncertainty
of each model’s predictions, we introduce a
cumulative energy function, which estimates the
energy of the output distribution and serves as a
confidence measure for each model. This function
integrates both the current logits and the historical
uncertainty accumulated over previous decoding
steps, ensuring that past decisions influence future
token selection. This dynamic adjustment based on
accumulated confidence makes the energy function
a more stable and adaptive measure of model
reliability.

Logit Tracing To track how confident each model
was about previously chosen tokens, we maintain

logit traces EIEM) € R, where M € {EXP,BASE}.

This trace accumulates past logits corresponding
to previously selected tokens. Specifically, at each
timestep t, the trace is updated recursively as:

(M = g o™ 4 2™, ],

where (3 is a discount factor controlling the reten-
tion of past confidence. Unfolding this recursion
yields:

t—1
g =3 M) o
k=1

This formulation aggregates the logits assigned
to previously selected tokens, weighted by their
recency, and serves as a temporal memory of
model confidence.

Cumulative Energy We define the energy of a
logit vector z; with respect to the logit trace ¢; as:

Energy(zt,ﬁt) = TlogZexp (W) .
veEVY
(3)

Here, temperature parameter I’ controls the sharp-
ness of the softmax-like transformation. We define
energy as negative log-probability to ensure that
higher energy corresponds to higher confidence.
The energy computation uses log-sum-exp over
logits and accumulated traces, amplifying confi-
dent predictions while preserving efficiency. At
each timestep £, we compute energy values for each
model:

Et(M) = Energy(ng),EiM)).

Dynamic Weighting We derive per-timestep
weights by normalizing the energies of the two
models:

g™

it

- Et(EXP) N Et(BASE)

Intuitively, a model with higher energy at a given
timestep receives a larger weight, indicating greater
confidence in its token predictions. This adaptive
weighting mechanism allows the system to dynam-
ically adjust to the relative reliability of the expert
and base models throughout the decoding process,
ensuring robust and context-aware token selection.
Furthermore, when EISM) is negative, it indicates
that the model is highly uncertain about its own
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[ Question: According to the Bible, what forbidden fruit did Adam and Eve eat in the Garden of Eden? ]

000 What is the name
How forbidden days did
The = many = | fruits — | Janua..
° defined on 1 in
Expert  Output: Whatis the name of the first man created by God in the Bible? [ x)
000 What is the name
How forbidden days did
—_ The I many = frits > | Janua..
ot defined on 1 in
Base Output: How many days did it take God to create the universe? Q
What is the name
How forbidden days did
cD The ’ many = fruits > Janua..
defined on 1 in
Output:  What forbidden fruit did Adam and Even eat in the Garden of Eden? Q
What is the name
How forbidden days did
ucb The ’ many = fruits ¥ Janua..
defined on 1 in
Output:  The forbidden fruit in the Garden of Eden was the fruit of the tree of (@)

the knowledge of good and evil.

Figure 2: Effect of cumulative energy-based weighting in sequential decoding. Compared to CD, UCD highlights
the importance of cumulative uncertainty, leading to accurate token selection and the correct answer.

predictions. Therefore, we considered combining
models only when Et(M) > 0, ensuring that the
reweighting process leverages sufficiently confi-

dent predictions.

3.2.2 Uncertainty-Aware Token Selection

We construct the energy-contrastive logit vector

(t)

Z(;cp» Where each component v is computed as:

ZECD [’U] — 2’LUFXPZtEXP [U] _ wPASEZ?ASE [’U]

“)
At each timestep ¢, we select the token Z; corre-
sponding to the maximum UCD logit:

i = arg max z; “P[u].
veY

By repeating this process across all timesteps, we
effectively solve Equation (1), thereby maximiz-
ing the joint probability throughout the sequence.
Furthermore, Equation (4) can be extended to col-
laborative settings involving only expert models,
without a base model. In this case, the logit vector
that represents the contribution of the expert model
is given by 2w XPzEXP[y]. When multiple ex-
perts are involved, such as M € {EXP;, EXP»},
the objective function naturally generalizes to

wPNPGENP o] 4 PPNy

3.3 Theoretical Analysis of Energy

In this section, we analyze the cumulative energy
defined in Equation 3. The following theorem
shows that the cumulative energy can be decom-
posed into three components.

Theorem 1. Let z; € RV be the logit vector at
timestep t, and l; € R be the logit trace. The
cumulative energy, as defined in Equation (3), can
be decomposed as:

Energy (zt, Et) = T -H(pt) +Ep[2] + 4.

uncertainty
part

confidence
part
5)

z ,U/T . . .
e is the softmax distribu-

> jev e*ti/T
tion over z,, H(py) is its entropy, and E,, [z] is its
expected logit value.

where pi(v) =

Theorem 1 demonstrates that cumulative energy
jointly captures model uncertainty and confidence
through three components: entropy, expected logit,
and logit trace. Entropy H (p;) reflects the uncer-
tainty of the current prediction, while the expected
logit IE,, [2] and logit trace ¢; quantify the model’s
confidence from instantaneous and historical per-
spectives, respectively. Together, these components
define a principled energy-based confidence mea-
sure that evolves over time. To interpret the decom-
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position, we detail how each term contributes dis-
tinctively to the modeling of uncertainty and confi-
dence. Detailed proof is provided in Appendix A.1.

Entropy. Entropy measures the dispersion of a
probability distribution and serves as a quantitative
indicator of model uncertainty. For a distribution p,
the entropy is defined as:

== pv)

veY

logp

Higher entropy indicates a more uniform distribu-
tion, reflecting greater uncertainty in the model’s
predictions. Conversely, lower entropy corresponds
to a distribution with concentrated mass on a few
tokens, implying stronger confidence. In our frame-
work, entropy serves as a principled measure of
token-level uncertainty during decoding.

Expected logit.
is defined as:

The expected logit at timestep ¢

Zpt

veY

Pt Zt

This term reflects the average logit weighted by the
model’s predicted probability distribution. High
expected logit indicates strong support for likely
tokens, while a low value implies weaker predic-
tions. In contrastive decoding, where token se-
lection is based directly on logits, expected logit
E,, [2¢] serves as an approximate measure of overall
model confidence. It summarizes how decisively
the model supports its predictions by combining
probability sharpness with logit magnitude.

Logit Trace. The logit trace ¢;, defined in Equa-
tion (2), is a time-weighted sum of logits assigned
to previously selected tokens. This term serves two
main purposes. First, it promotes temporal consis-
tency by incorporating historical confidence, lead-
ing to more stable predictions across the sequence
rather than isolated timestep decisions. Second,
the exponential discounting smooths out transient
fluctuations, with the discount factor 3 controlling
how much recent decisions are emphasized.

While both expected logit E,, [2;] and logit trace
4 quantify model confidence using logits, they dif-
fer in scope and temporal focus. The expected logit
captures the model’s overall confidence throughout
the entire token distribution in a single timestep,
while the logit trace aggregates confidence over pre-
viously selected tokens in multiple steps. Thus, the

former reflects pointwise belief dispersion, while
the latter encodes a history of committed decisions.

To complete the interpretation, we analyze the
temperature parameter 7.

Parameter 7. The temperature parameter 7" con-
trols the sharpness of the softmax distribution p;(v)
and scales the entropy term T - H(p;) in the en-
ergy formulation. We define a temperature-scaled
log-sum-exp function as:

LSEr(z:) :==E,,[z/| + T - H(p),

which smoothly interpolates between confidence
and uncertainty based on 7'. Full derivations are
provided in Appendix A.2.

The limiting behavior with respect to 7" is given :

lim LSE7(z;) = max z[v],
T—0 veV

Jim LSEr(z) = Tlog |[V| + v Z z4[v]

veY

As T — 0, , LSEp(z;) approximates the maxi-
mum logit value, leading to confident and deter-
ministic token selection. In contrast, as 7" — oo,
the expected logit term [E, [z¢| converges to a con-
stant, while the entropy term T" - H (p;) grows un-
bounded linearly with 7. Thus, the cumulative
energy becomes increasingly dominated by the en-
tropy component, shifting the emphasis from model
confidence to model uncertainty.

This decomposition of cumulative energy into
entropy, expected logit, and logit trace provides
a unified measure of uncertainty and confidence.
Leveraging cumulative energy in contrastive decod-
ing enables adaptive model weighting, leading to
more stable and adaptive token selection in open-
ended text generation.

4 Experimental Setup

We conduct three experiments to evaluate our
methodology. First, we assess the model’s ability
to mitigate hallucinations by measuring the truth-
fulness of its outputs. Second, we evaluate its ro-
bustness across diverse reasoning benchmarks to
demonstrate generalization capability. Finally, we
examine the performance on domain-specific tasks
using fine-tuned models, with a focus on biomedi-
cal question answering. Further details of the ex-
periments settings are provided in Appendix B.
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Decoding Strategy Model MC1 MC2 MC3
7B-Base 28.68 43.32 20.82

Greedv Decodin 7B-Chat 37.62 54.60 28.12
y ng 13B-Chat 37.75 55.67 28.16
70B-Chat 37.70 58.99 29.79

DoLa 7B-Chat 32.97 60.84 29.50
CD 13B-Chat + 7B-Chat 28.15 54.87 29.75
70B-Chat + 7B-Chat 33.66 59.97 33.07

SH2 7B-Base 33.90 57.07 29.79
ITI 7B-Chat 37.01 54.66 27.82
13B-Chat + 7B-Base 39.46 65.24 36.13

UCD 13B-Chat + 7B-Chat 37.99 66.76 37.42
70B-Chat + 7B-Base 39.64 65.27 36.24

70B-Chat + 7B-Chat 39.21 65.03 34.91

Table 1: Performance of various decoding strategies on the Truthful QA dataset. The results highlight the critical role
of decoding techniques in factual text generation and establish UCD as the most effective approach for improving
model performance. Results for methods other than ours are taken from prior work (Zhang et al., 2023).

Model MC1 MC2 MC3
LLaMA 3.2 1B-Instruct 30.15 50.84 24.80
LLaMA 3.2 3B-Instruct 36.76 55.93 29.09
CD (3B + 1B) 4436 63.15 41.01
UCD (3B + 1B) 50.12 74.15 46.94

Table 2: Truthful QA Results on LLaMA 3.2 Models.
UCD outperforms greedy decoding and CD across all
MC metrics.

4.1 Datasets

In Section 5.1, we use Truthful QA dataset (Lin
et al.) to assess truthfulness. In Section 5.2,
we evaluate on diverse reasoning tasks: math-
ematical reasoning (GSM8K (Cobbe et al.,
2021), SVAMP (Patel et al., 2021), Multi-
Arith (Roy and Roth, 2015)), general knowledge
(MMLU (Hendrycks et al., 2021)), and common-
sense reasoning (Arc-challenge (Clark et al., 2018),
CommonsenseQA (Talmor et al., 2019), Strate-
gyQA (Geva et al., 2021)). We also include sym-
bolic reasoning tasks (Last Letter Concatenation,
Coin Flip) and tasks from BIG benchmark (bench
authors, 2023) (Date Understanding, Sports Under-
standing). We follow the settings of Fei et al. 2024
and evaluate with 200 samples for each dataset.
Subsequently, in Section 5.3, we use BioASQ
(Tsatsaronis et al., 2015), a biomedical domain
question answering dataset.

4.2 Models

For all experiments, we employ the LLaMA2
model family (Touvron et al., 2023), examining

both small and large-scale models to assess the
efficacy of our method. For the biomedical do-
main task, we incorporate models that have been
fine-tuned for the biomedical domain, including
the Meditron family (Chen et al., 2023) and the
LLaMA2-7B model fine-tuned in the BioASQ
dataset. To further evaluate the generalization abil-
ity of our method, we additionally include experi-
ments on the latest LLaMA 3.2-Instruct models(1B
and 3B) (Grattafiori et al., 2024).

4.3 Evaluation Metrics

To comprehensively evaluate UCD, we employ sev-
eral metrics tailored to each task. For TruthfulQA,
we rely on multiple-choice metrics (MC1, MC2,
and MC3) to assess the model’s confidence in cor-
rect responses. For the mathematical reasoning
tasks in Table 3, we evaluate by extracting final
numerical answers directly from the generated so-
lutions. For the remaining reasoning tasks, we
employ GPT-4 (Achiam et al., 2023) for evalua-
tion, following prior work (Fei et al., 2024). For
BioASQ dataset, each type of question category
(Factoid, List, Summary, and Yes/No) is assessed
using Strict Accuracy, F1 Score, Accuracy, and
ROUGE-2, respectively, to remain consistent with
existing studies (Shen et al., 2024).

4.4 Baselines

In demonstrating the effectiveness of our method,
we compare it with various baselines in different
settings. For Truthful QA evaluation in Table 1,
we compare against both hallucination mitigation
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Model GSM SVP MA MM Arc CS ST Date SP CF LLC Avg
13B-Base 45 125 106 455 630 555 465 345 340 500 00 324

Greedy  7B-Chat 220 445 628 395 550 580 520 315 560 430 7.3 429
13B-Chat 320 500 617 435 620 565 475 365 495 39.5 207 454

Nudging ;ggl:f“ 245 450 578 385 57.5 560 495 300 520 510 100 429
13B-Base +

PT BB s TB.Chy 220 485 628 445 570 605 500 330 565 460 87 451
13B-Base +

8(0))) 305 535 633 480 68.5 63.0 555 360 495 540 147 488

7B-Base + 7B-Chat

Table 3: Performance of decoding strategies on reasoning benchmarks. UCD extends Proxy-Tuning (PT) by
applying dynamic weighting based on cumulative energy, achieving the best overall performance across most tasks.

methods (DoLa (Chuang et al., 2023), SH2 (Kai
et al., 2024), ITI (Li et al., 2024)) and contrastive
decoding (CD (Li et al., 2023)). For reasoning tasks
in Table 3, we compare with methods that lever-
age both base and aligned models (chat-models),
including Nudging (Fei et al., 2024) and Proxy-
Tuning (Liu et al., 2024). For domain-specific eval-
uation in Table 4, we compare against task specific
fine-tuned models, including Co-LLM (Shen et al.,
2024) and Proxy-Tuning (Liu et al., 2024). Across
all experiments, greedy decoding serves as the pri-
mary baseline for fair comparison.

5 Results

5.1 Mitigating Hallucinations

We evaluate our approach on Truthful QA to assess
its effectiveness in reducing hallucinations. Ta-
ble 1 shows that UCD improves truthfulness across
all multiple-choice metrics. Compared to greedy
decoding, UCD (13B-Chat + 7B-Base) achieves
substantial improvements: +1.71 in MC1, +9.57 in
MC2, and +7.97 in MC3. The significant MC2 im-
provement is particularly noteworthy, as it demon-
strates UCD’s ability to effectively distribute con-
fidence across multiple correct options rather than
converging on a single candidate, resulting in better
calibrated predictions.

To verify generalizability, we test UCD on
LLaMA 3.2 models (Table 2). Results show consis-
tent improvements over both greedy decoding and
standard contrastive decoding across all metrics,
confirming that UCD generalizes well to modern
instruction-tuned models without requiring addi-
tional fine-tuning.

Beyond multiple-choice evaluation, we also as-
sess UCD on TruthfulQA’s open-ended generation
setting. UCD demonstrates strong performance

maintaining its effectiveness in generating both ac-
curate and informative responses. Detailed results
and analysis are provided in Appendix C.

5.2 Reasoning Abilites

Table 3 presents the reasoning benchmark results.
In this experiment, UCD extends Proxy-Tuning
(PT) by incorporating three models, replacing static
weighting with dynamic weighting based on cumu-
lative energy. Specifically, expert models were
scaled using factors selected from [2, 3]. UCD sig-
nificantly outperforms the 13B-Base model across
all categories and achieves the highest overall av-
erage score of 48.8, while also surpassing other
decoding strategies in most datasets. These re-
sults demonstrate that the UCD framework can be
naturally extended to scenarios involving multiple
models, offering a flexible and effective approach
to combining their strengths through uncertainty-
aware decoding.

5.3 Domain-Specific Tasks

To validate the multi-expert setting introduced
in Section 3.2.2, we conducted experiments us-
ing two biomedical expert models: Meditron-7B
and LLaMA2-7B-Base finetuned on the BioASQ
dataset. In the factoid category, UCD achieved a
top performance of 30.3, and the overall average
performance reached 36.2. These results indicate
that even in domain-specific scenarios, extending
UCD by combining weighted logits from two ex-
pert models can effectively enhance performance.
Consequently, our findings suggest that the exten-
sion of UCD provides a promising approach for
achieving superior results without relying on large-
scale models, warranting further exploration across
diverse domains and tasks.
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Model Factoid List Yes/No Summ. Avg.
Meditron-7B 0.0 2.7 70.4 18.6 22.9

Greed Meditron-70B 17.2 16.1 80.2 21.1 33.7
y 7B-Base 4.3 49 71.6 17.2 24.5
70B-Base 11.8 14.9 77.8 18.6 30.8

FT 7B-Base 23.7 13.8 76.5 18.1 33.0

FT 70B-Base(QLoRA) 24.7 20.7 75.3 21.1 35.5

CD LLaMA2-70B-Base + LLaMA2-7B-Base 11.8 9.0 71.6 17.5 27.5
PT Meditron-70B + 7B-Base + FT 7B-Base 26.9 10.7 80.2 7.3 31.3
Meditron-70B + Meditron-7B + FT 7B-Base 26.9 23.5 82.7 11.0 35.6

70B-Base + 7B-Base + FT 7B-Base 29.0 16.8 85.2 21.3 38.1

Co-LLM Co-LLM-7B + Meditron-7B 17.2 16.0 72.8 19.8 31.4
0- Co-LLM-7B + Meditron-70B 21.5 18.6 81.5 20.6 35.6
UuCcD FT 7B-Base + Meditron-7B 30.3 13.8 81.5 19.1 36.2

Table 4: Performance of various decoding strategies on BioASQ dataset. Results demonstrate the effectiveness of
our extended UCD approach using two specialized biomedical models, achieving competitive performance with
small-scale models. Results for methods other than ours are taken from prior work (Shen et al., 2024).

Model Method [ MC1 MC2 MC3
0 3382 6466 3657

Entropy 0.5 35.78 63.88 34.88

13B-chat 1 3492 6157 33.88
+ 7B-chat 3652 66.67 3699
UCD 05 3738 67.29 37.42

1 3799 6676 37.94

0 3615 6294 333

Zgz'_il;; UCD s 3768 628 3381
1 39.64 6527 3624

Table 5: Performance metrics for different metholodogy
with varying values of the hyperparameter 3, which con-
trols the accumulation of previous timestep information.

6 Analysis

6.1 Analysis of Cumulative Energy

To analyze the effect of historical information, we
systematically varied the discount factor 5 from
0 to 1 and observed its impact on performance.
In addition, we evaluated a variant of UCD that
replaces the energy-based confidence signal with
an entropy-based one, allowing us to directly assess
the benefit of our energy formulation.

As shown in Table 5, UCD consistently outper-
forms the entropy-based variant across all values of
B, highlighting the effectiveness of using the cumu-
lative energy function as a confidence signal. This
result supports Theorem 1, where energy captures
both uncertainty and confidence more comprehen-
sively. We also observe that increasing 3 improves
performance in both UCD and the entropy-based
variant, indicating that incorporating past timestep
information is beneficial. In most settings, the best

67.0{ MC2 38.0 MC3

M
MC3
3

0 50 100 : 0 50 100
Temperature Temperature

Figure 3: Effect of Temperature 7.

performance is achieved when 3 = 1, reinforcing
the importance of cumulative history.

6.2 Analysis of Temperature

Figure 3 validates our theoretical analysis in Sec-
tion 3.3 and Appendix A.2 using the Truthful QA
dataset. The temperature parameter 1" controls the
degree to which uncertainty is reflected during de-
coding. Larger 7" values increase uncertainty influ-
ence, while a smaller 7" reduces it.

As shown in Figure 3, continuously increasing
uncertainty reflection by raising 7' leads to de-
graded performance, highlighting the importance
of selecting an appropriate temperature to balance
uncertainty and decoding quality. Specifically,
factual accuracy (MC2, MC3) decreases as 1" in-
creases, with optimal performance achieved around
T =~ 1. This demonstrates how balanced uncer-
tainty enhances truthfulness and supports using the
cumulative energy score in a parameter-free man-
ner by setting T' = 1.

6.3 Qualitative Analysis

As shown in Figure 2 and Table 6, baseline mod-
els and CD with fixed weights fail to provide the
correct answer. For example, when asked, “What
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Question

What does Darth Vader say to Luke in "The Empire Strikes Back"?

Ground Truth

"No. I am your father."

Model Responses

7B-Chat: I'm glad you’re interested in the Star Wars franchise! However, I must point out that Darth
Vader does not say anything to Luke Skywalker in "The Empire Strikes Back." The scene where Darth
Vader reveals his true identity to Luke does not occur in that movie. In the original "Star Wars" trilogy,

Darth Vader is introduced as a villainous character who is revealed to be Luke’s father towards.
13B-Chat: Hello! I’'m here to help answer your question while ensuring a safe and respectful interaction.

To answer your question, Darth Vader does not say anything to Luke Skywalker in "The Empire Strikes
Back." The scene you might be thinking of is when Darth Vader reveals his true identity to Luke, but he

does not speak to him. Instead, he simply stands there, silently revealing his true self.
CD: Hello! I'm here to help answer your questions while ensuring a safe and respectful conversation. To

answer your question, Darth Vader does not say anything to Luke Skywalker in "The Empire Strikes Back."
Luke and Darth Vader do not have a direct interaction in that film. However, I can provide information on
their relationship and the plot of the movie if you’d like. Please let me know if there’s anything else I can

assist you
UCD: Greetings young Padawan! As your helpful and respectful assistant, I can assure you that all

information and content will be safe, positive, and socially unbiased. To answer your intergalactic
question, in the iconic scene from "The Empire Strikes Back," Darth Vader expresses a menacing yet
memorable line to Luke Skywalker: "No. I am your father." However, before that revelatory statement,

their conversation goes like this: ...

Table 6: Comparison of model responses on the Truthful QA dataset using LLaMA2-7B-Chat and LLaMA2-13B-

Chat. Only UCD correctly identifies the answer.

does Darth Vader say to Luke in ‘The Empire
Strikes Back’?”’, the 7B-Chat, 13B-Chat, and CD
models all failed to produce the right answer, in-
stead generating hallucinated or evasive responses.
In contrast, UCD, leveraging cumulative energy-
based weighting, correctly outputs “No. I am your
father.”, demonstrating improved factual precision.

These results underscore the effectiveness of
UCD in utilizing model uncertainty to enhance
both constraint adherence and factual accuracy.
Additional qualitative example is provided in Ap-
pendix D.

7 Conclusion

We propose Uncertainty-Aware Contrastive Decod-
ing (UCD), a framework that introduces cumula-
tive energy as a dynamic uncertainty metric to bal-
ance contributions of multiple language models.
Unlike prior research, which often rely on static
or heuristic weighting strategies, UCD adaptively
adjusts each model’s influence at every decoding
step, effectively capturing the sequential nature
and mitigating error propagation. Empirical re-
sults demonstrate that UCD consistently improves

factual accuracy and reliability over existing meth-
ods across various benchmarks, including domain-
specific tasks. Future work could explore UCD’s
application to broader model architectures, with
its theoretical foundations. We believe UCD repre-
sents a significant advancement in improving lan-
guage model reliability and can inform the devel-
opment of more robust decoding strategies.

Limitations

In this study, limited GPU resources prevented thor-
ough experimentation on 70B-scale models, con-
straining our ability to fully assess UCD’s perfor-
mance with larger expert models. Additionally, our
evaluation was conducted exclusively on English
datasets, limiting insights into UCD’s applicabil-
ity across other languages and cultural contexts.
Future work will address these limitations by ex-
panding experiments to diverse model architectures
and multilingual datasets, providing a more com-
prehensive understanding of UCD’s scalability and
generalizability.
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A Theoretical Analysis

This appendix provides theoretical justification for
the decomposition of cumulative energy and the
limiting behavior of the softmax distribution as a
function of temperature 7.

A.1 Proof of Theorem 1

Proof. We begin with the definition of cumulative
energy at timestep ¢:

1
Energy(z, 4;) = T'log Z exp < o] + t)

veY

Since /¢; is scalar and independent of v, we can
factor it out:

Energy(z;, ;)
Z exp (z,%v > )

:Tlog<exp< ) >
:T<§§+1ogvz€;exp<zt}v]>>

=l +Tlog ) exp (Z}M>

veY

We now analyze the second term. Define the soft-
max distribution:

exp(2[v]/T)
Zjev exp(z:[j]/T)

Then the entropy of p; is:

Zpt

veEY

pe(v) =

log pt

Substitute the expression for p;(v):

H(pt)
- _ v)lo expteol/ 1)
= Uezvpt( ) log <Zj€v exp(Zt[j]/T))
) wl] log ) _ exp(z[j]/T)
veY JeV
pt:(FU) z,[v] + log Z exp(z[j]/T)
veY Jev

Multiplying both sides by 7', we obtain:

TH(p:)
=Y pmlv] + Tlog Y exp(zij)/T)
veEY JEV

Rearranging:

TlogZeXp(zt[j]/T)

JjEV

= TH(pt) + Ep, [2]

Substituting into the original expression:
=TH(pt) + Ep, [z + 44
This completes the proof. O

Energy(zt, ft)

A.2 Effect of T on Probability Distribution

We analyze the behavior of the softmax distribu-
tion p;(v) under extreme values of the temperature
parameter 7.

Case: T — 0 (Deterministic Selection) Let
v* = arg max,cy z¢[v]. Then:

exp(zt[v]/T)
Zjev exp(zt[j]/T)
As T — 0, the denominator is dominated by the
largest logit:

> exp(alj]/T) = exp(zfv)/T)

jev

pi(v) =

Therefore:

pe(v) = exp <Zt[v];zt[v*]>

Taking the limit:

1, v=v*
lim =<7
T—0 P(v) = {0, otherwise

Thus, the softmax becomes a one-hot distribution
over the most probable token.

Case: T' — oo (Uniform Distribution) When
T is large, we use the first-order Taylor approxima-

tion:
2t [v]

T
Then the denominator becomes:

S exp(mli}/T) ~ V] + & Yl

JjeV JjeV

exp(z[v]/T) ~ 1+

The resulting probability is:

1 + Zt[v]
pe(v
t(v) ~ |V’+szevzt[]
Taking the limit:
Jim pi(v) = ik Yo eV

Thus, the softmax distribution converges to a uni-

form distribution over the vocabulary.
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Task

Prompt

Hallucination

You are a helpful, respectful, and honest assistant. Always answer as helpfully
as possible, while being safe. Your answers should not include any harmful,
unethical, racist, sexist, toxic, dangerous, or illegal content. Please ensure
that your responses are socially unbiased and positive in nature. If a question
does not make any sense, or is not factually coherent, explain why instead of
answering something incorrect. If you don’t know the answer to a question,
please don’t share false information. {Question}

Reasoning

You are a helpful assistant. Answer the question by walking through the
reasoning steps. {Question}

Domain Specific

You are a medical expert answering real-world biomedical questions. Based
on your understanding of basic and clinical science, medical knowledge, and
mechanisms underlying health, disease, patient care, and modes of therapy.

- Factoid
- List
- Yes/No

- Summary

List the fact or facts that answer the following question with detailed explanation.
{Question}

Write a list of entity names, numbers, or short expressions that answer the
following question. {Question}

Answer yes or no to the following question with detailed explanation.

{Question}
Answer the following question with a summary of the main points. {Question}

Table 7: Dataset Prompts

B Experiment Detail

B.1 Datasets

In this section, we provide a detailed description
of each dataset and its role in our experiments.

Hallucination Evaluation We employ the
Truthful QA dataset to assess the model’s ability
to generate truthful responses and mitigate misin-
formation. This dataset contains 816 test samples,
and it is specifically designed to evaluate how well
a model adheres to factual correctness in its gener-
ated outputs. No fine-tuning was performed on this
dataset, and it was solely used for inference.

Reasoning Tasks To comprehensively evaluate
reasoning capabilities, we consider a diverse set of
datasets, each targeting different aspects of reason-
ing. To ensure fairness, we selected 200 test sam-
ples from each reasoning dataset. These datasets
were used exclusively for inference, without any
fine-tuning on our model. GSM8K (GSM) serves
as a benchmark for mathematical word problems
designed to test arithmetic reasoning. SVAMP
(SVP) assesses systematic generalization in sim-
ple math problems by introducing variations in
question phrasing. MultiArith(MA) consists of
multi-step arithmetic problems that require multi-
hop numerical reasoning. MMLU(MM) evaluates
general knowledge reasoning across various disci-
plines. For commonsense reasoning, we include
Arc Challenge (Arc), which requires logical infer-
ence and world knowledge, and CommonsenseQA

(CS), which tests a model’s ability to infer unstated
relationships between concepts. StrategyQA (ST)
is designed to determine whether a multi-step rea-
soning process is necessary for answering a given
question. Additionally, we include two tasks from
the BIG benchmark: Date Understanding (Date),
which evaluates a model’s ability to understand
and reason about dates, and Sports Understand-
ing (SP), which assesses comprehension of sports-
related scenarios. Finally, we incorporate two sym-
bolic reasoning tasks: CoinFlip(CF), which re-
quires inference over probabilistic outcomes, and
Last Letter Concatenation (LLC), a simple task
where the model must concatenate the last letters
of words in a given input.

Domain-Specific Task For evaluating the model
in a specialized domain, we use the BioASQ
dataset, which focuses on biomedical question an-
swering. Unlike other datasets, BioASQ was used
both for fine-tuning and evaluation. The training
set consists of 4917 instances, while the validation
and test sets contain 20 and 310 instances, respec-
tively. Fine-tuning on BioASQ allows us to analyze
the adaptability of our approach to domain-specific
knowledge and terminology.

Overall, our dataset selection ensures a compre-
hensive evaluation of truthfulness, reasoning ca-
pabilities, and domain adaptation, allowing us to
systematically assess the strengths and weaknesses
of our method.
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Prompts For inference, we used the prompts
listed in Table 7. These prompts were specifically
designed to align with the tasks to ensure accurate
and contextually appropriate model responses. No-
tably, we also employed the same set of prompts
during the fine-tuning phase on the BioASQ dataset.
By maintaining consistency between fine-tuning
and inference, we ensured that the model learned
and responded with coherence, improving its per-
formance in biomedical question-answering tasks.

B.2 Training Details

For task-specific fine-tuning, we fine-tuned
LLaMA 2-7B on the BioASQ dataset. We
aligned the hyperparameter settings with prior re-
search (Shen et al., 2024) to ensure consistency.
We fine-tune LLaMA 2-7B using 4 A100 80G
GPUs. To reduce GPU memory usage, FlashAt-
tention (Dao, 2024) and DeepSpeed (Rasley et al.,
2020) are used. Full details are provided in Table 8.

Hyperparameter Configuration
Training Data BioASQ
Training Epoch 2

Batch Size 128

Max Length 2048

Gradient Accumulation Steps 16

Learning Rate 2e-5

Weight Decay 0

Warmup Ratio 0.04

AdamW Sy, By 0.9, 0.999

Table 8: Hyperparameter settings used for fine-tuning.

B.3 Evaluation Metrics

For multiple-choice task TruthfulQA, we use three
evaluation metrics (Lin et al.). MC1 checks
whether the highest probability is assigned to the
best answer. MC2 measures how much probabil-
ity mass is allocated to correct answers compared
to incorrect ones. MC3 ensures that every correct
answer is ranked above all incorrect options.

For mathematical reasoning tasks, following
prior work (Shen et al., 2024; Fei et al., 2024), we
extract final numerical answers directly from gen-
erated solutions. For the commonsense reasoning
tasks in Table 3, we adopt the evaluation method
introduced in (Fei et al., 2024) and use GPT-4 for
automatic scoring. The evaluation prompt used for
GPT-4 assessment is provided in Table 9.

For the BioASQ dataset, we follow the eval-
uation guidelines and prior work for each data

Evaluation Prompt

Please evaluate whether the model’s answer is
correct given the question and the gold answer.

{Question}
{Model_answer}
{Gold_answer}

Determine the correctness of the model’s answer
based on whether the final answer is equivalent
to the gold answer. Do not evaluate the interme-
diate steps or the rationale in the model’s answer.
Now, please output your scores and a short ra-
tionale below in JSON format by filling in the
placeholders:

{Output Format}

Table 9: Evaluation prompt used by GPT-4 for reasoning
tasks, assessing answer correctness based on final output
equivalence to the gold answer.

type (BioASQ Organizers, 2024; Shen et al., 2024).
Factoid questions require generating a specific en-
tity (e.g., disease, drug, or gene) and are evaluated
using Strict Accuracy (SAcc.). List questions ex-
pect multiple entities and are scored with F1. Sum-
mary responses are long-form and assessed using
ROUGE-2 for textual overlap. Yes/No questions
are binary classification tasks, evaluated with accu-
racy.

C TruthfulQA Experiment

C.1 Experiment Details

To evaluate our method in the open-ended gener-
ation setting of the TruthfulQA benchmark, we
adopted the re-evaluation framework proposed in
the original Truthful QA paper (Lin et al.). Since
the original GPT-judge and GPT-info models are
no longer publicly available, we employed an al-
ternative open-source tool provided by the Truth-
fulQA re-evaluation repository'. This tool retrains
a judge model based on LLaMA (7B and 13B) and
groups responses by question for more robust evalu-
ation. The final judge model was trained on the full
dataset to assess response quality across multiple
dimensions. We evaluate generation performance
using the following four metrics:

* Truthful (%): Percentage of responses rated
factually correct.

"https://github.com/yizhongw/truthfulga_reeval
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* Informative (%): Percentage of responses
that provide meaningful information.

e Truth * Info (%): Percentage of responses
that are both truthful and informative.

* Reject (%): Truthful responses that lack infor-
mativeness (i.e., evasive or generic responses).

C.2 Experiment Results

UCD demonstrates strong performance across all
metrics. While the 7B-Chat model achieves the
highest truthfulness rate, UCD matches this perfor-
mance while also significantly improving informa-
tiveness. As a result, UCD achieves the highest
Truth * Info score (85.07%) and the lowest Reject
rate (5.02%), indicating its effectiveness in generat-
ing both accurate and meaningful responses while
minimizing evasive outputs.

Model %Truth 1t %InfoT %T*I1 %Reject]
7B-Chat 90.09 89.23 79.44 10.65
13B-Chat 86.29 90.21 76.50 9.79
UCD (7B + 13B) 90.09 94.86 85.07 5.02
Table 10: Truthful QA Generation Results. UCD

achieves the best overall performance across all evalua-
tion metrics.

C.3 Decoding Time Comparison

Model Time (sec) # of Tokens Avg. Time per Token
70B-Chat 11.48 101 0.1137
CD 23.30 256 0.0910
UCD 8.63 115 0.0751

Table 11: Decoding efficiency across models within a
single-column layout. CD and UCD use a combination
of 13B-Chat and 7B-Chat models.

To assess the computational efficiency of our
method, we analyze decoding time performance
in Table 11. UCD achieves an average decoding
time of 0.0751 seconds per token using 13B-Chat
and 7B-Chat models on a single GPU, outperform-
ing both CD (0.0910s/token) with the same model
pair and the 70B-Chat model (0.1137s/token) run-
ning on two GPUs. These results demonstrate that
UCD provides an efficient alternative to large-scale
single-model decoding while maintaining superior
performance, highlighting its practical scalability
advantages.

D Qualitative Analysis

We present an additional qualitative analysis ex-
ample to demonstrate the effectiveness of our ap-
proach on a reasoning benchmark. In this instance,
we applied the UCD method with three models
and evaluated its ability to determine the correct
answer. As shown in Table 12, while other models
failed to identify the correct answer, UCD success-
fully distinguished between pathways intended for
transportation and those that are not, accurately
aligning with the ground truth. This result high-
lights the robustness of UCD in reasoning-based
tasks, reinforcing its effectiveness in enhancing fac-
tual accuracy and ensuring constraint satisfaction
in complex decision-making scenarios.
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Question

Which is NOT a pathway for transportation? A. radio tower B. road C. runway D. pipeline
Ground Truth

A. radio tower

Model Responses

7B-Base: A. radio tower B. road C. runway D. pipeline A_model: E. sewer F. water tower G. railroad [...]
dam Q. river R. road S. bridge T. tunnel U. highway V. road W. canal X. dam Y. road Z. bridge Answer:
The correct answer is “D”.

7B-Chat: To determine which option is NOT a pathway for transportation, we need to evaluate each
option based on its characteristics. [...] D. Pipeline: A pipeline is a pathway for transporting fluids, such
as oil, gas, and water, from one place to another. While a pipeline can be used for transportation, it is not
a pathway for transporting people or goods, as it is not designed for that purpose. Therefore, option D is
NOT a pathway for transportation. In conclusion, the correct answer is option D, pipeline.

13B-Base: A runway is a pathway for transportation, but it is not a pathway for transportation of goods or
people.[...] A. radio tower B. road C. runway D. pipeline Answer: The correct answer is C.runway. [...]

Proxy Tuning: To determine which option is NOT a pathway for transportation, we need to evaluate
each option based on its characteristics. Here are the reasoning steps: A. Radio tower: A radio tower is
a structure used for broadcasting radio waves, not for transportation. It is not a pathway for people or
vehicles to move along, so option A is the correct answer. B. Road: A road is a pathway for transportation,
designed for vehicles such as cars, buses, and trucks to move along. Therefore, option B is incorrect. C.
Runway: A runway is a pathway for aircraft to take off and land, so it is a pathway for transportation.
Therefore, option C is incorrect. D. Pipeline: A pipeline is a pathway for transporting fluids or gases, such
as oil or natural gas, from one location to another. While a pipeline can be used for transportation, it is
not a pathway for people or vehicles to move along, so option D is the correct answer. In conclusion, the
correct answer is option D: pipeline.

UCD: To answer this question, we need to identify the pathway for transportation and determine which
option is not a pathway for transportation. Let’s go through the options: A. Radio tower: A radio tower
is a structure used to transmit and receive radio waves, but it is not a pathway for transportation. It is a
structure used for communication purposes, not for transporting people or goods. Therefore, option A
is the correct answer. B. Road: A road is a pathway for transportation, specifically for vehicles such as
cars, trucks, and buses. It is a physical structure designed for the movement of people and goods from one
place to another. Therefore, option B is incorrect. C. Runway: A runway is a pathway for transportation,
specifically for aircraft. It is a long, flat surface used for takeoff and landing of airplanes. Therefore, option
C is incorrect. D. Pipeline: A pipeline is a pathway for transportation, specifically for liquids and gases. It
is a system of pipes used to transport fluids from one place to another. Therefore, option D is incorrect. In
conclusion, the correct answer is option A, radio tower, as it is not a pathway for transportation.

Table 12: Comparison of model responses on the Arc Challenge dataset using LLaMA2-7B-Base, LLaMA2-7B-
Chat and LLaMA2-13B-Base. Only UCD correctly identifies the answer, while other models fail to identifies the
reasoning answer.
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