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Abstract

Retrieval-Augmented Generation (RAG) enhances the qual-
ity of question answering by integrating external knowledge
with internal knowledge. A robust RAG system needs to pre-
cisely regulate the dependence of the response on the two
types of knowledge. The recently proposed context-aware
contrastive decoding (CCD) method attempts to achieve this
goal by adjusting the knowledge reference weights by com-
paring the output distribution differences of LLMS when they
rely on different knowledge sources. However, these meth-
ods are based on probabilistic knowledge reference adjust-
ment strategies (such as the highest probability or entropy),
only focus on the relative confidence of the output responses
at each decoding step, without considering the absolute con-
fidence of the responses, which may lead to misjudgment
of the external knowledge and internal knowledge reference
degree in the decoding process. To this end, we propose a
novel decoding method, Evidence-guided Contrastive Decod-
ing (ECD), which conducts evidence modeling by construct-
ing the Dirichlet distribution and regards logits as evidence
vectors, so as to regulate the reference degree of internal and
external knowledge more accurately, and finally improve the
quality of generated responses. Extensive evaluations across
four public benchmark datasets on three mainstream LLMs
have demonstrated the effectiveness and advantages of ECD.

Introduction

With the rapid development of large language models
(LLMs), retrieval-augmented generation (RAG) has played
an important role in various fields. It can effectively integrate
external knowledge and parametric knowledge to enhance
the accuracy and trustworthiness of LLMs in knowledge-
intensive tasks. However, affected by the unavailable context
and potential knowledge conflicts, how to effectively lever-
age the two distinct sources of knowledge to maximize per-
formance of LLMs has become a major challenge.

For this problem, recent context-aware contrastive decod-
ing (CCD) provides a training-free solution and inspires
many subsequent works. Early research such as CAD (Shi
et al. 2024) makes response generation promote greater at-
tention to external knowledge rather than parameter knowl-
edge by directly magnifying the retrieved context influence
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in the decoding step. COIECD (Yuan et al. 2024) catego-
rizes instances into high and low conflict based on a com-
plex information entropy constraint governed by tuned hy-
perparameters, and employs different decoding strategies for
each. Given that the retrieved context information cannot
be used as the gold reference, which may contain query-
irrelevant noise, some recent studies attempt to adaptively
weight the contrastive contextual influence on the paramet-
ric knowledge. For example, MICD (Zhao et al. 2024) com-
bines adversarial independent negative samples and esti-
mates LLM confidence by computing the highest probabil-
ity from the normalized predicted token probabilities at each
step, thus effectively balancing the two knowledge sources.
ACD (Kim et al. 2024b) and DVD (Jin et al. 2024) use en-
tropy to measure context relevance and dynamically adjust
the weights of the context to adapt to the noisy context en-
vironment. CDA (Kim et al. 2024a) further introduces the
abstention mechanism, allowing the model to choose not to
answer when lacking relevant knowledge. These methods
provide a new perspective for the application of contrastive
decoding (CD) in the RAG system.

However, such methods typically rely on the probabilis-
tic knowledge reference adjustment strategy (such as high-
est probability or entropy) in the decoding process, requir-
ing confidence estimation of all possible candidate tokens
for the next token. Due to the normalization of the proba-
bility distribution, this confidence estimate can only express
“who is more likely to be correct”, but not “how strong is the
evidence supporting that the option is correct”, which may
lead to misjudgment in the knowledge reference adjustment
strategy. Specifically, as shown in Figure 1(a), for the prob-
ability distribution of the output generated by RAG using
highly relevant knowledge, CCD will increase the weight of
its influence on the final probability distribution, otherwise
it will decrease. When the answer is clear in the candidate
tokens (Figure 1(a) I), its probability distribution shows a
sharper density, so that the probabilistic uncertainty (such as
entropy) will be low, and CCD will favor such knowledge
at the current decoding step. When clear answers are lack-
ing, the probability distribution will be flatter (Figure 1(a)
IT) and its uncertainty will be higher. At this point, CCD
will reduce the reference degree to this knowledge source. In
this case, the probabilistic knowledge reference adjustment
strategy is reasonable. However, if there are multiple correct



candidate tokens, the probability distribution also tends to be
flat (Figure 1(a) III), and the probabilistic knowledge refer-
ence adjustment strategy will produce misjudgment and re-
duce attention to this knowledge source. This misjudgment
also occurs in situations where knowledge is outdated. That
is, even if the answer is wrong, there will still be a sharp
probability distribution, which leads to excessive attention
to it (Figure 1(a) IV). Therefore, it is necessary to explore
a more effective CCD method to adjust the reference degree
of internal and external knowledge more accurately, thereby
improving the quality and reliability of the responses gener-
ated by the model.

In this paper, we propose a novel decoding method,
Evidence-guided Contrastive Decoding (ECD), which can
more accurately balance the influence of internal and exter-
nal knowledge on model prediction during the contrastive
decoding process and effectively avoid the misjudgment of
the knowledge reference adjustment strategy. Instead of cal-
culating the entropy of the next token, ECD treats logits as
parameters of the Dirichlet distribution for evidence model-
ing to represent uncertainty, which can represent both rela-
tive confidence and absolute confidence, so as to correctly
guide the model to pay attention to the degree of two kinds
of knowledge and improve the reliability of the model re-
sponse. To verify the effectiveness of ECD, we conduct ex-
periments on mainstream benchmark datasets such as Trivi-
aQA, NQ, PopQA and HotpotQA. The experimental results
show that ECD outperforms other baselines in improving the
overall performance and can maintain good performance in
different quality retrieval scenarios.

Our contributions can be summarized as follows:

* We propose Evidence-guided Contrastive Decoding
(ECD), a novel decoding method for RAG that more ac-
curately regulates the influence of internal and external
knowledge during the decoding process, thereby improv-
ing the quality and reliability of the generated responses.

ECD constructs a Dirichlet distribution based on logits
for evidence modeling, which captures both relative and
absolute confidence of the model’s predictions. This en-
ables a more nuanced understanding of the model’s con-
fidence in its predictions, which is crucial for making in-
formed decisions in RAG.

Extensive experiments on multiple knowledge-intensive
benchmark datasets show that the proposed ECD
achieves superior performance over the existing CCD-
based methods, demonstrating its superiority.

Related Work
Retrieval-Augmented Generation

Despite significant progress, LLMs still face challenges such
as outdated knowledge and hallucinations (Jiang et al. 2024).
RAG overcomes the inherent limitations of model parame-
terized knowledge by integrating retrievable external knowl-
edge, which as non-parametric memory and easily updat-
able, accommodates extensive long-tail knowledge, signif-
icantly improving response quality and reducing hallucina-
tions, especially in knowledge-intensive tasks (Lewis et al.
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2020; Asai et al. 2023). The naive RAG consists of two core
stages: retrieval and generation. The workflow is that, given
an input query, the retriever is responsible for identifying
and retrieving relevant information from the data source, and
then interacting the retrieved information with the generator
to optimize the generation process. Many studies (Sui et al.
2024; Fan et al. 2024) have analyzed and improved these two
stages respectively, while we mainly focus on the contrastive
decoding (Li et al. 2022) method of the generation stage,
which is a lightweight method without training and without
inserting additional components, aiming to enable the LLMs
to effectively utilize context and parameter knowledge.

Context-Aware Contrastive Decoding

In the field of text generation, contrastive decoding has at-
tracted much attention. Its key advantage lies in being able
to steer the model in the desired direction by contrasting
different output distributions. Liu et al. (2021) introduced
a group of “experts” and an “anti-expert” to guide the gener-
ation process, keeping it away from bad attributes. Later, Li
et al. (2022) by maximizing the difference in log probabil-
ities between expert and amateur models to enhance open-
ended text generation. Recently, inspired by context-aware
contrastive decoding (Shi et al. 2024), many studies (Qiu
et al. 2024; Kim et al. 2024b) have been dedicated to en-
abling the model to effectively leverage parameter knowl-
edge and context knowledge during the decoding process.
The core idea is to evaluate the contributions of the two types
of knowledge by using probabilistic uncertainty quantifica-
tion methods such as entropy, and then introduce control-
lable weights to control the influence of different knowledge
on output distributions. We continue this research direction,
but abandon the existing probabilistic knowledge reference
adjustment strategy and instead construct a contrastive de-
coding method through evidence modeling.

Methodology

In this section, we introduce a novel contrastive decoding
method ECD, which accurately regulates parameters and
context knowledge dependence through evidence modeling.
First, we describe the advantages of evidence modeling in
capturing uncertainty and how to construct evidence mod-
eling suitable for CCD. Further, we will elaborate on the
specific process of evidence-guided contrastive decoding.

Problem Formulation

At present, an auto-regressive LLM generates the sequence
y token-by-token. At decoding time step ¢, LLM 6 calculates
logits z; € RIVI for next token y; based on the query = and
the generated historical sequence y<; = {y1, Y2, .-, Yt—1}>
where V' is the vocabulary. The normalized probability dis-
tribution of the ¢-th token is calculated as follows:

(D

In the decoding stage, existing LLMs provide multiple
strategies to select the next token y; ~ pg (yi | T, y<¢) op-
timally based on the probability distribution. This iterative
process continues until the generated sequence triggers the

po (Yt | 2, y<t) = softmax (z;)
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(a) Example of knowledge reference adjustment strategy (b) The overall process of Evidence-guided Contrastive Decoding (ECD) in LLM outputs

Figure 1: Overview of our ECD. Figure 1(a) shows an example of the knowledge reference adjustment strategy for the existing
CCD method, which in some cases (II, IV) are not accurate. Figure 1(b) shows the overall process of ECD in LLM outputs.

termination marker or meets the preset stop criteria. Based
on this mechanism, the output can be effectively controlled
by adjusting the probability distribution of the next token
during the decoding process.

Evidence Modeling via Logits

As shown in the example of Figure 1(a) III and Figure 1(a)
IV, in the decoding stage of the CCD, estimating the un-
certainty of the LLM through the probability distribution of
candidate tokens at each decoding step is not always reliable.
Multiple correct candidate tokens or outdated knowledge
may both lead to misjudgment of the probabilistic knowl-
edge reference adjustment strategy. In this work, we employ
a more accurate uncertainty estimation method to guide the
knowledge reference during the CCD process.

Recent Evidential Deep Learning (EDL) theory (Ulmer,
Hardmeier, and Frellsen 2021; Ma et al. 2025) indicates that
logits can be regarded as the evidence strength information
accumulated by LLMs during the training process, and used
this as parameters to construct the Dirichlet distribution for
evidence modeling, so as to decouple the uncertainty into to-
kens relative aleatoric uncertainty (AU) and model inherent
epistemic uncertainty (EU). Inspired by this, we construct
a novel contrastive decoding method based on uncertainty
estimation guided by evidence modeling. First, we use log-
its as parameters of the Dirichlet distribution for evidence
modeling. Specifically, all non-negative logits are regarded
as valid evidence, while negative values are considered as
no evidence. The higher the strength of the evidence, the
more frequently the model is exposed to similar scenarios
during the pre-training or fine-tuning stage, so logits can ef-
fectively reflect the absolute confidence level of candidate
tokens. Therefore, we select the logits of tokens with the

top-K largest logits as concentration parameters (evidence
vector) @ = {aq, ..., Q, ..., ax } of the Dirichlet distribu-
tion, and most candidate tokens with extremely low logits
are discarded as noise:

Dirichlet(e), @ = sortgesc(ReLU(z:))[1: K]. (2)

Here, we set logits with negative values to no evidence by
applying the activation function ReLU.

Evidence-guided Contrastive Decoding

Uncertainty Estimation by Evidence. In fact, the proba-
bility distribution only captures the relative confidence of the
LLMs in predicting the next token. For example, the logits
vectors [10, 8, 5] and [82, 80, 77] have the same probabil-
ity distribution [0.8756, 0.1185, 0.0059] when mapped by
the softmax function, but according to EDL theory (Ulmer,
Hardmeier, and Frellsen 2021), the evidence strength infor-
mation contained in the two is actually different. The higher
evidence (logits) indicates a higher absolute confidence in
the prediction result, and the corresponding answer is also
more likely to be the correct one. Therefore, knowledge with
low relative confidence but high evidence strength informa-
tion (such as Figure 1(a) III) should not be ignored in the
contrastive decoding process. This indicates that uncertainty
estimation needs to take into account not only the relative
confidence of candidate tokens but also the absolute confi-
dence of the candidate tokens. In order to solve this limita-
tion, this work estimate the AU and EU respectively based
on Dirichlet framework. Figure 2 shows the logits distribu-
tion under pairwise uncertainty condition combinations.
Aleatoric Uncertainty (Relative Confidence). The mea-
surement of relative confidence is based on the expected en-
tropy of the data distribution, which represents the “diver-
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Figure 2: Illustration of logits distribution cases under dif-
ferent epistemic and aleatoric uncertainty conditions.
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gence degree” of the model’s prediction distribution for the
next token. As the entropy captures the “peakiness” of the
output distribution, a lower entropy (low AU) indicates that
the model is concentrating most probability mass on a sin-
gle class, while high entropy (high AU) represents a more
uniform distribution, indicating that the model has less rel-
ative confidence in its predictions. For Dirichlet networks,
this quantity has a closed-form solution (Ulmer, Hardmeier,
and Frellsen 2021):

Q

k

(W (ar+1) =9 (as+1)) (3

Q

S

K
AUyt, (a) = - Z
k

1

where o, € o, ag = Zkl,{:l ay, is the total evidence, and v
denotes the digamma function defined as - log I'(z).
Epistemic Uncertainty (Absolute Confidence). EU
measures the “knowledge depth” of the candidate tokens.
Its underlying intuition is that larger evidence produces a
sharper density, which indicates increased absolute confi-
dence in a prediction. The calculation of EU is based on the
total evidence of the Dirichlet distribution. The stronger the
total evidence is, the higher the absolute confidence of the
candidate tokens will be. The definition of EU is as follows:

EUy, (o) = K/ > (ap +1). 4
k=1

To integrate the uncertainty of the two dimensions, we
combine AU and EU to represent the overall uncertainty. Its
definition is as follows:

Knowledge Reference adjustment strategy of ECD.
Since the quality of retrieval context in different RAG sce-
narios is difficult to guarantee, a robust CCD method needs
to effectively control the preference for internal and exter-
nal knowledge. At decoding step ¢, we distinguish between
the logits distribution with parameter knowledge z} and the
logits distribution with context knowledge zg:

zy = logity (y | z,y%,) (6)

zy = logity (yi | ¢, z,y<,) (7
where the main difference between the latter and the former
is that the retrieval context is incorporated into the input of
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the LLM. The evidence vectors corresponding to z. and z§
are denoted as o and of respectively. Moreover, the gen-
erated historical sequence and the token at the ¢-th decod-
ing step of the two cases are denoted as y~,, y; and y<,,
y¢ respectively. The probability distribution is modified by
weighted adjustment based on the difference between z} and
z¢. Equation (1) becomes:

Po (Yt | ©,y<t) = softmax (2] + wrep (zf —2t)), (8)

where wgop is a weight hyperparameter that controls the
knowledge reference between parameters and context.

The basic motivation for the tunable weight wgcp is that
when the context makes no substantial contribution to solv-
ing the problem (increasing uncertainty), a lower weight
should be assigned. Conversely, when the context can ef-
fectively assist in problem-solving (reducing uncertainty), a
higher weight will be assigned. From Equation (5), the un-
certainty estimation of decoding based on parameter knowl-
edge and context knowledge at ¢-th step can be denoted as
OUyg and OUyec. Therefore, we set wpcp as follows:

PEED T 0T, (@) + OUye ()

€))

As the decoding steps proceed, the weight wgcop contin-
uously optimizes the probability distribution through dy-
namic adjustment, and the candidate token with the highest
probability will be selected as the next token. This process
is lightweight and automated, and the optimal decision can
be made without human intervention.

Experiments
Experiment Setup

Datasets and Metrics. We conduct experiments on mul-
tiple open-domain QA datasets (Chen et al. 2017), in-
cluding TriviaQA (Joshi et al. 2017), Natural Questions
(Kwiatkowski et al. 2019), PopQA (Mallen et al. 2022) and
HotpotQA (Yang et al. 2018).

TriviaQA comprises trivia questions sourced from the
web, we sample 1K instances from the TriviaQA Wiki vali-
dation set for experiments. NQ consists of questions derived
from actual Google search queries, and we test on 3231 in-
stances from the NQ validation set. PopQA is a novel entity-
centric open-domain QA dataset including long-tail knowl-
edge often overlooked in other popular QA datasets, and we
choose 1.6K instances from the PopQA test set. HotpotQA
is a QA dataset that requires multi-hop reasoning, where the
model needs to find and combine information from multiple
sources to answer complex questions. We use the entire de-
velopment set of HotpotQA, consisting of 7.4K instances.
Additionally, we evaluate on knowledge conflict dataset,
NQ-SWAP (Longpre et al. 2021), which is based on the NQ
dataset and consists of synthetic conflicting data. Following
previous work (Kim et al. 2024b), we use the Exact Match
(EM) for evaluating the QA performance of LLMs.

Baselines. To verify the performance of ECD, we se-
lected multiple baselines for comparison. First, we select the



Model | Method | TriviaQAT | NQT | PopQAt1 | HotpotQAT | Average T
Regopn 60.21 44.14 37.85 37.91 45.03
Regcis 58.35 35.87 26.65 30.26 37.78
CAD 56.82 43.38 33.74 32.18 41.53
LLaMA-2-7B-Chat COIECD 59.63 36.56 40.82 39.25 44.07
DVDpyn 61.45 45.67 43.37 40.68 47.79
ACD 63.32 45.31 41.92 41.52 48.02
CDA 62.19 44.45 39.61 39.31 46.39
ECD 65.26 47.78 42.93 43.38 49.84
Regopn 63.22 46.33 39.95 38.29 46.95
Regcis 61.48 37.71 30.24 31.63 40.57
CAD 60.73 45.85 35.48 34.51 44.14
LLaMA-2-13B-Chat | COIECD 62.59 46.32 40.83 40.55 47.57
DVDpyn 65.35 47.32 42.03 40.92 48.91
ACD 66.51 47.18 42.72 43.02 49.86
CDA 65.27 45.29 40.35 41.27 48.05
ECD 68.78 49.52 44.08 42.91 51.32
Regopn 62.49 45.24 40.03 41.29 47.26
Regcis 61.56 36.54 30.36 35.94 41.10
CAD 60.42 43.27 35.27 39.69 44.66
LLaMA-3-8B-Instruct | COIECD 62.11 45.36 40.16 41.67 47.33
DVDpy, 66.23 46.67 41.57 43.86 49.58
ACD 66.12 46.28 42.05 43.29 49.44
CDA 63.28 44.36 40.62 41.05 47.33
ECD 67.89 48.86 43.59 47.23 51.89

Table 1: Experimental results of different methods on four datasets. The experiments were conducted respectively on three
LLMs with different scales. For each dataset, the best method is highlighted in bold, and the second-best method is underlined.

regular decoding with greedy decoding as the fundamen-
tal baselines and set two situations: open book (Regopn)
and closed book (Regc;s). Furthermore, we compare our
method against existing CCD-based methods, including
Context Aware Decoding (CAD) (Shi et al. 2024), Contex-
tual Information-Entropy Constraint Decoding (COIECD)
(Yuan et al. 2024), Dynamic Contrastive Decoding (DVD)
(Jin et al. 2024), Adaptive Contrastive Decoding (ACD)
(Kim et al. 2024b) and Contrastive Decoding with Absten-
tion (CDA) (Kim et al. 2024a). It is worth noting that we
adopt the best hyperparameter for the previous work. For
CAD, we set « = 1, and for the COIECD, the values of
A and « are set to 0.25 and 1. For DVD, we consider the
dynamic weight variation and denote it as DVD p,,.

Models. Our experiments evaluate the performance of
ECD on three different scales of popular open source LLMs,
LLaMA-2-7B-Chat, LLaMA-2-13B-Chat (Touvron et al.
2023) and LLaMA-3-8B-Instruct (Grattafiori et al. 2024).
Specifically, we utilize Contriever-MSMARCO (Izacard
et al. 2021) as a retriever, and the top-1 context is retrieved
from the Wikipedia contexts L Additionally, the TriviaQA,
NQ and HotpotQA datasets all provide gold contexts, which
we employ to measure the theoretical upper bound of our
proposed decoding method. All experiments are conducted
on a single NVIDIA A100 GPU.

'We utilize the Wikipedia dump from 2018.
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Experimental Results and Analyses

Main Result. Table 1 presents the performance compari-
son of our proposed method with various CCD-based base-
line methods on four public benchmark datasets, from which
we can draw the following conclusions. Employing regular
decoding within an open-book setting consistently outper-
forms the closed-book setting across most models. Since the
Regcs only relies on parameter knowledge to answer ques-
tions, the performance deficiency is more obvious on the
PopQA dataset that focuses on long-tail knowledge. This
inclination suggests that non-parametric knowledge is im-
portant for LLMs to complete knowledge-intensive tasks.
In contrast, CAD emphasizes the focus on external knowl-
edge, and its performance is also not ideal because the re-
trieved documents are not always gold contexts. Notably,
CCD-based methods with dynamic weight adjustment, such
as ACD, DVDp,,, CDA, and the ECD we proposed, out-
perform Regp,,, and Regc;s in almost all settings, indicat-
ing that compared with static retrieval of external documents
or direct decoding relying solely on parameter knowledge,
the contrastive decoding method that flexibly utilizes inter-
nal and external knowledge can more effectively improve
the quality of generated answers. By comparing ECD with
DVDp,, and ACD, we can observe the performance dif-
ferences between the evidence-based contrastive decoding
method and the entropy-based contrastive decoding method.
Overall, ECD performs better on most datasets compared to



Method | TriviaQA | NQ | HotpotQA

Gold Contexts
Regopn 84.25 62.52 51.45
CAD 73.27 57.83 41.42
COIECD 81.48 59.87 45.62
DVDpyn, 84.64 61.92 49.26
ACD 84.38 62.04 48.37
CDA 83.21 62.11 47.52
ECD 85.36 62.20 50.82

Noisy Contexts
Regopn 37.55 22.42 25.54
CAD 25.73 24.53 32.26
COIECD 30.81 39.67 35.46
DVDpyn, 55.72 41.61 38.44
ACD 56.38 4291 37.69
CDA 52.31 42.42 36.55
ECD 62.30 45.20 40.82

Table 2: Experimental results of different CCD methods on
the TriviaQA, NQ and HotpotQA datasets using LLaMA-3-
8B-Instruct when providing Gold and Noisy contexts.

DVDpy, and ACD, especially in the LAMa-3-8B-instruct,
where its average performance on the four datasets Triv-
1aQA, NQ, PopQA and HotpotQA is about 4.7% higher
than the second-best method. Under the same conditions,
compared with CDA, its average performance improvement
reaches 9.6%. These findings confirm that the proposed
ECD method can more effectively control knowledge de-
pendence to utilize parameter knowledge and contexts for
high-quality generation.

Performance in Different Quality Retrieval Scenarios.
To verify that ECD can guide the knowledge reference in the
decoding process more accurately, we analyzed the perfor-
mance in three different quality retrieval scenarios. Specifi-
cally, in the experiment in Table 1, we retrieve the Wikipedia
and select the top-1 relevant document as the context for
performance evaluation to simulate the real RAG scenar-
i0s. For comparison, we consider the retrieved 10-th ranked
document as an irrelevant noisy context, simulating the low-
quality retrieval scenario. In addition, we use the gold con-
texts provided by the NQ, TriviaQA, and HotpotQA datasets
as relevant contexts (PopQA does not provide gold contexts)
to simulate the high-quality retrieval scenario. Here, we ex-
clude the conflicting context from the noisy context and dis-
cuss it in the next section. The noisy context refers to the
context that is irrelevant to the query. Methods that can guide
knowledge reference more accurately should demonstrate
better performance in various quality retrieval scenarios.
Since the change of context does not affect the perfor-
mance of Rege;s, we only present the results of other meth-
ods here. The experimental results in high and low quality
retrieval quality scenarios are shown in Table 2, while the
performance in real retrieval scenarios is presented in Ta-
ble 1. It can be seen that Regp,,, significantly outperforms
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Figure 3: Performance evaluation of different CCD methods
on knowledge conflict datasets NQ-SWAP.

other baseline methods with gold context, but its perfor-
mance is poor in low-quality retrieval scenarios. This con-
firms that the retrieval quality does indeed significantly af-
fect the quality of the responses generated by RAG. In con-
trast, ECD performs well in different quality retrieval sce-
narios. Specifically, ECD performs well enough to be com-
parable to Regp,,,in the high-quality retrieval scenario. For
example, on the TriviaQA dataset, ECD is 1.3% higher than
Regopn, while on the NQ and PopQA, it is only 0.5% and
1.2% lower than Rego,,, respectively. In low-quality re-
trieval scenarios, ECD is significantly superior to other base-
line methods which outperforming the suboptimal method
by 10.5%, 5.3%, and 6.2% on the three datasets, respec-
tively. It can be seen that ECD can guide the knowledge
reference during contrastive decoding more accurately.

Knowledge Conflict Analyses. As highlighted in the pre-
vious section, tasks reliant on knowledge typically draw
from two knowledge sources: parametric knowledge within
the LLMs and non-parametric knowledge obtained through
retrieval during inference. The issue of knowledge conflicts,
wherein the non-parametric knowledge contradicts the para-
metric knowledge, is worthy of in-depth exploration.

In order to evaluate the ability of ECD to handle knowl-
edge conflicts, we evaluate on NQ-SWAP (Longpre et al.
2021) which introduces synthetic conflicts by substituting
entities in the gold document with alternate entities to chal-
lenge the model’s ability to manage conflicting informa-
tion. We utilize the questions and entity-swapped contexts
provided in (Hong et al. 2024), which includes 3,650 sam-
ples. In this setting, NQ-SWAP evaluates whether LLM pro-
duces the substituted entity as the answer when provided
with the question and the modified context, disregarding its



pre-learned parametric answer. The performance results on
NQ-SWAP are shown in Figure 3, where we find that CAD
specifically designed for high knowledge conflict scenar-
ios exhibits better performance than other methods, but this
ability compromises its ability in low knowledge conflict
scenarios (as shown in Table 1). It is worth noting that, due
to the task requiring the model to generate the replaced enti-
ties, all models demonstrated poor performance in the regu-
lar closed-book setting. However, the ECD method we pro-
posed effectively achieves performance balance in scenarios
with both high and low knowledge conflicts. As shown in
Figure 3, the performance of ECD on the two LLMs con-
sistently exceeds that of other contrastive decoding methods
except CAD and achieves results comparable to open-book
regular decoding. The comparison results emphasize the ef-
fectiveness of the ECD in resolving knowledge conflicts.

wgep | TriviaQA | NQ | PopQA | HotpotQA
LLaMA-3-8B-Instruct

00 | 6156 |36.54| 3036 | 3594
02 | 6195 |3826| 33.84 | 37.19
04 | 6263 |4241| 3841 | 4037
0.6 | 6140 | 4459 | 4273 | 42.86
0.8 62.03 | 44.85 | 4007 | 4155
10 | 6249 |4524 | 4003 | 4129
ECD | 67.89 | 48.86| 43.59 | 47.23

Table 3: Experimental results for ablation studies of wgcp.

Ablation Studies of wrpcp. To evaluate the impact of
wgcp on performance, we fix the value of wgcp within
arange [0, 1] and examine whether employing ECD is more
effective than optimizing a fixed weight. The retrieval sce-
nario of this experiment is consistent with that in Table 1.
The experimental results are shown in Table 3, starting from
wgcop = 0, increasing the value of wgcp makes the out-
put distribution more influenced by contextual information.
With wgep = 0 and wgep = 1, the ECD degenerates to
Regcis and Regoy,y,, respectively. We observe that increas-
ing the value of wgcp improves the EM score to some ex-
tent compared to Regcys, but the performance with fixed
wgcop values is consistently inferior to that of the ECD
method employing dynamic weight adjustment. This indi-
cates that in scenarios with potential noisy context, a fixed
wgcp may not ensure optimal performance. Therefore, it
is necessary to enable the contrastive decoding process to
dynamically adjust its dependence on parameter knowledge
and context knowledge during inference.

Ablation Studies of . Since the number of candidate to-
kens generated by an LLM is significantly large (depending
on the size of the vocabulary), with a considerable propor-
tion of tokens having extremely low logits, ECD focuses on
the distribution of the main candidate tokens with the top- K
largest logits. To evaluate the impact of parameter K (dif-
ferent numbers of candidate tokens) on the performance of
ECD, we set different K for ablation experiments. The re-
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Figure 4: Performance evaluation (EM score) across K val-
ues ranges from 1 to 50.

sults are shown in Figure 4 which presents the performance
evaluation with K values ranging from 1 to 50 for different
models on four datasets. It can be seen that for all models
and datasets, the EM score increases rapidly as K increases
from 1 to around 25. For example, on TriviaQA, the EM
score increases from about 57 at K =1 to approximately 65
at K = 25 on LLaMA-2-7B-Chat. Similarly, the EM score
on NQ increases from around 43 at K =1 to nearly 49 at K =
25 on LLaMA-2-13B-Chat. After K = 25, although there is
still some improvement in EM score as K increases further,
the rate of improvement slows down significantly. For in-
stance, on PopQA, the EM score increases from roughly 43
at I =25 to about 44 at i = 50 on LLaMA-3-8B-instruct.
This pattern is consistent across all models and datasets.
Therefore, considering the trade-off between performance
gain and computational cost, we conclude that setting K =
25 is sufficient for achieving a good balance between per-
formance and efficiency. All other experiments in this paper
uniformly adopt K =25 as the standard configuration.

Conclusion

In this paper, we propose ECD, a novel decoding method
for RAG. By constructing a Dirichlet distribution based
on logits for evidence modeling, ECD guides the model
to dynamically balance knowledge dependencies more ac-
curately during decoding. Our experiments across multi-
ple datasets demonstrate that ECD significantly outperforms
baseline methods, particularly in scenarios with varying re-
trieval quality. Results show that ECD can effectively im-
prove the reliability and quality of the responses generated
by the RAG, providing a robust solution for optimizing the
collaboration between different knowledge sources in RAG.
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