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Abstract

Retrieval-Augmented Generation (RAG) miti-
gates hallucinations in large language models
by incorporating external knowledge. How-
ever, retrieval does not always return relevant
documents and may return noisy ones. Indis-
criminately retrieving and utilizing this exter-
nal knowledge can interfere with the model’s
originally correct reasoning. In this work, we
propose Dual-Decision Retrieval-Augmented
Generation (D2-RAG), which integrates multi-
dimensional uncertainty estimation to decide
whether to retrieve and employs adaptive con-
trastive decoding to handle retrieved contexts
of varying quality. Specifically, we first inte-
grate uncertainty estimation scores that assess
model uncertainty from multiple perspectives,
construct them into a comprehensive feature
vector, and train a lightweight retrieval deci-
sion model to accurately identify the model’s
knowledge boundaries and determine whether
to retrieve. Subsequently, we dynamically ad-
just the contrastive decoding strategy based
on the utility of retrieved contexts to enhance
the utilization of relevant contexts while sup-
pressing interference from noisy contexts. Ex-
tensive experiments on four medical question-
answering datasets demonstrate that D2-RAG
significantly outperforms baselines, enabling
retrieval-augmented Llama3.1-8B to surpass
non-retrieval-augmented Llama3.1-70B on the
MedMCQA dataset. The source code is avail-
able on https://github.com/zakelawen/
d--rag.
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Figure 1: Inconsistency of uncertainty estimation meth-
ods. (a) Distribution of scores for two samples across 18
methods. (b) Percentage of samples with method pairs
exhibiting score differences ≥ ∆.

1 Introduction

Large language models (LLMs) have demonstrated
remarkable capabilities across various domains
(Team et al., 2025; Achiam et al., 2023). How-
ever, LLMs often suffer from hallucinations due
to insufficient knowledge, generating fluent yet
factually incorrect text. This significantly limits
their application in specialized domains such as
medicine (Williams et al., 2024; Xie et al., 2024;
Lu et al., 2025; Wei et al., 2025) and finance (Li
et al., 2023b).

RAG has made significant progress in reducing
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factual errors in LLMs by retrieving external knowl-
edge (Gao et al., 2023; Lewis et al., 2020). Despite
its effectiveness, it still faces certain challenges.
Specifically, RAG retrieves external knowledge re-
gardless of whether the model’s internal knowledge
is sufficient (Jeong et al., 2024). This leads to addi-
tional computational cost and may introduce noisy
documents that interfere with the model’s reason-
ing (Amiraz et al., 2025). Furthermore, even when
relevant external knowledge is retrieved, the model
tends to rely on its parametric knowledge rather
than the external knowledge (Sun et al., 2025). Re-
searchers have explored various approaches to ad-
dress these challenges. Adaptive retrieval methods
based on uncertainty estimation assess the model’s
confidence in its responses to determine knowledge
boundaries, thereby deciding whether to trigger re-
trieval (Kuhn et al., 2023; Kadavath et al., 2022).
These methods often outperform complex adaptive
pipelines in terms of efficiency and self-knowledge
(Moskvoretskii et al., 2025). Additionally, some
studies (Shi et al., 2024; Qiu et al., 2025; Kim et al.,
2024a) introduce contrastive decoding during infer-
ence to guide models toward generating responses
based on retrieved contexts.

Despite significant progress in existing work,
two key limitations remain. First, existing un-
certainty estimation methods often yield incon-
sistent judgments for the same query, making
it unreliable to rely on any single method for
retrieval decision. We empirically analyze the
judgment consistency of 18 uncertainty estimation
methods. Specifically, we calibrate and normalize
their scores to [0,1] and pair them symmetrically
after sorting. As shown in Figure 1, different meth-
ods yield significantly divergent scores for the same
sample, even leading to opposite retrieval decisions.
A large number of samples exhibit substantial dis-
agreement across methods, with over 51% having
at least 2 method pairs with score differences ex-
ceeding 0.3. Second, existing contrastive decod-
ing methods apply the same strategy to both
relevant and noisy contexts when utilizing re-
trieved contexts. Retrieved results may contain
relevant evidence or noisy information. Indiscrim-
inately amplifying the influence of all retrieved
content allows noisy passages to receive the same
enhancement as relevant evidence, thereby exacer-
bating the model’s tendency to generate incorrect
answers.

To address these limitations, we propose D2-
RAG (Dual-Decision RAG), a framework that

achieves adaptive knowledge retrieval and utiliza-
tion through a two-stage decision mechanism. In
the first stage, we construct an uncertainty-aware
retrieval decision model to more accurately deter-
mine whether retrieval is needed. We attribute the
inconsistent judgments of uncertainty methods to
the fact that a single method can only reflect a por-
tion of model uncertainty. Therefore, we integrate
multiple uncertainty estimation methods to com-
pute uncertainty scores of the language model for
a given query, and construct them into a compre-
hensive feature vector. We then train a lightweight
classifier to learn the complementary and conflict-
ing patterns among these methods, thereby making
more reliable retrieval decisions. In the second
stage, we propose utility-aware contrastive decod-
ing to more properly utilize retrieved content of
varying quality. We first employ a semantic per-
plexity metric (Dai et al., 2025) to evaluate the util-
ity of retrieved context. For relevant context, we
leverage contrastive decoding to guide the model
to fully utilize retrieved information. For noisy
contexts, instead of simply discarding them, we
treat them as negative references and leverage con-
trastive decoding to guide the model to actively
avoid similar errors. In this way, the model can
adaptively utilize retrieved content based on its
quality.

Our main contributions are summarized as fol-
lows: (1) We propose D2-RAG, a framework that
achieves adaptive knowledge retrieval and utiliza-
tion through a dual-stage decision mechanism, ef-
fectively reducing noise interference while leverag-
ing relevant external knowledge. (2) We construct
an uncertainty-aware retrieval decision model
that integrates multi-dimensional uncertainty sig-
nals into a unified representation, enabling more
reliable retrieval decisions. (3) We propose utility-
aware contrastive decoding, which dynamically
adjusts decoding strategies based on context qual-
ity, guiding the model to leverage relevant context
while suppressing noise-related errors. (4) Exten-
sive experiments demonstrate that D2-RAG signif-
icantly outperforms baselines.

2 Related Work

Uncertainty Estimation. Prior research (Shorinwa
et al., 2025; Kuhn et al., 2023; Kadavath et al.,
2022) explores the knowledge boundaries of mod-
els by quantifying their uncertainty to mitigate hal-
lucinations. These uncertainty estimation meth-
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Figure 2: Overview of the D2-RAG framework, which consists of two stages: (1) uncertainty-aware retrieval
decision that leverages multi-dimensional uncertainty signals, (2) utility-aware contrastive decoding that adaptively
adjusts strategies based on context quality.

ods assess model uncertainty from four perspec-
tives: probability (Malinin and Gales, 2021; Bak-
man et al., 2024; Duan et al., 2024), internal states
(Chen et al., 2024; Sriramanan et al., 2024), output
consistency (Lin et al., 2023; Zhao et al., 2024),
and self-checking (Tian et al., 2023). Our em-
pirical analysis reveals significant inconsistency
among different methods for the same query. Re-
cent work (Bakman et al., 2025) shows that com-
bining multiple uncertainty estimation methods is
a promising approach through exploratory exper-
iments. Inspired by this, we integrate uncertainty
signals from multiple dimensions and train a re-
trieval decision model to capture complementary
and conflicting patterns among these signals.

Contrastive Decoding. Prior studies (Sun et al.,
2025) have shown that even when relevant docu-
ments are retrieved, models tend to rely on their
parametric knowledge for generation. To address
this, some work (Shi et al., 2024; Qiu et al., 2025)
introduces contrastive decoding (Li et al., 2023a)
during inference to guide models toward generat-
ing responses based on context. However, these
methods overlook that retrieved content may con-
tain noise, and applying the same strategy to noisy
documents as to relevant ones may interfere with
the model’s correct reasoning. Recent work (Kim
et al., 2024a; Qiu et al., 2025) mitigates this by dy-
namically adjusting contrastive strength based on
entropy, but entropy as a quality indicator has inher-
ent limitations. It reflects model confidence rather

than correctness, and models may confidently gen-
erate incorrect answers based on noisy contexts.
Instead, we introduce a semantic perplexity metric
(Dai et al., 2025) to more reliably assess retrieval
utility. Unlike existing work (Kim et al., 2024a),
we treat noisy documents as negative references,
guiding models to actively avoid similar errors.

3 D2-RAG

In this section, we introduce D2-RAG (Dual-
Decision RAG). The overall framework is illus-
trated in Figure 2, with the algorithm presented in
Algorithm 1 in Appendix. D2-RAG consists of two
stages: Uncertainty-Aware Retrieval Decision (Sec-
tion 3.2) and Utility-Aware Contrastive Decoding
(Section 3.3).

3.1 Preliminaries

Retrieval-Augmented Generation. Given a query
q and an external document corpus D, RAG first
retrieves passages C = R(q,D) from the corpus
via a retriever R, then concatenates the retrieved
passages with the query for the language modelM
to generate an answer: a =M(q, C).

Contrastive Decoding. Contrastive decoding
adjusts the generation process by contrasting output
distributions under two conditions. CAD (Shi et al.,
2024) contrasts distributions with and without re-
trieval context to enhance the model’s attention to
external evidence:
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yt ∼ softmax
[
(1 + α) logitθ(yt | C, q, y<t)

− α logitθ(yt | q, y<t)
]
,

(1)

where θ denotes the model parameters and α is a
hyperparameter controlling the contrast strength.

3.2 Uncertainty-Aware Retrieval Decision
Retrieval may introduce noisy information when
the model already possesses the knowledge re-
quired to answer a question. It is crucial for RAG
to determine whether to retrieve. Uncertainty es-
timation is an important approach for determin-
ing the model knowledge boundaries (Shorinwa
et al., 2025). Although existing uncertainty esti-
mation methods have demonstrated promising per-
formance, their judgments for the same query are
significantly inconsistent (as shown in Figure 1).
Since a single method can only reflect a portion
of model uncertainty, we integrate multiple uncer-
tainty estimation methods into a unified representa-
tion to more reliably determine whether to retrieve.

3.2.1 Uncertainty Vector Construction
Existing uncertainty estimation methods can be
broadly categorized into four types based on
their perspectives: (1) Probability-Based Methods:
Quantify uncertainty directly using the model’s
output probability distribution. (2) Internal State-
Based Methods: Quantify uncertainty through acti-
vations from intermediate or final layers. (3) Out-
put Consistency-Based Methods: Generate candi-
date answers via multiple sampling and quantify
uncertainty based on answer consistency. (4) Self-
Checking Methods: Leverage the metacognition
ability of LLMs to let the model directly assess the
confidence of its answers.

To ensure comprehensive coverage across these
complementary perspectives, we select K repre-
sentative uncertainty estimation methods from the
above four categories as features, such as Entropy
and Ptrue (see Appendix A for the complete list).
To obtain these features, for each query, we first
prompt the model generate an answer without
context, then compute uncertainty scores using
these K methods to obtain the raw feature vec-
tor s = [s1, s2, . . . , sK ]. Since different methods
produce scores with inconsistent ranges and se-
mantic directions (e.g., higher entropy indicates
greater uncertainty, while higher confidence indi-
cates greater certainty), we use Isotonic Regression
(Han et al., 2019) to calibrate each raw score sk to

a unified [0,1] interval (see Appendix B for details),
obtaining the calibrated uncertainty vector:

u = [u1, u2, . . . , uK ], uk = IRk(sk), (2)

where IRk(·) is the Isotonic Regression model for
the k-th score, and higher calibrated scores indicate
greater model certainty.

3.2.2 Retrieval Decision Model
We formulate the retrieval decision as a binary clas-
sification task. The retrieval decision modelMret
takes the calibrated feature vector u as input and
predicts the probability p that the model can cor-
rectly answer the query using its parametric knowl-
edge. If correct, retrieval is skipped. Otherwise,
retrieval is triggered.

We explore two lightweight classifiers: Logis-
tic Regression (LR) and Multi-Layer Perceptron
(MLP), to capture linear and non-linear relation-
ships among features, respectively:

p = σ(w⊤u+ b) (LR), (3)

p = σ(MLP(u)) (MLP), (4)

where w is the weight vector, b is the bias, and σ
is the sigmoid function.

We construct training data in an automated man-
ner. For each sample (q, agold) in the training
set, we first generate an answer without retrieval:
apara =M(q). To accurately evaluate the correct-
ness of apara, we adopt the LLM-as-a-Judge (Li
et al., 2025) approach, using GPT-4o to determine
whether apara is correct:

y =

{
1 (No Retrieve), if apara is correct
0 (Retrieve), if apara is incorrect

(5)

We train the retrieval decision model using binary
cross-entropy loss.

L(θ) = − 1

N

N∑

i=1

[
yi log pi+(1−yi) log(1−pi)

]
,

(6)
where N is the number of training samples, and yi
and ui are the label and calibrated feature vector
of the i-th sample. During inference, we set a
threshold τ to control retrieval behavior, triggering
retrieval when p ≤ τ . The threshold τ is selected
on the validation set.
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3.3 Utility-Aware Contrastive Decoding

Once retrieval is triggered in the first stage, we
perform retrieval and obtain a set of documents
C. Existing methods treat all retrieved content in-
discriminately, making it difficult to fully exploit
relevant evidence while remaining susceptible to
noise. To address this, we propose utility-aware
contrastive decoding, which first assesses the utility
of retrieved content and then dynamically adjusts
the decoding strategy based on the assessment.

Retrieval Utility Assessment. Following Dai
et al. (2025), we compute the reduction in semantic
perplexity before and after retrieval as the retrieval
utility score to evaluate the utility of retrieved con-
tent. When the utility score exceeds the threshold
τpos, the context is classified as a relevant context.
When it falls below τneg, the context is classified
as a noisy context. Otherwise, we apply standard
decoding without contrastive adjustment (Detailed
threshold settings are provided in Appendix C).

Adaptive Contrastive Decoding. Based on the
retrieval utility score, we dynamically adjust the
“expert model” and “amateur model” in contrastive
decoding, introducing specific strength scaling co-
efficients for different contexts. We first define
two logit: logitRAG(yt) = logitθ(yt | C, q, y<t),
logitPara(yt) = logitθ(yt | q, y<t).

Based on context quality, our decoding strategy
dynamically adjusts as follows:

Relevant Context (Cpos). When the retrieved
content is identified as relevant, we use the RAG-
augmented model as the expert model, actively sup-
pressing tokens that dominate only in logitPara(i.e.,
potential hallucinations from internal memory or
knowledge conflicting with evidence), thereby an-
choring generation to external evidence and im-
proving factual accuracy.

logitfinal(yt) = (1 + λt) · logitRAG(yt)

− λt · logitPara(yt).
(7)

Noisy Context (Cneg). When the retrieved
content is identified as noisy, we use the RAG-
augmented model as the amateur model, ac-
tively suppressing tokens with high scores only
in logitRAG(i.e., tokens induced by noisy context),
reducing the risk of the model being misled by Cneg.

logitfinal(yt) = (1 + λt) · logitPara(yt)

− λt · logitRAG(yt).
(8)

Neutral Context. When utility falls in the mid-

dle range, we apply standard RAG decoding with-
out contrastive adjustment.

For the relevant and noisy cases, λt = α · wt,
where α ∈ {αpos, αneg} is the strength scaling co-
efficient for each case. The parameter λt is de-
termined by two components: (1) strength scaling
coefficients (αpos, αneg) are preset hyperparameters
controlling the strength of positive enhancement
and negative suppression. (2) dynamic entropy fac-
tor wt is computed in real time based on Shannon
entropy at the current generation step, adaptively in-
creasing contrast intensity when model uncertainty
is high, allowing weights to vary dynamically dur-
ing generation (see Appendix D for details).

4 Experiments

4.1 Experimental Setup

Datasets. We use four public medical multiple-
choice question-answering datasets as test datasets:
MedMCQA (Pal et al., 2022), MedQA (Jin et al.,
2020), MedExQA (Kim et al., 2024b), and MMLU
(Hendrycks et al., 2021). Data examples are pro-
vided in Appendix E.

Baselines. We compare D2-RAG with four cat-
egories of baseline methods. LLM-Only: These
methods do not rely on external knowledge, using
only the LLM’s internal knowledge for reasoning,
including Zero Shot (Wei et al., 2021) and CoT
(Wei et al., 2022). SFT: These methods fine-tune
models using labeled datasets. We select two repre-
sentative methods: PMC-Llama (Wu et al., 2024)
and MedAlpaca (Han et al., 2023). RAG: These
methods enhance language model capabilities by
incorporating external knowledge. We select three
representative methods: Naive RAG (Lewis et al.,
2020), Self-RAG (Asai et al., 2024) and Adaptive-
RAG (Jeong et al., 2024). RAG+CD: These meth-
ods enhance language model capabilities through
contrastive decoding. We select two representa-
tive methods: CAD (Shi et al., 2024) and DoLa
(Chuang et al., 2024). Detailed descriptions of
each method are provided in Appendix M.

Evaluation Metric. We use different metrics
for different experiments: (1) Accuracy, to evaluate
the overall performance of D2-RAG on medical
QA tasks; (2) F1 score and recall for comparing
retrieval decision models; (3) AUROC and PRR,
for evaluating integrated versus single uncertainty
features. See Appendix N for details.

Implementation Details. We select Llama3.1-
8B and Qwen2.5-7B as backbone models. For the
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embedding model, we use Qwen3-Embedding-4B
(Zhang et al., 2025). We use 18 uncertainty esti-
mation methods (K = 18). For baseline methods,
we follow the default settings from their original
papers. See Appendix G for more details on data
setting. Our RAG knowledge base comprises 18
medical textbooks that serve as key references for
the United States Medical Licensing Examination.

4.2 Experimental Results
4.2.1 Overall Performance
Table 1 presents the comparative results between
D2-RAG and baselines on four medical QA
datasets. Overall, D2-RAG consistently outper-
forms all baselines across different backbone mod-
els (Qwen2.5-7B and Llama3.1-8B). Based on the
results, we get the following analysis:

(1) Compared with other RAG methods, D2-
RAG demonstrates substantial improvements on
all datasets. D2-RAG consistently outperforms
Naive RAG, which indiscriminately retrieves for
all queries; Adaptive RAG, which trains a classi-
fier to categorize query difficulty; and Self-RAG,
which relies on self-reflection mechanisms. This
advantage mainly stems from D2-RAG’s ability to
accurately determine whether retrieval is needed
through multi-dimensional uncertainty signals, re-
ducing unnecessary retrieval, while effectively dif-
ferentiating retrieved content quality and suppress-
ing noise interference through utility-aware con-
trastive decoding.

(2) D2-RAG also demonstrates consistent advan-
tages over other methods that combine contrastive
decoding with retrieval. CAD and DoLa apply
uniform decoding strategies regardless of retrieved
content quality. In contrast, our utility-aware con-
trastive decoding dynamically assesses retrieval
utility via the semantic perplexity metric, ampli-
fying the contribution of relevant context while
actively suppressing interference from noisy con-
tent.

(3) Notably, Llama3.1-8B with D2-RAG sur-
passes the much larger Llama3.1-70B model on
MedMCQA. This demonstrates that D2-RAG ef-
fectively compensates for the limited parametric
knowledge of smaller models, enabling them to
achieve or even exceed the performance of larger
models at a fraction of the computational cost.

4.2.2 Ablation Study
To validate the contribution of each component in
D2-RAG, we conduct ablation experiments by re-

moving the retrieval decision model and contrastive
decoding respectively to evaluate their impact on
overall performance. Table 3 presents the perfor-
mance changes on MedQA and MedMCQA after
removing different components. We compare the
following settings: removing both the retrieval de-
cision model and contrastive decoding (w/o Stage
1 & 2), removing only the retrieval decision model
(w/o Stage 1), and removing only contrastive de-
coding (w/o Stage 2).

Results show that when both the retrieval deci-
sion model and contrastive decoding are removed
(w/o Stage 1 & 2), the performance drop is most
significant, indicating that standard RAG cannot
effectively handle retrieval noise. When only the
retrieval decision model is removed (w/o Stage 1),
the performance drop is relatively small, because
although retrieving for all queries introduces noisy
documents, utility-aware contrastive decoding can
dynamically adjust the decoding strategy based on
content quality, partially mitigating the negative
impact of noise. When contrastive decoding is re-
moved (w/o Stage 2), the performance drop is more
substantial, indicating that utility-aware contrastive
decoding plays a more critical role in the overall
framework. Standard decoding neither fully lever-
ages external knowledge from relevant documents
nor resists being misled by noisy documents.

The complete D2-RAG achieves the best perfor-
mance across all settings, demonstrating the effec-
tiveness and synergy of the two components, where
the retrieval decision model reduces the probability
of introducing noise while utility-aware contrastive
decoding improves the utilization efficiency of re-
trieved content.

4.2.3 In-depth Analysis
How does our retrieval decision model perform
compared to adaptive retrieval baselines? To
validate the effectiveness of our retrieval decision
model, we compare it with existing adaptive re-
trieval methods (FLARE and Self-RAG). Exper-
imental settings are detailed in Appendix H. As
shown in Table 2, our method significantly outper-
forms baselines on both datasets. For the “Retrieval
Needed” category, our method achieves 93.73% re-
call and 69.91% F1 on MedMCQA, surpassing
FLARE by 5.1% and 10.62%, respectively.

Results show that FLARE achieves high recall
in the “Retrieval Needed” category, effectively cap-
turing knowledge gaps, but performs poorly in the
“No Retrieval Needed” category, leading to over-
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Method MedMCQA MedQA MedExQA MMLU-Medical

PMC-Llama 27.04 16.94 36.30 37.01
MedAlpaca 36.22 50.04 50.11 60.85
Self-RAG 38.32 28.26 71.38 64.27
Llama3.1-70B 67.00 64.42 77.34 78.05

Qwen2.5-7B Llama3.1-8B Qwen2.5-7B Llama3.1-8B Qwen2.5-7B Llama3.1-8B Qwen2.5-7B Llama3.1-8B

Zero Shot 45.60 65.56 24.86 37.10 67.45 71.38 63.54 68.29
CoT 50.76 54.82 29.68 52.06 63.09 56.28 57.56 55.55
Naive RAG 54.04 62.50 40.10 46.16 69.36 66.28 63.96 61.77
Adaptive RAG 61.36 68.56 47.74 56.50 71.06 69.47 67.44 66.71
DoLa 67.16 70.40 56.72 57.30 73.19 70.85 71.83 70.49
CAD 62.54 63.48 55.04 57.12 68.94 62.66 67.07 62.93
Ours 68.76 71.30 57.38 57.88 75.74 71.60 73.84 72.44

Table 1: Accuracy (%) comparison of D2-RAG and baselines on four medical QA datasets. The upper section
presents fine-tuned model baselines. The lower section shows results with Qwen2.5-7B and Llama3.1-8B backbones.

Methods Retrieval Needed No Retrieval Needed
Recall F1 Recall F1

MedMCQA

FLARE (Llama3.1-8B) 88.63 59.29 48.87 63.41
Self-RAG-7B 40.62 47.01 62.54 54.02
Self-RAG-13B 2.54 4.90 87.16 56.84
Ours (Llama3.1-8B) 93.73 69.91 79.49 79.78
Ours (Qwen2.5-7B) 82.46 60.32 46.46 59.26

MedQA

FLARE (Llama3.1-8B) 92.80 59.18 21.33 33.86
Self-RAG-7B 43.13 53.27 50.19 32.12
Self-RAG-13B 12.67 20.76 97.79 45.78
Ours (Llama3.1-8B) 93.35 64.45 22.84 35.64
Ours (Qwen2.5-7B) 90.55 66.58 25.90 38.51

Table 2: Comparison of retrieval decision methods on
MedMCQA and MedQA.

Method MedMCQA MedQA

Llama3.1-8B Qwen2.5-7B Llama3.1-8B Qwen2.5-7B

w/o Stage 1 & 2 62.50 54.04 46.16 40.10
w/o Stage 1 69.44 67.14 57.62 56.96
w/o Stage 2 66.16 59.02 51.46 41.38
Ours 71.30 68.76 57.88 57.38

Table 3: Ablation study of D2-RAG on MedMCQA and
MedQA.

retrieval. Self-RAG shows the opposite pattern,
with high recall in "No Retrieval Needed" but miss-
ing many questions requiring external knowledge
in the medical domain. In contrast, D2-RAG in-
tegrates multiple uncertainty estimation methods
to comprehensively assess knowledge boundaries,
achieving an optimal balance between the two cat-
egories.

Does multi-perspective uncertainty integra-
tion perform better compared with single un-
certainty metrics? To validate the advantages of
comprehensive uncertainty feature vectors, we con-
duct two sets of experiments. First, we compare
our method with 18 uncertainty estimation meth-

ods. Results for the Llama model on MedQA are
shown in Figure 3 (top), with additional results
in Appendix J. Our method significantly outper-
forms all single methods, consistently surpassing
the best baseline (PTrue). Across different cat-
egories, probability-based methods perform rela-
tively well overall. Output consistency-based meth-
ods show mixed results, with some performing well
while others yield negative PRR scores, indicating
performance worse than random strategy under the
current setting. Internal state-based methods per-
form poorly, likely due to the limited representa-
tional discrimination capability of medium-scale
models. Self-checking methods also show limited
performance, possibly constrained by the immature
metacognition capabilities of medium-scale mod-
els. By integrating perspectives from all methods,
our approach more accurately and comprehensively
evaluates model knowledge boundaries, achieving
notable improvements over the best single method.

Second, we conduct cross-dataset experiments
to test generalization: training on one dataset and
testing on another. Results are shown in Figure 3
(bottom), with Llama model results in Appendix
I. Even when D2-RAG is trained on a different
dataset, it still outperforms baselines trained and
tested on the same dataset, while single meth-
ods’ rankings fluctuate dramatically across datasets.
These results demonstrate that by integrating four
categories of features, our method captures es-
sential characteristics of model knowledge bound-
aries rather than dataset-specific patterns, achieving
stronger robustness and generalization.

How do the strength scaling coefficients affect
the adaptive contrastive decoding? To investi-
gate the effect of the contrastive strength coeffi-
cients αpos and αneg on the results, we conduct
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Figure 3: Top: Comparison of PRR scores between
our method and 18 uncertainty estimation baselines on
MedQA. Bottom: Cross-dataset generalization compari-
son in terms of PRR scores.

a grid search on MedExQA. Figure 4 presents
the accuracy under different parameter configura-
tions. The results show that performance improves
steadily as αpos increases for both models, indicat-
ing that performance gains primarily stem from
better utilization of positive context. Moreover,
αpos has a substantially greater influence than αneg,
as varying αneg yields only marginal differences.
Notably, Qwen consistently outperforms Llama
by approximately 4-5 percentage points, but ex-
hibits lower sensitivity to parameter changes, sug-
gesting stronger robustness. In contrast, Llama
shows a clearer upward trend with increasing αpos,
demonstrating greater potential for performance
gains through parameter tuning.

How effectively does utility-aware contrastive
decoding handle different context qualities? To
evaluate the effectiveness of utility-aware con-
trastive decoding under different context qualities,
we partition MedQA samples into relevant and
noisy context groups based on utility score judg-
ments and compare the accuracy of Naive RAG
versus D2-RAG (Table 4). For noisy contexts, D2-
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Figure 4: Accuracy on MedExQA across different
(αpos, αneg) configurations, evaluated on Llama3.1-8B
and Qwen 2.5-7B.

Model Context Naive RAG D2-RAG ∆Acc.

Llama3.1-8B
Relevant 42.86 46.94 +4.08
Noisy 29.03 51.61 +22.58

Qwen2.5-7B
Relevant 39.60 47.52 +7.92
Noisy 31.43 49.52 +18.09

Table 4: Accuracy (%) of Naive RAG vs. D2-RAG on
relevant and noisy contexts (MedQA).

RAG improves accuracy by 22.58% and 18.09%
on Llama3.1-8B and Qwen2.5-7B respectively,
demonstrating its ability to actively suppress noisy
interference and enable the model to rely on para-
metric knowledge for correct answers. For relevant
contexts, both models show consistent improve-
ments: Llama3.1-8B gains 4.08% and Qwen2.5-
7B gains 7.92%, indicating that the amplification
strategy effectively leverages high-quality retrieved
content. Overall, D2-RAG achieves substantial
improvements across both context types, with par-
ticularly strong gains on noisy contexts, validating
the effectiveness of the utility-aware contrastive
decoding mechanism.

4.2.4 Case Study

We present three representative cases to validate the
effectiveness of our framework. D2-RAG success-
fully handles three typical scenarios: (a) avoiding
unnecessary retrieval when the model possesses
sufficient parametric knowledge (see Figure 10 in
Appendix O), (b) amplifying the contribution of
relevant retrieved documents through utility-aware
contrastive decoding (see Figure 11 in Appendix
O), and (c) suppressing interference from noisy
context through utility-aware contrastive decoding
(see Figure 12 in Appendix O). In all three cases,
Naive RAG outputs incorrect answers while D2-
RAG outputs correct answers, demonstrating the
effectiveness of our method.
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5 Conclusion

In this work, we investigate the limitations of exist-
ing RAG methods in adaptive knowledge retrieval
and utilization. For retrieval timing, uncertainty
estimation methods often yield inconsistent results,
leading to unreliable retrieval decisions. For re-
trieval utilization, contrastive decoding enhances
the role of external knowledge but fails to distin-
guish content quality, causing noisy documents and
relevant documents to be amplified equally. To ad-
dress these issues, we propose the Dual-Decision
Retrieval-Augmented Generation framework (D2-
RAG), which constructs multi-perspective uncer-
tainty vectors to more precisely determine when
retrieval is needed, and employs an adaptive decod-
ing strategy to effectively handle retrieval results
of varying quality. Experimental results demon-
strate the effectiveness of D2-RAG. Future work
will focus on mechanistic interpretability to dis-
cover internal signals that more accurately reflect
model uncertainty.

Limitations

Although D2-RAG achieves notable improvements
across multiple datasets, several limitations remain.
First, we employ 18 uncertainty estimation meth-
ods to construct the feature vector, which may con-
tain redundancy. While theoretically a more opti-
mal combination of methods may exist, exhaustive
search is computationally infeasible due to the large
combination space. Second, the threshold in the
retrieval decision model requires tuning on a vali-
dation set, which may limit its direct application to
new domains lacking labeled data.
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A Uncertainty Estimation Methods

In this work, we employed 18 uncertainty estima-
tion methods. The code for these uncertainty es-
timations was implemented using TruthTorchLM
(Yaldiz et al., 2025b). We will now provide a de-
tailed introduction to them.

Confidence (Malinin and Gales, 2021) is an
uncertainty estimation method based on sequence
probability. This method posits that the higher
the probability a model assigns to its generated
content, the more "confident" the model is in that
output, and thus the lower the uncertainty. Because
the joint probabilities of sequences of different
lengths naturally vary (longer sequences typically
have lower joint probabilities), directly using the
sequence’s joint log-probability leads to an unfair
penalty for long sequences. Therefore, this method
uses the length-normalized log-likelihood as the
confidence estimate:

C(x, y, θ) = LNS(y | x, θ)

=
1

L

L∑

l=1

logP (yl | y<l, x, θ), (9)

where x represents the input query, y =
{y1, y2, . . . , yL} represents the output sequence
generated by the model, L is the length of the
generated sequence, and θ represents the model
parameters.

A higher score indicates higher model confi-
dence in the current result and lower uncertainty.

Entropy (Malinin and Gales, 2021) estimates
the model output uncertainty by sampling multi-
ple generated results for a given query. When the
model has high uncertainty regarding the answer
to a query, multiple samplings will yield diverse
outputs, each with a relatively low probability. Con-
versely, when the model is very confident, multi-
ple samplings will tend to produce similar, high-
probability outputs.Theoretically, calculating the
true entropy of the generation distribution requires
iterating over all possible output sequences. How-
ever, since the output space is exponential (there
are KL possibilities for a sequence of length L
and vocabulary size K), this is impractical in real-
ity.Therefore, this method uses Monte Carlo sam-
pling to approximate the entropy. By sampling B
sequences from the model, the average negative log-
likelihood of these samples is used to approximate
the true entropy. Specifically, for each sampled
sequence, the length-normalized log-likelihood is

first calculated, and then the negative of the aver-
age over all sampled results is taken as the entropy
estimate:

H(x, θ) ≈ − 1

B

B∑

b=1

1

L(b)

L(b)∑

l=1

logP (y
(b)
l | y

(b)
<l , x, θ), (10)

where B is the number of sampled sequences,
y(b) is the b-th sampled sequence, L(b) is the length
of the b-th sequence, y(b)l is the l-th token in the b-th
sequence, and y

(b)
<l represents the context composed

of the first l − 1 tokens in the b-th sequence.
MARS (Bakman et al., 2024) is an uncertainty

estimation method that considers the semantic con-
tribution of tokens. Traditional length-normalized
scoring methods assign the same weight, 1/L, to
every token in the generated sequence, ignoring the
differing contributions of various tokens to the cor-
rectness of the answer.The calculation for MARS
involves two steps.The first step is to calculate the
semantic importance weight for each token. This
method first divides the generated sequence into
several phrases using a pre-trained model. It then
determines the importance score of each phrase by
evaluating the semantic impact on the answer after
removing that phrase. Finally, the phrase impor-
tance score is uniformly distributed to the individ-
ual tokens within the phrase and normalized using
a softmax function with a temperature parameter
τ , resulting in the importance weight wl for each
token, satisfying

∑L
l=1wl = 1.The second step

combines the semantic-aware scoring with the tra-
ditional length-normalized scoring to compute the
final score:

MARS(x, s, θ) = −1

2

L∑

l=1

wl · logP (sl | s<l, x, θ)

− 1

2L

L∑

l=1

logP (sl | s<l, x, θ),

(11)

where s represents the output sequence generated
by the model, L is the length of the generated se-
quence, and wl represents the semantic importance
weight of the l-th token.

LARS (Yaldiz et al., 2025a) is an uncertainty
estimation scoring function based on supervised
learning. Unlike traditional heuristic scoring func-
tions (like LNS, MARS), LARS directly learns how
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to aggregate token probabilities into a confidence
score from annotated data using a neural network.
This allows it to capture complex semantic depen-
dencies between tokens and automatically correct
probability biases. The calculation for LARS in-
volves two steps.The first step is probability dis-
cretization and encoding. Since token probabilities
are single real values, feeding them directly into a
Transformer model is not ideal. LARS divides the
probability space [0, 1] into k partitions based on
the quantiles of the training data. Each probability
value pl is mapped to a special probability token
based on its partition, where r is the partition index.
The embedding vector for each probability token
is initialized using a few-hot encoding, ensuring
that different probability intervals are mutually or-
thogonal in the embedding space.The second step
is to calculate the confidence score using a Trans-
former model. LARS concatenates the input query
x and the response sequence s in an alternating
format of ’response token - probability token’ and
feeds it into a RoBERTa-based encoder. The output
then passes through a linear layer and a sigmoid
activation to yield the confidence score:

LARS(x, s, p) = σ(fϕ(x, s, p)), (12)

where x represents the input query, s represents the
model output sequence, p represents the generation
probabilities of each token in the model, fϕ rep-
resents the LARS model, and σ(·) represents the
sigmoid function.

TokenSAR (Duan et al., 2024) is an uncertainty
estimation method based on token-level seman-
tic relevance. This method argues that in auto-
regressively generated text, the contribution of dif-
ferent tokens to expressing meaning is unequal.
Some key vocabulary (like nouns and verbs) carry
more semantic information than functional words
(like articles and prepositions). Traditional meth-
ods assign the same weight to all tokens when cal-
culating uncertainty, which is unreasonable. To-
kenSAR re-weights the tokens by calculating the
semantic relevance of each token. The specific
calculation is divided into two steps. First, the
relevance score of each token is calculated by mea-
suring the semantic change in the sentence before
and after removing that token:

RT (zi, s, x) = 1− |g(x ∪ s, x∪ s \ {zi})|, (13)

where zi represents the i-th token, and g(·, ·) repre-
sents the semantic similarity calculation function.

Then, the relevance scores are normalized and used
to re-weight the entropy of each token:

TokenSAR(s, x) =
N∑

i=1

(− log p(zi | s<i, x))

· RT (zi, s, x)∑N
n=1RT (zn, s, x)

,

(14)

where N represents the sequence length.
SentSAR (Duan et al., 2024) is an uncertainty

estimation method based on sentence-level seman-
tic relevance. This method extends the token-
level semantic-aware idea to the sentence level,
positing that among multiple generated candi-
dates, sentences that are more semantically con-
sistent and representative should receive higher
weight in the uncertainty calculation. The core
idea is to measure the relevance of each sentence
through inter-sentence semantic similarity and ad-
just the sentence’s generation probability accord-
ingly. First, the sentence-level relevance score
is calculated. This score is determined by the
probability-weighted semantic similarity of the sen-
tence with other candidate sentences:

RS(si, S, x) =
K∑

j=1,j ̸=i

g(si, sj)p(sj | x), (15)

where si is the i-th generated sentence, S is the
set of all candidate sentences, K is the number of
candidate sentences, and g(si, sj) represents the se-
mantic similarity between the two sentences.Then,
the uncertainty of the sentence is adjusted by us-
ing the relevance score as an additional probability
term:

SentSAR(S, x) =
1

K

K∑

k=1

(
− log p(sk | x)

+
RS(sk, S, x)

t

)
,

(16)

where t is the temperature parameter, used to con-
trol the strength of the relevance adjustment.

Semantic Entropy (Kuhn et al., 2023) is an
uncertainty estimation method based on seman-
tic equivalence. In natural language, different
sentences can express the same semantic content,
e.g., "The capital of France is Paris" and "Paris is
the capital of France" are semantically equivalent.
However, traditional predictive entropy methods
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would treat them as distinct outputs, thus overes-
timating uncertainty. This method uses the idea
of bidirectional entailment to identify semantically
equivalent sentences. If two sentences can mutually
entail each other, they are considered to express the
same meaning. These sentences are then grouped
together via clustering, and entropy is calculated
in the semantic space rather than the lexical space.
The method involves three core steps. First, sample
multiple output results from the language model.
Second, use a bidirectional entailment clustering
algorithm to identify semantically equivalent sen-
tences, specifically by checking if a pair of sen-
tences can mutually entail each other. Finally, for
each semantic equivalence class c, its probability is
the sum of the probabilities of all sentences within
that class:

p(c | x) =
∑

s∈c
p(s | x), (17)

where x is the input query, s is the generated sen-
tence, and c is the semantic equivalence class. The
Semantic Entropy is calculated as:

SE(x) = −
∑

c

p(c | x) log p(c | x), (18)

In practical implementation, since it is impossi-
ble to iterate over all possible semantic categories,
Monte Carlo sampling is used to approximate the
estimate:

SE(x) ≈ − 1

|C|

|C|∑

i=1

log p(Ci | x), (19)

where C is the set of semantic equivalence classes,
and |C| is the number of classes.

INSIDE (Chen et al., 2024) is an uncertainty es-
timation method based on the internal states of the
LLM. Unlike methods based on logits or the lan-
guage surface, INSIDE directly utilizes the dense
semantic information preserved in the LLM’s inter-
nal hidden layers to measure the semantic consis-
tency among multiple generated results. The core
hypothesis of this method is: when the model is
highly confident about a question, the answers gen-
erated through multiple samplings will be highly
similar in the embedding space, and most eigenval-
ues of the sentence embedding covariance matrix
will be close to zero. Conversely, when the model
is uncertain, the generated answers will be seman-
tically diverse, leading to larger eigenvalues. The
calculation for INSIDE is divided into three steps.

The first step is obtaining sentence embeddings.
For an input query x, K answers are generated via
a sampling strategy, Y = {y1, y2, . . . , yK}. For
each answer, the hidden state of the last token in a
middle layer is taken as the sentence’s embedding
representation zk ∈ Rd, where d is the hidden layer
dimension. The second step is calculating the co-
variance matrix of the sentence embeddings. The
K sentence embeddings are formed into a matrix
Z = [z1, z2, . . . , zK ] ∈ Rd×K , and the covariance
matrix is calculated as:

Σ = Z⊤ · Jd · Z, (20)

where Jd = Id − 1
d1d1

⊤
d is the centering matrix,

Id is the d-dimensional identity matrix, and 1d is
the column vector of all ones. The third step is
calculating the EigenScore using the eigenvalues
of the covariance matrix. To ensure the matrix is
full rank, the log-determinant is calculated after
adding a regularization term:

E(Y | x, θ) = 1

K
log det(Σ + α · IK)

=
1

K

K∑

i=1

log λi, (21)

where λ = {λ1, λ2, . . . , λK} are the eigenvalues
of the regularized covariance matrix Σ+α·IK , α is
the regularization coefficient, and K is the number
of sampled answers.

Attention Score (Sriramanan et al., 2024) is
a method for hallucination detection based on the
eigenvalue analysis of the attention mechanism.
This method is built upon a key observation: when
a Large Language Model (LLM) generates hallu-
cinatory content, its internal attention patterns un-
dergo a noticeable change, which can be captured
by analyzing the kernel similarity matrix of the
self-attention mechanism.

In the Transformer architecture, the self-
attention matrix for an auto-regressive language
model has a lower-triangular structure, as each
token can only attend to preceding tokens in the
sequence. This method detects hallucinations by
analyzing the change in the eigenvalues of these
attention matrices.

The specific calculation process involves two
steps: Extracting the Self-Attention Matrix and Cal-
culating the Log-Determinant: The self-attention
matrix from a target layer is extracted. For a layer
with a attention heads, the attention matrix can
be represented as a tensor of shape (a×m×m),
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where m is the length of the input sequence. For
each attention head i, its kernel similarity matrix
Ker i is an m×m lower-triangular matrix. Since
the matrix is normalized via Softmax, all eigen-
values are non-negative, and the eigenvalues of a
lower-triangular matrix are simply its elements on
the main diagonal. Therefore, the log-determinant
can be calculated directly:

log det(Ker i) =
m∑

j=1

logKer ijj , (22)

where Ker ijj denotes the (j, j)-th diagonal element
of the kernel similarity matrix for attention head i.

Aggregating the Score: The average log-
determinant for each attention head is calculated,
and then aggregated across all attention heads to
obtain the final Attention Score:

AttentionScore =
1

a

a∑

i=1

1

m

m∑

j=1

logKer ijj , (23)

where a is the number of attention heads.
Self Detection (Zhao et al., 2024) is an un-

certainty estimation method based on question-
rewriting consistency. The core hypothesis of
this method is: if the model truly understands a
question and possesses the relevant knowledge, it
should provide a consistent answer regardless of
how the question is phrased. Conversely, if the
model gives significantly different answers to se-
mantically equivalent, yet differently phrased, ques-
tions, it indicates knowledge uncertainty on the
model’s part regarding that topic. The calculation
for Self Detection involves two steps:

Step1: Generating Semantically Equivalent
Question Variants: For the original question q, the
LLM itself is used to generate n semantically equiv-
alent but differently phrased questions, forming the
set Q(q) = {q1, q2, . . . , qn}. Then, greedy decod-
ing is used for each question variant to generate the
corresponding answers, resulting in the answer set
R(q) = {r1, r2, . . . , rn}.

Step2: Calculating the Consistency Score Be-
tween Answers: First, a determination is made as
to whether any two answers, ri and rj , are consis-
tent, denoted by I(ri, rj) ∈ {0, 1}. For answers
with a fixed format (like multiple-choice), this is
judged by exact match; for free-form answers, the
LLM itself is used to judge whether the two an-
swers are contradictory. Based on this consistency
judgment, all answers are clustered into k clusters

Ω = {ω1, ω2, . . . , ωk}. The consistency score is
calculated as the proportion of consistency between
the original question’s answer r and the other an-
swers:

Consistency(R(q)) =
1

n− 1

∑

ri,ri ̸=r

I(ri, r).

(24)
Additionally, uncertainty can be characterized by
calculating the entropy of the answer distribution
based on the clustering results:

Entropy(R(q)) = −
∑

l

N(ωl)

n
log

N(ωl)

n
,

(25)
where N(ωl) is the number of answers in the l-th
cluster.

Directional Entailment Graph (Da et al.,
2024) is an uncertainty quantification method based
on a Directional Entailment Graph and the Random
Walk Laplacian. This approach addresses the crit-
ical issue that traditional semantic similarity ma-
trices ignore directional information. In natural
language, the entailment relationship has a clear
directionality: Proposition A entailing Proposition
B does not imply that B also entails A. For instance,
the probability that ’She is interning at Google’ en-
tails ’She has a job’ is 96.2%, while the reverse
entailment probability is only 0.41%. Traditional
methods lose this crucial directional information
through a symmetric similarity matrix.The core
idea of this method is to construct a Directional
Entailment Graph to capture the directional logical
relationships between responses. The calculation
process is divided into three steps:Constructing the
Asymmetric Entailment Matrix: A Natural Lan-
guage Inference (NLI) model is used to compute
the entailment probability between pairs of gener-
ated responses, constructing the asymmetric entail-
ment matrix A, where Aij = p(ri ⊢ rj) represents
the probability that response ri entails rj .Edge
Weight Augmentation: This matrix is then com-
bined with a textual similarity matrix T (such as
Jaccard similarity) to augment the graph’s edge
weights: wij = Aij + Tij .Calculating Uncertainty
via the Random Walk Laplacian: Because the con-
structed directed graph is asymmetric, the tradi-
tional symmetric Laplacian operator is no longer
applicable. This method innovatively adopts the
Random Walk Laplacian operator to handle this
asymmetric characteristic:

Lrw = I −D−1
outA, (26)
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where Dout is the out-degree matrix, and D−1
out =

(Dout + ϵI)−1 is used to avoid division by zero
errors. The final uncertainty measure is calculated
using the eigenvalues of the Random Walk Lapla-
cian matrix:

Ud
Eigv =

n∑

k=1

max(0, 1− λk), (27)

where n is the number of responses and λk are the
eigenvalues of the Random Walk Laplacian matrix.

Verbalized Confidence (Tian et al., 2023) is
an uncertainty estimation method that involves di-
rectly asking the model for its confidence. Address-
ing the issue of poor internal probability calibration
in RLHF models, this method has the model ex-
press its confidence directly within the output text.

The method is divided into two categories: Nu-
merical Expression and Verbal Expression. 1. Nu-
merical Expression includes a single-stage method
(outputting the answer and a numerical probability
simultaneously) and a two-stage method (generat-
ing the answer first, then assessing the probability).
2. Verbal Expression involves having the model use
phrases like "very certain," "possibly," etc., which
are then mapped to a numerical score. A core
strategy is "considering alternative answers": the
model is prompted to generate multiple candidate
answers and assess the confidence for each one,
finally selecting the answer with the highest confi-
dence. Experiments have shown that this approach
is more accurate than directly using the model’s
conditional probabilities.

PTrue (Kadavath et al., 2022) is an uncertainty
estimation method based on self-assessment. The
core idea of this method is to have the Language
Model evaluate the probability of its own generated
answer being correct, achieving self-verification by
transforming the open-ended generation task into a
true/false judgment task. The calculation for this
method is divided into three steps:

Step1: Generating the Candidate Answer Set:
Given an input question x, N candidate answers
{a1, a2, . . . , aN} are first sampled from the model.
These answers are sampled independently under a
temperature parameter T = 1.

Step2: Constructing the Self-Assessment
Prompt: The original question, all sampled can-
didate answers, and the specific answer ai to be
evaluated are combined into a structured prompt,
asking the model whether this answer is correct:

Question: question

Here are some brainstormed ideas: candidate
answers

Possible Answer: answer to evaluate
Is the possible answer:
(A) True
(B) False
The possible answer is:
Step3: Calculating the P(True) Score: The

model performs inference on the above prompt,
and the probability the model assigns to the "True"
option is extracted as the confidence estimate:

P (True) = P ((A) | prompt, x, ai, θ), (28)

where x represents the input question, ai represents
the generated answer to be evaluated, θ represents
the model parameters, and prompt contains the
full context of the question, candidate answer set,
and the answer being evaluated.

The following five methods all come from the
work-Generating with confidence: Uncertainty
quantification for black-box large language models
(Lin et al., 2023). The core idea of these meth-
ods is to quantify uncertainty or confidence by
sampling multiple generation results for the same
query, calculating the semantic similarity between
these results, and then constructing a similarity
matrix from which metrics are extracted. The ad-
vantage of this class of methods is that they only
require access to the model’s text output, without
needing token-level probability distributions, mak-
ing them suitable for black-box Large Language
Models (LLMs).These methods support two ways
to measure similarity:Jaccard Similarity: Treating
two responses as sets of words, calculate the ra-
tio of their intersection to their union.Semantic
Similarity: Using a Natural Language Inference
(NLI) model (e.g., DeBERTa-large-mnli) to judge
the entailment relationship between two responses,
and using the entailment probability as the se-
mantic similarity.Given an input x, m responses
{s1, s2, . . . , sm} are sampled from the model. The
pairwise similarity score a(sj1 , sj2) is calculated,
and a symmetric weighted adjacency matrix W is
constructed, where wj1,j2 =

aj1,j2+aj2,j1
2 .

SumEigenUncertainty. This method estimates
uncertainty based on the eigenvalue distribution
of the Graph Laplacian matrix. The core idea is
that the eigenvalue distribution reflects the clus-
tering structure between the responses. When the
model has high uncertainty for a query, the gener-
ated responses form multiple semantically distinct
clusters, leading to more small eigenvalues.
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First, the symmetric normalized Graph Lapla-
cian matrix is calculated:

L := I −D− 1
2WD− 1

2 , (29)

where D is the degree matrix, Dj,j =∑
j′∈[m]wj,j′ . Then, the eigenvalues 1 < λ2 <

· · · < λm of L are computed. The uncertainty
estimate is:

UEigV(x) =

m∑

k=1

max(0, 1− λk). (30)

Matrix Degree Uncertainty. This method uses
the degree matrix to estimate uncertainty. The di-
agonal elements of the degree matrix represent the
total strength of connection of each node with other
nodes, reflecting the overall similarity of that re-
sponse to the others. When the model is uncertain,
the generated responses differ significantly from
each other, resulting in a lower overall degree.

The uncertainty estimate is defined as:

UDeg(x) =
trace(mI −D)

m2
. (31)

Matrix Degree Confidence. Unlike Matrix De-
gree Uncertainty, this method provides a confi-
dence estimate for each specific generated response,
rather than just for the input. The idea is that if a
response is highly similar to the other sampled re-
sponses (i.e., the degree of that node is high), it
suggests that the response is located in the model’s
"confidence region" and should have a higher con-
fidence score.For response sj , the confidence esti-
mate is:

CDeg(x, sj) =
Dj,j

m
. (32)

Eccentricity Uncertainty. This method con-
structs a low-dimensional embedding for each
response using the eigenvectors of the Graph
Laplacian matrix, and then estimates uncertainty
based on the dispersion of these embeddings. Let
u1, . . . , uk ∈ Rm be the k smallest eigenvec-
tors of L. The embedding for response sj is
vj = [u1,j , . . . , uk,j ]. The vector deviated from
the center is calculated as v′j = vj − 1

m

∑m
j′=1 vj′ .

The uncertainty estimate is the sum of the distances
of all response embeddings from the center:

UEcc(x) =
∥∥∥[v′1

⊤
, . . . , v′m

⊤
]
∥∥∥
2
. (33)

Eccentricity Confidence. This method is based
on the embedding representation from Eccentric-
ity Uncertainty and provides a confidence estimate

for each specific response. The idea is that if the
embedding of a response is close to the center of
all responses, that response represents the model’s
"mainstream" output and should have higher con-
fidence.For response sj , the confidence estimate
is:

CEcc(x, sj) = −∥v′j∥2. (34)

B Isotonic Regression Calibration

We employed Isotonic Regression to calibrate the
uncertainty estimation methods to improve the
consistency between their output scores and the
actual quality of the generated output.The core
idea of calibration is to learn a monotonic map-
ping function between the raw output of the un-
certainty estimation method and the actual correct-
ness, converting the raw score into a more reliable
confidence estimate.The calibration process first
involves collecting training data on a designated
calibration dataset. For each sample in the cal-
ibration set, the system generates an answer us-
ing the target Large Language Model (LLM) and
then performs a dual evaluation. Raw Uncertainty
Score: The uncertainty estimation method to be
calibrated is applied to calculate the raw uncer-
tainty score. Ground Truth Correctness: GPT-
4o-mini is used as the judgement model for cor-
rectness evaluation. The judging process adopts a
prompt-based three-category framework, requiring
the judgement model to classify the generated an-
swer into three categories: “CORRECT”, “INCOR-
RECT”, or “NOT_ATTEMPTED”, corresponding
to correct, wrong, and untried answers, respec-
tively.These classification results are converted into
numerical scores: correct answers are assigned 1,
wrong answers are assigned 0, and untried answers
are assigned -1 (and filtered out in subsequent pro-
cessing). This yields a large amount of paired data
(ti, ci), where ti is the raw output of the uncer-
tainty estimation method and ci is the correspond-
ing binary correctness assessment result.Next, an
isotonic regression model is trained separately for
each uncertainty estimation method. Isotonic Re-
gression finds a monotonically increasing function
f : [0, 1]→ [0, 1] that minimizes the prediction er-
ror, specifically f∗ = argminf

∑n
i=1(f(ti)− ci)

2,
subject to the constraint that f(ti) ≤ f(tj) must
hold when ti ≤ tj .The implementation uses scikit-
learn’s IsotonicRegression, setting the output range
to [0, 1] and clipping any values outside these
bounds. During the data preprocessing stage, NaN
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values are replaced with 0, and invalid samples
categorized as ’NOT_ATTEMPTED’ are filtered
out.

C Threshold

Threshold Settings Used in Experiments:

MedQA Dataset (LLaMA Model): τneg =
−0.08. MedQA Dataset (Qwen Model): τpos =
0.3, τneg = −0.1. MedMCQA Dataset (Qwen
Model): τpos = 0.05, τneg = −0.1. MedExQA
Dataset (LLaMA Model): τpos = 0.1622, τneg =
−0.0458. MedExQA Dataset (Qwen Model):
τpos = 0.1055, τneg = −0.1666. MMLU Dataset
(LLaMA Model): τpos = 0.1385, τneg = −0.0309.
MMLU Dataset (Qwen Model): τpos = 0.0417,
τneg = −0.1093.

D Dynamic Weight Calculation Based on
Shannon Entropy

Inspired by adaptive contrastive decoding (Kim
et al., 2024a), we dynamically calculate wt based
on Shannon Entropy.At generation step t, we sepa-
rately calculate the Shannon Entropy without con-
text, H(Yt), and with context, H(Y c

t ). At gener-
ation step t, we separately calculate the Shannon
Entropy without context, H(Yt), and with context,
H(Y c

t ). Entropy without context:

H(Yt) = −
∑

v∈V
Pθ(v|x, y<t) logPθ(v|x, y<t).

(35)
Entropy with context:

H(Y c
t ) = −

∑

v∈V
Pθ(v|x, c, y<t)

× logPθ(v|x, c, y<t), (36)

where V is the vocabulary and c is the retrieved
context. The dynamic entropy factor wt is calcu-
lated as:

wt =
H(Yt)

H(Yt) +H(Y c
t )

. (37)

E Medical Q&A Dataset Examples

MedMCQA Example
Question: Which of the following is true
regarding major basic protein?

A) Formed by Eosinophils
B) Cytotoxic to parasites
C) Not very effective against bacteria
D) All the above

Ground Truth: D) All the above

MedQA Example
Question: A 15-year-old girl is brought to
the clinic by her mother because she is wor-
ried the patient has not yet had her period.
The patient’s older sister had her first period
at age 14. The mother had her first period
at age 13. The patient reports she is doing
well in school and is on the varsity basketball
team. Her medical history is significant for
asthma and atopic dermatitis. Her medica-
tions include albuterol and topical triamci-
nolone. The patient’s temperature is 98°F
(36.7°C), blood pressure is 111/72 mmHg,
pulse is 65/min, and respirations are 14/min
with an oxygen saturation of 99% on room
air. Her body mass index (BMI) is 19 kg/m2.
Physical exam shows absent breast develop-
ment and external genitalia at Tanner stage
1. Serum follicle stimulating hormone (FSH)
level is measured to be 38 mIU/mL. Which
of the following is the next best diagnostic
step?

A) CYP17 gene work-up
B) Estrogen levels
C) Gonadotrophin-releasing hormone

stimulation test
D) Karotype
E) Luteinizing hormone levels

Ground Truth: D) Karotype
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MMLU Example
Question: A lesion causing compression of
the facial nerve at the stylomastoid foramen
will cause ipsilateral

A) paralysis of the facial muscles.
B) paralysis of the facial muscles and

loss of taste.
C) paralysis of the facial muscles, loss

of taste and lacrimation.
D) paralysis of the facial muscles, loss

of taste, lacrimation and decreased salivation.
Ground Truth: A) paralysis of the facial mus-
cles.

MedExQA Example
Question: What should be the maximum sur-
face temperature of a device attachment that
is not intended to heat the patient?

A) 43°C
B) 36°C
C) 38°C
D) 41°C

Ground Truth: D

F Evaluation Prompt

System Prompt:
You are a precise evaluator. Your task is to
determine if a ‘Generated Answer’ is seman-
tically identical to any of the ‘Ground Truth’
answers for a multiple-choice question. They
are identical if they refer to the same option,
even with minor formatting differences (e.g.,
‘A)’ vs ‘A.’ or containing extra text like ‘The
answer is...’). Respond with only the single
word ‘yes’ or ‘no’, and nothing else.
User Prompt Template:
Question: {question}
Ground Truths: {ground_truths}
Generated Answer: {generated_answer}

G Experimental Data Configuration
Details

We used a total of 9,183 samples from the MedM-
CQA dataset, 7,545 samples from the MedQA
dataset, 965 samples from the MedExQA dataset,
and 1,821 samples from the MMLU-Medical
dataset. In the main experiment, we used 5,000

samples for testing from both the MedMCQA and
MedQA datasets, 940 samples from the MedExQA
dataset, and 1,640 samples from the MMLU-
Medical dataset. In the uncertainty quantification
evaluation experiment, for the MedMCQA dataset,
we took an additional 4,183 samples, with 500 used
to calibrate the uncertainty scores and the remain-
ing data used as the test set. For the MedQA dataset,
we took an additional 2,545 samples, with 500 sam-
ples used to calibrate the uncertainty scores and the
remaining data used as the test set. In the retrieval
decision evaluation experiment, for the MedMCQA
dataset, we used 3,683 samples for training and val-
idation, where 70% were used as the training set
to train the retriever and 30% were used as the val-
idation set to find the threshold. 5,000 samples
were used as the test data.For the MedQA dataset,
we used 2,045 samples for training and validation,
where 70% were used as the training set to train
the retriever and 30% were used as the validation
set to find the threshold. 5,000 samples were used
as the test data.

H Retrieval Decision Comparison
Experimental Setup

Our method We used the best-performing model
as the retrieval decision classifier and optimized
the threshold on the validation set to maximize the
F1 score for the ’retrieval required’ category. The
decision logic is to trigger retrieval when the model-
outputted probability for the ’retrieval not required’
category falls below the optimal threshold.

FLARE We used the Llama3.1-8B-Instruct
model with greedy decoding generation. Retrieval
is triggered if the probability of any token gener-
ated during the process falls below a fixed threshold
of 0.8.

Self-RAG The Self-RAG method uses the spe-
cially trained Selfrag-13b model. This model is
capable of outputting reflection tokens to indicate
the need for retrieval before generating the answer:
when the model outputs [Retrieval], it indicates that
external knowledge retrieval is required; when it
outputs [No Retrieval], it indicates that retrieval is
not needed. The model makes its retrieval decision
based on the occurrence of these special tokens. If
no explicit instruction is included in the generated
text, the default is to not perform retrieval.
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I Cross-Dataset Generalization
Experiment Results

We present the cross-dataset generalization experi-
ment results for the Llama3.1-8B model on MedM-
CQA and MedQA datasets in Figure 5.

J Uncertainty Method Comparison
Results

We present the comparison results of D2-RAG’s
composite uncertainty feature method against 18 in-
dividual uncertainty estimation methods across dif-
ferent datasets and models. Specifically, Figure 6
shows results for Llama3.1-8B on MedMCQA, Fig-
ure 7 shows results for Qwen2.5-7B on MedM-
CQA, and Figure 8 shows results for Qwen2.5-7B
on MedQA.

K Parameter Sensitivity Curve Analysis

To gain a deeper understanding of the independent
influence of each parameter, we plotted the param-
eter sensitivity curves (as shown in Figure 9 ). By
using the control variable method, we fixed one
parameter at a time to observe the trend of the
other parameter’s influence.Influence of the Posi-
tive Strength Coefficient αpos (α): The top part of
the figure shows the effect of the α parameter when
the β value is fixed. Under both settings of β = 0
and β = 0.1, the LLaMA model exhibits strong
sensitivity to the α parameter. As α increases from
0.1 to 1.0, the relative performance gain shows
a clear upward trend, with a maximum improve-
ment of up to 1.7%. In contrast, the Qwen model
is relatively insensitive to the α parameter, with
a more moderate performance improvement, typi-
cally within 0.4%. This difference suggests that the
LLaMA model is better able to utilize the positive
context enhancement mechanism.Influence of the
Negative Strength Coefficient αneg (β):The bottom
part of the figure reveals the pattern of the β pa-
rameter’s effect when the α value is fixed. When
α = 0.1, the LLaMA model achieves its perfor-
mance peak at β = 0.15, while the Qwen model
performs best around β = 0.1. When α = 1.0,
both models exhibit a complex sensitivity to the β
parameter: LLaMA favors smaller β values, while
Qwen reaches its optimal performance at β = 0.15.
This non-monotonic change pattern indicates that
the optimal effect of the negative inhibition mecha-
nism depends on the setting of the positive enhance-
ment strength. By comparing the curves showing
the influence of the β parameter under different

α settings, we observe a clear parameter interac-
tion. At low α values (0.1), a moderate β value
contributes to performance improvement; at high α
values (1.0), the optimal configuration for the β pa-
rameter changes significantly. This suggests a com-
plex synergistic relationship between the positive
enhancement and negative inhibition mechanisms,
where the best performance is not determined by a
single parameter but requires joint tuning based on
the combination of both strengths.

L Algorithm for D2-RAG

As shown in Algorithm 1, D2-RAG first decides
whether to retrieve based on the calibrated uncer-
tainty vector, and if retrieval is triggered, applies
adaptive contrastive decoding based on retrieval
utility.

M Detailed descriptions of baselines

Zero Shot (Wei et al., 2021). Directly inputs the
question into the model without providing any ex-
amples or external knowledge, testing the model’s
original capability.

CoT (Wei et al., 2022). Guides the model to
perform step-by-step reasoning before generating
the answer by adding the prompt: "Let’s think step
by step."

PMC-Llama (Wu et al., 2024). Employs a two-
stage training strategy: first, it undergoes contin-
ued pre-training on 4.8 million biomedical papers
and 30,000 medical textbooks to build a domain-
specific knowledge base, and then it is fine-tuned
on medical instruction data to enhance reasoning
and alignment capabilities.

MedAlpaca (Han et al., 2023). Fine-tunes an
open-source LLM on an instruction dataset contain-
ing 160,000 medical Q&A and dialogue samples,
enabling it to effectively follow instructions in the
medical domain.

Naive RAG: Performs retrieval for all queries,
concatenates the retrieved documents to the input
context, and then generates the answer.

Self-RAG (Asai et al., 2024). Uses end-to-end
training to enable the model to generate special re-
flection tokens, including a retrieval token to judge
whether retrieval is needed and a critique token to
evaluate the generation quality. During inference,
the model triggers retrieval on demand based on the
retrieval token, self-assesses the generated content
using the critique token, and selects the optimal
output.
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Figure 5: We compared the cross-dataset generalization capability of our retrieval decision model with several
uncertainty quantification baseline methods. D2-RAG was evaluated under two cross-dataset settings: MedQA
training - MedMCQA testing and MedMCQA training - MedQA testing. The baseline methods are represented by
their best performance on the corresponding test set, and the evaluation metric used is the PRR score.
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Figure 6: We compared D2-RAG’s composite uncertainty feature method against 18 individual uncertainty estimation
methods across four major categories, using the Llama3.1-8B model. The evaluation was conducted on the
MedMCQA dataset, with the evaluation metric being the PRR score.
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Figure 7: We compared D2-RAG’s composite uncertainty feature method against 18 individual uncertainty estimation
methods across four major categories, using the Qwen2.5-7B model. The evaluation was conducted on the
MedMCQA dataset, with the evaluation metric being the PRR score.
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Figure 8: We compared D2-RAG’s composite uncertainty feature method against 18 individual uncertainty estimation
methods across four major categories, using the Qwen2.5-7B model. The evaluation was conducted on the MedQA
dataset, with the evaluation metric being the PRR score.
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Figure 9: We analyzed the independent influence of the αpos (α) and αneg (β) parameters using the control variable
method. The evaluation was performed on the MedQA dataset using the Llama3.1-8B and Qwen2.5-7B models,
with the evaluation metric being the percentage of relative performance improvement.

15377



Algorithm 1 D2-RAG Inference
Require: Query q, Language ModelM, RetrieverR, Document Corpus D
Require: Trained decision modelMret, Isotonic regressors {IRk}Kk=1

Require: Thresholds τ (retrieval), τpos (positive), τneg (negative)
Require: Strength coefficients αpos, αneg
Ensure: Answer a

1: Stage 1: Uncertainty-Aware Retrieval Decision
2: Generate parametric answer: apara ←M(q)
3: Compute K uncertainty scores: s← [s1, . . . , sK ]
4: Calibrate scores: u← [IR1(s1), . . . , IRK(sK)]
5: Predict no-retrieval probability: p←Mret(u)
6: if p > τ then
7: return apara {No retrieval needed}
8: end if
9: Stage 2: Utility-Aware Contrastive Decoding

10: Retrieve documents: C ← R(q,D)
11: Compute retrieval utility: δ ← RetrievalUtility(q, C)
12: for each decoding step t do
13: Compute dynamic entropy factor: wt

14: Compute logitRAG(yt) and logitPara(yt)
15: if δ > τpos then
16: λt ← αpos · wt {Relevant context}
17: logitfinal ← (1 + λt) · logitRAG−λt · logitPara
18: else if δ < τneg then
19: λt ← αneg · wt {Noisy context}
20: logitfinal ← (1 + λt) · logitPara−λt · logitRAG
21: else
22: logitfinal ← logitRAG {Neutral context}
23: end if
24: Sample yt from softmax(logitfinal)
25: end for
26: return a

Adaptive-RAG (Jeong et al., 2024). This
method trains a classifier to predict query com-
plexity and dynamically selects the most suitable
retrieval strategy accordingly, ranging from no re-
trieval to single-step retrieval to iterative multi-step
retrieval, based on the predicted complexity level.

CAD (Shi et al., 2024). This is an inference-time
method that requires no extra training. It mitigates
the issue of the model overlooking retrieved con-
tent and over-relying on parametric knowledge by
contrasting the model’s output probability distri-
butions with and without context to suppress the
model’s prior knowledge and amplify the influence
of context information.

DoLa (Chuang et al., 2024). This is a decoding
strategy that requires no external retrieval or addi-
tional fine-tuning. It leverages the characteristic
that higher layers of the Transformer model encode

more factual knowledge. By contrasting the output
logits distributions of the high and low layers, it am-
plifies the influence of factual knowledge, thereby
improving the factuality of the generated content.

N Evaluation Metric

We employed different evaluation metrics for dif-
ferent experiments.

Overall Performance of the D2-RAG Frame-
work: We used Accuracy as the primary metric,
which measures the proportion of correctly an-
swered questions in the medical Q&A task. Specif-
ically, we compare the model’s predicted option
against the correct answer to calculate the propor-
tion of correctly predicted samples out of the total
samples. Performance of the Retrieval Decision
Model: To assess the retrieval decision model’s
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performance relative to adaptive retrieval baseline
methods, we used the F1 score and Recall. Re-
call measures the retrieval decision model’s ability
to correctly identify all samples that genuinely re-
quire retrieval. In the high-stakes field of medical
Q&A, recall is particularly crucial, as failing to
perform necessary retrieval could lead to diagnos-
tic errors, which pose a much greater risk than the
computational cost of performing unnecessary re-
trieval. Advantage of Our Composite Uncertainty
Feature Vector: To evaluate the superiority of our
constructed composite uncertainty feature vector
relative to single uncertainty measures, we used
the AUROC score and the PRR (Prediction Rejec-
tion Ratio) score as evaluation metrics. AUROC
(Area Under the Receiver Operating Characteristic
Curve) measures the ability of the uncertainty score
to distinguish between correct and incorrect pre-
dictions. Since it is insensitive to the classification
threshold, it can globally assess the discriminative
performance of the uncertainty estimation method.
PRR (Prediction Rejection Ratio) evaluates the per-
formance of the uncertainty estimation method by
constructing a rejection curve. Specifically, this
curve describes how the average generation qual-
ity of the samples varies with the threshold when
only samples whose uncertainty score is below a
certain threshold are retained. The PRR index is
calculated by taking the difference between the
Area Under the Curve (AUC) of the evaluated un-
certainty method and the AUC of the random strat-
egy, divided by the difference between the AUC
of the ideal (Oracle) strategy and the AUC of the
random strategy, thereby achieving normalization.
The PRR ranges from 0.0 to 1.0, where a higher
value indicates better performance of the uncer-
tainty estimation method. The calculation formula
is as follows:

PRR =
AUCunc − AUCrnd

AUCoracle − AUCrnd
, (38)

where AUCunc is the Area Under the Curve for the
uncertainty method being evaluated, AUCrnd is the
Area Under the Curve for random ranking, and
AUCoracle is the Area Under the Curve for the ideal
ranking based on true quality scores.

O Case Study

We validate the effectiveness of the dual-stage deci-
sion framework through three representative cases.
D2-RAG successfully handles three typical scenar-
ios: (a) avoiding unnecessary retrieval when the

model has sufficient knowledge (Figure 10), (b) am-
plifying the contribution of high-quality retrieved
documents (Figure 11), and (c) suppressing the
interference from noisy context (Figure 12). In
all cases, Naive RAG produces incorrect answers
while D2-RAG outputs correct ones.
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Question

Question:

An 85-year-old man with terminal stage colon cancer formally designates his best friend as his medical durable power of attorney. After several courses of chemotherapy and surgical 

intervention, the patient’s condition does not improve, and he soon develops respiratory failure. He is then placed on a ventilator in a comatose condition. His friend with the 

medical power of attorney tells the care provider that the patient would not want to be on life support. The patient’s daughter disputes this and says that her father needs to 

keep receiving care, in case there should be any possibility of recovery. Additionally, there is a copy of the patient’s living will in the medical record which states that, if necessary, 

he should be placed on life support until full recovery. Which of the following is the most appropriate course of action?

Options:

A) The durable medical power of attorney’s decision should be followed.

B) Follow the daughter’s decision for the patient

C) Contact other family members to get their input for the patient

D) Act according to the patient’s living will

E) Withdraw the life support since the patient’s chances of recovery are very low

Ground Truth:

D) Act according to the patient’s living will

Zero-Shot

RAG D² - RAG

Answer:

The correct answer is 

D) Act according to the 

patient's living will.

In this scenario, the 

patient has already 

designated his wishes 

regarding end-of-life 

care through….

LLM

Retriever

K documents
[Document1]

......Durable power of attorney for health care (DPOAHC): Legally 

designates a surrogate health care decision maker if a patient lacks 

decision-making capacity. More flexible than a living will Surrogates 

should make decisions consistent with the person’s stated wishes.…

[Document2]

The US Supreme Court........that mentally incompetent patients can 

exercise this right by providing “clear and convincing evidence” of their 

preferences. Because advance care directives permit patients to provide 

such evidence, commentators agree that they are constitutionally 

protected.......

[Docunment3]

However, the durable power of attorney at least allows patients to 

choose the person who will eventually make prudential decisions on their 

behalf and in their best interests; therefore, respecting the judgment of 

the surrogate is a way of respecting the self-determination of the 

incapacitated patient....

Answer:

The correct answer is A) The durable 

medical power of attorney's decision should 

be followed. According to the text, when a 

patient has designated a surrogate decision 

maker ......that person's decisions

Misled by Noise Context !

LLM

Retrieval Decision
 Model

Calculate Uncertainty Scores

X = [0.01, 0.8, 0.5……0.2, 0.09. 0.1]

No Retrieval

Answer:

The correct answer is D) Act 

according to the patient's living 

will.

In this scenario, the patient 

has already designated his 

wishes regarding end-of-life care 

through….

LLM

Internal knowledge sufficient → Skip retrieval !

Strong Relevance

Strong Relevance

Noise Context

Figure 10: Case study: Avoiding unnecessary retrieval. The model has sufficient parametric knowledge to answer
correctly, and D2-RAG skips retrieval while Naive RAG retrieves irrelevant documents leading to an incorrect
answer.

15380



Question

Question:

An 8-year-old boy is brought to the physician by his parents because of repeated episodes of “daydreaming.” The mother reports that during these episodes the boy interrupts his 

current activity and just “stares into space.” She says that he sometimes also smacks his lips. The episodes typically last 1–2 minutes. Over the past 2 months, they have occurred 

2–3 times per week. The episodes initially only occurred at school, but last week the patient had one while he was playing baseball with his father. When his father tried to talk to 

him, he did not seem to listen. After the episode, he was confused for 10 minutes and too tired to play. The patient has been healthy except for an episode of otitis media 1 year 

ago that was treated with amoxicillin. Vital signs are within normal limits. Physical and neurological examinations show no other abnormalities. Further evaluation of this patient is 

most likely to show which of the following findings?

Options:

A) Defiant behavior towards figures of authority

B) Impairment in communication and social interaction

C) Temporal lobe spikes on EEG

D) Conductive hearing loss on audiometry

E) Normal neurodevelopment

Ground Truth:

C) Temporal lobe spikes on EEG

Zero-Shot

RAG

D² - RAG

Answer:

The correct answer is 

E) Normal 

neurodevelopment.

Based on the description 

provided, the boy's 

symptoms are 

consistent with absence 

seizures. Absence 

seizures typically 

present as….

LLM

Retriever

K documents
[Document1]

......but without loss of consciousness, think simple partial seizures. If a 

patient presents with an episode of lip smacking associated with an 

impaired level of consciousness and followed by confusion, think complex 

partial seizures. Both simple partial and complex partial seizures......

[Document2]

......generalized tonic-clonic seizures. Generalized absence seizures 

(formerly called “petit mal”) are brief episodes of unconsciousness (4–

20 seconds, usually <10 seconds) with no warning and immediate 

resumption of consciousness (no postictal abnormality). Generalized 

absence seizures most commonly.......

[Docunment3]

Children with clinical signs and symptoms of meningitis (neck stiffness, 

Kernig sign, Brudzinski sign), or history or physical examination 

suggestive of intracranial infection, should undergo a lumbar puncture.....

Answer:

Based on the provided medical documents,  

would select:

A) Defiant behavior towards figures of 

authority

The description of the boy's episodes 

("daydreaming," staring into space, 

smacking his lips, and being unresponsive to 

external stimuli)......

Failed to utilize the context !

LLM

Calculate Uncertainty Scores

X = [0.01, 0.04, 0.3……0.2, 0.09. 0.1]

Need Retrieval

Answer:

C) Temporal lobe 

spikes on EEG.

Model uncertain → Need retrieval !

LLMLLM

Retrieval Decision Model
[Document1]

......but without loss of consciousness, think simple partial 

seizures. If a patient presents with an episode of lip smacking 

associated with an impaired level of consciousness and followed 

by confusion, think complex partial seizures. Both simple partial 

and complex partial seizures......

[Document2]

......generalized tonic-clonic seizures. Generalized absence seizures 

(formerly called “petit mal”) are brief episodes of 

unconsciousness (4–20 seconds, usually <10 seconds) with no 

warning and immediate resumption of consciousness (no postictal 

abnormality). Generalized absence seizures most commonly.......

[Docunment3]

Children with clinical signs and symptoms of meningitis (neck 

stiffness, Kernig sign, Brudzinski sign), or history or physical 

examination suggestive of intracranial infection, should undergo a 

lumbar puncture.....

Calculate 

Utility Score

Relevant Context

｝

Adaptive Contrastive Decoding

Succeeds in utilizing the context !

Retriever

Strong Relevance

Strong Relevance

Irrelevant
Strong Relevance

Strong Relevance

Irrelevant

Figure 11: Case study: Amplifying helpful context. D2-RAG leverages high-quality retrieved documents through
positive contrastive decoding, while Naive RAG fails to fully utilize the relevant information.
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Question

Question:

A 26-year-old woman presents with episodes of intermittent fever, arthralgias, constant fatigue, weight loss, and plaque-like rash on sun-exposed areas, which have been gradually 

increasing over the last 6 months. On presentation, her vital signs include: blood pressure is 110/80 mm Hg, heart rate is 87/min, respiratory rate is 14/min, and temperature is 

37.5°C (99.5°F). Physical examination reveals an erythematous scaling rash on the patient’s face distributed in a ‘butterfly-like’ fashion, erythematous keratinized patches on the 

sun-exposed areas, and mild lower leg edema. During the workup, the patient is found to be positive for anti-Sm (anti-Smith) antibodies. Which process is altered in this patient?

Options:

A) Base-excision repair

B) DNA transcription

C) Protein folding

D) Mismatch repair

E) Ineffective clearance of cellular debris

Ground Truth:

E) Ineffective clearance of cellular debris

Zero-Shot

RAG

D² - RAG

Answer:

Let's think: E The 

presence of a butterfly-

like rash on the face, 

along with anti-Sm 

antibodies, is highly 

suggestive of systemic 

lupus erythem,

LLM

Retriever

K documents

[Document1]

........several sites on his face was biopsied, and two were later 

determined to be squamous cell carcinomas.

Diagnosis: AZ has xeroderma pigmentosum, a rare defect in nucleotide 

excision repair of DNA.

Treatment: Protection from sunlight through use of sunscreens such as 

protective clothing that........ 

[Document2]

Small dilated blood vessels (telangiectasia) were also seen. Tissue 

from........

Diagnosis: AZ has xeroderma pigmentosum, a rare defect in nucleotide 

excision repair of DNA.

Treatment: Protection from sunlight through use of sunscreens such as 

protective clothing that reflect UV........ 

[Docunment3]

Pathogenesis: ... poorly-cleared apoptotic debris (e.g., from UV damage) 

activates self-reactive lymphocytes, which then produce antibodies to 

host nuclear antigens......

Answer:

Based on the symptoms and laboratory 

findings, the patient has Systemic Lupus 

Erythematosus (SLE), a multisystem 

autoimmune disorder.

The correct answer is:

A) Base-excision repair

Base-excision repair is a DNA repair

Misled by Distracting Context !

LLM

Calculate Uncertainty Scores

X = [0.01, 0.04, 0.3……0.2, 0.09. 0.1]

Need Retrieval

Answer:

E) Ineffective 

clearance of cellular 

debris.

Model uncertain → Need retrieval !

LLMLLM

Retrieval Decision Model
[Document1]

........several sites on his face was biopsied, and two were later 

determined to be squamous cell carcinomas.

Diagnosis: AZ has xeroderma pigmentosum, a rare defect in 

nucleotide excision repair of DNA.

Treatment: Protection from sunlight through use of sunscreens 

such as protective clothing that........ 

[Document2]

Small dilated blood vessels (telangiectasia) were also seen. Tissue 

from........

Diagnosis: AZ has xeroderma pigmentosum, a rare defect in 

nucleotide excision repair of DNA.

Treatment: Protection from sunlight through use of sunscreens 

such as protective clothing that reflect UV........ 

[Docunment3]

Pathogenesis: ... poorly-cleared apoptotic debris (e.g., from UV 

damage) activates self-reactive lymphocytes, which then produce 

antibodies to host nuclear antigens......

Calculate 

Noise Context

｝

Adaptive Contrastive Decoding

Successfully avoided interference from the noisy context !

Retriever

Noise Context

Noise Context

Week Relevance

Noise Context

Noise Context

Week Relevance
Utility Score

Figure 12: Case study: Suppressing noisy context. D2-RAG mitigates the interference from misleading retrieved
documents through negative contrastive decoding, while Naive RAG is misled by the noise.
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