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Abstract

Retrieval-Augmented Generation (RAG) has
become a standard paradigm for grounding
Large Language Models (LLMs) with exter-
nal knowledge. However, RAG performance
often degrades substantially when faced with
noisy, outdated, or conflicting retrieved infor-
mation. In this work, we empirically demon-
strate that Prior-Guided Reasoning—a strategy
that explicitly elicits the model’s parametric
knowledge as prior information to guide reason-
ing on retrieved documents—effectively miti-
gates the impact of external conflicts. Build-
ing on this, we propose BrPr (Bernoulli-
gated reinforcement learning for Prior-Guided
reasoning), a framework that achieves robust
performance across varying degrees of exter-
nal inconsistency. Furthermore, by employing
a Bernoulli-gated dropout mechanism during
training, BrPr distills the prior-driven reasoning
capability into the model parameters, enabling
efficient latent reasoning without explicit prior
generation. The experimental results demon-
strate that BrPr consistently exhibits superior
robustness to external conflicts and noise.

1 Introduction

Retrieval-Augmented Generation (RAG) has
emerged as a pivotal paradigm for extending the
knowledge boundaries of Large Language Models
(LLMs) (Yang et al., 2025; Guo et al., 2025). By
dynamically integrating external knowledge during
inference, RAG empowers models to transcend the
limitations of their static training data, producing
outputs that are more factually precise and contex-
tually grounded (Gao et al., 2024).

Despite the significant advances enabled by
RAG, the dependency on external retrieval intro-
duces a new set of vulnerabilities, particularly
when the retrieved corpus contains conflicting
or noisy information (Xu et al., 2024; Cuconasu
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Figure 1: A comparison of RAG inference strategies
under noisy and conflicting retrieval. Prior-Guided CoT
leverages elicited parametric knowledge as background
information, enabling prior-guided reasoning with cor-
rect answer generation where standard methods fail.

et al., 2024). Previous studies (Shi et al., 2023;
Mansurova et al., 2024; Amiraz et al., 2025) have
empirically demonstrated that irrelevant or mislead-
ing passages significantly degrade performance in
Question Answering (QA) tasks.

Existing research has explored many paradigms
to mitigate knowledge conflicts, ranging from in-
context prompting strategies (Zhou et al., 2023)
that utilized manual heuristics to elicit model rea-
soning to decoding-based approaches (Yuan et al.,
2024a; Shi et al., 2024) that leveraged contrastive
decoding-like method to adjust the probabilities
of output tokens in conflicting scenarios. Be-
yond these inference-time adjustments, other stud-
ies focused on enabling models to learn the dis-
criminative features of gold and noisy documents
through supervised fine-tuning or preference op-
timization (Fang et al., 2024; Zhang et al., 2025).
Another line of methods (Wang et al., 2025; Hu
et al., 2025b) introduced multi-agent frameworks
that facilitate multi-round debates between LLM
agents to resolve inter-document discrepancies.
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However, these approaches often fail to fully ex-
ploit internalized world knowledge (Yu et al., 2023;
Zhang et al., 2023) for document conflict resolu-
tion. To bridge this gap, we propose Prior-Guided
Reasoning, a strategy that explicitly elicits para-
metric knowledge as prior information to guide
its reasoning on retrieved documents. As illus-
trated in Figure 1, under this paradigm, the model
first elicits its internal knowledge (e.g., "located
in Netherlands") to establish a semantic baseline.
This baseline then functions as a critical evaluative
anchor (e.g., "Doc 1 correctly mentions The Hague
in Netherlands"), allowing the model to distinguish
between misleading conflicts or irrelevant noise.

Through empirical (Sec. 2.1) and theoretical
analysis (Sec. 2.2), we demonstrate the perfor-
mance improvements yielded by naive prior-guided
reasoning. However, we also identify a critical ro-
bustness trade-off: the model may ignore factual
external documents in favor of its own parametric
biases. This behavior becomes particularly detri-
mental when the model’s internal knowledge is
erroneous or outdated. Moreover, explicit exter-
nalization of parametric knowledge entails a high
inference latency due to sequence expansion.

To this end, we propose BrPr (Bernoulli-gated
reinforcement learning for Prior-Guided reasoning).
We utilize Reinforcement Learning (RL) to opti-
mize the utilization of the model’s prior knowl-
edge. Through trial-and-error exploration with
explicit feedback, the model learns to better rec-
oncile parametric priors with document conflicts.
To improve inference efficiency, we introduce a
Bernoulli-gated dropout mechanism that stochasti-
cally omits explicit prior generation during training.
It compels the model to maintain performance in
the absence of prior guidance. This objective effec-
tively distills the prior-driven reasoning capability
into the model parameters, fostering a robust and
efficient latent reasoning process without explicit
prior generation.

Experiments conducted on the synthetic con-
flict dataset RAG-Bench (Fang et al., 2024), which
includes Natural Questions (NQ) (Kwiatkowski
et al., 2019), TriviaQA (Joshi et al., 2017), and We-
bQuestions (WebQ) (Berant et al., 2013), demon-
strate that BrPr substantially improves model ro-
bustness under varying levels of external incon-
sistency. Moreover, results on Wikipedia-based
retrieval benchmarks indicate the strong general-
ization of BrPr across diverse retrieval scenarios.

The contributions of this paper are as follows:

• Through empirical and theoretical analysis on
multi-document QA tasks, we demonstrate
that prior-guided reasoning effectively miti-
gates the volatility of external knowledge by
providing an evaluative anchor that grounds
the model’s reasoning in conflicting or noisy
information.

• This paper proposes BrPr, a method that
achieves robust and efficient performance
across conflicts and noises. Experimental re-
sults demonstrate that BrPr provides superior
robustness against external conflicts with low
computational overhead.

2 Externalizing Internal Knowledge as
prior information

Standard RAG models θ generate a response y =
(a, c)—comprising an answer a and an optional
Chain-of-Thought (CoT) c sequence (Wei et al.,
2022)—as Pθ(y|x, d) given query x and docu-
ments d. To mitigate performance degradation
from noisy or conflicting external data, we pro-
pose eliciting the model’s internal knowledge z ∼
Pθ(z|x) as prior information, thereby enhancing
robustness against external knowledge volatility.

2.1 Analysis on Task Performance
To evaluate this hypothesis, we conduct a series
of comparative analyses using the Qwen2.5-7B-
Instruct (Yang et al., 2025) model on the conflict-
centric RAG-Bench (Fang et al., 2024). We specif-
ically examine the performance variations across
following strategies. Detailed prompts and data
description are provided in Appendix B.

(i) Parametric Answer: Pθ(a, c|x), generating
the answer without documents.

(ii) Direct Inference: Pθ(a|x, d), generating the
answer directly without reasoning.

(iii) Standard CoT: Pθ(a, c|x, d), incorporating
a reasoning chain without explicit internal
knowledge.

(iv) Joint CoT: Pθ(a, c, z|x, d), where back-
ground knowledge z is generated within a
unified reasoning chain.

(v) Prior-Guided CoT: Pθ(a, c|x, z, d), where
internal knowledge z is elicited in an initial
stage z ∼ Pθ(z|x) as prior information.

Table 1 illustrates a clear trade-off between strat-
egy complexity and the volume of external dis-
tractors. As documents become noisier (from Doc
2 to Doc 10), externalizing internal knowledge as
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Table 1: Performance comparison of different strategies
on the RAG-Bench test set. For document count >
1, the other documents are sampled from noisy and
conflicting ones corresponding to the same query.

Methods Doc 1 (Gold) Doc 2 Doc 5 Doc 10

EM F1 EM F1 EM F1 EM F1

NQ
Parametric Answer 28.73 37.35
Direct Inference 60.46 69.81 51.75 61.96 38.20 47.73 31.13 39.85
Standard CoT 59.46 69.11 52.35 62.14 42.14 52.79 36.73 47.79
Joint CoT 57.36 68.18 50.75 60.98 42.94 54.40 38.74 50.34
Prior-Guided CoT 52.95 62.64 53.85 63.93 48.04 58.28 41.94 52.92

TriviaQA
Parametric Answer 59.86 64.89
Direct Inference 79.18 84.68 74.17 79.56 64.56 70.86 53.54 62.96
Standard CoT 79.68 85.02 76.98 82.39 67.36 74.50 58.76 66.10
Joint CoT 79.34 84.87 76.18 81.49 70.07 76.49 61.36 69.14
Prior-Guided CoT 76.87 82.48 77.17 82.35 75.18 81.12 69.37 75.70

WebQ
Parametric Answer 26.63 46.01
Direct Inference 40.44 58.39 33.63 52.62 27.93 44.96 20.32 34.63
Standard CoT 38.53 55.24 33.43 51.83 28.63 47.30 23.92 42.75
Joint CoT 36.34 54.95 34.63 53.13 32.63 51.41 25.22 43.85
Prior-Guided CoT 37.24 54.81 35.24 53.74 34.03 52.33 28.83 47.58
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Figure 2: Impact of prior knowledge z on output uncer-
tainty: entropy analysis across four data subsets follow-
ing the transition from p(y|x, d) to p(y|x, z, d).

prior information significantly enhances robustness.
Prior-Guided CoT effectively mitigates the volatil-
ity of external knowledge by providing a stabiliz-
ing anchor that grounds the model’s reasoning in
conflicting or noisy information. Conversely, in
gold setting (Doc 1), simple strategies (Direct and
Standard CoT) consistently achieve efficient perfor-
mance while minimizing generation overhead (w/o
z). This indicates that prior knowledge may induce
a prejudicial reliance on internal biases, even when
accurate external information is available. This
issue becomes prominent when the model’s inter-
nal knowledge is unreliable. For instance, Prior-
Guided CoT significantly underperforms the Direct
method demonstrated by the drop from 60.46% to
52.95% on the NQ benchmark.

2.2 Analysis on Information Gain
Furthermore, to quantify the contribution of z to
the output y, we employ Monte Carlo estimation

to approximate the conditional mutual informa-
tion (CMI) (Cover and Thomas, 2006), defined
as I(Y ;Z|X,D). CMI captures the reduction in
output uncertainty when conditioning on internal
knowledge z:

I(Y ;Z|X,D) = H(Y |X,D)−H(Y |X,Z,D)

where H(Y |X,D) is the conditional entropy of
the output given only external contexts, and
H(Y |X,Z,D) denotes the entropy when both ex-
ternal contexts and model’s internal knowledge are
available.

CMI serves as an empirical measure of the
marginal information gain contributed by the inter-
nal knowledge z. Within this framework, a positive
information gain (I > 0) is manifested as a reduc-
tion in entropy (Hw/ z < Hw/o z), indicating that
the prior z effectively constrains the output space1.
Detailed settings are provided in Appendix B.3.

As illustrated in Figure 2, the significant entropy
drop observed in the "wrong → correct" category
provides empirical evidence that z can serve as
a high-quality prior, effectively reducing the pre-
dictive entropy and steering the model toward the
correct response. Conversely, data where entropy
increases suggest that the prior knowledge also in-
troduces noise and the model lacks the capacity to
reconcile the prior with the provided context.

To overcome this limitation, this paper intro-
duces BrPr, which optimizes the model’s ability to
reconcile parametric priors with external informa-
tion from multiple retrieved documents.

3 BrPr: Bernoulli-gated Reinforcement
learning for Prior-Guided Reasoning

With the goal of achieving robust and efficient per-
formance across conflicts and noises, we propose
BrPr method, as illustrated in Figure 3.

First, within the prior-guided reasoning strategy
(Sec. 3.1), we employ the Group Relative Policy
Optimization (GRPO) algorithm (Shao et al., 2024)
within the framework of Reinforcement Learning
from Verifiable Rewards (RLVR) to strengthen the
model’s ability to reconcile parametric priors with
multiple retrieved documents (Sec. 3.2). This train-
ing objective explicitly optimizes the alignment
between intermediate reasoning chains and verifi-
able outcomes. Through explorative trial-and-error

1To isolate the marginal information gain attributed to the
internal knowledge z, we bypass the intermediate reasoning
chain and constrain the response y to the target answer a (i.e.,
y = a).
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Figure 3: An overview of the BrPr framework. In the 1st stage, the model’s prior background knowledge about
the query is externalized as a latent variable z. In the 2nd stage, we employ the GRPO algorithm integrated with
a Bernoulli-gated dropout mechanism on the prior variable z. This strategy encourages the model to distill the
prior-driven reasoning capability into the model parameters.

guided by explicit feedback, the model learns to
reconcile between its internal knowledge and exter-
nal documents.

Second, to improve inference efficiency, we pro-
pose distilling the prior-guided reasoning capability
into the model’s latent reasoning process. Con-
cretely, we introduce a Bernoulli-gated dropout
mechanism on the prior variable z during training
(Sec. 3.3). By stochastically omitting the explicit
prior generation, we encourage the model to im-
plicitly infer z and reason within its latent parame-
ters, effectively consolidating the reasoning process
without requiring additional generation steps.

3.1 Stage I: Externalizing Internal Knowledge

The model first externalizes its parametric back-
ground knowledge by generating a response z ∼
Pfix(z|x). This stage transforms latent parametric
knowledge into an explicit textual representation.
The prior-guided prompt template is described in
Appendix B.2.

The parametric knowledge generator is kept
fixed as the initialized model throughout the train-
ing phase to prioritize reasoning over memoriza-
tion. It ensures that the model’s performance stems
from its ability to process external documents in
the next stage.

3.2 Stage II: Reasoning under Conflicts

To augment the model’s reasoning capabilities,
we utilize GRPO for policy optimization within
the knowledge-prior framework. Specifically, the
model takes the prior knowledge z—obtained from

Stage I—alongside the query x and retrieved docu-
ments d as inputs. The output trajectory τ consists
of a structured reasoning trace and a final answer,
following the structure in (Guo et al., 2025).

For each input x and d, GRPO generates a group
G of trajectories {τi}|G|

i=1 using the current policy
πθ. It performs multiple rollouts per task and cal-
culates the relative reward within the group as the
advantage. GRPO optimizes the following objec-
tive:

J (θ) = E(x,d)∼P,z∼Pref ,z̃∼Bern(λ;z),{τi}Gi=1∼πθold[
1

G

G∑

i=1

(
1

|τi|

|τi|∑

t=1

min
(
rθÂi, clip (rθ, 1− ϵ, 1 + ϵ) Âi

))]
,

rθ =
πθ(yi,t|x, z̃, d, yi,<t)

πθold(yi,t|x, z̃, d, yi,<t)
(1)

where the prior z̃ is formulated through a Bernoulli-
gated dropout mechanism, where z̃ = z with prob-
ability λ and z̃ = ∅ with probability 1 − λ. ϵ is
the clipping ratio, and πref serves as the reference
policy—acting as both a regularization constraint
and the parametric knowledge generator.

The term Âi =
ri−µr

σr
represents the standard-

ized advantage of trajectory τi, where ri is the re-
ward assigned to the trajectory, and µr and σr are
the mean and standard deviation of the rewards
within group G, respectively. The total reward R
is defined as:

R = Iformat · rscore, rscore = F1score(ai, ŷ) (2)

where Iformat is an indicator function that equals
1 if the trajectory format is correct, and 0 other-
wise. The F1score measures the correctness of the
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model’s prediction ai compared to the ground-truth
label ŷ.

3.3 Bernoulli-gated Knowledge Dropout
To bridge the gap between explicit prior-guided
reasoning and implicit latent inference, we treat
the prior knowledge z as a stochastic variable.
Formally, the sampling process is governed by a
Bernoulli distribution b ∼ Bernoulli(λ), such that
the effective prior z̃ alternates between the explicit
prior z and a null state ∅.

While Eq. 1 provides the operational GRPO ob-
jective based on advantage-weighted policy ratios,
its optimization can be theoretically interpreted as
maximizing a joint log-likelihood. Specifically, the
behavior of the model under the Bernoulli gate
aligns with the following objective J (θ):

J (θ) = P (z̃ = z) · J2(θ) + P (z̃ = ∅) · J1(θ)

= λ · J2(θ) + (1− λ) · J1(θ) (3)

where λ represents the probability of retaining z 2,
and the objects can be reformulated as:

J2(θ) = logPθ(y|x, z, d),J1(θ) = logPθ(y|x, d)
(4)

Through theoretical derivations in Appendix C,
this objective function can be approximated with
the KL divergence (Kullback and Leibler, 1951).
By taking the expectation of J (θ) under the full-
information distribution P (y|x, z, d), we obtain:

Ey∼P [J (θ)] ≈ E[logP (y|x, z, d)]−
(1− λ) · KL[P (y|x, z, d)||P (y|x, d)] (5)

By optimizing L(θ), the model is encouraged
to align the non-prior distribution with the prior-
augmented distribution. This alignment facilitates
the internalization of prior-guided reasoning within
the model’s parameters, allowing it to maintain
high accuracy when the explicit prior z is omitted.

4 Experiments

4.1 Settings
Dataset Construction. To assess the robust-
ness of LLMs against retrieval noise and conflict,
we utilize the test set from RAG-Bench (Fang
et al., 2024), which includes the NQ (Kwiatkowski
et al., 2019), TriviaQA (Joshi et al., 2017), and

2We assign a default value of 0.5 for λ, with a comparative
study regarding the impact of varying this parameter detailed
in Table 6.

WebQ (Berant et al., 2013). For each query, this
benchmark provides both conflicting documents
and noisy documents that do not contain the cor-
rect answer. To analyze model performance under
varying degrees of interference, we modulate the
number of input documents k ∈ {1, 2, 5, 10}. In
the k = 1 configuration, only the gold document
is provided. For k > 1, additional documents are
sampled from the respective noisy and conflicting
document pools within RAG-Bench. Further de-
tails are provided in Appendix B.1.

To reflect distractor information in real-world
retrieval, we employ the pre-processed English
Wikipedia dump from December 2018, as released
by Karpukhin et al. (2020), as our corpus. We
utilize a supervised retriever, DPR (Karpukhin
et al., 2020), followed by two distinct rerank-
ing methods—BGE-m3 (Chen et al., 2024) and
UR³ (Yuan et al., 2024b)—to obtain the top k doc-
uments for each query, where k ∈ {5, 20, 50}.

We additionally employ the HotpotQA (Yang
et al., 2018) and 2Wikimultihopqa (Ho et al.,
2020) for a multi-hop reasoning evaluation in Ap-
pendix D.

Models. We conduct our experiments using the
Qwen2.5-7B-Instruct (Yang et al., 2025) and
Qwen3-8B (Team, 2025) models for both training
and inference.

Baselines. We first evaluate several training-free
method: (1) Direct Inference: The model gener-
ates answers directly based on the provided exter-
nal knowledge (Lewis et al., 2020). (2) Prompt-
based Methods: Based on CoT (Wei et al., 2022),
we employ three strategies to evaluate model perfor-
mance: Standard CoT, Joint CoT, and Prior-Guided
CoT (see Sec. 2.1). (3) Decoding-based Meth-
ods: Self-Consistency (SC) (Wang et al., 2023)
decoding enhances reasoning via diverse path sam-
pling and majority voting3. COIECD (Yuan et al.,
2024a) employs a contextual information-entropy
constraint to mitigate contextual conflicts by adjust-
ing token probabilities. (4) Multi Agent Debate:
MADAM-RAG (Wang et al., 2025) uses a multi-
agent framework to handle conflicts, misinforma-
tion, and noise in retrieved content4.

Then our evaluation further extends to training-
based methods: (5) Fine-tuning: RALM (Lin

3For all evaluations, we employ a sampling size of 10.
4For a fair comparison, we adapt the original 72B agent

setup to the 7B/8B scale used in our other experiments.
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Table 2: EM and F1 scores on the GAR-Bench test set. In the k = 1 configuration, only the gold document is
provided; for k > 1, the input is augmented with documents sampled from the RAG-Bench noisy and conflicting
pools. Best results for training-free and training-based models are indicated by underlining and bolding, respectively.

NQ TriviaQA WebQ

Doc 1 Doc 2 Doc 5 Doc 10 Doc 1 Doc 2 Doc 5 Doc 10 Doc 1 Doc 2 Doc 5 Doc 10
Method EM F1 EM F1 EM F1 EM F1 EM F1 EM F1 EM F1 EM F1 EM F1 EM F1 EM F1 EM F1

Qwen2.5-7B-Instruct

w/o parameter update
Direct 60.46 69.81 51.75 61.96 38.20 47.73 31.13 39.85 79.18 84.68 74.17 79.56 64.56 70.86 53.54 62.96 40.44 58.39 33.63 52.62 27.93 44.96 20.32 34.63
COIECD 61.26 71.03 53.65 63.43 44.04 54.87 33.63 46.26 78.48 83.99 74.87 80.26 67.57 74.98 52.55 64.32 39.44 58.06 33.13 52.80 27.53 46.52 20.82 41.06
SC 61.96 71.23 55.06 61.71 46.85 56.97 39.94 50.02 81.78 87.05 78.38 83.56 70.87 77.39 62.86 69.98 38.83 57.36 34.83 53.20 31.13 49.74 24.82 42.27
MADAM-RAG 62.05 72.26 53.31 64.79 43.67 55.42 31.65 44.04 75.19 85.55 69.91 79.99 65.19 75.49 55.84 66.90 45.86 62.43 39.18 58.52 32.61 50.59 28.60 45.70
Standard CoT 59.46 69.11 52.35 62.14 42.14 52.79 36.73 47.79 79.68 85.02 76.98 82.39 67.36 74.50 58.76 66.10 38.53 55.24 33.43 51.83 28.63 47.30 23.92 42.75
Joint CoT 57.36 68.18 50.75 60.98 42.94 54.40 38.74 50.34 79.34 84.87 76.18 81.49 70.07 76.49 61.36 69.14 36.34 54.95 34.63 53.13 32.63 51.41 25.22 43.85
Prior-Guided CoT 52.95 62.64 53.85 63.93 48.04 58.28 41.94 52.92 76.87 82.48 77.17 82.35 75.18 81.12 69.37 75.70 37.24 54.81 35.24 53.74 34.03 52.33 28.83 47.58

w/ parameter update
RAAT 68.17 74.34 67.07 73.59 63.87 70.30 59.96 67.62 80.35 86.49 79.18 85.40 78.38 84.69 75.28 81.77 47.75 63.53 46.25 61.94 43.64 59.38 42.84 59.44
RALM 66.77 73.30 66.37 72.73 64.76 70.87 61.16 68.54 79.58 85.43 79.08 84.90 76.87 83.00 75.87 82.01 47.34 62.14 46.75 62.38 45.45 60.85 44.34 60.08
KnowPO 66.75 72.58 65.45 70.67 61.24 69.31 56.44 65.51 81.34 86.47 80.54 85.87 78.95 84.73 76.27 83.07 53.85 65.36 51.75 67.64 49.36 64.67 47.20 63.11
GRPO-RAG 69.67 75.31 69.07 75.61 65.37 73.26 62.96 70.67 83.88 88.96 83.34 89.05 82.88 87.72 80.88 86.03 62.66 70.57 62.03 71.42 62.46 72.46 61.96 71.98
BrPr (1-turn) 69.92 75.46 69.87 76.68 67.17 74.88 66.27 74.33 85.08 89.11 84.48 89.03 84.30 89.23 81.89 87.32 64.66 73.86 63.56 72.81 62.96 73.23 62.16 72.45
BrPr (2-turn) 69.41 75.25 70.07 77.34 68.97 75.55 66.57 74.45 84.71 89.41 85.49 89.14 84.38 88.96 82.48 87.57 63.95 71.22 63.36 72.88 63.16 73.24 62.26 72.50

Qwen3-8B

w/o parameter update
Direct 64.16 72.65 56.56 65.81 45.54 55.29 38.74 49.31 80.08 85.47 77.28 82.40 70.27 76.90 61.76 68.74 43.54 59.73 38.44 54.89 31.03 48.49 26.73 44.37
COIECD 63.96 72.68 56.66 65.43 46.05 55.67 37.34 48.09 81.28 86.13 77.98 82.90 70.77 77.63 61.96 68.71 43.24 59.66 38.84 54.72 30.33 47.54 26.23 43.83
SC 66.47 74.94 61.46 71.04 52.25 60.91 47.15 56.56 86.59 91.27 82.98 88.33 79.68 85.53 70.42 78.90 44.14 60.98 40.04 57.25 35.44 53.07 30.63 47.45
MADAM-RAG 66.36 74.06 57.22 68.22 45.74 60.43 40.28 49.27 84.41 90.06 80.83 86.96 78.60 86.04 69.13 78.42 49.57 65.26 43.36 58.60 33.12 54.87 31.04 46.81
Standard CoT 64.76 72.89 58.36 67.15 47.04 55.67 41.64 49.65 83.18 87.84 80.88 85.85 73.97 79.55 66.07 71.47 41.94 59.25 36.94 54.13 31.35 49.70 27.93 43.92
Joint CoT 62.06 71.30 57.26 66.72 48.35 57.59 42.64 51.59 84.48 89.16 80.18 85.54 76.27 81.20 68.97 74.77 40.24 58.39 37.84 55.73 32.63 50.77 29.03 45.13
Prior-Guided CoT 56.46 66.23 52.95 62.05 48.94 58.22 45.45 55.39 82.78 87.71 81.28 86.13 80.28 84.99 72.47 78.55 38.64 55.78 35.94 52.99 33.23 50.27 31.53 47.86

w/ parameter update
RAAT 67.87 74.50 66.97 72.92 64.86 71.85 58.26 65.66 80.68 86.35 80.18 85.71 79.88 85.69 76.48 83.12 49.75 65.07 48.95 64.20 45.75 62.13 44.64 60.94
RALM 69.17 75.23 68.77 74.12 66.17 72.30 63.67 69.59 80.18 85.87 80.78 86.04 79.97 85.13 77.34 84.50 51.05 66.28 50.45 65.17 49.55 64.04 48.95 64.06
KnowPO 67.34 74.02 66.42 72.39 65.48 72.11 62.90 68.73 81.44 86.38 81.03 85.75 80.33 85.27 78.94 84.86 60.53 69.77 59.83 68.05 55.45 65.21 53.91 63.38
GRPO-RAG 68.17 74.81 65.37 72.44 64.46 71.23 63.86 71.58 83.96 88.93 82.37 87.47 81.48 86.64 80.53 86.07 66.47 73.95 66.07 73.52 63.16 71.01 62.97 70.84
BrPr (1-turn) 69.31 75.19 68.57 74.62 68.31 75.07 66.06 73.72 85.70 90.27 85.69 90.17 82.38 87.98 81.68 86.71 67.86 74.12 66.47 74.10 64.86 73.84 64.06 73.45
BrPr (2-turn) 69.03 74.78 69.40 75.21 67.67 74.02 67.28 74.92 84.98 89.53 85.83 89.24 84.57 88.02 82.75 87.12 67.40 73.69 67.57 75.45 65.37 73.54 64.36 73.20

et al., 2024) involves fine-tuning on samples aug-
mented with diverse retrieval noise. RAAT (Fang
et al., 2024) utilizes adversarial training to distin-
guish between gold documents and noisy distrac-
tors. CARE-RAG (Chen et al., 2025) enhances
model robustness through the conflict-driven sum-
marization of all provided evidence5. (6) Prefer-
ence Optimization: KnowPO (Zhang et al., 2025)
achieves adaptive knowledge selection through a
knowledge-aware preference optimization strategy.
(7) Reinforcement Learning: GRPO-RAG em-
ploys rule-based RL to encourage the model to
perform explicit reasoning prior to generating an
answer. The training process is conducted using a
Standard CoT strategy.

Notably, all trainable models are trained exclu-
sively on the NQ training set from RAG-Bench
to evaluate their generalization capabilities across
different benchmarks. Our method can be imple-
mented using two strategies: BrPr (1-turn), which
utilizes a Standard CoT prompt, and BrPr (2-turn),
which employs the Prior-Guided CoT strategy. The
implementation details of BrPr are provided in the
Appendix E.

Metrics. We use the Exact Match (EM) and F1
scores for evaluating the performance of LLMs.

5As the training data and model weights are not publicly
available, we report the results directly from the original paper
in Table 3 for comparison.

4.2 Overall Performance

As shown in the Table 2, both variants of BrPr (1-
turn and 2-turn) consistently outperform all base-
lines across all tested models.

Importance of Prior Guidance. Among meth-
ods without parameter updates, Prior-Guided CoT
exhibits superior scalability compared to heavy-
sampling or multi-agent approaches like SC and
MADAM-RAG. As the context expands from 1
to 10 documents, the performance of other meth-
ods often declines sharply due to the accumulation
of retrieval noise and conflicting information. In
contrast, Prior-Guided CoT consistently maintains
higher scores in high-noise environments, demon-
strating that explicit prior guidance is effective for
stabilizing model reasoning.

Robustness to Noise and Conflicts. While base-
lines such as RAAT and KnowPO struggle to han-
dle the increased complexity of multi-document set-
tings, BrPr consistently yields the highest metrics
regardless of the document count or interference
level. For instance, on the NQ (Doc 10) benchmark,
BrPr-7B (2-turn) achieves an EM of 66.57%, sig-
nificantly outperforming other models like GRPO-
RAG (62.96%). This sustained performance across
conflicts and noises underscores the effectiveness
of our method and strengthening the model’s core
reasoning capabilities.
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Table 3: EM and F1 scores are reported on datasets retrieved from Wikipedia. All models are trained based on
Qwen2.5-7B-Instruct. The best-performing results are highlighted in bold.

NQ TriviaQA WebQ

Top 5 Top 20 Top 50 Top 5 Top 20 Top 50 Top 5 Top 20 Top 50
Retriever Generator EM F1 EM F1 EM F1 EM F1 EM F1 EM F1 EM F1 EM F1 EM F1

(Oracle)
DPR
w/o

reranker

CARE-RAG* 62.20 62.20 - - - - 75.40 75.70 - - - - - - - - - -
RAAT 57.05 64.72 49.58 57.68 43.41 51.30 75.11 81.04 70.32 76.46 62.92 68.93 42.17 58.13 37.20 52.90 34.71 49.68
RALM 56.41 64.52 49.42 57.46 45.16 53.26 75.52 81.25 70.61 76.27 66.40 72.32 43.07 57.70 38.53 53.22 38.46 52.78
KnowPO 57.34 65.97 50.68 58.37 45.60 53.85 76.38 82.09 72.56 79.48 66.79 73.03 50.83 62.94 44.52 58.77 42.59 54.31
GRPO-RAG 58.79 66.59 52.91 60.97 47.34 55.89 79.52 84.49 77.02 82.27 72.83 76.88 54.66 66.30 50.59 61.40 47.03 59.08
BrPr (1-turn) 59.91 67.41 53.24 61.35 48.81 57.55 78.94 84.25 76.04 81.39 72.74 77.23 54.81 66.65 50.99 62.41 48.28 59.74
BrPr (2-turn) 61.52 68.10 53.20 61.43 49.40 58.15 81.10 86.11 78.12 83.05 74.55 79.75 55.87 66.53 50.40 62.43 49.91 60.33

(Normal)
DPR
w/

BGE reranker

RAAT 42.50 50.69 41.37 49.62 37.76 46.03 61.97 69.54 60.53 67.65 53.60 60.83 28.94 42.92 29.48 43.50 27.31 41.41
RALM 41.72 50.58 40.13 48.78 39.61 48.43 62.30 69.47 61.13 67.91 57.67 64.70 29.77 43.52 30.12 43.64 30.66 44.22
KnowPO 41.34 50.74 40.94 49.03 40.57 49.29 63.45 70.74 61.58 68.10 58.97 65.46 32.44 45.81 31.82 44.39 30.53 44.24
GRPO-RAG 43.00 52.11 43.43 52.45 41.89 51.39 65.53 72.32 64.93 71.55 62.63 69.31 37.29 49.92 38.98 49.76 38.98 49.47
BrPr (1-turn) 43.57 52.09 42.47 51.48 41.66 51.04 66.13 73.85 65.47 72.02 63.03 70.00 37.84 49.76 39.03 50.61 39.71 49.03
BrPr (2-turn) 45.29 54.38 43.77 52.62 42.44 52.15 66.97 74.02 65.33 71.82 63.73 70.44 37.99 50.01 38.70 49.93 39.07 50.57

(Normal)
DPR
w/

UR³ reranker

RAAT 41.72 50.31 42.23 50.07 36.93 44.62 62.83 70.18 60.93 67.94 54.23 61.26 29.13 43.44 29.43 43.68 27.76 41.32
RALM 40.33 49.43 40.67 49.27 38.72 47.33 62.97 69.88 61.53 68.40 58.19 65.20 29.72 43.23 30.27 44.20 30.61 44.25
KnowPO 42.52 51.07 41.92 50.86 40.37 49.27 64.35 71.47 62.82 69.46 60.82 66.43 34.57 45.69 34.96 45.81 32.51 46.03
GRPO-RAG 43.13 51.88 44.27 53.08 41.87 50.72 66.03 72.82 65.20 71.86 63.77 70.16 38.48 49.93 38.81 50.53 37.92 48.91
BrPr (1-turn) 43.50 52.12 44.59 53.32 42.73 51.78 66.70 73.28 66.07 73.00 63.54 70.48 38.29 50.21 38.63 50.46 39.07 50.38
BrPr (2-turn) 44.20 53.34 44.62 53.27 42.03 51.26 67.41 74.21 66.71 73.41 64.31 70.62 38.53 50.55 39.12 50.81 38.61 49.59

* As the training data and model weights are not publicly available, we report the results directly from the original publication.
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Figure 4: Training rewards under explicit or absent prior
within bernoulli-gated mechanism.

The Effects of KL Divergence. As shown in Ta-
ble 2, the 1-turn model yields performance compet-
itive with the explicit 2-turn model, thereby demon-
strating the effectiveness of our training objective
in implicitly regularizing the distribution via KL
divergence. Specifically, under the gold setting, the
2-turn model exhibits inferior performance com-
pared to the one-turn variant, mirroring the trend
observed in training-free methods. This result in-
dicates that the divergence constraint merely re-
duces the distributional discrepancy between the
two models, rather than achieving full alignment.
As shown in Figure 4, by stochastically omitting
the prior knowledge z during training, the model
learns to implicitly infer factual priors within its
internal representations, resulting in steady perfor-
mance gains for the 1-turn variant.

4.3 Performance on Retrieved Documents

We evaluate the models under two distinct con-
figurations: Normal and Oracle. In the Normal
setting, the model retrieves top-k documents that
do not necessarily include the gold document. Con-
versely, in the Oracle setting, the gold document is

Table 4: Performance comparison under no-document
and all-incorrect-document settings on BGE-reranked
NQ benchmark.

Methods Top 5 Top 10 Top 20 Top 50

EM F1 EM F1 EM F1 EM F1

Qwen2.5-7B-Instruct
Parametric Answer (w/o doc) 21.07 30.35
W/o gold document 12.40 21.77 9.66 19.68 9.82 19.29 9.95 19.74

GRPO-RAG-7B
Parametric Answer (w/o doc) 25.23 33.28
W/o gold document 16.17 25.96 16.96 26.50 17.13 26.66 15.00 25.28

BrPr-7B
Parametric Answer (w/o doc) 25.70 34.05
W/o gold document (1-turn) 17.30 26.87 17.63 27.69 18.29 28.03 15.52 25.48
W/o gold document (2-turn) 20.67 30.32 20.95 30.49 21.45 31.02 19.24 28.91

guaranteed to be included within the retrieved set.

Generalization Across Diverse Retrieval. The
experimental results in Table 3 across different re-
trieval configurations demonstrate the robust gener-
alization of the BrPr framework. Whether utilizing
the Oracle or Normal retrieval settings, BrPr con-
sistently achieves the highest performance across
all benchmarks. As the retrieval depth increases
from Top 5 to Top 50 documents, BrPr (2-turn)
maintains a substantial performance margin over
strong baselines like GRPO-RAG and KnowPO.

Robustness to Real-World Retrieval Noise.
The results of Normal setting reveals that BrPr is
particularly effective at mitigating the performance
degradation typically associated with lower-quality
retrieval. While all models experience a decline in
performance when moving from Oracle to Normal
retrieval settings, both BrPr variants exhibit signifi-
cantly higher resilience compared to other methods.
This indicates that our method’s reasoning process
is robust enough to handle the increased noise and
conflicting information in large-scale, real-world
retrieval scenarios.
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Figure 5: Comparison of BrPr-7B on the NQ test set
(RAG-Bench). Accuracy is measured by EM score,
while efficiency is evaluated based on inference latency.

Performance under Incorrect Contexts. Ta-
ble 4 reports the performance of three models when
no external documents are provided and when all
retrieved documents are incorrect. RL–based train-
ing methods improve the model’s ability to under-
stand and utilize parametric knowledge, leading to
a modest increase in the accuracy of parametric
answers. BrPr demonstrates a stronger capability
to select correct parametric knowledge in the pres-
ence of incorrect documents, particularly under the
2-turn strategy. These findings suggest that our
approach effectively reconciles parametric priors
with information from external documents.

4.4 Accuracy and Efficiency Comparison

In this section, we evaluate the impact of different
BrPr variants on both QA performance and com-
putational efficiency. As illustrated in Figure 5,
both variants exhibit a marginal degradation in per-
formance as the number of input documents in-
creases. Conversely, while inference latency per
query scales linearly with the document count for
both methods, the 1-turn variant maintains highly
competitive reasoning stability while simultane-
ously mitigating inference latency, achieving a tem-
poral reduction on the order of 10−2 seconds.

4.5 Case study

We present a qualitative comparison between BrPr
and a RL-trained model (GRPO-RAG) in Fig-
ure 6. It demonstrates that BrPr effectively resolves
document conflicts and noise by utilizing para-
metric knowledge as a semantic anchor, whereas
GRPO-RAG remains susceptible to external incon-
sistencies. A detailed analysis with complete in-
put–output examples is provided in Appendix G.

Query: Who sang four songs on Walk the Line?

Retrieved Documents

Doc 1 (relevant): In 2005, 
she was played by Victoria 
Hester in the movie "Walk 
the Line". . On August 8, 
2009, Carlene Carter played 

Doc 2 (irrelevant): The song 
was wriMen by the band's 
keyboardist David Paich, and 
the lead vocals were performed 
by Bobby Kimball …

Doc 3 (correct): Wind-up 
Records released the 
soundtrack in November 
2005. It featured four songs 
by Reese Witherspoon…

Doc 4 (conflicZng): same name 
released November 15, 2005 by 
Wind-Up Records. There are 
four songs performed by  
Johnny Cash,…

⚠

CORRECT ANSWER (BrPr-7B-1Turn)✅
Document1 men+ons that Carlene Carter played a role in the 
movie " Walk the Line ". Document2 men+ons Bobby Kimball 
as the lead vocalist on the song " Hold the Line ". Document3 
lists several performers, including Joaquin Phoenix and Reese 
Witherspoon. Document4 incorrectly a,ributes the 
performances to Jennifer Aniston. Therefore, the correct 
answer is Reese Witherspoon. 

      WRONG ANSWER (GRPO-RAG-7B)❌
Document1 is relevant as it mentions Carlene Carter and mentions her 
involvement in a song, which suggests she is a musician. Document2 is 
not relevant as ... Document3 is relevant as it mentions the soundtrack of 
the film “Walk the Line ”. Document4 is partially relevant as it mentions 
the soundtrack of the film “ Walk the Line ” and lists several artists who 
performed the songs like Johnny Cash . Combining all the information 
and my background knowledge about the film “Walk the Line”, I can 
conclude that Johnny Cash sang the song.

CORRECT ANSWER (BrPr-7B-2Turn)✅
First output (w/o document): "Walk the Line" is a 2005 biographical film about the life of Johnny Cash. The film's soundtrack features 
several songs, including the title track "Walk the Line", performed by Joaquin Phoenix, who played Johnny Cash in the film.
Answer output(w/ prior): Document1 mentions that Carlene Carter was played by Victoria Hester in the movie “Walk the Line ”. 
Document2 mentions Bobby Kimball as the lead vocalist on the song “Hold the Line”. Document3 lists the performers of the songs on the 
soundtrack, including Joaquin Phoenix, Reese Witherspoon, etc. Document4 lists the performers as Johnny Cash, referring to the 
character in the film rather than the actual singer. Therefore, the correct answer is Reese Witherspoon. 

Standard CoT

Prior-Guided CoT

Figure 6: Comparative visualization of reasoning paths.
Specifically, in the Standard CoT setting, GRPO-RAG
is misled by conflicting external evidence, whereas BrPr
leverages implicit internal knowledge to identify the
correct answer.

5 Related Work

While prior work has made strides in addressing
parametric and single-document conflicts (Zhou
et al., 2023; Yuan et al., 2024a), recent studies
highlight the difficulty of resolving disagreements
across multiple documents (Su et al., 2024). Most
approaches optimized the contextual knowledge
prioritization in LLMs via supervised fine-tuning
strategy (Yoran et al., 2024; Fang et al., 2024). And
KnowPO (Zhang et al., 2025) aimed to achieve
adaptive knowledge selection based on contex-
tual relevance by preference optimization strategy.
More recently, MADAM-RAG (Wang et al., 2025)
and DRAG (Hu et al., 2025b) introduced a multi-
agent framework to mitigate inter-document con-
flicts and misinformation. Furthermore, CARE-
RAG (Chen et al., 2025) derived parameter-aware
evidence by comparing internal records, but its effi-
cacy remains heavily contingent upon a pre-trained
summary generator, which may limit its flexibility
and overall performance.

DeepRAG (Guan et al., 2025) and R1-
Searcher++ (Song et al., 2025) are motivated by
similar objectives; however, R1-Searcher++ em-
phasizes retrieval efficiency, whereas DeepRAG fo-
cuses on structured, adaptive retrieval. In contrast,
BrPr addresses a distinct failure mode in RAG,
namely performance instability under conflicting
documents. Consequently, the retrieval action in
our framework is fixed—meaning the external con-
texts remain unchanged during experiments—to
specifically improve the model’s discriminative ca-
pability and accuracy under conflicts.
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6 Conclusion

We empirically demonstrate that prior-guided rea-
soning substantially mitigates the impact of exter-
nal distractors. Building on this, this paper pro-
poses BrPr method, which achieves robust and
efficient performance across conflicts and noises.
Experimental results demonstrate that BrPr signifi-
cantly improves performance and stability across
varying degrees of external inconsistency.

Limitations

While the Bernoulli-gated mechanism and the im-
plicit KL divergence constraint effectively bridge
the performance gap between the 1-turn and 2-turn
strategies, the 1-turn model’s performance is in-
herently upper-bounded by its explicit counterpart.
Our empirical results suggest that the KL diver-
gence serves as a distributional alignment tool that
facilitates approximation rather than transcendence.
Consequently, while the 1-turn model achieves su-
perior efficiency, it fails to surpass the 2-turn model
in reasoning depth, indicating that implicit latent
optimization may not fully capture the entire ex-
pressive power provided by explicit, step-by-step
reasoning sequences.
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A LLM Usage Disclosure

We use LLM for paper writing to check grammar
and boost the clarity. We do not use LLM for
research or generate experiment code.

B Experimental Settings

B.1 Detailed Description of RAG-Bench

The test set of RAG-Bench (Fang et al., 2024) incor-
porates 1,000 samples from each of three subsets:
NQ, TriviaQA, and WebQ. For each query, the
benchmark provides multiple noisy and conflict-
ing retrieval contexts. Specifically, noisy contexts
consist of documents that are topically relevant to
the query but do not contain the correct answer.
Conflicting contexts are constructed by selecting
one of the two gold passages and substituting the
correct answer entity with an incorrect one.

For Section 4, the RAG-Bench training set com-
prises 4.5k samples (1.5k per subset), where each
instance includes a gold retrieval context aug-
mented with three distractors: two noisy documents
and one conflicting document. In our experiments,
we utilize only the NQ training subset. To an-
alyze model performance across varying context
lengths, we sample 1.5k instances for each docu-
ment count k ∈ {1, 2, 3, 4}, resulting in a total of
6k training samples. While the k = 1 configuration
provides only the gold document, settings where
k > 1 incorporate a mixture of the gold document
and noisy distractors. This allows for a robust eval-
uation of the model’s performance across varying
levels of contextual interference. In this setup, each
unique query is replicated four times, each time
paired with a different number of documents. For
a fair comparison, all baseline methods follow this
identical training configuration.

B.2 Instruction Template

We adopt the following instruction template for
each prompting strategy:

Parametric Answer: Pθ(a, c|x), generating the
answer without documents.
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Parametric Answer

System
You are a helpful assistant that answers factual ques-
tions.
User
You are given a query. Please use your background
knowledge to answer the query.
Format your response strictly as follows:
<think> [step-by-step reasoning] </think>
<answer> [final answer in one or two words]
</answer>
Input
[query]: {query}
Assistant

Direct Inference: Pθ(a|x, d), generating the an-
swer directly without reasoning.

Direct Inference

System
You are a helpful assistant that answers factual ques-
tions.
User
You are given a query and several documents.
Use the provided documents combined with your
background knowledge to determine the correct fac-
tual answer.
Format your response strictly as follows:
<answer> [final answer in one or two words]
</answer>
Input
[query]: {query}
[documents]: {docs}
Assistant

Standard CoT: Pθ(a, c|x, d), incorporating a
reasoning chain without explicit internal knowl-
edge.

Standard CoT

System
You are a helpful assistant that answers factual ques-
tions.
User
You are given a query and several documents.
Use the provided documents combined with your
background knowledge to determine the correct fac-
tual answer.
Format your response strictly as follows:
<think> [step-by-step reasoning] </think>
<answer> [final answer in one or two words]
</answer>
Input
[query]: {query}
[documents]: {docs}
Assistant

Joint CoT: Pθ(a, c, z|x, d), where background
knowledge z is generated within a unified reason-
ing chain.

Joint CoT

System
You are a helpful assistant that answers factual
questions.
User
You are given a query and several documents.
First, please provide relevant background knowledge
based on query using your own parametric knowl-
edge.
Then use the provided documents combined with
your background knowledge to determine the correct
factual answer.
Format your response strictly as follows:
<background> [background knowledge]
</background>
<think> [step-by-step reasoning] </think>
<answer> [final answer in one or two words]
</answer>
Input
[query]: {query}
[documents]: {docs}
Assistant

Prior-Guided CoT: Pθ(a, c|x, z, d), where in-
ternal knowledge z is elicited in an initial stage
z ∼ Pθ(z|x) as prior information.

Prior-Guided CoT (1st Stage)

System
You are a helpful assistant that answers factual ques-
tions.
User
Please provide relevant background knowledge based
on query using your own parametric knowledge.
Format your response strictly as follows:
<think> [background knowledge] </think>
Input
[query]: {query}
Assistant

Prior-Guided CoT (2nd Stage)

User
You are given a query and several documents.
Use the provided documents combined with your
background knowledge to determine the correct fac-
tual answer.
Format your response strictly as follows:
<think> [step-by-step reasoning, combining
parametric knowledge and the provided
documents] </think>
<answer> [final answer in one or two words]
</answer>
Input
[query]: {query}
[documents]: {docs}
Assistant

B.3 Analysis on CMI
Experiments are conducted on the Natural Ques-
tions subset of the RAG-Bench test suite, utilizing
a document retrieval depth of k ∈ {1, 2, 5, 10}. As
illustrated by the x-axis in Figure 2, we stratify
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the data into four distinct partitions based on the
F1 score transitions between the baseline distribu-
tion, P (a|x, d), and the prior-guided distribution,
P (a|x, z, d). For this binary classification of cor-
rectness, a prediction is deemed correct if its F1
score relative to the ground truth exceeds a thresh-
old of 0.5; otherwise, it is classified as incorrect.

C Theoretical Derivations

C.1 The Gradient of the GRPO Objective
The GRPO objective in Eq. 1 utilizes a clipped
surrogate loss. In the neighborhood of the current
policy πθold , and assuming the clipping parame-
ter ϵ is not triggered (i.e., for small updates), the
gradient of the objective with respect to θ can be
approximated by the standard policy gradient:

∇θL(θ) ≈ E(x,d),z,z̃∼Bern(λ),{yi}Gi=1∼πθold[
G∑

i=1

Âi∇θ log πθ(yi|x, z̃, d)
]

(6)

where Âi is the advantage of the i-th trajectory
within the group G.

C.2 Marginalization over the Bernoulli Gate
The variable z̃ is sampled from a Bernoulli distribu-
tion such that z̃ = z with probability λ and z̃ = ∅
with probability 1 − λ. Using the Law of Total
Expectation, we can decompose the objective:

J (θ) = P (z̃ = z) · Eπθ
[Â | z̃ = z]+

P (z̃ = ∅) · Eπθ
[Â | z̃ = ∅] (7)

Then,

J (θ) = λ · Ey∼πθ(·|x,z,d)[Â]

+ (1− λ) · Ey∼πθ(·|x,∅,d)[Â] (8)

C.3 Mapping Advantages to Log-Likelihoods
According to Eq. 2, the reward R (and the advan-
tage Â) is a function of the correctness (F1 score)
of the generated output y relative to the ground-
truth ŷ. In the optimal limit of RL, maximizing
the expected advantage Ey∼πθ

[Â] where the re-
ward is sparse and peaked at the ground-truth y∗

is mathematically equivalent to maximizing the
log-likelihood of the ground-truth under the policy:

argmax
θ

Ey∼πθ
[Â] =⇒ argmax

θ
logPθ(y

∗|context)

Thus, we define the corresponding terms as nega-
tive log-likelihoods:

(i) For the case z̃ = z: J2 = logPθ(y|x, z, d)
(ii) For the case z̃ = ∅: J1 = logPθ(y|x, d)

C.4 Theoretical Objective
Combining the results from C.2 and C.3, the ex-
pected behavior of the model optimization under
the Bernoulli gate aligns with the weighted sum of
these likelihoods:

J (θ)

= P (z̃ = z) · J2(θ) + P (z̃ = ∅) · J1(θ) (9)

Decompose the log-likelihood term J1 as follows:

logPθ(y|x, d) = logP (y|x, z, d)−log
P (y|x, z, d)
P (y|x, d)

Then, we obtain:

J (θ)

= λJ2 + (1− λ)

(
J2 − log

P (y|x, z, d)
P (y|x, d)

)

= [λ+ (1− λ)] logP (y|x, z, d)

− (1− λ) log
P (y|x, z, d)
P (y|x, d)

= logP (y|x, z, d)− (1− λ) log
P (y|x, z, d)
P (y|x, d)

(10)

The KL divergence is defined as:

KL(P ||Q) = Ey∼P

[
log

P (y)

Q(y)

]
(11)

By taking the expectation of J (θ) with respect to
the full-information distribution P (y|x, z, d), we
obtain:

Ey∼P [J (θ)] ≈ E[logP (y|x, z, d)]−
(1− λ) · KL[P (y|x, z, d)||P (y|x, d)] (12)

The first term ensures the model maintains high
predictive fidelity under prior guidance, while the
second term—the KL divergence—serves as a dis-
tributional constraint. This formulation encourages
the model to internalize the explicit reasoning pro-
cess into its latent parameters, effectively bridging
the performance gap between the prior-guided (2-
turn) and standard (1-turn) configurations.

D Performance on Multi-hop QA

To evaluate the generalization of our method on
multi-hop reasoning tasks, we conduct experiments
on the development sets of HotpotQA (Yang et al.,
2018) (7k samples) and 2WikiMultihopQA (Ho
et al., 2020) (12k samples). For each query, we
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Table 5: Performance on Multi-hop QA Datasets. All
models are trained on Qwen2.5-7B-Instruct.

Method HotpotQA (Doc 10) 2Wiki (Doc 10)

EM F1 EM F1

Para. Answer 16.09 21.29 18.03 23.01
RAAT 28.51 38.44 26.94 35.29
RALM 28.82 38.55 30.12 38.69
KnowPO 29.10 39.72 29.46 38.03
GRPO-RAG 32.86 42.94 31.74 41.05
BrPr (1-turn) 30.94 41.40 29.02 39.49
BrPr (2-turn) 33.01 43.88 31.52 40.77

provide the model with all available documents in
the original datasets.

Table 5 shows that BrPr (1-turn) underperforms
relative to the 2-turn version and GRPO-RAG in
multi-hop tasks. This disparity primarily stems
from the inherent complexity of multi-hop tasks,
which necessitate multiple intermediate reasoning
steps; compressing such intricate logic into latent
parameters within a 1-turn framework inevitably
incurs information loss. Additionally, the low ac-
curacy of the model’s parametric answer acts as
a bottleneck for BrPr, preventing it from attaining
superior results over the GRPO-RAG baseline.

E Implementation Details

We employ Qwen2.5-7B-Instruct and Qwen3-8B as
the initial models. We utilize the OpenRLHF (Hu
et al., 2025a) framework for training. GRPO (Shao
et al., 2024) is used as the reinforcement learn-
ing algorithm. We use the train set of NQ from
RAG-Bench (Fang et al., 2024) to construct train-
ing datasets. We set the number of rollouts as 16
for one task. We set the learning rate as 5e-7, batch
size as 32, training steps as 480. We set λ as 0.5 in
Bernoulli-gated Knowledge Dropout. We conduct
the ablation study regarding the impact of varying
this parameter detailed in Table 6. We use 8 A100
GPUs for all the experiments.

All models employ identical sampling settings
during inference, with a temperature of 0.6 and a
top-p value of 0.95.

E.1 Ablation Study

As demonstrated in Table 6, optimal performance
is achieved when λ is set to 0.5. Notably, we ob-
serve that while the removal of the knowledge gate
leads to a decrease in 1-turn reasoning performance,
its efficacy still closely rivals that of the GRPO-
RAG model. A comprehensive analysis of this

Table 6: Ablation study on the BrPr method. Evaluation
is conducted on retrieved NQ dataset in Oracle setting.
All method are compared in standard CoT strategy.

Method Top 5 Top 20 Top 50

EM F1 EM F1 EM F1

BrPr-7B (λ = 0.5) 59.91 67.41 53.24 61.35 48.81 57.55
GRPO-RAG 58.79 66.59 52.91 60.97 47.34 55.89

Dropout Variants
λ = 0.8 58.84 66.93 52.79 60.94 49.23 58.20
λ = 0.2 59.75 67.37 53.04 61.22 48.55 57.03

Training Variants
w/o knowledge gate 59.28 67.05 52.37 60.84 47.89 56.33

phenomenon is provided in Appendix F, where we
demonstrate that the optimization of prior-guided
strategy can implicitly bolster the performance of
direct, 1-turn inference.

F Theoretical Analysis for Optimization
of Prior-Guided Reasoning

The prediction task in standard RAG paradigm can
be viewed as a marginalization over the intermedi-
ate latent variable z:

Pθ(y|x, d) =
∫

Pθ(y|x, z, d)Pθ(z|x, d)dz (13)

where Pθ(z|x,D) represents the prior distribution
of the model’s internal knowledge. To optimize
the parameters θ, we consider the gradient of the
log-marginal likelihood. Applying the chain rule
and the log-derivative trick (∇θP = P∇θ logP ),
the gradient can be expanded as follows:

∇θ

∫
Pθ(y|x, z, d)Pθ(z|x, d)dz =

∫ [
∇θPθ(y|x, z, d) · Pθ(z|x, d)+

Pθ(y|x, z, d) · ∇θPθ(z|x, d)
]
dz (14)

The first term optimizes the generative parameters
given the prior, while the second term refines the
prior parameters themselves. Assuming the inter-
nal knowledge prior Pθ(z|x,D) remains relatively
stable (w/o training), we focus on the first term:

∇θ logPθ(y|x, d) =
∫

Pθ(y|x, z, d)Pθ(z|x, d)
Pθ(y|x, d)

∇θ logPθ(y|x, z, d)dz (15)

By applying Bayes’ rule, the ratio in the in-
tegrand simplifies to the posterior distribution
Pθ(z|y, x,D). Consequently, the gradient of the
marginal likelihood is equivalent to the expected
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gradient of the conditional likelihood under the
posterior:

∇θ logPθ(y|x, d) = Ez∼Pθ(z|y,x,d)
[∇θ logPθ(y|x, z, d)] (16)

This derivation proves that optimizing the model to
generate y given z effectively enhances the direct
1-turn performance Pθ(y|x, d) by utilizing the pos-
terior distribution as a weighting mechanism for
training.

G Case Study

Figure 6 and Table 7 provide a qualitative compari-
son between BrPr and GRPO-RAG. In the Standard
CoT strategy, the GRPO-RAG model erroneously
relies on conflicting information within external
documents, resulting in an incorrect prediction.
Conversely, BrPr demonstrates the capacity to im-
plicitly leverage parametric knowledge acquired
during training to navigate these conflicts—such
as correctly identifying misattributions (e.g., "in-
correctly attributes the performances to Jennifer
Aniston")—to obtain the correct answer. Similarly,
in the Prior-Guided CoT strategy, the provision of
explicit background knowledge enables the model
to effectively differentiate between conflicting and
noisy documents (e.g., recognizing that "Johnny
Cash" denotes the cinematic character rather than
the actual singer), thereby facilitating more robust
reasoning.
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Query: Who sang the songs on walk the line?
Document 1: tape collection in Hendersonville and uncovered in 2003. It was then remastered
by her brother John Carter Cash. In the remastered version John added his and his wife Laura’s
(her sister-in-law) backing vocals and a guest appearance from Carlene herself—more than 25
years after she wrote and recorded the song. On June 26, 2001, a New Mexico police officer pulled
over Carter and Epstein. A search of the vehicle revealed that it was stolen and drugs were found.
In 2005, she was played by Victoria Hester in the movie ""Walk the Line"". On August 8, 2009,
Carlene Carter played a
Document 2: "Hold the Line" is a song by the American rock band Toto. The song was written by
the band’s keyboardist David Paich, and the lead vocals were performed by Bobby Kimball. The
song was released as the band’s debut single, and was featured on their debut 1978 eponymous
album. The song was a huge success in the U.S.; it reached number 5 on the ""Billboard"" Hot
100 chart during the winter of 1978–79, and number 14 on the official UK chart. Jeff Porcaro, the
band’s drummer, gave a definition for the song: ""’Hold the Line’ was a
Document 3: The feature on disc one is 17 minutes longer than the theatrical release, and disc two
features eight extended musical sequences with introductions and documentaries about the making
of the film. The film has been released on Blu-ray Disc in France, Sweden and the UK in the form
of its extended cut. The American Blu-ray features the shorter theatrical cut. Wind-up Records
released the soundtrack in November 2005. It featured nine songs performed by Joaquin Phoenix,
four songs by Reese Witherspoon, two songs by Tyler Hilton, and one song each by Waylon Payne,
Johnathan Rice, and Shooter Jennings. The album
Document 4: Walk the Line (soundtrack) Walk the Line: Original Motion Picture Soundtrack is
the soundtrack album to the 2005 biographical drama film of the same name released November
15, 2005 by Wind-Up Records. There are four songs by June Cash, one song by Jerry Lee Lewis,
one song by Roy Orbison, two songs by Elvis Presley, and one song by Waylon Jennings. At the
Golden Globe Awards, Jennifer Aniston was awarded the Best Actor - Musical
GRPO-RAG Output:
<think> Document1 is relevant as it mentions Carlene Carter and mentions her involvement in
a song, which suggests she is a musician. Document2 is not relevant as it mentions the song
without the singer. Document3 is relevant as it mentions the soundtrack of the film "Walk the Line".
Document4 is partially relevant as it mentions the soundtrack of the film "Walk the Line" and lists
several artists who performed the songs like Johnny Cash. Combining all the information and my
background knowledge about the film "Walk the Line", I can conclude that Johnny Cash sang the
song. </think>
<answer> Johnny Cash </answer>

BrPr 1-Turn Output:
<think> Document1 mentions that Carlene Carter played a role in the movie "Walk the Line".
Document2 mentions Bobby Kimball as the lead vocalist on the song "Hold the Line". Document3
lists several performers, including Joaquin Phoenix and Reese Witherspoon. Document4 incorrectly
attributes the performances to Jennifer Aniston. Therefore, the correct answer is Reese Witherspoon.
</think>

<answer> Reese Witherspoon </answer>

BrPr 2-Turn Output:
First Output: <background> "Walk the Line" is a 2005 biographical film about the life of Johnny
Cash. The film’s soundtrack features several songs, including the title track "Walk the Line",
performed by Joaquin Phoenix, who played Johnny Cash in the film. </background>
Second Output: <think> Document1 mentions that Carlene Carter was played by Victoria Hester in
the movie “Walk the Line ”. Document2 mentions Bobby Kimball as the lead vocalist on the song
“Hold the Line”. Document3 lists the performers of the songs on the soundtrack, including Joaquin
Phoenix, Reese Witherspoon, etc. Document4 lists the performers as Johnny Cash, referring to
the character in the film rather than the actual singer. Therefore, the correct answer is Reese
Witherspoon. </think>
<answer> Reese Witherspoon </answer>

Table 7: The Case comparison using the GRPO-RAG and BrPr models.
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