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Abstract

With the rapid advancement of large language mod-
els (LLMs), retrieval-augmented generation (RAG) has
emerged as a critical approach to supplement the inherent
knowledge limitations of LLMs. However, due to the typi-
cally large volume of retrieved information, RAG tends to
operate with extremely long context lengths. From the per-
spective of entropy engineering, we identify unconstrained
entropy growth and attention dilution due to long retrieval
context as significant factors affecting RAG performance.
In this paper, we propose the balanced entropy-engineered
RAG (BEE-RAG) framework, which improves the adaptabil-
ity of RAG systems to varying context lengths through the
principle of entropy invariance. By leveraging balanced con-
text entropy to reformulate attention dynamics, BEE-RAG
separates attention sensitivity from context length, ensuring a
stable entropy level. Building upon this, we introduce a zero-
shot inference strategy for multi-importance estimation and a
parameter-efficient adaptive fine-tuning mechanism to obtain
the optimal balancing factor for different settings. Extensive
experiments across multiple RAG tasks demonstrate the ef-
fectiveness of BEE-RAG.

Introduction
Retrieval-augmented generation (RAG) has emerged as a
transformative paradigm for augmenting large language
models (LLMs) with dynamically integrated external knowl-
edge (Wang et al. 2025b; Lewis et al. 2020). While con-
ventional RAG systems demonstrate remarkable capabili-
ties in knowledge-intensive tasks, their performance exhibits
critical fragility when processing extended contextual in-
puts (Ren et al. 2023). This vulnerability arises from the in-
herent requirement of RAG frameworks to incorporate exter-
nal retrieved documents, which typically results in substan-
tially longer input sequences compared to standard genera-
tion tasks (Zhang et al. 2024a; Li et al. 2025). This limitation
manifests acutely in scenarios demanding long-context com-
prehension, such as scientific literature analysis, multi-hop
reasoning, and cross-document synthesis, where the grow-
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Figure 1: In vanilla RAG, increasing input context length
raises the information entropy of attention scores (left), po-
tentially harming performance, while the LLM is less fo-
cused on important segments (right). This paper proposes a
balanced entropy engineering strategy, which maintains en-
tropy stability for longer contexts and guide the LLM to fo-
cus on critical segments.

ing complexity of modern knowledge systems necessitates
robust processing of extended text spans (Liu et al. 2023).

Typically, existing efforts to mitigate this challenge fo-
cus predominantly on heuristic document filtering, extrap-
olative training, or architectural modifications, introducing
worth noting trade-offs. Threshold-based retrieval document
truncation or selection reduces context length at the cost
of discarding potentially relevant information (Jeong et al.
2024; Wang et al. 2024). While extended context training
may enhance RAG performance (Lin et al. 2024; Tang et al.
2025), it substantially increases computational demands and
risks compromising model generalization (Zhan et al. 2024).
The introduction of auxiliary modules, such as specialized
encoders (Yen, Gao, and Chen 2024), further escalates the
complexity of the system (Ren et al. 2025).

As shown in Figure 1, we identify a fundamental over-
sight in existing explorations: the failure to address the core
tension between context entropy growth and attention allo-
cation dynamics. As retrieved document length increases,
unconstrained context entropy expansion progressively di-
lutes attention distributions, undermining LLMs’ capacity to
prioritize semantically critical content. Such a phenomenon
substantially degrades RAG’s ability to extract and utilize
salient information.
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In this work, we fundamentally rethink RAG’s con-
text length adaptability through the perspective of entropy
engineering, and propose Balanced Entropy-Engineered
RAG (BEE-RAG), a principled framework that establishes
entropy-invariant dynamics to decouple attention sharpness
from context length. First, we introduce balanced con-
text entropy, a novel attention reformulation incorporating
document-specific balancing entropy factor β to enforce en-
tropy invariance across variable context lengths. Theoreti-
cal analysis demonstrates this mechanism maintains entropy
levels within a stable regime for various context scales,
contrasting with conventional entropy scaling. Building on
this foundation, we develop intrinsic multi-importance in-
ference, a zero-shot strategy that derives balancing en-
tropy factors through context aggregation while preserv-
ing inter-document independence via parallel context scor-
ing and generation. To ensure broad applicability, we fur-
ther propose adaptive balancing factor learning, which is a
parameter-efficient tuning method that learns task-specific
balancing factor through lightweight linear projections for
domain adaptation with minimal parameter updates (0.014%
of total parameters).

Empirical analyses across multiple real-world bench-
marks reveal that BEE-RAG fundamentally alters the en-
tropy scaling laws governing conventional RAG systems,
which provides a robust and scalable solution for RAG sys-
tems dealing with long-context scenarios. Our main contri-
butions are summarized as follows:

• We introduce the concept of balanced context entropy, a
novel attention reformulation that ensures entropy invari-
ance across varying context lengths, and allocates atten-
tion to important segments. It addresses the critical chal-
lenge of context expansion in RAG.

• We propose a zero-shot strategy called intrinsic multi-
importance inference and parametric-efficient fine-
tuning strategy adaptive balancing entropy factor learn-
ing to obtain the balancing entropy factor in different sce-
narios while maintaining efficiency.

• Extensive empirical validation across multiple bench-
marks demonstrates the effectiveness and efficiency of
BEE-RAG.

Preliminaries
Task Formulation. The task of retrieval-augmented gen-
eration (RAG) involves the integration of retrieval-based
techniques with generative models to enhance the accuracy
and coherence of text generation tasks (Lewis et al. 2020).
A typical RAG system consists of a corpus C, a retriever R,
and a generative model LLM . Given a user query or input
context q, the retriever R retrieves relevant documents Dq
from the corpus. The generative model LLM uses both the
query q and the retrieved documents to generate a response:

a = argmax
y

P (y | LLM(q,Dq)). (1)

We focus on how to enhance the multi-document utilization
ability of the language model given Dq and q, with an em-
phasis on improving the LLM’s ability to leverage contex-

tual knowledge, thereby improving its performance on fac-
tual generation.

Entropy Engineering. In this work, we reconsider
RAG from an information-theoretic perspective and intro-
duce the concept of Entropy Engineering. In the standard
Transformer (Waswani et al. 2017), the attention is com-
puted as:

Attention(Q,K,V) = Softmax

(
QKT

√
d

)
V, (2)

where Q, K, V ∈ Rn×d represent the query, key, and value
matrices, respectively, and the scaling factor

√
d stabilizes

the dot-product magnitudes. This can be simplified by intro-
ducing a scaling parameter λ = 1√

d
:

ai,j =
eλ qi·kj∑n
j=1 e

λ qi·kj
. (3)

We examine this formula from two perspectives: From the
perspective of token tj being attended to: a larger ai,j indi-
cates that the LLM pays more attention to the information
at position i. Therefore, the LLM should be guided to focus
on relatively important information. From the perspective of
token ti receiving information, the values of {ai,j |i ≤ j}
across all positions collectively determine how much infor-
mation ti receives.

Based on this, inspired by existing analyses (Zhang et al.
2024c), we measure the amount of information a position
receives using discrete entropy, as shown in the following
equation:

Hi = −
n∑

j=1

ai,j log ai,j , (4)

which quantifies how much information ti receives from the
attention perspective. This insight suggests that LLMs strug-
gle with longer sequences when not trained on them, likely
due to the discrepancy in information received by tokens in
longer contexts. Based on the previous analysis, the opti-
mization of attention entropy should focus on two aspects:

• The information entropy at positions that are relatively
important and likely contain key information should in-
crease.

• The overall total information entropy of the context
should ideally remain stable with respect to n, to prevent
the model from being biased or misaligned when handling
longer contexts.

Methodology
In this section, we first present a brief overview of our
method, then we comprehensively elucidate the method-
ological details from the perspectives of entropy control and
specific zero-shot and parametric-efficient fine-tuning strate-
gies.

Overview
The performance of traditional RAG systems often degrades
as the input context length increases, primarily due to the
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escalating context entropy that dilutes attention distribu-
tions across retrieved documents. To mitigate this issue,
we propose Balanced Entropy Engineering for RAG (BEE-
RAG), stabilizing context entropy while adaptively optimiz-
ing attention allocation to enhance RAG performance. Our
method is driven by two key insights: (1) controlling context
entropy growth is critical for maintaining robustness in RAG
systems with extended contexts, and (2) document impor-
tance should dynamically guide attention allocation without
costly computation or parametric updates.

The BEE-RAG framework introduces three principal in-
novations. First, we propose balanced context entropy,
which incorporates an additive balancing entropy factor β
into attention computation to maintain entropy invariance
across varying context lengths. Theoretical analysis con-
firms that applying specific distributional constraints can
effectively eliminate the impact of context length on in-
formation entropy. Second, we develop a intrinsic multi-
importance inference strategy that computes the balancing
entropy factor in a zero-shot manner , eliminating the need
for auxiliary models or training data. Third, for scenar-
ios requiring domain adaptation, we devise a parameter-
efficient adaptive balancing entropy factor learning ap-
proach that achieves enhanced performance with minimal
computational overhead.

Entropy Control
In this section, we first introduce the proposed balancing en-
tropy factor to maintain the stability of context entropy as the
input length increases, and then provide a theoretical analy-
sis.

Balanced Context Entropy As outlined in Section , we
aim to modify the attention mechanism to achieve two crit-
ical objectives: (1) maintaining the overall information en-
tropy without a significant increase as a function of sequence
length n, and (2) ensuring that significant positions receive
higher attention scores. This entropy control is designed to
enable LLM to maintain superior performance when pro-
cessing extended contexts by dynamically allocating for at-
tention weights.

Concretely, we propose a new conception balanced con-
text entropy from the perspective of entropy engineering to
satisfy the above goals by introducing an additive balancing
entropy factor β ∈ Rn into the attention computation:

ai,j =
exp

(
qi·kj√

d
+ βi

)
∑n

l=1 exp
(

qi·kl√
d

+ βi

) . (5)

To focus on important documents, we set all tokens of the
same chunk to share the same value. In this case, the balanc-
ing entropy factor βi represents the importance of an indi-
vidual retrieved document according to the query, with more
important documents receiving higher scores. This effec-
tively concentrates the LLM’s attention on important doc-
uments.

Building upon the proposed conception of BCE, we
present two distinct approaches for deriving the balanc-
ing entropy factor β and systematically elaborate on their

methodologies in Section . Before that, we conduct a rig-
orous theoretical analysis of BCE’s operational mechanisms
to establish the theoretical rationale for its mathematical for-
mulation.

Theoretical Analysis Here, we present a theoretical
derivation to substantiate the rationale behind the proposed
balanced context entropy and discuss how to set constraints
on the balancing entropy factor for different context lengths.

We denote ξi,j =
qi·kj√

d
, and combine Equation (3), (4),

and (5) to obtain:

Hi = log
n∑

j=1

eξi,j+βi −
∑n

j=1 e
ξi,j+βi(ξi,j + βi)∑n
j=1 e

ξi,j+βi
(6)

We assume that each row of the query matrix Q ∈ Rn×d

and key matrix K ∈ Rn×d is an independent, isotropic sub-
Gaussian vector with zero mean and identity covariance,
i.e., E[qi] = E[ki] = 0. By the high-dimensional central
limit theorem (Bolthausen and Wüthrich 2013), the scaled
dot product ξi,j =

q⊤
i kj√
d

converges in distribution to a stan-

dard Gaussian, i.e., ξ d−→ N (0, 1). We further assume that
the document-level importance bias follows a Gaussian dis-
tribution β ∼ N (µ, σ2) and is independent of ξ. This inde-
pendence reflects the fact that the same token may appear
in documents of varying importance, and thus the seman-
tic similarity (captured by ξ) and document relevance (cap-
tured by β) should be modeled as separate random variables.
Thus, we have:

Hi ≈ logn+ logE
(
eξ
)
+ logE

(
eβ
)
−

E
(
ξeξ
)
+ E

(
βeξ
)
+ E

(
ξeβ
)
+ E

(
βeβ

)
E (eξ)E (eβ)

, (7)

After simplification, we obtain:

Hi ≈ logn+
1

2
+ µ+

σ2

2
−

e
1
2 + µe

1
2 +

(
µ+ σ2

)
eµ+

σ2

2

eµ+
σ2

2 + 1
2

. (8)

We aim for entropy to remain invariant as the context length
n increases, thereby ensuring that the performance of RAG
remains unaffected (seen in Section ). Thus, µ and σ should
satisfy the following formulation:

− logn = µ+
σ2

2
−

e
1
2 + µe

1
2 +

(
µ+ σ2

)
eµ+

σ2

2

eµ+
σ2

2 + 1
2

. (9)

Based on the solution to Equation (9), we need to con-
strain σ to increase as n grows, ensuring that the context en-
tropy remains stable as the context length increases. Our ex-
perimental results confirm that the parameters derived from
theory are consistent with those selected empirically.

BEE-RAG Framework
In the preceding section, we introduced balanced context
entropy as a methodological enhancement to stabilize the
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Figure 2: The overview of the proposed BEE-RAG. The left side shows the overall architecture design, while the right side
illustrates the zero-shot strategy intrinsic multi-importance inference and the parametric-efficient fine-tuning strategy adaptive
balancing factor learning.

performance of RAG systems. We hereby propose efficient
methods to determine the balancing entropy factor for both
zero-shot learning and parameter-efficient fine-tuning.

Intrinsic Multi-Importance Inference In this part, we in-
troduce the intrinsic multi-importance inference (IMI) ap-
proach for zero-shot reasoning in BEE-RAG. The core idea
of IMI lies in leveraging the intrinsic parameters of LLM to
assess the importance of individual documents within RAG
inputs as the balancing entropy factor in BCE computation,
thereby eliminating the need for external modules while
maintaining computational efficiency and architectural sim-
plicity.

Inspired by the success of prompt engineering for LLMs
in retrieval and ranking tasks (Zhuang et al. 2024; Pradeep,
Sharifymoghaddam, and Lin 2023), we use a prompt-
induced attention calibration strategy to obtain importance
scores for each document. Specifically, we append a prompt
to each document for obtaining hidden state representations
of importance. To extract importance scores from these rep-
resentations, we apply an early-decoding strategy (Cam-
marata et al. 2020), using lm head(·) to map the generation
probability of a critic token as the document’s importance
score at each layer. For instance, the prompt can be “Does
the passage support the answer to the question?”, the critic
token is “yes”).

Since the characteristics of LLM, the derived importance
scores show individual distributions in scales and dispersion.
To enable stable entropy control across contexts and gener-
alize to different context lengths, we constrain the distribu-
tion to be stable with consistent mean and variance, based
on the formulation in Equation 9. Concretely, we normalize
and rescale the importance scores to a target mean µ and

variance σ2. This distributional alignment ensures compara-
bility of importance while preserving the intrinsic ranking
relationships between documents.

The cross-attention mechanisms employed in LLMs may
inadvertently influence importance score estimation for in-
dividual documents, as it enables inter-document interfer-
ence through shared attention parameters. Inspired by pre-
vious work (Ratner et al. 2023), we develop a parallel scor-
ing mechanism in RAG architecture through attention mask
modifications. This enables simultaneous computation of
document importance and task outputs in a single forward
pass. In this way, we create independent processing streams
that prevent cross-document contamination, which is a criti-
cal foundation for stabilizing the context entropy.

Adaptive balancing entropy factor Learning To extend
our entropy engineering framework to domain-specific sce-
narios, we introduce an adaptive balancing entropy factor
learning strategy with improved training efficiency. we first
introduce designed vector fine-tuning for sentence-level im-
portance scoring. Then, we implement initialization con-
straints to ensure stable training convergence.

The core of our approach lies in the specially designed ef-
ficient vector fine-tuning method, which bridges token-level
and sentence-level representations. Specifically, inspired by
previous work (Wu et al. 2025), we transforms token-level
vectors into sentence-level vectors:

vsentence = vb + ve +R⊺(Rvb −Rve), (10)

where v represents either key or query vectors, and vb, ve

correspond to the start and end token vectors of documents
or queries, respectively. The R ∈ Rd×dr a trainable projec-
tion matrix with dr ≪ d. With the sentence-level vectors,
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we can calculate the importance scores through query-key
inner products:

β = qdoc · kquery. (11)
During implementation, we observe unconstrained values
of β leading to gradient explosion. To address it, we em-
ploy orthogonal initialization (Saxe, McClelland, and Gan-
guli 2013) on R and implement additional scaling on β
when its values exceed a certain threshold.

Discussion
Novelty and Effectiveness. Our key innovation lies in in-
troducing an additive balancing entropy factor into the atten-
tion mechanism, achieving two critical objectives: (1) main-
taining stable context entropy across varying input lengths
through mean and variance constraints, thereby enhancing
performance in long-context scenarios; and (2) adaptively
guiding the LLM to focus on crucial segments, improving
its ability to effectively utilize knowledge. Unlike existing
attention reweighting approaches that either uniformly re-
duce context entropy (Su 2021) (hindering important infor-
mation extraction) or ignore attention entropy (Yan et al.
2024) (leading to unstable performance across varying con-
text lengths). We further introduce novel adaptations for
zero-shot and parameter-efficient fine-tuning scenarios: a
prompt-induced importance scoring mechanism with paral-
lel scoring-generation architecture, and an efficient vector
fine-tuning strategy. These components collectively enhance
BEE-RAG’s accuracy in question-answering tasks

Efficiency. We further analyze the efficiency of our
EE-RAG framework. The parallel mechanism handles β
calculation and answer generation simultaneously. Due to
the quadratic time complexity in the transformer mecha-
nism, our design effectively controls computational over-
head, achieving performance comparable.

Experiments
In this section, we detail the experimental setup and then
report the evaluation results.

Experimental Settings
Datasets We conduct experiments on both single-hop
and multi-hop question-answering (QA) tasks. Specifi-
cally, we evaluate our approach on the Natural Ques-
tions (NQ) (Kwiatkowski et al. 2019), TriviaQA (Joshi
et al. 2017), HotpotQA (Yang et al. 2018), and 2WikiMulti-
hopQA (2WikiQA) (Ho et al. 2020) datasets.

Metrics We use Exact Match (EM) (Lee, Chang, and
Toutanova 2019) and F1 (Karpukhin et al. 2020) to assess
the QA accuracy of retrieval-augmented LLMs, which are
commonly adopted in QA evaluation. EM checks if pre-
dicted answers exactly match the ground truth, while F1
measures their overlap in precision and recall.

Implementation Details We select LLaMA-3-8B (Dubey
et al. 2024) and Qwen-2.5-7B (Yang et al. 2024) as base
LLM. For the zero-shot setting (Section ), we derive the the-
oretical values for µ and σ2 based on Equation 9, and per-
form a search around these values to determine their opti-

mal configuration. For the adaptive balancing entropy fac-
tor learning, we set dr = 8. We conduct the experiments
on 8 NVIDIA A100 40GB GPUs, with a learning rate of
5e-4, a cosine learning rate scheduler, and a batch size of
16. To demonstrate the robustness of our training approach,
we train the LLMs for no more than 500 steps solely on the
NQ dataset and subsequently validate its performance across
multiple datasets.

Baselines We introduce two types of baselines for com-
parison with our approach, including zero-shot methods and
lightweight fine-tuning methods.

• Zero-shot methods. We select several prompt-based
strategies that enhance generation performance in RAG
scenarios for comparison, including prompt-based methods
(Chain-of-Thought (Wei et al. 2022), Chain-of-Note (Yu
et al. 2023), Self-Critic (Asai et al. 2023)), architecture-
driven methods (PCW (Ratner et al. 2023), Position-
Engineering (He et al. 2024)), and attention reweighting
method (Multiply-Attention (Chiang and Cholak 2022)).

• Parametric-efficient fine-tuning methods: We choose
two commonly used PEFT approaches in RAG, including
LoRA (Hu et al. 2022) and Prefix-Tuning (Li and Liang
2021) for comparison with our parameter-efficient training
strategy.

Main Results
Table 1 presents the results of our approach and the baselines
on four RAG tasks of open-domain QA.

First, our proposed method outperforms all other base-
lines in terms of average QA performance. Whether in the
zero-shot setting or with lightweight fine-tuning, BEE-RAG
consistently achieves the best results. This highlights the
effectiveness of our key motivation: the reduction of con-
text entropy and dynamic attention allocation on documents,
which proves to be applicable to both single-hop and multi-
hop datasets.

Second, our method demonstrates its ability to handle
more challenging datasets, assisting LLMs in effectively
addressing complex RAG tasks. On relatively more diffi-
cult multi-hop datasets, BEE-RAG shows significant per-
formance improvements. Notably, on the latest 2WikiMul-
tihopQA dataset, our approach achieves an approximately
5% improvement over vanilla RAG, further highlighting the
effectiveness of our approach.

Third, our parametric-efficient fine-tuning method
demonstrates better generalization performance with few
parameters, emphasizing the effectiveness of the proposed
adaptive balancing entropy factor learning approach. The re-
sult shows that whether on trained or zero-shot datasets, our
method outperforms the others. Notably, the performance
of the other two methods may degrade when transferred
to multi-hop tasks, revealing their limitations in handling
challenging RAG tasks.

Ablation Study
In this section, we conduct an ablation study to validate
the effectiveness of the key strategies in BEE-RAG on both
zero-shot and fine-tuning scenarios. As shown in Table 2,
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Settings
NQ TriviaQA HotpotQA 2WikiQA Average

EM F1 EM F1 EM F1 EM F1 EM F1

Qwen-2.5-7B

Vanilla RAG 26.84 42.03 43.05 53.41 24.54 35.16 20.16 27.16 28.65 39.44
Chain-of-Thought 26.86 40.20 39.59 51.78 26.20 35.88 22.93 26.58 28.89 38.61
Chain-of-Note 26.50 41.75 41.20 52.03 26.74 35.95 19.93 26.58 28.59 39.08
PCW 23.87 38.21 40.88 51.50 24.72 34.63 23.11 27.19 28.15 37.88
Position-Engineering 25.76 38.61 41.38 52.30 27.77 36.56 22.69 26.96 29.40 38.60
Self-Critic 24.27 35.36 40.74 52.04 25.11 35.35 22.00 27.51 28.03 37.57
Multiply-Attention 26.18 41.43 42.92 53.62 27.13 34.94 18.87 24.02 28.78 38.50
Zero-BEE (ours) 29.03 43.15 44.32 55.93 27.86 37.15 24.47 29.61 31.42† 41.46†

LoRA (2.06M) 37.62 47.93 47.98 56.32 28.44 38.92 20.76 26.30 33.70 42.37
Prefix-Tuning (2.07M) 36.75 46.33 48.21 56.32 31.19 40.15 23.69 29.19 34.96 43.00
Light-BEE (ours, 2.06M) 38.71 50.11 49.39 56.73 35.95 44.81 28.32 31.73 38.09† 45.84†

LLaMA-3-8B

Vanilla RAG 27.13 37.77 41.17 55.46 23.07 34.22 14.20 23.74 26.39 37.80
Chain-of-Thought 29.10 38.60 45.31 56.96 22.74 30.23 14.50 25.58 27.91 37.84
Chain-of-Note 28.46 37.83 41.49 51.22 21.34 28.99 19.87 29.50 27.79 36.89
PCW 25.71 35.47 38.72 48.99 17.14 25.92 17.88 26.65 24.86 34.26
Position-Engineering 25.98 35.72 41.01 54.21 23.24 30.62 16.08 26.61 26.58 36.79
Self-Critic 20.86 27.06 42.61 51.06 23.77 31.21 15.50 25.94 25.69 33.82
Multiply-Attention 27.08 36.33 43.40 55.05 21.27 28.24 11.87 23.74 25.91 35.84
Zero-BEE (ours) 30.50 38.96 45.67 57.04 23.84 34.29 20.67 30.56 30.17† 40.21†

LoRA (2.62M) 35.39 48.68 53.65 58.55 33.15 42.15 18.91 28.67 35.27 44.51
Prefix-Tuning (2.63M) 36.39 48.25 48.75 56.48 32.30 42.50 16.33 25.13 33.44 43.09
Light-BEE (ours, 2.62M) 38.42 49.23 53.96 58.67 38.06 44.72 24.70 31.89 38.79† 46.13†

Table 1: Main results of BEE-RAG on four RAG tasks with different LLM backbones for both zero-shot inference and
lightweight fine-tuning settings. Zero-BEE denotes the zero-shot inference version of BEE-RAG, while Light-BEE denotes
the parameter-efficient (lightweight) fine-tuning version. All results are averaged over 8 runs; † indicates statistical significance
with p < 0.05.

Zero-shot EM PEFT EM

Zero-BEE 31.42 Light-BEE 38.09

w/o IMI 29.89 w/o IMI 36.58
w/o µ 27.47 w/o Residual 23.65
w/o σ2 26.92 w/o Init constraint 3.23
w/o β 20.35 w/ FFN 36.41
w/ reranker 28.87 w/ reranker 35.82

Table 2: Ablation study on our BEE-RAG.

the left part of the table corresponds to the variants in the
zero-shot setting, while the right part focuses on the variants
with lightweight fine-tuning.

First, we observe that setting µ and σ to zero (w/o µ, w/o
σ2) results in performance degradation, demonstrating that
adjusting the mean (µ) and variance (σ2) of the balancing
entropy factor helps improve multi-document RAG perfor-
mance. This observation also aligns well with our formula-
tion in Equation (9).

Second, we validate the effectiveness of the specific
strategies introduced in our lightweight training approach.
We demonstrate the positive effect of our chunk-level adap-

tive balancing entropy factor learning formula by removing
the residual and FFN module in our approach (w/o Residual,
w/ FFN). Furthermore, we prove that adding constraints in
the initialization of the balance factor (w/o Init constraint)
prevents gradient explosion during training.

Third, we observe that removing parallel multi-
importance inference (w/o IMI) leads to a performance
drop, which can be attributed to the interference from other
chunks (documents) when the LLM generates balance fac-
tors required independent document information, causing a
performance decline. In addition, we explore the impact of
adding a reranker module to assess the relevance between
the queries and documents as a substitute for the balancing
entropy factor in BEE-RAG (w/ reranker). We observe
a performance decline, proving our method avoids extra
modules and costs while outperforming in both scenarios.

In-depth Analysis
In this section, we further present an analysis from two as-
pects: the scaling of LLMs and the quality of the documents.

Effect of Model Scaling In this part, we first explore the
impact of different model scales on experimental perfor-
mance. We test the Qwen-2.5 family LLMs, ranging from
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Figure 3: Effect of LLM capabilities with various Scales.
Mean metrics are reported over four datasets.
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Figure 4: Effect of context length with various document
numbers. Mean metrics are reported over four datasets.

3B, 7B, 14B to 32B, on their average generation results
across four datasets. The results are shown in Figure 3. It
is clear that our proposed BEE-RAG consistently improves
RAG accuracy across different model sizes. This further
demonstrates that our method enables LLMs to better han-
dle generation tasks involving noisy contexts and exhibits
strong generalization capabilities.

Effect of Retrieved Documents We consider both context
length and retrieval quality to evaluate the effect of retrieved
documents, showing the comprehensive priority of the pro-
posed BEE-RAG method.

Context Length. We first examine the impact of the num-
ber of the input document. Figure 4 shows the average per-
formance of our BEE-RAG and the baselines varying the
document number. It is clear that our method overall out-
performs the baselines. Notably, as the context length in-
creases, the performance gap between BEE-RAG and the
baselines becomes significantly larger. This highlights that
our strategy is more effective in adapting to larger amounts
of contextual information, allowing LLMs to efficiently ex-
tract important information through global context entropy
reduction and dynamic document-level attention allocation.

Retrieval Quality. Moreover, we explore the impact of
various retrievers with different retrieval document qualities
for the input of BEE-RAG. Table 3 presents the QA per-

Retriever Prompt Zero-BEE LoRA Light-BEE

BM25 23.82 26.98 28.22 35.03
Contriever 28.65 31.42 33.70 38.09
E5-Base 29.36 32.59 34.92 38.55
E5-large 29.77 34.02 34.02 38.84
BGE 30.51 33.91 36.72 39.05

Table 3: Effect of retrieval quality with various retrievers.
Mean metrics are reported over four datasets.

formance of our approach and the baselines using various
retrievers across four datasets, including BM25, Contriever,
E5-base, E5-large, and BGE. From the table, it is evident
that our method achieves the best performance across all re-
triever settings. Notably, our approach excels when retrieval
quality is lower. This highlights that BEE-RAG is better at
focusing on the critical parts of the retrieval results, thereby
improving the overall accuracy of the generations.

Related Work

Recent efforts have aimed to improve RAG performance un-
der long contexts (Laban et al. 2024; Wang et al. 2025a).
PCW (Ratner et al. 2023) restricts attention within fixed-
size windows to reduce attention dilution. CEPE (Yen, Gao,
and Chen 2024) uses a lightweight encoder to process inputs
chunk by chunk, enabling better use of long contexts via
cross-attention. RAFT (Zhang et al. 2024b) and Chain-of-
Notes (Yu et al. 2023) extend the context capacity of mod-
els through instruction tuning on long-input data. However,
these methods either yield limited performance gains or in-
cur high training costs. Some works explore the effect of
attention distribution (Wang et al. 2023). Su (2021) adjust
attention scaling by context length to match short-context
behavior, but this fails to highlight key segments.

Our BEE-RAG introduces an attention reallocation mech-
anism. It reduces attention entropy gap with short contexts
and guides focus to key segments. This improves long-
context RAG performance.

Conclusion

In this study, we identify and address the fundamental lim-
itation of unconstrained context entropy in RAG systems
through the lens of information entropy. We proposed BEE-
RAG for the adaptability of RAG systems to various con-
text lengths. By introducing balanced context entropy, we
demonstrate that enforcing entropy invariance enables su-
perior RAG performance with various context lengths with-
out sacrificing computational efficiency. In order to extend
applicability to a broader range of scenarios, we propose
multi-importance inference for zero-shot reasoning, and also
propose adaptive balancing factor learning for parameter-
efficient fine-tuning. Empirical examination on four real-
world knowledge-intensive tasks shows consistent perfor-
mance gains of BEE-RAG.
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