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Abstract

Retrieval-Augmented Generation (RAG) alle-
viates hallucinations in Large Language Mod-
els (LLMs) by leveraging external knowledge,
but key challenges persist in retrieving high-
utility context and determining whether to trig-
ger retrieval when addressing domain-specific
questions. Current methods overlook the rich
information embedded in LLMs’ continuous
internal hidden states, yet changes in these
states triggered by different retrieved docu-
ments inherently serve as natural preference
signals. To address this, we propose a method
that guides retrieval (and reranking) based on
changes in the target LLM’s internal confi-
dence: First, we construct a confidence detec-
tion model using the LLM’s internal hidden
states to quantify how retrieved contexts en-
hance the model’s confidence. Second, we uti-
lize this model to build a preference dataset
for fine-tuning a reranker, enabling it to priori-
tize contexts favored by the downstream LLM.
Additionally, we introduce the CBDR mecha-
nism, which adaptively triggers retrieval based
on the LLM’s initial confidence in the original
question to reduce knowledge conflicts and im-
prove efficiency. Experimental results demon-
strate significant improvements in both context
screening accuracy and end-to-end RAG per-
formance: When dynamic retrieval is activated,
the system’s accuracy increases by 5.6 percent-
age points (pp), while retrieval cost decreases
by 7.1 pp. This substantially enhances the sys-
tem’s practical utility while maintaining com-
petitive accuracy.

1 Introduction

The core efficiency bottlenecks of Retrieval-
Augmented Generation (RAG) consistently revolve
around two key issues (Izacard and Grave, 2020;
Lewis et al., 2020): how to precisely select effective
retrieval contexts and when to trigger retrieval. If
retrieval contexts are irrelevant to the question, they
will introduce knowledge conflicts and increase
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Figure 1: Contrasts two RAG reranking strategies: a
conventional context-similarity-based reranker and one
leveraging the LLM’s intrinsic confidence preference.

costs; if retrieval is forced when unnecessary, it
will waste resources and reduce efficiency (Yoran
et al., 2023; Fang et al., 2024).

Existing studies have attempted to address this
dilemma through "knowledge boundary aware-
ness" but still exhibit limitations: Prompt-guided
confidence estimation (Ji et al., 2023; Dong et al.,
2023; Yin et al., 2023) relies on manually designed
templates, resulting in insufficient generalizabil-
ity; multi-sample confidence aggregation (Brown
et al., 2024; Longjohn et al., 2025) is costly and
ignores dynamic contextual influences; hidden-
state-based methods (Su et al., 2024b; Ni et al.,
2025), while capturing continuous confidence sig-
nals, only stop at discrete labels outputs of "an-
swerable/unanswerable" and fail to directly link
confidence with "retrieval context selection."

To this end, this work specifically proposes a
model self-confidence-centric RAG framework to
enhance RAG system efficiency: 1) Perceiving
knowledge boundaries through confidence self-
assessment: Inspired by (Ni et al., 2025). A confi-
dence detection model is trained to enable LLMs
to dynamically evaluate their confidence in answer-
ing original questions—low confidence triggers re-



trieval, while high confidence allows direct answer
generation to reduce unnecessary operations; 2)
Optimizing retrieval context reranking using con-
fidence changes: Based on the magnitude of con-
fidence improvement in LLMs when exposed to
different retrieval contexts, a preference dataset is
constructed to fine-tune the reranker, enabling it to
prioritize contexts that "significantly enhance an-
swer confidence," thus achieving direct translation
from the model’s intrinsic preferences to retrieval
context reranking.

This logic can be intuitively understood through
Figure 1: This figure contrasts two architectures:
one with a context similarity-based reranker and
the other with a reranker based on the downstream
LLM’s confidence.

Based on the above ideas, the core technolo-
gies of this work include: 1) Reranker fine-tuned
with confidence signals: First, the confidence de-
tection model parses the internal hidden states of
LLMs to quantify the enhancement effect of differ-
ent retrieval contexts on answer confidence (mag-
nitude of confidence improvement); this quanti-
tative signal is then used as supervision to fine-
tune the reranker, enabling it to directly output
retrieval contexts rankings consistent with the
LLM’s confidence preferences and prioritize con-
texts that significantly enhances answer reliability.
2) Confidence-Based Dynamic Retrieval (CBDR):
Combined with the LLM’s initial confidence in the
original question, it adaptively decides whether to
trigger retrieval, balancing accuracy and retrieval
Ccosts.

Experiments validate the effectiveness of this
framework: a 5.6% improvement in end-to-end
RAG accuracy and a 7.1% reduction in retrieval
costs. The core contribution of this work lies in the
first-time deep integration of LLMs’ confidence
self-assessment with retrieval context reranking,
providing a new approach for enhancing RAG sys-
tem efficiency.

2 Related Work

2.1 Knowledge Boundary in RAG System

RAG’s knowledge boundary is defined as the com-
bined knowledge space of LLMs* internal para-
metric knowledge and external retrieved knowl-
edge. Early RAG evaluations overemphasized re-
triever performance, neglecting potential conflicts
between external and internal knowledge—which
lead to low-confidence errors (Yoran et al., 2023;

Fang et al., 2024; Cuconasu et al., 2024).

Subsequent research shifted to coordinating
these dual knowledge sources to delineate RAG’s
effective boundary. Works like (Marina et al., 2025;
Yao et al., 2024) analyze LLMs‘ internal states
to detect uncertainty and dynamically trigger re-
trieval. DRAGIN (Su et al., 2024a) dynamically re-
trieves information by assessing the importance and
uncertainty of generated tokens during inference.
CTRLA (Liu et al., 2024) quantifies confidence
by computing the projection of the current query
onto the LLM’s confidence representation, thereby
dynamically triggering retrieval. Adaptive-RAG
(Jeong et al., 2024) employs a lightweight model
to estimate question complexity and select an ap-
propriate retrieval strategy. Like CBDR, Probing-
RAG (Baek et al., 2025) trains a small model to
inspect the internal states of the target LLM but
does not exploit the resulting state discrepancies to
inform retrieval preferences. Parenting (Xu et al.,
2025) automatically defines knowledge boundaries
by quantifying the relative importance of two ca-
pabilities—adherence and robustness—through pa-
rameter analysis. DTA framework (Sun et al., 2025)
formally proposes RAG’s knowledge boundary,
categorizing queries into four quadrants based on
LLM’s parametric boundary K B), and retriever’s
retrieved boundary K B, to define the system’s
holistic effective boundary.

2.2 Preference Alignment in RAG system

To improve LLMs* utilization of external knowl-
edge, aligning retriever-LLM preferences in RAG
is critical. Existing works use diverse preference
signals: RE-PLUG (Shi et al., 2023): LLM’s cor-
rect answer probability to identify critical con-
texts; RRR (Cong et al., 2024): Overall quality
of LLM-generated responses; DPA-RAG (Dong
et al., 2025a): Bidirectional alignment to miti-
gate component preference conflicts; RADIO (Jia
et al., 2024): Rationale correctness as indicators,
fine-tuning rerankers to reconcile retriever-LLM
discrepancies; SEAKR (Yao et al., 2024): Multi-
round query sampling, using LLMs’ last-layer hid-
den states (at < /s >) to compute Gram matrices
(quantifying uncertainty) for reranker optimization.

This work’s core innovation is a novel prefer-
ence metric: confidence shift, defined as LLMs*
internal hidden state changes before/after exposure
to external knowledge. Used to fine-tune rerankers,
it effectively filters post-retrieval contexts. Com-
pared to SEAKR (Yao et al., 2024) (which also
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Figure 2: The complete process of aligning the Reranker with the target LLM is visualized across three sub-panels:
Specifically, Panel (a) depicts the collection of the target LLM’s internal states when it answers the same question
under different contextual conditions; Panel (b) shows the construction of the preference dataset NQ_Rerank based
on confidence variations extracted from these internal states, followed by the fine-tuning of the Reranker to align it
with the target LLM’s intrinsic preferences; Panel (c) presents the inference workflow of the CBDR framework.

uses hidden states but requires multi-round sam-
pling), our confidence shift detection relies on a
single forward pass—significantly reducing com-
putational/temporal overhead, a key advantage for
low-latency real-time scenarios.

3 Method

This section outlines our core methodologies: lever-
aging LLM internal hidden states to assess response
confidence, constructing a preference dataset from
these states to fine-tune a Reranker, and propos-
ing CBDR to optimize retrieval in RAG system.
Relevant prompts are in Appendix A.

3.1 Internal State Detection

Recent studies show that LLMs’ internal hidden
states contain richer information (stronger latent
reasoning, self-awareness) than their final output to-
ken (Skean et al., 2025; Zhang et al., 2025; Azaria
and Mitchell, 2023) and that LLMs can perceive
their knowledge boundary before response genera-
tion (Ni et al., 2025), laying the foundation for con-
fidence estimation via these internal hidden states.

3.1.1 Confidence Estimation

Specifically, the workflow for self-confidence de-
tection based on the internal hidden states of LLM

is as follows: For a given target LLM M and a ques-
tion Q, the model generates internal hidden state
representations during inference, denoted as H s (.
Compared to the final token output, this state en-
capsulates more comprehensive information. Our
confidence estimation process is defined as:

Cuq = E(Hug) (1)

As illustrated in left side of Figure 2, where E
denotes the confidence detection model, and Cy g
is a binary classification label: Cy7,o = 1 indicates
that LLM M is confident in correctly answering
question Q, whereas Cjs o = 0 signifies that the
LLM M perceives itself as incapable of responding
accurately. Drawing on (Ni et al., 2025) and re-
lated prior work, we select the internal hidden state
vector at Mid_Layer (Layer/2) of LLM M before
generating the first answer token (Pre-Token) as
Hyg.

The training data for model E is obtained by
guiding LLM M to process questions from the
NQ dataset (Kwiatkowski et al., 2019). We col-
lect the internal hidden state H ) ¢ during infer-
ence and determine the correctness of the LLM
M’s response based on the ground-truth answer to
question Q, thereby constructing binary training
samples (Hy,g, Labelg). Here, Labelg = 1 indi-
cates that the model answers question Q correctly,



while Labelg = 0 denotes an incorrect response.
The training methodology for model E follows the
approach described in work (Ni et al., 2025).

3.2 Preference Dataset

3.2.1 Preference Definition

This work focuses on the post-retrieval processing
stage within RAG system, with the aim of explor-
ing how to rerank the retrieved contexts to maxi-
mize RAG system ‘s utility in enhancing the answer
reasoning capabilities of downstream LLM.

Conventional Reranker are typically trained on
datasets constructed based on semantic similarity
between a question and contexts, and compute rele-
vance scores by capturing complex semantic inter-
actions through interactive encoding. While such
general-purpose methods ensure model transfer-
ability and compatibility with diverse LLMs, they
often fail to adequately incorporate the preferences
of specific downstream LLM, thereby limiting the
full potential of RAG system.

Conf(Hp,g) = P(Label =1 | E(Hn Q)
= Softmax(Z1)

As illustrated in Figure 2, this work defines the
following preference criterion: a context C' is con-
sidered to exhibit a positive preference for the
target LLM M in answering question () if and
only if it provides effective informational enhance-
ment, satisfying the condition Conf(H )y g+c) >
Conf(Hyr,g). Conversely, if it leads to a de-
crease in LLM‘s confidence Conf(H )y g+c) <
Conf(Hz,q), the context C' is regarded as having
a negative preference. As shown in Equation 2, the
output of the Conf(—) function is defined as the
probability of the Label = 1 assigned by model
E. A softmax layer is appended to the final layer
of model E to produce this probabilistic output.
Relevant examples can be found in Appendix C.

2

3.2.2 Dataset Construction

We preprocess the NQ dataset to obtain a series
of (Query,Contexts) tuple samples. For each
sample, we record the internal hidden state at
Mid_Layer when the target LLM M generates its
first token under the following two scenarios: (1)
The state H 7, when only the query () is provided;
(2) The state Hys,g+c, when both the query () and
a context C; are provided (Where i iterates over the
Contexts).

This yields a sequence of internal hidden states:

(Hygy Hugvors Hugros - Hugicog]l (3)

This sequence of states is then fed into the confi-
dence detection model E to obtain the probability
value for the Label = 1 output by the softmax
layer, resulting in a probability sequence:

[COHf(HMQ), Conf(HM7Q+01)

“)
. Conf(Hm,Q+c;) -]

The enhancement effect of each context C'; on LLM

M’s response to question () is determined by com-

paring the change in model confidence after incor-

porating the context C;:

Inc(Q, C;) = Conf(Hg+c;) 5)
— COnf(H M7Q)

If Inc(Q, C;) > 0, the sample is labeled as a pos-

itive preference sample. If Inc(Q, C;) < 0, it is

labeled as a negative preference sample.

For each (Query, Contexts) sample, all con-
text C; are ranked according to Inc(@, C;). The
Top-K(K = 5) contexts with the highest increase
are selected as positive examples, and the Top-K
with the largest decrease are taken as negative ex-
amples. As illustrated in right side of Figure 2,
this process constructs the final preference dataset,
denoted as NQ_Rerank. Relevant details can be
found in Appendix D.

3.3 Reranker Fine-tuning

To enhance the ability of the Reranker to iden-
tify the utility of contexts for the target LLM,
we performed supervised fine-tuning on a base
Reranker using the constructed preference dataset
NQ_Rerank. During fine-tuning, the InfoNCE
(Noise Contrastive Estimation) loss function was
employed as the optimization objective:

F(Q.0) = exp(0(Q.C)/r)  (©)
£(Q.C) -

L=-—1
BN+ 2N, 1Q.C)

Where: f(Q,C) denotes the relevance score be-
tween question () and context C' computed by the
Reranker; C represents the positive context; C™
denotes the negative context; 7 is the temperature
parameter. This loss function forces the model
to increase the score margin between the positive
context C* and a set of negative contexts {C~},
thereby learning a ranking criterion consistent with
the target LLM’s preferences.



3.4 Confidence-Based Dynamic Retrieval

While the fine-tuned Reranker has aligned well
with the target LLM’s preferences and effectively
prioritizes beneficial contexts, it still has two key
limitations: namely, the post-retrieval Top-k results
may contain misleading context that conflicts with
the LLM’s internal parameters; and for questions
for which the LLM is overconfident, the retrieval
process can be skipped altogether to avoid redun-
dant computational overhead.

To mitigate these issues and enhance the effi-
ciency and reliability of the RAG system, we pro-
pose CBDR. The workflow of this strategy is illus-
trated at the bottom of Figure 2: (1) If the target
LLM exhibits high confidence in responding to the
current query ) that Conf(H s ) > /3, where (3 is
a hyper-parameter, the retrieval and reranking steps
are skipped, and the LLM generates the answer
directly. (2) If the confidence score falls below
the threshold Conf(Hs,g) < (3, the full retrieval
process is initiated—with the fine-tuned Reranker
involved.

This strategy aims to preserve answer qual-
ity while cutting redundant computation for high-
confidence queries and avoiding interference from
low-quality retrieval results for known questions.
Its effectiveness is fully validated in Section 4.2.

4 [Experiments

4.1 Experimental Setup

Datasets. We use two open-domain QA bench-
marks: Natural Questions (NQ) (Kwiatkowski
et al., 2019) and HotpotQA (Yang et al., 2018). All
training data in this work are from NQ, partitioned
as follows: (1) NQ_Confidence for confidence de-
tection model F: 1k/300/500 positive and negative
samples for train/dev/test, labeled by the correct-
ness of target LLM M’s answers; (2) NQ_Rerank
for preference alignment: built on NQ-Retrieval',
excluding samples without valid positive/negative
contexts, yielding 7,622 training and 1,216 evalua-
tion samples.

LLMs. We evaluate with Llama3-8B-Instruct
(Dubey et al., 2024) and Qwen2.5-7B-Instruct
(Team, 2024). Llama3-8B-Instruct serves as the
base LLM for reasoning (greedy decoding).

Baselines. The compared models include four
existing rerankers and our fine-tuned version:

"https://modelscope.cn/datasets/sentence-
transformers/NQ-retrieval

(1) gte_passage-ranking_multilingual-base (Al-
ibaba DAMO); (2) Qwen3-Reranker-4B, (3)
Qwen3-Reranker-8B; (4) bge-reranker-v2-m3
(core baseline); (5) bge-reranker-v2-m3-ft (Ours):
fine-tuned on NQ_Rerank for confidence-based
preference alignment.

Dynamic Retrieval Methods. We compare with
two strong dynamic retrieval baselines: (1) DRA-
GIN (Su et al., 2024a): triggers retrieval based
on token-level uncertainty, importance, and rele-
vance; (2) CtrlA (Liu et al., 2024): adaptively bal-
ances internal/external knowledge via LLM state
characterization and confidence monitoring using
directional feature representations.

Evaluation Metrics. We report standard rerank-
ing metrics: PrecisionQK, RecallQK, and
MRRQK. To ensure fairness, all rerankers re-
ceive the same retrieved context pool (retriever is
excluded). Training details are in Appendix B.

4.2 Main Results

Reranker Performance. We evaluate whether
the fine-tuned reranker (bge-reranker-v2-m3-ft)
better selects LLM-suitable contexts for Llama3-
8B-Instruct on the NQ_Rerank test set. Each
reranker ranks query-context pairs and returns
Top-K documents (K € {1,3,5}), evaluated
via PrecisionQK, RecallQK, and M RRQAQK.
As shown in Table 1: (1) bge-reranker-v2-m3-ft
(fine-tuned on NQ_Rerank) achieves the best per-
formance across all K; (2) Gains are most pro-
nounced at Top-1: it outperforms Qwen3-Reranker-
8B by +3.95 pp in Precision@l/M RRQ1
and +1.54 pp in Recall@l, and improves
over the original bge-reranker-v2-m3 by +5.19
pp (Precision@l/M RRQ1) and +2.56 pp
(Recall@l).

RAG System Accuracy. To further verify
whether a fine-tuned Reranker enhances Retrieval-
Augmented Generation (RAG) system perfor-
mance, we constructed multiple "Reranker + LLM"
combined systems for comparative experiments.
The setup was as follows: each Reranker reranked
the query and its corresponding context documents,
selected Top-K (K € {1, 3}) documents, and fed
them to the downstream LLM for answer gener-
ation. System performance was ultimately eval-
uated by the precision of generated answers. As
shown in Table 2, the experimental results yield two
main findings: (1) When the downstream LLM was



Table 1: Performance Comparison of Different Rerankers on the NQ_Rerank Test Set.

Reranker Params

Top-1

Top-3 Top-5

Precision Recall MRR Precision Recall MRR Precision Recall MRR

gte_passage-ranking_multilingual-base 304M  85.52 2947 85.52 7145 62.66 90.37 6098 82.53 90.99
Qwen3-Reranker 4B 81.74 27.62 81.74 7092 6233 88.15 61.71 83.53 88.93
Qwen3-Reranker 8B 87.25 3047 87.25 7435 65.15 91.65 6422 8642 92.19

bge-reranker-v2-m3 568M  86.01 29.45 86.01 72.62 63.61 9047 6240 84.01 91.07
568M  91.20 32.01 91.20 76.98 67.14 9440 65.64 87.97 94.72

bge-reranker-v2-m3-ft (Ours) _ _ . . oo . L
A +5.19 4256 +5.19 +4.36 +3.53 +3.93 +3.24 +43.96 +3.65

Llama3-8B-Instruct, the RAG system using bge-
reranker-v2-m3-ft consistently achieved higher ac-
curacy than that with the original bge-reranker-v2-
m3, with a maximum improvement of +4.7 pp; this
combination also reached optimal or near-optimal
performance on both NQ and HotpotQA datasets.
(2) When the downstream LLM was Qwen2.5-7B-
Instruct, RAG systems with the fine-tuned or origi-
nal Reranker showed comparable accuracy, with no
significant differences—this partially demonstrates
the robustness of bge-reranker-v2-m3-ft.

Dynamic Retrieval Efficiency. We evaluated the
impact of CBDR on RAG performance, alongside
related approaches DRAGIN and CtrlA. Using the
NQ_Rerank test set, we measured system accu-
racy and the fraction of retrieval overhead saved
by skipping retrieval under various configurations.
Whenever the dynamic module triggered retrieval,
documents were directly passed to the reranker, by-
passing the full retrieval pipeline. All experiments
used the parameter settings recommended by DRA-
GIN and CtrlA to ensure reproducibility. Results
(Table 3) show that: (1) DRAGIN and CtrlA incur
low offline cost but higher online inference over-
head; (2) their accuracy improves monotonically
with retrieval rate; and (3) CBDR reduces retrieval
cost by assessing LLM answer confidence-yielding
a +0.9 pp accuracy gain under Top-3 reranking ver-
sus always retrieving, but a slight -0.2 pp drop in
the Top-1 setting.

5 Discussion

5.1 Confidence Changes Can Serve as a Valid
Preference Signal

This work examines the confidence variations of
large language models (LLMs) when fed with dif-
ferent contexts. As illustrated in Figure 3, the con-
fidence score of Llama3-8B-Instruct increases pos-
itively or decreases negatively with the relevance

of input contexts (see Appendix C for more exam-
ples). Furthermore, experimental results in Table
1 not only corroborate the effectiveness of pref-
erence signals, but also yield more targeted con-
clusions: the NQ_Rerank dataset is constructed
based on the preferences of downstream LLMs,
which is inherently different from the training ob-
jective of general-purpose rerankers. Specifically,
general-purpose rerankers are optimized to calcu-
late matching scores based on textual semantic
similarity without anchoring to the preference de-
mands of downstream LLMs, thus achieving infe-
rior performance on this dataset compared with our
fine-tuned model bge-reranker-v2-m3-ft. In
contrast, bge-reranker-v2-m3-ft achieves pref-
erence alignment with the target LLM (Llama3-
8B-Instruct) via supervised fine-tuning on the
NQ_Rerank dataset. It is able to accurately se-
lect the most valuable contexts for improving the
answer confidence of downstream models, and ulti-
mately outperforms all baselines across all evalua-
tion metrics. Notably, our experiments reveal that
more powerful general-purpose rerankers still pos-
sess stronger semantic representation capabilities
and document quality discrimination ability even
without explicit alignment with downstream prefer-
ences; Qwen3_Rerank_8B, for instance, ranks first
among all baseline models.

The fine-tuned bge-reranker-v2-m3-ft signif-
icantly outperforms all baselines across all evalua-
tion metrics. Its core advantage lies in upgrading
the reranking logic from semantic matching to pref-
erence matching via supervised fine-tuning on the
NQ_Rerank dataset, thereby accurately filtering the
high-value contexts required by the target LLM.

5.2 Effectiveness of Preference-Aligned
Reranker Depends on Target LLM

We find that the optimization effect of the fine-
tuned preference-aligned reranker exhibits signif-



Table 2: Accuracy of RAG Systems with Different Reranker and LLM Combinations. Reranker bge-reranker-v2-
m3-ft is the reranker aligned with the confidence preferences of Llama3-8B-Instruct; bold indicates the optimal

result, and underlined indicates the sub-optimal result.

LLM

Qwen2.5-7B-Instruct

(Non-target LLM)

Llama3-8B-Instruct

(Target LLM)

Reranker Params  HotpotQA NQ
Top-1 Top-3 Top-1 Top-3
gte_passage-ranking_multilingual-base 304M  47.20 51.80 63.80 67.60
Qwen3-Reranker 4B 42.30 50.10 50.70 64.00
Qwen3-Reranker 8B 47.50 5190 56.30 68.80
bge-reranker-v2-m3 568M  47.20 53.30 64.20 69.70
bge-reranker-v2-m3-ft (Ours) 568M  48.70 53.30 63.40 69.90
gte_passage-ranking_multilingual-base 304M  48.80 50.20 60.10 60.70
Qwen3-Reranker 4B 40.70 48.00 49.70 62.30
Qwen3-Reranker 8B 48.40 50.10 55.20 68.80
bge-reranker-v2-m3 568M 46.60 5140 61.50 62.20
568M  48.00 52.20 62.60 66.90
bge-reranker-v2-m3-ft (Ours) 8 66.90
A +1.4 408 +1.1 +4.7

Table 3: Comparison of Different Dynamic Retrieval
Methods. Bold indicates the optimal result, and under-
lined indicates the sub-optimal result. Baseline methods
use bge-reranker-v2-m3, while our CBDR adopts its
fine-tuned version bge-reranker-v2-m3-ft.

Method Threshold RR (%) | Off. Cost On. Cost NQ
Top-1 Top-3
h=080 28 411 418
DRAGIN  h=070 44 No i 412419
(Suetal,2024a) h =060 9.6 438 419
h=050 19.4 449 457
CtrlA T=000 534 Low i 14 524
(Liuetal,2024) 7=0.10  70.1 & 562 562
B=090 749 60.6 642
B=095 833 . 624 66.1
CBDR (ours) 5 _ 598 929 Mid — Low &5 678
B=1.00 100 626 669

icant model dependence, and it can only deliver
full efficacy when paired with the target large lan-
guage model (LLM). As shown in Table 2, pair-
ing bge-reranker-v2-m3-ft with Llama3-8B-
Instruct yields a maximum accuracy improvement
of 4.7 percentage points (pp) for the RAG system,
whereas no significant accuracy change is observed
when it is paired with Qwen2.5-7B-Instruct. Essen-
tially, this stems from the strong anchoring effect
of fine-tuning data on the target LLLM’s preferences:
the labels of the N@Q_Rerank dataset in this work
are directly constructed based on the confidence
variations of Llama3-8B-Instruct toward different
retrieved contexts. This design enables the reranker
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Figure 3: Example of an LLM’s confidence changes
when presented with different contexts.

to learn to filter retrieved contexts that match the
cognitive preferences of the target LLM during
training, with its filtering logic deeply coupled to
the target LLM’s preferences.

To verify this core logic, we conducted a cross-
model preference comparison experiment (see Ap-
pendix F for details). A total of 100 uniform sam-
ple sets were selected, covering three categories
of retrieved contexts: Type A (high semantic rele-
vance but sparse factual details), Type B (compre-
hensive factual details but slightly lower semantic
matching), and Type C (irrelevant contexts). As
illustrated in Table 4, the two models exhibit dis-
tinct differences in their preference for the three
types of contexts. This further confirms that the per-
formance improvement of the preference-aligned



Table 4: Preference Differences Between Qwen2.5-7B-
Instruct and Llama3-8B-Instruct for Three Types of
Retrieved Contexts.

LLM Average Confidence Change
Type A Type B Type C

4.90 -1.01 -6.41
4382 4225  -36.31

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

reranker on the RAG system is highly dependent
on the consistency between its filtering logic and
the cognitive preferences of the target LLM.

Notably, although this reranker is trained on the
NQ dataset, its performance improvement is not
confined to closed-book scenarios: when paired
with Llama3-8B-Instruct, it also achieves a max-
imum accuracy improvement of 1.4 pp on the
HotpotQA dataset. This demonstrates the robust-
ness of the preference-aligned reranker—it is truly
aligned with the target LLM’s preferences, rather
than merely overfitting to the NQ dataset.

5.3 Dynamic Retrieval Balances Performance
and Efficiency

By integrating the CBDR framework, the RAG sys-
tem can achieve a precise balance between perfor-
mance and efficiency — maintaining competitive
accuracy while significantly reducing retrieval over-
head. As shown in Table 3, taking the Top-3 setting
as an example, with the confidence threshold /3 in-
creasing from 0.90 to 1.00, the system’s Retrieval
Rate (RR) rises gradually, whereas the accuracy
presents a trend of rising first and then declining.
During the increase of 3, accuracy is continuously
optimized along with the growth of RR, reaching a
critical optimal value at 5 = 0.98 (Top-3 accuracy
of 67.8%, with retrieval cost reduced by 7.1 pp);
when 3 = 1.00, the system enters the state of en-
forced full retrieval (with RR reaching 100%), but
the accuracy drops back to 66.9%.

The internal mechanism behind the performance
fluctuations caused by S adjustments can be re-
vealed through phase difference analysis (see Ap-
pendix E for details): (1) When f increases from
0.95 to 0.98: external knowledge expanded by
retrieval corrects 21 originally incorrect samples,
while 4 correct samples turn incorrect due to con-
flicts between external documents and the LLM’s
inherent parametric knowledge; (2) When § in-
creases from 0.98 to 1.00: the above two values are
2 and 11, respectively. Evidently, at this stage, the

benefits of introducing external knowledge are less
than the errors caused by knowledge conflicts.

This phenomenon fully verifies the core hypoth-
esis of this study that the confidence of large lan-
guage models (LLMs) can guide retrieval decisions,
and it directly validates the key proposition pro-
posed in Section 3.4: when an LLLM has high con-
fidence in its answer, introducing external knowl-
edge may increase the risk of hallucinations. This
provides key guidance for the engineering tuning
of 3: there is no need to blindly pursue "full re-
trieval"; instead, a reasonable threshold should be
set based on the confidence characteristics of the
target LLM to balance error correction effects and
hallucination risks.

5.4 Analysis of Additional Resource Overhead
of the CBDR Framework

This subsection presents a brief analysis of the addi-
tional resource overhead of the CBDR framework,
which covers both the offline and online inference
phases (see Appendix G for full details). Key con-
clusions are as follows: the additional resource
overhead of CBDR is generally manageable. All
offline operations can be completed within 6 hours
on a single NVIDIA RTX 4090 GPU; the additional
latency introduced in the online phase is nearly neg-
ligible, and this extra online overhead can be further
eliminated if retrieval knowledge is integrated via
parameter injection (Dong et al., 2025b; Su et al.,
2025). Comparisons with DRAGIN and CtrlA (see
Table 3) show that: while CBDR incurs higher yet
manageable offline costs, it significantly reduces
online inference latency thanks to a design requir-
ing only one forward pass each from the target
LLM and the confidence detection model.

6 Conclusion

This work establishes the confidence dynamics
of internal hidden states of large language mod-
els as a principled signal for optimizing Retrieval-
Augmented Generation (RAG) systems. By quanti-
fying the confidence shifts induced by retrieved
contexts, we achieve precise alignment of the
reranker and adaptive activation of retrieval. The
proposed CBDR framework delivers more efficient
performance for RAG systems and demonstrates
significant practical application value.



Limitations

This work has two notable limitations that merit
discussion. First, since the reranker is trained to
be tightly aligned with the cognitive preferences of
the downstream target LLM, replacing the down-
stream LLLM requires reconstructing the preference-
aligned dataset and re-fine-tuning the reranker ac-
cordingly. Second, our current analysis is con-
fined to basic RAG scenarios and lacks in-depth
exploration of complex RAG tasks, such as multi-
document retrieval-augmented question answering.
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A Prompt

In this work, distinct prompts were utilized to
guide LLMs in reasoning for different tasks. In
the question-answering scenario, we classify the
prompts into two types:

(1) As shown on the left side of Figure 4, this
prompt guides the model to directly answer ques-
tion using its parametric knowledge. When con-
structing the dataset for the Confidence Detection
Model E, this prompt was consistently used to
guide the Llama3-8B-Instruct model in generat-
ing answers. Additionally, this prompt is applied
in scenarios within the CBDR system where the
LLM has high confidence in answering this ques-
tion and thus skips the retrieval step to provide a
direct response.

(2) As shown on the right side of Figure 4,
this prompt guides the LLM to answer question
by combining external knowledge with its para-
metric knowledge. When constructing the prefer-
ence dataset NQ_Rerank, this prompt was used to
guide Llama3-8B-Instruct to generate the first To-
ken based on the provided context; meanwhile, this
prompt is also utilized in the CBDR system when
the LLM needs to answer question with reference
to retrieved documents.

B Implementation Details.

During the training of the Confidence detection
model E, the initial learning rate was set to 5™,



QA Prompt

RAG Prompt

You need to read the question carefully and
answer it based on your own knowledge.

Question: {question}

You are a rigorous language model. Please answer
the question based on the provided context. If the
context does not support reasoning about the
answer, please answer the question based on your
own knowledge.

Contexts: {contexts}
Question: {question}

Figure 4: The prompt on the left side of the figure guides the LLM to answer question using its parametric
knowledge; the prompt on the right side requires the LLM to answer question by combining external knowledge

with its parametric knowledge.

the dropout rate was configured to 0.5, and the
training was conducted over 30 epochs. For the
fine-tuning of the bge-reranker-v2-m3 model, the
initial learning rate was set to 6e >, weight decay
was configured to 0.01, the maximum query length
(query_max_len) was set to 128, the maximum
passage length (passage_max_len) was set to 512,
and the training was performed for 1 epoch.

C LLM Confidence

The training of the Confidence Detection Model E
fully follows the approach described in (Ni et al.,
2025), and the downstream LLM employed is
Llama3-8B-Instruct. After obtaining Model E,
we conducted an initial verification to examine
how the LLM’s confidence in answering questions
varies when provided with relevant versus irrele-
vant documents. As illustrated in Figure 5, the
observed changes in confidence confirm our hy-
pothesis: changes in the LLM’s internal hidden
states can guide the selection of external knowl-
edge. It should be noted that in this work, external
knowledge refers specifically to contexts obtained
through retrieval.

D Preference Dataset

In this work, to align the preferences of the
Reranker with the target LLM, we constructed the
preference dataset NQ_Rerank using changes in
the LLM’s confidence. The NQ_Rerank dataset
is divided into a training set with 7,622 items and
an evaluation set with 1,216 items. As shown in
Figure 6, each data item contains four fields: query,
pos, neg, and prompt. Among these, pos and neg
are lists of positive and negative contexts, respec-
tively. Specifically, each context in pos enhances
the LLM’s confidence, whereas each context in neg
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reduces the LLM’s confidence. The prompt field
refers to the default prompt used by the Reranker
model for the reranking task.

E Dynamic Retrieval

When CBDR is adopted for dynamic retrieval in
the RAG system (The algorithm can be found in
Algorithm 1), the system achieves the optimal per-
formance at § = 0.98. As illustrated in Figure
7, this figure comprehensively depicts the impact
of the threshold /3 (ranging from 0.90 to 1.00) on
both RAG system performance (quantified by the
system score on the left y-axis) and retrieval effi-
ciency (measured by the skip retrieval ratio on the
right y-axis). To further elucidate the performance
characteristics around this optimal threshold, we
analyzed the differential responses corresponding
to two threshold intervals: 8 ranging from 0.95 to
0.98 and from 0.98 to 1.00. Specifically, these dif-
ferential responses refer to the questions where the
integration of external knowledge (enabled by dy-
namic retrieval) alters the correctness of the LLM’s
final answers.

Our observations of these data reveal the follow-
ing: When the introduction of external knowledge
enables the LLM to change from answering in-
correctly to correctly, this is always because the
introduced external knowledge expands the knowl-
edge boundary of the RAG system, thereby lead-
ing the LLM to generate correct answers. How-
ever, when the introduction of external knowledge
instead causes the LLM to shift from answering
correctly to incorrectly, there are multiple reasons
for this: (1) As shown in Figure 8, the most com-
mon reason is the introduction of incorrect exter-
nal knowledge, which causes conflicts between the
model’s internal parametric knowledge and the ex-



Question

Context_type Context Confidence

when was the last time
anyone was on the moon

No 0.7454

The Apollo program by NASA included the last human Moon landing
during Apollo 17 in December 1972. Astronauts Eugene Cernan and
Harrison Schmitt landed on the lunar surface on 14 December 1972
UTC, conducting three days of exploration. No subsequent human
missions have reached the Moon since then, making this the final

Relevance 0.8562 T

In the video game Grand Theft Auto: San Andreas, the 'Hot Coffee' mod
is an unauthorized user modification that accesses a hidden mini-game
featuring sexual interactions. This content was originally inaccessible in
the official release but was discovered in the game's code, leading to
controversy and a re-rating of the game by the ESRB.

Irrelevance 0.6293 l,

when did the eagles win
last super bowl

0.9288

The Philadelphia Eagles of the NFL last won the Super Bowl in
February 2018, which corresponded to the 2017 league season. They
defeated the New England Patriots 41-33 in Super Bowl LII, securing
their first championship since 1960. As of the current time in 2025, this
remains their most recent Super Bowl victory.

Relevance 0.9462 T

In the video game Grand Theft Auto: San Andreas, the 'Hot Coffee' mod
is an unauthorized user modification that accesses a hidden mini-game
featuring sexual interactions. This content was originally inaccessible in
the official release but was discovered in the game's code, leading to
controversy and a re-rating of the game by the ESRB.

Irrelevance 0.4606 |

how many seasons of the
bastard executioner are

No 0.5645

FX's historical drama series 'The Bastard Executioner,' created by Kurt
Sutter, premiered in September 2015 but received low ratings and mixed
reviews. Consequently, the network canceled it after the first season's
conclusion in November 2015, with no renewal for additional seasons.

Relevance 0.9410 T

Justin Bieber's song 'Love Yourself,' released in 2015, features lyrics co-
written with Ed Sheeran that are interpreted as addressing an ex-partner.
Although unconfirmed directly by Bieber, widespread media reports and
fan speculation suggest it references his past relationship with singer
Rihanna, contributing to the song's narrative.

there

Irrelevance 0.5078 l,

Figure 5: This figure presents three examples of confidence changes. For each example, the confidence levels
indicated by the LLM’s internal hidden states are provided under three scenarios, namely: without external

documents provided, with relevant documents provided, and with irrelevant documents provided.

Query (who does sam neil play in peter rabbit
["Peter Rabbit is a 2018 live-action/computer-animated comedy film directed by Will Gluck and written by Rob Lieber and
Gluck, based on the stories of Peter Rabbit created by Beatrix Potter. ...",

Pos "... The accusations focused on a scene where Thomas McGregor \u2014 whose character has a known severe allergy to
blackberries \u2014 is pelted with the berries until one enters his mouth, causing him to enter anaphylactic shock and grab for
his Epipen.[35][36][37] ...",

"... A local toy shop on Compston Road, Ambleside, was adapted to be Mr McGregor's.[citation needed]"]

["The film was first revealed in April 2015 through email leaks as a result of the Sony Pictures hack.[8] The official
announcement of the film came that December.[9]",

"The Singing Sparrows were voiced by Jessica Freedman, Shana Halligan, Katharine Hoye, Chris Mann, Chad Reisser, and
Fletcher Sheridan",

Neg
"Peter feels bad for what he has done, and upon learning that Bea intends to leave the neighborhood, he and Benjamin head to
London to find Thomas at Harrods...",

"Thomas and Peter start a war with each other by setting up traps and other offensive nuisance..."]
Prompt |Given a question, retrieve Wikipedia passages that answer the question.

Figure 6: This figure presents an example of the preference dataset NQ_Rerank; each data item contains four fields:

Query, Pos, Neg, and Prompt.

ternal knowledge, thereby triggering hallucinations.
(2) As shown in Figure 9, the introduced exter-
nal knowledge contains correct documents, but the
model exhibits attention bias and fails to focus on
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these correct documents. (3) As shown in Figure
10, the questions are time-sensitive. This issue
arises due to the inherent temporal limitations of
the NQ dataset; thus, the NQ dataset provides out-



dated external documents and reference answers.
As aresult, the LLM would originally answer cor-
rectly, but ends up answering incorrectly due to the
erroneous external knowledge.

F Cross-Model Preference Comparison
Experiment

This experiment aims to quantify the preference
differences between Llama3-8B-Instruct (the target
model) and Qwen2.5-7B-Instruct (the comparison
model) toward different types of retrieved contexts.
It verifies the strong binding characteristic between
the filtering logic of the preference-aligned reranker
and the target LLM at the cognitive mechanism
level, providing empirical support for the core con-
clusion in the main text that the reranker’s effec-
tiveness is model-dependent.

F.1 Target LLMs

1) Llama3-8B-Instruct: Fine-tuning target of the
preference-aligned reranker and baseline model
in the main context experiments; 2) Qwen2.5-7B-
Instruct: An open-source LLM of the same scale,
used to verify the generality of preference differ-
ences.

F.2 Retrieved Context Corpus

The corpus is randomly selected and constructed
from candidate retrieved contexts in the NQ dataset,
consisting of 100 sample sets. Each set corresponds
to one unified question and includes 3 types of re-
trieved contexts (1 context per type, generated by
rewriting gold contexts), ensuring a single control-
lable experimental variable: 1) Type A: Highly
matches the core semantics of the question but
only mentions core concepts without specific data,
logical chains, or supplementary details; 2) Type
B: Contains complete factual information (data,
logic, etc.) required to answer the question but has
slightly lower semantic matching with the ques-
tion’s expression (consistent core concepts, but
expressed through synonymous substitution and
sentence structure reconstruction); 3) Type C: Ex-
tremely low semantic relevance to the question and
no question-related factual information, serving
only as a control benchmark for preference judg-
ment.

F.3 Controlled Variables

To avoid interference from irrelevant factors, the
following variables are strictly controlled for all
contexts: 1) Context Length: Uniformly limited
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to within 200 characters; 2) Format Standardiza-
tion: Pure context format without special symbols,
lists, formulas, etc.; 3) Language Style: Formal
written language, avoiding colloquial or emotional
expressions; 4) Question Consistency: The 3 con-
text types in each sample set correspond to the same
question, ensuring that preference differences arise
only from context types rather than the question
itself.

F.4 Experiment

This experiment adopts a baseline-test control de-
sign to quantify model preferences through confi-
dence changes. The specific steps are as follows:

Sample Preprocessing: Standardize the 100
sets of questions and their corresponding Type A,
B, and C contexts: Use Prompts to guide LLMs
in generating contexts based on the questions and
Gold context; the Type A prompts are shown in
Figure 11.

Confidence Collection: Adopt a dual-scenario
comparison of "context-free baseline" and "context-
augmented test" to collect the generation confi-
dence of the two models: Context-Free Baseline
(Base_Conf): Input the 100 standardized ques-
tions individually into Llama3-8B-Instruct and
Qwen2.5-7B-Instruct. The models generate an-
swers relying solely on internal parameter knowl-
edge, and the confidence during generation is
recorded (calculated as the maximum value of the
softmax outputs of model logits, with a value range
of [0,1]). Context-Augmented Test (Test_Conf):
For each sample set, construct three input for-
mats—"question + Type A context", "question +
Type B context", and "question + Type C con-
text"—and input them into the two LLMs sequen-
tially. After generating answers, the corresponding
confidence is recorded (using the same calculation
method as the baseline).

Data Calculation and Statistics: Conduct quan-
titative analysis on the collected confidence data,
with the core calculation logic as follows: Per-
Sample Confidence Improvement Value: For each
model, sample set, and text type, calculate Improve-
ment Value = Test_Conf - Base_Conf. Positive
value indicates the context enhances model confi-
dence, i.e., "preference"; Negative value indicates
the context reduces model confidence, i.e., "rejec-
tion". Average Confidence Improvement Value:
For each model and context type, compute the total
sum of improvement values across the 100 sample
sets.
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Question Context Retrieval(Reference Answer
. . According to my
["The 1951 World Cup hosting duty was decided on 26 July 19.46, knowledge, Brazil last
the same day that Brazil was selected for the 1949 World Cup, in No hosted the FIFA World
Luxembourg City. On 27 July ...", Cup in 2014.
brav:ilieiI;s(:l}(ljost "Brazil made the first unopposed bid sinC§ the initial selection of
the fifa world the 1986 F?FA World Cup (\yhen Colombia was selected as host, 2014 ;
e but later withdrew for financial problems) ... Based on the prov'lded
Top-3 context, it can be inferred
"Only Mexico, Italy, France, Germany (West Germany until that Brazil last hosted the
shortly after the 1990 World Cup) and Brazil have hosted the FIFA World Cup in 1950.
event on two occasions ..."]

Figure 8: Since all the introduced external knowledge is incorrect, it causes the LLM’s answer to shift from correct
to incorrect.

Question Context Retrieval[Reference Answer

["The Art Institute of Chicago, founded in 1879 and located in
Chicago's Grant Park, is one of the oldest and largest art museums

The Art Institute of

) ’ No Chicago was founded in
in the United States ...",
1879 ...
when was the |"In 1866, a group of 35 artists founded the Chicago Academy of
art institute of |Design in a studio on Dearborn Street, with the intent to run a free 1879
chicago  [school with its own art gallery ... The Academy's charter was Based on the provided
founded |granted in March 1867.", context, the Art Institute
Top-3 of Chicago was founded

in 1866 as the Chicago
Academy of Design ...

"In 1882, the Chicago Academy of Fine Arts changed its name to
the current Art Institute of Chicago and elected as its first
president the banker and philanthropist Charles L ..."]

Figure 9: Although the external knowledge contains correct context, the LLM focuses on incorrect contexts,
resulting in its answer shifting from correct to incorrect.

G Detailed Analysis of Resource
Consumption for the CBDR
Framework

G.1 Offline Preparation Phase

The offline phase involves four core tasks, with
resource consumption concentrated on target LLM

The additional resource consumption required to
construct the CBDR framework is divided into
the offline preparation phase and online infer-
ence phase, with overall computational costs well-
controlled. Details are as follows:
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forward computations and lightweight model train-
ing (no generation operations), ensuring manage-
able computational costs: 1) Constructing the
NQ_Confidence dataset: Provides training data
for the confidence detection model E, including



Question Context

Retrieval|Reference Answer

to have been successfully impeached ...",

who was the
most recent
president to be|

e to the floor.",

["... Andrew Johnson and Bill Clinton are the only two presidents

"... President Richard Nixon resigned from office after the House
Judiciary Committee had already reported articles of impeachment

"... especially of presidents, are common,[22][23] going back to
the administration of George Washington in the mid-1790s ..."]

The most recent president
to be impeached was
Donald Trump, the 45th
President of the United
States ...

Bill
Clinton

... the most recent
president to be impeached|
was Bill Clinton, who
was successfully
impeached by the House
of Representatives in
1998 ...

Top-3

Figure 10: Since the questions are time-sensitive, the contexts and reference provided by the NQ dataset are all
incorrect; the retrieved external knowledge thus causes the LLM to answer incorrectly.

Type A Prompt

Example:

Peru.
Output:

ljson

{

L

Input:

Query: {question}
Gold content: {content}
Output:

Based on the following Query and corresponding key factual text (Gold content), generate an English auxiliary response
text.Requirements: 1) Fully retain high semantic relevance to the query without deviating from the core topic; 2) Only keep
core concepts and conclusions, and delete all specific data, logical reasoning processes, and case details; 3) Control the
length to approximately 1/3 of the Gold content with concise language; 4) Return the result in JSON format.

Query: "What is the approximate length of the Amazon River in kilometers?"
Content: "The Amazon River is the second longest river in the world, with a total length of its main stream about 6,400
kilometers, a drainage basin area of 7.05 million square kilometers, and flowing through 9 countries including Brazil and

"result": "The Amazon River is one of the world's major long rivers, with its main stream totaling approximately several
thousand kilometers and flowing through multiple South American countries."

Figure 11: Type A prompt is used to generate content that is semantically relevant to the gold context but with

concise factual details.

input contexts and corresponding target LLM con-
fidence labels. Sample scale: 2,000 training sam-
ples, 1,000 development (Dev) samples, and 500
test samples, totaling 3,500 samples. Computa-
tional load: Each sample requires one forward pass
of the target LLM (e.g., Llama3-8B-Instruct) to
extract confidence features, resulting in a total of
3,500 target LLM forward passes. 2) Training
the confidence detection model E: Model archi-
tecture: 5-layer MLP with 2M parameters. Train-
ing configuration: Trained on the NQ_Confidence
training set for 100 epochs with a batch size of
32. Resource characteristics: Lightweight model
with extremely low training overhead; completable
within 10 minutes on a single consumer-grade
GPU (e.g., NVIDIA RTX 4090). 3) Construct-
ing the NQ_Rerank fine-tuning dataset: Pro-
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vides fine-tuning data for the preference-aligned
reranker, with labels generated based on confi-
dence changes of the target LLM toward different
retrieved contexts. Sample scale: 7,622 training
samples and 1,216 test samples, totaling 8,838 sam-
ples. Computational load: Each sample requires
8 forward passes of the target LLM (matching 8
types of retrieved contexts) to generate preference
labels, resulting in a total of 70,704 target LLM
forward passes. 4) Fine-tuning the reranker:
Base model: bge-reranker-v2-m3 (568M param-
eters). Fine-tuning configuration: Fine-tuned on
the NQ_Rerank training set for 5 epochs (weights
after 1 epoch are used in practice) with a batch size
of 32. Resource characteristics: Moderate-scale
model with few fine-tuning epochs; the entire pro-
cess can be completed within 2 hours on a single



Algorithm 1 CBDR Inference

Input: Query g, Target LLM M, confidence detection model F, retriever R, document corpus D, Fine-
tuned reranker F'R, confidence threshold 3, Top-K parameter K, QA prompt Pga, RAG prompt
Prag

Output: Final answer y

Construct pure QA prompt: promptg, < Pga(q)

Tokenize input: x < Tokenize(promptg,)

Forward through M with hidden states output: outputs < M (x, output_hidden_states = True)

Extract last context hidden state: V <— outputs.hidden_states[—1][0, —1,]

Compute confidence score: S < E(V)

if S > 3 then
Generate answer directly: y <— M.generate(x, max_new_tokens = Ly ax)

else
Retrieve candidate documents: Dy, <— R.retrieve(q, top_k = K - r)

Rerank using M -aligned reranker: Dyeranked <— F R.rerank(q, Draw, K)

Construct context: context ¢« @fi 1 Dreranked[?]. text

Build RAG prompt: prompt,,, < Prg(context, q)

Tokenize RAG input: X;,g < Tokenize(prompt,,,)

Generate answer with evidence: y < M.generate(xmg, max_new_tokens = Lyax)

: end if

: Return y

A A A S i s

e e e e e
AN A SRl > ol =

NVIDIA RTX 4090.

G.2 Online Inference Phase

The additional resource consumption in the online
phase only involves two lightweight forward passes,
which do not affect inference efficiency: 1) Work-
flow: For input query, the target LLLM first performs
one forward pass to obtain hidden states, while the
confidence detection model E (2M parameters) ex-
ecutes one forward pass to determine the necessity
of retrieval. If retrieval is deemed unnecessary, the
generation process can be directly connected us-
ing the results of this target LLM forward pass,
eliminating the need for additional LLM calls and
redundant computations. 2) Optimization: Re-
trieval knowledge is directly injected into the target
LLM’s Attention module (Dong et al., 2025b) or
FNN module (Su et al., 2025) via parameter injec-
tion. Thus, even if retrieval is required after the
LLM’s forward pass, the generation process can
be seamlessly connected following parameterized
knowledge injection, with no redundant compu-
tational overhead. 3) Latency: The total latency
of the two forward passes is less than 100ms (on
a single NVIDIA RTX 4090), which negligibly
increases inference latency and meets real-time re-
quirements.
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