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Abstract

Retrieval-Augmented Generation (RAG) pro-
vides models with external knowledge to help
mitigate hallucinations, but this external knowl-
edge may contain irrelevant, distracting, or con-
flicting contents. This paper investigates the im-
pact of external knowledge on model’s internal
perception of knowledge boundaries. We first
conduct experiments to compare different de-
tection methods with and without external doc-
uments, which reveal that external knowledge
impairs models’ ability to distinguish between
known and unknown information, causing them
to treat the unknown as known. Building on this
finding, we refine training strategies to enhance
the perception of knowledge boundary and pro-
pose a knowledge-boundary-based controlled
generation framework. This enables models
to dynamically determine knowledge reliance
and reject unknown questions. Experiments
demonstrate that our framework substantially
improves generation quality with negligible ad-
ditional training overhead. Code is submitted
with the paper and will be publicly available.

1 Introduction

Large Language Models (LLMs) internalize exten-
sive knowledge during training and show strong
performance across diverse tasks (Yang et al.,
2024a; Dubey et al., 2024; Yang et al., 2025).
Retrieval-augmented Generation (RAG) supplies
external knowledge to help models integrate new
information and reduce hallucinations (Gao et al.,
2023; Asai et al., 2023). However, external knowl-
edge may contain contents that interfere with or
conflict with internal knowledge, adversely affect-
ing output quality (Shi et al., 2023; Xu et al., 2024).

Enabling models to balance between different
knowledge sources, answer based on correct knowl-
edge, and decline questions beyond their scope is
a requirement for model honesty (Li et al., 2024;
Wen et al., 2025). Existing works often require
additional training to help models filter irrelevant

documents (Pan et al., 2024; Yoran et al., 2024),
refuse unknown questions (Zhang et al., 2024a;
Yang et al., 2024b), or express knowledge bound-
aries (Chen et al., 2024; Xue et al., 2025). In con-
trast, this paper explores a solution that leverages a
model’s inherent perception of knowledge bound-
aries, eliminating the need for further training.

A model’s perception of the knowledge bound-
aries refers to its ability to distinguish between the
known and the unknown, often assessed through
uncertainty estimation methods (Li et al., 2025).
These techniques, which vary by source and com-
putation, typically assign an uncertainty or con-
fidence score to the model’s output (Huang et al.,
2024; Xia et al., 2025; Vashurin et al., 2024). A low
score suggests low confidence, leading the model to
treat the question as unknown. However, existing
approaches primarily evaluate uncertainty based
on the question alone, without accounting for the
influence of external documents.

This observation motivates our first research
question: How do external documents influence
a model’s perception of knowledge boundaries? To
address this, we empirically investigate the perfor-
mance of multiple uncertainty estimation methods
with and without external documents. The exper-
imental results indicate that external documents
interfere with a model’s ability to distinguish un-
known from known information, making the model
more likely to treat unknown as known. Conse-
quently, learning to reject unknown questions be-
comes more challenging in RAG settings.

This limitation motivates our second question:
How can we enhance the perception and utiliza-
tion of knowledge boundaries in RAG? To address
this, we first introduce refined training strategies
to improve estimators based on internal hidden
states, thereby enhancing the perception of knowl-
edge boundaries. Building on this, we propose a
knowledge-boundary-based controlled generation
framework that integrates prior and posterior con-



trols, enabling the model to dynamically adjust
knowledge reliance, reject unknown queries, and
better utilize documents to answer known ques-
tions. The estimator within our framework is
lightweight, requiring only minimal training data.
The framework avoids retraining the large genera-
tor and adds only a modest inference overhead of a
few tokens, yet yields substantial gains in genera-
tion quality. Experiments on knowledge boundary
datasets show that our approach outperforms base-
lines, significantly improving output quality while
enabling reliable refusals without compromising
the validity of responses.

2 Related Works

2.1 Abstain in RAG

While Retrieval-Augmented Generation (RAG)
supplies models with external knowledge, this
knowledge can be irrelevant, distracting, or con-
tradictory to a model’s internal knowledge (Shi
et al., 2023; Yoran et al., 2024; Wu et al., 2024).
This interference complicates a model’s ability to
abstain from answering questions beyond its knowl-
edge scope (Wen et al., 2025). Previous research on
models’ abstain has proposed constructing special-
ized datasets (Peng et al., 2025; Amayuelas et al.,
2024; Kirichenko et al., 2025) or employing meth-
ods such as supervised fine-tuning (Yang et al.,
2024b; Zhang et al., 2024a) and reinforcement
learning (Cheng et al., 2024; Kang et al., 2025) to
teach models to reject uncertain queries, thereby re-
ducing hallucinations and improving reliability. In
contrast, this paper focuses on the inference stage
and does not require additional model training to
achieve reasonable abstention.

2.2 Knowledge Boundary

Models must balance and integrate internal and
external knowledge (Bi et al., 2025a; Xu et al.,
2024). Existing approaches address this by align-
ing the model to factuality (Tian et al., 2024; Li
et al., 2023; Zhang et al., 2024b) or context faith-
fulness (Huang et al., 2025; Zhou et al., 2023), or
adjusting the weighting towards external knowl-
edge during the decoding phase (Shi et al., 2024b;
Biet al., 2025b; Jin et al., 2024). We achieve this
by leveraging the model’s perception of knowledge
boundaries (Zeng et al., 2024; Chen et al., 2024;
Ashok and May, 2025a; Zhou et al., 2025). The
perception of the knowledge boundaries in an LLM
lies in distinguishing between the known and the

unknown (Li et al., 2025). Since knowledge itself
is opaque within LLMs, research often shifts fo-
cus from "knowledge" to "questions," determining
whether a model should abstain based on its ca-
pacity to answer correctly (Yang et al., 2024b; Sun
et al., 2025; Wen et al., 2025).

2.3 Uncertainty Estimation

Assessing whether a model can answer a given
question involves uncertainty estimation (Xia et al.,
2025; Huang et al., 2024; Vashurin et al., 2024).
The objective of uncertainty estimation is to quan-
tify a model’s own uncertainty during genera-
tion. Related methodologies can be categorized
as follows: verbalizing methods (Tian et al.,
2023; Ren et al., 2023), latent information meth-
ods, consistency-based methods (Lyu et al., 2025;
Lin et al., 2024) and semantic clustering meth-
ods (Kuhn et al., 2023; Nikitin et al., 2024). The
uncertainty score is sometimes also referred to as
confidence score. While distinctions exist between
the two in certain scenarios (Huang et al., 2024;
Lin et al., 2024), this paper does not involve multi-
sample generation results, so both terms convey
the same meaning and are used interchangeably.
We focus on latent information methods, which
avoid repeated sampling and incur lower compu-
tational costs, providing uncertainty scores based
on either the model’s internal state or its generated
outputs (Ni et al., 2025; Sriramanan et al., 2024).

3 Investigation

In this section, we address the research question:
How do external documents influence a model’s
perception of knowledge boundaries?

3.1 Preliminaries

Building on the NQ (Kwiatkowski et al., 2019),
TriviaQA (Joshi et al., 2017) and WebQ (Berant
et al., 2013) datasets, Sun et al. (2025) proposes di-
viding data into four quadrants based on the bound-
aries of internal and external knowledge within the
model. The internal boundary is defined by the
model’s performance without retrieved documents,
while the external boundary is annotated according
to the provided documents. Consequently, differ-
ences in a model’s internal knowledge result in
varying quadrant assignments. Due to resource
constraints, we primarily consider the following
models: Qwen2.5-7B, Qwen2.5-7B-Instruct (Yang
et al., 2024a), Llama-3.1-8B and Llama-3.1-8B-
Instruct (Dubey et al., 2024). Table 1 presents the



Dataset ‘ b 4 b 4 (4 (4

Owen2.5-7B

NQ 978 1818 140 674
TriviaQA | 2748 3493 1565 3507
WebQ 566 767 135 564
Owen2.5-7B-Instruct

NQ 960 1729 158 763
TriviaQA | 2440 2960 1873 4040
WebQ 548 703 153 628
Llama-3.1-8B

NQ 934 1654 184 838
TriviaQA | 2187 2508 2126 4492
WebQ 533 660 168 671
Llama-3.1-8B-Instruct

NQ 796 1318 322 1174
TriviaQA | 1836 2069 2477 4931
WebQ 451 536 250 795

Table 1: Statistics of test sets across the four knowledge
quadrants. ¢’and Xcorrespond to internal knowledge,
while «“and Xcorrespond to external knowledge.

statistics of test data with 3 documents, categorized
into four knowledge quadrants for each models.
For data across the four knowledge boundary
quadrants, the model should demonstrate corre-
spondingly distinct behaviors. Ideally, for Type
X X data, the model should abstain from answering.
For Type Xvand Type ¢/ data, it should lever-
age the external documents to generate answers.
For Type ¢/ Xdata, where the external knowledge
contains interference, the model should rely on
its internal knowledge to answer. Achieving such
selective generation requires a reliable perception
of knowledge boundaries. The subsequent experi-
ments are conducted based on these datasets.

3.2 Uncertainty Estimation Methods

The perception of knowledge boundaries is closely
related to model uncertainty estimation. In this pa-
per, we mainly consider latent information methods
due to their efficiency and reliance on a model’s
internal information for scoring. These methods
can be categorized by their information source: pre-
dicted probability-based, probability distribution-
based and hidden states-based approaches (Xia
et al., 2025). Additionally, we distinguish methods
by their requirements during the LLM generation

process: "Prior" methods can compute scores be-
fore an answer is fully generated, while "Posterior"
methods require the complete generated output for
computation (Chen et al., 2024). Table 2 summa-
rizes the uncertainty estimation methods consid-
ered and their applicability. The brief descriptions
for each method are provided in Appendix A.

Method
Probability-Level

‘ Prior Posterior

Perplexity (Fomicheva et al., 2020) v
Fst Prob (Allen-Zhu and Li, 2024) v
Min Prob (Varshney et al., 2023)

Prod Prob (Varshney et al., 2023)

Logprob (Abbasi-Yadkori et al., 2024)

P(True) (Kadavath et al., 2022)

Internal Confidence (Chen and Varoquaux, 2025)

AN N NI N N

ANAN

Distribution-Level

Predictive Entropy (Malinin and Gales, 2021)
Mink Entropy (Shi et al., 2024a)

Attentional Entropy (Duan et al., 2024)
LogTokU (Ma et al., 2025) v

Hidden states-Level

AN NN
AN

Hidden Score (Sriramanan et al., 2024)
Attn Score (Sriramanan et al., 2024)
Estimator (Ni et al., 2025) v

AN AN

Table 2: The uncertainty estimation methods considered
in this paper. ¢indicates applicability in this scenario.
As shown in Table 2, computational methods
such as PPL and entropy are applied in both prior
and posterior scenarios, producing results based
on either individual tokens or averaged across full
token sequences. While other computational meth-
ods could also be extended to both scenarios, our
implementation follows the setup described in the
original papers. Among the considered methods,
only the Estimator (Ni et al., 2025) requires addi-
tional training. We follow the original approach
and train it using 2000 examples from the training
set, with further details provided in Section 4.1.

3.3 Impact of Document

Prior works have largely focused on tasks such as
hallucination detection within models, without ac-
counting for the influence of external documents
on the estimation results. This paper specifically
examines the effect of external knowledge by com-
paring performance with and without retrieved doc-
uments. Following established practice (Ni et al.,
2025; Vashurin et al., 2024; Xia et al., 2025), the
ground truth confidence is set to 1 if the LLM’s
generation contains the correct answer, and 0 oth-
erwise. We evaluate various uncertainty methods
using Accuracy, F1 score, and AUROC. Accuracy
offers a direct measure of estimation effectiveness,



\ Qwen2.5-7B \ Qwen2.5-7B-Instruct

Method ‘ Odoc ‘ 3doc ‘ Odoc ‘ 3doc
| Acc F1  Auroc | Acc F1  Auroc | Acc F1  Auroc | Acc F1  Auroc
Perplexity 0.572 0378 0.570 | 0.559 0.653 0.557 | 0.577 0.421 0.587 | 0.537 0.660 0.523
Fst Prob 0.516 0.355 0.490 | 0.547 0.652 0.542 | 0.513 0.396 0.501 | 0.527 0.657 0.533
Predictive Entropy | 0.565 0.377 0.570 | 0.552 0.653 0.553 | 0.600 0.431 0.604 | 0.534 0.660 0.527
Prior Mink Entropy 0.565 0377 0.571 | 0.551 0.652 0.546 | 0.535 0.406 0.502 | 0.529 0.659 0.606
Attentional Entropy | 0.573 0.373 0.572 | 0.543 0.653 0.532 | 0.594 0.429 0.609 | 0.592 0.670 0.537
P(True) 0.603 0.390 0.631 | 0.688 0.704 0.729 | 0.645 0.472 0.673 | 0.699 0.732 0.751
Internal Confidence | 0.574 0.368 0.587 | 0.543 0.655 0.537 | 0.546 0.408 0.548 | 0.533 0.659 0.533
Estimator 0.782 0.128 0.651 | 0.667 0.651 0.737 | 0.717 0.483 0.742 | 0.688 0.680 0.376
Perplexity 0.501 0.348 0.453 | 0.506 0.652 0.434 | 0.581 0.430 0.553 | 0.502 0.657 0.624
Fst Prob 0.605 0378 0.623 | 0.663 0.671 0.687 | 0.505 0.396 0.498 | 0.505 0.658 0.623
Min Prob 0.574 0363 0.586 | 0.573 0.656 0.568 | 0.512 0.399 0.426 | 0.625 0.664 0.646
Prod Prob 0.573 0363 0.584 | 0.572 0.654 0.570 | 0.514 0.397 0.430 | 0.626 0.672 0.655
Logprob 0.544 0358 0.547 | 0.556 0.654 0.566 | 0.516 0.401 0.447 | 0.608 0.658 0.655
Posterior  Predictive Entropy | 0.596 0.373 0.514 | 0.585 0.671 0.582 | 0.537 0.395 0.507 | 0.554 0.657 0.502
Mink Entropy 0.615 0399 0.554 | 0.593 0.654 0.578 | 0.546 0.403 0.537 | 0.625 0.663 0.503
LogTokU 0.503 0.353 0.254 | 0.516 0.656 0.474 | 0.606 0.406 0.626 | 0.616 0.669 0.644
Hidden Score 0.559 0.348 0.435 | 0.517 0.654 0.564 | 0.629 0.454 0.617 | 0.557 0.657 0.504
Attn Score 0.703 0.494 0.695 | 0.561 0.654 0.702 | 0.613 0.436 0.612 | 0.599 0.657 0.472
Estimator 0.788 0.000 0.635 | 0.661 0.628 0.565 | 0.763 0.213 0.680 | 0.535 0.652 0.581

Table 3: The impact of document on different uncertainty estimation methods in NQ dataset. If metrics improve
after introducing document, cells are colored green; if metrics decline, they are colored red.

the F1 score balances precision and recall while
guarding against extreme predictions, and AUROC
assesses overall discriminative ability.

Based on the aforementioned datasets, we sam-
ple 1000 instances from each dataset and conduct
our experiments on this subset. Results for the
Qwen-series models on the NQ dataset are shown
in Table 3. Results for other models and datasets
are provided in Appendix B.1. In the table, cell
color indicates the change in each metric after ex-
ternal documents are introduced. The results show
that: (1) For most uncertainty estimation methods,
the presence of external documents interferes with
predictions, leading to a decline in both accuracy
and AUROC. In contrast, the F1 score increases.
This occurs because, in computing the F1 score,
we treat the confident class (labeled 1) as posi-
tive. Thus, a drop in accuracy alongside a rise in
F1 suggests that the model is reclassifying more
originally unconfident examples as confident. The
decrease in AUROC further reflects the model’s
reduced ability to discriminate between confident
and unconfident samples, making it more likely
to misclassify uncertain cases as confident. (2)
Across methods, the Estimator demonstrates supe-
rior overall performance in both prior and posterior
scenarios. This advantage is particularly evident
in accuracy metrics, indicating that probing the in-
ternal states is more effective than probability- or
distribution-based approaches. This finding aligns

with conclusions from prior works (Ni et al., 2025;
Jietal., 2024a; Ashok and May, 2025b; Zeng et al.,
2025; Zhou et al., 2025). However, we note that
the Estimator yields a low F1 score when no docu-
ments are present, sometimes even reaching zero,
which corresponds to all predictions being classi-
fied as zero. This occurs because the method is
sensitive to the distributional shift between training
and test data. We address this issue in the next sec-
tion according to the specific requirements of our
application. (3) In comparing prior and posterior
scenarios, posterior methods generally demonstrate
higher reliability. This aligns with the intuition that
posterior methods, which assess complete gener-
ated responses, provide more comprehensive infor-
mation. Among prior methods, P(True) remains a
robust baseline that is largely unaffected by docu-
ment interference. Between the two model types,
the Instruct variant shows slightly higher F1 and
AUROC scores without documents, and the impact
of introducing documents is relatively minor. This
suggests that fine-tuning may enhance the model’s
awareness of its knowledge boundaries, improving
both its ability to distinguish known from unknown
information and its overall response quality.

Overall, the introduction of external documents
blurs the model’s perception of the knowledge
boundaries and ability to distinguish between
known and unknown knowledge, making it more
inclined to treat the unknown as known.



4 Method

In this section, we address the research question:
How can we enhance the perception and utilization
of knowledge boundaries in RAG?

4.1 Notations

We employ the Estimator method to assess the
model’s perception of its knowledge boundaries for
the following reasons: (1) As shown in Table 3, the
Estimator yields more reliable results. Probability-
and distribution-based methods are highly sensitive
to token distributions, which are significantly dis-
rupted by external documents. In contrast, internal
knowledge remains encoded in the model’s inter-
nal states, making probing-based estimation more
stable. (2) The method is applicable in both prior
and posterior scenarios, offering broader utility. (3)
Although additional training is required, the data
volume is minimal, and different training strategies
can be used to adjust the focus of the estimator.
Formally, following Ni et al. (2025), £ is the
confidence estimator that produce the estimation
of model’s confidence based on its hidden states.
Specifically, for a given model M, a question ¢ and
corresponding documents D, the model generates
a response along with internal states Iy 4 p. The
confidence score cyy 4, p is computed as follows:

crg,0 = E(In D) (1)

The £ is structured as a lightweight MLP
(Multi-layer Perceptron) and perform binary clas-
sification to produce a confidence score. It is
trained on an additional training dataset Dyq;,, =
(I, A p,)isy }» where N is the number
of training samples. The ground-truth confidence
cﬁ}“&? p, is set to 1 if the model can answer the
question ¢; using its internal knowledge and the
external documents D; ; otherwise, it is set to 0.
The training objective is the cross-entropy loss:

N
Leg == cilog(P)+(1—c;)log(1—F;) (2)
=1

P, =P(¢ =1) =0 (MLP(I)) 3)

where ¢; is the ground truth confidence and ¢; is
the estimated confidence. o is the sigmoid function
and [ is the hidden states vector transformed from
Inr g, p;- Once € is learned, confidence estimation
during inference is performed as:

5 = Plc; = ). 4
é; argyggﬁ} (ci=v) “4)

Layer-Acc Heatmaps

Layer-F1 Heatmaps

Prior Scenario

Figure 1: Performance of the Estimator when probing
different layers for Qwen2.5-7B model. The metric in
the upper figure is accuracy (acc), while the metric in
the lower figure is F1 score.

We trained the estimator using only 2000 train-
ing samples, consistent with the Ni et al. (2025).
Implementation details, including hyperparameters
such as the number of layers, hidden units, learning
rate, and optimizer, are also identical.

4.2 Improvement on Estimator

Several factors can affect estimator performance.
We first examine how the choice of internal hid-
den state layers used for probing influences re-
sults.While Azaria and Mitchell (2023) and Ni et al.
(2025) suggest that intermediate layer representa-
tions best reflect a model’s factuality awareness,
this finding may be task- and model-specific and
may not generalize to all models or to RAG tasks.
We therefore conduct experiments probing differ-
ent layers across datasets in both prior and posterior
settings. Results for the Qwen2.5-7B model are
shown as heatmaps in Figure 1. Results for other
models are provided in Appendix B.2.

The results indicate that: (1) Regarding layer
selection, the intermediate layer does not show out-
standing performance. Higher layers generally re-
flect the model’s confidence better than lower lay-
ers, though exceptions exist. In contrast, probing
based on the average across all layers (last column)
yields more stable and robust performance. (2) In
the posterior scenario on nq_0Odoc, we observe that
probing the first 20 layers yields very high accuracy,
yet the corresponding F1 scores remain low. This
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Figure 2: The overall framework.

suggests that the trained Estimator tends to pro-
duce extreme predictions, consistently outputting
zero. This issue can be explained from two perspec-
tives. First and most notably, the test data exhibits
label imbalance, which encourages an accuracy-
oriented Estimator to adopt simplistic predictive
shortcuts. Second, it indicates that lower-layer hid-
den states do not encode sufficiently discriminative
representations to support reliable confidence esti-
mation. This effect is more pronounced in posterior
settings, likely because task-relevant information
becomes progressively embedded in higher layers
during generation, making lower-layer activations
less informative for factual confidence assessment.
Probing based on the average across all layers helps
mitigate this issue to some extent.

The estimator’s tendency to produce all-zero pre-
dictions stems from its training process. Because
the test data exhibits label imbalance (see Table 1),
optimizing for accuracy can encourage this shortcut
behavior. While machine-learning research offers
solutions that address either training data or train-
ing objectives, we focus on refining the training
objective. This approach avoids custom adjust-
ments to the data distribution, which is especially
suitable given the diversity of our test data and the
variations across different models.

Since our downstream objective is for the model
to answer selectively based on its knowledge
boundaries, retaining confident responses while
rejecting uncertain ones. For questions of moder-
ate confidence, generating informative responses
is preferable to outright refusal. Therefore, we
place greater emphasis on training data labeled as 1,
which also represent the minority class in the train-

ing distribution. We therefore employ a weighted
cross-entropy loss during training:

N
Lwce = — Zwl*ci log(P;)+wo*(1—c;i)log(1—F;) (5)
i=1
where wy is the weight for data labeled 1, and wyg
is the weight for data labeled 0. In the experiment,
we set w; = 2 and wy = 1 . Additionally, we shift
the evaluation focus from accuracy-oriented to F1-
oriented, which better aligns with our objectives.

4.3 Framework

Building on the refined Estimator, we construct a
framework that enables the model to dynamically
determine its reliance on knowledge according to
perceived boundaries and to reject questions where
confidence is low, as outlined in Section 3.1. The
overall framework is illustrated in Figure 2. The
framework adjusts the model generation process,
functioning in both prior and posterior scenarios.
For prior scenarios, the estimator trained on prior
settings can assess the model’s internal confidence
before the model performs generation. This prior
awareness allows the model to operate within its
perceived knowledge boundaries. In certain cases,
relying on internal knowledge may yield better re-
sults due to possible interference from external
knowledge (as Type ¢Xin Table 1). We there-
fore design two estimators for fine-grained prior
awareness: g4 p prior, trained using labels from
inputs with external documents, which reflects the
model’s awareness of knowledge boundaries un-
der the combined influence of external documents
and internal knowledge; and &; prior, trained using
labels from inputs without documents, capturing



Method ‘ Qwen2.5-7B ‘ Qwen?2.5-7B-Instruct ‘ Llama-3.1-8B ‘ Llama-3.1-8B-Instruct

| Acc  Ans-fl Abs-fl | Acc  Ansfl Abs-fl | Acc Ans-fl Absfl | Acc  Ans-fl Abs-fl
Vanilla-G 0552 0592 0361 |0.668 0716 0552 0557 0632 0005 | 0.670 0.736  0.345
Vanilla-R 0267 0.000 0418 | 0.267 0.000 0418 | 0267 0.000 0418 | 0267 0.000 0.418
Verb-Prior 0587 0592 0575 | 0540 0558 0515 | 0439 0500 0305 | 0577 0.642 0.426
Verb-Post 0570 0581  0.539 | 0367 0295 0426 | 0485 0.554 0294 | 0591 0.647 0447
cot 0578 0.609 0451 | 0.620 0.633 0590 | 0.548 0.620 0.013 | 0.679 0.744  0.391
CAD 0473 0533  0.109 | 0.668 0.724 0533 | 0.557 0.631 0.003 | 0.649 0720 0.270
CKPLUG 0528 0579 0264 | 0.669 0.742 0532 | 0.554 0.628 0.004 | 0.677 0752 0.339
LogtokU 0.544 0581 0404 | 0.569 0570 0559 | 0508 0.550 0375 | 0.461 0493  0.383
P(True) 0573 0567 0.583 | 0593 0618 0548 | 0492 0529 0413 | 059 0651  0.479
Internal Confidence | 0.526  0.523 0528 | 0.598 0.632  0.539 | 0.451 0483 0387 | 0.536 0595 0416
Our 0.614 0.628 0567 | 0.670 0723 0549 | 0.621 0.650  0.507 | 0.714 0.777  0.508

Table 4: The average results across NQ, TriviaQA and WebQ datasets. Acc, Ans-F1, Abs-F1 denote Accuracy,

Answer-F1, Abstain-F1 respectively .

only the model’s awareness under internal knowl-
edge. The outputs ¢y p prior and cg prior jointly
determine the model’s behavior. If both are O, the
model lacks confidence and declines to answer. If
Cq+D,prior 18 1, the model is confident in generating
output based on documents and will utilize them
for generation. If ¢y p prior 15 0 and cg prior 18 1,
internal knowledge is considered more reliable, and
generation proceeds without external documents.

This selective generation, grounded in fine-
grained prior awareness, enables the model to man-
age knowledge dependencies and reject questions
where it lacks confidence. For Types XXand v X,
prior control can be effective and reduce inference
costs. However, for Types X+/and ¢V it does not
enhance the ability to utilize documents. We there-
fore employ posterior control to address this limita-
tion. Posterior awareness reflects the model’s confi-
dence in generated answers. We design a posterior
Estimator Eposterior: When its output cposterior 15 1,
the model is confident in the generated result and re-
turns it directly. When cposterior 1s 0, confidence is
low, suggesting the model may have missed crucial
document information. In this case, we leverage
the model’s reasoning capability to continue gener-
ation by appending the string “Wait” to the output.
This encourages the model to reflect on its reason-
ing trace and proceed further, implementing a form
of test-time scaling inspired by Muennighoff et al.
(2025). While this process could be repeated, we
perform it only once in subsequent experiments for
cost efficiency.

Overall, our framework employs knowledge-
boundary-based controlled generation, where prior
awareness determines rejection and knowledge
dependencies, while posterior awareness decides
whether to utilize test-time scaling to further cap-

ture document information.

5 Experiments

5.1 Baselines and Metrics

In this section, we compare the proposed frame-
work with the following baselines: (1) Vanilla-G:
Direct generation of the answer. (2) Vanilla-R:
Direct refusal to answer. (3) Prompt-based meth-
ods: These methods elicit the model’s verbal confi-
dence via prompting to decide whether to refuse or
generate a response, categorized into prior (Verb-
Prior) and posterior (Verb-Post) variants (Ren
et al., 2023). Moreover, COT (Kojima et al., 2022)
is also included as a prompt-based reasoning en-
hancement approach. (4) Decoding-based meth-
ods: These methods adjust the model’s reliance on
internal versus external knowledge during decod-
ing using contrastive strategies, such as CAD (Shi
et al., 2024b) and CKPLUG (Bi et al., 2025b). (5)
Confidence-based methods: LogTokU (Ma et al.,
2025) proposes a combined aleatoric and epistemic
uncertainty metric to determine refusal. Addition-
ally, P(True) (Kadavath et al., 2022) and Inter-
nal Confidence (Chen and Varoquaux, 2025) have
proven to be robust baselines in previous experi-
ments. Prompt templates used for each baseline are
provided in Appendix C.

Sun et al. (2025) introduce a comprehensive eval-
uation framework based on the knowledge quad-
rant. Our analysis focuses on the balance between
responses and refusals, as well as the quality of the
final output. Therefore, we employ three metrics:
Accuracy, Answer-F1 and Abstain-F1. Accuracy
measures the proportion of correct answers plus
appropriate abstentions relative to the total number
of queries, reflecting overall performance. Answer-
F1 and Abstain-F1 represent the harmonic mean



Dataset ‘Method ‘ X X (4 v

NO | Vanilla-G | 0.001 0.603 0.630 0.894
| Our | 0.039 0.540 0.788 0.908
TriviaQA | Vanilla-G | 0.003 0.580 0.831 0.955
| Our | 0457 0524 0.849 0.944
WebQ | Vanilla-G | 0.004 0433 0.720 0.869
| Our | 0319 0356 0.714 0.870

Table 5: The accuracy for data within each quadrant of
Llama-3.1-8B model.

of precision and recall for responses and refusals,
respectively. Further details regarding metric cal-
culations are provided in Appendix D.

5.2 Main Results

The results are shown in Table 4. Due to space
constraints, the table report average results across
the three datasets. Detailed results per dataset are
provided in Appendix B.3. The results indicate
that our approach consistently improves generation
quality across all models. The concurrent increase
in both Answer-F1 and Abstain-F1 suggests that
our method does not sacrifice answer generation
capability in order to learn rejection, but rather
enhances both capabilities simultaneously.

Beyond overall performance improvements, we
assess performance gains according to the four-
quadrant classification of knowledge boundaries.
Using Llama-3.1-8B as an example, we compute
accuracy within each quadrant. Specifically, we
calculate the refusal rate for Type X Xdata and the
correct response rate for the remaining types. The
results are presented in Table 5. The results fur-
ther demonstrate that our approach enhances rejec-
tion rates while preserving the original capability
for correct responses. Moreover, the performance
gains observed on ¢ Xdata confirm the effective-
ness of our knowledge dependency control. We
believe that further enhancing the accuracy of per-
ceiving the boundaries of knowledge will yield
additional gains.

5.3 Ablation Experiments

In this section, we perform ablation studies on the
proposed framework, which consists of two com-
ponents: prior control and posterior control. Using
Llama-3.1-8B on TriviaQA dataset as a representa-
tive case, we evaluate the effects of removing each
component, with results shown in Table 6.

Method ‘ Estimator ‘ Acc  Ans-F1 Abs-F1
Vanilla-G ‘ 0.664 0.736  0.005

Prior+ Posterior ‘ avg-based + weighted ‘ 0.739  0.775 0.567
Only Prior mid—baseq 0.709  0.763 0.557
avg-based + weighted | 0.717  0.768 0.573

Only Posterior | avg-based + weighted | 0.684  0.741  0.021

Table 6: Ablation studies of prior and posterior controls
and training strategies for estimator.

The results show that the complete frame-
work, integrating both prior and posterior con-
trol, achieved the best performance. Removing
either component led to a decline. Prior con-
trol contributed more significantly to generation
quality than posterior control. We further con-
duct an ablation study comparing different training
strategies for estimator in prior-only setup: our
proposed method versus the previous accuracy-
oriented intermediate-layer probing approach. This
ablation confirms that the strategy introduced in
Section 4.2 outperforms original implementation.

The main experiment is conducted in a three-
document setting, though our method can be ex-
tended to other numbers of documents. Results for
experiments with more (10doc) and fewer (Odoc)
documents are presented in the Appendix E.1. No-
tably, in the zero-document setting, prior control
relies on a single estimator. To verify the scalability
of our framework, we also conduct experiments on
Qwen3-14B (Yang et al., 2025) model, with the
results presented in the Appendix E.2.

6 Conclusion

In this paper, we focus on the model’s internal
perception of knowledge boundaries. We first in-
vestigate how the presence of external documents
influences this boundary perception. Experiments
reveal that introducing external knowledge disrupts
the model’s ability to distinguish between known
and unknown information, causing it to treat the un-
known as known. To enhance the model’s discrimi-
nation capability, we optimize the training strategy
for the estimator. Building upon this, we propose a
framework incorporating both prior and posterior
controls, enabling the model to learn to dynami-
cally adjust its knowledge dependencies and reject
unknown queries. Experiments demonstrate that
our framework significantly enhances generation
quality, enabling the model to generate when ap-
propriate and reject when necessary.



Limitations

There are several limitations of our current work
that we plan to address in the future:

(1) The core of this paper lies in the model’s
perception of its knowledge boundaries. Due to
resource constraints, we have only considered un-
certainty estimation methods based on latent infor-
mation. We have not explored consistency-based
and semantic clustering-based approaches that may
be potentially more accurate. The impact of ex-
ternal knowledge on these methods remains for
subsequent research.

(2) We employ an estimator based on hidden
states as our foundation, which necessitates the
downstream model being a white-box model. This
approach is not applicable to black-box models
where intermediate states cannot be accessed.

(3) The estimator requires additional training
data for training. The training labels employed in
this paper are binary labels indicating whether a
question can be answered. The labeling scheme
could be refined further, for instance by utilizing se-
mantic entropy as labels or constructing them based
on question difficulty. Moreover, the framework
design could be made more sophisticated, such as
incorporating dynamic retrieval or implementing
multi-round iterations within posterior control. Our
approach still holds potential for improvement.
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A Uncertainty Estimation Methods

In this section, we briefly outline the various uncer-
tainty estimation methods under consideration.

* Probability-level: According to Xia et al.
(2025), some studies directly employ the pre-
dicted probability of response tokens as a
confidence score. Other work proposes us-
ing the negative log likelihood of response to-
kens, whether averaged or maximized across
tokens, as an uncertainty measure (Vashurin
et al., 2024). The average negative log likeli-
hood across tokens is equivalent to perplexity
(Fomicheva et al., 2020). In contrast, Kada-
vath et al. (2022) introduce a method called
P(True), which prompts the model to evalu-
ate its answers by responding true or false
and uses the latent probability associated with
“True” as the confidence score. Additionally,
Chen and Varoquaux (2025) propose a train-
ing free approach termed Internal Confidence
that leverages self evaluations across layers
and tokens to provide a reliable uncertainty
signal.

Distribution-level: Malinin and Gales (2021);
Shi et al. (2024a) compute the entropy of the
probability distribution for each generated to-
ken and use either the mean or maximum en-
tropy as the uncertainty measure. Extending
this line of work, Duan et al. (2024) incorpo-
rate attention mechanisms into entropy calcu-
lation and propose Attentional Entropy. In a
different direction, Ma et al. (2025) introduce
Logits induced token uncertainty (LogTokU),
a framework for estimating decoupled token
uncertainty in LLMs that enables real time
uncertainty estimation without requiring mul-
tiple sampling processes.
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Layer-Acc Heatmaps

Layer-F1 Heatmaps

Prior Scenario

Figure 3: Performance of the Estimator when probing
different layers for Qwen2.5-7B-Instruct model. The
metric in the upper figure is accuracy (acc), while the
metric in the lower figure is F1 score.

* Hidden states-level: Sriramanan et al. (2024)
propose a method to identify hallucinations
within individual responses in both white-box
and black-box settings by analyzing internal
hidden states, attention maps, and output pre-
diction probabilities to compute LLM-Check
scores. Probing intermediate states is also a
widely adopted practice (Ni et al., 2025; Ji
et al., 2024b; Ashok and May, 2025a; Zeng
et al., 2024; Zhou et al., 2025).

B Full Results

Due to space constraints, we are unable to present
the results of all models across all datasets within
the main text. These are presented in full in this
section.

B.1 Uncertainty Estimation
The complete results of uncertainty estimation
methods are shown in Table 7 and 8.

B.2 Probing Layers

The results of Qwen2.5-7B-Instruct, Llama-3.1-8B,
Llama-3.1-8B-Instruct model are shown in Figure
3, 4 and 5 correspondingly.

B.3 Main Results of Each Dataset

The individual results for each dataset are shown
in Table 9.
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Figure 4: Performance of the Estimator when probing
different layers for Llama-3.1-8B model. The metric in
the upper figure is accuracy (acc), while the metric in
the lower figure is F1 score.
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Figure 5: Performance of the Estimator when probing
different layers for Llama-3.1-8B-Instruct model. The
metric in the upper figure is accuracy (acc), while the
metric in the lower figure is F1 score.
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C Templates

The prompt templates used for each baseline in
our experiments are as shown in Table 10. Most
approaches, including our framework, employ the
default template.

D Metrics

The details on the calculation of the metrics are
shown in Table 11.

E Ablation Experiments

E.1 Number of Documents

Experiments under different numbers of documents
are shown in Table 12. For undocumented scenar-
i0s, decoding methods such as CAD and CKPLUG
are not applicable. Furthermore, within our frame-
work, undocumented cases are handled using a
single Estimator for prior control.

E.2 Model Scale

We present the results for Qwen3-14B in Table 13.
Due to time and equipment constraints, we selected
only one thousand samples from each dataset for
experimentation. The discrepancy with Table 9
stems not only from the model but also from the
sample selection: previous models were tested us-
ing the full test dataset, whereas Qwen3-14B was
evaluated using only one thousand samples. More-
over, we achieved superiority over other baselines
using only prior control, without employing poste-
rior control.



‘ Qwen2.5-7B Qwen?2.5-7B-Instruct

|

Method ‘ Odoc ‘ 3doc ‘ Odoc ‘ 3doc

‘ Acc F1 Auroc ‘ Acc F1 Auroc ‘ Acc F1 Auroc ‘ Acc F1 Auroc
TriviaQA
Perplexity 0506 0586 0473 | 0567 0721 0547 | 0535 0.663 0494 0573 0751 0513
Fst Prob 0542 0586 0534 | 0549 0721 0564 | 0533 0.661 0514 0522 0751 0.578
Predictive Entropy | 0.522 0.587 0.493 | 0.568 0721 0.552 | 0.577 0.668 0.591 0576 0.751 0.514
‘ Mink Entropy 0515 0585 0493 | 0.547 0722 0570 | 0531 0.664 0.530 0.530 0751 0.651
priot Attentional Entropy | 0.507 0.586 0.480 | 0.565 0722 0.572 | 0.535 0.664 0515 0.645 0.752 0.582
P(True) 0.602 0588 0.630 | 0.743 079 0.790 | 0.645 0.681 0.690 0.748 0.806 0.804
Internal Confidence | 0.592 0.591 0.621 | 0.746 0.798 0.784 | 0.617 0.681 0.647 0.737 0.790 0.791
Estimator 0.707 0.647 0.761 | 0.762 0.804 0.432 | 0.704 0.702 0.770 0.766 0.815 0.326
Perplexity 0513 0586 0468 | 0.511 0721 0568 | 0.566 0.661 0.550 0.501 0751 0.674
Fst Prob 0.650 0.602 0.685 | 0.713 0751 0.566 | 0.524 0.667 0.524 0511 0752 0.677
Min Prob 0585 0592 059 | 0.592 0722 0.604 | 0515 0.662 0463 0688 0755 0.713
Prod Prob 0587 0590 0595 | 0.595 0722 0.605 | 0528 0.661 0465 0.691 0779 0.734
Logprob 0538 0587 0532 | 0575 0723 0.605 | 0500 0.661 0450 0.664 0752 0.734
posterior  Predictive Entropy | 0.680 0.617 0.614 | 0.648 0.736  0.749 | 0.502 0.662 0402 0579 0751 0.510
Mink Entropy 0702 0.654 0662 | 0.677 0743 0500 | 0572 0.677 0529 0.693 0782 0.505
LogTokU 0501 0590 0218 | 0.503 0726 0.660 | 0.679 0.694 0.709 0.696 0.792 0.753
Hidden Score 0501 0585 0246 | 0.503 0722 0.648 | 0568 0.661 0.537 0.530 0751 0.524
Attn Score 0749 0712 0735 | 0.652 0778 0299 | 0.646 0.675 0.644 0618 0753 0334
Estimator 0587 0.000 0597 | 0572 0728 0595 | 0584 0.695 0747 0.644 0766 0.600
WebQ

Perplexity 0531 0534 0526 | 0535 0609 0511 | 0576 0566 0.566 0.552 0.610 0.509
Fst Prob 0518 0529 0518 | 0.521 0.609 0525 | 0521 0565 0.516 0.520 0.609 0.536
Predictive Entropy | 0.535 0.534  0.531 | 0.529 0.609 0.512 | 0.585 0.566 0.592 0.549 0.609 0.506
. Mink Entropy 0534 0534 0530 | 0521 0.609 0552 | 0518 0565 0513 0515 0.609 0.588
priot Attentional Entropy | 0.533  0.535 0.517 | 0.553 0.612 0.532 | 0592 0.567 0.599 0571 0.622 0.544
P(True) 0593 0545 0612 | 0.626 0.654 0.660 | 0.630 0.600 0.667 0.635 0.652 0.675
Internal Confidence | 0.584 0.544 0.599 | 0.631 0.660 0.663 | 0.626 0.606 0.652 0.642 0.656 0.673
Estimator 0.661 0.426 0.669 | 0.665 0.640 0.451 | 0.689 0571 0735 0.678 0.619 0.429
Perplexity 0552 0531 0531 | 0512 0.609 0549 | 0577 0.566 0.548 0.507 0.609 0.571
Fst Prob 0.587 0528 0.583 | 0.602 0.615 0.549 | 0.504 0.564 0.501 0517 0613 0.569
Min Prob 0519 0527 0493 | 0.551 0611 0547 | 0516 0.565 0444 0574 0615 0.582
Prod Prob 0518 0528 0490 | 0.551 0614 0547 | 0512 0563 0444 0576 0.622 0.589
Logprob 0509 0528 0469 | 0.550 0.609 0547 | 0513 0564 0452 0572 0610 0.589
posterior Predictive Entropy | 0.573 0.527 0.531 | 0.582 0.614 0.617 | 0.507 0.564 0.423 0.533 0.610 0.516
Mink Entropy 0585 0527 0533 | 0.580 0612 0499 | 0509 0.563 0469 0.582 0.609 0.488
LogTokU 0502 0521 0309 | 0.526 0611 0573 | 0592 0535 0572 0.565 0.615 0.588
Hidden Score 0553 0528 0455 | 0.527 0611 0577 | 0590 0573 0.594 0.541 0611 0516
Attn Score 0624 0549 0.635 | 0.549 0610 0491 | 0582 0563 0.583 0.568 0.611 0.486
Estimator 0.646 0.161 0611 | 0.569 0356 0537 | 0.644 0364 0.637 0.586 0324 0.554

Table 7: The impact of document on different uncertainty estimation methods in TriviaQA and WebQ dataset for
Qwen-series models.
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| Llama-3.1-8B Llama-3.1-8B-Instruct

\

Method ‘ Odoc ‘ 3doc ‘ 0Odoc ‘ 3doc

| Acc F1 Auroc | Acc F1 Auroc | Acc F1 Auroc | Acc F1 Auroc
NQ
Perplexity 0.608 0470 0.630 | 0.590 0.706 0513 | 0.571 0.613 0.600 | 0.618 0.759 0.528
Fst Prob 0526 0438 0526 | 0529 0.698 0.612 | 0.576 0.599 0.558 | 0.540 0.748  0.655
Predictive Entropy | 0.613 0.478 0.635 | 0.590 0.704 0521 | 0.566 0.602 0577 | 0.621 0.759 0.555
prior Mink Entropy 0.561 0.444 0562 | 0529 0.698 0.604 | 0.563 0.603 0.555 | 0.549 0749 0.654
Attentional Entropy | 0.609 0.455 0.619 | 0.583 0.710 0.607 | 0.568 0.608 0.582 | 0.620 0.764 0.650
P(True) 0.554 0442 0550 | 0.544 0.700 0.551 | 0.590 0.609 0599 | 0.678 0.773 0.727
Internal Confidence | 0.567 0454 0577 | 0.520 0.699 0507 | 0.546 0.598 0.549 | 0.546 0.748 0.524
Estimator 0.725 0.000 0473 | 0.675 0700 0451 | 0.653 0.588 0.703 | 0.746 0.798  0.455
Perplexity 0.544 0431 0509 | 0.509 0.698 0.549 | 0.509 0.597 0474 | 0.506 0.748  0.545
Fst Prob 0.569 0453 0.568 | 0.546 0.699 0.549 | 0.535 0.597 0530 | 0.545 0.749 0.542
Min Prob 0.537 0432 0498 | 0552 0.701 0.545 | 0.504 0.598 0481 | 0.551 0.749 0.552
Prod Prob 0.542 0433 0494 | 0.558 0.702 0.553 | 0.518 0.598 0497 | 0.542 0.748  0.545
Logprob 0.542 0432 0491 | 0.553 0.702 0553 | 0.544 0598 0526 | 0.542 0.748 0.545
posterior  Predictive Entropy | 0.582 0461 0.555 | 0.546 0.716 0.543 | 0.524 0.598 0.508 | 0.526 0.749 0.544
Mink Entropy 0.633 0497 0637 | 0.568 0718 0.543 | 0532 0599 0532 | 0.566 0.749 0.544
LogTokU 0.518 0429 0446 | 0.561 0.681 0.588 | 0.527 0.544 0498 | 0.557 0.751 0.561
Hidden Score 0511 0433 0419 | 0502 0716 0549 | 0576 0621 0563 | 0.557 0.749 0.515
Attn Score 0559 0436 0541 | 0528 0716 0472 | 0596 0.625 0.589 | 0.582 0.748 0.539
Estimator 0725 0.000 0473 | 0464 0.000 0518 | 0.612 0281 0.653 | 0.699 0.783 0.593
TriviaQA
Perplexity 0.586 0.720 0.598 | 0.617 0.800 0.507 | 0.594 0.814 0.613 | 0.611 0.826 0.490
Fst Prob 0.523 0713 0520 | 0.528 0.793 0.636 | 0.526 0.807 0514 | 0.508 0.823 0.630
Predictive Entropy | 0.588 0.720 0.616 | 0.608 0799 0.529 | 0.612 0.808 0.635 | 0.606 0.824  0.508
. Mink Entropy 0.557 0713 0553 | 0.532 0.793 0.668 | 0.574 0.807 0571 | 0.516 0.823 0.674
prior Attentional Entropy | 0.591 0.722  0.599 | 0.633 0.807 0.642 | 0.586 0.812 0.610 | 0.643 0.834 0.629
P(True) 0.551 0715 0542 | 0.565 0.794 0.575 | 0.568 0.809 0573 | 0.702 0.829 0.750
Internal Confidence | 0.558 0.716  0.568 | 0.583 0793 0.585 | 0.567 0.808 0.568 | 0.695 0.828 0.727
Estimator 0734 0761 0.786 | 0.774 0.825 0.501 | 0.730 0795 0.759 | 0.797 0.848 0.435
Perplexity 0.500 0.713 0454 | 0.546 0.793 0499 | 0.514 0.807 0491 | 0.502 0.823 0.565
Fst Prob 0.583 0.722 0.585 | 0.557 0.794 0.498 | 0.543 0.807 0.540 | 0.547 0.823 0.571
Min Prob 0.539 0714 0541 | 0507 0.793 0.459 | 0517 0.807 0510 | 0.549 0.823 0.544
Prod Prob 0.539 0714 0.534 | 0.509 0.794 0458 | 0.517 0.807 0501 | 0.557 0.823 0.565
Logprob 0.542 0718 0.546 | 0.539 0.799 0.458 | 0.519 0.807 0509 | 0.557 0.824 0.565
posterior  Predictive Entropy | 0.549 0.727 0.509 | 0.524 0.811 0.557 | 0.527 0.807 0.506 | 0.592 0.823 0.546
Mink Entropy 0.633 0738 0.632 | 0.601 0.813 0.523 | 0537 0.807 0537 | 0.525 0.823 0.599
LogTokU 0.534 0718 0430 | 0.542 0.780 0.620 | 0.601 0.801 0569 | 0.609 0.823 0.485
Hidden Score 0512 0720 0360 | 0515 0.809 0.522 | 0526 0.809 0508 | 0.582 0.824 0.599
Attn Score 0.545 0718 0.504 | 0.540 0.809 0.483 | 0.540 0.809 0524 | 0.588 0.823 0.575
Estimator 0.559 0.717 0.536 | 0.666 0.800 0.536 | 0.646 0747 0.639 | 0.756 0.841 0.596
WebQ

Perplexity 0.535 0590 0.520 | 0.583 0.704 0511 | 0.524 0692 0513 | 0.569 0.731 0.544
Fst Prob 0.521 0587 0515 | 0525 0701 0.586 | 0528 0.690 0531 | 0.546 0.730  0.580
Predictive Entropy | 0.566 0.596 0.574 | 0.568 0.704 0532 | 0.557 0.695 0564 | 0571 0.734  0.548
. Mink Entropy 0.550 0593 0.543 | 0.535 0702 0.592 | 0532 0.691 0519 | 0.554 0.735 0.581
prior Attentional Entropy | 0.517 0.587 0.488 | 0.576 0.703 0.593 | 0.519 0.690 0495 | 0.572 0.732 0.578
P(True) 0.538 0591 0541 | 0.563 0706 0.566 | 0.550 0.692 0570 | 0.645 0.747 0.672
Internal Confidence | 0.513 0.585 0.486 | 0.532 0701 0512 | 0.540 0.691 0526 | 0.609 0.742  0.638
Estimator 0704 0595 0754 | 0703 0732 0461 | 0700 0.732 0759 | 0.709 0.745  0.455
Perplexity 0.515 0585 0497 | 0.507 0.701 0539 | 0.505 0.689 0469 | 0.507 0.730  0.545
Fst Prob 0.527 0586 0524 | 0518 0.701 0542 | 0521 0692 0522 | 0542 0.732  0.552
Min Prob 0.525 0587 0518 | 0.514 0702 0.490 | 0527 0691 0520 | 0.535 0.732  0.520
Prod Prob 0.526 0586 0.501 | 0.530 0.702 0511 | 0.529 0.689 0518 | 0.548 0.730 0.545
Logprob 0.527 0586 0.503 | 0.545 0.705 0511 | 0.534 0689 0531 | 0.549 0.731 0.545
posterior  Predictive Entropy | 0.609 0595 0.603 | 0.537 0712 0512 | 0.546 0689 0.515 | 0.571 0.730 0.543
Mink Entropy 0.571 0599 0567 | 0523 0.711 0543 | 0.549 0692 0546 | 0.530 0.732  0.567
LogTokU 0.534 0596 0497 | 0.542 0.686 0510 | 0.515 0.664 0481 | 0.544 0.724 0.508
Hidden Score 0.550 0590 0.548 | 0.533 0.713 0.548 | 0.547 0.697 0545 | 0.549 0.731 0.563
Attn Score 0.556 0585 0.559 | 0.544 0712 0.504 | 0.566 0.701 0572 | 0.564 0.731 0.549
Estimator 0.583 0491 0.624 | 0.533 0695 0519 | 0.585 0.582 0.618 | 0.662 0.733 0.568

Table 8: The impact of document on different uncertainty estimation methods in NQ, TriviaQA and WebQ dataset
for Llama-series models.
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Method ‘ Qwen2.5-7B ‘ Qwen2.5-7B-Instruct ‘ Llama3.1-8B ‘ Llama-3.1-8B-Instruct

‘ acc  ans-fl abs-fl ‘ acc  ans-fl abs-fl ‘ acc  ans-fl1 abs-fl ‘ acc  ans-fl abs-fl

NQ
Vanilla-G 0.521 0.567 0.291 | 0.668 0.701 0.593 | 0.516 0.593 0.002 | 0.665 0.723 0.421
Vanilla-R 0.274 0.000 0.426 | 0.274 0.000 0.426 | 0.274 0.000 0.426 | 0.274 0.000 0.426
Verb-Prior 0.595 0.587 0.618 | 0.539 0.538 0.540 | 0.427 0476 0.327 | 0.579 0.628 0.478
Verb-Post 0.564 0.563 0.569 | 0.391 0.313 0.457 | 0466 0.520 0.339 | 0.584 0.631 0.480
COoT 0.557 0.588 0.419 | 0.614 0.610 0.621 | 0.507 0.582 0.011 | 0.674 0.730 0.456
CAD 0.460 0.523 0.076 | 0.681 0.724 0.585 | 0.538 0.618 0.004 | 0.659 0.728 0.339
CKPLUG 0.498 0.553 0.201 | 0.676 0.743 0.550 | 0.503 0.577 0.006 | 0.667 0.732 0.404
LogtokU 0.519 0.563 0.338 | 0.568 0.562 0.580 | 0.493 0.524 0412 | 0475 0506 0427
P(True) 0.576  0.555 0.615 | 0.619 0.634 0.594 | 0.478 0.496 0.446 | 0.639 0.676 0.554
Internal Confidence | 0.430 0.433 0.426 | 0.609 0.640 0.555 | 0.445 0478 0.383 | 0.481 0.523 0415
Our 0.584 0.592 0.557 | 0.661 0.696 0.582 | 0.578 0.588 0.559 | 0.714 0.766 0.543
TriviaQA
Vanilla-G 0.671 0.710 0.495 | 0.771 0.858 0.555 | 0.664 0.736 0.005 | 0.756 0.837 0.321
Vanilla-R 0.246 0.000 0.391 | 0.246 0.000 0.391 | 0.246 0.000 0.391 | 0.246 0.000 0.391
Verb-Prior 0.672 0.693 0.620 | 0.585 0.646 0.495 | 0.482 0.571 0.277 | 0.618 0.717 0.387
Verb-Post 0.658 0.687 0.587 | 0.369 0.346 0.389 | 0.560 0.648 0.296 | 0.641 0.724 0.426
COoT 0.688 0.718 0.569 | 0.718 0.760 0.616 | 0.654 0.724 0.019 | 0.769 0.850 0.389
CAD 0.566 0.625 0.207 | 0.758 0.846 0.547 | 0.636 0.704 0.002 | 0.720 0.793 0.247
CKPLUG 0.632 0.682 0.375 | 0.765 0.855 0.544 | 0.669 0.741 0.006 | 0.768 0.865 0.308
LogtokU 0.655 0.696 0.501 | 0.680 0.712 0.595 | 0.573 0.649 0.298 | 0.579 0.680 0.358
P(True) 0.661 0.681 0.616 | 0.668 0.738 0.541 | 0.519 0.587 0.374 | 0.627 0.716 0.434
Internal Confidence | 0.662 0.683 0.616 | 0.667 0.738 0.539 | 0.508 0.579 0.365 | 0.585 0.678 0.404
Our 0.708 0.741 0.592 | 0.764 0.850 0.535 | 0.739 0.775 0.567 | 0.799 0.881 0.513
WebQ

Vanilla-G 0.465 0.500 0.297 | 0.564 0.590 0.508 | 0.492 0.565 0.007 | 0.588 0.648 0.292
Vanilla-R 0.281 0.000 0.436 | 0.281 0.000 0.436 | 0.281 0.000 0.436 | 0.281 0.000 0.436
Verb-Prior 0.494 0.497 0.487 | 0497 0.489 0.509 | 0.407 0.452 0.310 | 0.533 0.583 0412
Verb-Post 0.486 0.494 0.461 | 0.340 0.227 0432 | 0428 0495 0.248 | 0.547 0.587 0.435
COoT 0.490 0.519 0.364 | 0.529 0.527 0.533 | 0.481 0.553 0.011 | 0.594 0.651 0.327
CAD 0.392 0451 0.044 | 0.564 0.601 0.468 | 0.498 0.572 0.004 | 0.569 0.639 0.224
CKPLUG 0.455 0503 0.214 | 0.569 0.629 0.503 | 0.492 0.566 0.000 | 0.595 0.658 0.305
LogtokU 0.458 0.484 0.373 | 0459 0436 0.502 | 0456 0476 0413 | 0.329 0294 0.365
P(True) 0.481 0463 0.516 | 0.494 0.482 0.510 | 0479 0.505 0.420 | 0.524 0.561 0.448
Internal Confidence | 0.485 0.454 0.540 | 0.519 0.516 0.523 | 0.401 0.392 0413 | 0.540 0.585 0.430
Our 0.552 0.552 0.550 | 0.587 0.622 0.531 | 0.546 0.587 0.395 | 0.629 0.683 0.470

Table 9: The average results of NQ, TriviaQA and WebQ datasets.
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Method

Prompt

You need to complete the question-and-answer pair. The answers should be short phrases or entities,
not full sentences. The following contexts will help you complete the question-and-answer pair. If
you don’t know the answer and the following contexts do not contain the necessay information to
Default | 20sWer the question, respond with ’This question is beyond the scope of my knowledge and the
references, I don’t know the answer’.
{Documents }
Question: {question}
Answer:
You need to complete the question-and-answer pair. The answers should be short phrases or entities,
not full sentences. The following contexts will help you complete the question-and-answer pair. If
you don’t know the answer and the following contexts do not contain the necessay information to
COT answer the question, respond with *This question is beyond the scope of my knowledge and the
references, I don’t know the answer’.Please think step by step.
{Documents}
Question:{question }
Answer:
Respond only with *Yes’ or "No’ to indicate whether you are capable of answering the question
accurately based on your knowledge or given documents. The provided reference contexts are as
Verb Prior follows:
{Documents}
Question:{question }
Answer Yes or No:
Respond only with *Yes’ or No’ to indicate whether the provided text can answer the question
based on the given documents or your internal knowledge.
Verb Post {Documents}
Question: {question}
Provided text: {output}
Answer Yes or No:
Table 10: The prompt templates used in our experiments.
Category | Metric | Formula | Description
822{31; ‘ Accuracy ‘ |’/ﬁ(|‘.// Li:.// qux )Lﬁ'xlo‘ﬁx l | Ratio of correct answers plus proper abstentions to total queries
‘ Recall ‘ Ivlr:/(i/u.;‘/U;x | )| ‘ Ratio of correct answers to all queries in KB,ag
Answer
Quality ‘ Precision ‘ |Vﬁ(t/‘ v ‘U_:‘/xlux ) ‘ Ratio of correct answers to attempted answers
‘ F1 ‘ %J;{R:; ‘ The harmonic mean of precision and recall
‘ Abstain Recall ‘ % ‘ Ratio of correct abstentions to all queries in X'
Abstain
Quality ‘ Abstain Precision % ‘ Ratio of correct abstentions to all abstentions
‘ Abstain F1 % ‘ The harmonic mean of abstain precision and abstain recall

Table 11: Evaluation Metrics based on the knowledge quadrant division. Let # denote correct answers, ¥ denote
incorrect answers, and O denote abstentions ("I don’t know" responses). For any category (e.g., ' X), |[¥ NV X|
represents the count of correct answers within the /X category.

18



‘ Qwen2.5-7B ‘ Qwen?2.5-7B-Instruct ‘ Qwen2.5-7B ‘ Qwen?2.5-7B-Instruct
Method | 0doc | 10doc

| Acc  Ans-fl Abs-fl | Acc  Ans-fl Abs-fl | Acc  Ans-fl Abs-fl | Acc  Ans-fl Abs-fl

NQ
Vanilla-G 0.588 0523  0.637 | 0.690 0.699 0.686 | 0.459 0.516 0.129 | 0.596 0.638  0.493
Vanilla-R 0274 0000 0426 | 0274 0.000 0426 | 0274 0.00 0426 | 0274 0.000 0426
Verb-Prior 0715 0450 0.808 | 0.730 0506 0799 | 0.494 0518 0403 | 0516 0519 0512
Verb-Post 0631 0529 0.696 | 0.705 0431 0794 | 0507 0.523 0457 | 0400 0336 0.458
cot 0294 0292 0297 | 0.725 0496 0812 | 0487 0536 0239 | 0519 0511 0.538
CAD 0400 0462 0010 | 0585 0.633  0.445
CKPLUG 0452 0510  0.107 | 0.616 0.683  0.481
LogtokU 0574 0493 0634 | 0715 0529 0793 | 0462 0517 0.172 | 0502 0501  0.506
P(True) 0712 0516 0795 | 0.766 0.639 0.808 | 0.495 0483 0518 | 0.571 0.594  0.533
Internal Confidence | 0.748  0.325  0.844 | 0.719 0.677 0738 | 0437 0470 0348 | 0529 0556  0.485
Our 0.753 0562 0.830 | 0.797 0.728 0.821 | 0.545 0.553 0518 | 0.630 0.666 0.558
TriviaQA
Vanilla-G 0762 0792 0724 | 0.726 0.860 0520 | 0.597 0.656 0255 [ 0.719 0.805  0.469
Vanilla-R 0246 0000 0391 | 0246 0.000 0391 | 0.246 0.00 0391 | 0246 0.000 0.391
Verb-Prior 0629 0466 0716 | 0.713 0800 0615 | 0.627 0.659 0528 | 0.561 0.630  0.463
Verb-Post 0778 0783 0773 | 0.578 0494 0.635 | 0.623 0.663 0490 | 0.427 0.447  0.405
COT 0437 0469 0377 | 0.683 0.681 0.686 | 0.630 0.674 0426 |0.685 0725 0.564
CAD 0459 0520 0.029 | 0.695 0768 0456
CKPLUG 0559 0620 0.181 |0.742 0.832 0481
LogtokU 0733 0757 0703 | 0.701 0.714  0.687 | 0.591 0.650 0294 |0.631 0676 0.514
P(True) 0671 0567 0735 | 0.672 0670 0672 | 0.586 0.613 0532 | 0.641 0719 0497
Internal Confidence | 0.725  0.680  0.758 | 0.666 0.684  0.651 | 0.599 0.627 0.538 | 0.643 0.723  0.492
Our 0.794 0780  0.808 | 0.777 0856 0.691 | 0.693 0.714  0.626 | 0.742 0.829  0.496
WebQ

Vanilla-G 0593  0.629 0549 | 0.726 0.858 0.620 | 0.411 0460 0.148 | 0523 0563  0.424
Vanilla-R 0281 0.000 0436 | 0.281 0.000 0436 | 0281 0.000 0436 | 0281 0.000 0436
Verb-Prior 0633 0485 0718 | 0.682 0715 0660 | 0.441 0464 0357 | 0483 0492 0.468
Verb-Post 0616 0.626  0.605 | 0.636 0403 0730 | 0.434 0460 0335 | 0395 0338  0.449
cot 0334 0389 0244 | 0.624 0506 0.699 | 0442 0485 0234 | 0493 0507 0453
CAD 0339 0393 0.007 | 0505 0537 0406
CKPLUG 0417 0469  0.133 | 0.566 0.625  0.447
LogtokU 0572 0589 0552 | 0593 0513 0657 | 0415 0439 0346 | 0399 0361 0452
P(True) 0673 0553 0742 | 0.729 0765 0708 | 0.438 0440 0434 | 0482 0490 0.469
Internal Confidence | 0.675  0.575  0.736 | 0.730 0.751  0.719 | 0452 0434 0487 | 0496 0.509 0474
Our 0732 0.652 0785 | 0.767 0.800 0.748 | 0.526 0.528 0.522 | 0.581 0.630  0.501

Table 12: The results across NQ, TriviaQA and WebQ datasets under Odoc and 10doc. CAD and CKPLUG are not
applicable for Odoc setting.

Method \ NQ \ TriviaQA \ WebQ

| Acc  Ansfl Abs-fl | Acc Ansfl Abs-fl | Acc  Ans-fl Abs-fl
Vanilla-G 0475 0521 0250 | 0473 0549 0179 | 0395 0433 0213
Vanilla-R 0274 0.000 0426 | 0246 0.000 0391 | 0.281 0.000 0.436
Verb-Prior 0.550 0.549  0.554 | 0.603 0591 0.632 | 0449 0448 0449
Verb-Post 0.559 0.554 0.571 | 0599 0583 0.623 | 0478 0465 0.507
CoT 0418 0458 0218 | 0394 0458 0.135 | 0301 0322  0.195
CAD 0536 0.569 0402 | 0542 0610 0315 | 0440 0471 0300
CKPLUG 0422 0465 0208 | 0448 0521 0.158 | 0337 0373  0.152
LogtokU 0.500 0530 0.389 | 0516 0.564 0387 | 0411 0434 0323
P(True) 0.559 0544 0.664 | 0570 0.621 0.744 | 0.485 0437  0.585
Internal Confidence | 0.421 0394 0458 | 0.547 0546  0.549 | 0420 0385 0488
Our 0562 0532 0614 | 0.654 0.623 0709 | 0.510 0.480  0.562

Table 13: The results on NQ, TriviaQA and WebQ datasets for Qwen3-14B model.Only prior control is employed
without posterior control due to time constraints.
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