Knowing When to Speak: Aligning LL.LM Honesty via Solvability-Aware
Preference Optimization

Wenpeng Lu'*', Xueguan Zhao'*', Shuxia Lin?, Linhai Zhang?®,
Chaoqun Zheng'#, Weiyu Zhang'*#, Jiasheng Si**
'Key Laboratory of Computing Power Network and Information Security, Ministry of Education,
Shandong Computer Science Center (National Supercomputer Center in Jinan),

Qilu University of Technology (Shandong Academy of Sciences), Jinan, China
2School of Computer Science and Engineering, Southeast University, Nanjing, China
3King’s College London, London, United Kingdom
“Shandong Provincial Key Laboratory of Computing Power Internet and Service Computing,
Shandong Fundamental Research Center for Computer Science, Jinan, China
wenpeng.lu@qlu.edu.cn, xueguan.zhao@foxmail.com, jiashengsi@qlu.edu.cn

Abstract

Large Language Models often exhibit dishonest
behaviors—confidently hallucinating answers to
questions beyond their knowledge boundary or
hedging on queries they have mastered. Al-
though existing mitigation methods have pro-
gressed to establishing the model knowledge
boundary, this boundary is still typically treated
as a coarse “known vs. unknown” distinc-
tion, leaving a finer-grained question underex-
plored: Does a failure reflect missing knowl-
edge, or merely under-expressed capability?
In this paper, we propose KCAPO, a frame-
work that aligns the model’s output behavior
with its latent capabilities. It estimates query-
level solvability with a consistency-supervised
hidden-state probe, then uses its mismatch with
response confidence and factual behavior to
refine the knowledge boundary into four ca-
pability—behavior cases. Based on this fine-
grained characterization, we construct prefer-
ence data to dynamically "Wake Up" dormant
knowledge or "Suppress" blind guessing. Fur-
thermore, we introduce an adaptive margin
into the DPO objective, which prioritizes cor-
recting responses with severe cognitive disso-
nance. Extensive experiments on short-form
QA and refusal benchmarks show that KCAPO
reduces hallucinations without compromising
utility and improves selective abstention.

1 Introduction

Large Language Models have shown strong capabil-
ities across NLP tasks (Liu et al., 2023b; Qin et al.,
2026), but their deployment in knowledge-sensitive
applications is limited by hallucination (Liu et al.,
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2023b; Tonmoy et al., 2024; Huang et al., 2025).
Within this realm, a cornerstone of hallucination
is dishonesty: LLMs may confidently fabricate an-
swers to queries outside their knowledge bound-
aries, rather than expressing uncertainty.

Specifically, the honesty of LLMs refers to the
behavior of humbly acknowledging the limitations
in its internal capabilities (“knowing’) and faith-
fully expressing their awareness (“saying”), which
is literally framed as two coupled criteria: (i) self-
knowledge: recognizing the boundary between
known and unknown information, and (ii) self-
expression: responding faithfully to reflect their in-
ternal epistemic state rather than hedging unneces-
sarily (Yang et al., 2024; Chern et al., 2024; Askell
etal.,2021). As pointed out by (Li et al., 2024), cur-
rent LLMs often commit confidently to queries be-
yond their latent capability, while under-expressing
competence on queries they are able to answer.
This reveals a subtle but critical phenomenon: not
every failure indicates missing knowledge, some
reflect merely under-expressed capability.

To enable the accurate expression conditioned
on the internal knowledge, prior methods have
gradually shifted the focus from knowledge elicita-
tion to knowledge-boundary perception. Inference-
time interventions—such as contrastive decoding
(Chuang et al., 2024; Zhang et al., 2025b), self-
refinement (Madaan et al., 2023), and integrative
decoding (Cheng et al., 2025)—ask how to better
surface knowledge already encoded in the model,
but they do not explicitly determine whether a
query is internally solvable in the first place. They
improve expression without calibrating cognition.
Training-based alignment methods (Ouyang et al.,
2022; Cheng et al., 2024; Yang et al., 2024) move
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one step further by introducing the notion of a
knowledge boundary, which focuses on that models
should refuse when they lack knowledge. However,
these approaches overwhelmingly treat the bound-
ary as a coarse binary distinction—"known" versus
"unknown" —leaving a finer-grained question unex-
plored: does a failure reflect a genuine knowledge
deficit, or merely a failure to express latent compe-
tence?

Recent internal-state approaches have shown
that hidden representations can provide useful sig-
nals for estimating or calibrating knowledge bound-
aries (Azaria and Mitchell, 2023; Cheng et al.,
2024; Shi et al., 2025; Ni et al., 2025). Moreover,
Gekhman et al. (2025) observe that models may
encode more factual knowledge in their parame-
ters than they express in their outputs. Inspired by
these, we argue that the LLM honesty is not merely
to “refuse more” or “sound more uncertain”, but to
synchronize what the model internally knows with
how it externally commits to an answer. Building
on this view, we formulate honesty alignment as
an explicit cognition—behavior synchronization
problem, where the central question is not only
whether a query is “known” or “unknown”, but
whether the model’s response behavior faithfully
reflects its internal solvability. Based on this finer-
grained characterization, we propose Knowledge—
Confidence Adaptive Direct Preference Optimiza-
tion (KCAPO), which estimates query-level solv-
ability, constructs preference data according to
solvability—confidence mismatch, and dynamically
adjusts alignment strength through a confidence-
aware adaptive margin.

Specifically, we first estimate query-level inter-
nal solvability from hidden representations, pro-
viding a generation-independent signal of whether
the model can solve a given query in principle.
This estimate enables a principled distinction be-
tween epistemic regimes in which the model should
answer confidently and those in which absten-
tion is more appropriate. It then combines solv-
ability, response confidence, and factual correct-
ness to construct fine-grained preference pairs, re-
fining knowledge-boundary alignment into four
cognition—behavior cases: know and answer, know
but abstain, do not know but answer, and do not
know and abstain. These preference pairs selec-
tively elicit under-expressed knowledge for solv-
able queries and suppress blind guessing for unsolv-
able ones. Furthermore, we introduce a mismatch-
aware adaptive margin into the DPO objective to

dynamically adjust alignment strength according to
solvability—confidence mismatch. Extensive experi-
ments across multiple benchmarks demonstrate that
KCAPO consistently reduces hallucination while
preserving competitive performance on answerable
queries. Additionally, compared to strong base-
lines, our method achieves a more balanced trade-
off between factual reliability and answerability,
highlighting the benefits of our framework.

2 Related Works

2.1 Honesty of Large Language Models.

Honesty is a cornerstone of aligning LLMs
with human values (Askell et al., 2021), par-
ticularly in high-stakes domains like medicine,
law, and finance (Thirunavukarasu et al., 2023;
Dahl et al.,, 2024; Li et al.,, 2023b). For-
mally, honesty comprises two coupled criteria:
self-knowledge—recognizing internal capability
boundaries (“knowing what it knows”)—and self-
expression—{faithfully articulating this state with-
out deception (“saying what it thinks”) (Yang et al.,
2024; Kadavath et al., 2022). However, current
training paradigms often induce a misalignment be-
tween these objectives and epistemic reality. First,
superficial imitation encourages a confident per-
sona that outstrips actual competence, creating
a “style-content mismatch” (Zhou et al., 2023;
Gudibande et al., 2023). This is exacerbated by
forced supervision during SFT, where models are
pressured to answer beyond their knowledge bound-
aries, incentivizing fabrication (Gekhman et al.,
2024; Lin et al., 2024). Furthermore, preference
alignment (e.g., RLHF) often inadvertently rewards
sycophancy, prioritizing user appeal over objec-
tive truth (Sharma et al., 2023). Collectively, these
factors foster a cognitive-expressive dissonance,
where models fail to faithfully articulate their inter-
nal knowledge (Li et al., 2023a).

2.2 Strategies for Improving Honesty

Existing approaches generally fall into two
paradigms: training-free inference interventions
and training-based alignment (Li et al., 2024; Si
et al., 2024). The former exploits prompting for
uncertainty elicitation (Tian et al., 2023), sampling
consistency for confidence estimation (Wang et al.,
2022), or decoding-time interventions (e.g., ITI
(Li et al., 2023a), DoLa (Chuang et al., 2024)) to
steer activation patterns towards truthfulness with-
out modifying parameters. Conversely, training-
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Figure 1: A diagram illustrating the four steps of KCAPO: (i): Generate initial responses and check the facts.
(>i1): Collect metrics on problem solvability and response confidence. (iii): Create pairwise preference data. (iv):

Fine-tune LLM with KCAPO.

based methods fundamentally instill honest behav-
iors via Self-aware Fine-tuning (SFT) (Yang et al.,
2024) or Reinforcement Learning (RL) (Xu et al.,
2024; Kang et al., 2026), utilizing preference op-
timization (e.g., DPO (Rafailov et al., 2023; Yang
et al., 2025)) to teach models to refuse unknown
queries. Recent work further improves this process
by selecting cross-lingual reasoning trajectories
and dynamically pruning low-quality paths during
decoding (Zhang et al., 2026). Closely related to
our goal, Weak-to-Strong Honesty Alignment via
Learning-to-Rank Supervision (WHAT) trains an
honest head to rank beam-search candidates and
uses its self-labeled data to align a stronger model
(Xie et al., 2025). WHAT ranks which observed re-
sponse is more honest, whereas KCAPO separately
estimates internal solvability from hidden represen-
tations and uses its mismatch with response behav-
ior to select WAKE UP or SUPPRESS supervision.
However, these approaches often rely on static ex-
ternal supervision or unilateral optimization, failing
to dynamically synchronize the model’s evolving
internal solvability with its output policy, which
limits their effectiveness in handling the complex
“knowing-but-not-saying” dissonance.

3 Methodology

To synchronize the cognitive gap between inter-
nal cognition and external behavior, we propose
KCAPO. As illustrated in Figure 1, KCAPO op-
erates in four stages: (i): We generate seman-
tic variants of each query, collect the model’s re-

sponses, and verify their factual correctness to build
a consistency-based sampling space. (ii): Esti-
mating query-level internal solvability via hidden-
state probing and measure the external confidence
of each response; (iii): Constructing preference
pairs using solvability, confidence, and initial re-
sponse behavior to encourage answering solvable
queries and abstaining from unsolvable ones; (iv):
Fine-tuning the model with a mismatch-aware
adaptive DPO objective, assigning stronger align-
ment pressure to responses with larger solvability—
confidence mismatches.

3.1 Construction of Epistemic Sampling
Space

A single response is an unreliable indicator of
internal cognition, since correctness may arise
from guessing and failure may arise from under-
expression. We therefore construct a consistency-
based sampling space: a reliably solvable fac-
tual query should remain correctly answered un-
der semantically equivalent reformulations, while
guesses or surface-pattern matches are more likely
to fail under perturbations. For each original query
xi, we use a separate LLM (GPT-5.5) to generate
K = 3 variants, denoted as X{,, = {¢,... 2%}
We generate exactly one variant with each of three
answer-preserving strategies: syntactic restructur-
ing, lexical substitution, and distractor perturba-
tion. Further details are reported in Appendix A.1.
We prompt the policy model 7y to answer each
query in z; U X’ . and use a stronger LLM judge

var?
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to evaluate each response against the gold answer
as Correct, Incorrect, or Refusal. This yields a sam-
pling sub-space S; = {(z%,yi, i)} for each
knowledge point 4, where %, y&, and [}, denote the
query variant, model initial response, and judge la-
bel, respectively. Aggregating all sub-spaces gives
Stotal, Which provides consistency-based supervi-
sion for estimating Internal Solvability.

3.2 Quantification of Solvability and
Confidence

To align the model’s response behavior with its in-
ternal cognition, we quantify two complementary
signals: Internal Solvability (1S(x)), which esti-
mates whether a query can be reliably solved by the
model, and External Confidence (C(y|x)), which
measures how strongly the model commits to its
generated response.

Internal Solvability Estimation. Motivated by
findings that hidden states encode factuality and
uncertainty signals (Li et al., 2023a; Azaria and
Mitchell, 2023; Kadavath et al., 2022), we estimate
solvability from internal representations rather than
single-generation outcomes which may be affected
by decoding noise or under-expression. Specifi-
cally, we use the consistency labels derived in Sec-
tion 3.1 as behavioral supervision to train a diagnos-
tic probe. The original query and its three variants
yield four judge labels. We assign yso1v = 1 only
when all four labels are Correct, and ysoy = 0
only when all four are Incorrect; any mixed labels
or any Refusal are excluded from probe supervi-
sion. Refusal is retained as a response behavior
for subsequent preference construction, rather than
treated as direct evidence of absent knowledge. Ap-
pendix A.2 gives the complete mapping. For each
original query z, we extract the last-token hidden
state hy(x;) € R? from layer [ and train a logistic
regression probe:

IS(x) = U(wl—rhl(x) + bl) (D

We train the probe on these unanimous labels and
select the best layer [* by AUC. The trained probe
is then applied to candidate sampling sub-spaces,
and the final generation-independent score 1.5(x)
is the mean I.Sj- over the original query and its
variants. Preference pairs are constructed from
mixed-behavior sub-spaces, where the probe helps
distinguish under-expressed capability from low
solvability.

External Confidence Estimation. To character-
ize the model’s capability—behavior state, we fol-
low prior work (Tian et al., 2023; Xiong et al., 2023;
Kadavath et al., 2022) on verbalized confidence and
prompt the model to rate its confidence in response
y from O to 1. For every query—response pair, we
independently elicit confidence three times and
use their mean as C'(y|x) to reduce prompt- and
sampling-induced variance. Importantly, we do not
treat C'(y|x) as a calibrated probability or evidence
of the model’s knowledge state; it is an external-
expression signal that only scales mismatch sever-
ity. Internal solvability and response outcome deter-
mine the WAKE UP or SUPPRESS regime. High-
confidence errors on low-solvability queries indi-
cate blind guessing, whereas low confidence or
refusal on high-solvability queries indicates under-
expressed capability. This signal guides adaptive
optimization rather than deciding what the model
knows.

3.3 Epistemically Grounded Preference Data
Construction

Guided by internal solvability 1.S(x), external
confidence C'(y|x), and initial response behavior,
we construct preference pairs under two regimes,
WAKE UP and SUPPRESS, with two strategies,
Correction and Reinforcement. This design refines
the knowledge boundary from "known vs. un-
known" into four capability—behavior states: know
and answer, know but abstain, do not know but
answer, and do not know and abstain. Preference
pairs are drawn from sampling sub-spaces with in-
consistent responses across semantic variants in
Section 3.1, forming the final preference dataset
D = {(z,Yw,y)} for KCAPO, where y,, repre-
sents the epistemically appropriate behavior and
1 represents the corresponding cognitive misalign-
ment. Queries with 7joy, < 1S5(2) < Thign are
treated as ambiguous and excluded from preference
construction, preventing uncertain probe outputs
from being forced into either regime. Threshold
sensitivity is reported in Section 4.8.

WAKE UP Regime. For high-solvability queries
(IS(x) > Thign), the model has a high potential
to solve them. This regime covers two capability—
behavior states: "know and answer" and "know
but abstain": for correct responses, we construct
Reinforcement Pairs, where y,, is selected from
high-confidence correct responses and y; is another
correct response with lower confidence. For incor-
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rect responses and refusals, we construct Correc-
tion Pairs, where y,, is a correct response and y;
is selected from incorrect responses or refusals.

SUPPRESS Regime. Conversely, for queries
with low internal solvability (I.S(z) < Tjow), the
model is considered to have a low probability of
resolving these queries. This regime covers "do not
know and answer" and "do not know and abstain":
For incorrect responses, we construct Correction
Pairs where ¥, is an abstention and y; is selected
from initial incorrect answers; and for existing re-
fusals, we construct Reinforcement Pairs where
yw 1s selected from high-confidence abstentions
and ; is another abstention with lower confidence.

To mitigate data imbalance, we use group-
balanced sampling, drawing mini-batches uni-
formly across preference types and reusing smaller
groups when necessary. Details of the preference
data construction are in the Appendix C.

3.4 Knowledge—Confidence Adaptive
Alignment

The preference pairs constructed in Section 3.3
specify which response should be preferred, but
standard DPO treats all preference pairs with the
same optimization strength. This is insufficient for
capability—behavior mismatch: a low-confidence
mistake and a high-confidence hallucination should
not receive the same correction pressure. Inspired
by margin-based preference optimization (Meng
et al., 2024; Wu et al., 2025; Rho, 2025), we in-
troduce a mismatch-aware adaptive margin that
scales the DPO objective according to the severity
of solvability—confidence conflict.

Mismatch-Aware Adaptive Margin. For each
preference pair (x, Y., Y1), Where y,, and y; denote
the preferred and dispreferred responses, we define
an adaptive margin:

M(z,y1) = Clyllz) - a(x), (2)

where C(y;|z) is the external confidence of the
dispreferred response, and «(x) measures how
strongly the query belongs to a mismatch-sensitive
correction case:

IS(.T), T € Dyake \Dreinf7
O((J}) = 7(1 - IS(I‘)), YIS Dsupp \ Dreinfu
07 YIS Dreinf'

(3)
Here, v controls the relative strength of SUP-
PRESS, and D,j,s denotes reinforcement pairs.

The margin is applied only to correction pairs,
where the dispreferred response reflects a clear mis-
match: either a solvable query is not properly ex-
pressed, or an unsolvable query is answered with
unwarranted confidence. For reinforcement pairs,
where the goal is mainly to consolidate already
appropriate behavior, the margin is set to zero.

Adaptive Optimization Objective. Let

o (y|z
o) = 1og 740 @
be the implicit reward log-ratio, and define
Arg = 1o(z,Yw) — ro(@, y1)- o)
The KCAPO loss is:
Lxcaro = —Ey, 4~ [logo (8 (Arg ©

_)\t-/\/“'rv yl)))] :

Compared with standard DPO, the adaptive mar-
gin requires a larger reward gap when the dispre-
ferred response is highly confident and strongly
conflicts with the estimated solvability. Thus,
KCAPO assigns stronger alignment pressure to
severe mismatch cases, while leaving ordinary re-
inforcement pairs close to standard DPO.

4 Experiments

To evaluate the efficacy of KCAPO in aligning
the model’s behavior with its internal knowledge
boundaries, we specifically focus on short-form
open-ended generation tasks which allow us to pre-
cisely attribute errors to knowledge deficits rather
than generation artifacts, serving as a direct test for
the model’s factual grounding.

4.1 Setup

Datasets. We evaluate our method on two cat-
egories of benchmarks. First, for the Trade-off
Between Factuality and Honesty, we employ Hal-
luLensQA (Bang et al., 2025), which features dy-
namically generated questions to minimize data
leakage; TriviaQA (Joshi et al., 2017), a stan-
dard reading comprehension benchmark; and Sim-
pleQA (Wei et al., 2024), consisting of high-quality
questions with indisputable answers. Second, to
assess the Rationality of Refusals, we utilize
FalseQA (Hu et al., 2023), NEC (Liu et al., 2023a),
and RefuNQ (Kwiatkowski et al., 2019). These
datasets serve as stress tests for discriminating
solvable boundaries from unanswerable premises.
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Backbone | Method HalluLensQA TriviaQA SimpleQA
\ HR| Acct HRJ|] Acet HRJ] Acct
Base 0.472  0.128 0.2 0.709 0.873 0.106
DoLa 0.664 0.154 0.227 0.750 0.889 0.093
SR 0.813 0.139 0.258 0.719 0912 0.047
Llama-3.1-8B-Instruct | ID 0.668 0.126  0.23 0.72 0.89 0.1
AH 0.575 0.146 0.247 0.706 0.873  0.09
DPO 0456 0.138 0.194 0.712 0.84 0.1
KCAPO 0423 0.156 0.183 0.724 0.806 0.120
Base 0.847 0.137 0459 0.535 0.95 0.042
DoLa 0.852 0.147 0438 0544 0959 0.041
SR 0.851 0.139 0440 0.547 0951 0.047
Qwen2.5-7B-Instruct D 0.839 0.14 0442 0505 0953 0.043
AH 0.842 0.114 0456 0531 0952 0.029
DPO 0.831 0.139 045 0.54 0.96  0.039
KCAPO 0.822 0.147 0435 0.554 0947 0.041
Base 0.798 0.19 0385 0.609 0945 0.049
DoLa 0.784 0.206 0.381 0.621 0.94  0.058
SR 0.795 0.198 0380 0.614 0945 0.054
Mistral-7B-Instruct ID 0.786 0.206 0.382 0.61 0.948 0.052
AH 0.779 0.186 0.379  0.605 0.95  0.047
DPO 0.79 0.193 0382 0.61 0.938  0.048
KCAPO 0.773 0.210 0.375 0.618 0935 0.047

Table 1: Main results on the trade-off between factuality and honesty.

dataset are highlighted in bold.

Regarding data splits, our training data consists
of 7,538 samples constructed via the HalluLens
pipeline. For evaluation, we use a held-out set of
1,889 HalluLens samples and randomly sampled
1000 instances each from TriviaQA and SimpleQA
to assess generalization ability. For refusal bench-
marks, to ensure a balanced evaluation, we ran-
domly sample 500 answerable and 500 unanswer-
able queries separately from each dataset. More
detailed information is in the Appendix E.1.

Evaluation Metrics. Responses are classified
into Correct, Incorrect, and Refusal. We report: (1)
Correct Answer Rate (Acc): The overall utility,
measured by the proportion of correct responses
across all samples. (2) Hallucination Rate (HR):
The reliability of generated content, defined as the
proportion of incorrect answers among attempted
responses (excluding refusals) (Bang et al., 2025).
For refusal quality, we employ: (3) RF_UN: The
refusal rate on unanswerable questions (Recall). (4)
F1 Score: The harmonic mean of precision and
recall for identifying unanswerable queries. (5) Re-
fusal A (RFA): The difference between refusal
rates on unanswerable versus answerable questions,
quantifying the model’s discriminative capability.
Detailed explanation is in the Appendix F

Baselines. We compare our methods with the fol-
lowing approaches: (1) Base: Set the model tem-
perature to O to obtain the model’s most confident
output; (2) DoLa (Chuang et al., 2024): A decod-

Best mean results for each backbone and

ing strategy that amplifies factual knowledge by
contrasting output distributions between mature
intermediate and final layers; (3) Self-Reflection
(SR) (Madaan et al., 2023): A prompting-based
refinement approach which concatenates multiple
sampled responses as context; (4) Integrative De-
coding (ID) (Cheng et al., 2025): A method de-
signed to unlock the potential of self-consistency by
constructing a set of inputs prepended with previ-
ously sampled responses; (5) Alignment for Hon-
esty (AH) (Yang et al., 2024): A fine-tuning frame-
work that trains the model to proactively refuse
questions when it lacks internal knowledge. (6)
DPO (Rafailov et al., 2023): Using the same pref-
erence data as KCAPO, the model was directly
fine-tuned using standard DPO. Detailed instruc-
tions on baseline selection are in the Appendix G.

Implementation Details. We validate KCAPO
across three diverse instruction-tuned backbones:
Llama-3.1-8B-Instruct (Grattafiori et al., 2024),
Qwen2.5-7B-Instruct (Team et al., 2024), and
Mistral-7B-Instruct (Jiang et al., 2023). To de-
rive solvability labels, we generate K = 3 seman-
tic variants for each query using GPT-5.5, and
use the same model as the correctness judge. In
blinded human audits, 96.3% of 3,000 variants
were valid overall and the judge agreed with the
human-majority label on 97.0% of 1,000 responses;
Appendix B provides the protocol and error anal-
ysis. All experiments are repeated with three ran-
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FalseQA NEC RefuNQ
BackBone Method e+ FI  RFAT [ REUNT FIT RFAT [REUNT FIT RFAT
Base 0233 0353 0.149 0.788  0.824  0.664 0614  0.693 0456
DolLa 0246 0374  0.178 0.63 0.735  0.546 0582  0.697  0.496
llama3.1-8hoinstruct SR 0206 0316  0.11 0.61 0719  0.524 0542 0.658 0438
ID 0224 0343 0.142 0.65 0746 0558 0.573 0.688  0.481
AH 0234 0361 0.172 0.808 0816 0.636 0.61 0718 0522
KCAPO | 0306 0442  0.226 0.8 0.839  0.694 0.632 07336 0.541
Base 034 0487  0.286 0.746 0818 067 0592 0708 0514
DolLa 0234 0373 0214 0402 0561 0372 0.22 0352 0.192
Qwen2.5-7B-Instruct SR 0.172 0285 0.138 0446  0.601  0.408 0332 0488  0.304
ID 0323 0478  0.297 0432 0583  0.384 0.32 0473 0288
AH 0264 0399  0.206 0.628 0733  0.544 0372 0523 0324
KCAPO | 0358 0516  0.33 0774 0847  0.722 0.598 0730  0.559
Base 0324 0474 0282 0432 0592 0.406 0.45 0.6 04
DolLa 0276 0420 024 0262 0410 0.246 0248 0391 0228
Mistral-7B-Instruct SR 0.09 0.163  0.078 0.1 0.180  0.094 0.084  0.154  0.078
ID 0324 0474 0282 0324 0475 0.286 0432 058  0.39
AH 0354 0506  0.309 0.65 0.767  0.606 0.45 0.604 041
KCAPO | 0398  0.549  0.348 0704  0.808  0.666 0.68 0.786  0.63

Table 2: Evaluation of refusal rationality on FalseQA, NEC, and RefuNQ. Bold indicates the best performance. Our
method consistently achieves the highest F1 and RFA, verifying its effectiveness in aligning internal knowledge

boundaries.

dom seeds, and Table 1 reports the mean. We set
Thigh=0.6 and 7,w=0.4. Detailed information is in
Appendix H.

4.2 Main Results

Table 1 presents the main evaluation results.
KCAPO obtains the lowest mean Hallucination
Rate (HR) in all nine backbone—dataset settings and
the highest or tied-highest mean Accuracy (Acc)
in five settings. On Llama-3.1-8B-Instruct, for ex-
ample, KCAPO reduces HR from 0.472 to 0.423
and improves Acc from 0.128 to 0.156 on Hallu-
LensQA. Although KCAPO does not achieve the
highest accuracy in every setting, it exhibits a more
favorable reliability—utility trade-off. Compared
with the Base model, KCAPO consistently reduces
the hallucination rate across all evaluated datasets
and backbones, while improving or largely pre-
serving accuracy in most cases. This suggests that
KCAPO does not merely induce conservative re-
fusals, but helps align the model’s responses with
its internal solvability. In contrast, inference-time
strategies such as DolLa may improve accuracy in
some settings, but they can also increase halluci-
nation rates relative to the Base model, indicating
a less stable factuality—honesty balance. Overall,
KCAPO provides a more reliable alignment behav-
ior by suppressing hallucinations while maintain-
ing competitive utility. Comparisons with standard
DPO using the same preference pairs further iso-
late the contribution of the adaptive margin. Over-
all, the results support KCAPQO'’s ability to reduce
hallucination while retaining competitive answer
utility.

4.3 Rationality of Refusals

As shown in Table 2, KCAPO demonstrates su-
perior performance across all three benchmarks,
verifying that our refusal behavior is both precise
and context-aware. On the one hand, KCAPO al-
most achieves the highest refusal rates on unanswer-
able queries (RF_UN) across three benchmarks.
This proves effective SUPPRESS of responses to
nonsensical premises. On the other hand, high re-
fusal rates do not come at the cost of utility. The
consistent top-tier performance in F1 Score and
Refusal A confirms that KCAPO successfully de-
lineates the knowledge boundary—Iearning to ac-
tively refuse unknowns while retaining the capacity
to answer solvable queries.

4.4 Reliability Analysis of the Solvability
Probe

A model is more likely to respond correctly when
it has the potential to solve the problem, and more
likely to respond incorrectly when it lacks the po-
tential. To rigorously validate that the trained probe
IS(x) serves as a reliable proxy for the model’s
internal knowledge state, we conducted an analysis
on a held-out dataset. We utilized the HalluLen-
sQA pipeline to synthesize 8,000 additional QA
pairs (Wikipedia documents used to generate the
question are strictly excluded during the probe
training phase.). As visualized in Figure 2, in the
low-solvability regime (/S(x) < 0.5), incorrect re-
sponses predominate, reflecting that most questions
in this range are difficult for the model to answer
correctly. A critical crossover point is observed
at IS(z) =~ 0.5, where the probability densities of
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Figure 2: Density distributions of solvability scores for
correct and incorrect responses.

correct and incorrect responses intersect. Beyond
this threshold, the trend reverses: the density of
correct responses consistently surpasses that of in-
correct ones. This result empirically verifies that
the learned internal solvability score I.S(z) is a
robust indicator of the model’s internal cognitive
state, justifying its use in categorizing WAKE UP
and SUPPRESS regimes for alignment.

4.5 Post-hoc Alignment Analysis

We further examine how alignment changes the
relation between internal solvability and an auxil-
iary Self-Verification Score (SVS), calculated as
the log-probability difference between “True” and
“False” tokens in a self-evaluation prompt. SVS
is used only for this post-hoc analysis and is dis-
tinct from the three-sample verbalized confidence
C(y | =) used during training. We restrict the anal-
ysis to Persistent Samples whose correctness is
unchanged after alignment. As shown in Figure 3,
the solvability distribution of Persistent Correct
samples shifts rightward. For Persistent Incorrect
samples, SVS decreases toward zero and solvability
concentrates in the intermediate region. This re-
sult does not imply perfect confidence calibration;
rather, it indicates that KCAPO reduces overcom-
mitment on persistent errors while strengthening
the separation of correctly answered knowledge.

4.6 Ablation Study

To verify the contribution of each component,
we conducted ablation studies on Llama-3.1-8B-
Instruct (Table 3). The WAKE UP and Reinforce-
ment training data pairs are critical for maintaining
model utility. Removing the WAKE UP training
data pairs (w/o WAKE UP) leads to an overly con-
servative model: while hallucination drops, the

Persistent Correct (Before) Persistent Correct (Aligned)
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w
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Self-Verification Score
)

|
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Figure 3: Distribution of Internal Solvability vs. Self-
Verification Scores (SVS) for persistent samples.

Method ‘ HalluLens QA ‘ FalseQA

|HR| RR Acct|RF_AN| RFUNT FIt RFA{
Base | 0472 0755 0.128 | 0.084 0233 0354  0.149
w/io WAKE UP | 0.434 0.776 0.124 |  0.096 0268 0393  0.172
w/o SUPPRESS | 0.506 0.730 0.134 | 0.082 0223 0342 0.141
w/o Reinf. 0452 0740 0.143 | 0.083 0282 0413 0.199
wio Corr. 0.490 0762 0.116 |  0.092 0.243 0364 0.151
w/ DPO 0.456 0.742 0.138 | 0.085 0264 0391  0.179
w/ TriviaQA 0.420 0740 0.152 | 0.082 0.300 04 0218
KCAPO | 0423 0732 0.156 | 0.080 0306 0442 0226

Table 3: Ablation study on Llama-3.1-8B-Instruct.

Refusal Rate (RR) spikes to 0.776, and Accu-
racy collapses to 0.124—even lower than the Base
model. This aligns with the results of excluding
Reinforcement pairs (w/o Reinf.), which causes a
distinct drop in Accuracy (0.156 — 0.143). These
results confirm that without positive reinforcement
of known facts, the model succumbs to indiscrim-
inate refusal and fails to consolidate its internal
confidence. Conversely, the SUPPRESS and Cor-
rection training data pairs are the primary drivers
for safety. Removing the SUPPRESS pairs (w/o
SUPPRESS) results in a severe regression in reli-
ability, with the Hallucination Rate (HR) surging
to 0.506 (worse than Base) and a diminished Re-
fusal A (0.141). Similarly, removing Correction
pairs (w/o Corr.) causes the HR to spike to 0.49.
This demonstrates that simply reinforcing correct
knowledge is insufficient; the model explicitly re-
quires negative constraints to delineate the bound-
ary of ignorance. Finally, we validate our algorith-
mic design and data strategy. Compared to stan-
dard DPO (w/ DPO), our adaptive margin strategy
achieves superior performance across all metrics
(HR: 0.423 vs. 0.456; RFA: 0.226 vs. 0.179), prov-
ing that weighting violations by epistemic severity
yields a sharper knowledge boundary. Regarding
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Variant setting Probe AUC1 Probe Acc 1

Syntactic only 0.7971 0.8866
Lexical only 0.7916 0.8818
Distractor only 0.7934 0.8817
w/o Syntactic 0.8038 0.8915
w/o Lexical 0.8064 0.8931
w/o Distractor 0.8056 0.8926
Mixed variants 0.8125 0.8984

Table 4: Contribution of the three answer-preserving
variant strategies.

(Tiow, Thigh) Pairsused HR ] Acc?
(0.50, 0.50) 100.0% 0441  0.149
(0.45,0.55) 86.7% 0.432  0.153
(0.40, 0.60) 742% 0423 0.156
(0.35,0.65) 61.5% 0426 0.154
(0.30,0.70) 48.8% 0434  0.151

Table 5: Sensitivity to low/high solvability thresholds.

data sources, we trained a variant on the TriviaQA
dataset (w/ TriviaQA), which performs similarly to
the variant trained on HalluLensQA. This demon-
strates that our method has a certain degree of uni-
versality across different datasets.

4.7 Robustness of Semantic Variants

Motivated by evidence that robust LLM evaluation
can expose overconfidence and prompt bias (Zhang
et al., 2025a), we examine whether solvability su-
pervision pooled across three perturbation types
is dominated by one strategy and whether K = 3
is sufficient. Table 4 shows that each single strat-
egy provides a useful signal, while mixing all three
achieves the highest probe AUC and accuracy; re-
moving any strategy reduces both metrics. The
three perturbations therefore provide complemen-
tary rather than redundant supervision. Table 6 fur-
ther shows that performance improves from K = 1
to K = 3 and then saturates. Although K = 4
is marginally higher, the gain over K = 3 is only
0.0006 in both AUC and accuracy. We therefore
use K = 3 to cover all perturbation types at lower
generation cost.

4.8 Sensitivity to Solvability Thresholds

The low/high thresholds define an ambiguity buffer
whose samples are excluded from preference con-
struction. Table 5 evaluates nearby choices using
Llama-3.1-8B-Instruct on HalluLensQA. Results
remain stable for nearby thresholds. Removing
the buffer increases coverage but assigns uncertain

K  Strategy sampling AUCT Acc?
1 One sampled strategy 0.7942  0.8835
2 Two sampled strategies  0.8057  0.8921
3 One from each strategy  0.8125 0.8984
4 Default + one extra 0.8131  0.8990
5  Default + two extras 0.8120  0.8976

Table 6: Sensitivity of the solvability probe to the num-
ber of variants.

samples to a regime, whereas an overly wide buffer
discards too many preference pairs. The default
(0.4,0.6) provides the best observed reliability—
utility balance while retaining 74.2% of candidate
pairs.

5 Conclusion

This work examines LLM honesty alignment
through query-level internal solvability and exter-
nal response behavior. KCAPO combines a hidden-
state solvability probe, four capability—behavior
regimes, and a mismatch-aware adaptive DPO mar-
gin. It refines established “known versus unknown”
formulations by distinguishing under-expressed ca-
pability from unsupported answering. Across three
backbones and six benchmarks, KCAPO reduces
hallucination while preserving answer utility and
improving selective refusal. Ablations support
semantic-variant supervision, targeted preference
construction, and adaptive margin scaling.

Limitations

While KCAPO demonstrates promising results, we
acknowledge several limitations that point to direc-
tions for future research. Our current solvability es-
timation relies on a linear logistic regression probe
using last-token hidden states. While effective for
short-form QA, it does not provide hop-, sentence-,
or claim-level guarantees for complex reasoning
and long-form generation, where the “knowing”
signal and factual support may change throughout
a response. Extending KCAPO to such settings
would require local solvability estimates condi-
tioned on the generated prefix, dynamic WAKE
UP/SUPPRESS decisions, and sentence- or claim-
level support supervision; this constitutes a differ-
ent control design beyond the present query-level
scope. Finally, open-ended creative generation and
dialogue remain challenging because factual sup-
port and appropriate abstention are less precisely
defined.
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A Sampling space construction

A.1 Variant generation details

For every original query, GPT-5.5 generates exactly
one variant with each of three strategies (K = 3):
(1) Syntactic Restructuring changes the grammati-
cal structure without changing entities, facts, or
question type; (2) Lexical Substitution replaces
non-critical words with semantically equivalent al-
ternatives; and (3) Answer-preserving Distractor
Perturbation adds a short non-essential distractor
phrase or subtle noisy premise while preserving the
intended meaning and gold answer. The prompt
explicitly requires the gold answer to remain un-
changed and returns only the rewritten question.
Invalid or empty outputs are retried. The released
repository includes the generated variants used in
our experiments.

A.2  Solvability-label construction

For each knowledge point, the original query and
three variants produce four judge labels in {Cor-
rect, Incorrect, Refusal}. We use only unanimous
correctness outcomes to train the binary probe:

Labels for original + three vari- Probe target
ants

Correct / Correct / Correct / Correct Ysolv = 1
Incorrect / Incorrect / Incorrect / In- Ysolv = 0
correct

Any mixed labels or any Refusal Excluded

Table 7: Mapping from three-way response labels to
binary solvability-probe supervision.

For example, Correct / Correct / Incorrect /
Correct and Correct / Refusal / Correct / Correct
are both excluded. Refusals are not interpreted
as direct evidence that knowledge is absent: af-
ter the probe is trained, they are retained for pref-
erence construction as under-expression in high-
solvability sub-spaces or appropriate abstention in
low-solvability sub-spaces.

B Audit of LLM-assisted stages

Annotation protocol. Three graduate annotators
with NLP experience independently conducted two
blinded audits. For variant generation, we sampled
1,000 original questions and reviewed all three vari-
ants per question (3,000 variants). Annotators as-
sessed whether each variant preserved the original
semantics and gold answer. For response judging,
we sampled 1,000 response-label pairs. Annotators

Algorithm 1 Preference Pair Construction for
KCAPO

Require: Sampling sub-spaces
Tlow Thigh; tOp number n
Ensure: Preference dataset D
D+ 0
Define AllPairs(V", V™) = {(z1,yw, ) | 21 € x; U
X\Z/ara Yuw € era Yy € y77 Yw 76 yl}
for each sampling sub-space S; do
IS; < mean probe score over original query and vari-
ants in S;
Split responses into correct )y, incorrect )", and re-
fusal )]
if 1S; > Thigh and yf 7& () then
Vi « TopConlf, (J5)

{S:}X,; thresholds

D + DU AlPairs(V;H, Y\ V") > Wake-up
reinforcement

D+ DU AllPairs(Y;", V¥ UY!) > Wake-up
correction

elseif 1S; < Tiow and )] # () and J¥ = () then
Y, < TopConf, (VI
D + DU AllPairs(V;H, V7 \ V) > SUPPRESS
reinforcement
D + D U AllPairs(V;F, V)
correction
end if
end for
return Shuffle(D)

> SUPPRESS

saw the question, canonical gold answer, and model
response, but neither the LLM label nor its ratio-
nale. They assigned Correct to a gold-equivalent
answer without material contradiction, Incorrect to
a wrong, unsupported, or non-responsive answer,
and Refusal to an explicit inability to answer. Ma-
jority vote defines the final human label.

The two audits indicate that residual LLM-
induced noise is limited under the gold-answer-
grounded protocol: 96.3% of variants are valid
overall, and the judge agrees with the human-
majority label on 97.0% of audited responses.

C Preference Data Construction

A detailed description of constructing various pref-
erence pairs in the sampling subspace of each
knowledge point is provided in Algorithm 1. No-
tably, in the SUPPRESS regime, we do not use
any correct response to construct preference pairs.
This design is consistent with the observation in
Figure 2: responses in the low-solvability region
are dominated by incorrect answers, indicating that
occasional correct responses in this region are more
likely to be unstable or noise-induced than reliable
evidence of internal solvability.
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Variant audit N Human-1 Human-2 Human-3 Majority-valid Fleiss’
Semantic preservation 3,000 97.0% 96.8% 97.2% 96.9% 0.82
Answer preservation 3,000 96.6% 96.7% 96.5% 96.7% 0.85
Overall validity 3,000 96.3% 96.4% 96.1% 96.3% 0.86

Table 8: Blinded human audit of answer-preserving query variants.

Comparison N Agreement Cohen’s
Judge vs. Human-1 1,000 96.2% 0.93
Judge vs. Human-2 1,000 96.6% 0.94
Judge vs. Human-3 1,000 95.8% 0.92
Judge vs. majority 1,000 97.0% 0.95

Table 9: Agreement between the LLM judge and
blinded human labels. Human inter-annotator agree-
ment is Fleiss’ kK = 0.92.

D Reliability of Verbalized Confidence

The reported C(y | x) is the mean of three inde-
pendent elicitation samples. To assess sampling
stability, we additionally elicited confidence ten
times for each of 30,133 complete query—response
pairs. The intraclass correlation coefficient (ICC)
measures repeatability across elicitation runs, with
values closer to one indicating greater agreement.

The three-sample estimate is therefore highly
consistent with the more expensive ten-sample ag-
gregate. Repeatability alone, however, does not
show whether confidence responds to meaningful
behavioral changes. We further compare each origi-
nal query with its three answer-preserving variants,
producing 22,614 original—variant pairs from 7,538
sampling sub-spaces.

Confidence remains stable when the response be-
havior is unchanged, while the mean change rises
from 0.050 for identical answers to 0.339 when
correctness changes. KCAPO uses precisely this
behavior-sensitive variation as a continuous mea-
sure of mismatch severity: 1.5(z) and the outcome
select the regime, while C(y | ) only adjusts the
margin magnitude.

E Datasets

E.1 Details of Evaluation Datasets

We evaluate KCAPO on two categories of bench-
marks, corresponding to two complementary as-
pects of knowledge-boundary alignment: (1) the
trade-off between factual answering and halluci-
nation reduction, and (2) the rationality of refusal
behavior.

The first category examines whether the model

can answer factual questions accurately.

HalluLensQA. HalluLensQA (Bang et al., 2025)
is used as the primary benchmark for evaluating
hallucination behavior under knowledge-sensitive
question answering. Its dynamically generated
questions help reduce potential data leakage and
provide a challenging setting for testing whether a
model can avoid unsupported answers. In our ex-
periments, HalluLensQA is used both for construct-
ing training data through the HalluLens pipeline
and for held-out evaluation. This makes it suitable
for assessing whether KCAPO can reduce halluci-
nation while preserving answer utility.

TriviaQA. TriviaQA (Joshi et al., 2017) is a stan-
dard open-domain reading comprehension and fac-
tual question answering benchmark. Compared
with HalluLensQA, TriviaQA provides a more es-
tablished and widely used evaluation setting. We in-
clude it to test whether the alignment learned from
our constructed training data generalizes to conven-
tional factual QA tasks, rather than only improving
performance on the data generation pipeline used
for training.

SimpleQA. SimpleQA (Wei et al., 2024) consists
of short, challenging factual questions with clear
and verifiable answers. Because its questions are
designed to have unambiguous answers, it is par-
ticularly suitable for measuring factual correctness
in short-form generation. We use SimpleQA to
evaluate whether KCAPO improves factual relia-
bility without relying on long-form reasoning or
ambiguous answer criteria.

The second category examines whether the
model can distinguish answerable queries from
unanswerable or false-premise ones and provide
reasonable rejections.

NEC. NEC (Liu et al., 2023a) evaluates whether
a model can abstain from answering questions in-
volving non-existent concepts. The intuition is
that certain fabricated concepts, such as fictional
names of animals, countries, foods, medicines,
sports terms, or random strings, are unlikely to
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Error mode Question / gold

Response / judge label ~ Why incorrect

Entity/reference con-
fusion

Who replaced Jenna Maroney
on Late Night with Conan
O’Brien? Gold: Tracy.

Who coauthored The Autobi-
ography of Malcolm X along-
side Malcolm X? Gold: Ha-
ley.

Overly literal refer-
ence handling

The response conflicts with
the canonical answer, but
the judge accepted a mis-
matched reference.

“Alex Haley” is a seman-
tically exact expansion of
the gold answer.

“Jimmy Fallon.” / Cor-
rect

“Alex Haley.” / Incorrect

Table 10: Representative LLM-judge errors observed in the audit.

Repeatability diagnostic Result
Within-pair SD < 0.05 74.52%
Within-pair SD < 0.10 88.35%
Within-pair range < 0.20 87.34%
ICC(1,1), one elicitation 0.925
ICC(1,10), ten-sample mean 0.992
Three-sample vs. ten-sample Pearson 0.969
Three-sample vs. ten-sample Spearman 0.941
Three-sample mean within 0.10 of ten- 90.66%

sample mean

Table 11: Repeatability of verbalized confidence across
independent elicitation samples.

Original-variant subset N |AC| <01 Mean P90
Same normalized answer 9,131 94.5%  0.050 0.100
Same outcome label 17,893 89.4%  0.089 0.200
Outcome label changed 3,379 60.2%  0.339  0.900

Table 12: Confidence sensitivity to model response be-
havior. Outcome labels are Correct, Incorrect, and Re-
fusal.

be present in the model’s pretraining data. There-
fore, questions built around such concepts should
be unanswerable, and directly answering them in-
dicates that the model is hallucinating unsupported
knowledge. The original NEC benchmark con-
tains 2,078 unanswerable questions based on non-
existent concepts, together with a control group
of 2,072 answerable questions constructed from
the same templates but with real concepts. We use
NEC to test whether KCAPO can help the model
recognize queries outside its knowledge boundary
and abstain instead of fabricating answers.

FalseQA. FalseQA (Hu et al., 2023) consists of
questions with false premises. Unlike NEC, where
the key concept itself is fabricated, FalseQA of-
ten involves known entities connected by a false
relation. For example, a question such as “Why
does drinking water cause cancer?”’ assumes a
false causal relation between two known concepts.
A reliable model should identify the problematic
premise rather than directly answer the question.

FalseQA contains 4,730 questions in total, half of
which contain false premises, while the other half
are answerable control questions sampled from the
same templates without false assumptions. We use
FalseQA to evaluate whether KCAPO improves the
model’s ability to challenge misleading premises
and avoid answering questions that should be re-
jected.

RefuNQ. RefuNQ is built from Natural Ques-
tions (Kwiatkowski et al., 2019) to provide a more
naturalistic testbed for refusal behavior. Its answer-
able partition is directly derived from NQ questions
with short human-annotated answers, enabling ac-
curacy evaluation through lexical matching. Its
unanswerable partition is constructed by replacing
a randomly selected noun in each original ques-
tion with a generic non-existent concept from NEC,
producing minimally perturbed questions that are
no longer answerable. After preprocessing, Re-
fuNQ contains 2,266 answerable questions and
2,173 unanswerable perturbed questions. We use
RefuNQ to evaluate the trade-off between helpful-
ness and abstention: a model should answer the
original NQ-style questions while refusing their
unanswerable perturbations.

E.2 Why We Focus on Short-Form Factual
QA

Our evaluation focuses on short-form factual QA,
where each query typically targets an atomic fact
and expects a concise answer, such as an entity
name, date, location, or short phrase. This setting
is widely used in prior work on factuality, cali-
bration, and honesty in LLMs (Kadavath et al.,
2022; Yang et al., 2024; Wei et al., 2024; Bang
et al., 2025). More importantly, it directly matches
the goal of KCAPO: aligning a model’s response
behavior with its internal solvability on fact-level
knowledge.

Compared with long-form generation, short-
form QA provides a cleaner testbed for knowledge-
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boundary alignment. In long-form responses, cor-
rectness is often entangled with partial support,
missing details, discourse planning, reasoning
chains, or stylistic preferences. As a result, a failure
may not clearly indicate whether the model lacks
the relevant knowledge, fails to express it, or simply
generates an incomplete explanation. By contrast,
short-form factual QA reduces these confounding
factors: if the target answer is unambiguous, the
model’s behavior can be more directly categorized
as correct, incorrect, or abstained. This makes it
better suited for estimating query-level solvability
and constructing capability—behavior preference
pairs.

This setting also makes our semantic-variant con-
struction and automatic correctness judgment more
reliable. Since the answers are usually concrete and
precise, meaning-preserving rewrites of the ques-
tion are less likely to change the expected answer.
Similarly, judging whether a response contains the
correct short answer is substantially simpler than
evaluating open-ended long-form factuality. There-
fore, the short-form setting allows us to use se-
mantic variants as a consistency test of the same
knowledge point, while keeping the labeling pro-
cess relatively stable.

Our empirical results further support this design
choice. As shown in Figure 2, the estimated solv-
ability score correlates clearly with response cor-
rectness: low-solvability regions are dominated by
incorrect responses, while high-solvability regions
contain more correct responses. This indicates that
short-form QA provides a suitable setting for learn-
ing and validating the internal solvability signal.
Moreover, the main results on HalluLensQA, Triv-
1aQA, and SimpleQA show that KCAPO reduces
hallucination while preserving answer utility, and
the refusal benchmarks further show improved dis-
crimination between answerable and unanswerable
queries. Together, these results suggest that short-
form factual QA is an appropriate and controlled
evaluation setting for studying whether a model
should answer or abstain based on its internal solv-
ability.

We acknowledge that extending KCAPO to long-
form generation is an important future direction.
However, long-form factuality introduces addi-
tional challenges in response decomposition, at-
tribution, and partial correctness evaluation. We
therefore treat short-form factual QA as a necessary
first step for isolating knowledge-boundary align-
ment at the atomic-fact level before extending the

framework to more complex generation scenarios.

F Metric Definitions

We classify each model response into one of three
labels: Correct, Incorrect, and Refusal. For a
dataset 7 with N samples, let [; € {C,I,R} de-
note the label of the response to the i-th query,
where C, I, and R correspond to Correct, Incorrect,
and Refusal, respectively.

Correct Answer Rate. Correct Answer Rate
measures the overall utility of the model:

1

Acc =

This metric counts correct answers over all samples,
including those where the model refuses.

Hallucination Rate. Hallucination Rate mea-
sures the error rate among attempted answers, ex-
cluding refusals:

_ XL I=0)
> I € {C, 1)
Thus, HR reflects the factual reliability of gener-

ated answers rather than the model’s tendency to
abstain.

®)

Refusal Rate on Unanswerable Questions. For
refusal benchmarks, each dataset is divided into
answerable and unanswerable subsets, denoted as
A and U, respectively. The refusal rate on unan-
swerable questions is:

Zz’eu I(l; = R)'

RF_UN =
U]

€))

This is equivalent to the recall of detecting unan-
swerable queries, where refusal is treated as the
model’s prediction that the query should not be
answered.

Refusal Rate on Answerable Questions. We
also compute the refusal rate on answerable ques-
tions:

Siealll:=R)

RF_AN =
Al

(10)

A lower RF_AN indicates that the model is less
likely to unnecessarily refuse answerable queries.
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F1 Score for Unanswerable Detection. We treat
unanswerable-query detection as a binary classifi-
cation problem, where refusal is the positive pre-
diction. The precision and recall are computed as:

ZiGL{ I(l; =R)

Precision = , (11)
EieAuu ]I(li = R)
Recall = RF_UN. (12)
The F1 score is then:
2 - Precision - 11
Fl— recision - Reca (13)

Precision + Recall

Refusal Discrimination Gap. Finally, we report
the refusal discrimination gap:

RFA = RF_UN — RF_AN. (14)
A larger RFA indicates better selective abstention:
the model refuses more often on unanswerable
queries while avoiding unnecessary refusals on an-
swerable ones.

G Rationale for Baseline Selection

We select baselines to cover the main lines of
prior work related to hallucination mitigation,
knowledge elicitation, and answer/refusal align-
ment. These baselines allow us to evaluate whether
KCAPO improves over methods that only refine
model outputs at inference time, methods that ex-
plicitly introduce refusal behavior, and standard
preference optimization without our adaptive ob-
jective.

Base Model. The base model is evaluated with
greedy decoding by setting the temperature to
0. This baseline reflects the model’s original an-
swer/refusal behavior without additional inference-
time intervention or fine-tuning. It serves as the ref-
erence point for measuring whether an alignment
method improves factuality, utility, and refusal be-
havior.

Inference-time Knowledge Elicitation Methods.
We include DoLa, Self-Reflection (SR), and Inte-
grative Decoding (ID) as representative inference-
time baselines because they share a common mo-
tivation: when a model already encodes useful
knowledge, can we better elicit, refine, or aggregate
this knowledge at response time to reduce hallu-
cination? This line of work is closely related to
our setting, since it also aims to recover factual
answers that may be latent in the model. However,

its primary focus is on improving the expression of
existing knowledge, rather than deciding whether a
query is internally solvable or whether the model
should answer or abstain.

DoLa (Chuang et al., 2024) represents decoding-
time knowledge elicitation. It is motivated by the
observation that factual knowledge may be more
clearly reflected in certain intermediate layers than
in the final output distribution, and therefore con-
trasts layer-wise predictions to encourage more fac-
tual generations. We include DoLa to test whether
better exposing encoded factual knowledge during
decoding is sufficient to improve the factuality—
abstention trade-off.

Self-Reflection (SR) (Madaan et al., 2023) rep-
resents response-time refinement. It is motivated
by the idea that a model may be able to detect and
revise its own flawed outputs when given additional
opportunities to reflect on generated responses. We
include SR to examine whether hallucination can
be reduced by post-generation self-correction, with-
out explicitly modeling whether the original query
is within the model’s internal capability.

Integrative Decoding (ID) (Cheng et al., 2025)
represents consistency-based response integration.
It is motivated by the view that different sampled
responses may expose complementary pieces of
the model’s latent knowledge, and that integrating
these responses can improve factual reliability. We
include ID because it is particularly close to the
idea of exploiting response variability, but its goal
is still to improve answer generation rather than
to align answer/refusal behavior with an explicit
solvability signal.

Together, these baselines test a key distinction in
motivation: inference-time methods ask how to bet-
ter express knowledge that may already be present,
whereas KCAPO asks a finer-grained question—
whether a failure reflects missing knowledge or
under-expressed capability, and how the model’s
answer/refusal behavior should be aligned accord-

ingly.

Knowledge-boundary Alignment Baseline. We
include Alignment for Honesty (AH) (Yang et al.,
2024) because it represents a further step beyond
inference-time knowledge elicitation. While DoLa,
SR, and ID mainly ask how to better surface knowl-
edge already encoded in the model, AH is moti-
vated by a different question: how can a model rec-
ognize when it should refuse rather than answer?
It therefore introduces the notion of a knowledge
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boundary and trains models to abstain when they
lack internal knowledge.

This baseline is particularly relevant to KCAPO,
since both methods aim to improve answer/refusal
behavior rather than only refine generated an-
swers. However, AH primarily frames the problem
as distinguishing known from unknown queries.
KCAPO further refines this motivation by asking
whether a failure reflects missing knowledge or
under-expressed capability, and aligns internal solv-
ability with external confidence and response be-
havior through fine-grained preference optimiza-
tion.

Standard Preference Optimization. We include
standard DPO (Rafailov et al., 2023) using the same
preference data as KCAPO. This comparison iso-
lates the contribution of our mismatch-aware adap-
tive margin. If KCAPO outperforms DPO under
the same preference pairs, the improvement cannot
be attributed solely to the constructed data, but also
to dynamically adjusting the alignment strength
according to solvability—confidence mismatch.

H Implementation Details and
Hyperparameter Settings

H.1 Backbone Models and Hardware

We evaluate KCAPO on three instruction-tuned
backbones: Llama-3.1-8B-Instruct (Grattafiori
et al., 2024), Qwen2.5-7B-Instruct (Team et al.,
2024), and Mistral-7B-Instruct (Jiang et al.,
2023). All experiments are conducted on two
NVIDIA RTX 4090 GPUs. To reduce memory cost,
we fine-tune the models using Low-Rank Adapta-
tion (LoRA) and enable bfloat16 training.

For solvability estimation, we generate K = 3
semantic variants for each query and use a stronger
LLM judge to evaluate response correctness. The
probe thresholds are set to T, = 0.6 and 75, =
0.4, which define the high- and low-solvability re-
gions used for preference construction. All experi-
ments were repeated using three random seeds, and
the mean was reported.

H.2 Training Hyperparameters

Table 13 summarizes the training hyperparame-
ters used in our experiments. We set Tpig, = 0.6
and 7o = 0.4 to define high- and low-solvability
regions. Since the solvability probe produces a
probability-like score, 0.5 serves as the natural de-
cision boundary. Rather than splitting at 0.5, we
leave a buffer region around the boundary and only

assign regime labels to queries with more confident
solvability estimates. This reduces noisy prefer-
ence construction for ambiguous samples and en-
sures that WAKE UP and SUPPRESS pairs are
built from clearer capability states.

We set the adaptive margin weight to A = 0.3.
This value allows the solvability—confidence mis-
match to directly affect the DPO objective while
preserving the original preference signal. If A is too
small, KCAPO degenerates toward standard DPO;
if it is too large, the optimization may overempha-
size confidence penalties.

Hyperparameter Value

Effective batch size 64

Learning rate 5x107°

Training epochs 3

DPO temperature (3 0.1

KCAPO margin weight A 0.3

A warmup ratio 0.1

LoRA rank r 16

LoRA alpha 32

LoRA dropout 0.05

LoRA target modules 9, k, v, 0 projections;
gate/up/down projections

Precision bf16

Table 13: Default training hyperparameters for KCAPO.
The effective batch size is computed as per-device batch
size x gradient accumulation steps x number of GPUs.
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