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Abstract

Large Language Models (LLMs) have demonstrated remark-
able performance across a wide range of tasks, yet they gen-
erally lack self-awareness, often displaying overconfidence
when confronted with questions beyond their knowledge
boundaries. This limitation severely hinders their trustwor-
thiness in high-stakes scenarios. Existing calibration meth-
ods typically rely on sampling accuracy, derived from mul-
tiple outputs, as a proxy for model confidence. However,
this coarse-grained metric fails to capture the model’s in-
ternal cognitive states, such as confusion, hallucination, or
persistent belief in false knowledge. To address this, we
propose CogConf (Cognitive Confidence), a cognitively
grounded uncertainty signal that extends sampling accuracy
by incorporating the semantic diversity of incorrect answers
and the model’s abstention behaviors. By shifting the fo-
cus from sampling-based to cognition-oriented uncertainty
modeling, CogConf offers a more faithful reflection of the
model’s internal beliefs. Building on this signal, we intro-
duce COGALIGN, a simple yet effective alignment frame-
work that explicitly aligns the model’s verbalized confidence
with CogConf, thereby producing uncertainty estimates that
better reflect the model’s internal cognition. Experimental
results on six knowledge-intensive in-domain and out-of-
domain QA datasets demonstrate that CogConf robustly
characterizes the model’s internal uncertainty. Building on
this foundation, COGALIGN guides the model’s expression
to significantly enhance the trustworthiness and utility of its
uncertainty calibration without compromising its underlying
QA capabilities, while also demonstrating strong cross-task
generalization and output stability. Offering a new pathway
toward building more trustworthy LLMs.

1 Introduction
In recent years, Large Language Models (LLMs) have
demonstrated remarkable advancements in their capabilities,
rapidly expanding their footprint across diverse domains
(Jiang et al. 2023; Dubey et al. 2024). However, this growth
in capability has not been accompanied by a commensurate
increase in trustworthiness (Xiong et al. 2024). This growing
”Capability-Trustworthiness Gap” severely impedes their
practical application and deployment in high-stakes, sensi-
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Figure 1: An illustration of four cognitive failure patterns
across two main scenarios: Wrong and Flawed. The patterns
reveal how Sampling Accuracy (SA) alone is insufficient to
capture the model’s distinct internal confidence states.

tive domains such as healthcare, law, and finance. As a re-
sult, to build more reliable and secure LLMs, improving the
model’s ability to assess and communicate its own uncer-
tainty has become an urgent research focus.

A trustworthy LLM should possess fundamental self-
awareness, enabling it to recognize its own knowledge
boundaries (Amayuelas et al. 2024). However, the prevailing
next-token prediction paradigm, along with the lack of un-
certainty expression in training corpora, leads models to ex-
hibit a systematic tendency toward overconfidence (Huang
et al. 2025b). When faced with unfamiliar or ambiguous
contexts, they often generate responses that appear plausible
but are factually incorrect, a phenomenon known as halluci-
nation. To mitigate such hallucinations and improve model
reliability, a key research direction is to calibrate the model’s
internal uncertainty. Existing approaches often encourage
models to abstain when uncertain (Zhang et al. 2024a) or to
estimate answer credibility using output probabilities (Tian
et al. 2023), prompt engineering (Tian et al. 2023), or exter-
nal evaluators. Among these methods, Sampling Accuracy

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

31582



(SA), computed from multiple generations, is widely used
as a simple and intuitive proxy for model confidence (Xu
et al. 2024; Cheng et al. 2024). Another line of research
focuses on detecting hallucinations in generated content.
These methods typically involve multiple answer samples,
analyze their semantic distributions, and compute Semantic
Entropy (SE) (Farquhar et al. 2024) to assess the stability or
factual deviation of model outputs. SE is regarded as a key
signal for gauging the model’s degree of confusion.

However, no single-dimensional signal can fully capture
the complexity of a model’s internal belief states. To better
highlight the limitations of existing metrics, we categorize
failure cases into two scenarios and examine two represen-
tative semantic distribution patterns within each (see Fig-
ure 1): In Wrong (SA = 0) scenarios, a Stably Wrong case
features sampled answers concentrated on a single incorrect
option, reflecting the model’s strong belief in false knowl-
edge, its internal confidence is thus significantly higher than
the SA. In contrast, a Dispersed Wrong case shows samples
fluctuating among several incorrect options, indicating sub-
stantial uncertainty; though SA remains zero, the model’s
confidence is much lower. In Flawed (0 < SA < 1) sce-
narios, a Stably Flawed case involves semantically simi-
lar incorrect options forming a stable distraction. Although
the model does not firmly select the correct answer, it re-
tains some belief in it, and its confidence should be close
to SA. Conversely, in a Dispersed Flawed case, the incor-
rect answers are scattered and mutually competitive, weak-
ening their interference and making it easier for the model
to identify the correct choice, thus, the model’s confidence
is higher than SA. These observations suggest that SA ig-
nores the structural concentration of internal beliefs, while
SE ignores whether those beliefs are correct. Neither alone
can adequately reflect the model’s true confidence state.

To more accurately characterize the internal cognitive
state of LLMs, we propose a novel internal confidence sig-
nal, CogConf (Cognitive Confidence), as a cognitively-
grounded alternative to the commonly used SA. Unlike tradi-
tional metrics that focus on external behavior, CogConf in-
corporates the semantic entropy of incorrect answers (ESE)
to quantify the distributional structure of the model’s inter-
nal beliefs when it errs. This signal is further combined with
the proportion of abstention responses to provide a holistic
measure of cognitive uncertainty.

Building on this signal, we introduce CogAlign, a sim-
ple but effective framework for verbal confidence calibra-
tion. This framework guides the model to generate verbal
confidence expressions that align with the CogConf signal,
enabling more trustworthy and cognitively-grounded self-
assessment. Specifically, the framework consists of three
core stages: (i) Sampling and Semantic Clustering, where
we perform multiple answer generations for each input ques-
tion and cluster the responses based on semantic similarity to
calculate the proportion of each answer type, including cor-
rect answers (to obtain SA), refusals, and different categories
of incorrect answers; (ii) CogConf Quantification, where we
first categorize all cases into two core scenarios based on
the value of SA (Wrong and Flawed), then calculate its ESE
in a corresponding manner, and based on this, further con-
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Figure 2: Joint distribution of Sampling Accuracy and Error
Semantic Entropy on TriviaQA. The vertical spread of en-
tropy demonstrates the unreliability of Sampling Accuracy
as a proxy for the model’s internal cognitive state.

struct the comprehensive confidence metric CogConf; and
(iii) Confidence Alignment Training, where we design a rein-
forcement learning objective containing both a consistency
reward and a correction bonus to drive the model to generate
verbal confidence scores that align with CogConf.

We systematically evaluated our approach on six
question-answering benchmarks spanning diverse knowl-
edge domains and both in-domain and out-of-domain set-
tings: TriviaQA (Joshi et al. 2017), CommonsenseQA (Tal-
mor et al. 2019), ScienceQA (Lu et al. 2022), SportQA
(Xia et al. 2024), StrategyQA (Geva et al. 2021), and ARC-
Challenge (Bhakthavatsalam et al. 2021). Results show that
CogAlign significantly enhances model calibration with-
out compromising its original QA accuracy. In particu-
lar, the average Expected Calibration Error was reduced
from 25.4% to 6.4%, while the Area Under the Receiver
Operating Characteristic Curve improved from 56.5% to
67.3%, substantially boosting the reliability and discrimina-
tive power of the model’s confidence estimates.

2 Preliminary Study: The Misalignment of
Sampling Accuracy and Cognitive State

Existing research in confidence calibration is largely pred-
icated on a core assumption: SA can serve as an effective
proxy for a model’s true confidence. This section presents a
preliminary study that empirically challenges this assump-
tion. Our central thesis is that the single metric SA can-
not comprehensively characterize a model’s complex inter-
nal cognitive state, as it overlooks the semantic distribution
structure of the answers, a crucial factor in revealing the
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Figure 3: Overview of the COGALIGN framework. (i) Multiple answers are sampled and semantically clustered to categorize
responses. (ii) Our cognitive signal, CogConf, is then computed by adaptively integrating features like SA and ESE based on
whether the model is completely Wrong (SA = 0) or partially correct (Flawed, SA > 0). (iii) Finally, reinforcement learning
aligns the model’s verbal confidence with the CogConf target.

model’s true confidence. We use the ESE as a proxy for
this structure. To validate this thesis, we conduct an in-depth
analysis of test results from the Llama-3-8B model on the
TriviaQA dataset, with N = 10 responses per question.

As visualized in Figure 2, the joint distribution of SA and
ESE intuitively reveals this limitation. The densest region of
the plot is at the bottom-right vertex (SA = 1,ESE = 0),
indicating that the model answers correctly with high confi-
dence in the majority of cases. However, in scenarios where
the model errs, we clearly identify four failure modes de-
fined by the combination of SA and ESE, each with a dis-
tinctly different cognitive meaning: In the Wrong (SA = 0)
category, we observe two states: the Stably Wrong state, lo-
cated in the bottom-left corner (ESE ≈ 0), where the low-
entropy distribution indicates the model holds a strong but
erroneous belief in specific false knowledge; and the Dis-
persed Wrong state, which spreads upwards, where the high-
entropy distribution reflects a state of high cognitive uncer-
tainty. Similarly, in the Flawed (0 < SA < 1) category, two
states also exist: the Stably Flawed state, which forms in the
lower-middle region (ESE ≈ 0) and represents the correct
answer competing with a strong, incorrect belief; and the
Dispersed Flawed state, which spreads into high-entropy re-
gions, indicating that the competitors to the correct answer
are a series of semantically diverse, weak interferences.

The concurrent existence of these four cognitive states
powerfully demonstrates the inadequacy of the single SA
metric. SA conflates states of high-confidence error with
states of high uncertainty (when SA = 0) and also conflates

scenarios with strong competitors versus those with weak in-
terferences (when SA > 0), yet the underlying mechanisms
and appropriate confidence levels for these states are funda-
mentally different. This finding provides a strong empirical
motivation for us to develop a new confidence metric that
can perceive both accuracy and semantic structure, aiming
to more faithfully reflect the model’s cognitive state.

3 Methodology
This section details our proposed framework, COGALIGN,
which calibrates verbal confidence by first quantifying the
model’s internal cognitive state and then aligning its linguis-
tic expression to this state. Throughout this process, it in-
tricately models the semantic distribution of errors, thereby
overcoming the limitations of coarse-grained metrics like
Sampling Accuracy. Furthermore, COGALIGN leverages a
cognitively-grounded signal, CogConf, to supervise confi-
dence expression, consequently mitigating the model’s ten-
dency for overconfidence and hallucination.

Firstly, we perform multi-path sampling and semantic
clustering to deconstruct the model’s response distribution.
Then, we quantify this distribution into our novel cognitive
signal, CogConf. Finally, we employ confidence alignment
training to guide the model in generating verbal confidence
that faithfully reflects this internal signal. An overview of the
methodology is illustrated in Figure 3. We will detail each of
these stages in the following sections: Multi-path Sampling
and Semantic Clustering in §3.1, CogConf Quantification
in §3.2, and Confidence Alignment Training in §3.3.
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3.1 Multi-path Sampling and Semantic
Clustering

For a given input question q, we first employ nucleus sam-
pling to generate a set of N independent answer samples,
denoted as S = {s1, . . . , sN}, from the language model M.
Each sampled answer si is then classified into one of three
disjoint sets based on its content:

• Correct Answers (C): The set of samples that match the
ground-truth reference answer.

• Incorrect Answers (I): The set of samples that are fac-
tually incorrect.

• Abstention Answers (U): The set of samples expressing
epistemic uncertainty (e.g., ”I don’t know”), which we
identify by checking for semantic similarity to a prede-
fined set of uncertainty expressions (Yin et al. 2023).

To analyze the structure of the model’s errors, we further
apply semantic clustering to the set of incorrect answers I,
yielding K distinct incorrect answer clusters: I1, . . . , IK .
Based on this categorization, we extract three key statistical
features for constructing our CogConf signal:

Sampling Accuracy (SA). This metric provides a baseline
measure of correctness.

SA =
|C|
N

(1)

Error Semantic Distribution (perr). To understand the
consistency of errors, we compute the probability distribu-
tion over the K incorrect answer clusters. The proportion pk
for each cluster Ik is:

pk =
|Ik|
|I|

, for k = 1, . . . ,K (2)

This distribution is the basis for calculating the **Semantic
Entropy of Errors (ESE)**, which allows us to differentiate
between concentrated, high-confidence errors and scattered,
low-confidence hallucinations.

Abstention Rate (pabstain). This metric quantifies the
model’s explicit expression of uncertainty.

pabstain =
|U|
N

(3)

3.2 CogConf Quantification
Having extracted the statistical features, we now detail the
construction of our cognitive confidence signal, CogConf.
A key innovation of CogConf is its adaptive formulation,
which distinguishes between the two fundamental failure
scenarios identified in Section 2: Wrong (SA = 0) and
Flawed (SA > 0). The rationale is that the role of an absten-
tion answer changes: when the model is completely wrong,
abstaining is a form of correct self-assessment; when it pos-
sesses some correct knowledge, abstaining is a form of error.

This motivates our scenario-specific calculation of the
ESE.

Confident Error Entropy (ESEcon). This metric is used
in the Wrong scenario to measure the consistency of confi-
dent mistakes. It is calculated exclusively over the K clus-
ters of factually incorrect answers I using their internal dis-
tribution perr. A low ESEcon corresponds to the Stably Wrong
state, while a high value corresponds to the Dispersed Wrong
state.

ESEcon = −
K∑

k=1

pk log pk (4)

Residual Error Entropy (ESEres). This metric is used in
the Flawed scenario. It is calculated over the combined set of
”residual errors,” Eres = I ∪ U . We define a new probability
distribution qres over this combined set of K+ = K + 1
categories. A low ESEres corresponds to the Stably Flawed
state (a strong competitor), while a high value corresponds
to the Dispersed Flawed state (weak interferences).

ESEres = −
K+∑
j=1

qj log qj (5)

Final CogConf Formulation. The final CogConf score
adaptively combines these components. The entropy values
are first normalized by logN to ensure a consistent scale.
The formulation includes a hyperparameter λ ∈ [0, 1] to
control the contribution of the entropy-based cognitive sig-
nal, which defaults to 0.25 in our experiments. Notably,
when λ = 0, our CogConf formulation degenerates to the
standard SA. This highlights λ’s role as a switch that con-
trols the impact of our cognitive adjustments. The final score
is defined as:

CogConf =

{
λ · (1− pabstain) ·

(
1− ESEcon

logN

)
if SA = 0

SA+ λ · (1− SA) · ESEres
logN if SA > 0

(6)
This formulation implements our core hypothesis: it rewards
cognitive consistency (low entropy) when the model is com-
pletely wrong but rewards cognitive diversity (high entropy,
indicating no strong incorrect competitor) when the model
possesses partial knowledge.

3.3 Confidence Alignment Training
The final stage of our framework, COGALIGN Training, su-
pervises the model M to generate a verbal confidence score,
cverbal, that aligns with our cognitive signal, CogConf. This
process uses the more reliable CogConf as the supervisory
target, replacing the unstable sampling accuracy used in tra-
ditional methods.

To achieve this, we adopt a Reinforcement Learning (RL)
paradigm based on Proximal Policy Optimization (PPO) and
design a simple reward function R that combines two intu-
itive components: (1) an Alignment Reward, which scores
the model based on the proximity of its expressed confi-
dence to our CogConf target, and (2) a Correctness Bonus,
which gives an additional positive reward β when the gen-
erated answer is correct. The form of this reward function is
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as follows:

R(agen, cverbal) =
(
1− 2 ·

∣∣∣cverbal

10
− CogConf(q)

∣∣∣)︸ ︷︷ ︸
Alignment Reward

+ β · I(agen is correct)︸ ︷︷ ︸
Correctness Bonus

(7)

where I(·) is the indicator function and β is a hyperparame-
ter (defaulting to 0.25 in our implementation). This function
directly incentivizes the model to be both accurate and hon-
est in its self-assessment.

4 Experimental Setup
Datasets. To evaluate the effectiveness and generalizabil-
ity of our method, we use training data constructed from
the TriviaQA (Joshi et al. 2017) and CommonsenseQA (Tal-
mor et al. 2019) training sets. During evaluation, in addi-
tion to assessing performance on the in-domain test sets
of TriviaQA and CommonsenseQA, we conduct zero-shot
evaluations on four QA benchmarks from diverse domains:
ScienceQA (science knowledge) (Lu et al. 2022), SportQA
(sports) (Xia et al. 2024), StrategyQA (strategic reason-
ing) (Geva et al. 2021), and ARC-Challenge (multi-domain)
(Bhakthavatsalam et al. 2021).

Baseline Methods. To evaluate the effectiveness of our
approach, we compare it against four representative base-
lines:
• Vanilla (Tian et al. 2023): Instruct the model to generate

a confidence score directly after providing the answer.
• PPO (Schulman et al. 2017): A standard reinforce-

ment learning baseline that directly fine-tunes the lan-
guage model by optimizing its policy against a scalar
reward signal, using the Proximal Policy Optimization
algorithm.

• PPOM (Leng et al. 2025): This method first trains a re-
ward model to assess the alignment between correctness
of the responses and the confidence expressed, reward-
ing responses with correctness and confidence that match
well and penalizing misaligned ones. The calibrated re-
ward model is then used to guide PPO fine-tuning of the
language model.

• RewardingDoubt (Stangel et al. 2025): This approach
uses a reward function based on the logarithmic scoring
rule, which penalizes both overconfidence and undercon-
fidence. It directly trains the model via PPO to express
well-calibrated confidence alongside its answers.

Evaluation Metrics. We evaluate the models along two
dimensions: answer correctness and confidence quality.
Specifically, we adopt three core metrics: Accuracy (ACC)
to measure task performance,Expected Calibration Error
(ECE) (Guo et al. 2017) to quantify the gap between
predicted confidence and actual accuracy, and Area Un-
der the Receiver Operating Characteristic Curve (AUROC)
(Hendrycks and Gimpel 2017) to assess the ability of con-
fidence scores to distinguish between correct and incorrect
answers.

Methods ECE ↓ AUROC ↑ ACC ↑
Llama-3-8B

Vanilla 26.5 59.4 69.8
PPO 30.9 50.6 68.9
PPOM 26.8 56.4 69.1
RewardingDoubt 9.8 62.1 68.8
COGALIGN 7.5 64.2 70.2
align with SA 10.2 61.4 68.8
align with SE 11.5 62.0 68.4

Mistral-7B
Vanilla 27.3 61.0 69.6
PPO 18.2 60.7 69.2
PPOM 18.7 59.6 70.3
RewardingDoubt 15.3 62.7 69.1
COGALIGN 7.8 72.7 69.5
align with SA 14.8 70.2 68.1
align with SE 15.4 65.6 68.2

Table 1: In-domain average performance of Llama-3-8B and
Mistral-7B on TriviaQA and CommonsenseQA. Arrows in
the column headers denote the preferred direction for each
metric (↓: lower is better; ↑: higher is better).

Implementation Details. Following prior work (Leng
et al. 2025), we use instruction-tuned (non-RLHF) models
to isolate RL’s impact on confidence. For the backbone mod-
els, we perform all experiments using fine-tuned versions of
Llama-3-8B (Dubey et al. 2024) and Mistral-7B (Jiang et al.
2023), two representative open source LLMs. During train-
ing, we perform 10 sampling passes per question to compute
key indicators for reward modeling.

5 Results and Analysis
5.1 Main Experimental Results
We systematically evaluate all methods on six question-
answering benchmarks, including both in-domain and out-
of-domain settings. As shown in Table 1 and Table 2, CO-
GALIGN consistently improves model calibration while pre-
serving task accuracy, especially in distribution-shifted sce-
narios. These findings underscore the strength of our cogni-
tively grounded alignment approach.

In-Domain Calibration Performance. On in-domain
benchmarks (Table 1), COGALIGN delivers superior cali-
bration across both models. For Llama-3-8B, it achieves the
lowest ECE and highest AUROC, indicating that the model’s
predicted confidence better reflects its true correctness likeli-
hood. Importantly, this gain in calibration does not degrade
task accuracy, which remains competitive with or slightly
exceeds the best baselines. Similar trends are observed for
Mistral-7B, where COGALIGN sharply improves AUROC
(from 62.7 to 72.7) while maintaining high accuracy. These
results suggest that COGALIGN strengthens the model’s in-
ternal uncertainty representation without compromising its
ability to answer correctly.
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Methods ScienceQA SportQA StrategyQA ARC-Challenge
ECE ↓ AUROC ↑ ACC ↑ ECE ↓ AUROC ↑ ACC ↑ ECE ↓ AUROC ↑ ACC ↑ ECE ↓ AUROC ↑ ACC ↑

Llama-3-8B
Vanilla 22.8 55.2 73.3 40.7 54.9 57.1 25.4 58.2 64.2 21.1 55.3 76.8
PPO 24.4 55.6 73.0 38.4 51.7 60.2 27.6 55.8 69.7 22.3 51.5 77.4
PPOM 27.7 54.2 69.6 48.0 52.3 50.0 25.6 56.4 66.9 22.2 53.0 76.5
RewardingDoubt 12.9 69.1 77.1 7.5 68.4 65.0 8.7 61.8 63.8 9.0 58.8 76.6
COGALIGN 6.3 70.4 74.0 14.0 67.2 59.3 3.3 64.1 66.3 2.6 59.9 78.1
align with SA 6.0 69.2 73.2 21.3 67.0 51.1 5.4 62.0 63.7 2.9 58.4 77.3
align with SE 7.5 70.2 70.4 18.6 69.4 50.1 3.9 61.9 63.4 6.3 55.8 75.9

Mistral-7B
Vanilla 19.3 59.6 77.2 31.2 57.6 66.1 22.5 55.0 72.6 20.6 56.0 77.0
PPO 7.2 63.1 78.8 18.5 61.9 68.2 12.4 58.0 74.2 8.1 61.4 79.4
PPOM 7.8 59.3 79.9 20.1 60.1 69.0 13.2 57.4 74.4 11.5 56.4 77.6
RewardingDoubt 6.6 69.2 78.2 19.4 63.3 64.8 8.9 60.0 71.7 3.2 65.5 77.1
COGALIGN 6.2 73.4 78.5 4.9 73.4 65.1 7.0 63.8 72.2 6.2 66.2 76.9
align with SA 6.3 68.0 78.2 18.4 74.8 62.9 11.2 59.3 72.9 6.3 64.6 75.5
align with SE 15.6 65.3 79.8 8.1 69.9 64.7 7.7 59.1 69.4 13.3 61.6 76.5

Table 2: Performance comparison on four out-of-domain datasets: ScienceQA, SportQA, StrategyQA, and ARC-Challenge.
Each metric is reported per dataset (without averaging) to capture dataset-specific generalization behavior. ECE (Expected
Calibration Error; ↓) measures calibration accuracy, AUROC (↑) assesses confidence discrimination, and ACC (↑) reflects task
accuracy. Best results are highlighted in bold. align with SA and align with SE represent ablation variants of our COGALIGN
method, designed to examine the effectiveness of the CogConf metric in capturing the model’s internal confidence.

Out-of-Domain Generalization. The advantage of CO-
GALIGN becomes more pronounced under distribution shift.
As shown in Table 2, when evaluated on out-of-domain
datasets, our method yields substantial reductions in ECE
and notable gains in AUROC across all tasks and models.
For instance, Llama-3-8B with COGALIGN achieves lower
ECE and higher AUROC than all baselines, despite the
inherent domain mismatch. This pattern holds across Sci-
enceQA, SportQA, StrategyQA, and ARC-Challenge, high-
lighting that the confidence learned via CogConf general-
izes better than reward signals that focus solely on task cor-
rectness or confidence penalization.

Comparative Analysis and Ablation Study. A closer ex-
amination of the baselines helps explain why COGALIGN
outperforms them. Vanilla models tend to be overconfi-
dent, while PPO-based methods may inadvertently encour-
age miscalibrated but correct responses. RewardingDoubt
improves calibration by discouraging overconfidence, but its
reward design lacks sensitivity to the semantic structure of
errors. In contrast, COGALIGN integrates both accuracy and
the fine-grained semantics of incorrect responses to align in-
ternal beliefs with model uncertainty. This advantage is fur-
ther supported by our ablation study. Variants that align con-
fidence using only SA or only SE fall short of the full method
across most metrics. While each provides partial benefits,
only their combination captures the multifaceted nature of
model confidence. These results validate the effectiveness
of CogConf as a proxy for internal belief state, confirming
its utility in guiding robust confidence modeling.

5.2 Validating the Effectiveness of CogConf
To evaluate the effectiveness of CogConf as a confidence
proxy, we examine its ability to predict the correctness of the
model’s final output. An ideal proxy should exhibit strong
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Figure 4: AUROC comparison of various confidence proxies
on the two models. CogConf demonstrates the strongest
predictive power, indicating the best alignment with the true
correctness of the final answer.

alignment with answer accuracy, which we quantify using
the AUROC metric. As shown in Figure 4, CogConf con-
sistently achieves the highest AUROC scores across both
Llama-3-8B and Mistral-7B, highlighting its superior pre-
dictive capability compared to other confidence signals.

This performance improvement stems from CogConf’s
ability to distinguish deeper internal cognitive states that SA
cannot. The traditional metric SA fails in certain scenarios.
For instance, in the Wrong case, SA cannot differentiate be-
tween a Stably Wrong state, where the model holds a firm
but erroneous belief, and a Dispersed Wrong state, reflect-
ing high cognitive uncertainty. In contrast, by incorporat-
ing the ESE, CogConf can capture this difference in belief
structure. CogConf also excels in the Flawed case. It can

31587



0.0

2.5

5.0

7.5

10.0
Ve

rb
al

 C
on

fid
en

ce

3.83 3.23

RewardingDoubt  ( =0.60)

8.11
6.94

CogAlignSA  ( =1.17)

IK IDK0.0

2.5

5.0

7.5

10.0

Ve
rb

al
 C

on
fid

en
ce 7.29

6.58

CogAlignSE  ( =0.72)

IK IDK

9.14

5.44

CogAlign  ( =3.70)

Baseline IK Baseline IDK

Figure 5: Average confidence scores of different methods on
IK and IDK datasets. The blue and red dashed lines indicate
the baseline confidence levels for IK (9.91) and IDK (9.29),
respectively.

distinguish a Stably Flawed state, where the correct answer
contends with a single, dominant incorrect alternative, from
a Dispersed Flawed state, where the competitors are merely
a series of semantically diverse and weak interferences. Al-
though SA values may be similar in these two flawed states,
the model’s confidence in the final answer should be fun-
damentally different. CogConf successfully captures this
distinction, assigning a higher confidence score to the latter
case where the correct answer is more likely to prevail.

In summary, by integrating the semantic structure infor-
mation, CogConf provides a more faithful representation
of the model’s true cognitive state, leading to superior per-
formance in predicting the correctness of the final answer.

5.3 Analyzing the Differentiation of COGALIGN

To analyze the confidence differentiation capability of dif-
ferent methods, we design an experiment to measure a
model’s self-awareness of its knowledge boundaries. To this
end, we construct two distinct and representative subsets:
IK (I Know), comprising questions the model consistently
answers correctly (SA = 1); and IDK (I Don’t Know),
representing the model’s clear knowledge gaps, containing
questions that the model consistently fails to answer cor-
rectly (SA = 0) and for which its errors are highly dispersed
(normalized ESE > 0.8). This definition precisely corre-
sponds to the ”Dispersed Wrong” cognitive state.

The primary metric for this analysis is the average con-
fidence gap (∆) between the IK and IDK subsets, where a
larger gap indicates superior differentiation capability. Fig-
ure 5 visualizes the results of this comparison. The analy-
sis shows that the Vanilla baseline fails to distinguish be-

tween the subsets. The RewardingDoubt method exhibits
a minimal differentiation capability (∆ = 0.6), perform-
ing comparably to our ablation variant aligned only with
SE (CogAlign SE, ∆ = 0.72). In contrast, aligning with
SA (CogAlign SA) yields a more noticeable improvement
(∆ = 1.17). However, the COGALIGN framework dramati-
cally outperforms all other approaches, achieving the largest
confidence gap by a wide margin (∆ = 3.70).

The superior differentiation capability of COGALIGN
stems directly from the design of its supervisory signal,
CogConf. Because the IDK set is explicitly constructed
to represent the ’confused’ cognitive state (high error en-
tropy), CogConf—which is designed to recognize this
state—provides a much clearer supervisory signal than sim-
pler metrics. This confirms the superiority of CogConf for
modeling internal cognitive states and fostering reliable self-
assessment, thereby endowing the model with a stronger
confidence differentiation capability.

6 Related Work
Confidence Estimation. Recent studies have explored
various confidence estimation methods based on likelihood
(Vazhentsev et al. 2023), prompt engineering (Lin, Hilton,
and Evans 2022), and external evaluators (Han et al. 2024).
SA, calculated from multiple samples, remains a mainstream
proxy metric due to its intuitiveness and perceived reliabil-
ity (Lyu et al. 2025). However, our research indicates that
SA, as a coarse-grained external metric, struggles to capture
the model’s complex internal cognitive states—which is the
core problem our work aims to solve.

Confidence Elicitation. Confidence elicitation aims to en-
able models to explicitly express their internal confidence
rather than relying on post-hoc estimation. Prior research
has explored supervised fine-tuning approaches that train
models to reproduce externally estimated scores (Jang et al.
2025), reinforcement learning methods that induce intrin-
sic confidence through reward design (Stangel et al. 2025),
and hybrid strategies that combine both paradigms (Xu et al.
2024). Our approach adopts a purely RL framework, align-
ing the model’s expressed confidence directly with the pro-
posed cognitive confidence signal COGCONF.

7 Conclusion
To address the gap between external sampling accuracy and
internal cognitive states, we propose CogConf—a confi-
dence signal that captures internal uncertainty by combining
answer correctness with semantic entropy. Building on this,
we introduce COGALIGN, a training framework that aligns
the model’s expressed confidence with its internal beliefs,
shifting supervision from outcome-driven to introspective
calibration. Experiments on six question-answering bench-
marks, spanning both in-domain and out-of-domain settings,
show that COGALIGN achieves robust calibration and strong
generalization, without sacrificing task accuracy. Overall,
our work offers a new perspective on modeling cognitive
uncertainty, advancing the development of more trustworthy
and self-aware AI systems.
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