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Abstract

Large Language Models (LLMs) exhibit impressive performance across diverse
domains but often suffer from overconfidence, limiting their reliability in critical
applications. We propose SteerConf, a novel framework that systematically steers
LLMs’ confidence scores to improve their calibration and reliability. SteerConf
introduces three key components: (1) a steering prompt strategy that guides LLMs
to produce confidence scores in specified directions (e.g., conservative or opti-
mistic) by leveraging prompts with varying steering levels; (2) a steered confidence
consistency measure that quantifies alignment across multiple steered confidences
to enhance calibration; and (3) a steered confidence calibration method that aggre-
gates confidence scores using consistency measures and applies linear quantization
for answer selection. SteerConf operates without additional training or fine-tuning,
making it broadly applicable to existing LLMs. Experiments on seven bench-
marks spanning professional knowledge, common sense, ethics, and reasoning
tasks, using advanced LLM models (GPT-3.5, LLaMA 3, GPT-4), demonstrate
that SteerConf significantly outperforms existing methods, often by a significant
margin. Our findings highlight the potential of steering the confidence of LLMs
to enhance their reliability for safer deployment in real-world applications. The
implementation is at https://github.com/scottjiao/SteerConfl

1 Introduction

Large Language Models (LLMs) are widely used in applications such as Al-driven chatbots [29|
21, [13], medical diagnosis [9, 130l 24], code generation [23] [15], legal document analysis [40, [19]],
and education [34}14]. Ensuring the reliability and trustworthiness of LLMs is critical, particularly
in high-stakes domains like healthcare, legal analysis, and autonomous systems. However, LLMs
often exhibit overconfidence, producing predictions that fail to align with their true likelihood of
correctness, even when uncertain [38]], posing significant challenges for their practical deployment.

To obtain prediction confidence from LLMs, confidence elicitation methods treat LLMs as black
boxes, using prompts to elicit self-assessed verbalized confidence scores [38}131]. Unlike traditional
approaches [22] 25] that rely on white-box access to internal model information, some LLMs are
closed-source, with only commercial APIs, such as GPT-3.5 [28]] and GPT-4 [29], available for use.
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These APIs do not provide access to internal details like token likelihoods, making traditional confi-
dence elicitation infeasible. Additionally, fine-tuning LL.Ms for confidence elicitation is prohibitively
expensive, limiting its practicality for most researchers.

Recent studies focus on eliciting confidence from LLMs via prompts in a black-box manner to
improve confidence calibration, aligning confidence with accuracy and enhancing failure predic-
tion—measuring the ability of LLMs to assign high confidence to correct predictions and low
confidence to incorrect ones [38]]. Specifically, [38]] propose a systematic framework that probes
LLMs with various prompts, samples multiple responses to elicit confidence scores, and aggregates
them to obtain a final confidence score. For instance, a Top-K prompting strategy [31]] asks an LLM
to provide the top-K most likely answers and their associated confidence scores for a question. A
sample prompt is: “Provide your K best guesses and the confidence that each is correct (0% to 100%)
for the following question.”
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LLMs to be more conservative or
optimistic, the LLMs can be steered
to produce confidence scores in a
specific direction. For example, we can steer LLMs to be very cautious in answering questions and
producing confidence scores, compared with the vanilla prompt, as shown in the example below.

Figure 1: Vanilla and very cautious Prompt Steered Confidence
on Object Counting data with GPT-3.5.

* Vanilla Prompt: “Read the question carefully, analyze step by step, and provide your answer along
with your confidence. Confidence reflects how likely you believe your answer is correct.”

* Very Cautious Prompt: The Vanilla Prompt with an additional instruction: “You should adopt a
very cautious approach and assign low confidence to most of your answers.”

Figure [I|compares the effects of vanilla and very cautious steered prompts on the Object Counting
Dataset [33] using GPT-3.5 [28]]. In Figure[I|(a), the vanilla prompt results in severe overconfidence,
with LLMs assigning 100% confidence to answers that are only 50% accurate for counting tasks. In
contrast, Figure [T(b) shows that the very cautious steered prompt yields better-calibrated confidence
scores, where confidence levels more closely align with actual accuracy. For example, answers with
100% confidence achieve approximately 90% accuracy, while those with 10% confidence correspond
to about 10% accuracy. Quantitatively, the very cautious prompt improves calibration as measured by
ECE and failure prediction as measured by AUROC, achieving a 29% increase in Area Under the
Receiver Operating Characteristic Curve (AUROC, higher is better) and a 16% reduction in Expected
Calibration Error (ECE, lower is better). These findings demonstrate the effectiveness of steering
prompts in enhancing the reliability of LLM confidence scores.

Our Contributions. We propose SteerConf, a novel framework that leverages the steerability of
LLMs’ confidence scores to enhance their reliability. SteerConf comprises three key components:
(1) We propose a steering prompt strategy to guide LLMs in generating confidence scores in a
specified direction (e.g., conservative or optimistic) by employing prompts with varying steering
intensities. For each question, we sample multiple responses, capturing both answers and their
associated confidence scores across different steering levels. (2) We introduce a steered confidence
consistency measure to evaluate the alignment of confidence scores across multiple steered responses,
leveraging this consistency to enhance confidence calibration. (3) We design a steered confidence
calibration method that leverages the consistency measures to aggregate confidence scores and applies
linear quantization to identify the most reliable answer based on the calibrated confidence. SteerConf
is a simple yet effective framework that can be directly applied to existing LLMs without requiring
additional training or fine-tuning.

Comprehensive experiments across seven benchmarks, covering professional knowledge, common
sense, ethics, and reasoning tasks, using three state-of-the-art models (GPT-3.5, LLaMA 3, GPT-4),
demonstrate that SteerConf significantly outperforms vanilla verbalized confidence and existing



calibration methods. For example, SteerConf achieves up to a 39.8% reduction in ECE on GSM8K
dataset with GPT-3.5 and a 43.3% improvement in AUROC on the Object Counting dataset with
GPT-4 in the CoT setting.

2 Preliminaries

2.1 Task Statement

Verbalized Confidence. Confidence represents a model’s certainty in its predictions, typically
expressed as a probability (e.g., "80% confidence"). A score closer to 1 indicates high certainty, while
a score near 0 reflects uncertainty. However, for large language models (LLMs), internal confidence
scores are not directly accessible due to their black-box nature. Instead, confidence is elicited through
verbalized responses obtained via prompting, where the model explicitly states its confidence in
natural language (e.g., "I am 80% confident in answer A") [38] [31]].

Verbalized Confidence Elicitation. This process involves modifying the original query prompt to
explicitly request confidence scores from LLMs. For example, given the question "Which one is
bigger, 9.8 or 9.10? Provide your answer," the prompt can be rephrased as "Which one is bigger, 9.8
or 9.10?7 Provide your answer along with your confidence (%)." The model might then respond with
"9.8, 80%" instead of just "9.8," thereby verbalizing its confidence level as 80%.

Confidence Calibration and Failure Prediction. Verbalized confidence scores elicited from LLMs
are often miscalibrated, meaning the reported confidence does not accurately reflect the true likelihood
of correctness. For instance, a model might state "80% confidence" for answers that are correct only
50% of the time. Confidence calibration addresses this issue by aligning the model’s confidence
scores with the actual accuracy of predictions [[11]. Ideally, predictions with 80% confidence should
exhibit 80% accuracy. This is crucial for applications where confidence scores guide decision-making,
such as in medical diagnosis or autonomous driving. The effectiveness of confidence calibration is
commonly evaluated using metrics such as ECE. Failure prediction focuses on identifying incorrect
predictions by leveraging confidence scores. It is formulated as a binary classification task, where
correct predictions are labeled as 0 and incorrect ones as 1. The performance of failure prediction
is measured using AUROC, which assesses the model’s ability to rank incorrect predictions below
correct ones [[1]]. Detailed computations and evaluations are provided in the experiments.

2.2 Related Work

Elicitation of Confidence in LLMs. The concept of verbalized confidence, where models directly
express confidence through natural language, was introduced in [22], but their work primarily focuses
on fine-tuned models trained on specific datasets. Zero-shot verbalized confidence in LLMs remains
unexplored in their study. Similarly, [25] trains external models to estimate confidence based on
internal model representations, which are inaccessible in closed-source LLMs. While [44] examines
the impact of confidence expressions, it does not provide explicit confidence scores to users. [31]]
explores prompting strategies, proposing the Top-K verbalized prompting method. The unified
framework summarized in [38]], which considers sample consistency, is the most closely related to
our approach. In contrast, our work introduces a novel framework to steer LLM confidence in a
desired direction, addressing gaps left by these prior studies.

Confidence Calibration. Modern Al systems often exhibit unreliable confidence estimates, fre-
quently displaying overconfidence in their predictions [[11}26}|37]]. Calibration techniques address this
issue by aligning confidence scores with actual accuracy rates 11} 26]. Two primary approaches have
been explored: (1) scaling methods, which adjust confidence scores to improve reliability [[11} 4} 43]],
and (2) binning methods, which group predictions by confidence levels to assess and correct miscali-
bration [42,43]. For LLMs, studies have revealed significant calibration challenges. For instance,
[L6] demonstrated that models like TS5 and GPT-2 are poorly calibrated in question-answering tasks.
Similarly, [2] found that while standard language models face calibration issues, pretraining can
enhance confidence reliability. Conversely, [17]] observed that larger LLMs, when properly prompted,
exhibit improved calibration in multiple-choice tasks. However, a critical limitation of these stud-
ies is their reliance on access to internal model computations (e.g., logits), which is infeasible for
closed-source systems like GPT-4. This limitation underscores the need for alternative confidence
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Figure 2: Overview of the SteerConf framework, comprising three components: Steering Prompting,
Steered Confidence Consistency, and Steered Confidence Calibration. Five steering levels, from very
cautious to very confident, elicit verbalized confidences and answers from the LLM. Confidence
consistency rcons evaluates the stability of these confidences. The calibrated confidence c(x)
is computed by combining the mean confidence ., confidence consistency kKcon s, and answer
consistency Kqns, and the final answer f(x) is selected based on ¢(x).

estimation methods that operate without requiring internal model access or modifications, motivating
our proposed framework.

3 SteerConf: Steering the Confidence of LLMs

Figure [2illustrates the overall framework of SteerConf, comprising three key components: Steering
Prompting (Section [3.1)), Steered Confidence Consistency (Section [3.2), and Steered Confidence
Calibration (Section 3.3).

Given an input question x, we first construct a set of steering prompts Pclon ¢ with varying steering

levels (e.g., very cautious) to elicit steered answers f;(z) and confidence scores ¢;(z) from the
LLM. Next, the Steered Confidence Consistency module computes the confidence consistency Kcon
by analyzing the mean (. and standard deviation o, of the sampled confidence scores ¢;(x). The
calibrated confidence score ¢(x) is then derived by combining fi., Kcon f, and the answer consistency
Kans» Which is determined by the relative frequency of the most frequent answer among f;(z). Finally,
the calibrated confidence score c¢(x) is used to select the final answer f(x) via linear quantization,
mapping ¢(z) to the corresponding steering index in the confidence distribution.

3.1 Steering Prompts

As discussed in Section [T} while LLMs often exhibit overconfidence, explicitly prompting them to
be cautious can result in lower confidence scores. To leverage this behavior, we propose a steering
prompting strategy to systematically elicit and sample confidence scores from LLMs, enabling more
accurate confidence estimation. Specifically, this strategy employs steering prompts that explicitly
instruct the LLM to adopt varying levels of caution or confidence.

Specifically, we employ a set of steering levels to guide the LLM’s confidence elicitation from very
cautious to very confident: {very cautious, cautious, vanilla, confident, very confident}. The steering
level “very cautious" in the prompt instructs the LLM to be very cautious, with which the LLM tends
to be more conservative in its confidence estimation. In the steering prompt, we also include the
original question to be answered, and the LLM is asked to provide both the answer and the confidence
score. A brief example of very-cautious prompt is shown in the introduction. In the steering prompt,
the steering level can be replaced with different levels, and the LLM is asked to provide the answer
and confidence score for each steering level. The detailed prompt design is shown in Appendix

Formally, given an input text x, we can apply 2¢ + 1 steering levels via steering prompts to the
LLM, generating 2¢ + 1 prediction-confidence pairs. Let P. . be the I-th steering prompt, where

CO



le{—-¢ —0+1,...,0,...,£—1,0}. Negative steering levels —¢, —¢+1, ..., —1 represent cautious
steering levels, while positive steering levels 1,2, . .., £ represent confident steering levels. —¢ and ¢
represent the most cautious and most confident steering levels, respectively, while 0 represents the
vanilla steering level. In other words, P’ is the most cautious steering prompt, P/ is the most

confident steering prompt, and PC . is the vanilla steering prompt, which is the same with original

verbalized confidence elicitation process.

In our setting, we set £ = 2, which means we have five steering levels: {very cautious, cautious,
vanilla, confident, very confident}, a moderate granularity, which is sufficient to demonstrate the
effectiveness of our method. Our framework is flexible and can be extended to more steering levels

by increasing ¢. Given a question z, we construct the steering prompt set {Pclonf}f:7 ¢» and for

each steering prompt P ., we can elicit the answer and confidence score from the LLM to get the

prediction-confidence pair (f;(z), ¢;(x)), where f;(x) is the answer and ¢; () is the confidence score.
The confidence score ¢;(x) is a real number between 0 and 1, representing the LLM’s confidence
in its answer f;(x). By applying different steering levels, we can probe the LLM’s confidence in
different directions and intensities, which can help us to better understand the LLM’s confidence and
uncertainty, to facilitate the accurate confidence estimation.

3.2 Steered Confidence Consistency

Given a set of sampled steered answers { f;(z)}/__, and their confidence scores {¢;(z)}f__,, we
aim to compute a calibrated confidence score c(x) that reflects the model’s certainty about answering
the input question z. In previous studies [38l (6, 5| 20], it has been shown that the consistency of
multiple responses for a given question from LLMs can provide meaningful guidance on model
confidence. For example, the degree of agreement among multiple answers has been used to serve as
a measure of confidence for LLMs [38]], which however overlooks the consistency of the verbalized
confidences returned by LLMs, which may contain rich information of model’s interior certainty.

Therefore, in this section, we propose a steered confidence consistency measure that considers the
consistency of the steered verbalized confidence scores {c;(z)}{__, to estimate the model’s certainty
about answering the input question . The intuition is that, even under different steering levels, if the
LLM is able to respond with consistent confidence scores, it indicates that the model is confident
about its answer, even with explicit prompt interventions. The higher the consistency of steered
confidence scores, the more reliable the LLM is about its answer regarding the input question. To
quantify this, we first compute the mean confidence .. of the steered confidences {c;(z)}¢__, as in
Eq. (1), representing the average certainty level, and the standard deviation o, in Eq. (2)), measuring
how consistently this certainty is maintained across steering levels from —¢ to . Intuitively, higher
e with lower o, indicates stronger confidence consistency.

Intuitively, the ratio %, known as the coefficient of variation, naturally normalizes the dispersion
of a distribution relative to the mean, showing the extent of variability in relation to the mean of
the observations. A smaller value of "—C indicates that the data points tend to be very close to the
mean and are more consitent, while a larger value indicates that the data points are spread out over
a wider range of values, being less consistent. Therefore, we propose the confidence consistency
Keonf = m in Eq. , which is a bounded metric between 0 and 1, where k.onf = 1 indicates

perfect consistency with o, = 0 and k¢onf = 0 indicates no consistency with infinite o.

L

1
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3.3 Steered Confidence Calibration

For a question x, we aim to compute the calibrated confidence score c¢(x) that reflects the model’s
certainty about answering the question z. In a nutshell, the calibrated confidence score ¢(x) should
be high when the model is confident about its answer, and low when the model is uncertain about
its answer. To achieve this, we propose to consider the mean confidence ., confidence consistency
Keonf> and answer consistency ks that is computed from the steered answers { f; (x)}fz_ ‘o

First, the answer consistency ks 1S computed based on the relative frequency of the answers [38]].
For each answer y € {fi(z)}{__,, its frequency freq(y) is defined as the proportion of times y occurs
among all steered answers: freq(y) = #_H Zlé:_ o I(fi(xz) = y), where I(-) is the indicator function.
The answer consistency is then defined as the maximum relative frequency of the most frequent
ANSWET: Kans = MaXye(f, (1)}, freq(y). This reflects the degree of agreement among the answers,
with higher x,,,s indicating greater consistency and reliability of the model’s predictions.

Then, the calibrated confidence c(x) is defined as the product of the average steered confidence (..,
answer consistency kans, and confidence consistency keonf as in Eq. @]) The factor p, considers all
the steered confidence scores, while Kans and keonf, the two consistency metrics, are used to adjust the
average steered confidence pi. based on LLMs’ self-consistency in terms of answers and confidence
scores. If the LLM shows low consistency in either answers or confidence scores, the final calibrated
confidence ¢(x) will be downweighted accordingly, and vise versa. This design ensures the robustness
of the final calibrated confidence ¢(x) against isolated high-confidence outliers that may arise from
the black-box nature of LLMs, as any single inconsistency component (ks OF Kconf) can sufficiently
downweight potentially miscalibrated fi..

C(l‘) = Me¢ * Rans * Keonf 4)

After obtaining the final calibrated confidence ¢(z) from Eq. (@), the next step is to select the final
answer f(z) from the set of steered answers {f;(x)}__,. The selection should align with the
calibrated confidence ¢(x), which represents the model’s certainty.

Since ¢(z) may not directly match any of the steered confidence scores {c;(x)}¢__,, we employ a

mapping mechanism to determine the most appropriate answer. We map c¢() to the steering index
space using linear quantization. First, we compute the range of observed steered confidences:

Cmin = Ming ¢;(x),  Cmax = max; ¢;(x). ®)
Next, we map c(z) to a discrete steering index j using:

_ {c(m) — Cmin

Cmax — Cmin

a0+ 1)J , ©)

where |- | denotes the floor operation, ensuring j is an integer.

Finally, the selected answer f(x) is determined as:

o f—f(x)v ifj<*£7
fle) = {fj(w), if —¢<j<dt

This approach ensures that the answer f(z) is consistent with the calibrated confidence ¢(x), while
maintaining numerical stability through explicit range normalization.

4 Experiments

4.1 Setup

Datasets. We assess confidence estimation quality across five categories of reasoning tasks: (1)
Commonsense Reasoning using Sports Understanding dataset (Sport) [18] and StrategyQA (Strat-
egyQA) [7]] from BigBench [8l; (2) Arithmetic Reasoning evaluated on GSM8SK (GSMSK) [3];
(3) Symbolic Reasoning covering Date Understanding (DateUnd) [36]] and Object Counting (Ob-
jCnt) [33]]; (4) Professional Knowledge tested through Law (Law) from MMLU [12[]; and (5) Ethical
Knowledge examined via Business Ethics (Ethics) in MMLU [12]].



Model GSMSK DateUnd ObjCnt StrategyQA Sport Law Ethics| Avg Model GSMSK DateUnd ObjCnt StrategyQA Sport Law Ethics| Avg

LLaMA3 74.8 37.8 50.2 26.6 30.6 30.9 15.0 |38.0 LLaMA3 53.7 50.3 50.3 58.8 51.5 51.0 42.3 |51.1
+SteerConf  45.2 11.8 34.6 29.3 164 85 265 |24.6 +SteerConf  67.1 61.0 67.2 59.0 53.8 589 629 |61.4

GPT-3.5 62.6 602 456 29.6 25.3 432 26.0 ‘41.8 GPT-3.5 55.8 56.6 50.3 533 52.8 51.7 54.8 ‘53.6

+SteerConf 228 330 275 149 122 240 108 [20.7  +SteerConf 829 605 825 586  61.5 60.6 71.0 [68.2

GPT-4 535 257 237 168 187 194 5.1 [233  GPT4 520 505 504 556 579 56.6 84.1 582

+SteerConf 275 19.5  18.0 135 136 112 99 [162  +SteerConf 839 642 727 637 633 59.7 77.6 |69.3
(a) ECE | (Lower is Better) (b) AUROC 7 (Higher is Better)

Model GSMBSK DateUnd ObjCnt StrategyQA Sport Law Ethics | Avg Model GSMB8K DateUnd ObjCnt StrategyQA Sport Law Ethics| Avg

LLaMA3 81.7 38.2 50.2 33.0 34.8 40.8 30.3 |44.1 LLaMA3 21.3 62.5 49.9 77.2 66.9 61.0 71.5 |58.6
+SteerConf  88.5 51.7 66.1 32.1 37.7 47.0 52.3 |53.6 +SteerConf  28.1 68.0 62.3 79.6 67.1 66.2 79.1 |64.3

GPT-3.5 76.9 66.0  46.1 37.6 32.3 54.8 37.5 |50.2 GPT-3.5 30.0 41.5 54.5 66.2 70.8 47.5 69.6 |54.3
+SteerConf  93.5 64.1 76.4 43.5 41.7 644 51.7 |62.2 +SteerConf  60.4 54.4 83.3 71.1 76.1 52.3 80.2 |68.3

GPT-4 55.3 26.5 243 30.7 239 413 584 ‘37.2 GPT-4 473 74.5 76.5 77.6 82.6 67.5 945|744

+SteerConf  83.5 359 47.3 375 332 462 45.0 |46.9 +SteerConf  76.8 81.2 84.4 81.4 84.4 713 92.0 |81.6

(c) PR-N 1 (Higher is Better) (d) PR-P 1 (Higher is Better)

Table 1: Comparing SteerConf with vanilla verbalized confidence elicitation of LLMs. ECE > (.25,
AUROC, PR-P, PR-N < 0.6 denote significant deviation from ideal performance. The best is in bold.

Model GSMS8K DateUnd ObjCnt StrategyQA Sport Law Ethics| Avg Model GSMB8K DateUnd ObjCnt StrategyQA Sport Law Ethics| Avg
LLaMA3(CoT) 5.0 13.7 8.7 11.8 7.7 228 7.8 |11.1 LLaMA3(CoT) 55.1 543 50.0 64.6 74.1 54.3 54.2 |58.1
+SteerConf 7.8 1.0 6.5 8.6 54 209 50 |79 +SteerConf 81.2 70.7 87.6 74.5 79.4 64.7 81.2 |77.0

GPT-3.5(CoT)  20.3 308 418 26.0 20.5 44.3 24.8 ‘29,8 GPT-3.5(CoT)  56.2 49.8 50.1 56.4 62.7 53.0 65.2 ‘56.2

+SteerConf 6.5 6.7 19.7 14.5 10.8 16.0 15.1 [12.7 +SteerConf 85.6 76.0 82.5 67.5 66.4 61.5 86.7 |75.2

GPT-4(CoT) 6.5 6.6 4.9 18.5 92 23.0 6.1 |10.7 GPT-4(CoT) 52.1 75.1 50.0 68.8 65.0 59.5 87.6 |65.5

+SteerConf 43 8.4 1.6 115 56 99 93 |72 +SteerConf 86.0 81.5 93.3 70.3 75.2 68.4 93.0 |81.1
(a) ECE | (Lower is Better) (b) AUROC 7 (Higher is Better)

Model GSMB8K DateUnd ObjCnt StrategyQA Sport Law Ethics | Avg Model GSMB8K DateUnd ObjCnt StrategyQA Sport Law Ethics | Avg

LLaMA3(CoT) 124 134 8.7 29.7 38.3 382 26.1 |23.8 LLaMA(CoT) 954 89.3 91.3 85.2 89.2 66.5 83.0 |85.7

+SteerConf 41.3 24.0 49.0 43.2 475 50.6 51.7 |43.9 +SteerConf 97.8 92.6 98.1 90.0 92.8 73.6 93.1 |91.1

GPT-3.5(CoT)  26.5 28.0 420 36.8 46.9 555 45.7 |40.2 GPT-3.5(CoT) 80.5 71.5 58.2 71.5 70.2 48.4 75.8 |68.0
+SteerConf 70.9 49.7 74.7 489 522 609 75.0 (61.8 +SteerConf 92.1 88.4 832 71.7 75.0 57.3 91.8 |80.8

GPT-4(CoT) 10.5 47.6 49 48.7 27.7 462 83.2 |38.4 GPT-4(CoT) 93.7 94.2 95.1 81.4 88.0 68.3 92.8 |87.6
+SteerConf 593 61.8 44.9 389 48.7 55.4 749 (549 +SteerConf 97.3 94.0 99.2 87.6 91.1 75.6 97.9 |91.8

(c) PR-N 1 (Higher is Better) (d) PR-P 1 (Higher is Better)

Table 2: Comparing SteerConf with verbalized confidence elicitation of LLMs with CoT. ECE > 0.25,
AUROC, PR-P, PR-N < 0.6 denote significant deviation from ideal performance. The best is in bold.

Tasks and Metrics. We evaluate our method SteerConf on two tasks: confidence calibration and
failure prediction, following the protocol in [38]. For confidence calibration, we report Expected Cal-
ibration Error (ECE), which measures the average absolute difference between predicted confidence
and empirical accuracy; lower ECE indicates better calibration. For failure prediction, we use the
Area Under the Receiver Operating Characteristic curve (AUROC), where higher values (closer to
1.0) indicate better discrimination between correct and incorrect predictions. To account for class
imbalance due to varying accuracy, we further report AUPRC-Positive (PR-P) and AUPRC-Negative
(PR-N), which respectively measure the model’s ability to prioritize incorrect and correct predictions
in a precision-recall framework. Formal definitions of all metrics are provided in Appendix [A]

LLM Models. We evaluate several widely-used LLMs: GPT-3.5 [28]], LLaMA3 [10], and GPT-4 [29]..
LLaMA3 is used in its 70B parameter version with 4-bit quantization. Note that experiments with
GPT-4 incurred a cost of approximately 1500 USD due to its higher pricing. We first compare
these LLMs using vanilla verbalized confidence elicitation, and then evaluate each LLM with CoT
prompting [35] for confidence elicitation. Results are reported in Table[T|and Table 2]in Section 2]
Details on the application of CoT are provided in Appendix

Baselines. We also compare against sampling-based and prompting-based baselines summarized
in [38], including Misleading [38]], Self-Random [38]], and Top-K [31], as reported in Table@ All
baselines use an LLM with CoT prompting as the backbone. Self-Random [38]] leverages the model’s
inherent randomness by inputting the same prompt multiple times, and consistency aggregation
metric [38] is applied. Misleading [38] evaluates the model’s uncertainty by introducing misleading



GSMSK Law DateUnd StrategyQA Ethics ‘ Avg

Method

ECE AUROC ECE AUROC ECE AUROC ECE AUROC ECE AUROC | ECE AUROC
GPT-3.5(CoT) 10.1 54.8 39.7 52.2 234 574 220 598 30.0 56.0 250 564
+Top-K 19.6 585 16.7 589  26.1 74.2 140 613 124 733 17.8 65.2
+Misleading 8.03 88.6 18.3 59.3 20.5 67.3 21.8 61.5 17.8 71.3 173 69.6

+Self-Random 6.28 92.7 260  65.6 170  66.8 23.3 60.8 20.7 79.0 18.7 73.0
+SteerConf (ours) 6.5 85.6 16.0 615 6.7 76.0 14.5 67.5 15.1 86.7 11.7 754

LLaMA3(CoT) 5.0 55.1 22.8 54.3 13.7 54.3 11.8 64.6 7.8 54.2 122 565
+Top-K 102 61.1 23.0 497 275 522 211 55.0 11.1 52.4 18.6 54.1
+Misleading 44 83.8 18.9 59.7 184 678 11.7 65.3 140 750 135 703
+Self-Random 22 79.3 27.1 64.6 72 66.8 17.3 60.1 15.9 55.3 13.9 65.2
+SteerConf (ours) 6.1 81.2 33 64.7 10.0  70.7 43 74.5 13.6 81.2 75 74.5

Table 3: Comparison with baselines on GPT-3.5 and LLaMA3 with CoT. The best is in bold and the
second best is underlined.

GSMBK Law DateUnd StrategyQA Ethics \ Avg
ECE AUROC ECE AUROC ECE AUROC ECE AUROC ECE AUROC|ECE AUROC
SteerConf w/o Steering Prompting 2.3 80.0 132 667 100 70.2 6.1 725 102 59.0 8.4 69.7

Method

Self-Random + Consistency 22 793 271 646 72 668 173 60.1 159 553 |139 652
SteerConf + Consistency 24 717 259 638 7.5 682 172 614 143 685 |135 66.7
Self-Random + Avg-Conf 23 793 271 644 88 683 172 599 163 550 |143 654
SteerConf + Avg-Conf 28 713 258 633 86 671 174 613 167 735 |143 673
SteerConf (ours) 6.1 812 33 647 100 707 43 745 136 812 |75 745

Table 4: Component ablations and alternative aggregation schemes on LLaMA3with CoT. Lower
ECE values indicate better calibration, while higher AUROC values reflect improved performance.

information and observing whether the model maintains its initial answer, inspired by human behavior
under confidence and consistency aggregation metric [38]] is applied. Top-K [31]] prompts the model
to generate K answer-confidence pairs in a single response, pair-rank metric [38] is applied. For
Misleading and Self-Random, we use M = 5 samples; for Top-K, we set K = 5 answer-confidence
pairs. We adopt GPT-3.5 and LLaMA3 both with CoT.

4.2 Effectiveness Results

Comparison with LLMs with and without CoT. Table[T]and Table 2]report the performance of our
method SteerConf versus vanilla verbalized confidence elicitation on LLaMA3, GPT-3.5, and GPT-4,
without and with CoT prompting, respectively, across ECE, AUROC, PR-N, and PR-P metrics (all
in %). The last column in each table shows the average across datasets. Our method consistently
outperforms vanilla verbalized confidence elicitation across nearly all metrics and datasets, both with
and without CoT, demonstrating improved confidence calibration and failure detection. For instance,
in Table[I[(a), GPT-3.5 with SteerConf achieves an average ECE of 20.7%, substantially better than the
vanilla ECE of 41.8%. On ObjCnt, SteerConf attains an AUROC of 82.5%, significantly better than
50.3% for vanilla GPT-3.5 (Table[Ib)). CoT prompting further improves overall performance of all
LLMs (Table @]), yet SteerConf maintains a clear advantage. For example, in Table Ekb), GPT-4(CoT)
with SteerConf achieves an average AUROC of 81.1%, versus 65.5% for vanilla. On the Ethics
dataset, LLaMA3(CoT) with SteerConf yields a PR-N of 51.7%, markedly higher than the vanilla
baseline (Table[2c)).

Comparison with Other Baselines. Table [3| presents a comparison of our method SteerConf with
the Top-K, Misleading, and Self-Random baselines on LLaMA3 and GPT-3.5 with CoT. Across all
datasets and metrics, SteerConf consistently outperforms the baselines, highlighting its superiority in
both confidence calibration and failure detection. For instance, on GPT-3.5(CoT), SteerConf achieves
an average ECE of 11.7%, substantially lower than the 17.3% of the Misleading baseline. On
LLaMA3(CoT), SteerConf attains an average AUROC of 74.5%, outperforming all other baselines.

Ablation Study. We perform an ablation study to assess the impact of steering prompting and
aggregation components, using LLaMA3 with CoT as the backbone. For the steering prompts
component, removing it yields "SteerConf w/o Steering Prompting". For the aggregation component,
we replace our proposed aggregation with Consistency and Avg-Conf, denoted as "SteerConf +
Consistency" and "SteerConf + Avg-Conf". Ablating both components results in the Self-Random
approach with Consistency or Avg-Conf aggregation. The results are reported in Table |4] which
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Figure 3: Confidence histograms of SteerConf and baselines for LLaMA3 with CoT. The rows are
different datasets, and the columns are different methods.

demonstrates that each component contributes to improved performance, supporting the effectiveness
of our method’s design.

4.3 Empirical Confidence Distributions

Figure 3| presents the confidence histograms of SteerConf and baselines on LLaMA3 with CoT. Each
row corresponds to a dataset, and each column shows the confidence distributions for Self-Random,
Misleading, Top-K, and our method SteerConf. The x-axis is confidence, and the y-axis is the
number of samples. Blue and red bars represent the confidence distributions for correct and incorrect
answers, respectively. Compared to the baselines, SteerConf produces confidence distributions that
are better separated between correct and incorrect answers, while baselines such as Self-Random
tend to yield overconfident or less discriminative distributions. These results further validate the
effectiveness of our method in improving confidence calibration, consistent with the quantitative
findings in Section[d.2]

4.4 Detailed Calibration Distributions

We provide the detailed calibration curves of SteerConf and baselines on LLaMA3 with CoT.
The results are presented in Figure ] As depicted in Figure @] the confidence distribution from
vanilla verbalization is concentrated on a few discrete values. In contrast, SteerConf yields a much
more uniform distribution. Such continuous confidence values are more amenable to quantization,
thereby improving model reliability. Moreover, we observe a better alignment between the calibrated
confidence from SteerConf and the actual accuracy. On the Sport and StrategyQA datasets, for
example, SteerConf shows a consistent pattern of alignment across the full spectrum of confidence
values, demonstrating the effectiveness of our approach.
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Figure 4: Expected Calibration Error (ECE) plots and reliable diagrams for LLaMA3-70B model.
The columns correspond to four tasks: Law, Sport, ObjCnt, and StrategyQA. The top row shows
results of vanilla verbalized confidence, while the bottom row shows results from our SteerConf. In
each plot, the upper part shows the ECE plots, and the lower part shows the reliable diagrams.

5 Conclusion, Limitations, and Future Work

In this paper, we introduced SteerConf, a framework for improving LLM confidence reliability
through semantic steering. Our approach addresses the critical issue of overconfidence, which
undermines trustworthiness in high-stakes applications. By leveraging carefully designed prompts,
we systematically steer LLM confidence in desired directions. The framework comprises three key
components: a steering prompt strategy, a steered confidence consistency measure, and a steered
confidence calibration method. Together, these components enhance confidence calibration without
requiring model internals or fine-tuning. Comprehensive evaluations across seven benchmarks with
state-of-the-art LLMs demonstrate consistent improvements over existing methods. This work has
significant implications for deploying LLMs in critical domains where reliable confidence estimation
is essential. By offering an effective black-box approach, SteerConf enables trustworthy Al without
requiring specialized expertise or access to model internals.

Limitations and Future Work. It is common to mannually design prompts for LL.Ms, and our
method is no exception. Future work will explore automatic prompt generation to address this.
Additionally, using multiple prompts increases computational costs; we aim to develop adaptive
strategies to optimize prompt usage based on task and model needs. Following prior work, our current
tasks focus on numerical answers (GSM8K) or multiple-choice questions (Law), where ambiguity is
minimal and answer consistency is both sufficient and effective. Extending to more open-ended tasks

is an important future direction.

Broader Impact. This work improves LLM confidence elicitation, enhancing their reliability and
trustworthiness in high-stakes applications. While we foresee no direct negative societal impacts,
LLM misuse remains a concern. We advocate for responsible Al practices to mitigate such risks.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: Claims are in Section[I]
Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Limitations are discussed in Section[3l
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: This paper does not include theoretical results.
Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

e Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: Details to reproduce the results are contained in Section [4.1]
Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: Provided in anonymous code link.
Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: Provided in Section [4.1]
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: We follow existing existing verbalized confidence elicitation studies as in [38),
31]]. Moreover, GPT-4 and GPT-3.5 APIs are very expensive to repeatedly call many times.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).
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8.

10.

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer:
Justification: Most experiments are from calling LLM APIs.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]
Justification: In Section[3
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: In Section[3
Guidelines:

» The answer NA means that there is no societal impact of the work performed.

e If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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11.

12.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: NA
Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: Stated in Section4.]]
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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15.

16.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: NA
Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: NA
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: NA
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [Yes]
Justification: We use LLMs as baselines and backbones as stated in Section .11
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Task Statement And Metric

Confidence Calibration. LLMs often exhibit misaligned confidence scores, frequently overestimat-
ing the reliability of their predictions. The goal of confidence calibration is to align these confidence
scores with the actual accuracy of the predictions. To evaluate calibration performance, we use the
Expected Calibration Error (ECE) 27,139/ 41]] as the primary metric.

Given a set of input samples {x;}X, with corresponding labels {y;}}¥,, LLM predictions
{f(x:)}X, and confidence scores {c(x;)}~ ;, we partition the samples into B bins based on
their confidence scores: @; € By if c(z;) € (%5, %). The Expected Calibration Error (ECE) is
computed as:

ECE = Y0, Bl jace(By) — conf(By)], )
where B is the set of samples in the b-th bin, |Bp| is the number of samples in the b-th bin,
acc(By) = ﬁ > w.en, L(f(2:) = y;) is the accuracy of the samples in the b-th bin, and conf(B;) =
ﬁ > w.en, ¢(w;) is the average confidence score of the samples in the b-th bin. Here, () is the
indicator function, which returns 1 if its argument is true, and 0 otherwise.

Failure Prediction. Failure prediction involves determining whether an LLM’s prediction is correct
based on its confidence score. This task is evaluated using the Area Under the Receiver Operating
Characteristic Curve (AUC-ROC) [1]. Given a set of input samples {x; } ,, the task is framed as a

binary classification problem, where the input is the confidence score ¢(x;), and the label indicates
the correctness of the LLM’s prediction, I(f(z;) = y;). The AUC-ROC is defined as:

AUC-ROC = [ TPR(t) dFPR(t), (8)
where TPR(t) (True Positive Rate) and FPR(¢) (False Positive Rate) at threshold ¢ are computed as:

N

TPR() = 1 D2 (e(e) 2 O1(f(:) = ), ©)
1 2;1

FPR() = 2 > I(e(e) > £) (1~ 1(F () = v1) (10)
=1

Precision-Recall Perspective. To complement AUC-ROC, we evaluate failure prediction using
the Area Under the Precision-Recall Curve for the positive class (PR-P) and the negative class
(PR-N). These metrics are particularly informative under class imbalance. For PR-P, the positive class
corresponds to correct predictions (f(x;) = y;), while for PR-N, the positive class corresponds to
incorrect predictions (f(x;) # y;). The Precision-Recall Curve (PRC) is parameterized by threshold
t, with precision and recall defined as:

SN Ie(z:) > O1(f () = i)

Precision,, (t) = , (1
v S e(w:) > t)
N —
Recall, (1) = iz e = DI (:) = ) )

S I(f () = wi) ’

for PR-P, and analogously for PR-N by replacing I(f(z;) = y;) with I(f(x;) # y;) in both the
numerator and denominator. The AUPRC values are computed as:

PR-P = [ Precision,(¢) dRecall,(t), PR-N = [} Precision, (t) dRecall, (t).  (13)

PR-P emphasizes the model’s ability to identify correct predictions across confidence thresholds,
while PR-N focuses on detecting failures. Together, these metrics provide a nuanced evaluation of
calibration quality, particularly under skewed class distributions.

B Steering Prompts Used

In this section, we present the detailed prompts used in our experiments for LLMs under both CoT
and non-CoT settings. The steering levels {very cautious, cautious, vanilla, confident, very confident

21



} are described as follows. Section[B.T|provides the prompts for the CoT setting, while Section[B.2]
covers the prompts for the non-CoT setting.

Discussion on Instruction-Following Ability. Instruction-following is a prerequisite. Verbalized
confidence assumes the model can return answer—confidence pairs in a fixed format. In practice,
smaller or less capable models may fail at this step, which we treat as a formatting failure rather
than a limitation of steering. Once a model reliably produces answer—confidence pairs, we find it
also follows our steering prompts (e.g., very cautious vs. very confident) and shifts its confidence
accordingly (see Figure[5]for how the model’s confidence changes with different steering levels).

Discussion on Additional Query Cost. We deliberately query the model multiple times under a small
set of steering prompts. In our black-box setting, we cannot read internal signals (e.g., logits), so
these extra queries give us the missing evidence about how stable both the answers and the confidence
scores are. This is a test-time scaling trade-off: we spend a few more forward passes to obtain much
better-calibrated confidence and more reliable failure detection, without any training or access to
internals. For complex, multi-turn reasoning, the same idea applies—investing a handful of additional
queries typically yields more dependable confidence estimates and thus more trustworthy traces.

B.1 With CoT

very cautious. Read the question, analyze step by step, provide your answer and your confidence in
this answer. Note: (1) The confidence indicates how likely you think your answer will be true. (2) You
are making important decisions, thus you should avoid giving a wrong answer with high confidence.
(3) You should be very cautious, and tend to give low confidence on almost all of the answers. \nUse
the following format to answer:\"*Explanation: [insert step-by-step analysis here]\nAnswer and
Confidence (0-100): [ONLY the { ANSWER_TYPE}; not a complete sentence], [ Your confidence
level, please only include the numerical number in the range of 0-100]%*“\nOnly give me the reply
according to this format, don’t give me any other words.

cautious. Read the question, analyze step by step, provide your answer and your confidence in this
answer. Note: (1) The confidence indicates how likely you think your answer will be true. (2) You
are making important decisions, thus you should avoid giving a wrong answer with high confidence.
\nUse the following format to answer:\"“‘Explanation: [insert step-by-step analysis here]\nAnswer and
Confidence (0-100): [ONLY the { ANSWER_TYPE}; not a complete sentence], [ Your confidence
level, please only include the numerical number in the range of 0-100]%*“\nOnly give me the reply
according to this format, don’t give me any other words.

vanilla. Read the question, analyze step by step, provide your answer and your confidence in this
answer. Note: The confidence indicates how likely you think your answer is true.\nUse the following
format to answer:\n‘““*Explanation: [insert step-by-step analysis here]\nAnswer and Confidence (0-
100): [ONLY the { ANSWER_TYPE}; not a complete sentence], [ Your confidence level, please only
include the numerical number in the range of 0-100]%\n*“‘\nOnly give me the reply according to this
format, don’t give me any other words.

confident. Read the question, analyze step by step, provide your answer and your confidence in this
answer. Note: (1) The confidence indicates how likely you think your answer will be true. (2) You
are making important decisions, thus you should avoid giving a right answer with low confidence.
\nUse the following format to answer:\“‘Explanation: [insert step-by-step analysis here]\nAnswer and
Confidence (0-100): [ONLY the { ANSWER_TYPE}; not a complete sentence], [ Your confidence
level, please only include the numerical number in the range of 0-100]%*“\nOnly give me the reply
according to this format, don’t give me any other words.

very confident. Read the question, analyze step by step, provide your answer and your confidence in
this answer. Note: (1) The confidence indicates how likely you think your answer will be true. (2)
You are making important decisions, thus you should avoid giving a right answer with low confidence.
(3) You should be very confident, and tend to give high confidence on almost all of the answers.
\nUse the following format to answer:\““Explanation: [insert step-by-step analysis here]\nAnswer and
Confidence (0-100): [ONLY the { ANSWER_TYPE}; not a complete sentence], [ Your confidence
level, please only include the numerical number in the range of 0-100]%*“\nOnly give me the reply
according to this format, don’t give me any other words.
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B.2 Without CoT

very cautious. Read the question, provide your answer and your confidence in this answer. Note:
(1) The confidence indicates how likely you think your answer will be true. (2) You are making
important decisions, thus you should avoid giving a wrong answer with high confidence. (3) You
should be very cautious, and tend to give low confidence on almost all of the answers. \nUse the
following format to answer:\n*“‘Answer and Confidence (0-100): [ONLY the ANSWER_TYPE; not a
complete sentence], [ Your confidence level, please only include the numerical number in the range of
0-100]%*““\nOnly the answer and confidence, don’t give me the explanation.

cautious. Read the question, provide your answer and your confidence in this answer. Note: (1)
The confidence indicates how likely you think your answer will be true. (2) You are making
important decisions, thus you should avoid giving a wrong answer with high confidence. \nUse the
following format to answer:\n*‘Answer and Confidence (0-100): [ONLY the ANSWER_TYPE; not a
complete sentence], [ Your confidence level, please only include the numerical number in the range of
0-100]%*““\nOnly the answer and confidence, don’t give me the explanation.

vanilla. Read the question, provide your answer and your confidence in this answer. Note: The
confidence indicates how likely you think your answer is true.\nUse the following format to an-
swer:\n““Answer and Confidence (0-100): [ONLY the ANSWER_TYPE; not a complete sentence],
[ Your confidence level, please only include the numerical number in the range of 0-100]%*“\nOnly
the answer and confidence, don’t give me the explanation.

confident. Read the question, provide your answer and your confidence in this answer. Note:
(1) The confidence indicates how likely you think your answer will be true. (2) You are making
important decisions, thus you should avoid giving a right answer with low confidence.\nUse the
following format to answer:\n*“‘Answer and Confidence (0-100): [ONLY the ANSWER_TYPE; not a
complete sentence], [ Your confidence level, please only include the numerical number in the range of
0-100]%““\nOnly the answer and confidence, don’t give me the explanation.

very confident. Read the question, provide your answer and your confidence in this answer. Note:
(1) The confidence indicates how likely you think your answer will be true. (2) You are making
important decisions, thus you should avoid giving a right answer with low confidence. (3) You
should be very confident, and tend to give high confidence on almost all of the answers. \nUse the
following format to answer:\n*‘Answer and Confidence (0-100): [ONLY the ANSWER_TYPE; not a
complete sentence], [ Your confidence level, please only include the numerical number in the range of
0-100]%““\nOnly the answer and confidence, don’t give me the explanation.

C Effects of Steering

To further understand the effects of steering on confidence, we present the confidence histograms
of SteerConf with different steering levels from very cautious to very confident on LLaMA3 with
CoT on DateUnd, GSMSK, Ethics, StrategyQA and Law datasets in Figure [5] Observe that the
confidence distributions of SteerConf gradually change with varied steering levels. For example, on
the StrategyQA dataset, the confidence distribution of very cautious is more conservative than that
of very confident. This demonstrates the effectiveness of the proposed prompt steering strategy in
SteerConf.

Table [5]demonstrates the effects of steering by presenting the differences in various metrics between
the steered confidence distribution and the vanilla verbalized confidence distribution for GPT-3.5
without CoT. The steering effects are pronounced for high-intensity steering levels (very cautious,
very confident) across most datasets, aligning with the intended directions. For instance, in the
GSMBK dataset, the JS Div metric for very cautious is reduced by 52.11% compared to vanilla, while
for very confident, it increases by 23.72%. However, for moderate-intensity levels such as confident,
the steering direction may deviate from expectations. For example, in the Ethics dataset, the Mean
metric for confident is 1.79 lower than vanilla. This highlights the importance of carefully designing
the intensity of steering to achieve the desired effects.
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Figure 5: Confidence histograms for LLaMA3 with CoT on DateUnd, GSM8K, Ethics, StrategyQA
and Law datasets. The columns are different steering levels.

D Per-Prompt Ablation

To assess the contribution of each steering prompt, we perform a per-prompt ablation using LLaMA3
with CoT as the backbone model. For example, "SteerConf w/o very confident " removes the very
confident prompt. Results are reported in Table[6] We observe that cautious prompts (cautious, very
cautious) chiefly improve AUROC, whereas confident prompts (confident, very confident) primarily
reduce ECE.

E Results with a Smaller Model

We conduct experiments using the small model Qwen3-1.7b with the CoT setting, as shown in Tableg]
Due to the model’s relatively weaker instruction-following ability, frequent collapsed verbalized
confidence elicitation renders results on some datasets (Law and Ethics) unusable. Therefore, we
report results only on datasets with reliable responses. The results demonstrate that our proposed
method consistently outperforms the vanilla verbalized confidence approach with the CoT setting,
even with a small model backbone.
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Dataset Was Dis  JS Div Mean Dataset Was Dis  JSDiv  Mean
Sport -13.83 -41.74 -14.66 Sport -0.27 -4.18 -0.83
Ethics -21.20  -72.34  -20.49 Ethics -1.40  -10.63 -0.04
Law -1849  -59.99 -17.74 Law -1.11 -8.13 -1.59
ObjCnt -1142 3423 -16.93 ObjCnt -0.01 -1.86  -0.13
StrategyQA -15.14  -46.66 -16.94 StrategyQA -0.28 -3.47 -0.99
DateUnd -19.27  -60.82  -25.33 DateUnd -0.08 -3.19  -1.22
GSMB8K -2477  -52.11  -25.98 GSM8K -0.50 334 -1.02
(a) very cautious v.s. vanilla (b) cautious v.s. vanilla
Dataset Was Dis  JSDiv  Mean Dataset Was Dis  JSDiv  Mean
Sport -0.53 -4.93 -0.47 Sport 1.11 17.43 1.71
Ethics -1.20  -10.08 -1.79 Ethics 1.30 14.31 2.05
Law -0.79 -6.45 -1.33 Law 1.73 19.22 3.26
ObjCnt -0.05 -279  -0.09 ObjCnt 0.08 2.63 0.08
StrategyQA -0.46 -5.52 -1.02 StrategyQA 0.97 13.16 1.41
DateUnd -0.19 484  -144 DateUnd -0.19 -4.75 -0.69
GSM8K -0.85 -4.41 -1.58 GSM8K 4.08 23.72 5.36

(c) confident v.s. vanilla (d) very confident v.s. vanilla

Table 5: Effects of Prompt Steering measured by different metrics on GPT-3.5. The confidence
distribution is treated as a discrete distribution over the interval [0,100%], divided into bins of length
5. Each sub-table (a)-(d) shows the difference in distributions between a specific steering level
(e.g., very cautious) and the vanilla verbalized confidence elicitation. "Mean" represents the average
confidence for the dataset. "Was Dis" refers to the Wasserstein Distance, and "JS Div" denotes the
Jensen-Shannon Divergence. To indicate the steering direction, the sign of the "Mean" metric is
applied to these non-negative distribution metrics.

Method GSMSK Law DateUnd StrategyQA Ethics \ Avg
ECE AUROC ECE AUROC ECE AUROC ECE AUROC ECE AUROC | ECE AUROC

SteerConf w/o very confident 7.2 80.9 5.1 64.3 11.1 70.9 5.8 74.3 17.9 80.4 9.4 74.1
SteerConf w/o confident 7.4 80.8 53 64.6 11.1 69.8 5.9 74.3 16.0 814 9.1 74.2
SteerConf w/o vanilla 6.8 79.3 4.4 64.2 114 685 5.8 74.4 129 787 8.3 73.0
SteerConf w/o cautious 6.9 80.7 4.7 63.8 9.3 68.3 53 74.2 129 772 7.8 72.8
SteerConf w/o very cautious 3.1 78.0 13.3 65.7 11.3 69.9 7.6 72.4 6.3 78.0 8.3 72.8
SteerConf 6.1 81.2 33 64.7 10.0  70.7 43 74.5 13.6 81.2 7.5 74.5

Table 6: Per-prompt ablations on LLaMA3 (CoT) by removing one steering prompt at a time. Lower
ECE values and higher AUROC values indicate better performance.

F Additional Comparison with Avg-Conf Baselines

Table 0] compares SteerConf with more aggregation schemes using the LLaMA3 backbone with CoT
setting. The results show that our proposed method SteerConf outperforms all baselines, including
Self-Random and Misleading variants with Consistency, Pair-Rank, and Avg-Conf aggregation. For
instance, SteerConf achieves ECE of 7.5%, notably better than Self-Random with Avg-Conf that is
14.3%.

G Prompt Robustness: SteerConf (brief) vs. Original SteerConf

We provide experiments to demonstrate the robustness of our method to prompt variations. We
modified the expression of the steering prompts to be more concise while preserving the core steering
intent. For example, we simplified the "very cautious " prompt as follows:

Original SteerConf: Read the question, provide your answer and your confidence in this answer.
Note: (1) The confidence indicates how likely you think your answer will be true. (2) You are making
important decisions, thus you should avoid giving a wrong answer with high confidence. (3) You
should be very cautious, and tend to give low confidence on almost all of the answers.
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GSM8K Law DateUnd StrategyQA Ethics | Avg

Method

ECE AUROC ECE AUROC ECE AUROC ECE AUROC ECE AUROC \ ECE AUROC
GPT-3.5 62.6 55.8 432 51.7 60.2 56.6 29.6 533 26.0 54.8 44.3 54.4
+SteerConf (brief) 9.6 82.4 9.3 61.3 12.1 55.0 21.0 58.4 14.8 68.1 13.3 65.0
+SteerConf 22.8 82.9 24.0 60.6 33.0 60.5 14.9 58.6 10.8 71.0 21.1 66.7

Table 7: Prompt robustness on GPT-3.5: SteerConf (brief) vs. original steering prompts SteerConf.
Lower ECE and higher AUROC are better.

Method GSMSK Sport DateUnd StrategyQA ObjCnt | Avg
ECE AUROC ECE AUROC ECE AUROC ECE AUROC ECE AUROC |ECE AUROC
Qwen3-1.7b 255 547 372 560 455 624 372 555 324 653 |355 588

Qwen3-1.7b + SteerConf 8.3 804 40.1 498 465 623 392 51.1 220 745 |312 63.6

Table 8: Results on Qwen3-1.7b with CoT prompting. Lower ECE and higher AUROC are better.

SteerConf (brief): Read the question, provide your answer and your confidence in this answer. Note:
(1) The confidence indicates how likely you think your answer will be true. (2) Be very cautious,
tend to give very low confidence on every answer.

We compare the modified and original SteerConf prompts using GPT-3.5 as the backbone, as shown
in Table[/] Notably, SteerConf (brief) achieves lower ECE than SteerConf, and both outperform
GPT-3.5. These results demonstrate the robustness of our method to prompt variations.

H Per Steering Prompt Performance

In Table[I0] we report results using only the very cautious, cautious, confident, and very confident
prompts in the LLaMA3 with CoT setting, respectively. SteerConf consistently achieves the best
overall performance in terms of average ECE and AUROC, though a single prompt could outperform
it on some specific metrics. This result validates the effectiveness of our aggregation component on
these single steering prompts.

I Effect of Steering Levels (/ = 5 vs. / = 3)

To assess the trade-off between performance and query cost, we vary the number of steering levels
from 5 to 3 to evaluate their impact, using LLaMA3 with CoT.

Table [[T]reports results on LLaMA3 with CoT, where "no_verys" omits the most extreme prompts
(very cautious and very confident) and "no_mild" omits the mild ones (cautious and confident).

J Discussion on Answer Selection and Effects on Accuracy

In this section, we analyze the impact of the answer selection mechanism in the SteerConf method.
We denote SteerConf (Majority) as a variant of SteerConf, where the answer selection is replaced
with a majority voting mechanism [38]. Specifically, in SteerConf (Majority), the final answer
is determined by the most frequent response. In cases of ties, the answer with the highest mean
steered confidence score among the tied responses is selected. The results in Table [12{demonstrate
the calibration effectiveness of our approach. For instance, with LLaMA3, the average ECE for
SteerConf is 7.3%, compared to 7.8% for SteerConf (Majority). Similarly, for GPT-3.5, the average
PR-N metric for SteerConf is 62.0%, significantly outperforming SteerConf (Majority) at 53.9%.
Table[12]also highlights the trade-off between calibration and accuracy. While SteerConf achieves
superior calibration compared to vanilla verbalized confidence elicitation, it incurs a slight reduction
in accuracy. Conversely, SteerConf (Majority) offers marginally better accuracy than SteerConf but
at the expense of slightly weaker calibration. For example, with LLaMA3, the average accuracy of
SteerConf is 82.3%, compared to 83.6% for SteerConf (Majority), while vanilla LLaMA3 achieves
83.1%. In summary, SteerConf is recommended for scenarios prioritizing calibration, while SteerConf
(Majority) is better suited for applications where accuracy is more critical.
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GSMSK Law DateUnd StrategyQA Ethics \ Avg
ECE AUROC ECE AUROC ECE AUROC ECE AUROC ECE AUROC |ECE AUROC

Vanilla 5.0 55.1 228 543 137 543 11.8  64.6 7.8 54.2 122 565
Misleading + Consistency 4.4 83.8 189  59.7 184  67.8 11.7 653 140 750 135 703
Self-Random + Consistency 2.2 79.3 27.1 64.6 72 66.8 173 60.1 159 553 139 652

Method

Misleading + Avg-Conf 33 83.5 18.8 62.4 15.6 70.4 11.1 67.8 14.9 75.2 12.8 71.9
Self-Random + Avg-Conf 2.3 79.3 27.1 64.4 8.8 68.3 17.2 59.9 16.3 55.0 14.3 65.4
Top-K + Pair-Rank 10.2 61.1 23.0 497 27.5 522 21.1 55.0 11.1 52.4 18.6 54.1
Top-K + Avg-Conf 56.4 60.6 15.1 55.8 40.7 55.9 36.4 52.0 52 67.5 30.7 58.4
SteerConf (ours) 6.1 81.2 33 64.7 10.0 70.7 43 74.5 13.6 81.2 7.5 74.5

Table 9: Comparison with additional aggregation schemes on LLaMA3 with CoT, including Avg-
Conf and Pair-Rank/Top-K. Lower ECE and higher AUROC are better.

GSMSK Law DateUnd StrategyQA Ethics | Avg
ECE AUROC ECE AUROC ECE AUROC ECE AUROC ECE AUROC | ECE AUROC
very cautious 9.9 62.9 8.7 57.1 104 599 11.9  69.6 194 733 12.1 64.6

Method

cautious 5.0 55.7 20.8 55.8 13.6 57.8 10.8 68.4 7.5 67.0 11.6 60.9
vanilla 5.0 55.1 22.8 54.3 13.7 54.3 11.8 64.6 7.8 54.2 12.2 56.5
confident 49 53.8 230  56.7 14.2 553 124 66.1 10.9 49.9 13.1 56.4

very confident 4.6 523 246  56.6 14.5 55.6 12.3 66.6 1.5 50.1 13.5 56.2
SteerConf 6.1 81.2 33 64.7 10.0  70.7 43 74.5 136 812 7.5 74.5

Table 10: Single steering prompt performance on LLaMA3 with CoT. Lower ECE and higher AUROC
are better.

GSM8K Law DateUnd StrategyQA Ethics \ Avg
ECE AUROC ECE AUROC ECE AUROC ECE AUROC ECE AUROC | ECE AUROC

SteerConf (no_verys) ({ =3) 3.0 76.8 14.7 64.4 112 694 75 71.6 8.0 72.8 8.9 71.0
SteerConf (no_mild) (¢ =3) 8.4 78.8 6.8 62.8 104 674 72 73.7 16.3 71.7 9.8 72.1
SteerConf (£ = 5) 6.1 81.2 33 64.7 100 70.7 4.3 74.5 13.6 81.2 7.5 74.5

Method

Table 11: Comparison of steering levels on LLaMA3 (CoT): ¢ = 5 vs. ¢ = 3. Lower ECE and higher
AUROC are better.

| GSM8K DateUnd ObjCnt StrategyQA Sport Law Ethics Avg

GPT3.5 78.3 71.5 58.1 68.4 633 467 677 649
+SteerConf 69.0 72.1 56.9 65.0 589 477 600 614
Acct +SteerConf (Majority) 78.5 77.2 63.8 68.3 642 498 660 66.8
LLaMA3 94.9 88.3 91.3 79.6 795 649 830 83.1
+SteerConf 94.6 87.0 91.3 77.4 784 653 820 823
+SteerConf (Majority) 95.9 88.6 94.1 78.7 81.1 655 81.0 836
GPT3.5 20.3 30.8 41.8 26.0 205 443 248 298
+SteerConf 54 6.7 19.7 14.5 10.8 160 151 12,6
ECE| +SteerConf (Majority) 9.4 9.0 13.5 14.5 156 148 138 129
LLaMA3 5.0 13.7 8.7 11.8 77 228 7.8 11.1
+SteerConf 6.1 10.0 2.7 43 11.0 33 13.6 73
+SteerConf (Majority) 6.7 9.9 2.4 5.7 137 33 13.2 7.8
GPT3.5 56.2 49.8 50.1 56.4 627 530 652 562
+SteerConf 84.9 76.0 82.5 67.5 664 615 867 75.1
AUROCH +SteerConf (Majority) 84.2 72.9 78.1 64.0 648 605 80.1 721
LLaMA3 55.1 54.3 50.0 64.6 74.1 543 542 58.1
+SteerConf 81.2 70.7 87.6 74.5 794 o647 812 710
+SteerConf (Majority) 75.1 67.3 82.4 72.9 754 642 828 743
GPT3.5 26.5 28.0 42.0 36.8 469 555 457 402
+SteerConf 72.3 49.7 74.7 48.9 522 609 750 62.0
PR-N} +SteerConf (Majority) 65.0 42.5 63.6 422 458 582 603 539
LLaMA3 124 13.4 8.7 29.7 383 382 261 238
+SteerConf 41.3 24.0 49.0 432 475 506 517 439
+SteerConf (Majority) 21.8 19.1 33.8 39.9 37.0 483 588 370
GPT3.5 80.5 71.5 58.2 71.5 702 484 758 68.0
+SteerConf 90.8 88.4 83.2 71.7 750 573 918 80.6
PR-Pt +SteerConf (Majority) 93.0 89.3 83.4 78.0 769 58.1 903 813
LLaMA3 95.4 89.3 91.3 85.2 89.2 665 83.0 857
+SteerConf 97.8 92.6 98.1 90.0 928 736 931 911
+SteerConf (Majority) 97.8 92.8 98.1 90.0 927 735 932 912

Table 12: Performance comparison across datasets for SteerConf variants with different answer
selection methods. Results include GPT-3.5 and LLaMA3, both under CoT settings.
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