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Abstract

Accurately gauging the confidence level of Large Language
Models’ (LLMs) predictions is pivotal for their reliable appli-
cation. However, LLMs are often inherently uncalibrated and
elude conventional calibration techniques due to their propri-
etary nature and massive scale. In this work, we derive model
confidence from the distribution of multiple randomly sampled
generations, using three measures of consistency. We exten-
sively evaluate eleven open and closed-source models on nine
reasoning datasets. Results show that consistency-based cali-
bration methods outperform existing post-hoc approaches in
terms of calibration error. Meanwhile, we find that factors such
as intermediate explanations, model scaling, and larger sample
sizes enhance calibration, while instruction-tuning makes cali-
bration more difficult. Moreover, confidence scores obtained
from consistency can potentially enhance model performance.
Finally, we offer guidance on choosing suitable consistency
metrics for calibration, tailored to model characteristics such
as the exposure to instruction-tuning and RLHF.

Code — https://github.com/veronica320/Calibrating-LLMs-
with-Consistency

Extended version — https://arxiv.org/abs/2402.13904

1 Introduction

Large Language Models (LLMs) excel in various tasks, yet
it is hard to know when they err. A first step towards making
LLMs more trustworthy is for them to provide a confidence
estimate with predictions (Papadopoulos, Edwards, and Mur-
ray 2001). This estimate needs to be calibrated, meaning that
the confidence level is aligned with the likelihood of the pre-
diction being correct (Brier 1950). A well-calibrated system
can enable model developers to provide selective predictions,
help users decide when to trust or distrust model responses,
and potentially facilitate performance improvement through
human intervention or self-refinement (Madaan et al. 2023;
Shridhar et al. 2023).

Unfortunately, LLMs are not well-calibrated off-the-shelf
— the probability logits of model predictions are often poorly
aligned with performance (Jiang et al. 2021; Chen et al. 2023).
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Figure 1: We study three consistency measures, agreement-
based, entropy-based, and first-second-distance-based (FSD),
to estimate confidence from model generation distributions.

While traditional calibration methods (Guo et al. 2017; Lak-
shminarayanan, Pritzel, and Blundell 2017; Gal and Ghahra-
mani 2016, i.a.) can be used on open-source LMs, for recent
LLMs, these methods become formidably costly because of
the need to retrain multiple copies of the model, and might
even be inapplicable due to inaccessible training data, model
weights, and output probabilities in closed-source LLMs.

In light of these issues, a recent line of work measures
the consistency of model generations to calibrate confidence
(Wang et al. 2023; Xiong et al. 2023, i.a.), with the advantage
of being fully post-hoc and requiring no additional calibration
data. However, existing work has only used the agreement
between the original generation and multiple randomly sam-
pled generations as a metric for consistency, ignoring the rich
information from the distribution of generations.

In this work, we investigate the research question: How
can we best elicit a model’s confidence from the consistency
of multiple generations? As shown in Figure 1, we consider
three ways to measure consistency, focusing on different
characteristics of the distribution: agreement-based, as men-
tioned before; entropy-based, which is based on the normal-
ized entropy of the generation distribution; and FSD-based,
which measures the percentage difference in samples agree-
ing with the majority and second-majority answers. For exam-



ple, consider two distributions over ten possible answer op-
tions (A; to A;g) in Figure 1. In the left distribution, A; and
A are almost equally frequent (50% vs. 49%), with the re-
maining 1% mass equally divided among the rest. In the right
distribution, A; is still the most frequent (50%), while A,
through A, are equally frequent. Agreement-based consis-
tency would provide the same confidence estimate (0.50) for
both distributions, whereas FSD and entropy can distinguish
between them by not relying only on the most popular answer.

We study the effectiveness of each consistency metric
when applied to confidence calibration on both open-source
(LLAMA, Mistral, Olmo) and closed-source LLMs (Codex,
GPT-3.5-turbo, GPT-4), and on nine datasets of four diverse
reasoning tasks (Math Reasoning, Multi-Hop QA, Planning,
Relational Reasoning). Our experiments reveal several
interesting findings: (i) On average, all three consistency
metrics significantly outperform existing post-hoc calibration
baselines such as probabilistic and verbalized confidence
extraction methods (Kadavath et al. 2022; Lin, Hilton, and
Evans 2022). (i) When prompted to generate explanations
before the answer, large models exhibit markedly improved
calibration. (iii) Scaling model size enhances calibration,
whereas instruction-tuning shows a negative effect. Increas-
ing the number of generation samples leads to more accurate
calibration, though notable improvements can be observed
with as few as 3-5 samples. (iv) We show in an oracle
case study that consistency not only offers more reliable
confidence estimates, but also holds the potential to enhance
model performance on end tasks.

Our contributions are as follows: First, we systematically
study three approaches for confidence calibration through
sample consistency, and validate their superiority compared
to existing post-hoc calibration baselines. Second, we
provide a detailed analysis of factors influencing calibration
properties of LLMs, especially the role of prompting
strategies. Third, we provide researchers with a flow chart
to help them pick the most effective consistency measure
based on the characteristics of their model.

2 Related Work

Confidence Calibration in LMs. Traditional calibration
methods, such as probabilistic (Guo et al. 2017), ensemble-
based (Lakshminarayanan, Pritzel, and Blundell 2017; Gal
and Ghahramani 2016), and density-based approaches (Lee
et al. 2018; Yoo et al. 2022), have proved effective in better
calibrating the confidence in white-box LMs. These methods
require access to the model logits and/or their pretraining
data, involve retraining multiple copies of the same model,
or necessitate another dedicated calibration dataset. With the
advent of LLMs, they become overly expensive and some-
times even inapplicable to closed-source LLMs. To this end,
several post-hoc approaches have been developed. Kadavath
et al. (2022) prompt the model to estimate the probability of
its generated response being “True”, while Lin, Hilton, and
Evans (2022) and Mielke et al. (2022) investigate whether the
model can directly verbalize its confidence (e.g., “highly con-
fident”, or “80% confident”). Another line of work focuses
on calibrating confidence with sample consistency (Wang
et al. 2023; Manakul, Liusie, and Gales 2023; Xiong et al.
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2023; Portillo Wightman, Delucia, and Dredze 2023, i.a.),
which only needs input and output access to the model. How-
ever, existing studies have only focused on agreement-based
measures of consistency, which cannot distinguish between
certain distributions (e.g. in Figure 1) since it only relies on
the most popular answer. This necessitates a systematic study
on how to best elicit confidence from consistency.
Consistency. The term “consistency” has been used to re-
fer to multiple concepts in NLP, including factual alignment
(Tam et al. 2022), logical soundness (Nye et al. 2021), agree-
ment within diverse outputs (Wang et al. 2023), among others.
We use the term “consistency’ to refer to the uniformity in
the distribution of multiple model generations, as measured
by three metrics in Figure 1.

Reasoning Strategies in LLMs. LLMs exhibit impres-
sive reasoning capabilities with in-context learning. Besides
standard prompting (Brown et al. 2020), explanation-based
prompting, where models produce a reasoning chain before
the answer, brings a notable performance gain. The expla-
nation can be in the form of free-text (Wei et al. 2022), de-
composed subquestions (Shridhar et al. 2022; Zhou et al.
2023), or structured symbolic language (Chen et al. 2022;
Lyu et al. 2023). We study how calibration can be influenced
by representative strategies from each category.

3 Method

Consistency over multiple generations can be used as an indi-
cator for understanding the confidence associated with model
predictions. It has been studied in the past for logit-based
uncertainty estimation such as model ensembling (Lakshmi-
narayanan, Pritzel, and Blundell 2017) and we extend it to
multiple generations in LLMs. For a given input , we sam-
ple a set of n candidate outputs 51, . . . §,, using a temperature
T > 0. From each output 3;, we extract the answer a; using
task-dependent regular expressions. We do a majority voting
over the entire answer (multi-)set a = {d; ... d,} to get the
most-voted answer @ = arg max, y .-, 1(d; = a), where a
takes on values from the set of unique answers a.

We discuss three ways to measure consistency: agreement-
based, entropy-based, and FSD-based. From each measure,
we will obtain a confidence score conf(z, @) for each input
x to calibrate the correctness of the prediction.

Agreement-based. Following previous work (Wang et al.
2023; Xiong et al. 2023), we compute the agreement-based
consistency by calculating the percentage of answers in a
that agree with the most-voted answer a. In other words,
agreement-based consistency, Agree(a) is defined as:

Agree(a) = %Z 1(a; = a) (1)
i=1

Entropy-based. In classification tasks, the entropy of out-
put class probabilities has been used to estimate prediction
uncertainty (Gal 2016). We extend this idea to the distribution
of multiple model generations to understand the uncertainty
in solving an open-ended reasoning problem, where a lower
entropy indicates a more consistent distribution.
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Figure 2: We study how prompting strategies (standard vs. four explanation-based) affect confidence calibration. We provide an
example of a math question and showcase the outputs by the five prompting strategies we consider.

To calculate entropy-based consistency, we first obtain a
set of answers without duplicates a. Then, we define entropy-
based consistency, Ent(a) as:

|a]
Ent(a) =1-(-———< ) pilog(p)) (2
log(al) Z; ' '
where, the cardinality of the unique answer set |a| denotes
the number of unique answers in the set a and the probability
p; is the normalized frequency of each unique answer @; in
the multi-set a.

Note that the normalized entropy on the right side of the
equation is subtracted from 1 to reverse the range between
[0, 1] as the lower the entropy, the more consistent the sam-
ples are, and thereby the higher the elicited confidence is.

FSD-based. Since the entropy-based measure considers all
unique answers that might be skewed toward the tail of the
frequency distribution, and agreement-based consistency re-
lies on the most-voted answer, we propose a third alternative,
FSD. To compute FSD-based consistency, we consider the
top two most-voted answers (@ and a) and calculate the corre-
sponding agreements Agree(a) and Agree(a). Then, we use
the difference between the two to compute the FSD-based
consistency, FSD(a):
FSD(a) = Agree(a) — Agree(a) 3)
This metric is particularly useful for cases when the model
is unsure about the most-voted answer and places high confi-
dence in the top two predictions (Figure 1 left). In such cases,
an FSD-based consistency measure can avoid overconfidence
based on the most-voted answer alone.

4 Experimental Setup
Baselines. We compare consistency-based calibration with
four post-hoc methods:'

'See Appendix 3 for detailed descriptions and sample prompts.
Due to space limit, the appendix can be found in the extended
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* Raw logits (logit) directly considers the probability of the
generation as the confidence. Specifically, we take the ex-
ponential of the average log probability of all tokens in the
output sequence, which is equivalent to the reciprocal of
perplexity.

* P(True) (Kadavath et al. 2022) prompts the model to judge
the truthfulness of its generation and considers the normal-
ized probability assigned to the ‘True’ token as its confidence.
Our experiments consider both 0-shot and 8-shot prompting
(ptrueO-shot and ptrues-shot) .

e Verbalized Confidence (Lin, Hilton, and Evans 2022)
prompts the model to explicitly verbalize its confidence in
its generation as a linguistic expression (verby,,) from “al-
most no chance”, “likely”, ..., to “almost certain”, which are
mapped to a confidence level; or a percentage (verbpercent)
from O to 100, directly used as the confidence score.

We compare consistency-based calibration with only ver-
balized methods for GPT-3.5-turbo and GPT-4 since prob-
abilities for top-k generations are not accessible, and with
only logit for open-source models due to high computation
cost (see details in Appendix 2.2).

Tasks. We experiment with 9 datasets from 4 reasoning
tasks following previous work (Wei et al. 2022; Lyu et al.
2023):2

* Math Word Problems (MWPs): ASDiv (Miao, Liang, and
Su 2020), GSMS8K (Cobbe et al. 2021), MultiArith (Roy and
Roth 2015), and SVAMP (Patel, Bhattamishra, and Goyal
2021).

* Multi-hop QA: StrategyQA (Geva et al. 2021), and two
BIG-BENCH datasets (Srivastava et al. 2022), Date Under-
standing and Sports Understanding.

* Planning: SayCan (Brohan et al. 2023).

* Relational inference: CLUTRR (Sinha et al. 2019).

version linked in the Abstract.
*See Appendix 4 for dataset statistics and examples.



LM Consistency Metrics Baselines

entropy agreement FSD verbjing  verbpercent logit ptruegg,o  Pptrueg.ghor
Codex 175 JA51+ 159+ .249 249 209 .188 179
GPT-3.5-turbo 2057 221% 207+ 271 273 n/a n/a n/a
GPT-4 1167 1197 114+ 154 181 n/a n/a n/a

Table 1: Consistency metrics result in better Brier Scores than baselines (1) for closed-source models. Scores are averaged across
four domains and five prompting strategies. The best scores are in bold and the second-best scores are underlined. { indicates
that the consistency metric performs statistically significantly better than the best baseline (p < 0.05 under paired t-test).

LM Consistency Metrics Baselines

entropy agree FSD logit
LLaMA-7B 241+ 2327 235% 474
LLaMA-13B 2227 204F 211F .389
LLaMA-70B 1827 154% 165+ 252
Mistral-7B 205 183F 191+ 324
Mistral-7B-it 2207 2167 215% .384
Olmo-7B 2407 202F 223+ S14
Olmo-7B-it 2507 239} 246+ 478
Olmo-7B-it-rl 2537 268+ .259% .523

Table 2: Consistency metrics result in better Brier Scores ({)
than the logit baseline for open-source models.

Evaluation metrics. We use two established calibration
error metrics following (Geng et al. 2023), Brier Score (BS)
(Brier 1950) and Expected Calibration Error (ECE) (Guo
etal. 2017). Let D = {(z;,y,)},7 € {1,..., N} be the eval-
uation set used to measure calibration. Here x;’s are inputs
and y;’s are ground-truth answers. Brier Score measures the
mean squared error between the confidence and the prediction
correctness:

1 N
BS =+ ;@onf(xj,z;j) ~Lg; =) @

where the indicator I(-) equals 1 when the prediction is cor-
rect, and otherwise it is 0.

Since ECE has known issues such as sensitivity to the bin
size (Geng et al. 2023), we use Brier Score as the main metric
and leave the ECE definition and results in the Appendix.

Prompting strategies. We compare five prompting strate-
gies showcased in Figure 2: standard prompting, where
an exemplar contains only the query and the answer; CoT
(Wei et al. 2022), which additionally includes a Natural Lan-
guage (NL) reasoning chain; Least-to-Most (LtM) (Zhou
et al. 2023), which decomposes the question into NL sub-
questions; Program of Thoughts (PoT)3 (Chen et al. 2023),
which solves the query in Symbolic Language (SL); and
Faithful CoT (FCoT) (Lyu et al. 2023), which interleaves
NL subquestions and SL solutions. We use the same prompts
from Lyu et al. (2023), with the same number of shots for
each strategy (6 to 10, depending on the dataset), with only
exception being Olmo models where we used 4-shot prompts
due to their context length restriction to 2K tokens.

? Also called Program-Aided Language Model (PAL) in the con-
current work by Gao et al. (2023).
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LMs. We consider the following LLMs: LLaMA
(7B/13B/70B), Mistral (7B/7B-it), Olmo(7B/7B-it/7B-it-rl)
Codex, GPT-3.5-turbo, and GPT-4. Specifically, “it” stands
for instruction-tuning, and “rl” stands for Reinforcement

learning from Human Feedback (RLHF).4

Sampling Strategy. We sample n = 40 candidate outputs
with a temperature of 7' = 0.4 for each input following Lyu
et al. (2023) in Section 5, and analyze other values of n in
Section 6. We select the majority-voted answer as the final
answer, following Wang et al. (2023).

5 Results

We study our research question — how can we best elicit a
model’s confidence from the consistency of multiple genera-
tions? — from two perspectives: which calibration method
is the most effective, and how does the prompting strategy
affect a model’s calibration properties?

5.1 Comparing Calibration Methods

We compare all calibration methods in Table 1 and 2, which
show the Brier Score for closed-source and open-source LMs
averaged across datasets. See full results in Appendix 5.3.
Consistency-based methods are more effective than base-
lines. Our results suggest a clear advantage of consistency-
based calibration methods over the baselines. Averaging
across domains, all three consistency metrics almost always
result in a significantly lower Brier Score (p < 0.05) than the
best-performing baseline. This trend also holds across the
vast majority of the LMs and domains tested. In rare excep-
tions in the Relational Inference and Planning domains, the
optimal consistency metric often performs statistically the
same as the baseline.

Agreement-based consistency works best for open-
source models and Codex, while FSD and entropy for the
other closed-source models. Among all three consistency
metrics, which one is the most effective? We compare the sta-
tistical significance between the performance differences of
the three metrics in Table 3 in Appendix 5. For closed-source
models, agreement is the best metric for Codex (p < 0.05),
while entropy and FSD are closely competing within a
negligible performance gap (0gs < 0.002, p = 0.05) for
GPT-3.5-turbo and GPT-4. Meanwhile, open-source models
predominantly favor agreement (p < 0.05), with FSD closely
following as the second-best metric. The sole exception to

*See checkpoints and computational resources in Appendix 2.



%“ o WhE g '.E ST 1z BaEd B il; ili i!E
= 0.1 .I .I ” [ ] .l .l- .l '.. ... .. .. ..
1M ITTIELEL

llama-13B

code002 gpt-3.5-turbo

gpt4 Ilama-7B

Ilama-70B mistral-7B mistral-7B-it olmo-7B

olmo-7B-it olmo-7B-it-rl

Figure 3: Brier Scores () are improved with explanation-based prompting strategies, especially for larger models. Scores here

are averaged across all datasets and consistency metrics.

this trend is in the case of Mistral-7B-it, where FSD leads
over agreement by a slim margin (0.215 vs. 0.216, p = 0.05).

When dissecting the results domain-wise, entropy consis-
tently emerges as the favored metric in Relational Inference
across all tested models, whereas the Planning domain shows
a predominant preference for agreement for all but one model
(GPT-3.5-turbo), as shown in Tables 4-7 in the Appendix.

Synthesizing these findings, agreement is the most effec-
tive consistency metric for Codex and most open-source mod-
els, closely followed by FSD. For GPT-3.5-turbo and GPT-4,
FSD and entropy are closely matched in effectiveness. A
conjectured reason for this discrepancy could be the lack of
Reinforcement Learning from Human Feedback (RLHF) in
Codex and open-source models, unlike GPT-3.5-turbo and
GPT-4. We will revisit this by comparing a pair of models
that only differ in the exposure to RLHF in Section 6.2.
Takeaways. Our findings indicate that consistency metrics
offer a more reliable measure of confidence than baselines.
The selection of the exact metric is model-dependent though,
and we offer practical guidelines in Section 8.

5.2 The Role of Explanations

Does the prompting strategy influence how well a model can
be calibrated? Here, we compare standard prompting, where
the model only predicts the answer, against four explanation-
based prompting strategies (CoT, LtM, PoT, and FCoT),
where the model produces a reasoning chain before the an-
swer. Figure 3 shows the results for each prompting strategy
averaged across consistency metrics.

Explanations make large models better-calibrated.
When large LMs (all GPT-family models, llama-13B, and
llama-70B) are prompted to generate any form of explanation
before the answer, they exhibit a marked improvement
in calibration error (p < 0.05). Among smaller models,
mistral-7B and mistral-7B-it show the same pattern, whereas
the rest do not. Overall, the benefit of explanations on
calibration is especially evident in larger models, mirroring
the observed correlation between accuracy and model size
with explanations (Wei et al. 2022).

GPT models are best calibrated with FCoT, while most
open-source models are best calibrated with CoT. The
calibration efficacy of GPT models (Codex, GPT-3.5-turbo,
GPT-4) and Mistral-7B-it is maximized through FCoT
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prompting, which interleaves NL and SL. Conversely, when
it comes to the remaining open-source models, CoT in pure
NL appears to be the most effective in enhancing calibration
overall. This contrast underscores a potential difference in
how these closed-source and open-source models process
and benefit from prompts involving explanations.
Takeaways. Including explanations in prompts not only bol-
sters LMs’ performance (see Table 2 in Appendix 5) but also
makes them better-calibrated. This dual benefit suggests that
the process of generating explanations potentially aids mod-
els in better processing and reasoning about the tasks at hand,
leading to outputs more closely aligned with expectations.

6 Analysis

In this section, we examine how scaling, instruction-tuning,
RLHF, and sample size affect LMs’ calibration properties.

6.1 How Does Scaling Affect Calibration?

We study how an increase in model parameters impacts dif-
ferent consistency metrics. Figure 4 compares Brier Score
across all reasoning strategies (standard, CoT, LtM, PoT, and
FCoT) for all three consistency metrics (Entropy, Agreement,
and FSD) for different sized LLaMA models (7B, 13B, and
70B), in order to understand the effect of scaling on calibra-
tion. We observe that the average Brier Score across datasets
goes down for all consistency metrics as the model scales up;
suggesting that scaling supports calibration. In other words,
the larger the model, the better it is calibrated across the
various tasks studied in this paper.

Moreover, we observe that for LLaMA-7B, all prompting
strategies have a very similar Brier Score, especially with
FSD- and agreement-based metrics (as seen from the left
parts of Figure 4). As the model scales up to 70B, the gap in-
creases (to the right of Figure 4) between standard prompting
and explanation-based strategies (all others). This shows that
explanation improves calibration with scale for most cases.
6.2 How Do Instruction-Tuning and RLHF Affect
Calibration?

To analyze the effect of instruction-tuning, we compare the
calibration properties of Mistral-7B and Olmo-7B with their
instruction-tuned versions (Mistral-7B-it and Olmo-7B-it)
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across the four tasks we studied. Table 2 demonstrates that in
general instruction-tuning leads to worse calibration prop-
erties for both Mistral and Olmo models. Additionally, the
Olmo instruction-tuned model was further trained with RLHF
policies (Bai et al. 2022) using DPO (Rafailov et al. 2024),
resulting in Olmo-7B-it-rl. Our results reveal that RLHF over
instruction-tuning results in worse or unchanged calibration
properties, depending on the prompting strategy. Our findings
are similar to those in reported in previous studies (Kadavath
et al. 2022). One point to note is faithful prompting strategies
improve calibration for Mistral-7B-it, and NL-based expla-
nation (CoT, LtM) improves calibration for Olmo-7B-it and
Olmo-7B-it-rl. This improvement could be attributed to vari-
ations in the instruction-tuning process, though it is difficult
to pinpoint the exact cause.

6.3 How does the Number of Generated Outputs
impact Calibration?

We analyze the usefulness of consistency-based calibration
by generating different numbers of output samples and cal-
culating different consistency metrics over them. Figure 5
demonstrates that generating more samples can lead to better
calibration scores, but the effect plateaus rather quickly (with
the SayCan dataset as an outlier, potentially associated with
its low level of difficulty). We observe the improvement in the
Brier Score as a function of the number of samples and the
decision of the appropriate number of samples can be made
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based on the available computational budget and the desired
calibration properties. Brier Scores usually saturate after 15—
20 samples, with a sharp drop at the beginning. With budget
constraints, 3 — 5 samples can already provide much more re-
liable confidence estimates compared to only sampling once.

7 Case Study: Does Calibration Help
Improve Model Performance?

Beyond calibrating trust in model predictions, can consis-
tency metrics contribute to improving task performance? To
explore this, we perform a case study with GPT-3.5-turbo and
GPT-4 on GSM8K and CLUTRR datasets from the MWP
and Relation Reasoning domains respectively. We compare
the consistency metrics against other calibration baselines
in two experiments: discriminating prediction correctness
and improving final answer accuracy.

In the first experiment, given a model’s predictions Y on
a dataset X, our goal is to differentiate the correctness of
each prediction ¢j; with the confidence conf(x;, ;) provided
by any calibration method. Identifying incorrect predictions
is the first step for performance improvement, and it can be
integrated into any self-correction pipeline (Madaan et al.
2023; Shridhar et al. 2023, i.a.). To test discrimination ef-
ficacy, we tune an optimal threshold 6 for each calibration

method on a development set.” If the provided confidence

’See Appendix 2 for tuning details.
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Figure 6: Left: Consistency-based calibration outperforms verbalized baselines in discriminating the correctness of predictions
measured by Macro-F1 (7). Right: Consistency-based calibration leads to a larger improvement in answer accuracy (1) after
correcting the top-k% most uncertain predictions with oracle answers. Scores are averaged across all prompting strategies.

score conf(z;, §;) is above 6, we consider the model predic-
tion as correct, otherwise incorrect. Then, we evaluate the
discrimination performance of each calibration method on
the test set. The results, illustrated in Figure 6 (left), indi-
cate that consistency metrics significantly outstrip verbalized
baselines in discriminating correct and incorrect predictions,
with the effect being most pronounced on the GSM8K dataset
(more than doubled Macro-F1).

All three consistency metrics share this trend, except for
the only case of GPT-3.5-turbo on CLUTRR, where entropy
outperforms the optimal baseline, yet the gap between all
methods is small.

Next, we assess the impact of calibration methods on an-
swer accuracy, assuming subsequent self-correction steps are
oracle. We choose this setting as discrimination is found to
be the key bottleneck in the self-correction pipeline; once
solved, LMs’ are able to self-correct (Huang et al. 2023).
In this experiment, we isolate the discrimination step in the
pipeline and measure the impact of different calibration meth-
ods on the final accuracy. Given a model’s predictions Y on
a dataset X, we identify the top-k% most uncertain predic-
tions, Yi, which are those with the lowest confidence scores
according to the calibration method, as incorrect. This fixed
k is chosen to be the true error rate of all model predictions,
e,k =1- acc(fﬂX ). Finally, we correct Y_ with the
ground-truth answers and evaluate the resulting accuracy.
As shown in Figure 6 (right), post-correction accuracy ex-
ceeds original accuracy to the greatest extent when applying
consistency-based calibration.

In both experiments, entropy and FSD are equally effective
on GSMSK for both models, while agreement and entropy
lead on CLUTRR for each model. In summary, consistency
provides not just a measure of prediction trust, but can also
contribute to enhanced model performance assuming ideal
self-correction mechanisms.

8 Which Consistency Metrics Should I Use to
Best Calibrate My Model?

Depending on a model’s specific characteristics, such as its
exposure to instruction-tuning and RLHF, we provide tai-

lored recommendations for selecting appropriate consistency
metrics for calibration (a prescriptive flowchart can be found
in the extended version of this paper linked in the Abstract).
Specifically, if the model has undergone both instruction-
tuning and RLHF, either FSD-based or entropy-based con-
sistency is a good starting point. Conversely, if the model
has only been instruction-tuned without RLHF, agreement-
based consistency is more suitable, with FSD as a good
second choice. Finally, if the model has undergone neither
instruction-tuning nor RLHF, agreement is recommended.

These suggestions are based on insights derived from our
analyses in Sections 5 and 6. However, it is important to
note that our research examined calibration properties in a
somewhat limited scope, focusing on only four reasoning
tasks across nine datasets. Additionally, certain comparisons
(such as between RLHF and non-RLHF) are based solely on
one pair of models (Olmo-7B vs. Olmo-7B-it). Consequently,
our recommendations might not be universally applicable
and should be applied judiciously.

9 Conclusion

We investigate the effectiveness of eliciting confidence in
LLMs from sample consistency, using entropy and FSD as
extensions of the naive agreement-based consistency measure.
Through extensive evaluations on various open- and closed-
source models and nine reasoning datasets, we demonstrate
the superiority of these methods over traditional post-hoc
verbalized and probabilistic calibration techniques. Further
analysis shows that explanation generation, model scaling,
and larger sample sizes improve calibration, while instruction-
tuning has a counter-effect. In addition to providing more
reliable confidence estimates, consistency measures also con-
tribute to improved model performance assuming oracle sub-
sequent self-correction steps. Finally, we provide guidance
for selecting the most appropriate consistency metric for cali-
bration based on different model types, sizes, and inference
tasks, paving the way for more reliable and trustworthy ap-
plications of LLMs in various domains.
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