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Abstract

By allowing models to predict without task-
specific training, in-context learning (ICL) with
pretrained LLMs has enormous potential in
NLP. However, a number of problems persist in
ICL. In particular, its performance is sensitive
to the choice and order of in-context examples.
Given the same set of in-context examples with
different orderings, model performance may
vary from near random to near state-of-the-art.
In this work, we formulate in-context example
ordering as an optimization problem. We ex-
amine three problem settings that differ in the
assumptions they make about what is known
about the task. Inspired by the idea of learning
from label proportions, we propose two prin-
ciples for in-context example ordering guided
by model’s probability predictions. We apply
our proposed principles to thirteen text classi-
fication datasets and nine different autoregres-
sive LLMs with 700M to 13B parameters. We
demonstrate that our approach outperforms the
baselines by improving the classification accu-
racy, reducing model miscalibration, and also
by selecting better in-context examples.

1 Introduction

An intriguing property of large language mod-
els like the GPT (Brown et al., 2020; OpenAI,
2023) and PaLM families of models (Chowdhery
et al., 2022; Anil et al., 2023) is their ability to
“learn in context”. That is, the model can achieve
competitive predictive performance with only a
task description and a few training examples with
no parameter updates (Brown et al., 2020; Min
et al., 2022b; Xie et al., 2021). Model predictions
can sometimes even match full fine-tuning perfor-
mance (Lu et al., 2022).

In-context learning (ICL)—the idea of prompt-
ing LLMs with only a few examples, also
known as few-shot prompting—has shown promise
across NLP. Yet, many problems persist with
this paradigm. Prior work has shown that ICL

is sensitive to different natural language instruc-
tions and different orderings of in-context exam-
ples (Sorensen et al., 2022; Lu et al., 2022). Merely
changing the ordering of a fixed set of examples
can change the predictive performance from that of
nearly fully-tuned models to random guessing. Lu
et al. (2022) studied in-context ordering and pro-
posed heuristics to select the performant orderings.
However, prior work on example ordering assumes
(to different degrees) that an additional dataset is
available to help reorder the in-context examples.

We ask: Can we select the best in-context ex-

ample orderings with no labeled data beyond the

in-context ones? We draw inspiration from the
idea of learning from label distributions (Yu et al.,
2014; Dulac-Arnold et al., 2019), which shows
that the prior probability distributions of labels can
weakly supervise label predictors. We build upon
this insight to improve the quality of in-context
predictions, and in particular, to select performant
in-context example orderings.

We consider two cases: (a) when we only have
in-context examples (FewShot), and (b) when we
also have unlabeled examples (FewShotU) and
additionally know the prior label distributions
(FewShotUP). In all cases, we only use the model’s
output probability distributions over candidate out-
puts. These distributions serve as a direct indicator
of the model’s confidence as well as the bias carried
from pretraining and in-context examples.

Given a set of in-context examples, we propose
to select the best ordering that, on the corpus level,
has a probability distribution over candidate labels,
such that it is (a) less biased towards certain labels,
or, (b) close to a prior label distribution, if known.

Fig. 1 illustrates the two criteria using OPT-1.3B
as a backbone language model. Each point cor-
responds to a certain ordering of a fixed set of
in-context examples. Fig. 1a corresponds to case
(a). Its x-axis is the KL-divergence between the
uniform distribution and the model’s probability
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(a) FewShot

(b) FewShotUP

Figure 1: KL-divergence vs accuracy for FewShot and
FewShotUP on SST-2 dataset, with a backbone lan-
guage model OPT-1.3B.

for the null input given in-context examples. This
KL-divergence captures the model’s bias towards
certain labels; smaller values indicate less bias.
Fig. 1b corresponds to case (b). Its x-axis is KL-
divergence between model’s average probability
distribution over unlabeled samples and the prior
label distribution. In Fig. 1a, accuracy is weakly in-
versely correlated with KL-divergence, indicating
performant orderings tend to be less biased towards
certain labels. In Fig. 1b, the negative correlation
is stronger, indicating the marginal label probabil-
ities of performant orderings tends to be close to
informative priors.

Our approach, Probability Distribution Ordering

(PDO), effectively improves in-context predictions
on 13 text classification datasets and 9 language
models with 700M–13B parameters. It not only
improves the classification accuracy and reduces
variance across all datasets and models, but also
improves models’ confidence calibration, making
them more suitable for real-world deployment.

Finally, in analysis experiments, we study how

well PDO can select in-context examples for a task.
Prior work on task-level in-context example selec-
tion requires labeled development data (Chang and
Jia, 2023; Nguyen and Wong, 2023). We show
that PDO improves task-level example selection,
matching CondAcc (Chang and Jia, 2023) without
the need for a labeled development set.

2 Background & Notation

We seek to order in-context examples to improve
both predictive accuracy and model calibration.
This section reviews in-context learning (ICL) and
model calibration, and introduce relevant notation.
Through the paper, we use the word ordering and
permutation interchangeably.

2.1 In-Context Learning

Consider the task of predicting a label y 2 Y for
an input x 2 X , where X and Y denote the textual
input space and the label space, respectively. The
label y can be verbalized into a natural language
token. For example, for a sentiment classification
task, the input space may be product reviews, and
the label space Y = {+,�} may be verbalized to
the words positive and negative.

In-context learning naturally applies to the few-
shot setting. We have a small set of k training
examples xi paired with corresponding labels yi,
denoted by D = {(x1, y1), (x2, y2), . . . , (xk, yk)}.
To predict the label for a new example x, we con-
struct an input for a language model by concatenat-
ing a certain ordering ⇡(D) of these k examples
with x. Using this input (⇡(D), x), the model gen-
erates a probability distribution P (y | ⇡(D), x)
over the label set Y via the verbalized variants of
each label y 2 Y . For a classification task, the pre-
dicted label for x is therefore argmaxy2Y P (y |
⇡(D), x). Since the label for x is predicted using a
probability distribution directly obtained from the
pretrained language model without further process-
ing, we follow prior works (e.g., Min et al., 2022a)
and refer to this approach as the Direct method.

Holtzman et al. (2021) proposed an alternative
scoring function to Direct, where they scored each
label y 2 Y for the unseen example x as:

PMI(x, y) = log
P (y | ⇡(D), x)

P (y | ⇡(D), null).
(1)

Here, the score PMI(x, y) denotes the pointwise
mutual information between a label y and input
x. In practice, P (y | ⇡(D), null) requires simply
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setting input x to an empty string. The predicted
label is now argmaxy2Y PMI(x, y). The intuition
is that a higher PMI value indicates a stronger asso-
ciation between the input x and a candidate label y.
We refer to this approach as the PMI method.

The above scoring functions are agnostic to
in-context example order. However, recent
works (e.g., Lu et al., 2022; Wu et al., 2023) have
shown that ICL performance is sensitive to the or-
derings of in-context examples. To address this
issue, Lu et al. (2022) assumed a development set
and presented a heuristic for ordering the prompts.
Their heuristic (and also the approaches we present)
can be used with both the Direct and PMI methods.

2.2 Confidence Calibration

Previous work on ICL have mainly evaluated their
results with performance metrics such as accuracy
for classification tasks. However, models can grow
over-confident about their predictions, which is
problematic for deployment. Prior works in cali-
brating neural networks (e.g. Guo et al., 2017) have
argued that a network should provide a calibrated
confidence measure with its prediction. Specifi-
cally, the mean probability of a correct prediction
for x should be equal to its average accuracy, e.g.,
all predictions at 70% confidence level should have
an average accuracy of 70%. A model’s confidence
calibration can be measured by the expected differ-
ence between its confidence and accuracy,

Ê
p

⇥
|P (ŷ = y|p̂ = p)� p|

⇤
. (2)

Here, ŷ denotes the predicted label, p̂ denotes the
associated confidence. In practice, this is often mea-
sured by Expected Calibration Error (ECE, Naeini
et al., 2015). ECE approximates Eqn. (2) by parti-
tioning predictions into a number of equally-spaced
bins and taking a weighted average of the bins’
accuracy-confidence difference.

Despite being effective in terms of performance,
PMI skews the output probability distribution, lead-
ing to miscalibrated model outputs. In Eqn. (1),
if the denominator P (yi | ⇡(D), null) is already
skewed by context ⇡(D), it can magnify the skew-
ness of output probability distribution.

Consider the following example: for a bi-
nary sentiment classification task and a new in-
put example x, the probability distribution over
{positive, negative} is (0.7, 0.3) for input
(⇡(D), x), and (0.3, 0.7) for input (⇡(D), null), re-
spectively. Taking softmax over the PMI-adjusted

scores according to Eqn. (1) yields a final probabil-
ity distribution of (0.92, 0.08); whereas the model
still predicts x as positive, it may have grown
over-confident. In Sec. 4, we show empirically that
PMI leads to higher miscalibration than Direct.

3 A Proposal for Ordering Selection

We seek to find an ordering of the k in-context ex-
amples D that has the best predictive performance
and leads to calibrated probabilities. To do so, we
need to rank the k! permutations and select the
highest performing one. However, since we are
operating in the few-shot setting, it is important to
specify the task information we are allowed to use.

Prior efforts (Lu et al., 2022; Wu et al., 2023;
Sorensen et al., 2022) on in-context example or-
dering operate under different resource settings,
making it difficult to perform comprehensive com-
parisons. We study three settings, in the order of
increased information:

1. FewShot: Only a few (typically 8 to 32) la-
beled in-context examples D are available.

2. FewShotU: In addition to a few labeled in-
context examples D, an unlabeled develop-
ment set X is available.

3. FewShotUP: In addition to in-context exam-
ples D and an unlabeled development set X ,
we know the prior probability distribution

Q(Y) over the label space Y .

In the FewShotUP setting, the prior over labels may
be determined from prior information (e.g., previ-
ous experiments) or a subjective expert assessment
(e.g., the probability of a certain disease in the pop-
ulation assessed by a clinician).

The FewShotU setting—where we do not know
the prior label distribution—can be seen as a spe-
cial case of FewShotUP that uses an uninformative

(or flat) prior, i.e., a uniform prior distribution of
Q(Y) = Unif(Y) over the development set. We
therefore consider two cases separately: (1) when
we only have the in-context examples (FewShot);
and (2) when we also have an unlabeled set of
examples (FewShotU) and additionally know the
prior label distribution (FewShotUP).

3.1 FewShot with Only In-Context Examples

In this setting, we have no information about the
task beyond the in-context examples. Thus, any la-
bel predictor should be maximally uncertain when
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presented with no inputs. That is, a good in-context
example ordering should lead to the model being
unbiased towards certain labels with a null input
(e.g., an empty string). We state our first principle:

PRINCIPLE I: When unlabeled examples
are not available, well-ordered in-context
examples should lead to the probability dis-
tribution of a null input having the minimum
KL divergence to a uniform distribution.

PRINCIPLE I can be instantiated as a function that
scores an ordering ⇡ := ⇡(D) as follows:

L(⇡) = DKL (P (Y | ⇡, null) ||Unif(Y)) . (3)

3.2 FewShotU and FewShotUP

We have unlabeled examples in FewShotU, and
also the prior label distribution in FewShotUP.

Consider the prior distribution Q over the label
space Y . The distribution Q can be obtained by
marginalizing out the input space X as:

Q(y) =
X

x2X
PY|X (y | x)PX (x) (4)

= EX
⇥
PY|X (y | x)

⇤
. (5)

The probability PX in Eqn. (4) denotes the un-

known distribution over the input space X . The
probability PY|X in Eqn. (4) is the label distribu-
tion conditioned on the input X . It is the object of
study and is provided to us by the language model.

Therefore, if we have access to the unlabeled set
X sampled i.i.d. from the natural data distribution,
we can approximate the expectation in Eqn. (5) as
an empirical mean Q̂(y) ⇡ Q(y):

Q̂(y) =
1

|X|
X

x2X
P (y | x). (6)

Now, suppose we know the prior distribution Q
and have access to the unlabeled set X . Using
X and any ordering ⇡ := ⇡(D) of the in-context
examples, we can compute Q̂ of Eqn. (6) and mea-
sure its difference from Q. Concretely, we define
the observed label distribution P̂ in terms of the
model-induced label distributions:

P̂ (y | ⇡) = 1

|X|
X

x2X
P (y | ⇡, x). (7)

Now, we can state our second principle:

PRINCIPLE II: Given an unlabeled set of
examples and the prior label distribution,
well-ordered in-context examples should
produce an observed label distribution that
matches the prior label distribution.

PRINCIPLE II gives us a function that scores a
permutation ⇡ as follows:

L(⇡) = DKL

⇣
P̂ (Y|⇡) ||Q(Y)

⌘
(8)

The intuitive interpretation is that we expect the
observed label probability P̂ on set X to match
the prior probability Q. Consequently, we should
select an ordering that assigns probabilities labels
that are similar to the prior.

As mentioned in Sec. 3.1, if we do not have
access to a prior label distribution, we need to as-
sume a uninformative prior and simply set P (y) =
1/|Y|, i.e., uniform distribution Unif(Y) over the
label space Y .

3.3 Selecting a Performant Ordering

The set D of k in-context examples lead to k! pos-
sible orderings. Even for small values of k, we can
end up with a prohibitively large number of order-
ings to score and rank, e.g., with 8 examples, we
have to consider 8! = 40, 320 permutations. We
propose a simple sample-then-select solution simi-
lar to Lu et al. (2022).1 We first randomly sample
K permutations from all possible k! permutations,
then rank them as in Eqn. (3) and Eqn. (8):

⇡⇤ = argmin
⇡

L(⇡) (9)

We call our method Probability Distribution Or-

dering (PDO). This choice is independent of the
Direct and PMI approaches (which use a given
ordering). As a result, we can combine Direct and
PMI approaches with PDO.

4 Experiments

Our experiments evaluate the effectiveness of the
proposed principles and answer the following re-
search questions:

1. Does PDO improve in-context learning accu-
racy and reduce variance?

2. While vanilla confidence calibration methods
(such as temperature scaling) require a labeled
development set, can PDO better calibrate a
model without a labeled development set?

1Alternatively, we could seek to parameterize an ordering
⇡; we leave this extension for future work.
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4.1 Experimental Setup

We conduct experiments on 13 text classification
datasets including binary and multi-label classifica-
tions, as well as balanced and imbalanced datasets.
The details of these datasets and the prompt tem-
plates are in Appx. A. We also use 9 autoregressive
language models of varying sizes to demonstrate
the robustness of our proposed approach. Our ap-
proach falls into the category of corpus-level ICL
(Wu et al., 2023) (or task-level ICL) where we se-
lect the best-performing template with or without a
validation set and then equally apply this template
to all test examples during in-context learning.

As scoring functions and ordering selection
are two orthogonal procedures, we experiment
with two different scoring approaches—Direct and
PMI—to demonstrate the effectiveness of PDO.

4.2 Baselines

We compare against a number of baseline configu-
rations detailed below.

Random. For a given set of in-context ex-
amples D, we sample a set of orderings
{⇡1(D),⇡2(D), · · · ,⇡n(D)}, perform in-context
learning with Direct or PMI, and average the per-
formance metrics across the set of orderings. We
do not perform any ordering selection. This con-
figuration is as an important baseline for FewShot
where we do not have an unlabeled set X .

GlobalE and LocalE. Following Lu et al. (2022),
GlobalE gathers the predicted labels of all exam-
ples in unlabeled development set X , and selects
the ordering with the minimum KL-divergence be-
tween uniform distribution and predicted label dis-
tribution. Enforcing a uniform distribution of pre-
dicted labels potentially degrades performance on
imbalanced datasets. LocalE is similar to Eqn. (8),
but instead computes KL-divergence between uni-
form distribution and the probability distribution
of each sample in unlabeled development set X:

L(⇡) =
X

x2X
DKL

�
P (Y|⇡, x) ||Unif.(Y)

�
. (10)

This criterion implicitly encourages the language
model to predict a uniform distribution over individ-
ual samples, whereas Eqn. (8) minimizes the diver-
gence globally. LocalE and GlobalE serve as im-
portant baselines for FewShotU and FewShotUP,
where we assume unlabeled development set X .

Oracle. We select the orderings that lead to the
best performance on X , assuming access to an ora-
cle that provides ground truth labels. This configu-
ration serves as an upper bound for all performant
ordering selection approaches.

Combining PDO with Direct and PMI. Finally,
for each model-dataset pair, as described in Sec. 3,
we combine PDO with the Direct and PMI ap-
proaches. These configurations are referred to as
PDO-Direct and PDO-PMI, respectively. Table 1,
for example, shows the performance of OPT-13B
and LLaMA-13B using both Direct and PMI com-
bined with the three settings of PDO.

4.3 Evaluation

For each dataset, we use 8 in-context examples
(shots) and 5 different random seeds (by default),
i.e., 5 different sets of uniformly sampled in-
context examples. For each set of in-context exam-
ples, we randomly sample 24 orderings and report
the average accuracy and Expected Calibration Er-
ror (ECE) (Naeini et al., 2015) computed with a
fixed number of 100 bins. For GlobalE, LocalE,
PDO and Oracle, we select top-4 orderings out of
24 sampled orderings. The results of Random are
averaged over 24⇥ 5 = 120 runs while the results
of GlobalE, LocalE, PDO and Oracle are aver-
aged over 4⇥ 5 = 20 runs. We randomly sample
256 instances from the training set (not overlap-
ping with the 8 in-context examples) to form an
unlabeled set X , and use the label distribution as
the informative prior probability distribution.

We benchmark the performance of various ap-
proaches with 9 autoregressive LLMs with 770M
to 13B parameters: GPT2-large (770M), GPT2-
xl (1.5B) (Radford et al., 2019), OPT-1.3B, OPT-
2.7B, OPT-6.7B, OPT-13B (Zhang et al., 2022b),
GPT-J-6B (Wang and Komatsuzaki, 2021), and the
more recent LLaMA-7B and LLaMA-13B (Tou-
vron et al., 2023). For the rest of this section, we
mainly discuss results on OPT-13B and LLaMA-
13B; the results on smaller models show similar
trends and we show complete results in Appx. D.2

4.4 Results and Analysis

Increasing model size improves ICL classification
performance. Figures 2 and 3 show the effect
of different model choices on predictive accuracy.
As the model size increases, the classification per-
formance also increases whereas the variance de-

2Our code is available at Link to Github.
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(a) SST-2 results with Direct and PDO-Direct. (b) SST-2 results with PMI and PDO-PMI.

Figure 2: SST-2 results with different language models.

(a) Yahoo Topics results with Direct and PDO-Direct. (b) Yahoo Topics results with PMI and PDO-PMI.

Figure 3: Yahoo topic results with different language models.

creases. This observation is consistent with prior
works (Min et al., 2022b; Lu et al., 2022).

In FewShot where no unlabeled set is available,
PDO is competitive (Table 1). In three out of four
sections in Table 1, PDO outperforms the non-
selective baselines, and is only slightly worse than
Random with LLaMA-13B PMI (72.0% com-
pared to 72.2%).

When an unlabeled set is available, but the la-
bel prior is unknown (FewShotU), PDO slightly
outperforms GlobalE and LocalE. For example,
for OPT-13B Direct, PDO achieves on average
66.8% compared to LocalE’s 65.2% and Glob-

alE’s 66.1%, whereas for OPT-13B PMI, the num-
bers are 69.2% compared to 67.8% and 67.2%.

Table 1 shows that PDO performance consis-
tently improves with more information. For ex-
ample, the average performance on 13 datasets
is 71.2%, 73.1% and 74.0% in the FewShot,
FewShotU, and FewShotUP settings respectively.
With prior probability distribution known, PDO

outperforms all baselines, and PDO-PMI further
improves the classification performance

PDO’s performance improvement is consistent
across different numbers of in-context examples.
Fig. 4 shows an ablation study with varying num-
bers of in-context examples. We report mean
accuracy on 5 topic classification datasets with
LLaMA-7B. We observe that as the number of sam-
ples increases, the mean accuracy also improves.

Figure 4: We show the mean accuracy over 5 topic clas-
sification datasets across different numbers of in-context
training examples (from 4 to 12) under FewShotUP. The
backbone LLM is LLaMA-7B. PDO’s improvement is
consistent with different numbers of samples.

Further, using PDO consistently improves perfor-
mance over the non-selective baselines.

PDO reduces in-context learning miscalibration.
From Table 2 we notice that under three different
settings, PDO can all reduce model miscalibra-
tion compared to the baselines. For example, for
OPT-13B Direct FewShot, PDO reports an aver-
age ECE result of 17.9% compared to Random’s
20.4%; for FewShotU, PDO reports an average of
17.1% compared to LocalE’s 19.9% and GlobalE’s
17.3%. Notably, Oracle reports 17.4%, meaning
that predictive accuracy and model calibration are
not always positively correlated, whereas PDO can
effectively prevent the model’s prediction from be-
ing too confident.
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Table 1: Accuracy and standard deviation measured
in % on OPT-13B and LLaMA-13B respectively, e.g.,
65.87.2 means a 65.8% accuracy with a 7.2% variance.

Methods Avg. Avg.
Balanced

Avg.
Imbalanced

OPT-13B Direct

Random 65.87.2 80.95.0 52.79.0
LocalE 65.26.6 81.44.5 54.28.4

GlobalE 66.15.5 80.42.9 53.87.9
PDO (FewShot) 66.86.5 82.73.6 53.29.0
PDO (FewShotU) 66.86.2 81.54.1 54.28.0
PDO (FewShotUP) 69.65.6 84.22.9 57.27.8

Oracle 70.84.9 84.62.1 59.07.3
OPT-13B PMI

Random 67.08.1 85.46.9 51.39.1
LocalE 67.84.5 85.42.1 52.66.7

GlobalE 67.23.4 83.41.4 53.35.0
PDO (FewShot) 67.87.6 85.56.9 52.78.1
PDO (FewShotU) 69.24.2 85.52.0 55.36.1
PDO (FewShotUP) 71.13.5 86.11.5 58.35.3

Oracle 73.12.8 87.41.2 60.94.1
LLaMA-13B Direct

Random 70.86.1 83.43.8 59.88.0
LocalE 70.65.8 83.24.4 59.87.0
GlobalE 72.95.0 85.12.8 62.46.9

PDO (FewShot) 71.26.0 83.93.4 60.38.1
PDO (FewShotU) 73.14.8 85.52.7 62.55.5
PDO (FewShotUP) 74.03.3 85.42.7 64.23.9

Oracle 75.53.2 85.92.5 66.73.7
LLaMA-13B PMI

Random 72.26.1 87.33.8 59.38.0
LocalE 71.45.0 86.51.9 58.57.6
GlobalE 73.63.4 88.01.1 61.35.4

PDO (FewShot) 72.06.0 87.23.4 59.18.1
PDO (FewShotU) 73.93.6 87.91.4 61.95.5
PDO (FewShotUP) 75.52.7 87.81.4 65.03.9

Oracle 77.42.1 89.00.9 67.43.1

4.5 In-context example selection

So far, we have evaluated PDO for selecting per-
formant orderings. Can the principles that drive it
also be used to select in-context examples at the
task-level? We follow a similar setup as in Sec. 4.3,
i.e. we randomly sample 120 sets of in-context
examples, each set consisting of 8 examples, and
we sample one permutation from each set. Then
we utilize PDO to rank them and select the top 20
sets of examples. We compare to CondAcc (Chang
and Jia, 2023) for selecting in-context examples at
the task level. CondAcc computes each in-context
example’s influence on labeled development set

X⇤. After determining the top-k influential ex-
amples, we place them in the increasing order of
influence (Liu et al., 2022).

From Table 3, we see that in 3 out of 4 sec-
tions, FewShot improves performance compared to
Random. FewShotU and FewShotUP consistently

Table 2: Expected Calibration Error results (measured
in %) on OPT-13B and LLaMA-13B, respectively.

Methods Avg. Avg.
Balanced

Avg.
Imbalanced

OPT-13B Direct

Random 20.4 13.3 26.4
LocalE 19.9 13.4 25.5
GlobalE 17.3 12.6 21.2

PDO (FewShot) 17.9 13.0 22.2
PDO (FewShotU) 17.1 13.6 20.2
PDO (FewShotUP) 16.6 12.5 20.1

Oracle 17.4 12.7 21.5
OPT-13B PMI

Random 20.2 18.2 21.8
LocalE 18.0 18.2 17.9
GlobalE 17.7 17.9 17.7

PDO (FewShot) 17.9 17.4 20.7
PDO (FewShotU) 17.2 18.1 16.4

PDO (FewShotUP) 17.6 17.4 17.7
Oracle 18.6 17.8 19.4
LLaMA-13B Direct

Random 16.1 12.6 19.1
LocalE 15.4 13.2 17.4
GlobalE 14.4 12.2 16.4

PDO (FewShot) 14.8 12.7 16.5
PDO (FewShotU) 14.2 12.1 16.0
PDO (FewShotUP) 13.9 12.0 15.5

Oracle 15.4 12.0 18.3
LLaMA-13B PMI

Random 17.8 16.9 18.7
LocalE 17.4 16.5 18.0
GlobalE 16.9 16.8 17.0

PDO (FewShot) 17.4 16.0 18.5
PDO (FewShotU) 16.8 15.9 17.5
PDO (FewShotUP) 16.5 15.9 17.2

Oracle 17.6 16.6 18.5

outperform Random in all 4 sections. FewShotUP
also matches CondAcc’s performance despite not
using a labeled development set. These observa-
tions show that PDO’s can help select performant
samples at the task level.

5 Related Work

Brown et al. (2020) first demonstrated that autore-
gressive LLMs are able to “learn in context”. Vari-
ous strategies have since been proposed to improve
in-context learning performance. Wei et al. (2022);
Kojima et al. (2022) showed that chain-of-thought
prompting can improve LLM’s performance on rea-
soning tasks. A different line of works (Su et al.,
2022; Liu et al., 2022; Gao et al., 2020; Lyu et al.,
2023) proposes to augment ICL performance via
examples/evidence retrieval.

Existing works on prompt engineering for few-
shot ICL can be broadly divided into the following
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Table 3: Sample selection results (accuracy and standard
deviation measured in %) on OPT-13B and LLaMA-13B
respectively.

Methods Avg. Avg.
Balanced

Avg.
Imbalanced

OPT-13B Direct

Random 65.97.4 80.85.7 53.18.8
PDO (FewShot) 68.35.3 84.22.3 54.77.9
PDO (FewShotU) 72.34.1 86.51.6 60.16.2
PDO (FewShotUP) 73.02.9 86.51.5 61.54.1
CondAcc 72.70.0 86.70.0 61.10.0
Oracle 75.31.5 87.11.0 65.11.9
OPT-13B PMI

Random 67.15.6 85.22.4 51.58.3
PDO (FewShot) 67.75.2 85.81.9 52.38.1
PDO (FewShotU) 71.63.7 86.81.4 58.65.6
PDO (FewShotUP) 73.13.4 86.71.5 61.45.1
CondAcc 72.90.0 86.50.0 61.10.0
Oracle 75.21.7 88.30.5 64.12.7
LLaMA-13B Direct

Random 70.26.7 82.44.5 59.68.5
PDO (FewShot) 71.35.6 84.32.8 60.28.1
PDO (FewShotU) 73.64.5 87.41.2 61.87.3
PDO (FewShotUP) 75.42.1 87.21.3 65.42.9
CondAcc 75.00.0 86.50.0 65.50.0
Oracle 77.61.4 87.80.9 68.91.8
LLaMA-13B PMI

Random 72.15.4 87.12.1 59.38.1
PDO (FewShot) 72.05.5 87.02.2 59.18.2
PDO (FewShotU) 74.13.3 88.31.2 61.85.1
PDO (FewShotUP) 76.12.4 88.11.2 65.73.4
CondAcc 75.80.0 87.50.0 65.60.0
Oracle 78.81.2 89.70.5 69.41.8

directions: (1) sample selection (Su et al., 2022;
Gao et al., 2020); (2) scoring functions, to propose
alternative scoring functions to replace raw prob-
ability; examples include PMI (Holtzman et al.,
2021), Noisy Channel Classification (Min et al.,
2022a), Contextual Calibration (Zhao et al., 2021);
(3) prompt instruction/order selection (Lu et al.,
2022; Wu et al., 2023; Sorensen et al., 2022).

Prior works have noticed that ICL performance
is sensitive to sample choices and ordering. Zhao
et al. (2021) noticed that models can be biased
(recency bias, majority bias) towards certain la-
bels from in-context examples. Min et al. (2022b)
conducted an empirical study to discuss factors
important to ICL performance. Lu et al. (2022)
pointed out ICL performance can vary from near
full fine-tuning to random across different order-
ings of the same set of examples. Wu et al. (2023)
combined retrieval augmentation and leveraged the
backbone LLM’s confidence to rank and select per-
formant orderings. Our work closely follows Lu
et al. (2022)’s approach and generalizes to different
resource settings.

Per Wu et al. (2023), our method can be cate-
gorized to corpus-level approaches, i.e., selecting
a universal in-context example ordering for all in-
stances. There are in fact instance-level approaches,
i.e., selecting performant orderings for each sin-
gle test instance (Su et al., 2022; Liu et al., 2022).
Unlike task-level selection/ordering, instance-level
approaches require more computational effort be-
cause the selection/ordering needs to be performed
for every instance.

Limited works have discussed the confidence
calibration problem in ICL. As argued by prior
works (Guo et al., 2017; Niculescu-Mizil and Caru-
ana, 2005; Platt et al., 1999), reliable confidence
measurement is critical in classification problems,
especially high-risk decision scenarios. Existing
confidence calibration methods including tempera-
ture scaling and Platt scaling mostly require labeled
samples to tune hyperparameters while our method
do not require labeled samples. Our work can serve
as a motivation for future works to add confidence
calibration as an evaluation metric for ICL.

Prior works (Yu et al., 2014; Dulac-Arnold et al.,
2019) on Learning from Label Proportions (LLP)
focus on the settings where an instance-level label-
ing is unavailable. Considering we have N bags,
each consisting of ni examples, we do not have
access to each corresponding label, but instead,
we have access to the label proportions of each
bag. In this case, we can still learn a classifier us-
ing the label proportions of all N bags as weak
supervision signals (see theoretical proof in Yu
et al. (2014); Zhang et al. (2022a)). Dulac-Arnold
et al. (2019) discussed choices of empirical loss
functions for image classification task and found
a classifier could be learned by minimizing KL di-
vergence between predicted label proportions and
true label proportions.

6 Conclusions

In this paper, we aim to optimize in-context ex-
ample ordering to improve ICL performance. We
rigorously examine three problem settings based
on the availability of labeled examples and propose
two principles in selecting performant orderings.
Our approach, referred to as the Probability Dis-
tribution Ordering (PDO), leverages the model’s
output probability distributions. Via extensive ex-
periments, we demonstrate that our approach re-
quires a trivial amount of extra computation and
outperforms the baselines by improving classifica-
tion accuracy and reducing model miscalibration.
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7 Limitations

Due to limited bandwidth and budget, we only ex-
periment with autoregressive LLMs no larger than
13B. The effectiveness with encoder-decoder mod-
els such as those from T5 family (Raffel et al.,
2020) are not studied. Examining our findings on
commercial language models such as GPT-4 re-
quires further experiments.

The proposed principles require computing the
output probability distributions, thus they are not
trivial to extend to generation tasks such as Open
QA and summarization. We believe a potential
future direction is to generalize the proposed ap-
proach to natural language generation tasks.
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A Details on Datasets and Templates

We provide details on the 13 datasets and templates
in Table 4 and Table 5, respectively. All datasets
licenses are available for public use.

Table 4: Details on datasets.
Dataset # Classes Balanced

Sentiment Classification

SST2 (Socher et al., 2013) 2 3
SST5 (Socher et al., 2013) 5 7
CR (Hu and Liu, 2004) 2 3
MR (Pang and Lee, 2005) 2 3
financial_phrasebank (Malo et al., 2014) 3 7

Topic Classification

AG News (Zhang et al., 2015) 4 3
TREC (Voorhees and Tice, 2000) 6 3
Yahoo Topics (Zhang et al., 2015) 10 7
Dbpedia (Lehmann et al., 2015) 14 7
Subj (Pang and Lee, 2005) 2 7

Toxicity Detection

Tweet Offensive (Barbieri et al., 2020) 2 7
Tweet Irony (Barbieri et al., 2020) 2 7
Tweet Hate (Barbieri et al., 2020) 2 7

B Computational Complexity of PDO

For a fixed set of K in-context examples, we sam-
ple up to k permutations from K! possible permu-
tations. The random baseline does not incur any
additional computation cost.

In FewShot (no unlabeled development set avail-
able), we perform in total k forward passes to select
the permutations that are less biased towards cer-
tain labels.

For FewShotU and FewShotUP, for each permu-
tation, we perform forward passes on all instances
in the development set X , therefore requiring in
total k ⇥ |X| forward passes, where |X| denotes
the size of the unlabeled development set. The
computational cost for FewShotU and FewShotUP
is the same as GlobalE and LocalE baselines (Lu
et al., 2022).

C Extended Related Work

Existing works on selecting in-context examples
can be categorized into two classes: (i) instance-
level example selection, i.e. to select a set of in-
context examples (and its ordering) for each in-
stance in the test set, and (ii) corpus-level/task-level
example selection, i.e. to select a set of high qual-
ity in-context examples and apply them equality
to all test instances. Wu et al. (2023) argue that
instance-level example selection can achieve high
performance. On the other hand, instance-level
example selection incurs additional computational
costs at the inference time, and its performance
suffers from potential degradation when the size
of high-quality annotated examples is small. Only
a few prior works focus on task-level example se-
lection. For example, Chang and Jia (2023) pro-
pose to utilize influence functions (Koh and Liang,
2017) to calculate the influence score for each in-
dividual instance in the training set, and select the
most influential ones as in-context examples. Their
experiment results show that by carefully select-
ing in-context examples with high influence scores,
the performance of in-context learning can be im-
proved while the variance can be reduced. A con-
current work (Nguyen and Wong, 2023) show that
increasing the number of influential examples can
further improve performance. VoteK (Su et al.,
2022) can be seen as a special combination of
instance-level and task-level ICL, where first in
the task-level, a relatively large set of unlabeled
instances is selected to be annotated, then at the
inference time, for each test instance, a specific
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Table 5: Templates and label tokens. We use minimum templates and single token labels similar to (Lu et al., 2022;
Wu et al., 2023).

Dataset Template Label Tokens

SST2, CR, MR Review: [INPUT]\nSentiment: [LABEL] positive, negative
SST5 Review: [INPUT]\nSentiment: [LABEL] terrible, bad, okay, good, great
financial_phrasebank News: [INPUT]\nSentiment: [LABEL] positive, negative
Subj Input: [INPUT]\nType: [LABEL] subjective, objective
AG News Input: [INPUT]\nType: [LABEL] sports, business, world, technology

TREC Question: [INPUT]\nType: [LABEL] description, entity, expression
location, number, human

Dbpedia Input: [INPUT]\nType: [LABEL]

company, school, artist, athlete
politics, transportation, building
nature, village, animal, plant
album, film, book

Yahoo Topics Question: [INPUT]\nTopic: [LABEL]
culture, science, health, politics
education, electronics, entertainment
business, sports, relationship

Tweet Irony Tweet: [INPUT]\nLabel: [LABEL] ironic, neutral
Tweet Hate Tweet: [INPUT]\nLabel: [LABEL] hate, neutral
Tweet Offensive Tweet: [INPUT]\nLabel: [LABEL] offensive, neutral

small set of annotated examples are selected as
in-context examples (instance level). In Sec. 4.5
we show that PDO can achieve comparable perfor-
mance to a task-level example selection method
CondAcc (Chang and Jia, 2023), while requiring
no labeled development set X⇤ to compute the in-
fluence scores.

D Complete Results
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Table 6: Complete classification results (measured by accuracy), Part 1.

SST2 CR MR SUBJ SST5 AGNews TREC Yahoo
Topics Dbpedia FPB Tweet

Offensive
Tweet
Irony

Tweet
Hate

GPT2-large Direct

Random 0.698 0.606 0.690 0.541 0.332 0.491 0.386 0.247 0.444 0.461 0.503 0.481 0.461
LocalE 0.798 0.785 0.837 0.656 0.369 0.550 0.402 0.260 0.421 0.595 0.524 0.501 0.478
GlobalE 0.812 0.784 0.821 0.632 0.376 0.558 0.423 0.275 0.369 0.544 0.475 0.492 0.484
PDO (FewShot) 0.677 0.754 0.721 0.555 0.364 0.525 0.394 0.275 0.475 0.562 0.458 0.497 0.479
PDO (FewShotU) 0.797 0.784 0.837 0.655 0.369 0.550 0.439 0.263 0.421 0.594 0.522 0.500 0.477
PDO (FewShotUP) 0.859 0.727 0.841 0.666 0.381 0.609 0.439 0.291 0.565 0.618 0.624 0.508 0.497
Oracle 0.867 0.794 0.854 0.670 0.429 0.618 0.456 0.317 0.575 0.647 0.637 0.528 0.511
GPT2-large PMI

Random 0.694 0.727 0.718 0.623 0.375 0.658 0.423 0.362 0.766 0.605 0.419 0.500 0.508
LocalE 0.768 0.733 0.789 0.735 0.425 0.659 0.464 0.364 0.709 0.637 0.493 0.495 0.509
GlobalE 0.755 0.712 0.799 0.735 0.411 0.652 0.492 0.370 0.685 0.612 0.501 0.500 0.475
PDO (FewShot) 0.658 0.796 0.723 0.599 0.386 0.627 0.430 0.372 0.763 0.635 0.408 0.504 0.516
PDO (FewShotU) 0.769 0.733 0.790 0.730 0.425 0.660 0.488 0.364 0.709 0.637 0.494 0.495 0.513
PDO (FewShotUP) 0.801 0.811 0.832 0.746 0.412 0.730 0.488 0.407 0.812 0.721 0.584 0.499 0.556
Oracle 0.811 0.831 0.851 0.766 0.457 0.752 0.517 0.436 0.829 0.775 0.589 0.540 0.581
GPT2-xl Direct

Random 0.603 0.576 0.582 0.600 0.352 0.674 0.425 0.434 0.706 0.483 0.404 0.515 0.434
LocalE 0.727 0.661 0.671 0.711 0.371 0.660 0.415 0.430 0.673 0.555 0.529 0.504 0.466
GlobalE 0.719 0.671 0.705 0.689 0.362 0.656 0.422 0.423 0.671 0.533 0.489 0.495 0.463
PDO (FewShot) 0.752 0.658 0.647 0.653 0.361 0.719 0.441 0.447 0.715 0.468 0.429 0.491 0.431
PDO (FewShotU) 0.726 0.661 0.672 0.710 0.372 0.660 0.452 0.432 0.673 0.554 0.529 0.504 0.466
PDO (FewShotUP) 0.788 0.683 0.704 0.708 0.425 0.759 0.452 0.457 0.769 0.638 0.592 0.517 0.495
Oracle 0.790 0.700 0.714 0.733 0.464 0.768 0.489 0.464 0.778 0.650 0.595 0.545 0.515
GPT2-xl PMI

Random 0.818 0.801 0.770 0.617 0.267 0.799 0.473 0.539 0.818 0.441 0.414 0.468 0.451
LocalE 0.828 0.813 0.784 0.718 0.318 0.764 0.480 0.542 0.804 0.526 0.483 0.469 0.461
GlobalE 0.811 0.825 0.792 0.733 0.285 0.766 0.505 0.530 0.801 0.519 0.490 0.441 0.460
PDO (FewShot) 0.798 0.780 0.736 0.654 0.282 0.805 0.500 0.539 0.833 0.479 0.429 0.474 0.429
PDO (FewShotU) 0.825 0.816 0.786 0.719 0.318 0.763 0.523 0.543 0.804 0.525 0.482 0.464 0.463
PDO (FewShotUP) 0.884 0.878 0.864 0.726 0.327 0.825 0.523 0.551 0.840 0.555 0.515 0.481 0.534
Oracle 0.896 0.887 0.867 0.733 0.345 0.839 0.551 0.562 0.847 0.561 0.533 0.505 0.541
OPT-1.3B Direct

Random 0.800 0.879 0.794 0.600 0.404 0.725 0.384 0.348 0.809 0.686 0.504 0.471 0.535
LocalE 0.829 0.902 0.833 0.682 0.391 0.732 0.405 0.360 0.791 0.707 0.554 0.481 0.488
GlobalE 0.828 0.894 0.821 0.687 0.395 0.727 0.409 0.355 0.745 0.705 0.511 0.480 0.471
PDO (FewShot) 0.826 0.899 0.846 0.585 0.400 0.729 0.378 0.360 0.810 0.713 0.533 0.478 0.528
PDO (FewShotU) 0.830 0.902 0.835 0.682 0.391 0.731 0.419 0.361 0.791 0.706 0.553 0.484 0.491
PDO (FewShotUP) 0.891 0.913 0.879 0.699 0.427 0.785 0.419 0.407 0.830 0.714 0.667 0.487 0.566
Oracle 0.901 0.918 0.883 0.721 0.479 0.791 0.455 0.409 0.835 0.756 0.683 0.506 0.590
OPT-1.3B PMI

Random 0.791 0.907 0.868 0.576 0.364 0.752 0.418 0.496 0.871 0.639 0.523 0.504 0.497
LocalE 0.825 0.897 0.846 0.699 0.385 0.776 0.419 0.478 0.872 0.701 0.520 0.492 0.481
GlobalE 0.805 0.899 0.852 0.695 0.390 0.766 0.453 0.470 0.868 0.701 0.505 0.497 0.481
PDO (FewShot) 0.825 0.904 0.855 0.588 0.330 0.764 0.425 0.482 0.873 0.699 0.498 0.501 0.496
PDO (FewShotU) 0.811 0.897 0.846 0.699 0.382 0.774 0.463 0.479 0.872 0.700 0.513 0.500 0.486
PDO (FewShotUP) 0.896 0.901 0.882 0.706 0.428 0.791 0.463 0.519 0.882 0.695 0.676 0.519 0.567
Oracle 0.901 0.927 0.897 0.723 0.442 0.817 0.513 0.535 0.890 0.745 0.682 0.547 0.592
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Table 7: Complete classification results (measured by accuracy), Part 2.

SST2 CR MR SUBJ SST5 AGNews TREC Yahoo
Topics Dbpedia FPB Tweet

Offensive
Tweet
Irony

Tweet
Hate

OPT-2.7B Direct

Random 0.917 0.895 0.891 0.653 0.455 0.747 0.418 0.420 0.844 0.626 0.563 0.537 0.516
LocalE 0.922 0.905 0.903 0.783 0.449 0.767 0.432 0.410 0.823 0.719 0.545 0.542 0.543
GlobalE 0.929 0.925 0.919 0.803 0.475 0.811 0.457 0.461 0.859 0.791 0.564 0.539 0.567
PDO (FewShot) 0.920 0.919 0.899 0.710 0.479 0.725 0.418 0.433 0.840 0.551 0.561 0.539 0.539
PDO (FewShotU) 0.922 0.905 0.903 0.782 0.449 0.768 0.467 0.407 0.823 0.719 0.546 0.539 0.544
PDO (FewShotUP) 0.929 0.925 0.917 0.800 0.493 0.816 0.467 0.458 0.856 0.786 0.673 0.547 0.588
Oracle 0.937 0.929 0.921 0.809 0.508 0.818 0.488 0.464 0.864 0.834 0.684 0.553 0.611
OPT-2.7B PMI

Random 0.925 0.921 0.902 0.693 0.399 0.728 0.409 0.532 0.865 0.567 0.564 0.532 0.547
LocalE 0.927 0.918 0.906 0.760 0.448 0.778 0.431 0.523 0.855 0.669 0.585 0.550 0.547
GlobalE 0.912 0.911 0.922 0.751 0.433 0.761 0.442 0.52 0.851 0.667 0.571 0.551 0.540
PDO (FewShot) 0.917 0.922 0.900 0.715 0.416 0.776 0.394 0.543 0.877 0.548 0.575 0.539 0.555
PDO (FewShotU) 0.927 0.918 0.907 0.759 0.446 0.779 0.447 0.522 0.855 0.679 0.585 0.548 0.547
PDO (FewShotUP) 0.932 0.927 0.911 0.789 0.462 0.790 0.447 0.546 0.892 0.741 0.659 0.558 0.605
Oracle 0.939 0.937 0.922 0.815 0.475 0.803 0.521 0.563 0.898 0.762 0.671 0.573 0.636
OPT-6.7B Direct

Random 0.924 0.871 0.911 0.690 0.450 0.703 0.448 0.532 0.868 0.742 0.620 0.525 0.501
LocalE 0.927 0.867 0.909 0.773 0.450 0.697 0.439 0.530 0.855 0.784 0.622 0.531 0.521
GlobalE 0.938 0.915 0.915 0.788 0.452 0.771 0.437 0.557 0.878 0.768 0.613 0.538 0.533
PDO (FewShot) 0.927 0.895 0.911 0.637 0.468 0.703 0.464 0.549 0.872 0.750 0.557 0.514 0.480
PDO (FewShotU) 0.928 0.867 0.909 0.773 0.450 0.697 0.467 0.532 0.855 0.784 0.623 0.530 0.520
PDO (FewShotUP) 0.938 0.911 0.921 0.786 0.482 0.769 0.467 0.561 0.882 0.780 0.682 0.538 0.568
Oracle 0.942 0.917 0.927 0.808 0.516 0.773 0.517 0.565 0.886 0.832 0.687 0.546 0.583
OPT-6.7B PMI

Random 0.932 0.897 0.914 0.638 0.415 0.823 0.418 0.627 0.874 0.760 0.459 0.504 0.489
LocalE 0.927 0.897 0.913 0.749 0.433 0.830 0.455 0.627 0.870 0.807 0.602 0.540 0.526
GlobalE 0.932 0.875 0.901 0.744 0.432 0.811 0.471 0.620 0.861 0.801 0.591 0.525 0.512
PDO (FewShot) 0.929 0.901 0.910 0.644 0.419 0.804 0.451 0.630 0.880 0.795 0.434 0.510 0.450
PDO (FewShotU) 0.927 0.896 0.914 0.749 0.433 0.830 0.477 0.626 0.870 0.808 0.603 0.535 0.531
PDO (FewShotUP) 0.935 0.912 0.918 0.758 0.448 0.853 0.477 0.638 0.889 0.845 0.647 0.553 0.584
Oracle 0.944 0.919 0.929 0.768 0.465 0.870 0.513 0.646 0.896 0.869 0.651 0.565 0.597
GPT-J-6B Direct

Random 0.879 0.831 0.876 0.728 0.447 0.795 0.498 0.509 0.851 0.535 0.563 0.486 0.469
LocalE 0.892 0.842 0.880 0.784 0.445 0.804 0.507 0.510 0.835 0.516 0.607 0.522 0.485
GlobalE 0.928 0.883 0.905 0.794 0.438 0.813 0.536 0.524 0.866 0.505 0.593 0.521 0.494
PDO (FewShot) 0.922 0.842 0.902 0.775 0.460 0.800 0.485 0.511 0.860 0.497 0.488 0.520 0.457
PDO (FewShotU) 0.892 0.842 0.880 0.785 0.445 0.805 0.534 0.513 0.836 0.516 0.606 0.523 0.484
PDO (FewShotUP) 0.931 0.890 0.903 0.799 0.472 0.816 0.534 0.525 0.863 0.577 0.684 0.522 0.501
Oracle 0.935 0.893 0.908 0.823 0.489 0.820 0.548 0.533 0.871 0.607 0.694 0.546 0.510
GPT-J-6B PMI

Random 0.903 0.848 0.900 0.765 0.450 0.747 0.589 0.601 0.912 0.461 0.407 0.521 0.513
LocalE 0.903 0.848 0.898 0.752 0.445 0.788 0.602 0.608 0.908 0.468 0.581 0.535 0.580
GlobalE 0.895 0.831 0.879 0.773 0.436 0.799 0.629 0.590 0.891 0.459 0.581 0.532 0.551
PDO (FewShot) 0.919 0.848 0.900 0.780 0.450 0.773 0.574 0.606 0.908 0.471 0.416 0.538 0.507
PDO (FewShotU) 0.903 0.848 0.899 0.753 0.445 0.792 0.644 0.608 0.910 0.471 0.591 0.540 0.568
PDO (FewShotUP) 0.926 0.883 0.906 0.805 0.466 0.830 0.644 0.616 0.922 0.500 0.614 0.547 0.593
Oracle 0.957 0.883 0.912 0.826 0.488 0.834 0.655 0.625 0.931 0.522 0.620 0.561 0.604
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Table 8: Complete classification results (measured by accuracy), Part 3.

SST2 CR MR SUBJ SST5 AGNews TREC Yahoo
Topics Dbpedia FPB Tweet

Offensive
Tweet
Irony

Tweet
Hate

LLaMA-7B Direct

Random 0.928 0.901 0.913 0.594 0.471 0.849 0.607 0.527 0.813 0.648 0.683 0.538 0.558
LocalE 0.927 0.901 0.911 0.627 0.467 0.853 0.589 0.530 0.809 0.656 0.684 0.540 0.560
GlobalE 0.932 0.917 0.927 0.732 0.467 0.869 0.639 0.559 0.849 0.689 0.679 0.536 0.572
PDO (FewShot) 0.931 0.911 0.910 0.689 0.455 0.846 0.587 0.552 0.815 0.678 0.679 0.538 0.548
PDO (FewShotU) 0.933 0.915 0.926 0.733 0.459 0.865 0.642 0.564 0.849 0.687 0.679 0.540 0.572
PDO (FewShotUP) 0.936 0.915 0.927 0.733 0.487 0.865 0.656 0.565 0.850 0.668 0.684 0.541 0.591
Oracle 0.940 0.922 0.930 0.735 0.507 0.874 0.668 0.569 0.854 0.690 0.684 0.542 0.598
LLaMA-7B PMI

Random 0.920 0.927 0.889 0.728 0.426 0.855 0.591 0.664 0.902 0.779 0.487 0.488 0.498
LocalE 0.922 0.918 0.904 0.652 0.434 0.855 0.637 0.658 0.896 0.782 0.567 0.491 0.485
GlobalE 0.936 0.932 0.914 0.808 0.453 0.878 0.649 0.670 0.930 0.762 0.564 0.518 0.548
PDO (FewShot) 0.925 0.921 0.917 0.720 0.424 0.855 0.614 0.670 0.916 0.787 0.599 0.488 0.518
PDO (FewShotU) 0.931 0.917 0.912 0.800 0.454 0.870 0.659 0.666 0.925 0.795 0.561 0.516 0.552
PDO (FewShotUP) 0.931 0.917 0.912 0.803 0.447 0.866 0.681 0.670 0.929 0.787 0.652 0.518 0.579
Oracle 0.940 0.939 0.916 0.823 0.470 0.881 0.699 0.684 0.934 0.823 0.656 0.534 0.591
OPT-13B Direct

Random 0.871 0.905 0.868 0.672 0.485 0.835 0.393 0.541 0.837 0.684 0.494 0.476 0.558
LocalE 0.884 0.907 0.861 0.628 0.481 0.857 0.398 0.540 0.838 0.680 0.454 0.466 0.484
GlobalE 0.893 0.891 0.847 0.695 0.457 0.840 0.392 0.544 0.814 0.674 0.527 0.498 0.524
PDO (FewShot) 0.925 0.917 0.879 0.694 0.472 0.836 0.400 0.560 0.842 0.698 0.487 0.480 0.548
PDO (FewShotU) 0.897 0.904 0.860 0.707 0.479 0.849 0.403 0.553 0.828 0.692 0.501 0.498 0.515
PDO (FewShotUP) 0.931 0.922 0.899 0.792 0.493 0.866 0.435 0.575 0.857 0.671 0.586 0.503 0.525
Oracle 0.935 0.925 0.901 0.813 0.512 0.872 0.457 0.580 0.861 0.715 0.590 0.506 0.534
OPT-13B PMI

Random 0.944 0.916 0.918 0.647 0.430 0.835 0.399 0.618 0.893 0.579 0.534 0.488 0.498
LocalE 0.941 0.915 0.911 0.650 0.443 0.842 0.422 0.623 0.895 0.630 0.552 0.475 0.513
GlobalE 0.913 0.895 0.889 0.656 0.441 0.837 0.402 0.610 0.869 0.627 0.492 0.534 0.583
PDO (FewShot) 0.949 0.911 0.913 0.692 0.418 0.838 0.410 0.623 0.895 0.640 0.533 0.488 0.518
PDO (FewShotU) 0.942 0.916 0.911 0.688 0.459 0.843 0.432 0.623 0.895 0.649 0.578 0.505 0.558
PDO (FewShotUP) 0.944 0.922 0.911 0.747 0.462 0.857 0.448 0.628 0.902 0.656 0.652 0.536 0.582
Oracle 0.957 0.931 0.932 0.790 0.481 0.873 0.473 0.639 0.910 0.694 0.667 0.549 0.613
LLaMA-13B Direct

Random 0.936 0.894 0.927 0.724 0.495 0.848 0.628 0.519 0.885 0.675 0.646 0.510 0.511
LocalE 0.926 0.893 0.917 0.729 0.482 0.853 0.624 0.510 0.892 0.660 0.661 0.511 0.521
GlobalE 0.943 0.920 0.943 0.811 0.490 0.864 0.670 0.551 0.887 0.735 0.562 0.539 0.560
PDO (FewShot) 0.936 0.894 0.930 0.751 0.492 0.849 0.608 0.526 0.898 0.703 0.624 0.525 0.521
PDO (FewShotU) 0.946 0.918 0.943 0.804 0.488 0.862 0.679 0.551 0.909 0.735 0.560 0.545 0.564
PDO (FewShotUP) 0.948 0.917 0.940 0.788 0.502 0.860 0.697 0.552 0.909 0.719 0.684 0.540 0.565
Oracle 0.951 0.921 0.945 0.844 0.512 0.867 0.706 0.559 0.911 0.768 0.685 0.555 0.594
LLaMA-13B PMI

Random 0.932 0.928 0.928 0.767 0.426 0.851 0.634 0.655 0.942 0.686 0.629 0.511 0.501
LocalE 0.932 0.913 0.926 0.681 0.435 0.863 0.622 0.653 0.905 0.713 0.638 0.494 0.514
GlobalE 0.947 0.938 0.940 0.840 0.459 0.872 0.655 0.670 0.921 0.697 0.552 0.541 0.545
PDO (FewShot) 0.934 0.928 0.930 0.755 0.432 0.847 0.622 0.647 0.943 0.739 0.618 0.504 0.464
PDO (FewShotU) 0.943 0.921 0.933 0.825 0.449 0.868 0.650 0.660 0.946 0.740 0.569 0.542 0.558
PDO (FewShotUP) 0.942 0.921 0.934 0.823 0.460 0.861 0.701 0.665 0.946 0.766 0.681 0.546 0.574
Oracle 0.949 0.942 0.941 0.858 0.477 0.877 0.720 0.678 0.955 0.801 0.688 0.576 0.600
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Table 9: Complete confidence calibration results (measured by ECE), Part 1.

SST2 CR MR SUBJ SST5 AGNews TREC Yahoo
Topics Dbpedia FPB Tweet

Offensive
Tweet
Irony

Tweet
Hate

GPT2-large Direct

Random 0.242 0.314 0.240 0.254 0.273 0.268 0.325 0.246 0.263 0.319 0.289 0.265 0.292
LocalE 0.250 0.221 0.232 0.193 0.209 0.223 0.272 0.208 0.225 0.257 0.164 0.129 0.175
GlobalE 0.278 0.224 0.235 0.197 0.180 0.216 0.27 0.216 0.19 0.256 0.179 0.136 0.204
PDO (FewShot) 0.260 0.226 0.208 0.264 0.224 0.237 0.301 0.215 0.213 0.242 0.241 0.163 0.185
PDO (FewShotU) 0.247 0.221 0.23 0.195 0.21 0.223 0.275 0.208 0.225 0.258 0.160 0.128 0.175
PDO (FewShotUP) 0.275 0.223 0.233 0.197 0.202 0.220 0.275 0.231 0.195 0.243 0.125 0.129 0.183
Oracle 0.028 0.127 0.023 0.107 0.054 0.140 0.097 0.085 0.166 0.157 0.08 0.027 0.082
GPT2-large PMI

Random 0.243 0.224 0.221 0.205 0.150 0.225 0.340 0.262 0.222 0.238 0.245 0.141 0.132
LocalE 0.250 0.221 0.232 0.193 0.209 0.223 0.272 0.208 0.225 0.257 0.164 0.129 0.175
GlobalE 0.278 0.224 0.235 0.197 0.180 0.216 0.270 0.216 0.19 0.256 0.179 0.136 0.204
PDO (FewShot) 0.264 0.217 0.218 0.240 0.144 0.209 0.278 0.235 0.217 0.254 0.226 0.142 0.122
PDO (FewShotU) 0.247 0.221 0.230 0.195 0.210 0.223 0.275 0.208 0.225 0.258 0.160 0.128 0.175
PDO (FewShotUP) 0.261 0.228 0.232 0.197 0.157 0.221 0.233 0.21 0.221 0.262 0.136 0.108 0.109
Oracle 0.272 0.224 0.236 0.213 0.187 0.234 0.254 0.235 0.211 0.314 0.138 0.124 0.105
GPT2-xl Direct

Random 0.277 0.289 0.264 0.192 0.192 0.179 0.27 0.230 0.168 0.258 0.348 0.199 0.265
LocalE 0.215 0.23 0.205 0.173 0.151 0.179 0.225 0.213 0.177 0.216 0.162 0.121 0.158
GlobalE 0.237 0.198 0.196 0.172 0.138 0.168 0.236 0.213 0.16 0.217 0.162 0.125 0.160
PDO (FewShot) 0.240 0.216 0.209 0.158 0.177 0.169 0.239 0.216 0.165 0.248 0.289 0.190 0.207
PDO (FewShotU) 0.213 0.233 0.205 0.170 0.148 0.179 0.242 0.213 0.177 0.217 0.163 0.122 0.157
PDO (FewShotUP) 0.239 0.212 0.200 0.165 0.157 0.164 0.242 0.212 0.159 0.239 0.165 0.121 0.151
Oracle 0.237 0.199 0.197 0.182 0.136 0.174 0.247 0.213 0.16 0.233 0.173 0.196 0.187
GPT2-xl PMI

Random 0.248 0.218 0.214 0.191 0.228 0.184 0.304 0.345 0.197 0.263 0.297 0.234 0.172
LocalE 0.258 0.233 0.226 0.172 0.149 0.177 0.237 0.322 0.198 0.231 0.202 0.153 0.123
GlobalE 0.265 0.224 0.245 0.181 0.162 0.199 0.252 0.330 0.211 0.234 0.21 0.155 0.149
PDO (FewShot) 0.252 0.221 0.187 0.159 0.174 0.165 0.271 0.333 0.173 0.255 0.28 0.186 0.196
PDO (FewShotU) 0.255 0.234 0.224 0.174 0.147 0.177 0.246 0.322 0.198 0.233 0.204 0.159 0.125
PDO (FewShotUP) 0.284 0.239 0.241 0.176 0.153 0.173 0.246 0.325 0.166 0.236 0.204 0.153 0.115
Oracle 0.287 0.248 0.241 0.182 0.173 0.185 0.244 0.333 0.175 0.235 0.200 0.183 0.128
OPT-1.3B Direct

Random 0.163 0.126 0.147 0.217 0.240 0.167 0.318 0.229 0.133 0.220 0.270 0.349 0.241
LocalE 0.165 0.156 0.159 0.189 0.281 0.173 0.256 0.194 0.139 0.214 0.157 0.181 0.165
GlobalE 0.177 0.155 0.148 0.194 0.272 0.187 0.271 0.204 0.148 0.226 0.155 0.192 0.181
PDO (FewShot) 0.157 0.135 0.152 0.209 0.213 0.171 0.319 0.216 0.130 0.210 0.193 0.225 0.169
PDO (FewShotU) 0.165 0.148 0.148 0.189 0.284 0.169 0.269 0.194 0.139 0.213 0.143 0.175 0.167
PDO (FewShotUP) 0.169 0.133 0.147 0.192 0.205 0.169 0.269 0.21 0.129 0.195 0.121 0.181 0.152
Oracle 0.169 0.132 0.139 0.200 0.212 0.162 0.270 0.205 0.127 0.227 0.157 0.270 0.244
OPT-1.3B PMI

Random 0.180 0.171 0.173 0.230 0.284 0.196 0.460 0.294 0.143 0.206 0.192 0.168 0.167
LocalE 0.187 0.181 0.183 0.155 0.215 0.187 0.342 0.244 0.151 0.237 0.144 0.112 0.127
GlobalE 0.182 0.192 0.185 0.149 0.230 0.195 0.355 0.241 0.159 0.244 0.145 0.112 0.135
PDO (FewShot) 0.181 0.175 0.177 0.194 0.300 0.173 0.370 0.269 0.131 0.231 0.190 0.161 0.165
PDO (FewShotU) 0.179 0.185 0.187 0.152 0.218 0.189 0.345 0.244 0.151 0.238 0.140 0.103 0.127
PDO (FewShotUP) 0.195 0.171 0.180 0.154 0.225 0.180 0.345 0.265 0.127 0.204 0.126 0.112 0.128
Oracle 0.193 0.178 0.172 0.159 0.213 0.190 0.386 0.297 0.127 0.262 0.139 0.169 0.139
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Table 10: Complete confidence calibration results (measured by ECE), Part 2.

SST2 CR MR SUBJ SST5 AGNews TREC Yahoo
Topics Dbpedia FPB Tweet

Offensive
Tweet
Irony

Tweet
Hate

OPT-2.7B Direct

Random 0.204 0.131 0.153 0.226 0.218 0.177 0.276 0.230 0.113 0.269 0.260 0.313 0.251
LocalE 0.234 0.148 0.174 0.195 0.197 0.191 0.232 0.211 0.126 0.282 0.174 0.163 0.140
GlobalE 0.216 0.145 0.165 0.207 0.188 0.189 0.226 0.218 0.106 0.280 0.166 0.178 0.137
PDO (FewShot) 0.211 0.143 0.158 0.199 0.203 0.182 0.278 0.228 0.116 0.282 0.192 0.189 0.158
PDO (FewShotU) 0.235 0.148 0.173 0.199 0.196 0.193 0.237 0.211 0.126 0.282 0.179 0.160 0.142
PDO (FewShotUP) 0.223 0.145 0.165 0.206 0.199 0.184 0.237 0.224 0.105 0.260 0.143 0.163 0.141
Oracle 0.218 0.146 0.160 0.209 0.213 0.185 0.235 0.222 0.107 0.305 0.204 0.202 0.144
OPT-2.7B PMI

Random 0.229 0.176 0.185 0.200 0.247 0.208 0.510 0.322 0.156 0.248 0.182 0.159 0.147
LocalE 0.250 0.190 0.201 0.200 0.184 0.187 0.403 0.281 0.177 0.250 0.137 0.106 0.112
GlobalE 0.255 0.191 0.199 0.205 0.189 0.201 0.405 0.302 0.195 0.255 0.145 0.131 0.135
PDO (FewShot) 0.227 0.184 0.187 0.198 0.204 0.177 0.485 0.299 0.127 0.267 0.159 0.143 0.144
PDO (FewShotU) 0.251 0.186 0.202 0.198 0.182 0.192 0.393 0.281 0.177 0.243 0.134 0.112 0.113
PDO (FewShotUP) 0.242 0.186 0.191 0.214 0.187 0.181 0.393 0.300 0.119 0.258 0.133 0.106 0.123
Oracle 0.234 0.181 0.194 0.217 0.218 0.184 0.425 0.310 0.125 0.274 0.142 0.117 0.120
OPT-6.7B Direct

Random 0.142 0.120 0.111 0.199 0.253 0.174 0.269 0.201 0.103 0.237 0.195 0.207 0.238
LocalE 0.162 0.128 0.124 0.185 0.232 0.171 0.246 0.190 0.108 0.280 0.127 0.107 0.099
GlobalE 0.155 0.126 0.120 0.192 0.228 0.150 0.262 0.197 0.097 0.261 0.137 0.117 0.098
PDO (FewShot) 0.147 0.120 0.111 0.189 0.237 0.171 0.273 0.195 0.103 0.243 0.193 0.173 0.193
PDO (FewShotU) 0.161 0.129 0.124 0.188 0.233 0.170 0.250 0.190 0.108 0.280 0.128 0.103 0.095
PDO (FewShotUP) 0.144 0.169 0.112 0.192 0.228 0.150 0.250 0.197 0.095 0.217 0.131 0.107 0.117
Oracle 0.149 0.125 0.111 0.200 0.256 0.150 0.255 0.193 0.099 0.262 0.162 0.178 0.195
OPT-6.7B PMI

Random 0.187 0.166 0.157 0.212 0.274 0.209 0.406 0.282 0.156 0.262 0.263 0.148 0.188
LocalE 0.194 0.171 0.166 0.189 0.220 0.190 0.299 0.262 0.172 0.299 0.123 0.093 0.107
GlobalE 0.205 0.177 0.192 0.195 0.205 0.188 0.313 0.271 0.175 0.305 0.134 0.101 0.111
PDO (FewShot) 0.186 0.168 0.157 0.185 0.243 0.204 0.321 0.278 0.130 0.289 0.232 0.143 0.220
PDO (FewShotU) 0.196 0.170 0.166 0.186 0.219 0.190 0.305 0.260 0.172 0.299 0.129 0.094 0.108
PDO (FewShotUP) 0.191 0.125 0.155 0.183 0.239 0.187 0.305 0.265 0.128 0.304 0.124 0.093 0.113
Oracle 0.190 0.167 0.160 0.186 0.237 0.190 0.313 0.273 0.132 0.282 0.126 0.094 0.125
GPT-J-6B Direct

Random 0.221 0.154 0.144 0.183 0.246 0.142 0.230 0.212 0.109 0.177 0.204 0.252 0.291
LocalE 0.243 0.166 0.162 0.183 0.221 0.148 0.203 0.196 0.118 0.157 0.124 0.142 0.209
GlobalE 0.247 0.167 0.148 0.178 0.224 0.142 0.198 0.200 0.102 0.144 0.124 0.171 0.254
PDO (FewShot) 0.243 0.149 0.155 0.162 0.231 0.145 0.231 0.208 0.104 0.166 0.183 0.144 0.225
PDO (FewShotU) 0.242 0.166 0.160 0.184 0.221 0.148 0.205 0.192 0.117 0.154 0.120 0.145 0.202
PDO (FewShotUP) 0.252 0.199 0.153 0.180 0.225 0.136 0.205 0.203 0.101 0.175 0.127 0.142 0.212
Oracle 0.254 0.167 0.151 0.186 0.228 0.137 0.195 0.204 0.101 0.189 0.147 0.180 0.260
GPT-J-6B PMI

Random 0.247 0.176 0.182 0.172 0.218 0.256 0.252 0.317 0.126 0.176 0.227 0.088 0.139
LocalE 0.265 0.189 0.193 0.179 0.202 0.218 0.206 0.290 0.140 0.154 0.101 0.066 0.097
GlobalE 0.275 0.199 0.187 0.175 0.213 0.234 0.201 0.292 0.145 0.149 0.095 0.075 0.083
PDO (FewShot) 0.255 0.177 0.182 0.177 0.202 0.229 0.229 0.298 0.115 0.179 0.213 0.085 0.126
PDO (FewShotU) 0.263 0.190 0.190 0.180 0.202 0.213 0.210 0.288 0.140 0.154 0.100 0.071 0.088
PDO (FewShotUP) 0.263 0.168 0.187 0.190 0.203 0.200 0.210 0.293 0.109 0.164 0.106 0.066 0.113
Oracle 0.261 0.196 0.186 0.195 0.214 0.200 0.214 0.303 0.114 0.175 0.107 0.084 0.114
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Table 11: Complete confidence calibration results (measured by ECE), Part 3.

SST2 CR MR SUBJ SST5 AGNews TREC Yahoo
Topics Dbpedia FPB Tweet

Offensive
Tweet
Irony

Tweet
Hate

LLaMA-7B Direct

Random 0.122 0.094 0.091 0.269 0.263 0.122 0.205 0.222 0.140 0.224 0.130 0.217 0.175
LocalE 0.142 0.102 0.100 0.218 0.253 0.127 0.192 0.209 0.147 0.206 0.107 0.192 0.153
GlobalE 0.118 0.088 0.085 0.155 0.245 0.119 0.187 0.197 0.130 0.202 0.138 0.177 0.147
PDO (FewShot) 0.125 0.09 0.094 0.164 0.261 0.119 0.216 0.204 0.139 0.199 0.108 0.158 0.130
PDO (FewShotU) 0.118 0.09 0.087 0.157 0.249 0.118 0.185 0.199 0.128 0.197 0.109 0.141 0.117
PDO (FewShotUP) 0.121 0.09 0.088 0.157 0.239 0.117 0.186 0.203 0.127 0.189 0.099 0.140 0.126
Oracle 0.125 0.085 0.087 0.155 0.255 0.117 0.181 0.209 0.131 0.201 0.134 0.200 0.172
LLaMA-7B PMI

Random 0.160 0.151 0.141 0.170 0.243 0.161 0.318 0.241 0.135 0.277 0.151 0.123 0.134
LocalE 0.171 0.152 0.145 0.190 0.209 0.161 0.229 0.234 0.160 0.292 0.107 0.096 0.111
GlobalE 0.165 0.149 0.133 0.170 0.245 0.170 0.250 0.236 0.105 0.265 0.082 0.084 0.084
PDO (FewShot) 0.164 0.149 0.137 0.157 0.228 0.142 0.267 0.239 0.198 0.276 0.105 0.115 0.121
PDO (FewShotU) 0.164 0.149 0.140 0.171 0.232 0.154 0.236 0.233 0.109 0.289 0.092 0.080 0.082
PDO (FewShotUP) 0.164 0.149 0.140 0.171 0.220 0.142 0.220 0.236 0.102 0.283 0.123 0.084 0.094
Oracle 0.167 0.151 0.138 0.173 0.223 0.167 0.224 0.244 0.105 0.307 0.130 0.087 0.098
OPT-13B Direct

Random 0.132 0.100 0.110 0.196 0.248 0.130 0.240 0.211 0.115 0.224 0.282 0.379 0.280
LocalE 0.140 0.105 0.116 0.155 0.237 0.129 0.215 0.199 0.112 0.237 0.290 0.401 0.248
GlobalE 0.137 0.097 0.101 0.201 0.238 0.128 0.218 0.189 0.105 0.217 0.173 0.235 0.204
PDO (FewShot) 0.134 0.100 0.109 0.177 0.243 0.128 0.234 0.197 0.111 0.220 0.215 0.253 0.212
PDO (FewShotU) 0.141 0.106 0.116 0.159 0.236 0.131 0.207 0.198 0.121 0.217 0.191 0.219 0.184
PDO (FewShotUP) 0.135 0.094 0.104 0.198 0.227 0.127 0.214 0.187 0.104 0.200 0.170 0.219 0.180
Oracle 0.138 0.098 0.101 0.211 0.242 0.125 0.200 0.197 0.102 0.219 0.186 0.248 0.201
OPT-13B PMI

Random 0.189 0.154 0.163 0.186 0.258 0.153 0.361 0.304 0.130 0.208 0.159 0.180 0.169
LocalE 0.202 0.156 0.166 0.133 0.223 0.145 0.254 0.281 0.140 0.225 0.133 0.149 0.134
GlobalE 0.185 0.155 0.163 0.190 0.235 0.157 0.276 0.290 0.121 0.201 0.114 0.114 0.106
PDO (FewShot) 0.190 0.152 0.160 0.179 0.249 0.141 0.299 0.288 0.111 0.216 0.156 0.180 0.167
PDO (FewShotU) 0.203 0.156 0.163 0.146 0.209 0.147 0.243 0.279 0.139 0.223 0.115 0.110 0.105
PDO (FewShotUP) 0.196 0.155 0.161 0.194 0.221 0.140 0.252 0.282 0.112 0.216 0.130 0.110 0.117
Oracle 0.192 0.154 0.163 0.206 0.24 0.156 0.295 0.282 0.118 0.229 0.134 0.117 0.138
LLaMA-13B Direct

Random 0.101 0.115 0.093 0.205 0.251 0.121 0.184 0.213 0.112 0.220 0.137 0.153 0.186
LocalE 0.113 0.128 0.104 0.185 0.247 0.119 0.184 0.207 0.121 0.247 0.106 0.110 0.137
GlobalE 0.098 0.121 0.088 0.192 0.239 0.116 0.175 0.194 0.115 0.233 0.124 0.093 0.089
PDO (FewShot) 0.100 0.124 0.091 0.184 0.242 0.123 0.191 0.216 0.107 0.221 0.117 0.099 0.104
PDO (FewShotU) 0.101 0.121 0.087 0.191 0.235 0.115 0.171 0.198 0.101 0.241 0.110 0.081 0.093
PDO (FewShotUP) 0.093 0.122 0.092 0.181 0.236 0.116 0.176 0.197 0.101 0.213 0.095 0.085 0.096
Oracle 0.096 0.120 0.089 0.203 0.244 0.115 0.179 0.197 0.104 0.255 0.137 0.139 0.127
LLaMA-13B PMI

Random 0.154 0.170 0.152 0.187 0.283 0.178 0.277 0.262 0.096 0.239 0.129 0.087 0.106
LocalE 0.161 0.178 0.161 0.197 0.235 0.156 0.256 0.238 0.098 0.253 0.137 0.075 0.106
GlobalE 0.158 0.175 0.156 0.204 0.258 0.174 0.239 0.242 0.103 0.230 0.105 0.069 0.082
PDO (FewShot) 0.152 0.172 0.151 0.191 0.264 0.151 0.261 0.257 0.079 0.257 0.131 0.081 0.109
PDO (FewShotU) 0.159 0.176 0.150 0.206 0.247 0.153 0.241 0.234 0.081 0.276 0.103 0.074 0.078
PDO (FewShotUP) 0.159 0.176 0.157 0.200 0.246 0.146 0.220 0.239 0.079 0.253 0.115 0.079 0.088
Oracle 0.156 0.168 0.154 0.211 0.256 0.176 0.223 0.250 0.091 0.292 0.144 0.074 0.098
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