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Abstract

In-Context Learning (ICL) is suffering
from unsatisfactory performance and under-
calibration due to high prior bias and unfaithful
confidence. Some previous works fine-tuned
language models for better ICL performance
with enormous datasets and computing costs.
In this paper, we propose NOISYICL, simply
perturbing the model parameters by random
noises to strive for better performance and cali-
bration. Our experiments on two models and 12
downstream datasets show that NOISYICL can
help ICL produce more accurate predictions.
Our further analysis indicates that NOISYICL
enables the model to provide more fair predic-
tions, and also with more faithful confidence.
Therefore, we believe that NOISYICL is an ef-
fective calibration of ICL. Our experimental
code is uploaded to Github'.

1 Introduction

Language Models (LMs) have demonstrated the
ability of In-Context Learning (ICL), where LMs
learn tasks from few-shot input-label demonstra-
tions in the form of natural language, without ex-
plicit parameter updates (Dong et al., 2022).

Nevertheless, ICL still underperforms the end-
to-end models (Mosbach et al., 2023). A recent
study shows that vanilla LMs are biased towards
the knowledge acquired during pre-training, which
is deemed harmful to ICL (Fei et al., 2023). There
has been some effort in fine-tuning or calibrating
LMs towards ICL tasks (Min et al., 2022; Zhao
et al., 2021; Wei et al., 2021; Fei et al., 2023; Lu
et al., 2022), which focus on reducing the gap be-
tween the knowledge gained from pre-training and
ICL tasks, producing significant improvements in
the ICL performance. However, fine-tuning these
enormous LMs on additional data incurs a consid-
erably high computational cost.
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Figure 1: Upper: A sketch of NOISYICL: Unlike previ-
ous works which fine-tuned LMs towards ICL tasks, we
perturb LMs by random noise sampled from the normal
distribution A/(0,02) with intensity A, then perform
ICL. Lower: The average accuracy of ICL with and
without NOISYICL w.r.t. the number of demos.

Inspired by Wu et al. (2022), which shows the
benefits of noise for fine-tuning end-to-end LMs,
we hypothesize that introducing noise to the model
parameters of pre-trained LMs can fit LMs towards
ICL with a lower computational cost. In this paper,
we propose NOISYICL, which simply adds noise
to model parameters and then performs ICL on the
noised models, as shown in Fig. 1, to investigate
the benefit of noise for ICL.

As shown in Fig. 1 and Table 1, our experiments
on two models and 12 classification datasets show
that adding appropriate noise into model parame-
ters improves the performance of ICL by around
10% with obviously lower computational cost.

To investigate the reason for such performance
improvement, our further experiments hypothesize
that NOISYICL acts as a model calibration. In
detail, we find that: 1. NOISYICL neutralizes pre-
diction bias among general tokens and labels, and
2. NOISYICL leads the model to produce more
faithful confidence.



Table 1: Accuracy and Macro-F1 results (meansiq, k = 4). A better result is in green. \: The optimal intensity
of noise searched on the validation set, Acc.: Accuracy, MF1: Macro-F1, ECE;: the Expected Calibrated Error
described in §3.3; w/o: Not using NOISYICL, w/: Using NOISYICL; Datasets abbreviation described in Appendix.
A; Val.: the results on the validation sets, Test: the results on the testing sets.
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Our contribution can be summarized as:

* We propose NOISYICL, which simply adds
noise into LMs and then executes ICL (§2).
Our experiment shows that NOISYICL ob-
tains a better ICL performance (§3.2).

* We show that adding noise effectively cali-
brates LMs to reduce prediction bias and un-
faithful confidence in ICL (§3.3).

2 NoiIsyICL

Here we introduce the basic form of ICL and our
perturbation method named NOISYICL.

In-context Learning. Suppose a supervised clas-
sification dataset D = {(x;,y;)};, where z; is
an input, and y; € U is the corresponding label in
a label space U. For each query z, to be predicted,
we sample a demo sequence G = {(z4,, Ya, )}?:1
from D, where k is the number of demos, and
construct a prompt input in natural language form
s = f(G,z4) with a pattern f. Then, we input s
into the LM Py(-) with parameters ¢ and get an
output token distribution Py(-|s). We choose the
label token ! with the maximum probability among
the label space as the prediction g, that is:

Yq = argmax Py(l|s). (1)

leU

Notice that we only construct prompts to drive the
model to predict answers generatively, without any
parameter updates.

NoOI1SYICL. For each parameter matrix 6; in the
LM Py(+) used for ICL, we simply do an interpola-
tion between 6; and a noise matrix sampled from
an isotropic normal distribution A/(0, o2) with in-
tensity A, that is:

0 = (1 —\)b; + \W(0,0?), )

where A\ and ¢ are model or task-specific hyper-
parameters. Then we perform the aforementioned
ICL with the interpolated LM Py (-).

3 Experiments and Results

We investigate the effectiveness and calibration
abilities of NOISYICL. We find that NOISYICL
can improve ICL performance by an average of
10% (§3.2) and effectively calibrate the model’s
prediction bias and unfaithful confidence (§3.3).

3.1 Settings

Data. We use 12 commonly used classification
datasets in our experiments. Since some of the
datasets do not provide valid splitting, we randomly
split these datasets into validation sets and test sets
(see Appendix A for further details).
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Figure 2: The correlation between the normalized token
entropy H and the noise intensity A with empty inputs.
When the noise gets stronger, the H, becomes higher,
which indicates a fairer output.

Models. We use GPT-2 (parameters: 137M)
(Radford et al., 2019) and GPT-J (parameters:
6053M) (Wang and Komatsuzaki, 2021). The
model checkpoints are loaded from huggingface?.

Hyperparameters. We fix o, the standard devi-
ation of the noise distribution, to 0.02, which is
the same as the initialization distribution of both
models. We believe the noise intensity A should
vary w.r.t. datasets and models. Therefore, we
determine the most suitable A\ by a simple search
method for each dataset and model on the vali-
dation set (details in Appendix D). The selected
intensities are shown in Table 1, which are concen-
trated in (0, 0.3]. Moreover, we confirm that the
keeps relatively stable w.r.t. k given a dataset and
model (Appendix D).

Other details. We default to use four demos and
a simple prompt template as shown in Appendix B.
Every labeled data is treated as the test query once,
and for each query, we do 2 tries. Each experiment
is repeated 10 times with different noise matrices.

3.2 NOISYICL Improves ICL Performance

We show accuracy and macro-F1 on the 12 down-
stream datasets with and without NOISYICL on
the optimal A in Table 1, and averaged results in
Fig. 1 (see Appendix C for results of other numbers
of demos (k)).

The results show that NOISYICL produces an
average performance improvement of around 10%.
This phenomenon preliminarily confirms our hy-
pothesis: NOISYICL fits the pre-trained LMs to-
wards ICL.

However, such gains vary depending on the
dataset and model. In some combinations of
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Figure 3: The normalized label entropy H’ on both
models and 7 datasets with and without appropriate-
noised NOISYICL. In most cases, the H,ll with NOISY-
ICL (w/) is greater than without NO1SYICL (w/o).

datasets and models, significant performance im-
provement cannot be observed. We speculate the
reason is that NOISYICL does not provide new
knowledge from new training examples, and these
datasets are too hard for the model intrinsically no
matter whether NOISYICL is used.

3.3 NOISYICL Is A Calibration

This section finds that NOISYICL conducts the
following aspects of calibrations:

* Lower prediction bias. When no valid query
is given, the predicted labels should have bal-
anced frequencies. However, predictions con-
ducted by under-calibrated LMs usually have
significant bias, which is harmful to ICL (Fei
etal., 2023; Zhao et al., 2021; Wei et al., 2023;
Lu et al., 2022). Eliminating these biases can
be seen as an aspect of calibration.

* More faithful confidence. In classification
tasks, the outputted probability of the pre-
dicted label is called confidence. Suitable con-
fidence should faithfully reflect the accuracy
of outputs, that is, a prediction with greater
accuracy should be assigned with greater con-
fidence (Corbiere et al., 2019). It has been
proven that faithful confidence improves the
stability of the model (Guo et al., 2017; Gra-
binski et al., 2022). Making the confidence
more faithful is also an aspect of calibration
(Guo et al., 2017; Tian et al., 2023).

Specifically, we find that NOISYICL induces the
model to predict labels with more fair and faithful
confidence.

NOISYICL reduces prediction bias. We inves-
tigate the following two types of prediction bias.
(See Appendix E for further calculation details.)
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(1) Intrinsic token bias. LMs are pre-trained
with natural corpus, where different tokens have
various frequencies. LMs learn such frequencies
and act as biases among different tokens in pre-
diction, which are deemed harmful to ICL (Fei
et al., 2023). We believe that such token bias can
be reduced by NOISYICL.

To quantify this, we calculate normalized token
entropy HY: the entropy of the predicted probabil-
ity distribution among the whole vocabulary given
an empty input (we use “ ”, and “Label: ), w.r.t.
various noise intensities.

The results are shown in Fig. 2. A clear posi-
tive correlation between the noise intensity and H,
can be observed, meaning the model gives a fairer
output when more noise is given.

(2) Overall label bias. In classification tasks,
when no query is given, equal probabilities should
be assigned to labels fairly, which benefits ICL (Lu
et al., 2022). We believe that NOISYICL promotes
such fairness.

To quantify this, we use normalized label en-
tropy H: the entropy of the predicted probability
distribution among the label space given some de-
mos and an empty query. Notice that it is natural
for a model to predict a “neutral” label when no
query is given, so label bias on a dataset with a
“neutral” label cannot be fairly measured with H.
Therefore, we ignore these datasets with “neutral”
labels (details in Appendix A).

The results are shown in Fig. 3, indicating that in
most cases, NOISYICL calibrates the overall bias,
especially on GPT-2.

NOISYICL promotes faithful confidence. The
Expected Calibration Error (FC'E),) (Naeini et al.,
2015) is a widely-used indicator for the faithfulness
of confidence in classification tasks:

3 =

ECE, = E(|max(2) —Ey=argmax z (1)[") 7, (3)
where 2 is the predicted probability vector on the
label space by a classification model, the final pre-
diction (argmax; Z;) can be obtained with a confi-
dence (max 2), and the ground-truth label is y.
Let p = 1, we use the EC'F; to investigate
the faithfulness of the ICL output. The details
of the calculation are shown in Appendix F. A
lower EC E1 means more faithful confidence, that
is, the confidence becomes a more accurate pre-
diction of accuracy (Corbiere et al., 2019). Fig. 4
shows a case study of GPT-2 on the hate_speech18

hate_speech18
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Figure 4: Left: Reliability diagrams (sparse bars) and
global confidence distribution (dense bars) of GPT-2 on
hate_speech18 with (w/, ECE; = 9.01%) and without
(wlo, ECE; = 28.14%) NoISYICL. The predictions
are divided into bins according to confidence, and we vi-
sualize the accuracy of each bin as a histogram. The grey
bars are ideal, which is closer to the one with NOISY-
ICL. Right upper: Confidence distribution on correct
predictions. Relatively right-shifted with No1SYICL.
Right lower: Confidence distribution on wrong predic-
tions. Relatively left-shifted with NOISYICL. (k = 4)

dataset, indicating that the prediction is more faith-
ful with NOISYICL (full visualized data are in
Appendix G). We show the results with and with-
out appropriate-noised NOISYICL for EC' E; on
the 12 datasets in Table 1.

In most cases, the £C F is reduced by around
25% by NoIsYICL, which means the confidence is
more faithful with NOISYICL. This suggests that
NOISYICL can drive the model to produce more
faithful confidence, that is, less over-confidence
in wrong predictions, and less under-confidence in
correct predictions, which suggests that NOISYICL
solves the confidence calibration.

Based on the above two investigations, we be-
lieve that NOISYICL is an effective calibration for
the ICL scenario. This can be a reasonable expla-
nation for the observed performance improvement
in §3.2.

4 Conclusion

In this paper, we propose NOISYICL, which simply
adds random noise to the parameters of LMs to fit
them from pre-trained knowledge to ICL. We show
that NO1SYICL can improve the ICL performance
and also calibrate the model for fairer outputs and
more faithful confidence.



5 Limitations

As mentioned before, unlike the fine-tuning on ad-
ditional ICL-style datasets (Min et al., 2022; Zhao
et al., 2021; Wei et al., 2021), NOISYICL does
not provide new knowledge for the model, so the
calibrated model can not discover tasks that are not
potentially included in the pre-training data (Gu
et al., 2023). Moreover, a naive search for the best
noise intensity is not efficient and satisfactory. An
effective detection of A should be developed. Cur-
rently, we can only confirm that for one dataset
and model, the X\ keeps relatively stable, especially
when a large £ is given (Appendix. D).

Future Works. Besides fixing the limits, future
works can focus on where and how the noise should
be introduced. In Transformer-based models, dif-
ferent layers have different abilities (Wang et al.,
2023; Jawahar et al., 2019; Kobayashi et al., 2023).
So, treating these layers differently may be an ef-
fective improvement of NOISYICL. An isotropic
normal distribution is too simple, noise sampling
methods should be discussed.

Moreover, adding noise to model parameters can
be an erasing of pre-training (Ilharco et al., 2022),
so, the search for A is the search for the best check-
point of pre-training. With these checkpoints, we
can determine (Han et al., 2023; Han and Tsvetkov,
2022) which data is disadvantageous to ICL, and
what knowledge is essential to ICL, to better reveal
the essence of ICL.
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A Datasets

The datasets used in this paper are shown in Ta-
ble 2.

*To construct inputs of appropriate length, we re-
move data with a length exceeding 500 from the
Ethos, and the number of the remaining data is 980.

Dataset Splitting. For each dataset, we first shuf-
fle it with random seed 42. Then, we choose the
512 data at the tail as the testing data, and the 512
data at the head (if the total number of data is less
than 1024, we choose the rest of the data.) as the
validation data.

B Prompt Patterns

In this paper, we use a minimum prompt template.
For each task category, we design a template as
shown below.

For single-sentence classification datasets (z, y),
we use:

Input: <x>, Label: <y> \n

Input: <x>, Label:

For aspect-based sentiment classification

datasets ((x,a),y), we use:

Input: <x>, Aspect: <a>, Label: <y> \n

Input: <x>, Aspect: <a>, Label:

For double-sentence classification datasets
((z1,22),y). we use:

Input: <x1>, Text 2: <x2>, Label: <y> \n

Input: <x1>, Text 2: <x2>, Label:
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Figure 5: The relationship between demos quantity and
accuracy in some cases. NOISYICL can make the model
learn from the demos correctly.

Label: Positive
Label: Negative
Label: Negative
Label: Positive
Label:

Input: This is delicious!
Input: I don’t like it.
Input: Boring.

Input: It is fantastic!
Input:

Figure 6: An example of inputs in the normalized label
entropy calculation.

C Complete Results: Accuracy,
Macro-F1, and £C E; With Various
Demo Numbers (k)

We use various numbers of demos in the experi-
ments shown in the §3.2.

The results of zero-shot (k = 0) are shown in Ta-
ble 3.

The results of 1-shot (kK = 1) are shown in Table 4.
The results of 2-shot (k = 2) are shown in Table 5.
The results of 8-shot (k = 8) are shown in Table 6.
The results of 16-shot (k = 16) are shown in Ta-
ble 7.

Notice that in Table 6 and Table 7, some ex-
periments are not feasible due to the length of se-
quences.

In these results, NOISYICL still outperforms the
baseline, which proves that NOISYICL is generally
applicable with various k.

D Searching and Stability of \

We select a set of candidates of A as {0, 0.002,
0.004, 0.006, 0.008, 0.01, 0.012, 0.014, 0.016,
0.018, 0.02, 0.04, 0.06, 0.08, 0.1, 0.2, 0.3, 0.4,
0.5,0.6,0.7, 0.8, 0.9, 1.0}, test the performance of



Table 2: Datasets and Abbreviations used in this paper. Abbr.: Abbreviation, Data#: The total number of data,
Label#: The number of classes, Neutral?: Does the dataset have a neutral label?, Major. ~ Minor.(%): The
proportion of majority labels ~ the proportion of minority labels.

Dataset Abbr.  Data# Label# Neutral? Major. ~ Minor.(%)
single-sentence classification:
poem_sentiment (Sheng and Uthus, 2020) PS 1101 4 v 62.2 ~ 5.5
hate_speech18 (de Gibert et al., 2018) HS 10944 4 X 86.9 ~ 1.5
Ethos* (binary) (Mollas et al., 2020) — 980 2 X 56.6 ~ 43.4
financial_phrasebank (all agree) (Malo et al., 2014) FP 2264 3 v 61.4 ~ 134
GLUE-SST2 (Wang et al., 2018; Socher et al., 2013) SST2 68221 2 X 55.8 ~ 44.2
tweet_eval_emotion (Mohammad et al., 2018) TEE 5052 4 X 43 ~9
tweet_eval_sentiment (Rosenthal et al., 2017) TES 59899 3 v 45.3 ~ 15.5
tweet_eval_hate (Basile et al., 2019) TEH 12970 2 X 58 ~ 42
aspect-based sentiment classification:
SemEval 2014-Task 4 Restaurants (Pontiki et al., 2014) SE’14R 4722 3 v 61.2 ~ 17.6
SemEval 2014-Task 4 Laptops (Pontiki et al., 2014) SE’14L 2951 3 v 45.3 ~ 15.5
double-sentence classification:
GLUE-RTE (Wang et al., 2018; Dagan et al., 2005) RTE 2767 2 X 50.2 ~ 49.8
(Haim et al., 2006; Giampiccolo et al., 2007; Bentivogli et al., 2009)
GLUE-MRPC (Wang et al., 2018; Dolan and Brockett, 2005) MRPC 4076 2 X 67.4 ~ 32.6

NoiISYICL with this set of A, and select the one
with the best accuracy as the optimal .

Moreover, we find that given a dataset and model,
A remains relatively stable w.r.t the demo number
k, especially when k is large. As shown in Fig. 7
and Fig. 8, we calculate |\; — \;]|, the distance be-
tween the optimal A of different demo numbers as
the heatmap, and the normalized remaining range
R(\i:)/ max(\), where the R()\;.) is the range of
all the optimal A\. where the demo number ¢ > i,
and the max(\) is the maximum of all the optimal
A on the dataset. It characterizes the dispersion of
A when the demo number is greater than the given
one 7.

The results show that while the k is increasing,
the distance and the normalized remaining range
quickly zero out, which supports our hypothesis:
NOISYICL is a bridge from the pre-training to
ICL. For that during this process, the demo number
should have a minimal impact.

E Calculation of H' and H!

Normalized Token Entropy. We calculate the
normalized token entropy HY, of the predicted prob-
ability distribution of tokens with an empty input
as:

Ht — _ZleV Py(l|lzg) In Py(l]zs)
" In |V ’

“)

where the Py(-) is an LM with a vocabulary space
V and size |V/|, the x4 is an empty input, such
as “ 7, or “Label: . The model outputs a global
probability distribution of tokens when the x4 is

given, and we calculate the normalized entropy on
the distribution.

Normalized Label Entropy. We calculate the
normalized label entropy H! of the model predic-
tion probability distribution on the label space with
4 demos and an empty queue from a dataset (Fig.
6 is an example) as:

ey rpollzs) Inrpg(lzy)

In |U] ’
where the 7pg(l|x+) is the predicted frequency of
label [ given the aforementioned query-less only-
demos input z,.. We use 512 tries to estimate this
frequency. The U and |U| are the label space and
label space size, respectively.

Hl = (5)

F Calculation of £ECE;

Given a prediction set Y = {(v;, 2, yi)}7—; of
predictions g;, predicted confidence z; € [0, 1], and
supervised label y;, in the calculation of EC'Ey, we
first divide the confidence space (0, 1) into m = 10
equal bins B;j = [0.1(j — 1), 0.15]/L; according to
the z; as shown in Fig. 4. The amount of prediction
in each bin is denoted as | B;|. For each bin, we
calculate the accuracy o = ﬁ Eyz B, gi=mn 1
of predictions in the jth bin, and assign a standard
accuracy based on the average of confidence in the
bin, that is, o = IETIJ-\ ZZiij z;. The ECE; can
be described as:

ECE, = |nf‘|aj —afl, (6)
j=1



Table 3: Accuracy and Macro-F1 results (%, means;q, k = 0). A better result is in green. Notation is the same with

the Tabel 1.

Dataset | ps HS SE’l4R  SE'l4L  RTE MRPC  Ethos FP SST2 TEE TES TEH | Mean
A | o1 0.1 0.1 0.1 0.06 0.02 0.004 0.02 0.1 0.2 0.008 03 | —
val, WO | 1660000 37.30000 3398000 3887000 5254000 6582000 5107000 6113000 5742000 398100 4922000  43.36000 | 45.60
Ace. ©owl | 2188675 50.70133  40.741007 4594275 5340055 67.77055 51.07019 61.37060 60.98387 39.57350 49.53020 54.14501 | 49.76
() e WO [ 1738000 2988000 2891000 3945000 1980000 5918000 5410000 61900 6641000 4160000 1922000 4688000 | 45.39
wl | 2297750 38301080 31.25570 40.84385 49.77146 59.38070 5436015 6137065 65.96297 4115379 49.14005 49.86337 | 47.03
val, WO [ 1132000 20.8loo0 351900 3656000 4642000 4813000 4858000 3613000 36.98000 159900 29.8lo.00 3340000 | 34.94
MFI C oWl | 14.8T000 2582265 39.90s6> 4136395 50.10151 49.0805: 48.58005 37.350m4 5980150 25.30060 30.36060 39.66605 | 38.62
GPTI (%) et Mo | 1270000 1602000 27.0log0 3938000 45.56000 4048000 50.990.00 34910 6145000 1626000 20.8lo00 4258000 | 35.85
w/ | 169312 17.92340 30.20755 40.50443 49.06503 39.96050 5120002 3556138 61.74s539 225451 29.69050 39.70gg7 | 36.25
Val w/o | 36.560.00 22.030.00 28.11p00 17.800.00 29.83000 724000  28.08000 1345000 5.45000  48.09.00 22.10p.00 46.21g00 | 25.41
ECE, Cowl | 22520 1620375 1677948 839380 2390151 920051 28.12024 1275037 422543  18.6628s 22.53019 21.991915 | 17.10
(1) g WO | 3533000 2692000 334logo 1692000 3L46oo 1380000 2456000 150900 34900 464900 2210000  36.32000 | 25.49
wl | 24.86631 23.676s6  26.191000 1216520 2443549 13.65060 2449013 1334090 591243 25.211u36 22.37036 24951650 | 20.10
by | 004 0.002 0.1 0.1 0.012 0.06 0.1 0.06 0.02 0.02 0.002 01 | —
val WO | 430000 1543000 2344000 3984000 494100 6953000 4423000 4355000 60.530.00 3203000 46.680.00 41.99%.00 | 39.25
Ace ©wl | 500050 1523000 40.901500 4035550 50.82045 63.52200 55.98103 58.13545 63.87005 38.7los7 46.41g16 49.38375 | 44.02
() ey WO | 586000 10.7d000 2227000 3535000 48.63.00 6348000 4688000 45.5lo00 (48000 BL25en 3750000 4023000 | 37.71
® Wi | 652061 939020 41.891121 37.19145 A47.95057 58.8l1zs 53.80150 4645020 59.39325 4148061 37.21pz 61.04107 | 41.77
val W0 | 470000 958000 3657000 4791000 4163000 34.16000 26.03000 5425000 22.91000 46.63,00 29.85000 | 31.53
ME Cow | 525057 946001 3140363 5031061 50.0617s 5144570 33.29005 61.13501 27.20035 38.58010 41.68524 | 35.61
GPT-2 (9 Test 0 | 608000 650000 3484000 46.00000 38.83000 35.37000 28.04000 0467000 22.73000 3256000 29.22000 | 30.44
Y ow/ | 568101 578011 27.69378 46.66047 49.68071 48.89355 29.06032 58.07431 29.69045 3217020 5416263 | 34.67
val Mo | 5330000 4681000 1358000 1857000 2200000 4242000 1350000 6.37000  20.26000  5.92000  49.98000 | 27.17
ECE, ©ow/ | 5820281 4835011 1421488 1731055 22.03167 1786015 17.87235 543165 14396 690026  28.80105 | 22.42
1) oy WO | 5261000 5174000 1446000 1968000 27.22000 39.90000 1044000 8.0lpo0 2248000 12.02000 49.70000 | 28.43
YWl | 574923 54.240.30 20.08550 20.17046 2534077 2152353 8.8lgus  3.94500 11.620¢7 1248055 14.8455; | 22.33

In terms of implementation, we use the
MulticlassCalibrationError module given by
the TorchMetrics > with n_bins=10, norm="'11".

G Complete Results: Reliability
Diagrams and Confident Distribution

Reliability diagrams: as shown in Fig. 9 - 14 for
GPT-J, and Fig. 21 - 24 for GPT-2.

Confidence distributions: as shown in Fig. 15 -
20 for GPT-J, and Fig. 25 - 28 for GPT-2.

H Case Analysis: NOISYICL
Furtherance Correct ICL

Moreover, we find that in some cases, unperturbed
ICL can’t benefit correctly from scaling the number
of demos, while, NOISYICL can help the model
correct this issue, as shown in Fig. 5. These un-
perturbed models exhibit an overfitting-like phe-
nomenon and also low accuracies, while NOISY-
ICL can relieve it.

We speculate the reason is the mismatch between
the pre-trained knowledge and ICL inputs. This
leads to a decrease in the model’s in-context task
learning (Pan et al., 2023) ability, while NOI1SY-
ICL reduces such a gap between pre-trained data
and ICL style data, which makes models extract
information from ICL inputs better.

3lightning.ai/docs/torchmetrics/stable/

classification/calibration_error.html#
multiclasscalibrationerror

I License for Artifacts

Here we discuss the license of the artifacts used in
this paper.

Models. GPT-2 is under the MIT license, and
GPT-J is under the apache-2.0 license.

Datasets. We list the open-source license for the
datasets used in this paper as follows:

* cc-by-4.0: PS, SE’14R, SE’14L, TEE, TES,
TEH

* cc-by-sa-3.0: HS, SST2, RTE, MRPC, FP
* agpl-3.0: Ethos

Consistency of Usage. Models are used with
their original usage. Due to the different data split-
ting of these datasets, to ensure the consistency
of the experiment methods, we use a re-splitting
method as described in Appendix A. However, the
overall usage is consistent with their intended use.


lightning.ai/docs/torchmetrics/stable/classification/calibration_error.html#multiclasscalibrationerror
lightning.ai/docs/torchmetrics/stable/classification/calibration_error.html#multiclasscalibrationerror
lightning.ai/docs/torchmetrics/stable/classification/calibration_error.html#multiclasscalibrationerror

Table 4: Accuracy and Macro-F1 results (%, meansiq, k = 1). A better result is in green. Notation is the same with
the Tabel 1.

Dataset | ps HS SE'l4R  SE'l4L  RTE MRPC  Ethos FP SST2 TEE TES TEH | Mean
A | 02 0.012 0.1 0.02 0.2 0.016 0.016 0.014 0.018 0.014 0.002 008 | —

va Vo | 8943000 T6.02086 5785145 53.77ise 504Luis 5848, 503218 5393052 08.20050 4348050 4383245 50.90102 | 52.22

Ace " w/ | 5324476 T76.86051 6428515 55.57105 5176155 5828135 51.00177 53.9615; 7156107 44.32050 4637109 52.13096 | 56.61
(90) g WO | 35.0817 84920 5366112 5160120 50.52151 5350226 5040137 52.201us 738005 410409 4480125 50711 | 53.61
w/ 4631313 85.64105 58.26140 53.7l10s 51.8405 5428110 50.88216 51.96110 73.85167 42.06093 45.23175 52.1153g | 55.51

val WO | 2601050 2073055 507816 5226185 503615 5lilig 490415 3825101 673%ss 26.7ligs 38.75aa 5 | 43.73

MFL ©ow/ | 2318134 2449002 5249550 53.61145 482847 50.61179 49.88,5 389414 T1.02 2765131 41.431.61 S0.07 | 44.36
GPT-J (o) Test MO [ 2530120 2473071 4791101 50.62125 50.17119 49.97233 49.81133 37.9010s 2467143 40.10125 48.4516 | 43.49
w/ 2476172 2513102 4753514 5218080 47.10438 50.65107 50.362.14 38.93197 249709y 4045173 49.94; 49 | 52.42

val, WO | 2309005 226705 1125175 170Ligs 493310 3531is 47428 275407 44.331 15 45.641 19 | 29.80

ECE, ©w/ | 1664479 2181050 1333262 15.57064 26.82571 355618 46.6315 273915, 3. 12.880.60 13.951.10 | 26.72
() g WO | 2818195 1397005 120515 1595105 49.20150 30.94a3; 4T35ua0 2824142 100005 4534000 2763085 46.98157 | 20.95
w/ 2085525 1321107 154518 14.28003 25.64360 35.56180 46.76210 2813007 5.53144 44.71pgs 27.08103 45.281.33 | 26.87

A | 002 0.002 0.016 0.004 0.002 0.002 0.2 0.06 0.02 0.02 0.06 01 | —

val, WO | 4242007 413700 39.69160 50.62155 68.7lpa0 A47.26072 454518 57.79125 28.110sy 41.4515 4270032 | 45.94

Ace ©w/ | 4555515 37.34133 48. 41.661.0; 50.18211 68.81g1s 53.35200 5533270 59.26135 3273053 45.25134 48.41,; | 48.88
() g WO | 3507140 30.646 4324143 384Togr 5022157 0205 4865050 45.001s1 59.766r 27.6liz 3798121 44.37osi | 4442
S Wi 4008591 34.92112 4436095 3941130 50.58y3 6247029 51.69595 52.12160 60.6417s 30.55079 43.88153 55.35079 | 47.17

val, WO | 2640055 203200 329607 33.601e  50.501 55 4318052 30.1915 56.71155 36.97, 57 3223053 | 35.63

MFI ©w | 2637141 18.95109 3597104 35.61155 50.13570 42, 4726081 344Tg77 59.22139 22 30.491 97 5168503 | 37.94
GPT-2 () Test WO | 2397105 1745055 3327193 36.32103 49.85126 39410 43.80077 30.92138 59.63161 22.32135 362115 38.79106 | 36.00
w/ 2631155 1587114 33.78133 37.11153 50.18540 39.100.41 44.93365 34.5806 59.52182 21.69108 3340136 50.571.50 | 37.25

Vo, WO | 1445100 25.961 0 1668, 2555100 42.0210 102249 355Tior 2Lolige 5.40uie  31.62ui7 2072070 4615038 | 25.44

ECE, ©wl | 964185 3037136 17.27201 23.6507s 43.3la03 17.87040 1953350 14.80062 3.94041 30.66071 24.11p54 2644547 | 21.80
G )) g WO | 1882150 2653005 18644 2456006 4356125 240005 3515076 2213140 28310 323115 22451 3096077 | 25.92
wi 13.20503 32.02147 2045107 23.8315 43.07y30 23.0lgs7 23.65650 1448115 3.22150 3343160 19.3716s 23.89150 | 22.80

Table 5: Accuracy and Macro-F1 results (%, meansq, k = 2). A better result is in green. Notation is the same with
the Tabel 1.

Dataset | Ps HS SE’'14R  SE’14L RTE MRPC Ethos FP SST2 TEE TES TEH | Mean
A | 02 0.2 0.1 0.1 0.08 0.2 0.014 0.08 0.016 0.018 0.02 0008 | —
val, WMo | 4254149 7203066 4150097 40.88049 5131109 55.741 6184060 7205096 44.4T062 48.85075 49.081 16
Ace © o owl | 5701474 7734309 5857539 5125271 50.76209 58.986.13 6047177 73.38070 44.6To63 49.14078 50.62911
(ORI | 39.2300s 82.42121 36.691.30 3926167 48.13p60 5097143 514113 60.770.01 7260166 4128075 4879100 51.68105
wi 5095450 82.99551 5391342 49.30300 49.45130 5 93 5146160 59.51192 T72.83136 44.21p53 48.77120 51.02184
va WO | 2007000 2503055 3742105 39.11osy 50.4d1ay 513515 49.78225 3L831m L3207 2543108 49.051 17
MF1 Tow/l | 2275181 2415056 50.06511 49.26050 50.47000 48.95099 51.36115 35.39300 T72.77, 25.160.84 50.562.12
GPTI (%) Test w/o ‘ 2551105 2495085 34.99138 39.75163 4782261 49.561 45 51.18196 70.34187 24.05097 36.7815 5149196
wi 2298160 2510079 47.51a05 4850312 49.35105 46.51156 51.19162 a8 70.54176 24.05067 36.63053 50.871.80
val WO [ 1511129 215255 2345145 27T.070s9 3926055 2382150 385laay 2254077 3500k 4433066 1922062 40.3313
ECE, ©owl | 13.69331 1125510 8.03449 1554379 39.53165 12.12280 37.1209s 2110170 4.80074 43.87096 18.64105 38.662.29
D) e VO | 1859101 13.15115 27.87135 26.71iss 4177291 2829147 36.62176 22.970s7 477051 44.5309s 19.92155 36.6315
w/ 1349585 6.52205 11.44309; 1580076 41.33220 2024656 36.61167 21.88175 5.32116 44.40077 19.98070 37.48192
A | 002 0.1 0.08 0.08 0.006 0.002 0.2 0.04 0.02 0.02 0.04 02 | —
val W | 41.86175 4824157 4699054 4242119 5088105 6855016 4585197 49.10115 565613 290607 39.3915 42.81o6s | 46.81
Ace ©ow/ | 47.23335 4873640 5285580 46.62150 51.80148 68.89043 5284043 61.31ps 59.45120 30.290s2 45.70146 51.09407 | 51.40
8) g WO | 3826157 52.0400; 4252115 39.Tliyr 49.670s0 6277039 48.26100 4742145 5896107 2847097 321113 44.740ss | 45.41
w/  40.95:81 45.52399 50.12358 40.31g90 50.64187 57.341.01 51.76907 59.4111; 613315 2849104 40.29358 53.0133; | 48.26
Val w/o | 2520170 21.61190 36.33110 36.5005 50.38103 41.38039 41.44175 33.91150 5530130 2040131 35.73163 33.12117 | 35.94
MF1 Tow | 2640074 2177150 32.89237 2858200 5121153 4270580 4894140 3166916 5917111 19.12060 30.66133 46.38, 14 | 36.54
GPT-2 (o) Test VO | 2491157 2054043 3557090 38.02135 48.42093 39.80037 42.83135 33.291 s 2096115 31.99136 40.791.13 | 36.33
w/ 2563150 18.73073 31.81194 289797 4944155 44.061 11 459955 33.03160 18.40110 33.021.45  50.92160 | 36.64
val WO [ 102117 2507150 1493100 2100110 3537119 201940 4129134 1587107 643122 3091070 18.02u7 46.90060 | 23.85
ECE, Cowl | 592106 29.23460 1270165 22.2d186 34.69103 19.18061 21.02277 1053279 3.97186  35.02056 16.78171 27.18494 | 19.87
D) e VO | 1248144 1952065 17.95141 2035145 36.73099 23.6304s 39.93197 1740155 408105 3148110 2473144 42.57194 | 24.24
w/ 958156 3312408 1631160 28.04360 36.06195 17.86086 24.58601 8.99205 2.09s1 3768194 1545196 2112208 | 20.91
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Table 6: Accuracy and Macro-F1 results (%, meansq, k = 8). A better result is in green. Notation is the same with
the Tabel 1. Some experiments can’t be conducted due to the length of the input sequence.

Dataset | ps HS SE'l4R  SE’14L RTE MRPC  Ethos FP SST2 TEE TES TEH | Mean
A | 02 0.2 0.1 0.1 0.1 0.2 0.004 0.012 0.002 0.006 0.08 0002 | —

val o | 273284 8.87Tix 33.6losr 33570 501202 358605 57201 6234005 53.960s 47.6d0; 51130e  50.6216 | 5037

Ace ©owl | 62.01495 85.29005 45.841113 40.84641 50.49089 5887793 57.95135 6244008 83.89079 47.81g00 5135167 52.050.75 | 58.24

) g o | 25T00ss 7710175 333006 30.800m 4635130 39350 61.67iss 617600 5059102 4637050 50.0%055 545Tiar | 50.60

* Wl | 5854307 89.74397 41.68565 35.66465 47.53126 54.57s4s 6146095 61.7800s 79.78069 46.42063 50.62041 54.680.92 | 56.87

val Mo | 160707 23.66032 30.15114 2448110 4566049 33.3Toss 5668181 25.0lozs 8380001 2720050 3372147 4852108 | 3744

MFI ©owl | 2091179 2776135 41701030 35.28507 45.89344 46.69500 57.45137 2624036 83.7208 27.3%ss 36.84555 49.94099 | 41.65

GPT-J (o) et WO [ 1605000 2626150 27206 272007 42585 335805 (0884 25.60025 780805 2450070 3310040 54361 | B7.66

> wl | 2081117 24.2%s56 3915623 34.28555 4247445 42.45.50 6052102 25.67031 78.06079 24.80092 33.85311 5445096 | 40.07

val WO [ 4298055 1043150 327905 4243099 215005 33097 13.63ua 245403 1261005 4010065 139917 2111151 | 25.78

ECE, ©owl | 1181456 951p04 19271145 25961004 23.13274 S8.10uss 1247191 2433060 12.80075 39.95.00 725570 20.01gg | 17.88

(D) g Vo | 4492050 TO3iu 3605005 43800 250315 20830 035145 25.00023 1052004 4183051 1413043 16.7814s | 25.45

wi | 886357 6.04104 2226050 2944554 28.55611 15.28755 9.770se 2492050 988066 41.830s0 924047 16.7709s | 18.57

Table 7: Accuracy and Macro-F1 results (%, meansiq, k = 16). A better result is in green. Notation is the same
with the Tabel 1. Some experiments can’t be conducted due to the length of the input sequence.

Dataset ‘ PS HS SE’14R SE’14L RTE Fp SST2 TEE TES TEH ‘Mean
A ‘ 0.2 0.2 0.1 0.1 0.2 0.1 0.004 0.008 0.08 0.002 ‘ —

wlo | 18.52078 70.02052 40.860.90 34.590.41  48.91g62 62.420.10 88.24070 49.22047 51.84097 54.590s7 | 51.92
w/ | 61.78594 85.98061 46.841292 43.01g67  50.761.15 62.660.35 88.830.71 49.30053 53.111.99 55.200.91 | 59.75

(%) Test wlo | 18.75038 74.97143 3498110 30.00058 45.95045 61.82909 81.88100 47.11035 51.70042 55.900.81 | 50.31
w/ | 59.97240 89.96415 42.56998 38.55765 52.96139 61.92049 82.20086 47.06065 52.13088 56.29121 | 58.36

w/o 10-330.46 Zi().Jer()M 32.790_73 24~150.66 26.080_,16 88.220,70 28.750,40 36.011‘76 53.610,33 36.91

Val.

MFI Val 20.00071 23.54057 41.117135 35.0710.38 2718153 88.8lo7z 29.04055 4022660 54.021,02 | 40.18

GPTJ () Test WO | 96102 2761ig 2880007  25.0500s 35.5Toge  25.80031 8033112 2550051 3544090 55.76nsi | 34.95
Wil | 1970105 2396008 37.93063 36.06s97 4117551 26.27T195 80.61112 2545095 37.20s55 56.131.95 | 38.45

val, WO | 5429005 L0Lirr 2753157 4090052 2613054 263401 1443075 3897055 1ld6ogy  13.66072 | 25.77

ECE, " wl | 1175560 970272 18561081 23331320 21.011304 18.07520 1549058 38.6lg0 6.12285 13.2506s | 17.59

o)) pegg WO | 537207 A5losr 34091y 4306052 2993065 2690019 996100 A081gss 11.2d0a 1345056 | 26.77

w/ | 833447 5.63327 20291535 24941005 17.53730 2044390 9.99080 41.00083 5.1925 13.03133 | 16.64
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Figure 7: The stability of the optimal A on various k for GPT-J. Upper figure: the distance between the optimal A\ of
different demo numbers; Lower figure: the normalized remaining range.
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Figure 8: The stability of the optimal A on various k for GPT-2. Upper figure: the distance between the optimal A of
different demo numbers; Lower figure: the normalized remaining range.

Ethos financial_phrascbank B GLUE-MRPC GLUE-RTE GLUE-SST2 hate_speech§

Contdeee Contdeee Contdence Contgence Contgnce Contdnee
- . - . - . - . - .o - .o
03 oouacy per i 08 pre—— 08 oarcy per B 08 ocurcy per i 08 ccurcy perBin 08 preme——
RV R . |=mw = R R R
o o o o o Soe
£o0s Lo4 £ 04 £ 04 So4 Sos
: : : : : :
£ £ £
02 02 02 02

0. 00
o 20% A% 60%  80%  100% W% 4% 60%  80%  100%
Confidence of Prediction Confidence of Prediction

SemEval 2014-Task 4 Laptops SemEval 2014-Task 4 Restaurants Tweet-Emotion Tweet-Hate ‘Tweet-Sentiment

Yo 20%  40%  60%  80%
Confidence of Prediction

Yo 20%  40%  60%  80% 2% 40%  60%  80%  100%
Confidence of Prediction Confidence of Prediction

poem_sentiment

W% 40%  60%  80%
Confidence of Prediction

Contidence
- .

Contidence
- .

Confidence
- .

Confidence
- .

Confidence
- .

Confdence
- .

08 Aceuse perBin 08 Aceumey o i 08 Aceume o i 08 Aesume o i 08 Aoy pe i 08 ey pe in
=R wo L v = e . |Emw wio LB E=E e LB E=E e L Em W = we
o o oo o o o
£ oe £ o0s £ 04 £ 04 £04 HO
H H H H H H
02 02 02 02 02 02
00 ool ool o 9 9
0% 4% 6% 8% 100% 0% 20 40% 6% S0 T ae % 60%  80% P a0% 0% et B0% v a0% % et B0% v 0% % % 8%
Confidence of Prediction Confidence of Prediction ‘Confidence of Prediction ‘Confidence of Prediction ‘Confidence of Prediction Confidence of Prediction
. Ethos . financial_phrasebank | GLUE-MRPC | GLUERTE . GLUE-$5T2 . hate_speech18
Contdeee Contdence Contdence Contdnce Contgnce Contdnee
- - - . - . - . - . - .o
08 Aceumey per i 08 pre—— 08 = 08 Aocurcy per i 08 Ncsuy e i 08 Ncsuaey e i
| Em v e | mm v = we =Y P = P = ==
o o oo o o o
£ 04 £ 04 £ 04 £ 04 So4 So4
£ £ £ H g g
£ £

Yo 20%  40%  60%  80%
Confidence of Prediction

W% 40%  60%  80% R T T P T F AT TR T
Confidence of Prediction Confidence of Prediction Confidence of Prediction

SemEval 2014-Task 4 Laptops SemEval 2014-Task 4 Restaurants Tweet-Emotion Tweet-Hate ‘Tweet-Sentiment

2% 0% 60%  80%  100%
Confidence of Prediction

80% 0 20% 4% 0%  80%  100%

Confidence of Prediction

poem_sentiment

Contidence Contidence Confidence Confidence Confidence Confdence

- - - - - -
0.8 Accuracy per Bin 08 Accuracy per Bin 08 Accuracy per Bin 0.8 Accuracy per Bin 0.8 Aceuracy per Bin 08 Accuracy per Bin

Y B W EEE wh B W B wlo B W EEI wio " /| w " B w55 who " B w5 wh
: : H

5 0 06 Foe : Fos

£ - - £

L o L. { L

£ £ £ £

BT

% Vo 20% 40% 60%
Confidence of Predicton

o 2 % 20 AT §0% 100%

T

0%

80% e 40%  60% 8
Confidence of Prediction

e 40%  60% 0%
Confidence of Prediction

0% 40%  60%  80% % 40%  60% 0% P 40%  60%
Confidence of Prediction Confidence of Prediction Confidence of Prediction

Figure 10: The reliability diagrams of GPT-J (k = 1).
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Figure 11: The reliability diagrams of GPT-J (k = 2).
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Figure 12: The reliability diagrams of GPT-J (k = 4).
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Figure 13: The reliability diagrams of GPT-J (k = 8).
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Figure 14: The reliability diagrams of GPT-J (k = 16).
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Figure 15: The confidence distribution of GPT-J (k = 0).
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Figure 16: The confidence distribution of GPT-J (k = 1).
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Figure 21: The reliability diagrams of GPT-2 (k = 0).
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Figure 22: The reliability diagrams of GPT-2 (k = 1).
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Figure 23: The reliability diagrams of GPT-2 (k = 2).
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Figure 24: The reliability diagrams of GPT-2 (k = 4).
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Figure 26: The confidence distribution of GPT-2 (k = 1).
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Figure 27: The confidence distribution of GPT-2 (k = 2).
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Figure 28: The confidence distribution of GPT-2 (k = 4).
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