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ABSTRACT

Pre-trained language models (PLMs) such as GPTs have been re-
vealed to be biased towards certain target classes because of the
prompt and the model’s intrinsic biases. In contrast to the fully
supervised scenario where there are a large number of costly la-
beled samples that can be used to fine-tune model parameters to
correct for biases, there are no labeled samples available for the
zero-shot setting. We argue that a key to calibrating the biases of
a PLM on a target task in zero-shot setting lies in detecting and
estimating the biases, which remains a challenge. In this paper, we
first construct probing samples with the randomly generated token
sequences, which are simple but effective in detecting inputs for
stimulating GPTs to show the biases; and we pursue an in-depth
research on the plausibility of utilizing class scores for the probing
samples to reflect and estimate the biases of GPTs on a downstream
target task. Furtherly, in order to effectively utilize the probing
samples and thus reduce negative effects of the biases of GPTs, we
propose a lightweight model Calibration Adapter (CA) along with
a self-guided training strategy that carries out distribution-level
optimization, which enables us to take advantage of the probing
samples to fine-tune and select only the proposed CA, respectively,
while keeping the PLM encoder frozen. To demonstrate the effec-
tiveness of our study, we have conducted extensive experiments,
where the results indicate that the calibration ability acquired by CA
on the probing samples can be successfully transferred to reduce
negative effects of the biases of GPTs on a downstream target task,
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and our approach can yield better performance than state-of-the-art
(SOTA) models in zero-shot settings.
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1 INTRODUCTION

Benefiting from the development of the prompt-learning technique
[3, 20, 25], large-scale pre-trained language models (PLMs), such
as GPT2 [22] and GPT3 [3], have achieved impressive zero-shot
performance on various natural language understanding tasks [2,
24, 34]. Nonetheless, contextual calibration (CC) [39] has revealed
that GPTs [3, 22] are biased towards certain target classes because
of the prompt and the model’s intrinsic biases, which prevents
GPTs from achieving better zero-shot performance. For example,
as shown in the Fig. 1(a), for the classes Somewhat Negative (ID: 2)
and Somewhat Positive (ID: 4), the false positive rates are both 0.0%;
that is to say, there are no samples from other categories that are
falsely classified into the class Somewhat Negative or Somewhat
Positive by GPT2 (125M). Meanwhile, there are 7.6%, 32.4% and
48.0% samples from other categories that are falsely classified into
the classes Very Negative (ID: 1), Neutral (ID: 3) and Very Positive
(ID: 5) by GPT2 (125M) respectively. Therefore, we argue that GPT2
(125M) shows biases towards the classes Very Negative, Neutral
and Very Positive on the test set of SST5 dataset [28] in zero-shot
settings. Fig. 1(b), Fig. 1(c) and Fig. 1(d) illustrate the biases of GPT2
(350M), GPT2 (760M) and GPT2 (1.6B) respectively. In order to cope
with the biases and boost zero-shot performance of GPTs, existing
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Figure 1: Illustration of the false positive rate (FPR) for each
class predicted by GPT2 of different size on the test set of
SST5 dataset [28] in zero-shot settings. Class ID 1, 2, 3, 4
and 5 represent the class Very Negative, Somewhat Negative,
Neutral, Somewhat Positive and Very Positive respectively;
the number of samples belonging to each class is 279, 633,
389, 510 and 399 respectively. Multiclass data are treated as if
binarized under a one-vs-rest transformation. Table 1 shows
the prompt template used for SST5 dataset.

researches [12, 16, 39] have demonstrated that calibrating output
probabilities of GPTs is an effective technical method.

Intuitively, contextual calibration (CC) [39] proposes that, for
a “content-free” sample, such as N/A, [MASK], the empty string,
etc., ideally GPTs should score it equally over the target classes;
consequently, CC argues that, when feeding in a content-free input,
the biases towards certain classes can be reflected and estimated by
the actual class scores. For example, when feeding in the content-
free sample N/A, GPT2 (125M) should score it as 0.2 Very Negative,
0.2 Somewhat Negative, 0.2 Neutral, 0.2 Somewhat Positive and
0.2 Very Positive (over the class set of SST5 dataset!) in an ideal
non-biased situation; but, actually, GPT2 (125M) scores N/A as
0.052 Very Negative, 0.007 Somewhat Negative, 0.890 Neutral, 0.002
Somewhat Positive and 0.049 Very Positive. The class Neutral gets
the highest score 0.890, indicating that the content-free sample N/A
stimulates GPT2 (125M) to show the bias towards the class Neutral;
and the actual class scores are considered to be able to reflect and
estimate the biases towards corresponding classes of GPTs.

Contextual calibration (CC) [39] shines a light on how to exploit
content-free samples to gain calibration ability. For each content-
free sample, CC proposes to compute a corresponding affine trans-
form [10, 21] to make the class scores uniform, and then averages
the parameters of these learned affine transforms to obtain a final
affine transform; the final affine transform model is transfered to
calibrate the output probabilities of GPTs on a downstream target
task, see Zhao et al. [39] for more details. However, it is important to
note that the class scores are contextual: different inputs will lead to
different class scores. CC only exploits a few number of content-free
samples, e.g. three samples, which is too few to correctly reflect the
distribution of content-free data, nor to stimulate GPTs to show all
the same biases as GPTs show on a downstream target task. For in-
stance, the three content-free samples (N/A, [MASK] and the empty
string) employed by CC are all classified into the class Neutral of
SST5 dataset 2 by GPT2 (125M) in zero-shot settings; this result can
not reflect the biases towards the other classes (Very Negative and
Very Positive) of GPT2 (125M) on the test set of SST5, as shown

IThe content-free sample shares the same prompt with SST5 dataset.
2As a target task, SST5 shares the same prompt with these content-free samples.
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in the Fig. 1(a). Thereby how to detect and estimate the biases of
PLMs remains a challenge. In addition, the small sample size can
easily result in overfitting the training data and underfitting the
testing data; and furthermore, we argue that the method of averag-
ing the parameters of multiple affine transforms causes CC to have
less access to good generalization ability and strong transferability,
which both restrict CC from reaching its full potential. As will be
shown in Fig. 6, for each unseen content-free sample, CC tries to
make the corresponding class scores uniform but achieves much
less success than the model (namely CA) proposed in this paper.
More comparisons between calibration performance of different
models will be shown in Section 5.

In order to overcome the aforementioned flaws, we first con-
struct probing samples with the randomly generated token se-
quences instead of some manually selected special tokens (e.g. N/A
or [MASK]), and these token sequences can be decoded from ran-
domly sampled token ID sequences (Section 3 will show more
details); in this way, we can easily obtain a large number of probing
samples at low cost, and they are naturally content-free. These
constructed probing samples are simple but effective in detecting
inputs for stimulating GPTs to show the biases, and we pursue
an in-depth research on the plausibility of utilizing class scores
for the probing samples to reflect and estimate the biases of GPTs
on a downstream target task. Furtherly, to effectively utilize the
probing samples and thus reduce negative effects of the biases of
GPTs, we propose a novel model Calibration Adapter (CA), which
consists of multiple channels corresponding to the target classes
respectively. Each channel of CA is designed to estimate the bias
towards corresponding class when feeding in an input, and then the
actual class scores for the input are corrected by being subtracted
from the corresponding bias estimations respectively. Inspired by
CC and considering the content-free nature of the probing samples,
we propose a self-guided training strategy to carry out distribution-
level optimization that aims to make the class scores for probing
samples uniform, which enables us to take advantage of the probing
samples to fine-tune and select only the proposed CA, respectively,
while keeping the PLM encoder frozen. Therefore, our model is
lightweight (e.g. 6.3M tunable adapter parameters for SST2 [28]
task) as fine-tuning only updates the parameters of CA and the
overall model footprint is reduced since several tasks can share
a common PLM encoder as backbone. To demonstrate the effec-
tiveness of our study, we have conducted extensive experiments,
where the results indicate that the calibration ability acquired by
CA on the probing samples can be successfully transfered to re-
duce negative effects of the biases of GPTs on a downstream target
task, and our approach can yield new state-of-the-art performance
consistently in zero-shot settings. We will detail our methodology
formally in the Section 3 and Section 4.

The main contributions of this work are summarized as follows:

o In this paper, we first construct probing samples with the
randomly generated token sequences, which are simple but
effective in detecting inputs for stimulating GPTs to show the
biases; and we pursue an in-depth research on the plausibility
of utilizing class scores for the probing samples to reflect and
estimate the biases of GPTs on a downstream target task.
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e We propose a lightweight model Calibration Adapter (CA)
along with a self-guided strategy that carries out distribution-
level optimization, which enables us to take advantage of the
probing samples to fine-tune and select only the proposed
CA, respectively, while keeping the PLM encoder frozen.

e We conduct extensive validation experiments and analyti-
cal studies, and the results demonstrate the rationality and
superiority of our research.

2 RELATED WORK

Prompt Learning. Originated from GPT3 [3] and LAMA [19, 20],
a series of studies [7, 8, 13, 25, 30] stimulate the knowledge of PLMs
that benefits downstream NLP tasks by leveraging natural-language
prompts to formalize downstream tasks as language modeling prob-
lems, and show that such prompts induce better performances for
PLMs on few-shot [15, 17, 26, 27] and zero-shot settings [23, 31, 34—
36]. Inspired by this, a new paradigm known as prompt-based
learning or prompt-learning has been introduced, which follows
the “pre-train, prompt, and predict” process [18]. For instance, to
identify the sentiment of a sentence: “A very funny movie.”, we can
condition GPT3 on a prompt such as:

“Excellent acting and direction.” has a tone that is positive
“It’s just incredibly dull” has a tone that is negative
“A very funny movie.” has a tone that is

where the first two lines are two training examples and the last line
is the test example (there are no training examples in the zero-shot
setting.). The model makes predictions based on which one is more
likely to be the subsequent token, “positive” or “negative”.

Calibrating Biases of PLMs. Calibration [9, 18] refers to the abil-
ity of a model to make good probabilistic predictions. Contextual
calibration (CC) [39] has revealed that GPTs are biased towards
certain target classes in zero-shot settings because of the prompt
and the model’s intrinsic biases, and proposes to utilize content-free
samples to train and obtain a calibration model; then CC transfers
the learned calibration model to calibrate three forms of bias: ma-
jority label bias, recency bias, and common token bias. However,
as the detailed analysis in Section 1, CC can not consumes the
content-free data effectively and reasonably, which restricts CC
from reaching its full potential. Holtzman et al. [12] argues that
all surface forms of a same object will compete for finite probabil-
ity mass, and a rare surface form will be assigned a much lower
probability than a common one. Therefore PMIpc [12] is proposed
to compensate for common token bias by directly factoring out
the probability of each answer (such as each class of a target task).
Due to the property of causal language models (e.g. GPTs) and the
rarity of many possible answers, the unconditional probability of
such answers is poorly calibrated for the purposes of a given task;
consequently, PMIpc uses a domain premise string to estimate the
unconditional probability of an answer in a given domain. Nonethe-
less, as will be shown in Fig. 6, PMIpc falls short of making the
class scores for content-free samples uniform. We argue that the
domain premise string employed by PMIp is selected manually,
which introduces large sampling errors and causes the inferior
calibration performance of PMIpc. ALC [16] proposes to factor
out the probability of each answer proportional to the similarity
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Figure 2: Construction procedure of probing samples.

between a premise and a hand-picked neutral context, and thus cal-
ibrate context-independent biases; however, similar to PMIpc, the
performance of ALC is also constrained by the manually-selected
neutral context. In this paper, we focus on reducing negative effects
of the biases of GPTs and boosting the zero-shot performance by
calibrating output probabilities of GPTs in prompt-learning.

Transferability of Calibration Ability. In deep learning, transfer-
ability is corresponding to the ability of deep neural networks to
extract transferable knowledge from some source tasks and then
adapt the gained knowledge to improve learning in related target
tasks [1, 14, 37, 40, 41]. In this paper, we fine-tune and select our
model calibration adapter (CA) by exploiting the constructed prob-
ing samples (the source domain), and enable CA to acquire the
calibration ability; then we transfer CA to reduce negative effects
of biases of PLMs and achieve better zero-shot performance on
downstream target tasks (the target domains).

3 PROBING SAMPLE
3.1 Constructing Probing Samples

Probing samples are designed to stimulate GPTs to show the bi-
ases in zero-shot settings. In this paper, we first construct probing
samples with randomly generated token sequences instead of some
manually selected special tokens. Specifically, to generate a probing
sample, we can call the function numpy.random.choice 3 to ran-
domly sample a certain number of token IDs from a given integer
range, such as the range [0, vocabulary_size) 4 and then we decode
the token ID sequence into a token sequence; the decoded token
sequence is taken as a probing sample. In this way, we can easily
obtain a large number of probing samples at low cost, and they
are naturally content-free. The construction procedure and some
generated probing samples are depicted in Fig. 2.

3.2 Plausibility of the Probing Samples

In this subsection, we pursue an in-depth research on the plausi-
bility of utilizing class scores for the generated probing samples to
reflect and estimate the biases of GPTs on a downstream target task.
Ideally, given the content-free nature of probing samples, GPTs
should score each probing sample equally over the target class set.
For comparison, we report the actual prediction made by GPT2
for some probing samples in Fig. 3. In this case, we set the lengths
of randomly sampled token ID sequences to 1, 2, 4, 6, 8 and 10
3numpy.org/doc/stable/reference/random/generated/numpy.random.choice.html

4The value of vocabulary_size depends on the language model employed, e.g.,
vocabulary_size of GPT2 is 50257.
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Figure 3: For each subplot, Top: illustration of proportions
of probing samples that are classified into each class of SST5
dataset by GPT2 in zero-shot settings; Bottom: illustration
of the distributions of the corresponding class probabilities
of the probing samples that are classified into each class of
SST5 dataset by GPT2 in zero-shot settings. Class ID 1, 2, 3, 4
and 5 represent the class Very Negative, Somewhat Negative,
Neutral, Somewhat Positive and Very Positive respectively.

respectively, and for each length of token ID sequence, we generate
100 samples. All 600 randomly generated token ID sequences are
decoded into the probing samples used here. Fig. 3 shows that, when
feeding in probing samples °, the biases of GPT2 of different size
basically coincide with the biases shown in Fig. 1 respectively. For
example, as shown in Fig. 3(a) (top), there are no probing samples
that are classified into the class Somewhat Negative (ID: 2) or Some-
what Positive (ID: 4) by GPT2 (125M), and there are 9.8%, 78.0%
and 12.2% probing samples that are classified into the classes Very
Negative (ID: 1), Neutral (ID: 3) and Very Positive (ID: 5) by GPT2
(125M) respectively; meanwhile, as shown in Fig. 3(a) (bottom),
GPT?2 (125M) presents high certainties (0.2 in an ideal non-biased
situation) for its predictions. In other words, by feeding in probing
samples, GPT2 (125M) shows the biases towards the classes: Very
Negative, Neutral and Very Positive; which are consistent with the
biases of GPT2 (125M) shown in Fig. 1(a). More illustrations about
GPT2 of other sizes are shown in the corresponding subplots of
Fig. 1 and Fig. 3 respectively. Therefore, we argue that it is reason-
able to take advantage of the class scores for probing samples to
reflect and estimate the biases of GPTs on a downstream target
task.

4 CALIBRATION ADAPTER

In order to effectively utilize the probing samples and thus reduce
negative effects of the biases of GPTs, we propose a novel model
Calibration Adapter (CA) along with a self-guided training strategy.
CA consists of multiple channels corresponding to the target classes
respectively. As shown in Fig. 4, each channel of CA is designed to
estimate the bias towards corresponding class when feeding in an
input, and then the actual class scores for the input are calibrated
by being subtracted from the corresponding bias estimations re-
spectively. We will present a single channel of CA in Section 4.2,
which is simply extended according to the number of classes of the

SThey share the same prompt template (shown in Table 1) with SST5 dataset.

907

Xiaosu Wang et al.

target task. The self-guided training strategy and the transfer of
CA will be described in Section 4.3 and Section 4.4 respectively.

4.1 Normalized Class Probability Generation

Given a text classification task and the prompt template T used for
the task, we wrap a text sequence x, e.g., a probing sample (during
training phase) or a test sample (during transfer phase), into the
prompt template T to form a new text sequence T(x), serving as
the input to the employed language model. The class set of the
text classification task is notated as Y = {y1,y2, ..., yn}, where n
stands for the number of the classes. When feeding in an input T'(x),
language models (LMs) can compute a class probability distribution
P = [p1, 2, .... pn] over the class set Y:

pi =p(yilT(x)) ®
where p; is associated with the class label y;, i € [1,n]; and LMs
classify the sample x into the class with the highest probability:

@

argmax p;
i

As causal language models, GPTs decompose the class probability
as:
pi = p(yilT(x))
4
i . . 3)
=[[pwiiT ), vl yi™)
j=1
where y{ is the jth token of y; and t; is the number of tokens in y;.
Whereafter, the class probability distribution = [p1, p2, ..., pn]
predicted by the employed language model is renormalized to one:
Pi
i = 4
P 2jbj
the normalized class probability distribution is fed into CA as
input, and does not require gradient during training phase.

4.2 Channel of CA

4.2.1 Bias Feature Generation. As shown in Fig. 4, the normalized
class probabilities # for the sample x are filled to the diagonals of a
diagonal matrix, namely diag(#); then CA projects the class proba-
bilities into the bias feature space through a linear transformation:

(i for oo fi] = diag(PYW1 + by (5)

where Wy € R™%d1 and 51 € R% are the trainable parameters of
the linear transformation, d; is the potentially different transfor-
mation size; the bias feature f_; is associated with the class label y;.
In order to estimate the bias towards y;, the bias feature ﬁ is fed as
input into the channel of CA that corresponds to the class y;.

4.2.2 Estimating the Biases. A channel of CA consists of a fully
connected layer and a linear regression with an activation (Act)
[11] and a Dropout (Drop) [29] in between:
E,— = Drop(Act(ﬁWé + I;;) ©
oL 6
Si = hiﬁ/l +€'
where Wé € R4 and I;é € R% are the trainable parameters of
the fully connected layer, which enables CA with a larger model
capacity to ensure excellent transferability of model representation
capabilities, and d is the potentially different transformation size;
w! € R% and €' € R are the trainable parameters of the linear
regression, which obtains the bias estimation s; corresponding to
the class y;.
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Figure 4: Illustration of calibration adapter. In this case, SST5 serves as the downstream target task.

4.2.3 Calibrating Class Scores. The class probabilities that are the
input to CA are first subtracted by the corresponding bias estima-
tions and then normalized to get the calibrated class scores:
P;' =pi—Si
_ep(p/)
it
Xjexp(p;/7)

™

where a small temperature controler 7 and a Softmax function
are employed to prevent overfitting; p; is the calibrated class score
associated with the class y;.

4.3 Self-guided Training Strategy
Inspired by CC [39] and considering the content-free nature of the
probing samples, each probing sample should be scored equally
over the target class set Y in an ideal non-biased situation. As a con-
sequence, we propose a self-guided training strategy to carry out a
distribution-level optimization that aims to make the class scores
for probing samples uniform. Since the impact of calibration dur-
ing training phase should be measured at the distribution level, we
choose Jensen-Shannon (JS) divergence as a metric to assess the sim-
ilarity between the ideal class score distribution U = [1, 1 1]

e
and the calibrated class score distribution P = [p1, p2, ..., pn] for a
probing sample:
t=JS(UP) ®)
where the length of U is n, and U does not require gradient.
The final training objective £ is as follow (K means the number of
probing samples in a batch):

K
L=X¢ ©)

The smaller the loss on the development set of probing samples,
the better the performance of CA is considered to be.

The proposed self-guided training strategy enables us to take
advantage of the probing samples to fine-tune and select only the
proposed model CA, respectively, while keeping the PLM encoder
frozen. Therefore, since without further pre-training or fine-tuning
a PLM, and several tasks can share a common PLM encoder as
backbone, our research provides a lightweight solution to reduce
negative effects of the biases of PLMs.
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4.4 Transfer

After being fine-tuned and selected on the training set and the
development set of the probing samples (as the source domain)
respectively, CA is directly transfered to calibrate the output proba-
bilities of GPTs on a downstream target task (as the target domain)
without further fine-tuning. CA classifies a test sample into the
class with the highest calibrated class score:

argmax p; (10)

1

5 EXPERIMENTS
5.1 Probing Samples for Training

Reconsidering the construction of probing samples described in
Section 3, the remaining questions are: (1) What should be the sam-
pling probability associated with each token id? (2) What should be
the length of a token ID sequence? (3) How many probing samples
should be constructed?

5.1.1  What should be the sampling probability associated with each
token id? In this paper, we focus on improving the zero-shot perfor-
mance of downstream target tasks; wherein neither do we know the
data distributions of the downstream target tasks, nor can we make
any assumptions about the data distributions of the downstream
target tasks. Therefore, we simply sample a token ID according to
a uniform distribution over all token IDs.

5.1.2 What should be the length of a token ID sequence? To better
understand the effect of probing samples decoded from token ID
sequences of different lengths in stimulating the biases of GPTs, we
conduct a pilot study with the prompt used by SST2 dataset [28].
In this case, we set the lengths of token ID sequences to 1, 5, 10, 15,
20, 25, 30, 35, 40, 45 and 50 respectively, and with each length, we
randomly generate 100 token ID sequences; each randomly gener-
ated token ID sequence is decoded into a token sequence, where
the decoded token sequences are regarded as probing samples used
here. The probing samples share the same prompt template (shown
in Table 1) with SST2 dataset. Fig. 5(a) shows the results, and we
can summarize the following conclusions: (1) When the length of
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Figure 5: Preliminary study of probing samples for training.

the token ID sequences is relatively small, such as less than 30,
the biases stimulated by probing samples decoded from token ID
sequences of different lengths are quite different. Specifically, as
shown in Fig. 5(a), when the length of the token ID sequences is
fixed to 1, there are 78% probing samples that are classified into
the classes Positive by GPT2 (125M), indicating that GPT2 (125M)
shows the bias towards the class Positive; however, when the length
of the token ID sequences is fixed to 10, there are 36% probing sam-
ples that are classified into the classes Positive by GPT2 (125M),
indicating that GPT2 (125M) shows the bias towards the class Neg-
ative. (2) When the length of the token ID sequences exceeds 30,
the biases stimulated by the probing samples decoded from token
ID sequences do not change significantly anymore. Therefore, we
argue that the randomly generated token ID sequences should not
be fixed to have the same length. We propose to set the length of
a randomly generated token ID sequence to a random value that
does not exceed a given upper limit, and on account of zero-shot
settings, we sample an integer according to a uniform distribution
over all positive integers up to the given upper limit as the length
of a token ID sequence. We will discuss the value of the upper limit
next.

5.1.3 How many probing samples should be constructed? In order
to determine the upper limit of the lengths of randomly generated
token ID sequences, and the number of probing samples that should
be constructed, we conduct preliminary experiments on the test
sets of SST2 dataset and SST5 dataset respectively. In this case, we
set the length of a randomly generated token ID sequence to a
random value that does not exceed a given upper limit u, which is
one of the following values {10, 20, 30, 40, 50}. With a upper limit u,
we randomly generate m and one-tenth of m token ID sequences,
which are decoded to constitute the training set and development
set of probing samples respectively; m is one of the following values
{800, 1600, 3200, 6400, 12800, 25600, 51200}. In zero-shot settings, for
the samples in the test set of a target task (SST2 or SST5), the output
probabilities of GPT2 (1.6B) over the class set of the target task are
calibrated by our model CA, which is fine-tuned and selected on the
training set and development set of the above generated probing
samples respectively; and the probing samples share same prompt
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template (shown in Table 1) with the target task. The calibration per-
formance of CA is reported in Fig. 5(b), and we have the following
conclusions: (1) Overall, increasing the number of probing samples
can significantly improve the performance of calibration adapter
(CA). When the number of probing samples exceeds 12800, the per-
formance gain of CA is no longer significant, and the performance
of CA tends to stabilize. (2) CA can achieve the best performance
when the upper limit of the lengths of randomly generated token
ID sequences is set to 30, which can be better understood through
the observations described in the previous subsection, namely that
the biases stimulated by the probing samples decoded from token
ID sequences whose lengths exceed 30 do not change significantly
anymore. Based on the above analysis, for all of the following exper-
iments (unless specified otherwise), we empirically set the upper
limit of the lengths of randomly generated token ID sequences to
30, and set the number of probing samples in the training set and
development set to 12800 and 1280 respectively.

5.2 Experiment Settings

In this paper, we adopt following pre-trained language models
(PLMs): GPT2 [22] and GPT3 [3]. We construct training and de-
velopment sets of probing samples for each task according to the
discussions in Subsection 5.1. GeLU [11] is employed as the acti-
vation function, and the dropout rate 0.2 is used to randomly zero
some of the elements of the input tensor during training phase. We
generally set the value of the temperature controller 7 to 0.1 or 0.01
depending on the target task. The potentially transformation sizes
dq and dy are set to 1024 and 3072 respectively, and the trainable
parameters of each channel of CA are randomly initialized.

5.3 Evaluation Datasets

We conduct a systematic study across 7 popular English datasets:
the 4-way AGNews [38] is a topic classification task, SST-2 [28]
and SST-5 [28] are various granularities of sentiment classification
tasks, the 6-way TREC [32] is a question classification task, the
3-way CB [6] and binary RTE [5] from SuperGLUE [33] are textual
entailment tasks, and BoolQ (BQ) [4] poses yes/no (i.e. Boolean)
questions based on a multi-sentence passage. Table 1 shows the
prompt templates used for each dataset.

5.4 Baselines

LM. LM represents the performance of the employed PLMs with-
out being calibrated, namely as defined in Equation 2.

Avg. Following PMIpc [12], the average strategy (Avg) extends
from Equation 3 and is defined as: argmax %p(y,- |T(x)), where t;
i i

is the number of tokens in the class y;.

Unc and PMIpc. PMIpc [12] proposes to compensate for com-
mon token bias by directly factoring out the probability of each
class:

(11)

where Xjomqin is @ domain premise chosen for a specific task. As
shown in Table 1, we employ the same domain premise for each
task as in PMIpc. Unc [12] ignores the premise x completely, and
only uses a domain premise: argmax p(y;|Xgomain)

1

argx_nax(bgp(yi IT(x)) — log p(yilXdomain))
i
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Table 1: The templates used for each task, along with an example instance. For each dataset, we employ the same prompts as in
PMIpc [12]. The domain premises are marked in [-]p, and parts specific to each domain premise are underlined. The correct

candidate answers for each instance are marked in [-]4.

Task Type Dataset Templete

AGNews title: Touchy Times at Midas\n summary: The auto maintenance company has a simple business but a complicated prognosis.[\n topic:]p [ business]a
giﬁsiﬁcation SST2 “A smart , sweet and playful romantic comedy [ The quote has a tone that is]p [ positive]a

SST5 “Daring , mesmerizing and exceedingly hard to forget [ The quote has a tone that is]p[ very positive]a

TREC What is the oldest city in the United States ?[ The answer to this question will be]p[ a location.]s
Entailment RTE The girl was found in Drummondville.\n question: Drummondville contains the girl.[ true or false?\n answer:]p[ false]a

CB question: Given that “A: Your turn. B: Okay. Uh, I don’t think they should abolish it Is “they should abolish it” true, false, or

neither?\n[ the answer is:]p [ false]a

Boolean QA BoolQ

title: The Resident (TV series)\n question: Is the tv show the resident over for the season?[\n answer:]p[ yes]a

Table 2: Performance comparison when using GPT2 and
GPTS3 for zero-shot inference. (Acc: %).

PLMs Methods AGNews SST-2 SST-5 CB TREC RTE BQ
Unc 250 499 181 089 226 527 62.2

574  63.6 274 482 230 51.6 588

GPT2 vg 574 636 244 482 144 51.6 5838
(125M)  pMIpc 63.0 67.1 300 50.0 364 498 51.1
ALC 606 663 288 482 384 509 56.1

cC 554 634 300 107 46.0 487 38.0

CA 64.6 784 392 51.8 420 54.2 62.2

Unc 250  49.9 17.6 089 226 473 62.2

LM 643 802 185 500 288 53.1 60.8

GPT2 Avg 643 802 272 500 122 531 60.8
(350M)  pPMIpc 64.4 86.2 393 500 21.6 549 497
ALC 644 849 27.9 500 328 542 57.6

cC 643 840 413 143 436 498 505

CA 69.6 873 421 57.1 50.8 56.7 62.2

Unc 250  49.9 17.6 089 226 473 62.2

LM 607 770 203 482 228 53.1 580

GPT2 Avg 607 770 267 482 226 531 580
(760M)  PMIpc 64.1 85.6 220 50.0 44.0 542 46.7
ALC 630 842 213 500 372 55.6 52.6

cC 555 831 423 089 406 53.8 552

CA 64.6 865 43.0 53.6 434 549 62.2

Unc 250  49.9 17.6 089 226 473 62.2

LM 648 840 304 500 228 47.7 563

GPT2 Avg 648 840 291 500 240 47.7 563
(1.6B)  PMIpc 65.4 87.5 40.8 50.0 32.8 53.4 495
ALC 649 867 357 500 468 50.5 53.6

cC 600 820 432 179 373 485 498

CA 67.6 879 44.9 589 542 556 62.2

Unc 250  49.9 181 089 130 473 62.2

LM 69.0 537 200 51.8 29.4 487 585

GPT3 Avg 690 538 204 518 19.2 487 585
(2.7B)  PMIpc 67.9 723 235 571 572 51.6 535
cC 632 714 347 500 388 495 56.9

CA 69.5 79.1 358 589 59.0 545 622

Unc 250  49.9 17.6 089 226 473 37.8

LM 754 63.6 270 482 472 560 625

GPT3 Avg 754 63.6 273 482 254 560 625
(175B)  pPMIpe 74.7 714 296 500 584 643 64.0
CC 739 758 319 482 574 57.8 610

CA 762 717 361 732 594 66.1 64.0

ALC. ALC [16] factors out the probability of each answer pro-
portional to the similarity between a premise x and a hand-picked
neutral context. As discussed in ALC, the domain premise Xjmqin
defined in PMIpc can be employed as a neutral context used here
due to its neutral nature. ALC can be defined as:

argmax(logp(yi IT(.X')) - g(T(x), xdumain) Ing(yl |xd0main)) (12)
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where g(T (x), Xgomain) is the similarity estimation. Following ALC,
we consider Total Variation Distance to estimate the similarity:

9(T(x), Xdomain) =1 = 0.5 X |[po(T(x)) = po(Xdomain) 1 (13)

po indicates the probability vector output by the employed PLM
across the vocabulary for the first token given the corresponding
context. Limited by the API provided by OpenAlI °, and following
the paper [16], ALC is only used to calibrate the outputs of GPT2.

CC. CC [39] computes an affine transform for each content-
free input to make the class scores uniform respectively, and then
averages the parameters of these learned affine transforms to attain
a final affine transform, which is transfered to correct the output
probabilities of GPTs on a downstream target task. Following CC,
three content-free samples are employed here, namely N/A, [MASK]
and the empty string.

5.5 Key Results and Analyses

Zero-shot results for GPT2 and GPT3 are reported in Table 2. There
are several observations drawn from the results.

First, the overall comparison indicate that our model CA can
consistently achieve SOTA performance (38 out of 42) while remain-
ing lightweight (e.g. 6.3M and 15.8M tunable adapter parameters
for SST2 task and SST5 task respectively); the calibration ability
acquired by CA on the probing samples can be successfully trans-
fered to calibrate the output probabilities of GPTs on a downstream
target task, which contributes to reducing negative effects of the
biases of GPTs and boosting zero-shot performance.

Second, our model CA adapts smoothly to GPTs of different
sizes, where some improvement is pretty significant; for instance,
when using GPT3 (175B) for zero-shot inference, CA improves the
accuracy on the CB dataset from 50.0% to 73.2%. Even when the
baseline models perform well, the improvement is still decent.

Third, let’s focus on the worst-case performance of each prime
model. Except for CA, calibration performed by all other models can
sometimes cause a negative impact on the zero-shot performance
of GPTs. For instance, CC causes the accuracy on CB to drop from
50% to 17.9% when using GPT2 (1.6B) for inference, and PMIpc and
ALC causes the accuracy on BQ to drop from 60.8% to 49.7% and
57.6% respectively when using GPT2 (350M) for inference. For GPTs
of various sizes, not only does CA cause no negative impacts, but its

®beta.openai.com/docs/api-reference/completions/create
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Table 3: The mean and standard deviation for 5 randomly
sampled sets of 2 examples used for few-shot inference. SST2
dataset is employed here. Avg is excluded, as it is equivalent
to LM due to using single-token answers. (Acc: %).

PLMs Unc LM

GPT2 (125M) 49.9.00 60.740.0
GPT2 (350M) 49.9:00 74.1:13.6
GPT2 (760M) 49.9:0.0 74.8+12.0
GPT2 (1.6B) 49.9. 00 71.6104
(
(

PMIpc  ALC

61.8+104 61.51103
77.8+12.3 77.111238
7391131 74.61132
70.5+11.0 70.9+10.2
69.1413.0 -
64.9.10.1 -

CcC

61.1450
82.1:+46
774489
682485
784122
7814136

CA

75.4.3 ¢
883115
88.2.14
82.6.3.2
81.6.39
86.715.4

GPT3 (2.7B) 49.9.0 58.1s7.9
GPT3 (175B) 49.910 79.11100

calibration performance is extremely competitive even when sub-
optimal. We argue that the special content-free samples employed
by CC and the neutral domain premises employed by PMIpc and
ALC are both selected manually, which introduces large sampling
errors, limiting the transferability of CC, PMIpc and ALC respec-
tively. Our model CA learns calibration knowledge from a large
number of probing samples, and the delicate model design along
with the proposed self-guided training strategy makes CA highly
transferable and consistently superior.

To summarize, the results in this experiment not only confirm
that it is reasonable to take advantage of the class scores for probing
samples to reflect and estimate the biases of GPTs on a downstream
target task, but also fully illustrate that our model CA is able to con-
sume the probing data effectively and achieve superior calibration
ability and transferability.

5.6 Few-shot

While this paper is focus on zero-shot settings, CA is just as appli-
cable to few-shot scenarios. Table 3 reports the mean and standard
deviation of 5 randomly sampled sets of 2 examples that are used
by each model for SST2 task. The overall trend clearly favors CA.

5.7 Generalization

In this subsection, we investigate the generalization ability of differ-
ent calibration models on unseen probing samples. In this case, ac-
cording to the construction strategy discussed in Subsection 5.1, we
construct 1280 probing samples, which constitute the test set used
here. The classes of SST5 dataset are taken as the target classes, and
SST5 shares the same prompt template with the probing samples
used here. For each probing sample, Jensen-Shannon (JS) diver-
gence serves as a metric to assess the similarity between the ideal
class score distribution and the actual class score distribution (with
or without being calibrated). The results reported in Fig. 6 show
that CA has better generalization ability on probing samples, which
reflects that CA can consume the probing data more effectively.

5.8 Ablation Study

We finally conduct two ablations on CA. Firstly, we further analyze
how effective CA is at utilizing probing data. To do so, we compare
the accuracy of CA and CC when consuming the same number of
content-free probing samples. We evaluate this ablation on SST2
and SST5, and use GPT2 (1.6B) for zero-shot inference. We find that
CA can effectively acquire calibration knowledge as the number of
consumed probing samples increases, but CC cannot (Fig. 7(a)).
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Figure 6: Illustration of the distributions of similarities be-
tween the ideal class score distributions and corresponding
actual class score distributions predicted by GPT2 and cali-

brated by different models on a test set of probing samples.
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Figure 7: Illustration for ablation studies.

We also study how the capacity of CA affects accuracy. In Fig. 7(b),
we use GPT2 (1.6B) for zero-shot inference, and show the accuracy
for SST5 for different capacity of CA, which depends on d; and d
in Equation 6. Overall, increasing the capacity of CA can effectively
improve the performance of CA; when the capacity of CA exceeds
a certain limit (such as dj exceeds 1024 and dy exceeds 3072), the
performance gain is no longer significant. Therefore, we empirically
set di and dy to 1024 and 3072 respectively.

6 CONCLUSION

In this paper, we first construct probing samples with the randomly
generated token sequences, and we pursue an in-depth research
on the plausibility of utilizing class scores for the probing sam-
ples to reflect and estimate the biases of GPTs on a downstream
target task. We propose a lightweight model Calibration Adapter
(CA) along with a self-guided training strategy that carries out
distribution-level optimization, which enables us to take advantage
of the probing samples to fine-tune and select only the proposed
CA, respectively, while keeping the PLM encoder frozen. Extensive
experiments and analytical studies are conducted to demonstrate
the rationality and superiority of our research.
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