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Abstract

One of the crucial parts of using ChatGPT
is adopting a proper prompt to obtain the
desired answer from it. However, how
different prompt designs affect ChatGPT
performance is still not well studied. In this
work, we concentrate on three selected
natural language processing (NLP) tasks
(i.e., paraphrase judgment, natural
language  inference, and  question
answering), as we have found that previous
works in this area lack systematic analysis
of how prompts should be set. We thus
propose the prompt formula, which is a set
of binary prompt features characterizing
the prompt, for systematically testing
various characteristics of prompts (such as
the politeness of the language, answer type,
and label specification). We then identify
the prompt feature set that performs best in
the zero- and few-shot scenarios. The
experiments show that the appropriate
prompt formula could improve the
ChatGPT performance by up to 15%, in
comparison with those existing prompting
formats reported in the NLP literature. We
also show that adding training samples (i.c.,

the few-shot case) sometimes even
deteriorates the performance.
Keywords:  ChatGPT, prompt engineering,

paraphrase judgment, question answering, natural
language inference, LLMs

! https://openai.com/chatgpt/
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1 Introduction

ChatGPT! released as an API model by OpenAl is
a generative foundation model specializing in
language processing (Wang et al., 2023). Among
those recently released Generative Al models
(Gozalo-Brizuela and Garrido-Merchan, 2023),
ChatGPT has gained significant popularity not
only because of the commercial success of its user-
end API but also due to the ease of use for a large
variety of tasks (Wang et al., 2023).

Although numerous publications on ChatGPT
discuss its limitations and its evaluation, we found
that the impact of varying the prompt formats on
performance is still under-represented in the
natural language processing (NLP) literature. The
lack of sufficient attention to the issue of selecting
a proper prompt pattern in the experiment design
is especially noticeable during evaluating
ChatGPT on specific NLP tasks (such as
paraphrase judgment (PJ), natural language
inference (NLI), and question answering (QA)). In
most related works, the prompt formats are either
just arbitrarily set without sufficient justification in
advance (Wang et al., 2023), or directly borrowed
from previous works without explanation (Shen et
al., 2023; Zhong et al., 2023).

As a result, the impact of using various prompt
formulas is either not systematically compared or
lacks in-depth analysis (Basmov et al., 2023;
Kocon et al., 2023). Unfortunately, using ChatGPT
without understanding the effect of prompt pattern
on the model accuracy could lead to unfair
performance comparison (Qin et al., 2023). Since



the training data/procedure of ChatGPT is not
transparent to the end-user, and it has been shown
that prompt engineering considerably affects the
performance (Qin et al., 2023), it is thus important
to test and get an appropriate prompt pattern before
ChatGPT is used for the given task.

To achieve the above goal, we first select
features re-occurring in the prompts used by
previous works (Basmov et al., 2023; Jang and
Lukasiewicz, 2023; Lai et al., 2023, Shen et al.,
2023; Wang et al., 2023), and then propose the
prompt formula, which is a set of binary prompt
features (i.e., “+” or “-, which denote on and off
states, respectively) that characterize the prompt.
For example, the usage of polite words could be
adopted to categorize various prompts, as shown in
Figure 1 and Table 1. Afterward, we use this
prompt formula to systematically select the
appropriate prompt for the given task, which is
done via the Sequential-Forward-Selection (SFS;
Ferri et al., 1994) feature-set selection procedure.
An appropriate prompt formula would be found for
each specific NLP task.

To show the superiority of the proposed
approach, we design a series of experiments to
check how those features impact the model results.
For each task, we manually create its associated
base prompt, which is a common prompt
additionally interleaved with a few pre-specified
empty placeholders. Each placeholder is used to
insert additional information associated with a
specific feature. Figure 1 shows an example of the

feature “List allowable answers” (under the “feat.”
column in the right table), which has been filled
with the corresponding purple string <reply
“paraphrased” or “not-paraphrased”> (left).

Each type of placeholder corresponds to a
specific prompt feature. Furthermore, we propose
a data augmentation method, which instantiates the
above base prompt by inserting the corresponding
content into those placeholders. In this way, we can
generate the corresponding prompt, which will be
applied to a specific NLP task later, for each
specified feature configuration. We then adopt the
SFS approach to select the best feature
configuration (among 6 different features) for each
adopted NLP task in both zero- and few-shot
scenarios.

Our experiments adopt several types of datasets:
(1) two PJ datasets including MRPC (Dolan and
Brockett, 2005) and QQP (Aghaebrahimian,
2017), (2) an NLI dataset (SNLI; Bowman et al.,
2015), and (3) a multiple-choice QA dataset
(CommonsenseQA; Talmor et al., 2019). We select
these datasets as they are frequently adopted to test
common NLP tasks with varying levels of
difficulty.

Based on our experiments, we show that
carefully selecting an appropriate prompt formula
could improve the results by up to 15% in
comparison with the best prompt formulas adopted
in previous representative works. We further show
that the current ChatGPT model with GPT-3.5
backbone sometimes lacks the ability to generalize

feat"“ Eon Content filled in the placeholder o
(+) )
Please answer whether S1 and S2 are
paraphrased or not. You should  polite words “please” @ +
consider the syntax and semantics of state desired model .
the sentences to compare their o] answer” o *
meaning. Please rep:!y ‘paraphrased” | \yay o integrate  integrated within | cited below using )
or  ‘not-paraphrased’. Your answer test sample the prompt text variables
should be only one word, in lowercase list key “ consider the
letters. ; 2 o +
St competencies syntax...
> b= list allowable  “reply “paraphrased”
S2:[.] answers or..." @ *
Answer: specify answer “your answer
%] +
format should...”

Figure 1: An example for instantiated prompt (left block) used for the paraphrase judgement task (its associated
prompt formula and base prompt are shown in the right part). Each color indicates a specific kind of
placeholder that has been filled with the corresponding content of the associated feature value (as listed in the
table). On the right table, the “feat.” column indicates the corresponding feature names; the “Con.” column is
the content for the corresponding binary feature value, and the “ex.” column is the corresponding binary feature
value (i.e., “+” and “-”) for the prompt example given on the left.
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from a small number of examples (i.e., the few-
shot scenario) to other similar cases.
Our contributions include:

Analyzing all the prompts collected from
those published NLP-related papers that
we have read (mainly related to PJ, NLI,
and QA), and then categorizing them into
6 different binary features.

Proposing the prompt formula to use it for
systematically selecting the appropriate
prompt for the given task.

Using SFS to look for the best
corresponding prompt formula for each
task, which allows up to 15%
improvement on selected tasks in
comparison with the best prompting
method listed in the related literature.

Showing that adding examples to the
prompt sometimes even deteriorates the
performance of the few-shot scenario in
selected tasks, which violates the
common intuition.

Releasing the code, which can be used to
select the best corresponding prompt
formulas for other datasets/tasks.?

2 Feature selection and

generation

prompt

In this section, we first categorize the prompt
patterns with distinctive features (Section 2.1) and
then show how we use these features to generate
the prompts that could be used in our experiments
(Section 2.2).

2.1 Prompt pattern categorization

We begin by analyzing a range of existing prompts
(concentrating on those applied to PJ, NLI, and QA
tasks®). We then categorize them into 4 main
prompt categories (as shown in Table 1) depending
on: (1) adopting polite words such as “please” (Lai
et al., 2023); (2) attaching the information about
how to solve the problem (Liu et al., 2023a; Wang
et al., 2023); (3) attaching the information about
the desired answer (Basmov et al., 2023); (4)
adopting a specific way for integrating the test
sample into the prompt (i.e., whether the test
sample is inserted within the prompt text or below
(Shen et al., 2023)). Each category will be further
elaborated as follows.

The first category of adopting polite words is
rather self-explanatory and usually involves adding
words such as “please” or using politer modal
verbs (e.g., “could” instead of “can”) (Lai et al.,
2023). The second main category includes two

Adopt Attach information about Attaching information Wav to
polite solving the problem about the desired answer | . y
Work task - - integrate the
words Desired List key Allowable Answer
. . test sample
action competencies answers format
Jang and
Lukasiewicz PJ - - - - - -
(2023)
Wang et al.
(2023) PJ - + - + - -
Basmov et al. NLI i N + + + i
(2023)
Lai et al. NLI + + - + + -
(2023) QA - + + + + -
Shenetal.,
(2023) QA1 - ¥ ) ¥ - ¥

Table 1: Prompt features in previous representative works. The “+” sign indicates that the feature is present.

I3k

In contrast, the

even among the tasks mentioned within one publication.

2 https://github.com/alsmolka/gpt-prompt-analysis

3 In our work, we concentrate only on single-stage
prompting such as that mentioned in Lai et al. (2023), and
do not consider multiple-stage prompting such as that
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sign indicates that it is not. The prompt formulas vary greatly across different works, and

adopted in Kojima et al., (2022) or Qin et al., (2023).
However, our proposed approach can be also applied to the
multiple-stage prompting with slight modification, which is
beyond the scope of this work.



sub-categories describing whether the prompt
provides additional information for solving the
problem. The prompt might either: (a) explicitly
include a verb describing the desired action to get
the answer (e.g., “select”, “compare”, ... (Wang et
al., 2023)), or (b) list key competencies, which
explains what type of skill or information is needed
to solve the problem (e.g., “use commonsense
knowledge” (Lai et al., 2023)).

The third category specifies whether the desired
answer is explicitly specified within the prompt. It
also includes two sub-categories, and can either:
(a) list all allowable answers (e.g., “yes” or “no”
for binary classification (Wang et al., 2023)), or (b)
specify the desired answer format (e.g., limiting the
desired answer to have only one word, (Basmov et
al., 2023)).

Finally, the last way of grouping the prompts is
based on how the test sample is integrated into the
prompt: (1) directly cited within the prompt text

(e.g., “Are following sentences paraphrases:
[sentencel], [sentence2]” (Shen et al., 2023);
task work dTeSt #SPL| Acc.

ataset
Jang and
Lukasiewicz, | MRPC | 1000 0.54
(2023)
Wang et al.,
o) (2023 | | MRPC| 1000 | 060
Jang and
Lukasiewicz, | QQP | 1000 0.72
(2023)
Wang et al.,
2023) QQP | 1000 | 0.50
Basmovetal- | Ny | 1000 | 0.47
NLI L(2'02ts)|
ai et al.
2023) SNLI | 1000 | 0.45
Laietal, | coa [ 1000 | 057
oA (2023)
Shen et al.,
2023) CQA | 1000 | 0.61

Table 2: Performance of test prompt formulas from
two representative previous works (“work™) for
each task (“task’) and dataset (“test dataset™). Each
row corresponds to a single formula. #SPL indicates
the number of prompted samples, and “Acc”
indicates the associated accuracy using the given
prompts. Selected baselines are in bold.

4 Each sub-category listed in Section 2.1 is counted as a
distinct feature.
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corresponding to the “+* sign of the feature “way
to integrate the test sample” in both Figure 1 and
Tablel), or (2) provided below the main prompt in
which it is mentioned as a variable (e.g., “Are S/
and S2 paraphrases”, with S1 and S2 specified
below the whole prompt (Lai et al., 2023);
corresponding to the “-*“ sign and adopted in Figure
1).

Table 1 shows these adopted binary features
together with the corresponding contents adopted
in two previous representative works (for each
task). Each of the features can be specified with a
binary value (i.e., +/-).

2.2 Prompt generation for specific tasks

To better specify and systematically evaluate
different prompts, we propose using a pre-
specified prompt formula, which is a configuration
consisting of all 6* binary feature values mentioned
above, to generate various prompts with a specific
set of feature values (Table 1). We also propose a
base prompt, which contains various placeholders
of several types as shown in Figure 1 (colored
boxes), to use for generating the prompts used in
ChatGPT. We fill these placeholders according to
the assigned feature values specified in the
corresponding prompt formula. For example, for
the feature “polite words”, the two pink boxes in
Figure 1 will be filled with the word “please” if the
associated feature value is positive.

We manually specify a specific base prompt for
each task, in which additional text would be
inserted into the corresponding placeholders
(associated with various features) to generate the
desired prompt. In the few-shot scenario, the
additional benchmark examples are simply
inserted below the zero-shot base prompt.

3 Experiments

3.1

We select our benchmark datasets across a range of
NLP tasks, including PJ (i.e., MRPC (Dolan and
Brockett, 2005) and QQP (Aghaebrahimian,
2017)), NLI (i.e., SNLI (Bowman et al., 2015)),
and multiple-answer QA (i.e., CommonsenseQA
(Talmor et al., 2019)).

To prepare the test set for each task listed above,
we randomly take 1,000 samples for the

Datasets



development and 1,000 samples for the test set,
keeping the class balance.® We repeat sampling for
each task and dataset. We then generate the
prompts for the ChatGPT model as described in
Section 2.2. The development set in this scenario is
used to select the best feature configuration (i.e.,
the best prompt formula) and the test set is used to
report the final results.

For the few-shot scenario experiments (i.e.,
Experiment 2), we take the best prompt formula
found in Experiment 1 for each task and follow Liu
et al. (2023a) to additionally augment it with some
randomly sampled training data. We test 4
variations for adding the training data into the
prompts, including (a) 1 random example, (b) 2
examples randomly sampled regardless of their
classes (for all benchmarks), (c) 2 random
examples each from a different class, and (d) 4
random examples, two from each class. The last
two variants are only conducted for the tasks for
which benchmark datasets are associated with 2
classes (i.e., PJ-MRPC and PJ-QQP).

Furthermore, to measure the susceptibility of the
model to the change in the training sample
provided in the prompt, we calculate the standard
deviation (SD) of its performance (Sekander Hayat
Khan, 2011) on 5 sets of 1,000 generated answers.

gives us a total of 60K prompted samples to be
used in Experiment 2.

3.2

In our experiments, we adopt the ChatGPT API
with the GPT-3.5-turbo model. Following the
approach adopted in the previous publications
(e.g., Wang et al., 2023), the model is not fine-
tuned. Hence, the same model is always used in
either the zero-shot (i.e., baseline (Section 3.3), and
Experiment 1 (Section 3.4.1)) or the few-shot
scenario (i.e., Experiment 2 (Section 3.4.2)).

To simplify the performance evaluation step, the
answers obtained from ChatGPT are first
automatically normalized before evaluation, which
is similar to what has been done in the previous
works (Basmov et al., 2023), as we have found that
the format inconsistency between the benchmark
and the obtained answer causes a huge drop in its
performance. The normalization procedure is thus
introduced to reduce the output format variation
and includes the following three procedures: (1)
removing extra whitespaces, (2) correcting
punctuation,  which  involves  removing
unnecessary punctuation marks, and (3) casting all
words to lowercase and removing surplus strings
(e.g., the output “SI and S2 are paraphrases”

Experimental settings

Each set uses different training samples. It thus would be automatically converted into the
benchmark label “paraphrase”).
Development set Test set
Feat. name
none plt. act. | Lbl. | fmt cmpt. int. baseline | BEST
PJ-MRPC 0.54 051 | 063 | 0.56 | 0.52 0.60 0.62 0.60 0.72*
g ' | PJQQP 0.72 0.71 | 0.60 | 0.37 | 0.64 0.49 0.69 0.69 0.69
[%2]
@ 2 | NLI-SNLI 0.39 0.19 | 0.44 | 0.43 | 0.49 0.11 0.38 0.46 0.61*
QA-CQA 0.45 0.43 | 0.61 | 0.49 | 0.60 0.38 0.46 0.59 0.59
Table 3: Selection of the best prompt formula via the sequential-forward-selection (SFS; Ferri et al., 1994)

procedure (the zero-shot scenario). We report the accuracy measured from the following cases: (1) none of the
feature-switch is turned on (the first none column, treated as an additional pseudo-feature in the table), (2) only
one feature-switch is activated (the columns 2-7), (3) the baseline prompt from Table 2 (the baseline column),
and (4) the best prompt formula found via the SFS feature-set selection procedure (the “BEST” column). The
features used in the experiment: “plt.” — using the polite words; “act” — specifying the required action; “Lbl.”
— specifying the allowable answer labels; “fmt” — specifying the answer format; “cmpt.” — outlining the
competencies needed; “int.” — integrating the test sample into the prompt text. Results showing statistically
significant improvement over the corresponding baseline (p<0.05) are marked with a “*” symbol.

5 This method of preparing data for ChatGPT evaluation is
similar to those previous approaches such as in Shen et al.
(2023).
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Adopt Attach information about Attaching information Wav to
Task- Prompt polite solving the problem about the desired answer | . y
- - integrate the
dataset | formula language Desired List key Allowable Answer
. . test sample
action competencies answers format
PJ- baseline - + - + - -
MRPC ours + + - - - +
PJ- baseline - - - - -
QQP ours - - - - - -
NLI- baseline - + + + + -
SNLI ours - + - - + +
QA- baseline - + + N T
CQA ours - + + - + -

Table 4. Comparison of features between our best prompt and the baseline for each task-dataset combination
in the zero-shot scenario. The feature names (columns) are the same as those in Table 1.

3.3

We test each task-dataset pair using two different
formulas taken from earlier representative works
as listed in Table 1. Since it is unclear which
previous approach yields the best results based
only on the literature review, we choose the prompt
formula with the best performance on our test set
as its baseline. As a result, we end up with a total
of four baselines (i.e., one for each task-dataset
combination).

Table 2 shows the performance of the prompt
formulas tested across the task-dataset pairs.
Prompts selected as baselines are marked in bold.
The table additionally shows that the performance
of adopting various prompt formulas can vary
greatly even on the same task-dataset combination
(e.g., up to 22%, from 0.50 to 0.72, on the PJ-QQP
dataset), highlighting the importance of selecting
an appropriate prompt formula while using
ChatGPT.

Baseline selection

3.4  Experimental results

After establishing the baselines for performance
comparison, we conduct two key experiments to
test the impact of each prompt feature described in
previous sections. In Experiment 1 (Section 3.4.1),
we identify the best prompt formula based on the
prompt features outlined in Section 2, focusing on
the zero-shot scenario. Next, in Experiment 2, we
check whether adding a few training examples to
the prompt (i.e., a few-shot scenario) can enhance
the model performance (Section 3.4.2).

3.4.1 Experiment 1 (Zero-Shot Scenario)

In the first experiment, we adopt the zero-shot
scenario. We evaluate the effect of each feature we
have identified during prompt analysis (Section
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2.2, listed in Table 1). Afterward, we apply the SFS
(Sequential Forward Selection) procedure (Ferri et
al., 1994) to select the best prompt as represented
by a feature set. The experiment is performed
individually for each task-dataset combination and
evaluated on the development set. The SPF
approach allows us to identify the best feature
combination by progressively adding individual
features to the feature set greedily. At each
selection step, we check which feature addition
results in the best accuracy improvement. The
process continues until the potential feature set is
exhausted or if adding more features does not yield
any further improvements. The best feature set at
this stage becomes our final set of features.

Table 3 reports the accuracy for various prompt
formulas: (1) with all features turned off (on the
development set), (2) individually activating each
feature (on the development set), (3) the baseline
prompts selected from Table 2 (on the test set), and
(4) the best prompt formulas found via the SFS
procedure (on the test set).

To compare the established baselines (from
Section 3.3) with the best prompt formulas
obtained above, we apply the Student’s t-test
(Student, 1992). We uniformly split the whole test
set into n subsets (n=10) and calculate the mean
and variance of the model’s accuracy on these
subsets. Results showing statistically significant
improvement over the corresponding baseline
(p<0.05) are marked with an asterisk (“*”).

Table 3 shows that the best prompt formula (the
associated feature setting is given in Table 4) can
outperform its corresponding baseline by up to
15% (NLI-SNLI, 46% vs. 61%). For the PJ-MRPC
task, the improvement is 12% (60% vs. 72%). In
the remaining two datasets (i.e., PJ-QQP and QA-
CQA), our best prompts also match the



performance of the best prompt used in two
previous representative works (i.e., the baseline).

Table 4 compares the feature-setting of each best
prompt formula selected with that of its baseline. It
seems that each feature could be beneficial for
some task-dataset combinations, as all of them
appear somewhere in the best feature
configurations. Interestingly, for certain task-
dataset combinations, it is most beneficial to have
all the features turned off. This is the case for the
PJ-QQP task, where the prompt formula without
activating any features proved to be the best
(accuracy of 69% for both the baseline and our
approach; see the PJ-QQP row in Table 3). It might
be because the QQP dataset is noisy.® Providing
additional information about the answer (e.g., the
answer format) to ChatGPT might confuse, as the
benchmark samples do not always follow the
desired form specified in the prompt.

While it is difficult to draw any general
conclusion from Table 4, it seems that explicitly
stating the expected action for getting the answer
(by using verbs such as “select the answer” or
“compare”) is usually beneficial to the model
performance. This is supported by the observation

Please answer whether S1 and S2 are paraphrased or
not.

Example:

S1: “They are trying to turn him into a martyr, said
Vicki Saporta, president of the National Abortion
Federation, which tracks abortion-related violence.”
S2: “We need to take these threats seriously, said
Vicki Saporta, president of the National Abortion
Federation.”

Answer: negative

S1: “Mahmud controlled access to Saddam for everyone
but immediate family members, Pentagon officials
said.”

S7s

“Mahmud controlled access to Saddam and was
uently at his side.”

Figure 2. A few-shot prompt example for the PJ-
MRPC task with a single negative training example
added.

that the “Desired action” feature is activated in
most of the best prompt formulas.

On the other hand, not adopting polite wording
gives better results in all but one case (i.e., our best
PJ-MRPC prompt), and is also not adopted in most
related works (as shown by Table 1). We guess that
the majority of training data might not adopt the

6 It is noisy because a large subset of it has not been
manually checked after it was automatically collected from
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Task- Few-shot (SD) Zero-
dataset 1 1P+1N 5 2P+2N shot

PJ- 0.64 0.69 0.67 0.66 072
MRPC | (0.02) | (0.01) | (0.02) | (0.03) | =

039 | 071 | 0.62 | 0.76

PI-QQP| (0.13) | (0.04) | (0.09) | (0.03) | O
NLI- 0.57 0.64

sNUI | (0.03) | ™ | ooy | ™2 | 061

QA- | 0.45 0.69

CoA | (0.03) n/a (0.01) nfa | 0.59
Table 5. Comparison of zero-shot and few-shot

results using the best prompt selected in Experiment
1. The columns “17, “1P+IN”, “2” and ‘“2P+2N”
indicate various numbers of added training
examples (P-positive, N-negative). “n/a” cells
denote the datasets with more than 2 classes; as a
result, indicated scenarios cannot be applied.

2

polite wording; however, it cannot be confirmed
without inspecting the ChatGPT training samples.

Similarly, providing the competencies needed to
solve the problem often appears unnecessary or can
even negatively impact the performance (75% of
the cells under the “List key competencies” column
have a “-*“ sign). It is conjectured that providing
such hints might work better in the multiple-stage
prompting case, in which it is usually adopted (e.g.,
Shi et al.,, 2022), rather than the single-stage
prompting case like in our work.

For other features, it seems whether they should
be turned on or off depends on each specific task
and dataset. Overall, the experiment results (Table
3) show that our proposed prompt formula
selection approach can obtain the prompts that
outperform (or at least are on a par with) those
adopted in previous related works.

3.4.2 Experiment 2 (Few-Shot Scenario)

In the second experiment, we check the effect of
adding training examples to the prompt (i.e., the
few-shot scenario). We follow Liu et al. (2023a) to
add a few examples and use the best prompt
formula selected in Experiment 1 to generate the
new prompts by adding a few examples from the
respective training set to the original prompt (cf.
Section 3.1 for detailed explanation of how the
training samples are added). Figure 2 shows a

an online forum (https://quoradata.quora.com/First-Quora-
Dataset-Release-Question-Pairs).



prompt example for the PJ-MRPC task when
adding one training sample.

Table 5 shows the few-shot performance under
the scenarios mentioned above. We observe that
adding training samples improves the performance
in three out of four tasks (i.e., PJ-QQP, NLI-SNLI,
and QA-CQA). The highest improvement is 10%
(QA-CQA; from 0.59 in zero-shot to 0.69 in few-
shot, SD=0.01).

Interestingly, regardless of the number of added
examples, the performance on the PJ-MRPC task
decreases, which contradicts the common intuition.
Moreover, contrary to the other cases, the
performance when four examples are added is even
lower than the case when only two training
examples are added (i.e., 0.66 vs. 0.69; for the
2P+2N and 1P+1N cases). It is conjectured that this
performance drop might be due to the high
variability of MRPC samples; as a result, the added
training examples could be quite different from the
test sample in a given prompt, which might have a
negative impact on the inference procedure.

To sum up, adding training examples to the
prompt could be beneficial for getting better
performance in most cases. But just like other
prompt features, the result depends heavily on the
benchmark dataset and the task. Hence, before
adopting the few-shot scenario, it is necessary to
first test if it is indeed beneficial.

3.5 Ablation test and error analysis

To show that the post-processing steps taken when
obtaining answers from ChatGPT are essential, we
examine the performance in Experiment 1 without
conducting the automatic answer normalization.
The results show that the performance of each case
drops considerably, and is even close to O for the
PJ task (on both the MRPC and QQP datasets)
because  returning  human-acceptable  un-
normalized answers will not be counted as correct
during automatic evaluation (e.g., generating
“Paraphrase” or “yes, paraphrase” instead of the
expected answer “paraphrase”). It thus shows that
using the simple normalization procedure
mentioned in Section 3.2 could greatly alleviate the
format inconsistency problem.

We then check the errors made in the zero-shot
scenario (i.e., Experiment 1, Section 3.4.1). We
manually analyze one hundred errors randomly
sampled from each benchmark dataset. Based on
our analysis, the errors could be grouped into two
main categories: (1) incorrect answers (overall
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91%), in which ChatGPT returns wrong, but legal
outputs (e.g., “positive” instead of “negative” for
PJ; other tasks also behave similarly); (2) illegal
answers (overall 9%), in which ChatGPT generates
illegal outputs that do not match any of the
allowable benchmark labels in the given dataset.
This shows that although it is difficult to control the
model output format, it is alleviated to some degree
by our automatic normalization. Still, 9% of
answers could not be recovered.

For the few-shot scenario (Experiment 2) we
randomly sample one hundred errors from each
benchmark dataset. Similar to the zero-shot case,
most answers are legal but incorrect (94% of the
cases). Interestingly, the overall percentage of
illegal answers decreases by 3% in the few-shot
scenario (from 9% to 6%, compared with the zero-
shot case). It is conjectured that adding training
examples might help the generative model (such as
ChatGPT) better recognize what is the desired
output format.

4 Related work

Some recent works aim to evaluate ChatGPT,
especially in the context of its applicability to
various NLP tasks as a task-independent model
(Srivastava et al., 2022; Bang et al., 2023; Guo et
al.,, 2023; Kocon et al., 2023). Works that
concentrate exclusively on specific NLP tasks are
also common, including QA (Lai et al., 2023),
machine translation (Peng et al.,, 2023), or
summarization (Goyal et al., 2022, Zhang et al.,
2023).

Most works on prompt evaluation focus on
multi-stage prompting (Shi et al., 2022, Wei et al.,
2022, While et al., 2023, Zhou et al., 2022) as
opposed to our single-stage approach, though some
works are also applicable to single-stage
prompting as well (e.g., Liu et al., 2023a; Zuccon
and Koopman, 2023). In comparison to those
works, we  specifically categorize the
characteristics of various prompts and propose to
use the prompt formula to systematically and
automatically select the best prompt feature
combination for the given task.

5 Conclusions

Given the variation of prompts considerably affects
the performance of ChatGPT, we propose a prompt
formula for systematically selecting an appropriate
prompt for specific tasks. We conduct prompt



engineering on three NLP tasks: PJ, NLI, and QA.
The experiments have shown that the prompt
feature set selected via the SFS procedure could
improve the performance by up to 15% in
comparison with the best formula found from the
selected previous works (under the zero-shot
scenario). Furthermore, we also show that adding a
few training examples to the prompt sometimes
might even deteriorate the performance, which is
contradictory to the common intuition. This
underscores the importance of selecting a proper
prompt formula (both in terms of content and
structure) before applying ChatGPT to the
downstream task. In the future, the work in this
paper can be extended to include an automatic
pipeline allowing for automatic prompt selection
for any downstream NLP task.
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