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Abstract

Existing automatic prompt engineering methods are typically
designed for discriminative tasks, where new task prompts
are iteratively refined with limited feedback from a single
metric reflecting a single aspect. However, these approaches
are suboptimal for generative tasks, which require more nu-
anced guidance beyond a single numeric metric to improve
the prompt and optimize multiple aspects of the generated text.
To address these challenges, we propose a novel multi-aspect
Critique-Suggestion-guided automatic Prompt Optimization
(CriSPO) approach. CriSPO introduces a critique-suggestion
module as its core component. This module spontaneously
discovers aspects, and compares generated and reference texts
across these aspects, providing specific suggestions for prompt
modification. These clear critiques and actionable suggestions
guide a receptive optimizer module to make more substantial
changes, exploring a broader and more effective search space.
To further improve CriSPO with multi-metric optimization,
we introduce an Automatic Suffix Tuning (AST) extension
to enhance the performance of task prompts across multiple
metrics. We evaluate CriSPO on 4 state-of-the-art Large Lan-
guage Models (LLMs) across 4 summarization and 5 Question
Answering (QA) datasets. Extensive experiments show 3-4%
ROUGE score improvement on summarization and substantial
improvement of various metrics on QA.

Code — https://github.com/amazon-science/CriSPO
Extended version — https://arxiv.org/abs/2410.02748

1 Introduction

LLMs have emerged as powerful tools for various natural
language processing tasks, including text generation (Brown
et al. 2020). To fully leverage their capabilities, a critical step
is to design a precise fask prompt which specifies the desired
behavior of the LLM to solve a task. Manual prompt engi-
neering is often laborious, skill-intensive and sub-optimal,
motivating the need for automatic prompt engineering tech-
niques which automatically tune the task prompt.

Recent research has made notable progress in automatic
prompt engineering for discriminative tasks, such as text
classification (Zhou et al. 2022; Yang et al. 2023; Pryzant
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et al. 2023; Sordoni et al. 2024). These methods focus on
optimizing task prompts for a single metric on a single aspect.
The process typically involves instructing an LLM optimizer
with a meta-prompt to generate new task prompts based on
previously sampled task prompts and their corresponding
scores. By iteratively exploring candidates and selecting the
task prompt with the highest score, performance on the target
metric improves over numerous iterations. However, apply-
ing these methods directly to text generation tasks, such as
summarization, is sub-optimal due to challenges in obtain-
ing effective optimization signals. Unlike classification tasks,
where metrics are straightforward (eg. accuracy), automatic
metrics for text generation, like ROUGE (Lin 2004), provides
limited guidance for prompt refinement. For example, a lower
ROUGE score may result from aspects such as mismatched
length, differences in word choice due to formality, or varying
writing formats, making it difficult to guide LLMs in prompt
modification without fine-grained feedback targeting these
individual aspects. Furthermore, evaluating text generation
involves multiple metrics (Fabbri et al. 2021; Gao and Wan
2022; Elangovan et al. 2024). In addition to reference simi-
larity, other metrics such as factual consistency, which can
be assessed using metrics like AlignScore (Zha et al. 2023),
are also important. Balancing or utilizing these multiple met-
rics is not fully addressed by existing prompt engineering
methods that focus on optimizing a single metric.

To address these challenges, we introduce CriSPO, a
multi-aspect Critique-Suggestion-guided automatic Prompt
Optimization (CriSPO) approach. Overall, our approach em-
ploys LLMs to automatically identifies multi-aspect prompt
revision suggestions, based on which prompts are automat-
ically designed and refined (Table 8 in Appendix shows a
working example of how a prompt gets revised in CriSPO).
Inspired by recent self-reflection studies, where LLMs gen-
erate verbal feedback to aid in self-improvement (Gero et al.
2023; Shinn et al. 2023; Madaan et al. 2024), we designed the
first key component of CriSPO: the multi-aspect critique-
suggestion meta-prompt. It automatically discovers proper
aspects to compare generated text with reference, write cri-
tiques of flaws (Pryzant et al. 2023) and suggestions to im-
prove the task prompt (Figure 2 shows a word cloud of as-
pects identified by CriSPO, including number of words, style,
and precision). Both critiques and suggestions, written in
natural language, are more helpful for prompt improvement



than a single ROUGE score. We then create a receptive
optimizer meta-prompt that generates new prompts. In ad-
dition to conditioning on previous high-score task prompts
and scores, this optimizer also reviews the past critiques and
suggestions. It then generates an overall suggestion and an im-
proved task prompt candidate in a Chain-of-Thought (CoT)
(Wei et al. 2022) manner. Our approach iteratively optimizes
the task prompt using LLMs similar to previous work like
Optimization by PROmpting (OPRO) (Yang et al. 2023), but
it enriches the training signal with multi-aspect critiques and
suggestions to better optimize a text generation metric. To fur-
ther enhance performance by allowing the prompt to access
external data, we design the task prompt template that con-
tains placeholders for In-Context Learning (ICL) examples
or retrieved contexts. The receptive optimizer meta-prompt
generates these templates directly, so it can flexibly move
components in task prompt for better organization.

While CriSPO offers multi-aspect guidance for optimiz-
ing text generation through critiques and suggestions, we
further enhance this guidance by incorporating multiple met-
rics as additional teaching signals. To this end, we propose
a novel Automatic Suffix Tuning (AST) extension which
divides prompts into chunks conquering different metrics.
Through multi-objective learning, we improve each new met-
ric with little to no drop in existing metrics.

We test CriSPO on state-of-the-art LLMs, including
Claude (Anthropic 2023, 2024), Mistral (Jiang et al. 2023)
and Llama3 (MetaAl 2024), across 9 heterogeneous datasets.
These include 4 summarization datasets spanning various ab-
stractiveness, formats, and domains, as well as 5 QA datasets.
Extensive experiments demonstrate that CriSPO significantly
improves prompt quality and task performance over strong
baselines as verified by human evaluation. We also conduct
ablation study to assess the effectiveness of key ingredients.
Our contributions are summarized below:

1) We propose CriSPO, an automatic prompt engineering
approach tailored for generative tasks. It discovers aspects
to critique generated text and write suggestions for more
effective prompt revision.

2) We conduct comprehensive experiments across multi-
ple LLMs and datasets, demonstrating the effectiveness and
robustness of our method. We show an overall 3-4% improve-
ment on ROUGE scores with qualitative verification from
human evaluation. CriSPO also obtained consistent improve-
ments on various QA tasks.

3) We propose AST that enables prompt tuning for mul-
tiple metrics. We show that CriSPO with AST can jointly
optimize AlignScore (Zha et al. 2023) for faithfulness and
ROUGE for reference similarity.

2 Related Work

There is an increasing effort in the literature to explore
gradient-free automatic prompt engineering methods with
off-the-shelf LLMs. The focus of these approaches is to find
a good search algorithm for better prompt candidates to solve
discriminitive tasks. Earlier studies have employed conven-
tional paraphrasing methods for prompt generation through
editing phrases (Prasad et al. 2023) or back translation (Xu

et al. 2022). More recently, LLMs themselves have been used
to sample prompt candidates. Zhou et al. (2022) proposed Au-
tomatic Prompt Engineering (APE) which iteratively prompts
an LLM to generate semantically similar variations of the
locally best prompt. Pryzant et al. (2023) add verbal feed-
back based on error examples to propose better prompts in
terms of accuracy. Concurrently, Sordoni et al. (2024) learn
prompts with variational inference by considering their out-
puts as latent variables. Later on, Yang et al. (2023) propose
OPRO to improve over them by incorporating the history of
past prompts with their scores which stabilizes optimization.
More structured prompts have also been explored by impos-
ing expert-level planning (Wang et al. 2023). In a parallel
thread, Fernando et al. (2023) and Guo et al. (2023) were
inspired by evolutionary algorithms to perform mutation op-
erations for prompt generation. All of the existing approaches
have mostly been designed to target classification tasks us-
ing a single metric. Comparing to the existing studies, our
proposed method specifically targets the unique challenges
in text generation and approaches the prompt optimization
problem in a multi-aspect and multi-metric fashion. For prac-
titioners, Khattab et al. (2023) design DSPy framework to
build and optimize complex LLM pipelines in a program-
matic fashion. TextGrad (Yuksekgonul et al. 2024) further
generalizes optimization to text beyond prompt. Our CriSPO
can be used as a powerful optimizer in these frameworks.
Our approach is also inspired by recent studies on using
LLMs to automatically correct its output (Pan et al. 2023;
Madaan et al. 2024). Gero et al. (2023) apply multiple self-
reflection steps to improve the performance of information
extraction. Yan et al. (2024) use CoT to generate structured
comparison and preferences for two model outputs. Shinn
et al. (2023) argue the importance of the self-reflection history
and propose reflexion agent to provide verbal feedback on
past trials for better decision in the next trials. It is important
to notice that these self-reflection studies are strictly speaking
not automatic prompt engineering approaches as these studies
optimize output revision rather than directly on the prompts.
CriSPO, however, automatically reflects on the design of the
prompt and uses these past reflections to revise the prompts.

3 Method

Problem Formulation: In a text generation task, let Dy, =
{(2s,y:) }i=1...n be the training set, with a development set
Dgyev and a test set D, .. Here, x represents the input data,
and y is the corresponding ground truth reference. A task
prompt p comprises instructions that, when filled with input
x, are fed to a black-box API LLM ! to generate a comple-
tion § = LLMu5 (p, ). The goal is to optimize p using D; .,
and Dy, to identify an optimal prompt p* that maximizes
performance on one or more evaluation metrics on D; g .
CriSPO Overview: CriSPO is an automatic prompt optimiza-
tion algorithm designed to iteratively refine a task prompt p
from an initial seed prompt pg to the optimum: p* + F(po).
In each iteration ¢, we conduct the following steps:

'We use notations LLMas, LLMcrit, LLMop for clarity. Though
they share the same underlying LLM unless specified otherwise.
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Figure 1: The CriSPO workflow for text generation tasks. In each iteration, a candidate task prompt p; is applied to D ., (step 1)
and evaluated using a multi-aspect critique-suggestion meta-prompt M, (step 2). We select top-K previously sampled task
prompts (step 3) and use a receptive optimizer M, to generate the next candidate p;; (step 4). The automatic optimization loop
runs multiple iterations, while the best task prompt is selected based on performance on D

e Evaluate on D..,: Apply the candidate prompt p; on
De rn, call LLM, . to generate outputs {¢!};—1. , and
compute a primary metric sy, which can be a single metric
or an aggregation of multiple metrics.

* Generate Critiques and Suggestions: Apply the multi-
aspect critique-suggestion meta-prompt M, and call
LLM,, ;. tocompare {g!};—1. , and {y!};—1. ., and gen-
erate critiques and suggestions c; (see Section 3.1).

* Generate a Candidate Task Prompt: Select the top- K task
prompts from previous iterations based on the pri-
mary metric, and insert the corresponding K triples
{(pk, sk, cx)} into the receptive optimizer meta-prompt
M,. Then call LLM:; to generate the next candidate
prompt py+1 (see Section 3.2).

We evaluate the current prompt p; on Dy, and select p*
based on the primary metric. Upon reaching the maximum
number of iterations, we apply an optional AST to enhance
performance on secondary metrics on p* (see Section 3.3).
Figure 1 demonstrates the workflow of CriSPO on summa-
rization tasks. Table 8 (in Appendix) shows a concrete work-
ing example of CriSPO.

3.1 Multi-Aspect Critiques and Suggestions

Given a prompt p; and its outputs {§!} on D. ., we design a
multi-aspect critique-suggestion meta-prompt M. to identify
critiques — flaws of the generated outputs across multiple
aspects, and suggestions — specific edits on the task prompt
to rectify each flaw.

Constructive critiques with spontaneous dimension dis-
covery: In M., we first instruct LLM., ;. to generate sev-
eral task-specific and iteration-specific aspects for a given
batch of outputs from the current p;. This approach ensures
that as task prompts evolve across iterations, the focus re-
mains on relevant aspects, addressing specific issues that

arise. Figure 2 illustrates the aspects discovered during opti-
mization. For each aspect, M, instructs LLM_.,;+ to gener-
ates a critique highlighting potential problems of the outputs
generated with p, on the batch.

sconerl  § Number_of_sentences
oo s oA Length Syntax —
& ﬂ WOrd7Count';
Focus ¥ U
8 Specificity &
o

Grammatical_structureNumber_ of words
Number_of_characters

Figure 2: A word cloud showing the different aspects identi-
fied by CriSPO when comparing generations and references.

Multi-aspect suggestions: In line with each critique, a
corresponding suggestion is made by LLM_.;: to edit p;.
As opposed to Pryzant et al. (2023), we decoupled the edit
suggestion module from the new prompt generation process.
Rather than generating a new prompt with each suggestion,
we pack a history of critiques and suggestions into the recep-
tive optimizer for generating the next prompt, enabling more
stable optimization over the infinite search space.

Our M, is implemented in a single CoT meta-prompt
which generates, dimensions, critiques and suggestions in
one single LLM call, specifically

¢t = LLMuric (Me, pe, (a5 Yis 5 )i=1..m) -
M. for different LLMs and tasks are shown in Appendix H.

3.2 Receptive Prompt Optimizer

Our receptive prompt optimizer meta-prompt M, improves
over the OPRO optimizer meta-prompt (Yang et al. 2023)
by enriching its optimization trajectory {(pg, sx)} with past



Manual Automatic Prompt Engineering

0-shot 3-shot* OPRO CriSPO CriSPO 3-shot*
Dataset LLM Rl R2 RL RI R2 RL Rl R2 RL Rl R2 RL Rl R2 RL
CNN Claude In. 375 125 226 404 148 248 395 143 245 401 157 261 421 17.0 274
Claude3 388 144 240 403 154 252 397 151 5.1 422 173 279 416 163 27.1
Mistral 7B 30.9 11.0 204 307 10.6 20.1 365 144 230 385 143 239 385 143 24.1

Llama3sB 37.9 144 238 39.1 152 246" 415 163 265"
MeetingBank Claude In.  30.7 11.6 20.5 342 17.3 255 390 203 297 414 237 331 50.1 354 44.4
Claude3 312 142 223 375 220 295 415 21.8 320 474 325 409 585 46.5 54.1
Mistral 7B 26.0 11.5 185 31.3 14.8 227 339 154 242 391 195 293 352 167 26.1

Llama3sB 314 146 22.6 402 223 315" 447 276 368"
SAMSum  ClaudeIn. 339 11.7 256 37.8 143 288 38.1 134 287 444 169 343 457 18.7 36.2
Claude3 358 127 270 411 16.6 313 390 147 30.1 434 17.1 343 472 20.8 382
Mistral 78 32.0 102 24.1 39.5 14.1 303 379 13.6 290 37.6 124 284 40.0 142 30.8

Llama3ss 357 123 27.1 393 147 30.0* 44.8 18.8 354"
ACI-Bench  ClaudeIn. 43.8 169 26.1 515 23.6 33.5 452 163 255 53.0 19.7 268 582 26.7 353
Claude3 473 203 293 59.1 30.1 386 488 20.1 295 540 214 303 631 325 41.0
Mistral 7B 47.8 17.7 254 484 19.2 281 451 17.0 252 502 182 256 503 187 262

Llama3sB 505 19.8 27.7 542 220 293% 562 22.8 299*
Average Claude In. 365 132 237 410 175 282 404 16.1 27.1 447 190 30.1 49.0 244 35.8
Claude3 383 154 256 445 21.0 312 422 179 292 468 221 333 526 29.0 40.1
Mistral 7B 34.2 12.6 22.1 375 147 253 384 15.1 254 414 161 268 410 160 26.8

Llama3sB 389 153 25.3 432 186 288 46.8 214 322

Table 1: Comparing CriSPO with manual prompts and OPRO on representative summarization benchmarks. Averaged R1/R2/RL
(i.e. ROUGE-1/2/L) are reported across 3 runs. 3-shot*: 3-shot ICL with example selection. Claude3: Claude3 Sonnet. Claude
In.: Claude Instant. Llama3 results marked with (#) are using Claude3 Sonnet as the optimizer. 3-shot* results are empty for
Llama3 due to its limited context window. Standard deviation and SOTA results are in Appendix M. Claude3 Sonnet achieves

new SOTA ROUGE-1 performance on ACI-Bench.

critiques and suggestions cy. Thus, ours samples candidate
prompts for the next iteration conditioned on an enriched
optimization trajectory:

DPt+1 = LLMOpli (Moa {(pk:a Sk C]i))}) .

Specifically, we enhance the OPRO optimizer module with
the following three improvements to better utilize critiques
and suggestions for achieving stronger guidance and better
exploration. See Appendix I for all M, by LLMs and tasks.

Enriched optimization trajectory: The critiques and sug-
gestions generated in Section 3.1 are used in an enriched
optimization trajectory to propose new prompts via an OPRO-
style optimizer. Specifically, our enriched optimization trajec-
tory includes the top-K best-performing past prompts {py },
their scores {sg}, critiques and suggestions {cy }, sorted in
the ascending order by scores. Including critiques and sug-
gestions in the optimization trajectory allows the LLM to
avoid common limitations and identify common strengths
from the past prompts for stable optimization.

Chain-of-thought: After enriching the optimization trajec-
tory, we also apply CoT to the optimization process. Specifi-
cally, LLM.; is explicitly asked to first compare high-score
prompts to low-score ones, and then elicit general ideas and
learnings, and finally draft a new and better prompt. CoT fur-
ther ensures the optimizer to harness collective strength from

the history and identify a promising path through comparing
the divergent past prompts.

Flexible task prompt template: Instead of only tuning
instruction text and fixing the input position as in exist-
ing approaches such as OPRO, CriSPO optimizes the task
prompt structure using a template that can freely and nat-
urally move around input and instruction in the prompt.
It uses placeholders for the input and any external data.
For example, we instruct LLM to generate example place-
holder INSERT_EXAMPLES_HERE to indicate the posi-
tion of ICL examples. In Retrieval-Augmented Genera-
tion (RAG) settings, we introduce a context placeholder
INSERT_CONTEXT_HERE which will be replaced by the
retrieved context for each question. When filled the place-
holders with proper data, the task prompt clearly organized
all the information to help LLM, 55, better solve the task.

3.3 Multi-Metric Automatic Suffix Tuning

Using components in Section 3.1 and 3.2, CriSPO is ready
to optimize a primary metric. To benefit from more teaching
signals, e.g., completeness and faithfulness, here we extend
CriSPO to multi-metric optimization by proposing a novel
multi-metric learning extension named as AST.

In AST, we propose to optimize a suffix postscript o ap-
pended to p*, which has already been trained on certain
metrics. p* will remain fixed throughout the whole tuning



process for a new metric to preserve most of its performance
on existing metrics. p* is extended with an additional suf-
fix o* < F(op), which serves as a postscript to steer the
LLM toward the new metric and remedy any potential re-
gression in performance on existing metrics. Specifically, we
provide both the main prompt p* and each suffix o, in the
meta-prompts while asking the LLM to critique or refine
only the suffix. To ensure we maintain existing metrics while
improving on the additional metric, we take inspirations from
the balance terms of loss functions in multi-task learning (He
and Choi 2021) and compute an aggregated score across the
multiple metrics. Since the score of each metric is on differ-
ent scales and hard to estimate before training, we propose to
use the average ranking of each metric as the ultimate basis
to score prompt candidates in the meta-prompt.

4 Main Experiments
4.1 Experiment Setup

Datasets We select a diverse range of 4 summarization
tasks including conventional document summarization tasks
such as CNN daily mail (Hermann et al. 2015) (news headline
summarization), and also conversation summarization tasks
such as SAMSum (Gliwa et al. 2019), MeetingBank (Hu et al.
2023). In addition, we test on a medical-domain clinical note
summarization task, ACI-Bench (Yim et al. 2023). Detailed
data setup can be found in Appendix C. These tasks cover
various lengths, domains and styles as summarized in Table 9.
We report ROUGE-1/2/L F-measure (Lin 2004)? to measure
output similarity to the references.

LLMs and Baselines We test our approach on state-of-the-
art LLMs including proprietary models: Claude Instant (An-
thropic 2023), Claude3 Sonnet (Anthropic 2024), and open-
source LLMs: Mistral 7B (Jiang et al. 2023) and Llama3 8B
(MetaAl 2024). We use the same LLM for all the 3 CriSPO
modules: task inference, critique-suggestion and receptive
optimization, apart from the Llama3 setup. Specific hyper-
parameters with ablations are detailed in Appendix D.

Our baseline methods include manual prompts with
zero/few-shot ICL. These manual prompts are carefully tuned
for each task to incorporate length constraints and task guide-
lines, and therefore establish a high bar of performance from
manual prompt engineering (Appendix J). Given there are no
existing automatic prompting results for text generation, we
adapted OPRO (Yang et al. 2023), a competitive established
approach, on our selected tasks. We use the same hyper-
parameter setup in OPRO and CriSPO for fair comparison.

4.2 Main Results

As shown in Table 1, across all the tasks and LLMs, CriSPO
consistently improves over 0-shot manual prompt and OPRO
baselines. Overall, there are approximately 3-4 point improve-
ments for all LLMs. Even the strong state-of-the-art Claude3
Sonnet model can still greatly benefit from CriSPO. The con-
sistent improvement shows CriSPO is a more effective search

2We report additional metrics including AlignScore (Zha et al.
2023) and BertScore (Zhang et al. 2019) in Appendix M.

method than existing method (OPRO) to unlock the full po-
tential of these LLLMs, and offers an alternative solution to
the more labour-intensive manual prompt engineering.
Additionally, we found examples to be helpful as adding
3-shot ICL significantly improves the performance. Owning
to the versatile template in CriSPO, we can easily integrate
examples and we show CriSPO 3-shot can further boost per-
formance over CriSPO and achieves the best performance in
most setups. It is also worth noticing that the vanilla CriSPO
w/o ICL can match or even outperform manual prompt with
3-shot in most datasets and setups, reducing latency and cost.

4.3 Ablating Key Ingredients

Table 2 shows the ablation results of CriSPO with Claude
Instant on SAMSum dataset. We observed that the three key
components in our approach, including flexible template,
critique and step-by-step CoT optimization, are essential
for achieving optimal performance. Removing any of these
components leads to a decrease in performance. Removing
critique-suggestion module and CoT optimization altogether
leads to a 5 point decrease, similar to OPRO performance.
This indicates these two elements are essential to the success
of CriSPO and flexible template is only effective when being
added on top of these two elements.

Method Crit-Sugg CoT Template avg std

CriSPO v v v 444 19

X v v 428 0.8

v X v 439 03

v v X 422 1.6

X X v 374 34

OPRO X X X 38.1 1.3
Method Changing multi-aspect

CriSPO free multi-aspects 444 19

no multi-aspects 411 09

pre-defined multi-aspects 445 0.7

Table 2: Ablation studies of CriSPO on the SAMSum dataset
with Claude Instant. We report average and std deviation of
the ROUGE-1 F results across 3 runs.

The key novelty in our proposed novel critique-suggestion
strategy in CriSPO is that it has multi-aspect: i.e. the LLM
will generate multi-aspect comparison without enforcing pre-
defined aspects. To understand the effect of the multi-aspect
critique-suggestion, we provide two alternative baselines: 1.
no multi-aspect: we ask LLM to compare predictions and ref-
erences in general with no explicit requirement for generating
critique and suggestions along multiple dimensions/aspects.
This is in line with the approach adopted by Pryzant et al.
(2023). 2. predefined aspects: we carefully design dimensions
potentially helpful for the summarization task and include
verbosity, comprehensiveness, precision and style along with
their definitions (Appendix L). The no multi-aspect critique-
suggestion baseline performs significantly worse, lacking
critical and targeted suggestions due to its tendency to be too
general. The predefined multi-aspect approach is as effective
as CriSPO but we see no significant improvement from ex-
plicit definitions of dimensions. This is because the critique



LLM in CriSPO is already able to identify relevant dimen-
sions (such as completeness, verbosity etc. as in Table 8) for
each iteration without explicit guidance.

4.4 Qualitative Analysis and Human Evaluation

To qualitatively compare CriSPO outputs with the baselines,
we conducted human evaluation on 20 examples from the
SAMSum testset. We follow the procedure from Liu et al.
(2023) where the reference summaries are split into atomic
content units and annotators mark them as either present or
missing in the prediction summary. In total, we collected
300 annotations (100 annotations X 3 annotators). A final
normalized recall score is computed with a length penalty,
which indicates how similar the prediction summary is to the
reference summary. In our experiment, we asked three anno-
tators with postgraduate degrees to independently annotate
the summaries with blinded setup. The inter-annotator agree-
ment is “almost perfect” (0.8679 Fleiss kappa). We then took
the majority vote, and calculated the final normalized recall
score (human rating) using a de-correlated length penalty.

As shown in Table 3, CriSPO achieves the highest rating
according to our human evaluation. Table 4 shows qualitative
examples where prompts found by CriSPO better capture the
style of the reference summaries in terms of length, what
to focus on and what to skip. CriSPO outputs also look the
most similar to the references, especially in terms of being as
concise as the reference while covering all the key details.

Manual OPRO CriSPO
Human Rating 0.58 0.59 0.63

Table 3: Human evaluation on sampled SAMSum test.

OPRO [Best Prompt]: Generate a one to two sentence sum-
mary within the (summary) tags that concisely describes the
key details of the conversation and any conclusions reached.
INPUT_DOC

CriSPO [Best Prompt]: The text below contains a discussion ex-
pressing several key facts and events. Your concise 1-sentence
summary should relate only the 2 most important pieces of
information stated, without assumptions or extra context. IN-
PUT_DOC Write the summary within (summary) tags.

OPRO [Example Output]: Ralph asked Andrew if he heard a
Polish joke, then told a joke about sinking a Polish battleship by
putting it in water. Andrew responded that the joke was terrible
and so unfunny that it made his mouth dry, requiring a sip of
water.

CriSPO [Example Output]: Ralph tells Andrew a Polish bat-
tleship joke that Andrew finds unfunny.

[Reference]: Ralph told Andrew a joke.

Table 4: Qualitatively comparing prompts found by OPRO
and CriSPO on SAMSum. CriSPO is able to find a prompt to
generate output more similar to the reference’s concise style.

4.5 Quantitative Analysis of Prompt Diversity

To verify that our design in Section 3 leads to a better explo-
ration of the solution space, we quantitatively analyze the di-
versity of prompts found by CriSPO and OPRO (same hyper-
parameters, Section 4.1) on the summarization datasets.
We measure 4 aggregated properties on all task prompts
explored by each method during optimization: length (num-
ber of words), vocabulary size (number of unique words
used), and pairwise ROUGE-L/semantic similarity. For pair-
wise semantic similarity, we employ Sentence Transformers
(Reimers and Gurevych 2019) to obtain their embeddings
and cosine distances.

As shown in Table 5, CriSPO prompts demonstrate larger
variations in length and vocabulary while being less similar
in lexicons and semantics, indicating its strength in exploring
a larger space. We also provide a visualization of the prompts
found by OPRO and CriSPO in Appendix F.

Dataset LengthT VocabtT ROUGE-L| Cosine]

CNN

OPRO 4146 36t5 57.5 0.93

CriSPO 149+24  96+12 50.3 0.90
MeetingBank

OPRO 3145 2844 449 0.84

CriSPO 216+41  135+19 39.7 0.80
SAMSum

OPRO 3446 30+5 57.0 0.94

CriSPO 172422 112412 46.0 0.88
ACI-Bench

OPRO 58+11 4648 62.7 0.95

CriSPO 247440 117+13 54.3 0.93

Table 5: Prompt diversity on 4 summarization datasets.

S Extension with Multi-Metric Optimization

AST Setup In this experiment, we extend CriSPO with our
proposed AST to optimize multiple metrics simultaneously.
Specifically, we take the best prompts optimized for ROUGE-
1 F-measure from CriSPO with Claude Instant as the seed
main prompt p*. We employ AST to optimize AlignScore
(Zha et al. 2023) starting from a simple seed suffix o¢: “Every
word of your summary must be faithful to the input/conversa-
tion” across all datasets. The AlignScore between the input
text and the output summary is used as a signal reflecting the
faithfulness. With regard to baselines, we report the initial
performance in ROUGE-1 F-measure and AlignScore of the
seed main prompt w/ and w/o the seed suffix. We also provide
a strong baseline to tune both the main prompt and its suffix
together (full tuning) rather than only the suffix in AST.

Results The results for multi-metric optimization are pre-
sented in Table 6. On all datasets, our AST is able to optimize
the new metric AlignScore with a negligible or zero regres-
sion on the existing metric ROUGE, meaning that AST can
reduce LLM hallucination while maintaining relevancy in
the output. In particular, AST dramatically improves Align-
Score by 11.7 points on CNN. Across tasks, AST is the most



effective approach to improve AlignScore while maintaining
ROUGE. Among all methods, AST is the only one that brings
consistent improvement on AlignScore for every task, and
achieves the best average overall improvement (by 4.3). The
main prompt w/ suffix seed prompt slightly improves Align-
Score (by 1.2) and the full-tuning baseline only meaningfully
improves AlignScore on CNN and the overall improvement
is marginal (by 0.7). The superiority of AST shows that it can
robustly optimize multiple metrics across various domains.

Seed CriSPO: F(-)
main  w/ suffix full w/ AST
Dataset p* p*+o0  F(p*+o0) p*+F(oo)
CNN

ROUGE-1 40.7 40.6 40.6 40.4
AlignScore  66.5  69.5(13.0) 69.6(13.1) 78.1(111.7)
MeetingBank
ROUGE-1 39.6 39.9 394 39.7
AlignScore  43.6 43.7 43.8 44.4(10.9)
SAMSum
ROUGE-1 45.5 459 45.8 45.1
AlignScore  87.2  86.6(]0.6) 86.6(1.0.6) 88.6(11.4)
ACI-Bench
ROUGE-1 544  55.2(70.8) 54.5 54.3
AlignScore  66.7  69.0(12.3) 66.5 70.0(13.4)

Average
ROUGE-1 45.1 454 45.1 449
AlignScore  66.0  67.2(11.2) 66.7(10.7) 70.3(74.3)

Table 6: Claude Instant multi-metric results on summariza-
tion tasks. In seed block, main and w/ suffix refers to the
ROUGE-1-optimized prompt p* and its concatenation with
the manual suffix o respectively. In CriSPO block, full and
w/ AST refers to the full-prompt tuning baseline and AST
in Section 3.3 respectively. We show in the parentheses the
absolute differences with main p* only when > 0.5. Here we
use CriSPO F(-) to optimize an aggregation of two metrics.

6 Generalization to Other Tasks

To confirm its generalizability, in this section, we apply
CriSPO to extractive, abstractive and multi-choice QA tasks.

Datasets We benchmark CriSPO on 5 commonly used QA
datasets, including 1) Wikipedia-based QA: Natural Ques-
tions (Kwiatkowski et al. 2019), TriviaQA (Joshi et al. 2017),
Squad (Rajpurkar et al. 2016) 2) story-based abstractive read-
ing comprehension: NarrativeQA (Kocisky et al. 2018) and
3) medical domain multiple-choice QA: MedMCQA (Pal,
Umapathi, and Sankarasubbu 2022) . For Natural Questions
and TrivialQA, we also incorporate the RAG setup to opti-
mize the prompt template with inserted pre-retrieved con-
texts from each dataset. We retrieved the Wikipedia pages
following Izacard and Grave (2021). For NarrativeQA, we
use summaries as contexts. For MedMCQA, we cast it to text
generation by eliciting reasoning before the final answer. Fol-
lowing the conventions, we report Exact Match for Natural
Questions and TriviaQA, F1 for Squad, ROUGE-L for Nar-
rativeQA, accuracy for MedMCQA. For efficiency, we only

used a small fraction of the train and dev set for the experi-
ments. The specific data settings are listed in Appendix C.

Results Similar to summarization tasks, we observe
CriSPO significantly outperforms the manual prompt and
OPRO baseline in various QA datasets as shown in Table 7.
For NarrativeQA, CriSPO brings massive improvement (+10
ROUGE-L) compared with baselines, achieving the new
SOTA performance. For Natural Questions and TrivialQA,
CriSPO has no issue incorporating the RAG setup and achiev-
ing consistent improvement over the manual prompt and
OPRO. Surprisingly, CriSPO even outperforms OPRO on
MedMCQA despite it is not designed for classification tasks.

Manual Automatic Prompt Engineering

Task  Claude 0-shot 64* OPRO CriSPO CriSPO 64*
NQ Instant  34.0 334 8.0 36.5 37.8
Sonnet  26.6 32.0 6.7 38.3 38.7
T-QA  Instant  58.6 592 537 66.3 67.5
Sonnet  58.4 650 41.8 70.6 72.1

0-shot 5% OPRO CriSPO CriSPO 5*
Squad Instant  79.5 82.5 78.5 87.8 894
Sonnet  76.1 832 764 85.3 87.9
NarQA Instant 64.2 67.0 59.4 75.1 76.1
Sonnet  64.0 66.7 58.6 76.2 75.2
Med- Instant  49.2 538 505 523 544
MCQA Sonnet 49.8 544 5717 57.9 57.4

Table 7: Comparing CriSPO with manual prompts and com-
petitive automatic prompt engineering baseline OPRO on
representative QA benchmarks. We report Exact matching
for NQ (Natural Questions) and TQA (TrivialQA). We report
F1 for Squad, Rouge-L for NarQA (NarrativeQA), and accu-
racy for MedMCQA. k*: k-shot ICL with example selection.
Standard deviations can be found in Table 17.

7 Conclusion

In this paper, we tackle the challenging problem of auto-
matic prompt engineering for text generation. We propose
CriSPO, a multi-aspect critique-suggestion guided optimizer
augmented with enriched trajectory, CoT and flexible tem-
plate. Our experiments show multi-aspect critique-suggestion
is critical for finding good task prompts. Overall, CriSPO
achieves 3-4% ROUGE score improvement and 4-5% human
rating increase compared to baseline methods for summariza-
tion, and significant improvement for QA. We also show that
CriSPO can effectively optimize multiple metrics through
a novel suffix tuning extension AST, and incorporate ICL
and RAG with flexible prompt templates. Ablation studies
confirm the effectiveness of all CriSPO components. Human
evaluation and quantitative analysis show CriSPO encourages
more effective prompt exploration and the optimized prompts
can better capture task requirements.

Limitations

See Appendix B for a detailed limitations discussion.
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