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Abstract

Autoprompting is the process of automatically selecting optimized prompts for language models which is gaining
popularity due to the rapid development of prompt engineering driven by extensive research in the field of Large
Language Models. This paper presents DistillPrompt — a novel autoprompting method based on Large Language
Models that employs a multi-stage integration of task-specific information into prompts using training data. DistillPrompt
utilizes distillation, compression, and aggregation operations to explore the prompt space more thoroughly. The method
was tested on different datasets for text classification and generation tasks using t-lite-instruct-2.1, gpt-3.5-turbo and
gpt-4o-mini language models. The results demonstrate a significant average improvement in key metrics over existing
methods in the field, establishing DistillPrompt as one of the most effective non-gradient approaches in autoprompting.
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AHHOTaNMsA

ABTONPOMIITHHT — TPOLIECC aBTOMATHYECKOTO MOA00pa ONTHMH3UPOBAHHBIX TPOMIITOB K SI3BIKOBBIM MOJIEIISIM, KOTOPBIN
HaOMpaeT NOMYJISIPHOCTD B CBSI3H C OBICTPHIM Pa3BUTHEM MPOMIIT HHXKHHUPHUHTA, 00YCIIOBICHHOTO MHOTOYHCIICHHBIMA
HCCIICIOBAaHUAMU B 00JIacTH OONBIINX S3BIKOBBIX Mozeneil. B pabore mpencraenen DistillPrompt — HOBBII MeTOx
ABTOIPOMIITHHTA HA OCHOBE OOJIBIINX S3IKOBBIX MOJICIICH, HCIIONB3YFOLIHI MHOTOCTYTICHYATOE BHEIPEHNE MHPOPMALIUH
0 3aj71a4e B MPOMIIT C MPUMCHEHHEM TPEHHPOBOUYHOU BBIOOPKHU. Pa3paboTaHHBI METOJ UCHOJIB3YET ONCPAIHH
JMUCTWLISIUY, CKATHS, arperamnuu s 0oyiee TIyOOKOro HUCCIIEA0BaHUs MpocTpaHcTBa mpomnTos. DistillPrompt
MPOTECTUPOBAH Ha PA3JIUYHBIX HAOOpaxX JAHHBIX MO 3a/Ja4aM KIaCCU(PHUKAIUK U TCHEPAIMHA TEKCTa C MPUMCHEHUEM
SI3BIKOBBIX Mojeneil t-lite-instruct-2.1, gpt-3.5-turbo and gpt-4o0-mini. IIpeoxkeHHbI METO/ MOKA3bIBACT B CPEIHEM
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3HAYUTEIIbHBIN MMPUPOCT METPUK OTHOCUTECIIbHO TEKYUIUX METOL0B B )IaHHOﬁ obsacTu. HpeI[CTaBJ'IeHHLIﬁ moaxonq
SABJIACTCA OOHUM M3 CaMbIX S(b(beKTI/IBHbIX BapUaHTOB aBTOINPOMIITHUHI'a HA OCHOBE 3BOJIFOIMOHHBIX aJITOPUTMOB.
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Introduction

In recent years, significant progress has been made in
the field of text processing and generation using Artificial
Intelligence (Al) — particularly Large Language Models
(LLMs) [1-2]. Improving model output quality without
modifying its weights falls under the domain of prompt
engineering. This field employs various prompting
techniques, including Few-shot [3], Chain-of-Thought
[4], Directional Stimulus [5], among others. Research
indicates that, depending on the task, these techniques
can either enhance or significantly degrade model
performance. For instance, applying Chain-of-Thought in
tasks where reasoning may lead to incorrect answers can
result in accuracy drops of tens of percentage points [6].
Similarly, with Few-shot prompting, it was found that for
the Deepseek-R1 model, adding examples to the prompt
“consistently degrades its performance” compared to a
zero-shot task description [7].

To address this issue, autoprompting methods have
emerged algorithms that leverage both the model itself
and various heuristics to automatically improve prompt
quality. Studies have shown that prompts generated by
these methods often outperform those crafted by humans,
even when designed by domain experts [8]. It is worth
noting that the number of prompting techniques continues
to grow each year, making manual prompt engineering
increasingly complex and time-consuming. Thus, the
challenge of autoprompting remains highly relevant.

This paper presents a novel and more effective non-
gradient-based autoprompting approach. The core idea
of our method is a complex prompt distillation which
includes: generating diverse prompt candidates, injecting
task-relevant examples from a subset of the training
data into the prompt, aggregating candidates into a final
optimized prompt, and iteratively refining candidates from
the final prompt. The proposed approach was evaluated on
different datasets and demonstrated superior performance
compared to existing non-gradient autoprompting methods.

Non-gradient autoprompting methods

In recent years, there has been significant growth in
research on LLMs and their applications across various
domains. Given that prompting is an integral part of
working with these models, numerous studies have
explored autoprompting methods.

The first such approach was introduced in [9], which
relied on fine-tuning an LLM to predict trigger tokens via
softmax. However, this method had several limitations
as computational overhead when the LLM required
retraining and gradient updates to predict tokens and lack
of interpretability where the generated trigger tokens were
not human-interpretable, making it difficult to logically
justify their effectiveness, even though most LLMs are
inherently black-box models.

Subsequently, non-gradient-based autoprompting
algorithms emerged, eliminating the need for gradient
updates while allowing the extraction of interpretable
prompt patterns for manual refinement [10, 11]. These
approaches leverage semantic parsers, specialized
prompt templates, LLMs themselves as the “brain” of the
autoprompting algorithm. However, prior autoprompting
methods suffer from several key drawbacks: insufficient
prompt manipulation — limited transformations applied to
the prompt structure, randomized instruction selection —
arbitrary modification of prompt components without
systematic optimization, narrow task applicability —
restricted effectiveness across diverse Natural Language
Processing (NLP) tasks. This paper addresses these
limitations by proposing a more structured and
generalizable non-gradient approach.

DistillPrompt

This paper presents an approach that addresses
the limitations outlined in the previous section —
DistillPrompt, illustrated in Figure. The method is based
on prompt distillation and incorporates ideas from the
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Figure. Workflow of DistillPrompt
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Tree-of-Thoughts prompting technique [12, 13]. Prompt
distillation refers to manipulating instructions through
text compression, reformulating task descriptions, and
incorporating usage examples. DistillPrompt is an iterative
approach where each iteration consists of five sequential
stages.

Stage 1. The initial best candidate is the provided
prompt, and in each subsequent epoch, the best candidate
from the previous iteration is used, where the best candidate
is defined as the one with the highest target metric score
on the training set.

At the start of an epoch, variations of the initial
prompt are generated. This stage involves creating diverse
modifications of the best candidate to explore the task from
different perspectives. The purpose is to “explore” the space
of potentially effective prompts and avoid local optima. As
a result, N — new prompt candidates are produced. The
number of candidates is a hyperparameter of the algorithm,
balancing the trade-off between the number of LLM calls
and the coverage of the prompt space for the given task.
Generation is performed via queries to the LLM with a
temperature of 0.7 (dimensionless) to enhance creativity
while minimizing the risk of generating uninterpretable
prompts.

Stage 2. The next stage is example embedding. While
the previous step yielded four new prompt candidates, they
explored the prompt space “blindly”. To guide them toward
the target task while preserving their unique formulations,
we propose embedding examples from the training set.
Initially, we tested direct example insertion (as in one-shot
and few-shot techniques), but this proved less effective
than using the LLM to analyze examples and extract their
underlying task-solving principles, which better captures
task-relevant information. For each prompt candidate,
K examples are independently and randomly selected from
the training set to guide the LLM in refining the prompt.
However, there is a risk of the LLM “overfitting” to the
examples — focusing on their specific labels and questions
rather than deriving generalizable insights.

Stage 3. To mitigate this, the next stage involves
instruction compression, where the LLM condenses the
prompts from the previous step into a few sentences
retaining the core ideas introduced by the examples and
the overarching task objective. This step helps generalize
the prompts while preserving the insights gleaned from the
examples.

Stage 4. Next, candidate aggregation is performed.
Since examples were selected independently and randomly
for each candidate, the extracted insights vary. Thus, the
natural progression is to merge the compressed candidates
into a single distilled prompt encompassing the collective
ideas.

Stage 5. The final stage generates new candidates from
the distilled prompt by creating variations as in Stage 1.
The resulting candidates are evaluated on tasks, and the
top-performing candidate becomes the new initial prompt
for the next epoch until the epoch limit is reached. Since
the process explores the prompt space, candidates may
outperform or underperform those from previous epochs;
thus, the method requires multiple iterations. The algorithm
output is the best prompt from the final epoch.

Experimental setup

In order to validate the effectiveness of DistillPrompt,
we designed the following experimental setup: each
evaluated method was tested across multiple datasets
using the following LLMSs: t-lite-instruct-2.1, gpt-3.5-
turbo, gpt-4o-mini. The generation parameter config was
as follows: temperature — 0.7 (dimensionless), maximum
new tokens — 4,000.

For a robust evaluation framework, we analyzed
multiple autoprompting studies [11-13] to compile diverse
datasets. The resulting benchmark encompasses different
tasks from classification to generation tasks. The complete
dataset list includes:

— SST-2 — Binary sentiment binary classification task on
movie review sentences from the Stanford Sentiment
Treebank;

— MNLI — Multi-Genre Natural Language Inference
task: given a premise and hypothesis, classify their
relationship as entailment, contradiction, or neutral;

— TREC — Question classification dataset where
questions are categorized into broad types (e.g.,
location, person, numeric value);

— MR — Movie Reviews sentiment binary classification
dataset with one sentence per review;

— BBH (BIG-Bench Hard) — A curated subset of
challenging tasks from the BIG-Bench benchmark that
are difficult for LLMs;

— GSMS8K — Grade school math word problems requiring
multi-step reasoning to solve;

— CommonGen — Constrained text generation task:
create coherent sentences using a provided set of
common concepts;

— SQuAD v2 — Reading comprehension dataset with
questions posed on Wikipedia articles, includes
unanswerable questions;

— XSum — Extreme summarization dataset: generate
concise, one-sentence summaries from BBC news
articles;

— MedAlpaca — Medical instruction-following dataset
for training Al assistants on healthcare topics, built from
medical resources.

In this benchmark, question-answering datasets involve
multiple-choice responses, making them effectively
multiclass classification tasks. The benchmark datasets can
be broadly categorized into classification and generation
tasks, each requiring specific evaluation metrics. For
SST-2, MNLI, TREC, MR and BBH classification tasks
macro F1-score was used, for GSM8K — Exact Match was
used, and for the rest datasets — BertScore.

The baseline comparisons include prompting techniques
(baseline prompt — original dataset-provided prompt,
few-shot prompt — baseline prompt augmented with
three training examples) and following autoprompting
approaches — Grips, Protegi and CriSPO. This
experimental design enables systematic comparison of
DistillPrompt against both manual prompting techniques
and state-of-the-art autoprompting methods across diverse
NLP tasks.
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Ablation study on DistillPrompt parameters

Main DistillPrompt hyperparameters are a number
of examples (denoted as K) and a number of prompt
candidates (denoted as N). K is needed on a candidate
generation step Gen_i and creating final diverse variants
Syn_i, mentioned in section earlier.

In order to establish the most effective parameters, we
conduct the auxiliary experiment to measure effectiveness
of DistillPrompt on different configurations using
classification datasets. The results of this are presented in
Table 1.

The experiment results show a quality improvement
when increasing N from 3 to 5 and K from 1 to 3, and then
from 3 to 5. Further increasing N and K to 7 does not lead
to significant improvement and in some cases results in
degradation of the metrics. The highest average result was
achieved with the configuration N=15 and K = 5. Based on
these results, we used this configuration in the subsequent
experiment.

Results

The experimental results across metrics and datasets
are presented in Tables 2-3 for different LLMs, showing
performance on classification and generation tasks
respectively. Table results performed the average score of
three independent tasks. For ease of comparison, Tables
2 and 3 use the same set of method columns. Protegi was

not evaluated on generation tasks because the method is
not designed for them; therefore, its entries in Table 3 are
marked with dashes.

Discussion

The conducted experiments demonstrate that
DistillPrompt effectively handles both classification
and text generation tasks. Across all evaluated datasets,
DistillPrompt either outperformed or matched the
performance of existing non-gradient autoprompting
methods.

For classification tasks, the average F1-score improved
by 13.78 % comparing baseline prompt and by 1.21 %
comparing the strongest of baselines — CriSPO. In text
generation tasks, the average score increased by 7.59 %
comparing baseline prompt and by 1.34 % comparing
the strongest of baselines — CriSPO. Comparisons and
improvements were calculated relative to the maximum
average metrics achieved by existing solutions.

This work creates a scope for future research
into distillation of prompts and other non-gradient
autoprompting methods. The current DistillPrompt
implementation could potentially be further refined for
more targeted prompt optimization. Moreover, the concept
of prompt distillation could be generalized and adapted to
other non-gradient autoprompting methods, representing a
promising direction for future studies.

Table 1. DistillPrompt effectiveness analysis with different parameters. Result values indicate an average of three independent runs

Model N K Dataset
SST-2 MNLI TREC MR BBH (cls)
gpt-3.5-turbo 3 1 0.923 0.814 0.787 0.885 0.617
3 3 0.944 0.823 0.812 0.928 0.654
3 5 0.947 0.827 0.826 0.932 0.663
5 1 0.935 0.823 0.814 0.925 0.652
5 3 0.954 0.830 0.824 0.941 0.670
5 5 0.958 0.832 0.826 0.952 0.675
5 7 0.956 0.830 0.825 0.953 0.673
7 1 0.936 0.825 0.816 0.927 0.655
7 3 0.953 0.831 0.821 0.942 0.671
7 5 0.958 0.831 0.824 0.953 0.674
gpt-40-mini 3 1 0.951 0.890 0.913 0.943 0.810
3 3 0.961 0.832 0.916 0.928 0.818
3 5 0.973 0.854 0.921 0.933 0.802
5 1 0.974 0.913 0.927 0.955 0.825
5 3 0.965 0.915 0.925 0.956 0.823
5 5 0.980 0.920 0.941 0.970 0.834
5 7 0.978 0.919 0.940 0.968 0.831
7 1 0.975 0.913 0.929 0.956 0.826
7 3 0.967 0.917 0.925 0.953 0.825
7 5 0.981 0.914 0.939 0.970 0.832

Note: Bold values indicate results that outperform others. K is a number of examples; N is a number of prompt candidates.
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Table 2. DistillPrompt comparative analysis between autoprompting methods on classification tasks

Method
Model Dataset
Baseline prompt Few shot (3) Protegi Grips CriSPO DistillPrompt
t-lite-instruct-2.1 SST-2 0.613 0.933 0.640 0.614 0.936 0.949
MNLI 0.418 0.374 0.496 0.741 0.758 0.761
TREC 0.728 0.734 0.771 0.743 0.755 0.763
MR 0.862 0.603 0.636 0.918 0.930 0.939
BBH (cls) 0.206 0.313 0.372 0.288 0.388 0.405
gpt-3.5-turbo SST-2 0.902 0.910 0.890 0.878 0.954 0.958
MNLI 0.723 0.750 0.783 0.810 0.823 0.832
TREC 0.787 0.793 0.814 0.799 0.804 0.826
MR 0.890 0.893 0.925 0.920 0.945 0.952
BBH (cls) 0.610 0.643 0.652 0.624 0.663 0.675
gpt-4o-mini SST-2 0.933 0.943 0.965 0.974 0.983 0.980
MNLI 0.832 0.854 0.880 0.895 0.907 0.920
TREC 0916 0.921 0.932 0.925 0.938 0.941
MR 0.928 0.933 0.960 0.956 0.941 0.970
BBH (cls) 0.818 0.802 0.810 0.823 0.828 0.834

Note: Bold values indicate results that outperform others.

Table 3. DistillPrompt comparative analysis between autoprompting methods on generation tasks

Method
Model Dataset
Baseline prompt | Few shot (3) Protegi Grips CriSPO DistillPrompt
t-lite-instruct-2.1 GSMBK 0.674 0.680 — 0.704 0.715 0.718
BBH (gen) 0.725 0.730 — 0.752 0.748 0.754
CommonGen 0.764 0.775 — 0.815 0.820 0.823
SQUAD v2 0.826 0.834 — 0.850 0.849 0.853
XSUM 0.680 0.625 — 0.710 0.724 0.730
MedAlpaca 0.545 0.590 — 0.634 0.725 0.713
gpt-3.5-turbo GSMS8K 0.724 0.753 — 0.824 0.832 0.853
BBH (gen) 0.802 0.808 — 0.810 0.821 0.833
CommonGen 0.807 0.815 — 0.832 0.854 0.911
SQUAD v2 0.909 0.904 — 0.918 0.910 0.922
XSUM 0.802 0.815 — 0.821 0.839 0.842
MedAlpaca 0.709 0.720 — 0.732 0.783 0.801
gpt-4o-mini GSMBK 0.856 0.842 — 0.889 0.884 0.901
BBH (gen) 0.838 0.841 — 0.865 0.870 0.873
CommonGen 0.885 0.893 — 0.914 0.921 0.935
SQUAD v2 0.891 0.905 — 0.905 0.918 0.931
XSUM 0.821 0.825 — 0.835 0.842 0.851
MedAlpaca 0.853 0.870 — 0.918 0.927 0.939

Note: Bold values indicate results that outperform others. Dashes indicate that Protegi was not evaluated on generation tasks because
the method is not designed for them.
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Conclusion

The proposed DistillPrompt algorithm, which employs
distillation prompt technique for prompt optimization,
was evaluated on classification and generation datasets
covering various natural language processing domains.
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It demonstrated consistent improvements over existing
non-gradient algorithm-based autoprompting methods.
DistillPrompt proves to be a competitive solution, showing
that exploring prompt distillation for autoprompting can
yield significant benefits and advance current methods to
new levels of performance.
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