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Abstract001

Large language models (LLMs) have demon-002
strated remarkable performances in various003
tasks. However, the performance of LLMs004
heavily depends on the input prompt, which005
has given rise to a number of recent works on006
prompt optimization. However, previous works007
often require the availability of a numeric score008
to assess the quality of every prompt. Unfor-009
tunately, when a human user interacts with a010
black-box LLM, attaining such a score is often011
infeasible and unreliable. Instead, it is usually012
significantly easier and more reliable to obtain013
preference feedback from a human user, i.e.,014
showing the user the responses generated from015
a pair of prompts and asking the user which016
one is preferred. Therefore, in this paper, we017
study the problem of prompt optimization with018
human feedback (POHF), in which we aim to019
optimize the prompt for a black-box LLM us-020
ing only human preference feedback. Drawing021
inspiration from dueling bandits, we design a022
theoretically principled strategy to select a pair023
of prompts to query for preference feedback024
in every iteration, and hence introduce our al-025
gorithm named automated POHF (APOHF). We026
apply APOHF to various tasks, including opti-027
mizing user instructions, prompt optimization028
for text-to-image generative models, and re-029
sponse optimization with human feedback (i.e.,030
further refining the response using a variant of031
APOHF). The results demonstrate that APOHF can032
efficiently find a good prompt using a small033
number of preference feedback instances.034

1 Introduction035

Large language models (LLMs) have shown im-036

pressive performance in various tasks (Google,037

2023; OpenAI, 2023). However, the performances038

of LLMs are significantly dependent on the prompt039

given to them (Zhou et al., 2023). Unfortunately,040

finding the best prompt for an LLM to perform a041

task is often challenging, especially considering042

that the most powerful LLMs nowadays are often043

black-box models to which only API access is avail- 044

able (OpenAI, 2023). This challenge has given rise 045

to a number of recent works on prompt optimiza- 046

tion for black-box LLMs, which aim to efficiently 047

find the best prompt for a black-box LLM (Chen 048

et al., 2023; Lin et al., 2024; Zhou et al., 2023). 049

These works have shown that prompt optimiza- 050

tion can dramatically improve the performances of 051

black-box LLMs in various tasks. However, these 052

works often impose an unrealistic requirement on 053

the tasks: They usually require access to a numeric 054

score to evaluate the performance of every prompt. 055

This significantly limits their practicality in real- 056

world use cases. 057

Specifically, some works on prompt optimization 058

have assumed the availability of a validation set, 059

which can be used to evaluate (the response gener- 060

ated from) a candidate prompt (Chen et al., 2023; 061

Hu et al., 2024; Lin et al., 2024). Meanwhile, other 062

works have used a separate LLM (often referred to 063

as the scorer LLM) to provide a score indicating 064

the efficacy of (the response produced by) a prompt 065

(Yang et al., 2024; Zhou et al., 2023). However, 066

when a human user directly interacts with a black- 067

box LLM to perform a task (i.e., the most common 068

use cases of LLMs nowadays), these methods to 069

obtain a score are often unrealistic. This is because 070

in such use cases, a validation set is usually un- 071

available and the scorer LLM is unlikely to provide 072

an accurate assessment of a prompt for the task 073

the user has in mind. Therefore, these previous 074

prompt optimization methods are inapplicable for 075

such use cases. In addition, directly asking a user 076

for a numeric score to assess (the response gener- 077

ated by) a candidate prompt is usually infeasible 078

and unreliable (Yue et al., 2012). Instead, a human 079

user is often significantly more willing to and reli- 080

able at providing preference feedback, i.e., exam- 081

ining the responses generated by a pair of prompts 082

and indicating which one is preferred (Yue et al., 083

2012). This naturally raises an important question: 084
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Can we achieve prompt optimization using only085

human preference feedback? In this work, we086

tackle this important problem, which we refer to as087

prompt optimization with human feedback (POHF).088

The significance of POHF can also be high-089

lighted by drawing an analogy to reinforcement090

learning with human feedback (RLHF) (Ziegler091

et al., 2019). RLHF, as well as its variants such092

as direct preference optimization (Rafailov et al.,093

2024), uses a dataset of human preference feedback094

to fine-tune the parameters of an LLM in order to095

align the LLM with human values (Rafailov et al.,096

2024). The tremendous success of RLHF is evi-097

dence of the advantage of using human preference098

feedback to adapt LLMs. While RLHF has relied099

on fine-tuning the model parameters to adapt the100

response of an LLM (to align with human values),101

our POHF aims to use prompt optimization to adapt102

the response of an LLM to perform a task for a hu-103

man. Interestingly, our algorithm for POHF can104

be extended to further refine the response of an105

LLM through response optimization with human106

feedback (Sec. 4.3). Specifically, for every received107

prompt, we can use the LLM to generate a large108

pool of responses and then strategically select a pair109

of responses from the pool to query for user prefer-110

ence feedback (Dwaracherla et al., 2024). Our goal111

here is to find the best response for every given112

prompt while using only human preference feed-113

back. This can be useful in applications where we114

do not have the flexibility to choose the prompt, but115

can sample a large number of responses from the116

LLM, e.g., it may be adopted by an LLM provider117

to further refine its response to user prompts while118

only collecting user preference feedback.119

User APOHF

LLM

initial task description

prompt 1 prompt 2

response 1

response 2

preference feedback

Figure 1: Illustration of our automated prompt opti-
mization with human feedback (APOHF).
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Figure 2: Latent scores of different methods in user in-
struction optimization (more details are in Sec. 4.1).

Similar to RLHF, in our POHF, it is of paramount120

importance to find a good prompt using a small 121

number of human feedback instances. This is be- 122

cause collecting human is usually expensive and 123

time-consuming. To achieve this, inspired by Lin 124

et al. (2024), we adopt the embedding from a pre- 125

trained language model (Reimers, 2019) as the con- 126

tinuous representation of the prompts, and train a 127

neural network (NN), which takes the embedding 128

as input, to predict the performance (i.e., the latent 129

score, Sec. 3.1) of different prompts. Based on 130

the trained NN, we draw inspiration from dueling 131

bandits (Bengs et al., 2022; Saha, 2021) and design 132

a theoretically principled strategy to select the pair 133

of prompts (to query for human feedback) in every 134

iteration. Specifically, we choose the first prompt 135

greedily, i.e., by selecting the prompt that is pre- 136

dicted to have the best performance by the trained 137

NN. Next, we select the second prompt based on 138

the principle of upper confidence bound, which al- 139

lows us to simultaneously exploit the performance 140

prediction from the NN and explore those prompts 141

whose performance prediction has large uncertainty. 142

As a result of the accurate performance prediction 143

of the NN (thanks to the expressive power of the 144

pre-trained embedding and NN) and our principled 145

prompt selection strategy, our algorithm, named 146

Automated POHF (APOHF), is able to find a good 147

prompt using only a small number of human pref- 148

erence feedback instances. 149

Within our problem setting (illustrated in Fig. 1), 150

APOHF acts as an interface between the user and 151

the LLM. To adopt APOHF in practice, the user 152

only needs to provide (1) an initial task descrip- 153

tion (e.g., a few input-output exemplars or an 154

initial prompt) and subsequently (2) a series of 155

preference feedback between pairs of responses 156

(more details in Sec. 3.3). We adopt several tasks 157

to validate the performance of APOHF, including 158

optimizing user instructions (Sec. 4.1), prompt 159

optimization for text-to-image generative models 160

(Sec. 4.2), and response optimization with human 161

feedback (Sec. 4.3). In these tasks, APOHF consis- 162

tently achieves better performances than baseline 163

methods, which demonstrates its application in real- 164

world applications. 165

2 Problem Setting 166

In POHF, we aim to find a prompt x ∈ X that 167

maximizes an unknown function u, which we re- 168

fer to as the latent score/utility function. That is, 169

we aim to solve the following optimization prob- 170
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lem: x⋆ = argmaxx∈X u(x) while only observing171

human preference feedback. In every iteration t,172

we select a pair of prompts xt,1 and xt,2 to obtain173

their corresponding LLM-generated responses and174

show them to the user. Then, we collect a binary175

observation yt = ⊮(xt,1 ≻ xt,2), which is equal to176

1 if the human user prefers the response from xt,1177

over that from xt,2 and 0 otherwise. To model the178

preference feedback, we adopt the commonly used179

Bradley-Terry-Luce (BTL) model (Hunter, 2004).180

That is, for any pair of prompts x1 and x2, the181

probability that x1 is preferred over x2 is given by182

P(x1 ≻ x2) = σ(u(x1) − u(x2)), in which σ(·)183

denotes the logistic function: σ(x) = 1/(1 + e−x).184

The binary observation yt is then sampled from a185

Bernoulli distribution with probability P(x1 ≻ x2).186

The stochastic nature of yt allows us to naturally ac-187

count for the noise in human preferences between a188

pair of prompts. The noise may arise due to differ-189

ent sources of randomness, such as the randomness190

in the LLM-generated response for a given prompt,191

the variability in human decisions, etc.192

Following recent works on query-efficient193

prompt optimization (Chen et al., 2023; Lin et al.,194

2024), we convert POHF into a continuous opti-195

mization problem. Specifically, for every prompt196

x ∈ X in the domain, we extract the embedding197

from a pre-trained language model as its contin-198

uous representation. In our experiments, we use199

Sentence-BERT (Reimers, 2019) as the embedding200

model. Of note, the previous works of Chen et al.201

(2023) and Lin et al. (2024) adopted a separate202

white-box LLM so that the soft prompt (i.e., a203

part of the input to the white-box LLM to gen-204

erate the prompt) can be used as the continuous205

representation of the prompt. Therefore, compared206

to Chen et al. (2023) and Lin et al. (2024), our207

method of adopting the embedding from a pre-208

trained model removes the need for the white-box209

LLM, and hence significantly reduces the complex-210

ity and computational cost. To simplify notations,211

hereafter, we use x to denote the continuous em-212

bedding of a prompt in the domain. Before the213

beginning of our algorithm, we use the initial task214

description from the user (Fig. 1) to generate the215

discrete domain of prompts X , which we have dis-216

cussed in more detail in Sec. 3.3.217

3 Automated Prompt Optimization with218

Human Feedback (APOHF)219

Overview of APOHF (illustrated in Fig. 1). In220

every iteration t of APOHF (Algo. 1), we firstly221

use the current history of preference observations 222

Dt−1 = {(xs,1, xs,2, ys)}s=1,...,t−1 to train a neu- 223

ral network (NN) for score prediction (Sec. 3.1). 224

Next, we use the trained NN to select the next pair 225

of prompts xt,1 and xt,2 to query (Sec. 3.2). Then, 226

the pair of prompts xt,1 and xt,2 are used to gen- 227

erate their respective responses, which are shown 228

to the human user who gives preference feedback 229

yt = 1(xt,1 ≻ xt,2) (Sec. 3.3). The newly col- 230

lected observation (xt,1, xt,2, yt) is then added to 231

the history, which is subsequently used to train the 232

NN for the next iteration t+ 1. 233

3.1 Training the Neural Network for Latent 234

Score Prediction 235

In our APOHF, we adopt an NN (more specifically, 236

a multi-layer perceptron, or MLP) with parame- 237

ters θ, denoted as h(x; θ). The NN takes as input 238

the pre-trained embedding x of a prompt and pre- 239

dicts its latent score u(x). Therefore, for a pair of 240

prompts x1 and x2, we use σ (h(x1; θ)− h(x2; θ)) 241

to model the probability that x1 is preferred over 242

x2: P(x1 ≻ x2) = σ(u(x1)− u(x2)). 243
In iteration t, given the history of preference 244

observations Dt−1 = {(xs,1, xs,2, ys)}s=1,...,t−1, 245
we train the NN using gradient descent to minimize 246
the following loss function: 247

lt(θ) = −
( t−1∑

s=1

[
ys log σ

(
h(xs,1; θ)− h(xs,2; θ)

)
+

(1− ys) log σ
(
h(xs,2; θ)− h(xs,1; θ)

)])
+ λ ∥θ∥22 .

(1) 248

Recall that ys = 1(xs,1 ≻ xs,2). Intuitively, 249

minimizing this loss function (1) corresponds to ob- 250

taining the maximum log-likelihood estimate of the 251

MLP parameters θ (with L2 regularization) using 252

the preference dataset Dt−1. The strong expressive 253

power of the pre-trained embedding and the NN 254

helps us accurately estimate the latent score func- 255

tion u, which is crucial for the strong performance 256

of APOHF. After the NN is trained, the resulting 257

NN with parameters θt = argminθlt(θ) is used to 258

select the pair of prompts to query in iteration t. 259

3.2 Selecting the Next Pair of Prompts 260

The prompt selection strategy of our APOHF is in- 261

spired by the neural dueling bandit algorithm from 262

Verma et al. (2024), which has been proved to en- 263

joy solid theoretical guarantees. Similar strategies 264

have also been adopted by previous works on linear 265

dueling bandits (Bengs et al., 2022; Saha, 2021). 266

This ensures that the pair prompts are selected in a 267

theoretically principled way. For completeness, we 268
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provide an informal theoretical justification for our269

prompt selection strategy in Sec. D.270

We choose the first prompt greedily, i.e., by271
selecting the one predicted to have the largest la-272
tent score using the trained NN (Sec. 3.1): xt,1 =273
argmaxx∈X h(x; θt). Next, after the first prompt274
xt,1 is selected, we choose the second prompt xt,2275
by maximizing an upper confidence bound:276

max
x∈X

h(x; θt) + ν ∥∇θth(x; θt)−∇θth(xt,1; θt)∥V −1
t−1

(2)277

in which Vt =
∑t

s=1 φ
′
t,sφ

′⊤
t,s + λI, and φ′

t,s =278

∇θth(xs,1; θt) − ∇θth(xs,2; θt). Our strategy to279

select the second prompt (2) is able to balance the280

exploration-exploitation trade-off. Specifically, the281

first term h(x; θt) allows us to exploit the predicted282

score of the trained NN. Meanwhile, the second283

term in (2) characterizes our uncertainty about the284

score of x given (a) the prompts selected in the285

previous iterations Xt−1 = {(xs,1, xs,2)}s=1,...,t−1286

and (b) the first selected prompt xt,1. Intuitively,287

a larger value of the second term (i.e., a larger un-288

certainty) suggests that x is more different from289

the previously queried prompts Xt−1 and the290

first selected prompt xt,1. Therefore, maximiz-291

ing the second term in (2) helps us explore the292

domain of prompts by promoting the selection of293

a prompt that is different from the previously se-294

lected prompts (including those in Xt−1 and xt,1).295

Here, ν is a parameter that controls the trade-off296

between exploration and exploitation.297

In addition to being theoretically principled, an-298

other advantage of our prompt selection strategy is299

that it provides us with a natural method to choose300

the prompt to report as the best prompt. In POHF,301

we only have access to binary preference feedback302

between pairs of prompts and cannot observe nu-303

meric scores indicating the efficacy of different304

prompts. Therefore, it is non-trivial to choose305

which prompt to recommend as the best prompt.306

Interestingly, our strategy to select the first prompt307

provides a natural and principled way to choose308

the prompt to recommend. Specifically, after any309

iteration, we train the NN using the current his-310

tory of preference observations, and choose the311

prompt (among all previously selected prompts)312

which maximizes the predicted score of the trained313

NN to report as the best prompt (line 6 of Algo. 1).314

This is in fact analogous to a common practice315

in Bayesian optimization, i.e., choosing the input316

(among all previously queried inputs) that maxi-317

mizes the predicted function value (i.e., the Gaus-318

sian process posterior mean) to report as the best319

input (Nguyen et al., 2021).320

3.3 Collecting User Preference Feedback 321

After the pair of prompts xt,1 and xt,2 are se- 322

lected, we then separately pass them to the tar- 323

get black-box LLM to produce their correspond- 324

ing responses. Next, these two responses are 325

shown to the user, who then gives preference 326

feedback yt = 1(xt,1, xt,2) indicating which one 327

of the two responses (generated from xt,1 and 328

xt,2) is preferred. Then, the newly collected 329

observation (xt,1, xt,2, yt) is added to the his- 330

tory of preference observations to yield Dt = 331

{(xs,1, xs,2, ys)}s=1,...,t, after which we use the up- 332

dated history Dt to train our NN (Sec. 3.1) and 333

proceed to the next iteration t+ 1. 334

In addition to the above-mentioned preference 335

feedback, at the beginning of our APOHF, the user 336

needs to provide some initial task description 337

(Fig. 1), which APOHF uses to generate the domain 338

of prompts (Sec. 2). The initial task description 339

may be in the form of some input-output exemplars 340

for the task (we follow this in our experiments in 341

Sec. 4.1), which APOHF can use as input to a pow- 342

erful LLM to produce the domain of prompts via 343

in-context learning (Lin et al., 2024). As another 344

example, the initial task description from the user 345

may also be an initial prompt for the task (our ex- 346

periments in Sec. 4.2 follows this), and APOHF uses 347

a powerful LLM (e.g., ChatGPT) to rephrase this 348

initial prompt to produce the domain of prompts. It 349

renders APOHF highly flexible and versatile across 350

a broad spectrum of real-world applications. 351

4 Experiments 352

We test the performance of APOHF using 3 sets of 353

tasks: optimization of user instructions (Sec. 4.1), 354

prompt optimization for text-to-image generative 355

models (Sec. 4.2), and response optimization with 356

human feedback (Sec. 4.3). To the best of our 357

knowledge, APOHF is the first algorithm that is de- 358

signed to efficiently solve the problem of POHF. 359

We compare APOHF with 3 natural baseline meth- 360

ods which we adapt to POHF. (1) Random Search 361

randomly selects a prompt in every iteration and 362

hence ignores the preference feedback. (2) Linear 363

Dueling Bandits (Bengs et al., 2022) uses a linear 364

function to model the latent score function u and 365

adopts a strategy from Bengs et al. (2022) to select 366

the pair of prompts (more details in App. D). After 367

every iteration, the prompt predicted by the linear 368

model to achieve the largest score is reported as 369

the best prompt. (3) Double Thompson Sampling 370
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(DoubleTS) was recently applied to the problem371

of response optimization with human feedback by372

Dwaracherla et al. (2024) and was shown to be the373

best-performing method. We follow the implemen-374

tation of DoubleTS from Dwaracherla et al. (2024):375

We choose the pair of prompts by independently376

running Thompson sampling (TS) twice, in which377

the reward/score uncertainty is modeled using Epis-378

temic NNs (which consists of 10 individual MLPs).379

We also use TS to choose the prompt to report as380

the best prompt after every iteration. Note that381

DoubleTS incurs significantly more computational382

costs than APOHF, mainly because DoubleTS needs383

to train 10 MLPs (in contrast to 1 MLP needed384

by APOHF) in every iteration. For fair comparisons,385

we use 150 human preference feedback/iterations386

for each method in all experiments. All methods387

follow the framework of prompt optimization with388

human feedback (as shown in Fig. 1) and the only389

difference among different methods is how to se-390

lect a pair of prompts. Note that previous methods391

of prompt optimization cannot be applied to the392

scenarios we consider in this work because they393

require a scoring method, therefore, we do not com-394

pare with these methods (Zhou et al., 2023; Yang395

et al., 2024; Lin et al., 2024; Hu et al., 2024).396

4.1 Optimization of User Instructions397

To begin with, we simulate real-world scenarios398

in which a user aims to find the optimal instruc-399

tion for a task while only giving human preference400

feedback. We adopt 30 instruction induction tasks401

from Chen et al. (2023); Lin et al. (2024), which402

have been commonly used by previous works on in-403

struction optimization for black-box LLMs (Chen404

et al., 2023; Hu et al., 2024; Lin et al., 2024). Here,405

we consider the scenario where the user provides406

a small number of input-output exemplars as the407

initial task description (Fig. 1), and we use these408

exemplars to generate the domain of prompts for409

APOHF via in-context learning (Sec. 3.3). Specif-410

ically, to generate each prompt/instruction in the411

domain, we randomly sample 5 exemplars from the412

dataset of 100 exemplars (which are separate from413

the validation set), and ask ChatGPT to generate414

the instruction that best describes the input-output415

relationship of these 5 exemplars via in-context416

learning. We provide the ChatGPT template used to417

generate the instructions in Example 1 (App. B.4).418

At each iteration in Fig. 1, we use APOHF to select419

a pair of instructions/prompts to obtain the human420

preference feedback.421

Simulation of human feedback. Since human 422

preference feedback is not available in this exper- 423

iment, we propose to simulate the human pref- 424

erence feedback by using a validation dataset of 425

input-output exemplars. Specifically, after select- 426

ing a pair of instructions/prompts xt,1 and xt,2, we 427

use the validation dataset for this task to calculate 428

the validation accuracy achieved by both instruc- 429

tions, which we adopt as their ground-truth latent 430

score values: u(xt,1) and u(xt,2). Then, we cal- 431

culate the preference probability P(x1 ≻ x2) = 432

σ(u(x1)− u(x2)), and use it as the probability in 433

a Bernoulli distribution to sample the binary prefer- 434

ence feedback yt = 1(xt,1 ≻ xt,2). This naturally 435

allows us to report the validation accuracy achieved 436

by an instruction x as its corresponding latent score 437

value u(x), which we plot in our results (Fig. 2). 438

Of note, unlike the previous works (Chen et al., 439

2023; Lin et al., 2024), the validation dataset for 440

each task is not used by APOHF; instead, it is only 441

used to simulate the human preference feedback. 442

Table 1: The best instructions selected by APOHF across
different iterations. The complete table is provided in
Appendix (see Tab. 6).

Task Iter Instruction Score

antonyms
0

add the prefix “un-” to the given words to form
their opposites.

0.45

5 remove the “un-” prefix from each word. 0.45
10 provide the opposite of the given words. 0.70

larger
animal

0
choose the second animal in each pair, so the
output is the second animal in each pair.

0.30

60
choose the animal that is not a type of fish, and
if both animals are not fish, then choose the
first animal.

0.55

120
choose the animal that is larger in size, so the
output would be: wildebeest, shark, elk, pit
bull, manatee

1.00

Fig. 2 displays the performances of different 443

methods averaged over 30 tasks. After each it- 444

eration, every method reports a prompt as the best 445

prompt, and its corresponding latent score (i.e., val- 446

idation accuracy in this case) is plotted in Fig. 2. 447

The figure shows that APOHF consistently and sig- 448

nificantly outperforms the other methods. This is 449

because APOHF has a better selection strategy (as de- 450

scribed in Sec. 3.2) for selecting the pair of prompts 451

in each iteration. We also demonstrate the progres- 452

sion of the best instruction discovered by APOHF in 453

Table 1, which further illustrates the capability of 454

APOHF to efficiently find good instructions using 455

only preference feedback. 456

4.2 Prompt Optimization for Text-to-Image 457

Generative Models 458

Modern text-to-image generative models, such as 459

DALLE-3 (Betker et al., 2023), have shown re- 460
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Table 2: The best responses selected by APOHF across
iterations (Sec. 4.3). The prompt is “Human: What is
there to do in Atlantic City?”. We replaced some words
here by “..” for shorter display. Full table in App. Tab. 5.

Iter Response Score

0

There are many activities to do in Atlantic City! You
can visit the famous Atlantic City Boardwalk, try
your luck at the casinos, enjoy the beach and water
activities, shop at the outlets and specialty stores,
dine at top-rated restaurants, enjoy live entertainment
and nightlife, visit museums and historical sites, and
attend events and festivals throughout the year.

81.96

10

There are plenty of things to do in Atlantic City! You
can visit the famous boardwalk, try your luck at the
casinos, enjoy a show or concert at one of the many
entertainment venues, dine at a variety of restaurants,
shop at the outlets and specialty stores, relax on the
beach, or take a stroll through the historic district.
There’s something for everyone in Atlantic City!

91.46

20

There are many attractions and activities in Atlantic
City, including:
1. Casinos: Atlantic City is known for its many
casinos, where you can try your luck at slots, poker,
blackjack, and more. 2. Boardwalk: ... 3. Beach: .. 4.
Steel Pier: ... 5. Shows and concerts: ... 6. Nightlife:
... 7. Dining: ... 8. Shopping: ...

180.14

markable capabilities in generating visually appeal-461

ing images (Chen et al., 2024a; Rombach et al.,462

2022; Song et al., 2020a). These models take a text463

prompt as input and generate a corresponding im-464

age. When a user adopts DALLE-3 to generate an465

image, they may need to manually try a number of466

different prompts in order to obtain a desirable im-467

age. Interestingly, in such applications, APOHF can468

also be adopted to efficiently find the best prompt469

for a user. Specifically, in every iteration, APOHF470

selects a pair of text prompts and generates two cor-471

responding images using DALLE-3, after which472

the user provides preference feedback. We simu-473

late such scenarios using the experiments in this474

section.475

To begin with, we adopt an initial prompt (as the476

initial task description in Fig. 1) that describes a477

complex scene using several sentences (see App. 3478

for more details), and rephrase the initial prompt479

to produce a large number of text prompts (more480

details in App. B). These prompts are used as the481

domain of prompts for APOHF. In each iteration,482

APOHF select a pair of prompts from the domain to483

generate two images and obtain the user feedback.484

In this case, the goal of APOHF is to efficiently find485

a prompt from the domain of prompts to produce486

an image that is most preferred by a user, while487

only requiring a small number of user preference488

feedback instances.489

Simulation of human feedback. To simulate490

the user feedback, we select one of the prompts491

from the domain as the ground-truth prompt. We 492

assume that the image generated by this ground- 493

truth prompt is the image which is most desirable 494

by the user. Thus, for every candidate prompt x 495

in the domain, we measure the similarity of its 496

generated image with the image generated by the 497

ground-truth prompt and use the similarity as the 498

latent score u(x) of this prompt. For every pair 499

of selected prompts xt,1 and xt,2, we can calculate 500

their preference probability using the BTL model: 501

P(x1 ≻ x2) = σ(u(x1)−u(x2)), and then sample 502

a binary preference observation yt from a Bernoulli 503

distribution with probability P(x1 ≻ x2). 504

We repeat the experiment for 4 different scenes 505

and report the scores of different methods in Fig. 3. 506

The results show that APOHF consistently outper- 507

forms the other baselines across different scenes. 508

That is, APOHF is able to efficiently discover a 509

prompt to generate an image that satisfies the user’s 510

preferences. We also demonstrate in Fig. 4 the evo- 511

lution of the images generated by the best prompts 512

discovered by APOHF across different iterations. 513

The results suggest that as more user feedback is 514

collected, APOHF can efficiently produce images 515

which better align with the image the user has in 516

mind. Note that here we intend for the generated 517

images to match the high-level semantic informa- 518

tion of the ground-truth image rather than the image 519

details, which are usually uncontrollable due to the 520

inherent randomness in image generation. This ex- 521

periment showcases the considerable potential of 522

APOHF beyond text-generation tasks, suggesting its 523

applicability to a wide range of multi-modal tasks 524

where using human feedback is preferable. 525

4.3 Response Optimization with Human 526

Feedback 527

In addition to adapting the response of an LLM 528

by optimizing the prompt (i.e., by solving POHF), 529

APOHF can also be used to further refine the re- 530

sponse from the LLM by tackling the problem of re- 531

sponse optimization with human feedback (Sec. 1). 532

Specifically, given a prompt from a user, we can 533

let the LLM generate a large pool of responses 534

and then try to choose the best response from the 535

pool. Similar to POHF, instead of requesting the 536

user for a numeric score, it is much easier to ask 537

the user for preference feedback between a pair of 538

responses (Sec. 1). This problem setting has also 539

been adopted in Dwaracherla et al. (2024). This 540

problem can be tackled by a contextual variant of 541

APOHF. That is, every prompt p can be seen as a 542
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Figure 3: Performances in prompt optimization for image generation in Sec. 4.2 (4 different scenes).
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Figure 4: Images generated by the best prompt discov-
ered by APOHF across different iterations.

context, and the pool of responses r’s generated543

from this prompt can be considered the domain544

of actions. Here, we need to make an important545

modification to APOHF. That is, in iteration t after546

receiving the prompt pt, every input x in the do-547

main is now the embedding of the concatenation548

of the prompt pt and one of the LLM-generated549

responses r, which we denote as x = [pt, r]. As an550

implication, the domain Xt from which we choose551

a pair of inputs changes in every iteration (as a552

result of the changing prompt pt). However, the553

strategy for selecting the pair of inputs remains the554

same (Sec. 3.2), except that the fixed domain X is555

now replaced by the changing domain Xt.556

Simulation of human feedback. To simulate557

the user preferences between different responses,558

we adopt the same approach as Dwaracherla et al.559

(2024). That is, we use a reward model which is560

pre-trained using the Anthropic Helpfulness and561

Harmlessness datasets (Bai et al., 2022). Then,562

given a user prompt pt, for every LLM-generated563

response r, we use the output from the pre-trained564

reward model as the latent score value u([pt, r])565

for this prompt-response pair. Then, for every pair566

of selected responses rt,1 and rt,2 by APOHF, we567

can calculate the preference probability following568

the BTL model P {rt,1 ≻ rt,2} = σ(u([pt, rt,1])−569

u([pt, rt,2])) and then use it to sample a binary 570

preference observation yt. 571
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Figure 5: Response optimization and ablations. (a)
Scores of different methods in response optimization
(Sec. 4.3). (b) Comparison of our arm selection strategy
with random selection. (c) Performance of APOHF with
different values of ν.

The results are shown in Fig. 5 (a) , in which 572

APOHF significantly outperforms the other methods, 573

including DoubleTS, which is found to be the best- 574

performing method in Dwaracherla et al. (2024). 575

We also show an example of how the response 576

optimized by APOHF is improved across iterations 577

in Table 2. The response discovered by APOHF after 578

only 20 iterations is both well organized (via a 579

numbered list) and detailed, which aligns well with 580

human preferences. This demonstrates the ability 581

of APOHF to further refine the response of an LLM 582

to make it more preferable for human users, while 583

only requiring human preference feedback. 584

5 Ablation Study 585

Effectiveness of Our Prompt Selection Strategy. 586

Here, we further verify the effectiveness of our the- 587

oretically principled prompt selection strategy. We 588

replace the strategy of APOHF to select a pair of 589

prompts by uniform random selection while keep- 590

ing all other components of APOHF fixed. That is, 591

after every iteration, we still train the NN using 592

the current history of observations as described in 593

Sec. 3.1, and report the prompt maximizing the pre- 594

diction of the NN as the best prompt. The results 595

(Fig. 5 (b) ) show that randomly selecting the pair 596

of prompts significantly degrades the performance 597
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Figure 6: Performances of different algorithm under different levels of noise in human feedback. Here s controls
the level of noise, such that a larger s results in a higher noise level.

of APOHF, further validating the effectiveness of our598

prompt selection strategy (Sec. 3.2).599

Impact of the Exploration Parameter. Here, we600

examine the impact of the exploration parameter ν601

on APOHF. The results (Fig. 5 (c) ) show that setting602

ν = 0 (i.e., not performing any exploration) de-603

grades the performance of APOHF. This is because604

it limits the ability of APOHF to sufficiently explore605

the space of possible prompts. On the other hand,606

using a large value of ν = 10 does not significantly607

affect the performance of APOHF. This is because608

although a large ν may result in excessive explo-609

ration when selecting the second prompt, the value610

of ν does not alter our strategy to choose the first611

prompt. Therefore, a large exploration parame-612

ter ν does not significantly diminish the ability of613

APOHF to exploit the NN prediction.614

Impact of the Level of Noise in Preference Feed-615

back. Here, we study the impact of the level of616

noise in preference feedback on the performance617

of different algorithms. We alter the level of noise618

in preference feedback by adjusting the scale of619

the latent score function u. A smaller scale of the620

scores results in noisier preference observations621

and hence leads to a more difficult optimization622

problem. This is because according to the BTL623

model P(x1 ≻ x2) = σ(u(x1)− u(x2)), a smaller624

scale of u(·) generally makes the preference prob-625

ability closer to 0.5. This renders the resulting626

binary observation yt = 1(xt,1 ≻ xt,2) more simi-627

lar to a purely random sample (with a probability628

of 0.5) and hence noisier. The results (Fig. 6) ver-629

ify that the smaller the noise, the more pronounced630

the advantage of APOHF. Meanwhile, as the noise631

level becomes too large, the problem becomes ex-632

cessively difficult for all methods, and eventually,633

all algorithms achieve similar performances.634

6 Related Work635

Prompt optimization, also referred to as instruction636

optimization, has been gaining popularity thanks637

to its ability to improve the performance of LLMs638

without parameter fine-tuning. Some recent works 639

have tackled prompt optimization for black-box 640

LLMs by converting it to a continuous optimization 641

problem. InstructZero (Chen et al., 2023) adopted 642

a separate white-box LLM to convert prompt op- 643

timization to optimizing the soft prompt and used 644

Bayesian optimization to solve the resulting contin- 645

uous optimization problem. INSTINCT (Lin et al., 646

2024) used neural bandits to sequentially select 647

the instructions to query and leveraged the strong 648

expressive power of neural networks to achieve 649

better function modeling and hence better prompt 650

optimization. ZOPO (Hu et al., 2024) adopted 651

zeroth-order optimization (ZOO) while estimating 652

the gradient based on a neural network, and further 653

improved the performances of InstructZero and 654

INSTINCT. In addition, Shi et al. (2024) demon- 655

strated the potential of drawing inspirations from 656

best arm identification for prompt optimization, 657

and Chen et al. (2024b) used neural bandits for 658

personalized content generation using white-box 659

LLMs. Importantly, to the best of our knowledge, 660

these previous works are not able to tackle the prob- 661

lem of POHF considered in our work, because they 662

require a numeric score to evaluate the efficacy of 663

each prompt. We defer additional related works 664

on prompt optimization for white-box and black- 665

box LLMs, as well as reinforcement learning from 666

human feedback, to App. A. 667

7 Conclusion 668

We presented POHF, a problem focused on opti- 669

mizing black-box LLM prompts via human prefer- 670

ence feedback. Our framework, APOHF, models a 671

latent score function with a preference-trained neu- 672

ral network and employs a dueling-bandit-inspired 673

selection strategy. Empirical results across various 674

tasks such as user instruction optimization, prompt 675

optimization for text-to-image generative models, 676

and response optimization with human feedback, 677

confirm the efficiency of APOHF in finding effective 678

prompts with minimal human feedback. 679
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8 Limitations680

While our approach demonstrates the efficacy of681

preference-based prompt optimization in black-box682

scenarios, several avenues for further refinement683

remain. First, the current framework relies on a684

pre-defined prompt candidate space. Integrating685

a dynamic, feedback-aware generation loop could686

further expand the search space and further im-687

prove the performance. Additionally, our imple-688

mentation adopts the Bradley-Terry-Luce model689

for preference modeling, which is a robust stan-690

dard in human feedback literature. However, we691

recognize that human preferences in highly subjec-692

tive tasks can occasionally exhibit non-transitivity693

or context-dependency, suggesting that exploring694

more complex preference models could be a fruit-695

ful direction for specialized applications. Finally,696

while our study focuses on scenarios where ground-697

truth scores are unavailable, future work could in-698

vestigate hybrid frameworks that bridge preference-699

based exploration with surrogate scoring metrics700

where applicable.701

9 Ethical considerations702

We expect our work to have important positive703

societal impacts. Specifically, our algorithm can704

be used to automatically optimize the prompt for705

LLMs while requiring only preference feedback706

from the human user. So, our algorithm is likely707

to make LLMs easier to use for users and hence708

contribute to the easier and wider adoption of709

LLMs as well as other advanced AI algorithms.710

This is expected to positively impact society by711

improving productivity at both the individual and712

the societal levels. On the other hand, a potential713

negative societal impact is that our algorithm714

may be adopted by malicious users. These users715

could intentionally provide misleading preference716

feedback to the LLM, in order to find inappropriate717

prompts for tasks associated with malicious intents.718

For example, malicious attackers could use our719

algorithm to find prompts for jailbreaking LLMs.720

Developing effective safeguarding methods to721

prevent such potential malicious use presents722

interesting future research topics.723

724
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A Additional Related Works986

Earlier works aimed to optimize the prompt for white-box LLMs, such as AutoPrompt (Shin et al., 2020),987

FluentPrompt (Shi et al., 2023), as well as other works based on soft prompt (Lester et al., 2021; Li and988

Liang, 2021; Zhong et al., 2021). Recently, more focus has been shifted to optimizing the prompt for989

black-box LLMs. Among them, BBT (Sun et al., 2022b), BBTv2 (Sun et al., 2022a) and Clip-Tuning990

(Chai et al., 2022) require access to the input embedding and output logits of the black-box LLM. Other991

recent works have removed this restriction. For example, GRIPS (Prasad et al., 2023) and APO (Pryzant992

et al., 2023) used edit-based operations to select candidate prompts for prompt optimization. Other works993

have adopted evolutionary algorithms (e.g., EvoPrompt (Guo et al., 2024) and Promptbreeder (Fernando994

et al., 2023)), reinforcement learning (e.g., BDPL (Diao et al., 2023) and PRewrite (Kong et al., 2024)),995

and planning-based methods (e.g., PromptAgent (Wang et al., 2023b)) to achieve prompt optimization for996

black-box LLMs. The work of Zhou et al. (2023) proposed APE, which generates candidate instructions997

using an LLM and selects those high-scoring candidates for further refinement. The OPRO algorithm998

(Yang et al., 2024) was developed to use an LLM to solve generic black-box optimization problems and999

was applied to the problem of prompt optimization. The work of Mañas et al. (2024) introduced OPT2I,1000

which uses an LLM to sequentially revise the prompt for text-to-image generative models, in order to1001

maximize a score measuring the consistency of the generated image with the given prompt.1002

RLHF has become the most widely used method for aligning the responses of LLMs with human1003

values (Dubois et al., 2024; Ouyang et al., 2022; Ziegler et al., 2019). More comprehensive discussions1004

on RLHF can be found in recent surveys (Casper et al., 2023; Chaudhari et al., 2024). More recently,1005

some methods have been developed to sidestep the need for RL and directly use a preference dataset1006

for alignment, including direct preference optimization (DPO) (Rafailov et al., 2024), SLiC (Zhao et al.,1007

2023), as well as other extensions (Amini et al., 2024; Azar et al., 2024; Gou and Nguyen, 2024; Liu et al.,1008

2024; Morimura et al., 2024; Tang et al., 2024; Wang et al., 2023a). The recent work of Dwaracherla et al.1009

(2024) has shown the potential of efficient exploration methods to improve the response of LLMs with1010

human preference feedback.1011

B Addtional Details for Experiments1012

B.1 License for datasets1013

(1) Instruction induction dataset (Chen et al., 2023; Lin et al., 2024) for optimizing the user instruction:1014

MIT License; (2) Anthropic Helpfulness and Harmlessness datasets (Bai et al., 2022) for response1015

optimization: MIT License.1016

B.2 Computational resources1017

All the experiments are run on a server with AMD EPYC 7763 64-Core Processor, 1008GB RAM, and 81018

NVIDIA L40 GPUs.1019

B.3 Algorithm1020

Algorithm 1 Automated Prompt Optimization with Human Feedback (APOHF)
1: for t = 1, . . . , T do
2: Train NN using history Dt−1 = {(xs,1, xs,2, ys)}s=1,...,t−1 by minimizing loss function (1)
3: Choose the first prompt xt,1 by maximizing the NN prediction
4: Choose the second prompt xt,2 by maximizing the upper confidence bound in 2
5: Obtain the responses from xt,1 and xt,2, and observe user preference: yt = 1(xt,1 ≻ xt,2)
6: end for
7: Train NN using entire history, report x∗T = argmaxx∈{xs,1,xs,2}s=1,...,T

h(x; θT ) as best prompt
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B.4 Additional details on experimental settings 1021

Hyper-parameters. We use an MLP with 2 hidden layers as the NN for the latent score prediction. Each 1022

hidden layer has a width of 32. At each iteration of APOHF we re-initialize the NN and train the NN using 1023

all available human feedback data for 1000 epochs with Adam optimizer and a learning rate of 0.001. We 1024

run all algorithms for 150 iterations. We normalize the score distributions for all applications to N (0, 100) 1025

such that the simulated feedback obtained by the BTL model will not be too noisy. We use the hyper- 1026

parameters of ν = 1 and λ = 0.1 for APOHF and Linear Dueling Bandits. For the prompt optimization for 1027

text-to-image generative models, we use a larger ν = 10 for both algorithms for better exploration. All the 1028

experiments are run at least 2 times to obtain the error bars and the average performances. For ChatGPT 1029

queries used in all experiments, we use the specific version of “gpt-3.5-turbo-1106” OpenAI API. 1030

User instruction optimization. We generate a prompt domain with 200 prompts/instructions. The 1031

validation dataset has a size of 20. The exemplar dataset provided by the user has a size of 100. The 1032

validation accuracy for a prompt/instruction is evaluated by using the validation dataset and querying 1033

ChatGPT, which is the same as previous works (Chen et al., 2023; Lin et al., 2024). We use MPNet (Song 1034

et al., 2020b) to obtain the prompt representations to be the inputs to our NN for the latent score prediction. 1035

Prompt optimization for text-to-image generative models. We generate a prompt domain with 200 1036

prompts. Specifically, we use the template in Example 2 to rephrase the initial prompt for each scene 1037

in Tab. 3 to obtain the ground-truth prompt. We use the template in Example 2 to rephrase the initial 1038

prompt again to obtain 10 different prompts as good candidates in the prompt domain. This is to make 1039

sure that the domain contains some prompts that are very close to the ground-truth prompt. For the 1040

generation of the other 190 prompts in the domain, we first select a subset of sentences from the initial 1041

prompt. Specifically, each sentence in the initial prompt is selected with a probability of 0.3 independently. 1042

This is to simulate real-life scenarios where the prompts provided by the users may only contain a fraction 1043

of the information needed to generate the ground-truth or ideal images. We combine the selected subset of 1044

sentences to form a new prompt and use the template in Example 3 to rephrase it to obtain a new element 1045

in the prompt domain. We repeat the above procedures to obtain the other 190 prompts. We use the 1046

DALLE-3 model with the generation quality as “standard” and the generation size as “1024× 1024”. We 1047

use CLIP (Radford et al., 2021) to obtain the representations of the ground-truth image and the generated 1048

images. We use the cosine similarity function to calculate the similarity score between the representations 1049

of the ground-truth image and the generated image as the quality measure for the corresponding generated 1050

image. We use vision transformer (Dosovitskiy et al., 2020) to obtain the representations of the generated 1051

images to be the inputs to the NN for the latent score prediction. The reason for using a different 1052

representation model for the latent score prediction is to simulate real-life scenarios in which we do not 1053

have prior knowledge about the ground-truth score function. 1054

Response optimization with human feedback. We randomly select 10 questions from the test dataset 1055

of the Anthropic Helpfulness dataset as the prompts. For each prompt, we generate 50 responses from 1056

ChatGPT. We set the temperature parameter of ChatGPT to be 1.0 so that the generated responses are 1057

different from each other. We use a fine-tuned GPT-2 model (Radford et al., 2019) to obtain the ground- 1058

truth scores for prompt-response pairs. Specifically, the GPT-2 is fine-tuned on Anthropic Helpfulness 1059

dataset (Bai et al., 2022) to determine the helpfulness of the response w.r.t. a prompt by outputting 1060

a score. For each response, we concatenate its corresponding prompt as the prefix and input it to the 1061

fine-tuned GPT-2 model to obtain the ground-truth score. We use MPNet to obtain the representations of 1062

the prompt-response pairs to be the inputs to our NN for the latent score prediction. For each iteration of 1063

the algorithm, a prompt is selected in a round-robin fashion with a fixed order. This is for the purpose of 1064

result visualization and fair comparison since different algorithms select responses for the same prompt 1065

in each corresponding iteration, and their performances are evaluated based on the same domain in this 1066

way. The score for each algorithm in an iteration in Sec. 4.3 is calculated by using the trained latent 1067

score prediction model in this iteration from each algorithm to select the best responses for each of the 10 1068

prompts and evaluating these 10 prompt-response pairs with the ground-truth score function to obtain an 1069

average score. 1070
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Table 3: Initial prompts for generating images with different scenes.

Scene Prompt

Garden

In a vibrant garden, a grand marble fountain gushes clear water, dazzling in
the sunlight. Nearby, a centuries-old oak tree stands with sprawling, gnarled
branches. A vintage wrought iron bench with floral patterns offers a quaint seat.
Beside the path, a whimsical, brightly painted gnome statue holds a fishing rod
towards a small pond. In the pond, lily pads float with blooming white lilies.

Street

On a lively city street, a striking vintage red telephone booth pops against the
muted city colors. Nearby, a vibrant graffiti mural adds color to a plain brick
wall, featuring an abstract mix of urban elements. A futuristic bicycle with a
shiny, aerodynamic silver frame is locked to a lamppost. A small vendor’s stall
on the sidewalk displays handmade, colorful beaded jewelry, glistening in the
afternoon sun. In the background, an ornate old-fashioned street lamp emits a
warm glow as dusk approaches.

Cafe

In a quaint cafe corner, a vintage espresso machine with polished brass fixtures
and a matte black body gleams under an antique lamp. A rustic wooden
bookshelf, brimming with well-worn books, stands against a distressed cream
wall. A marble table at the room’s center holds a delicate porcelain teapot
with intricate blue flowers, from which steam gently rises. Beside the table,
a colorful glass mosaic cat sculpture perches on a mismatched velvet chair,
casting playful reflections around.

Sports

A sleek grand piano with a glossy black surface speckled with white spots
stands at the room’s center. On the wall, a colorful clock features a face marked
by vibrant, multicolored spots for each hour. Beside it, a tall floor lamp sports a
leopard-spot patterned lampshade in black and gold. A plush armchair in the
corner showcases bold red polka dots on a white background. On a nearby table,
a delicate glass vase captivates with swirling, iridescent spots that shimmer in
the light.

Example Query 1: Instruction Induction Template

Input: [INPUT]
Output: [OUTPUT]

More exemplars...

Input: [INPUT]
Output: [OUTPUT]

The instruction was to:
1071

Example Query 2: Image Generation Instruction Rephrasing Template 1

Rephrase the following description: [Initial instruction]
The rephrased description is:

1072

Example Query 3: Image Generation Instruction Rephrasing Template 2

Modify the following description by rephrasing and changing some information: [Initial instruc-
tion]
The modified description is:

1073
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C Addtional Experimental Results 1074

Tab. 4 and Tab. 5 show the best responses selected by APOHF in different iterations. An observation is 1075

that both the response quality and the score increase when more iterations are performed. Specifically, 1076

for Tab. 4, the response in iterations 10 and 20 include more information on the affordability of different 1077

kinds of insurance compared to iteration 0. For Tab. 5, as more iterations of APOHF are performed, the 1078

response provides more details on the things to do in Atlantic City. In iteration 20, the response even 1079

includes bullet points for the recommended activities for the users and hence is the most useful response. 1080

6 shows the best instructions selected by APOHF for different tasks. As more iterations are performed, 1081

the instructions become more relevant to the tasks and hence have higher scores. 1082

Table 4: The best responses selected by APOHF in different iterations. The prompt is “Human: Should you buy
life insurance? Assistant: I’m sure life insurance is useful for a lot of people. I can also tell you how you can get
insurance, depending on your income and needs. Human: Is term or whole life insurance better?”

Iter Response Score

0

It really depends on your individual circumstances and financial goals. Term
life insurance provides coverage for a specific period of time, while whole life
insurance provides coverage for your entire life and also has an investment
component. It’s important to carefully consider your financial situation and
consult with a financial advisor before making a decision.

45.54

10

Term life insurance is typically more affordable and provides coverage for a
specific period of time, while whole life insurance provides coverage for your
entire life and also includes a cash value component. The best option for you
will depend on your individual needs and financial situation. It’s important to
carefully consider your options and consult with a financial advisor or insurance
expert.

100.96

20

Term life insurance is typically more affordable and provides coverage for a
specific period of time, while whole life insurance provides coverage for your
entire life and also includes a cash value component. The best option for you
will depend on your individual needs and financial situation. It’s important to
carefully consider your options and consult with a financial advisor or insurance
expert.

100.96

D Theoretical Justifications for APOHF 1083

Here, we provide theoretical justifications for the prompt selection strategy of APOHF, to show that APOHF 1084

is theoretically principled. Our goal here is to provide high-level intuitions rather than giving a complete 1085

theoretical analysis. 1086

Recall that as we have introduced in Sec. Sec. 3.2, APOHF selects the first prompt greedily by maximizing 1087

the predicted score (from the trained NN), and chooses the second prompt by maximizing upper confidence 1088

bound, which is a weighted combination of the score prediction and an uncertainty term (2). This strategy 1089

is inspired by previous works on linear dueling bandits (Bengs et al., 2022; Saha, 2021). 1090

Here, we adopt the simplifying assumption that the utility/score function u is a linear function: u(x) = 1091

θ⊤x, ∀X with unknown parameter θ. With this assumption, our prompt selection strategy can be seen 1092

as a modified version of the algorithm from (Bengs et al., 2022). Therefore, we follow the notations 1093

from (Bengs et al., 2022) and present below the most important modifications to the theoretical analysis 1094

of (Bengs et al., 2022). We use z1,2 to denote the difference between (the features vectors of) a pair of 1095

prompts: z1,2 = x1 − x2 and use zt,1,2 = xt,1 − xt,2 to denote the difference between the pair of selected 1096

prompts in iteration t. The matrix Mt =
∑t

s=1 z
⊤
t,1,2zt,1,2 intuitively characterizes the information 1097

collected up to iteration t. 1098

With these notations, θ̂⊤z represents the predicted reward difference between a pair of prompts x1 and 1099

x2, which in our case, corresponds to h(x1; θt)−h(x2; θt). Then, θ⊤z represents the ground-truth reward 1100

difference. Following the standard practice of the analysis of bandit algorithms (Bengs et al., 2022), we 1101

assume that the validity of the confidence bound providing a theoretical guarantee on the quality of reward 1102
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Table 5: The best responses selected by APOHF in different iterations. The prompt is “Human: What is there to do in
Atlantic City?”.

Iter Response Score

0

There are many activities to do in Atlantic City! You can visit the famous
Atlantic City Boardwalk, try your luck at the casinos, enjoy the beach and water
activities, shop at the outlets and specialty stores, dine at top-rated restaurants,
enjoy live entertainment and nightlife, visit museums and historical sites, and
attend events and festivals throughout the year.

81.96

10

There are plenty of things to do in Atlantic City! You can visit the famous
boardwalk, try your luck at the casinos, enjoy a show or concert at one of the
many entertainment venues, dine at a variety of restaurants, shop at the outlets
and specialty stores, relax on the beach, or take a stroll through the historic
district. There’s something for everyone in Atlantic City!

91.46

20

There are many attractions and activities in Atlantic City, including:
1. Casinos: Atlantic City is known for its many casinos, where you can try your
luck at slots, poker, blackjack, and more.
2. Boardwalk: Take a stroll on the iconic Atlantic City Boardwalk, lined with
shops, restaurants, and amusement attractions.
3. Beach: Enjoy a day of sun and sand at the Atlantic City beach, a popular
spot for swimming, sunbathing, and water sports.
4. Steel Pier: Visit this historic amusement park featuring rides, games, and
entertainment for the whole family.
5. Shows and concerts: Catch a live performance or concert at one of the many
entertainment venues in Atlantic City, including the Hard Rock Hotel & Casino
and the Borgata Hotel Casino & Spa.
6. Nightlife: Experience the vibrant nightlife of Atlantic City, with numerous
bars, nightclubs, and lounges offering live music, DJs, and dancing.
7. Dining: Indulge in a variety of dining options, from upscale restaurants to
casual eateries serving fresh seafood, steaks, and international cuisine.
8. Shopping: Explore the shops and boutiques in Atlantic City, offering every-
thing from designer fashions to unique souvenirs.

180.14

difference estimation: |θ⊤z − θ̂⊤z| ≤ ν ∥z∥M−1
t

. With these, the regret incurred in iteration t can be1103

analyzed as:1104

2rt = u(x∗)− u(xt,1) + u(x∗)− u(xt,2)1105

(a)
= θ⊤(x∗ − xt,1) + θ⊤(x∗ − xt,2)1106

(b)
= θ⊤z∗t,1 + θ⊤z∗t,21107

= (θ − θ̂t)
⊤z∗t,1 + θ̂⊤t z

∗
t,1 + (θ − θ̂t)

⊤z∗t,2 + θ̂⊤t z
∗
t,21108

(c)

≤ θ̂⊤t z
∗
t,1 + ν

∥∥z∗t,1∥∥M−1
t

+ θ̂⊤t z
∗
t,2 + ν

∥∥z∗t,2∥∥M−1
t

1109

(d)

≤ 2θ̂⊤t (x
∗ − xt,1) + 2ν ∥x∗ − xt,1∥M−1

t
+ θ̂⊤t zt,1,2 + ν ∥zt,1,2∥M−1

t
1110

(e)

≤ 2θ̂⊤t (xt,2 − xt,1) + 2ν ∥xt,2 − xt,1∥M−1
t

+ θ̂⊤t (xt,1 − xt,2) + ν ∥xt,1 − xt,2∥M−1
t

1111

≤ θ̂⊤t (xt,2 − xt,1) + 3ν ∥zt,1,2∥M−1
t

1112

(f)

≤ 3ν ∥zt,1,2∥M−1
t

. (3)1113

Step (a) follows because here we have assumed that the score function u is a linear function; in step (b),1114

we have defined z∗t,1 = x∗ − xt,1 and z∗t,2 = x∗ − xt,2; step (c) follows because we have assumed the1115

validity of the confidence bound as described above; step (d) follows simply because z∗t,2 = x∗ − xt,2 =1116
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Table 6: The best instructions selected by APOHF in different iterations.

Task Iter Instruction Score

antonyms
0

add the prefix "un-" to the given words to form their oppo-
sites.

0.45

5 remove the "un-" prefix from each word. 0.45
10 provide the opposite of the given words. 0.70

informal
to formal

0

rephrase the given sentences, so I have provided the
rephrased versions of the input sentences as output. If this is
not what you were looking for, please provide more specific
instructions.

0.39

5 rephrase the given sentences using formal language. 0.44

10
rephrase each input sentence using a more formal or polite
tone.

0.47

larger
animal

0
choose the second animal in each pair, so the output is the
second animal in each pair.

0.30

60
choose the animal that is not a type of fish, and if both
animals are not fish, then choose the first animal.

0.55

120
choose the animal that is larger in size, so the output would
be:
wildebeest shark elk pit bull manatee

1.00

orthography
starts
with

0

identify the word in the sentence that is in Russian, and for
the first three sentences, the word "Russian" was correctly
identified. However, for the last two sentences, there were
no words in Russian, so the output should have been "N/A"
or "none."

0.00

20 identify the adjective in each sentence. 0.15
40 provide the word that starts with the given letter. 0.80

rhymes
0

change the first letter of the word to "inv" and then add the
rest of the word.

0.00

4 find a word that is an anagram of the given word. 0.00

8
change the word to a new word that rhymes with the original
word.

0.40

second
word
letter

0
"Provide the index of the first occurrence of the letter ’a’ in
each word."

0.00

2
"Provide the index of the first occurrence of the letter ’a’ in
each word."

0.00

4 "Output the second letter of each word." 1.00

sentiment
0 provide negative responses to the given inputs. 0.00
60 provide an output based on the given input. 0.00
120 provide the sentiment (positive/negative) of the given inputs. 0.90

taxonomy
animal

0
rearrange the words in alphabetical order, so the output for
each input would be the words listed in alphabetical order.

0.00

30
rearrange the words in alphabetical order, so the output lists
the words in alphabetical order.

0.00

60 "Output the animals from the given list." 0.95

word
sorting

0 "Please alphabetize the following list of words." 0.40

30
rearrange the words in the list in alphabetical order and the
output provided is the rearranged list of words.

0.75

60
rearrange the words in the list in alphabetical order and
output the sorted list.

0.85

x∗ − xt,1 + xt,1 − xt,2 = z∗t,1 + zt,1,2 (we have also made use of the triangle inequality). 1117

Selection of the First Prompt. Step (f) results from the way in which the first prompt is chosen: 1118

xt,1 = argmaxx∈X θ̂
⊤
t x. This is analogous to the way in which APOHF selects the first prompt: xt,1 = 1119
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argmaxx∈X h(x; θt). The subsequent analysis follows from standard analysis techniques for linear1120

dueling bandits (Bengs et al., 2022). Therefore, our strategy to select the two prompts is theoretically1121

principled. Note that in this section, we have provided some high-level theoretical justifications for the1122

prompt selection strategy of APOHF. Our prompt selection strategy can, in fact, be seen as a variant of1123

neural dueling bandit algorithms.1124

Selection of the Second Prompt. Step (e) follows from the way the second prompt is selected:1125

xt,2 = argmaxx∈X θ̂
⊤
t x+ ν ∥x− xt,1∥M−1

t
. This, importantly, is analogous to the way in which APOHF1126

selects the second prompt using 2. Note that we have replaced the linear score prediction θ̂⊤t x by the1127

prediction from our NN: h(x; θt). We have also used the gradient ∇h(x; θt) to replace the original1128

feature vector x, which is justified by the theory of the neural tangent kernel (NTK), which has shown1129

that ∇h(x; θt) can be used to approximate the random Fourier features for the NTK (Jacot et al., 2018).1130

Also note that compared to the theory of NTK, we have designed APOHF to be more practical following1131

the common practice of neural bandits (Zhang et al., 2021; Zhou et al., 2020). Specifically, in the loss1132

function to train our NN (1), for the regularization parameter, we have replaced the theoretical choice of1133
1
2mλ ∥θ − θ0∥22 (m is the width of the NN) by simply λ ∥θ∥22; regarding the random features of the NTK,1134

we have replaced the theoretical choice of 1√
m
∇h(x; θt) by simply ∇h(x; θt).1135

1136

18


	Introduction
	Problem Setting
	Automated Prompt Optimization with Human Feedback (APOHF)
	Training the Neural Network for Latent Score Prediction
	Selecting the Next Pair of Prompts
	Collecting User Preference Feedback

	Experiments
	Optimization of User Instructions
	Prompt Optimization for Text-to-Image Generative Models
	Response Optimization with Human Feedback

	Ablation Study
	Related Work
	Conclusion
	Limitations
	Ethical considerations
	Additional Related Works
	Addtional Details for Experiments
	License for datasets
	Computational resources
	Algorithm
	Additional details on experimental settings

	Addtional Experimental Results
	Theoretical Justifications for APOHF

