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ABSTRACT

In this study, we delve into an emerging optimization challenge involving a black-
box objective function that can only be gauged via a ranking oracle—a situa-
tion frequently encountered in real-world scenarios, especially when the function
is evaluated by human judges. Such challenge is inspired from Reinforcement
Learning with Human Feedback (RLHF), an approach recently employed to en-
hance the performance of Large Language Models (LLMs) using human guid-
ance (Ouyang et all 2022; |Liu et al., 2023} |OpenAl, 2022; Bai et al.| [2022).
We introduce ZO-RankSGD, an innovative zeroth-order optimization algorithm
designed to tackle this optimization problem, accompanied by theoretical assur-
ances. Our algorithm utilizes a novel rank-based random estimator to determine
the descent direction and guarantees convergence to a stationary point. More-
over, ZO-RankSGD is readily applicable to policy optimization problems in Rein-
forcement Learning (RL), particularly when only ranking oracles for the episode
reward are available. Last but not least, we demonstrate the effectiveness of ZO-
RankSGD in a novel application: improving the quality of images generated by
a diffusion generative model with human ranking feedback. Throughout experi-
ments, we found that ZO-RankSGD can significantly enhance the detail of gen-
erated images with only a few rounds of human feedback. Overall, our work
advances the field of zeroth-order optimization by addressing the problem of op-
timizing functions with only ranking feedback, and offers a new and effective
approach for aligning Artificial Intelligence (AI) with human intentions.

I INTRODUCTION

Ranking data is an omnipresent feature of the internet, appearing on a variety of platforms and ap-
plications, such as search engines, social media feeds, online marketplaces, and review sites. It
plays a crucial role in how we navigate and make sense of the vast amount of information avail-
able online. Moreover, ranking information has a unique appeal to humans, as it enables them to
express their personal preferences in a straightforward and intuitive way (Ouyang et al., 2022} |[Liu
et al., 2023; OpenAl, 2022; Bai et al., |2022). The significance of ranking data becomes even more
apparent when some objective functions are evaluated through human beings, which is becoming
increasingly common in various applications. Assigning an exact score or rating can often require a
significant amount of cognitive burden or domain knowledge, making it impractical for human eval-
uators to provide precise feedback. In contrast, a ranking-based approach can be more natural and
straightforward, allowing human evaluators to express their preferences and judgments with ease
(Keeney & Raiffa, [1993). In this context, our paper makes the first attempt to study an important
optimization problem where the objective function can only be accessed via a ranking oracle.

Problem formulation. With an objective function f : R? — R, we focus on the optimization
problem min,cra f(z), where f is a black-box function, and we can only query it via a ranking
oracle that can sort every input based on the values of f. In this work, we focus on a particular
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family of ranking oracles where only the sorted indexes of top elements are returned. Such oracles
are acknowledged to be natural for human decision-making (Keeney & Raiffa, 1993). We formally
de ne this kind of oracle as follows:

De nition 1 ((m; k)-ranking oracle) Given a functiof : RY | R andm pointsxi; X, to
query, an(m; k) ranking oracIeOf(m:k) returnsk smallest points sorted in their order. For example,
if Of(m;k)(xl; wnXm) = (i nnik); then
f(xi,) fxi,) = f(Xi) ] min  f(x;):
k

Applications. The optimization problenmin,, g« f (x) with an(m;k)-ranking oracle is a com-

mon feature in many real-world applications, especially when the objective furfci®evaluated

by human judges. One prominent inspiration for this type of problem is the growing eld of Rein-
forcement Learning with Human Feedback (RLHF) (Ouyang gt al.,|2022; Liu et al., [2023; OpenAl,
2022; Bai et al.| 2022), where human evaluators are asked to rank the outputs of large Al mod-
els according to their personal preferences, with an aim to improve the generation quality of these
models. Inspired by these works, in Sectign 4, we propose a similar application in which human
feedback is used to enhance the quality of images generated by Stable Diffusion (Rombach et al.,
2022), a text-to-image generative model. An overview of this application is demonstrated in Figure
(1. Beyond human feedback, ranking oracles have the potential to be useful in many other applica-
tions. For instance, in cases where the exact episode reward in reinforcement learning, or the precise
values of the objective functiodh must remain private, ranking data may provide a more secure and
con dential option for data sharing and analysis. This is particularly relevant in sensitive domains,
such as healthcare or nance, where the exact value of personal information must be protected.

Figure 1: Application of our proposed algorithm on enhancing the quality of images generated from
Stable Diffusion with human ranking feedback. At each iteration of this human-in-the-loop opti-
mization, we use Stable Diffusion to generate multiple images by perturbing the latent embedding
with random noise, which are then ranked by humans based on their quality. After that, the ranking
information is leveraged to update the latent embedding.

1.1 RELATED WORKS

Zeroth-Order Optimization. Zeroth-order optimization has been rigorously explored in the opti-
mization literature over several decades (Nelder & Mead, [1965; Frazier,[2018; Golovjn et al., 2019;
Nesterov & Spokoiny, 2017). Despite this, most existing works make a signi cant assumption
that the value of the objective function is directly accessible—an assumption ill-suited for our con-
text, where only ranking data of the function value is available. Existing heuristic algorithms like
CMA-ES (Loshchilov & Hutter; 201l6), which exclusively rely on ranking information, often lack
theoretical guarantees and may underperform in real-world scenarios. A notable exception is the
recent study by| (Cai et al., 2022), which investigates a setting where a pairwise comparison oracle
of the objective function is available. This comparison oracle is indé@d13-ranking oracle, mak-

ing it a special case within our work's scopg. (Cai et/al., 2022) attempts to uncover the gradient of
the objective function using the 1-bit compressive sensing method. Beyond (Cai et al., 2022), (Yue
& Joachims, 2009; Ding & Zhou, 2018; Kumagai, 2017) also study the use of comparison oracle,
but in the context of online bandit optimization. One major problem in all these existing works on
comparison oracles is that the underlying objective is con ned to be convex/strongly-convex, which
is particularly unrealistic in some applications involving human preference. Our work, in contrast,
contemplates a more gene(ai; k)-ranking oracle and focuses primarily on non-convex functions.
Rather than relying on compressive sensing techniques, our work introduces a novel theoretical
analysis capable of characterizing the expected convergence behavior of our proposed algorithm.

Bayesian Optimization with Comparison Oracles.Another relevant topic is Bayesian optimiza-
tion using pairwise comparison oracles, as demonstrated in (Astudillo & Frazier, 2020) and (Lin
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et al., 2022). Compared to the approach studied in this work, their approaches have two key is-
sues. Firstly, unlike gradient-based algorithms, these works lack strong theoretical guarantees for
optimization. Moreover, similar to the CMA-ES algorithm (Loshchilov & Hutter, 2016), Bayesian
Optimization faces scalability issues and struggles with high-dimensional optimization, which is not
a problem for gradient-based algorithms, as shown in (Duchi et al., 2015).

Reinforcement Learning with Human Feedback (RLHF). The general approach in existing
RLHF procedures involves collecting human ranking data to train a reward model, which is then
used to netune a pre-trained model with policy gradients (Ouyang et al., 2022; Liu et al., 2023;
OpenAl, 2022; Bai et al., 2022). In this work, we explore an alternative setting that fuses reinforce-
ment learning with ranking feedback, where ranking occurs online and is based on the total reward
of the entire episode. Our proposed zeroth-order algorithm can be directly employed to optimize the
policy within this context.

Contributions in this work. Our main contributions are summarized as follows:

(1) First rank-based zeroth-order optimization algorithm with theoretical guarantee. We
present a novel method for optimizing objective functions via their ranking oracles. Our pro-
posed algorithm ZO-RankSGD is based on a new rank-based stochastic estimator for descent
direction and is proven to converge to a stationary point. Additionally, we provide a rigorous
analysis of how various ranking oracles can impact the convergence rate by employing a novel
variance analysis. Last but not least, ZO-RankSGD is also directly applicable to the policy
search problem in reinforcement learning with only a ranking oracle of the episode reward
available.

(2) A new method for using human feedback to guide Al modelsZO-RankSGD offers a fresh
and effective strategy for aligning human objectives with Al systems. We demonstrate its utility
by applying our algorithm to a novel task: enhancing the quality of images generated by Stable
Diffusion with human ranking feedback. We anticipate that our approach will stimulate further
exploration of such applications in the eld of Al alignment.

Notations. For anyx 2 R, we de ne the sign operatoras Sig) =1 if x 0Oand 1 otherwise,

and extend it to vectors by applying it element-wise. Fdrdimensional vectok, we denote the
d-dimensional standard Gaussian distributiorNof0; | 4). The notatiorjSj refers to the number of
elements in the s&.

Paper organization. The rest of this paper is structured as follows: Section 2 introduces how to
estimate descent direction based on ranking information, with a theoretical analysis of how different
ranking oracles relate to the variance of the estimated direction. Built on the foundations in Section
2, Section 3 presents the main algorithm, ZO-RankSGD, along with the corresponding convergence
analysis. In Section 4, we demonstrate the effectiveness of ZO-RankSGD through various experi-
ments, ranging from synthetic data to real-world applications. Finally, Section 5 concludes the paper
by summarizing our ndings and suggesting future research directions.

2 FINDING DESCENT DIRECTION FROM THE RANKING INFORMATION

Assumption 1. Throughout this paper, we have these assumptions on the fuficti@yf is twice
continuously differentiable. (Z) is L -smooth, meaning th&r *f (x)k L. (3)f is lower bounded
by avaluef |, thatis,f (x) f forall x.

2.1 A COMPARISON-BASED ESTIMATOR FOR DESCENT DIRECTION

In contrast to the prior work (Cai et al., 2022), which relies on one-bit compressive sensing to recover
the gradient, we propose a simple yet effective estimator for descent direction without requiring
solving any compressive sensing problem. Given an objective funictéord a poini, we estimate

the descent direction df using two independent Gaussian random vectpiend » as follows:

0X) = S (% 1; 20 )1 2); (1)
where > 0Oisaconstant,an8 (x; 1; 2; ):RY RY RY R, !f 1, 1gisdenedas:

St 12 )E'Sign(F(x+ 1) f(x+ ) @)

We prove in Lemma 1, which is one of the most important technical tools in this workgtkats
an effective estimator for descent direction.
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Lemma 1. For anyx 2 RY, we have
hr f (x); E[0(X)]i kr f(xX)k Cgq4lL; 3)
whereCq4  0is some constant that only dependscon

Denote > 0 as the step size. With the-smoothness df and Lemma 1, we can show that

Ef(x a0 f(x) hr f (x); E[O()]T + %E ka(x)k?

kr f(x)k+ CqL + 2Ld; 4

where we note thaE[kg(x)k?] = E[k 1  ,k?] = 2d. Therefore, whenevekr f (x)k 6 0,

the valuek . ,[f (x 0(x))] would be strictly smaller thah(x) with suf ciently small and .

More importantly, unlike the comparison-based gradient estimator proposed in (Cai et al., 2022), our
estimator (1) can be directly incorporated with ranking oracles, as we will see in the next section.

2.2 FROM RANKING INFORMATION TO PAIRWISE COMPARISON

We rst observe that ranking information can be translated into pairwise
comparisons. For instance, knowing that is the best amongi;Xz; X3
can be represented using two pairwise comparisong better tharx, and
X1 is better tharxs. Therefore, we propose to represent the input and output
of (m; k)-ranking oracles as a directed acyclic graph (DAG): (N ; E),

f (xi) <f (xj)9. An example of such a DAG is shown in Figure 2. Given

access to afm; k)-ranking oracIeOf(m;k) and a starting poirnt, we query

Of(m;k) with the inputsx; = x+ i, ; N (0;1q), fori = .1;:::;m. With Figure 2: The cor-
the graphs constructed from the ranking information@fm'k),we propose responding DAG for
the following rank-based gradient estimator: thg_s) ranking  result

1 X 1 X O (X1;X2; X3; Xa
(X)) = — XX — ( i) (5) 1Xs) = (1:3:2).
IE] (i El .
i )2E (i )2E

Remark 1. Notice that(5) can be simply expressed as a linearly weighted combinatiofy af; .
We provide the speci c form in Appendix A.

We note that (1) is a special case of (5) with = 2 andk = 1, and it can be easily shown
thatE[g(x)] = E[§(x)] andE[ke(x)k?]  E[k§(x)k?], indicating that the bene t of using ranking
information over a single comparison is a reduced variance of the gradient estimator. However, to
determine the extent of variance reduction, we must examine the graph topolGgy of

Graph topology of G.  The construction of the DAG described above reveals that the graph
topology ofGis uniquely determined byn andk. There are two important statistics in this graph
topology. The rst one is the number of edggsj, which is related to the number of pairwise
comparisons, extracted from the ranking result. In the precedent work (Cai et al., 2022), the number
of pairwise comparisons can be used to determine the variance of the gradient estimator. However,
this is insuf cient for our case, as the pairwise comparisons in (5) are not independent. Therefore,
we require the second statistic of the DAG, which is the number of neighboring edge daird/em

de ne a neighboring edge pair as a pair of edges that share the same node. For instance, in Figure
2, one neighboring edge pair (81; x3) and(xy;X2). We denote this number &(E) and de ne

it formally asN (E) €"jf ((i:j ); (i%])) 2 E Eji & i%j; whereE is the undirected copy d,
i.e,(i;j) 2 Eifand if only (j;i) in E or (i;j ) in E. As mentioned, the graph topology &fis
determined byn andk. Therefore, we can analytically compykg andN (E) usingm andk. We
state these calculations in the following lemma:

Lemma 2. LetG= (N ; E) be the DAG constructed from the ranking im‘ormatior()tf‘ﬂn:k ). Then,
JEj= km (K2+ k)=2; (6)
N(E)= m?k+ mk? k®+ k? 4mk +2k: (7)
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Variance analysis of(5) based on the graph topology. To analyze the variance of the estimator
(5), we introduce two important metridéd 1 (f; ) andM,(f; ) on the functiorf .

De nition 2.

2
Mt ) Emax B[S0 120 M1 2 ®)

def. .
Mao(f; )Emax E [S(6 1 20 )St(% 1 a5 dha 21 ail; )
1, 2, 3
where 1, » and 3 are three independent random vectors drawn filerf0; 1 4).

We also provide some useful upper boundsvbr(f; ) andM(f; ) in Lemma 3, which help to
understand the scale of these two quantities.

Lemma 3. For any functionf and > 0, we haveM(f; ) 2d,Mo(f; ) 2d. Moreover, iff

satis es thatr 2f (x) = clq wherec 2 R is some constant, we hak, (f; ) 32= .

With M1 (f; ) andM(f; ), we can bound the second order moment of (5) as shown in Lemma 4.
Lemma 4. For anyx 2 RY, we have

Elke(x)k2] %+ ':'E(J'?

Discussion on Lemma 4. With Lemma 2 and Lemma 3, we observe that the rst variance term in

Mo(f; )+ My(f; ): (10)

(20), namely,j%, is O(ﬁ), and thus vanishes as ! 1 . In contrast, the second variance term
%Mz(f; ) does not disappear as grows, because
2+ 2 34 k2 +
im N(E): im M k+ mks k°+k 42nk 2k: }; (11)
mil  JEj mil (km (k2 + k)=2) k

and thus only vanishes when bdtlandm tend to in nity. However, there is a non-diminishing
termM(f; )’remaining in (10). Fortunately, as shown in LemmaB,(f; ) is smaller thar2d

and can be bounded by a dimension-independent constant for a certain family of quadratic functions.
Finally, it is worth noting that our approach for the variance analysis can be directly extended to any
ranking oracles beyond ti{en; k)-ranking oracle.

3 ZO-RANKSGD: ZEROTH-ORDER RANK-BASED STOCHASTIC GRADIENT
DESCENT

With all of our ndings in Sections 2, now we are ready to introduce our proposed algorithm, ZO-
RankSGD. The pseudocode for ZO-RankSGD is outlined in Algorithm 1.

Algorithm 1 ZO-RankSGD
Require: Initial point Xo, stepsize , number of iterationd’, smoothing parameter, (m; k)-ranking oracle

ol )
l: fort=1toT do

2.  Samplem i.i.d. random vector§ (1), ; (tm)9fromN (0;14).

3:  Query thgm; k)-ranking oracleof(m;k ) with inputfx¢ 1+ (¢ 1); 7 Xt 1+ (tm)0, and constuct

the corresponding DAG = (N ; E) as describgd in Section 2.2.

4:  Compute the gradient estimator usigg= & )oe ( () (i)
5 Xt=Xt 1 Ot
6: end for

3.1 THEORETICAL GUARANTEE OFZO-RANKSGD
Now we present the convergence result of Algorithm 1 in the following Theorem 1.

Theorem 1. Forany > 0, > 0, T 2 N, after running Algorithm 1 fofl iterations, we have:

f(xo) f L 2d  N(E)
I R R M =T

E  min  krf(x 1)k Ma(f; )+ Ma(f; ) 5 (12)
g

t2f 1,7

whereCq is some constant that only dependsthn
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q — R
Corollary 1. By taking = ﬁ and = % in Theorem 1, we have
d
r !
E min krf(x; 1)k =0 d . (13)
t2f 1;:5T g t1 - T ’

Effect of m and k on the convergence speed of Algorithm 1 As we have discussed in Section 2.2,
m andk affect the convergence speed through the variance of the gradient estimator. Speci cally,

in the upper bound of (12), we hay# + ’}‘éﬁ) Mo(f; )=0 L+ 2.

How to choose in Algorithm 1.  As we can see from (12), a smallergenerally leads to

a tighter bound as the estimated gradient aligns better with the true gradient. However, practical
implementation demands striking a balance, as an excessively smailjht result in perturbed
instances that are extremely similar to humans, making the ranking decision of them challenging.
Therefore, a practical rule for choosings: While we should try to minimize, it should remain

within the range of human discriminability.

3.2 LINE SEARCH VIA RANKING ORACLE

In this section, we discuss two potential issues that may arise when implementing Algorithm 1.
Firstly, it can be cumbersome to manually tune the step sizguired for each iteration. Secondly,
it may be challenging for users to know whether the objective function is decreasing in each iteration
as the function values are not accessible. In order to address these challenges, we propose a simple
and effective line search method that leverageglttie-ranking oracle to determine the optimal step
size for each iteration. The method involves querying the oracle with a set of iiyuts; x; 1

geinXe 1 I 1,9, where 2 (0;1) represents a scaling factor that controls the rate of step
size reduction. By monitoring whether or nat is equal tox; 1, users can observe the progress
of Algorithm 1, while simultaneously selecting a suitable step size to achieve the best results. It
is worth noting that this line search technique is not unique to Algorithm 1 and can be applied to
any gradient-based optimization algorithm, including those in (Nesterov & Spokoiny, 2017; Cai
et al., 2022). To re ect this, we present the proposed line search method as Algorithm 2, under the
assumption that the gradient estimagphas already been computed.

Algorithm 2 Line search strategy for gradient-based optimization algorithms

Require: Initial point Xo, stepsize , number of iteration3’, shrinking rate 2 (0; 1), number of triald.
l: fort=1toT do

2. Compute the gradient estimatpr

3:  X¢ =argmin X2><tf(x),wherext =Xt 1)Xt 1 gt Xt 1 ' 1gtg.

4: end for

4 EXPERIMENTS

4.1 S9MPLE FUNCTIONS

In this section, we present experimental re-
sults demonstrating the effectiveness of Al-
gorithm 1 on two simple functions: (1)

Quadratic function: f(x) = kxk3, x 2  (a) Quadratic function (b) Rosenbrock function
BlOO. (2) Rosenbrock function:f (x) =
(1 x)2+100(xis xP)?, X

[X1; 1 X100]” 2 R0, To demonstrate the effectiveness of our algorithm and verify our theoretical
claims, we conduct two experiments, and all gures are obtained by averaging over 10 independent
runs and are visualized in the form of meastd.

Figure 3: Performance of different algorithms.

Comparing Algorithm 1 with existing algortihms. In this rst experiment, we compare Algo-
rithm 1 with the following algorithms in the existing literatur@) ZO-SGD (Nesterov & Spokoiny,
2017): A zeroth-order optimization algorithm for valuing orac{@) SCOBO (Cai et al., 2022):
A zeroth-order algorithm for pairwise comparing orac{8) GLD-Fast (Golovin et al., 2019): A
direct search algorithm for top-1 oracle, namélw; 1)-ranking oracle.(4) CMA-ES (Loshchilov
& Hutter, 2016; Hansen et al., 2019): A heuristic optimization algorithm for ranking oracle.

To ensure a meaningful comparison, we x the number of queries 15 at each iteration for
all algorithms. For gradient-based algorithms, ZO-SGD, SCOBO, and our ZO-RankSGD, we use
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guery points for gradient estimation and 5 points for the line search. In this experiment, we set

m = k for ZO-RankSGD, i.e. it can receive the full ranking information. Moreover, we tune the
hyperparameters such as stepsize, smoothing parameter, and line search parameter via grid search
for each algorithm, and the details are provided in Appendix C.1. A high-dimensional experiment

is also included in Appendix C.2. Our experiment results in Figure 3 on the two functions show
that the gradient-based algorithm can outperform the direct search algorithm GLD-Fast and the
heuristic algorithm CMA-ES. Besides, Algorithm 1 can outperform SCOBO because the ranking
oracle contains more information than the pairwise comparison oracle. Additionally, Algorithm 1
behaves similarly to ZO-SGD, indicating that the ranking oracle can be almost as informative as the
valuing oracle for zeroth-order optimization.

Investigating the impact of m and k on Algo-

rithm 1. In this part, we aim to validate the

ndings presented in Lemma 4 and Theorem

1 by running Algorithm 1 with various values

of m andk. To keep the setup simple, we set

the step size to 50 and the smoothing param-

eter to 0.01 for Algorithm 1 with line search

(wherel = 5 and = 0:1). Figure 4 illus- (a) Quadratic function (b) Rosenbrock function
trates the performance of ZO-RankSGD under

different combinations ofm andk on the two Figure 4: Performance of ZO-RankSGD under
functions, which con rm our theoretical nd- different combinations afn andk.

ings presented in Lemma 4. For example, we observe(that 10;k = 10) yields better perfor-
mance thafm = 100; k = 1), as predicted by the second variance term in (10), which dominates
and scales a®(1=k).

Noisy ranking oracles. In practice, the ranking feedback we receive from human evaluators
may have some mistakes or inaccuracies. In Appendix C.3, we also present experimental results
with noisy ranking oracles, namely, these oracles do not always give the correct ranking feedback.
Remarkably, our proposed ZO-RankSGD algorithm shows robustness in handling this kind of noisy
feedback, making it well-suited for real-world applications. Looking forward, an interesting area
for further exploration is the theoretical understanding of these noisy ranking oracles. This involves
understanding how to formally represent the inaccuracy inherent in such oracles, similar to what
(Cai et al., 2022) did for comparison oracles.

(a) Reacher-v2 (b) Swimmer-v2 (c) HalfCheetah-v2
Figure 5: Perfomance of ZO-RankSGD and CMA-ES on three MuJoCo environments

4.2 REINFORCEMENTLEARNING WITH RANKING ORACLES

Motivation. In this section, we illustrate how ZO-RankSGD can be seamlessly employed for policy
optimization in reinforcement learning, given only a ranking oracle of the episode reward. Such a
setting especially captures the scenario where human evaluators are asked to rank multiple episodes
based on their expertise. Speci cally, we adopt a similar experimental setup as (Cai et al., 2022;
Duan et al., 2016), where the goal is to learn a policy for simulated robot control with several
problems from the MuJoCo suite of benchmarks (Todorov et al., 2012). We compare ZO-RankSGD
to the CMA-ES algorithm, a commonly used optimization baseline in reinforcement learning (Bengs
et al., 2021) that also solely relies on a ranking oracle. Both algorithms are restricted to query the
episode reward via €b; 5)-ranking oracle. To demonstrate the performance gap between ranking
oracle and value oracle, we also include ZO-SGD for comparison. To make a fair comparison,
Z0O-SGD is designed to receive value feedback of 5 points for each query. Additionally, we draw
a comparison between ZO-RankSGD and SCOBO; however, given the disparate nature of their
query oracles, the comparison is intricate. For a comprehensive discussion of this aspect and more
experiment details, we refer the readers to Appendix C.4.



Published as a conference paper at ICLR 2024

Results. The experiment results are shown in Figure 5, where the x-axis is the number of queries
to the ranking oracle, and the y-axis is the ground-truth episode reward. In these experiments, we
do not use line search for ZO-RankSGD, instead, we let , and decay them exponentially

after every rollout. As can be seen from Figure 5, our algorithm can outperform CMA-ES by a
signi cant margin on all three tasks, exhibiting a better ability to incorporate ranking information.
Additionally, ZO-RankSGD exhibits performance on par with ZO-SGD, reinforcing our ndings
from the experiment illustrated in Figure 3 and underscoring the effectiveness of the ranking oracle
in providing substantial optimization-relevant information.

(a) Original (b) Perturbed 1  (c) Perturbed 2 (d) Perturbed 3

Figure 6: Continuous property of reverse diffusion process. The used text prompteiddy bear is skiing,
detailed, realistic, 4K, 3D.

4.3 TAMING DIFFUSION GENERATIVE MODEL WITH HUMAN FEEDBACK

In recent years, there has been a growing interest in diffusion generative models, which have demon-
strated remarkable performance in generating high-quality images (Ho et al., 2020; Song et al.,
2020b; Dhariwal & Nichol, 2021). Despite these advancements, these models often struggle with
capturing intricate details, such as human ngers or key elements in prompts, and sometimes fail
to align with user aesthetics. To address this issue, we draw inspiration from recent successes in
aligning Language Models with human feedback (Ouyang et al., 2022; Liu et al., 2023; OpenAl,
2022; Bai et al., 2022), and propose to utilize human ranking feedback to enhance the generated
images. We noticed a concurrent work (Lee et al., 2023) sharing a similar motivation with us.
Speci cally, their method is based on the existing approach of RLHF and utilizes a considerable
amount of pre-collected data for ne-tuning the diffusion model. Despite this shared motivation,
our method tackles a distinct problem from theirs, as our proposed method is not designed for ne-
tuning, but to help the model better adapt to the need of new users at inference time, and the human
feedback is collected in an online fashion. In this experiment, we aim to demonstrate the ability of
Z0-RankSGD to improve the model's output at inference time by optimizing the control variables
of generation, such as the latent embedding, with the underlying model xed. A detailed description
is provided below.

Experimental Setting. We focus on the task of text-to-image generation, using the state-of-the-art
Stable Diffusion model (Rombach et al., 2022) to generate images based on given text prompts.
Firstly, we observe that a common practice for generating high-quality images in the community
of Stable Diffusion is to run the sampling process multiple times with different random seeds, and
then pick the optimal one. Inspired by this, we choose to optimize the latent noise embedding,
which is equivalent to random seed, using human ranking feedback through our proposed Algorithm
1, with an aim to produce images that are more appealing to humans. This experimental setting
offers several advantages, includirfdj) The latent embedding is a low-dimensional vector and thus
requires only a few rounds of human feedback for optimizati(®).It can also serve as a data-
collecting step before ne-tuning the model. It is also worth noting that any continuous parameter
in the diffusion model can be optimized similarly using human feedback.

Reverse diffusion process as a continuous mapping-irstly, we remark that only ODE-based
diffusion samplers, like DDIM (Song et al., 2020a) and DPM-solver (Lu et al., 2022), are used in
this study, as now the reverse diffusion process will be deterministic and only depends on the latent
embedding. We demonstrate that optimizing the latent embedding is a valid continuous optimization
problem by showing that, with slight perturbations of the latent embedding, diffusion samplers can
usually generate multiple similar images. An example of this phenomenon is in Figure 6, where the
rst image is generated using a given latent embedding, while the next three images are generated
by perturbing this embedding with noise drawn fréh0; 0:1l 4).

Examples. We illustrate several optimization results in Figure 7, where we ourselves provided the
human ranking feedback during these experiments. These instances highlight the improvements
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