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Abstract

Recent research has shown that fine-tuning diffusion
models (DMs) with arbitrary rewards, including non-
differentiable ones, is feasible with reinforcement learning
(RL) techniques, enabling flexible model alignment. How-
ever, applying existing RL methods to step-distilled DMs is
challenging for ultra-fast (≤ 2-step) image generation. Our
analysis suggests several limitations of policy-based RL
methods such as PPO or DPO toward this goal. Based on
the insights, we propose fine-tuning DMs with learned dif-
ferentiable surrogate rewards. Our method, named LaSRO,
learns surrogate reward models in the latent space of SDXL
to convert arbitrary rewards into differentiable ones for ef-
fective reward gradient guidance. LaSRO leverages pre-
trained latent DMs for reward modeling and tailors re-
ward optimization for ≤ 2-step image generation with ef-
ficient off-policy exploration. LaSRO is effective and stable
for improving ultra-fast image generation with different re-
ward objectives, outperforming popular RL methods includ-
ing DDPO [2] and Diffusion-DPO [76]. We further show
LaSRO’s connection to value-based RL, providing theoreti-
cal insights. See our webpage here.

1. Introduction

Diffusion models (DMs) [19, 66, 68, 69] have significantly
transformed generative modeling for continuous data, de-
livering remarkable results across various data modalities.
In particular, recent advances [56, 57, 59] demonstrate their
capabilities of generating diverse and high-fidelity images
according to free-form input text prompts, albeit at the
cost of a slow iterative sampling process. Various meth-
ods are proposed to accelerate such a sampling process
[39, 41, 43, 67], with the most recent distillation-based
methods [42, 60, 61, 70] pushing the envelope to achieve
extreme few-step generation (≤ 2 steps).

On the other hand, state-of-the-art image diffusion mod-
els pre-trained on Internet-scale datasets (e.g. LAION-5B

[62]) usually incorporate a fine-tuning stage that guides
the model’s behavior towards specific human preferences
(aesthetics, debiased, etc.) This is achieved either by su-
pervised learning (SFT) with curated human preference
datasets [29, 80, 84] or through reinforcement learning (RL)
to leverage a diverse set of reward signals, including those
not naturally differentiable such as incompressibility, or po-
tentially the ones involving large language models (LLMs)
or vision-language models (VLMs) [24, 44, 74].

However, it is non-trivial to fine-tune time-distilled DMs
for ≤ 2-step image generation with policy-based RL (e.g.,
PPO [64] or DPO [54]). We detailedly analyze the emerged
optimization challenges negligible for non-distilled DMs.
Most RL objectives are ineffective for ≤ 2-step DMs due to
the deterministic 2nd sampling step. The mapping of the dis-
tilled 2-step sampler from noisy images to clean ones (and
thus to most reward signals) is highly non-smooth, mak-
ing policy gradient estimation challenging. RL methods
relying on the denoising diffusion loss (such as Diffusion-
DPO [76]) are incompatible with such a property, leading to
blurred images. Moreover, the 2-step mapping lacks enough
stochasticity, posing a hard exploration problem. These
conditions make most RL methods infeasible or ineffective
for fine-tuning two-step DMs.

To address these limitations, we propose to learn a sur-
rogate reward model in the latent space (of SDXL [50]) that
converts an arbitrary reward signal into a differentiable one.
Reward fine-tuning with this learned surrogate avoids pol-
icy gradient estimation as it directly and efficiently provides
reward gradient guidance. Specifically, we propose to use
a pre-trained latent diffusion model as the backbone of the
surrogate model, which shows superior memory & speed ef-
ficiency and better generalizability compared to the alterna-
tives based on VLMs (CLIP [53] and BLIP [35]). Addition-
ally, our method achieves efficient exploration for 2-step
image DMs with off-policy samples. The overall pipeline
consists of two stages: the pre-training stage for learning
the surrogate reward and the reward optimization stage that
alternates between improving the DMs and online adapting
the surrogate. We call our method LaSRO, i.e., Latent-
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Figure 1. Generated images of resolution10242 with � 2 steps via LCM-SSD-1B [45] (baseline) and those �ne-tuned with Image Reward
[84]. 1st column: baseline results.2nd and3rd: results during and after �ne-tuning the baseline via our method LaSRO.4th: �ne-tuned
via RLCM [48] (a variant of DDPO [2]).5th: �ne-tuned via PSO [46] (a variant of Diffusion-DPO [76]). Ours signi�cantly improves the
visual quality of� 2-step image generation while other strong RL methods fail due to training instability and inef�ciency.

spaceSurrogateRewardOptimization. LaSRO effectively
�ne-tunes two-step DMs across different reward objectives
(including non-differentiable ones) and outperforms popu-
lar RL methods (DDPO [2], Diffusion-DPO [76], etc.). We
further show a connection of LaSRO to value-based RL [78]
to provide theoretical insights behind our approach. In sum-
mary, our contributions are:

• We analyze the key challenges in applying RL to improve
� 2-step image diffusion models.

• We propose a framework, named LaSRO, that uses latent-
space surrogate rewards to optimize arbitrary reward sig-
nals with ef�cient off-policy exploration.

• We establish LaSRO's connection to value-based RL,
demonstrate its advantages over popular policy-based RL
methods, and validate its design with ablation studies.

2. Related Work

Diffusion Models (DMs) Diffusion models [19, 66, 68,
69] have become the dominant generative models for var-
ious continuous data modalities [5, 20, 21, 26, 31, 40, 51,
55, 58, 86]. Particularly, recent advances [56, 57, 59] make
text-to-image generation vastly popular. A major drawback
of DMs is their lengthy iterative denoising process during
inference, often requiring many sampling steps.

Step-Distilled Diffusion Models Recent research strives
to achieve� 2 step generation through step-distillation
of a teacher diffusion model. Latent Consistency Models
(LCMs) [45] apply Consistency Distillation [70] to learn to
map any point along the sampling trajectories of the teach-
ers (latent DMs) to their endpoints with one sampling step.
Progressive Distillation [60] incrementally distills a diffu-
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sion model into a faster one. InstaFlow [42] apply distilla-
tion after modifying the teacher DM's probability �ow to be
smoother. Adversarial Diffusion Distillation [61] distills a
teacher into a faster student via adversarial training.

Fine-tuning DMs with Arbitrary Reward Signals Re-
ward �ne-tuning DMs with RL becomes promising for
aligning model outputs with arbitrary reward signals, in-
cluding non-differentiable ones. The simplest form of RL
comes in as reward-weighted regression (RWR) [49], in-
cluding [9, 24, 33]. Others [8, 76, 85] based on direct
preference optimization, DPO [54], or its variant [37], can
be seen as RWR-based approaches that fall into this cate-
gory. Policy-based RL methods [2, 4, 11–13] relying on
policy gradient or its equivalence handle arbitrary rewards
by using large quantities of online samples. Value-based
RL methods [78] have been largely under-explored for
�ne-tuning DMs since they can struggle with long-horizon
MDPs with delayed rewards [72]. On the other hand, su-
pervised �ne-tuning methods [7, 52, 81, 84] align DMs by
back-propagating the reward gradient through the denois-
ing process to update the model parameters. While effec-
tive, they are constrained to scenarios where speci�cally la-
beled preference datasets are available [29, 79, 80, 84] or
the reward signal is differentiable. Many recent rewards
[24, 44, 74] are not naturally differentiable as they involve
VLMs [35] or LLMs [1].

Reward Fine-tuning � 2-Step Step-Distilled DMs
Fine-tuning DMs with policy-based RL remains a great
challenge for� 2-step generation. The distilled diffusion
sampler lacks stochasticity and the underlying mapping is
highly non-smooth, making methods based on either policy
gradient estimation or reward-weighted regression ineffec-
tive (see Sec. 4 for details). Very recently, RLCM [48]
and PSO [46] were proposed to reward �ne-tuning step-
distilled DMs with policy-based RL, and RG-LCD [36] was
proposed to use reward guidance in the step-distillation pro-
cess of LCMs. However, they are ineffective or inef�cient
in improving� 2-step DMs with arbitrary rewards.

3. Preliminaries

3.1. Diffusion Models (DMs)

We consider the conditional denoising diffusion probabilis-
tic models [19, 66], which represent an image generation
distribution p(x0jc) over a sample imagex0 given a text
promptc. The distribution is modeled as the reverse of a
Markovian diffusion processq(x t +1 jx t ) that progressively
adds Gaussian noiseZ t to (a scaled version of)x0. To
reverse the diffusion, a time-conditioned neural network,
parametrized with� � prediction as� � (x t ; t; c), is trained by
maximizing a variational lower bound on the log-likelihood

of the training data, or equivalently, minimizing the loss:

L ddpm(� ) = E
�
kZ t � � � (x t ; t; c)k2�

(1)

where the expectation is taken over all training samples
(x0; c), timestept 2 f 0; :::; Tg, and the corresponding
noisy samplesx t � q(x t jx0) with the added noiseZ t . For
simplicity, we ignore the scaling terms and denote the pre-
dicted output (rather than the noise) as� � (x t ; t; c).

Sampling from a diffusion model starts with Gaussian
noisexT � N (0; I ) and iteratively generatesxT � 1; xT � 2

all the way tox0. With some pre-set monotonically decreas-
ing noise schedulesf � 2

t g, a common choice to parametrize
the reverse denoising step given a timestept is:

p� (x t � 1jx t ; c) = N (x t � 1 j � � (x t ; t; c); � 2
t I ) (2)

3.2. Latent Consistency Models (LCMs)

Aimed for fast image generation, the latent consistency
model (LCM) [45], a type of step-distilled DMs, was pro-
posed to perform Consistency Distillation [70] in the latent
space of the teacher DMs (e.g., SDXL [50]). We select
LCMs as our test bed due to their simplicity, ef�ciency, and
training stability (our approach isnot tied to LCMs, see Tab.
1). For simplicity, we abuse the notation to usex t to also
refer to the latent code. LCM learns a functionf � (x t ; t; c)
that maps any samplex t on a denoising trajectory to the
endpointx0 by “compressing” the trajectory induced by the
teacher DMs (see Fig. 2 upper right). It enforces its output
given x t to be close to its output givenx t � 1, while over-
riding f � (x0; 0; c) = x0 for the boundary condition. The
(simpli�ed) LCM training loss is:

L lcm(� ) = E
h
d

�
f � (x t ; t; c); f � (x̂ �

t � 1; t � 1; c)
�i

(3)

whered(�; �) is a metric function; the expectation is taken
over x; c and t; stop gradient is applied to the2nd f � in
d(�; �); x̂ �

t � 1 is a sample obtained fromx t with one denois-
ing step using the teacher diffusion model� givenc.

While LCMs produce images with only one step, by re-
injecting noise back to the results of each LCM step (except
for the last one), LCMs bene�t from a multi-step sampling
procedure similar to regular DMs. Namely, similar to Eq. 2,
each LCM sampling step (except for the last one) follows:

p� (x t � 1jx t ; c) = N (x t � 1 j f � (x t ; t; c); � 2
t I ) (4)

Again, scaling terms are ignored. Usually, only up to 8 steps
are taken for LCMs (much fewer than regular DMs).

3.3. RL Formulation of Fine­tuning DMs & LCMs

We formulate RL �ne-tuning of DMs using Markov De-
cision Process (MDP) [72]. Similar to [2], we map
a diffusion model to the following �nite-horizon MDP
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(S; A ; P; R; �; H ) with policy � (at jst ) and a task reward
r (s; c) that evaluates the image given the text promptc:

st , (x � t ; � t ; c) 2 S at , x � t +1 2 A

� (at jst ) , p� (x � t +1 jx � t ; c)

P(st +1 jst ; at ) , (� x � t +1
; � � t +1 ; � c )

R(st ; at ) =

(
r (at ; c) if t = H � 1
0 otherwise

� , (p(c); � � 0 ; N (0; I ))

where� y is the Dirac� -distribution andp� (x � t +1 jx � t ; c) is
de�ned according to Eq. 2 or 4. Note that, in MDP for-
mulation (and for the rest of this paper), in contrast to the
previous notation, the initial timestep is denoted� 0, and af-
terH denoising steps, the last timestep is denoted� H .

For LCMs (f � from Sec. 3.2), since the intermediate
sampling result lies in the image/latent space where a non-
zero reward is de�ned, the MDP formulation differs by:

R(st ; at ) = r (f � (x � t ; � t ; c); c); 8t (5)

4. What are the RL Obstacles?

We present an insightful analysis of three major challenges.

4.1. Hard Exploration for Two­Step Image DMs

Ef�cient and effective exploration in the state space is key
to all online RL methods. Fine-tuning two-step DMs poses
a hard exploration problem for RL. Diffusion models, ex-
pressed as stochastic policiesp� (x � H jx � 0 ; c), explore the
image/latent space by repeatedly injecting Gaussian noise
during the sampling process (Eq. 2 or 4). While regu-
lar DMs incrementally add noise to render diverse images,
step-distilled DMs add noise in signi�cantly fewer incre-
ments, leading to less diverse images, an observation we
visualize in Fig. 2 (left). Given a �xed initial noisex � 0

and a promptc, one-step DMs (i.e., LCMs) aredetermin-
istic functions, and, byinjecting noise only once, two-step
LCMs allow little exploration:

x � H � f � (f � (x � 0 ; � 0; c) + Z; � H= 2; c) (6)

where scaling terms are ignored;Z is the injected noise at
timestep� H= 2 as the only source of stochasticity. This lim-
ited exploration hinders on-policy RL methods.

4.2. Degenerated RL Objectives for Two­Step DMs

Typically, policy-based RL optimizes the log-likelihood of
online samples to enhance the policy's expected reward.
However, most policy-based methods have their objectives
degenerated when �ne-tuning two-step DMs, substantially
impeding their effectiveness. For instance, a simple form of
DDPO [2] to �ne-tune DMs has its objective and gradient:

J ddpo(� ) = Ec� p(c) ; x � H � p� (x � H j c) [r (x � H ; c)] (7)

Figure 2. (left) Given astronaut riding a horseas c, �xed ini-
tial noisex � 0 and guidance scale, the reduction of noise-injecting
steps leads to less diverse images generated from SSD-1B [17] and
its LCM, and thus harder exploration forp� (x � H jx � 0 ; c). (right )
Illustration of the LCM mappingf � . We show the growing empir-
ical local Lipchitz of the LCM mapping from a noisy image to a
clean image and to a generic image quality score (details in Ap-
pendix A). The x-axis is the input's noise level (t as inx t ).

r � J ddpo = E

"
H � 1X

t =0

r � logp� (x � t +1 jx � t ; c) r (x � H ; c)

#

(8)
For two-step LCMs, since the2nd step is deterministic,
p� (x � H jx � H= 2 ; c) does not exist; Eq. 7 degenerates to:

J deg
ddpo = E

�
r � logp� (x � H= 2 jx � 0 ; c) r (x � H ; c)

�
(9)

This objective only accounts for the�rst half of the sam-
pling process, making DDPO ineffective. Similar issues can
be found in other policy-based methods such as DPO [46].

4.3. Non­Smooth Mappings of Two­Step DMs

The non-smoothness of the mapping that underlies two-step
DMs makes it challenging to �ne-tune them with meth-
ods based on either policy gradient estimation or reward-
weighted regression (RWR). Speci�cally, with a distilled
two-step diffusion sampler, the underlying mapping from a
noisy image to a clean image is highly non-smooth (i.e., has
a great Lipchitz constant). Thus, slight changes in actions
could drastically change most rewards. The same holds for
two-step latent DMs: an LCM stepf � (x � t ; � t ; c) denoising
an input with a higher noise level (� t closer to� 0) requires
greater model expressiveness, resulting in a higher (local)
Lipschitz constant [38]. Note that, the2nd step of a two-
step LCM handles a very high noise level fromx � H= 2 , em-
pirically veri�ed in Fig. 2 (right).

This non-smoothness makes it dif�cult to estimate pol-
icy gradients, leading to training instability of PPO [64].
In fact, many online RL methods that rely on policy gradi-
ent theorem [73] suffer from high variance gradient estima-
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