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ABSTRACT

Diffusion alignment adapts pretrained diffusion models to sample from reward-
tilted distributions along the denoising trajectory. This process naturally admits
a Sequential Monte Carlo (SMC) interpretation, where the denoising model acts
as a proposal and reward guidance induces importance weights. Motivated by
this view, we introduce Variance Minimisation Policy Optimisation (VMPO),
which formulates diffusion alignment as minimising the variance of log importance
weights rather than directly optimising a Kullback-Leibler (KL) based objective.
We prove that the variance objective is minimised by the reward-tilted target
distribution and that, under on-policy sampling, its gradient coincides with that
of standard KL-based alignment. This perspective offers a common lens for
understanding diffusion alignment. Under different choices of potential functions
and variance minimisation strategies, VMPO recovers various existing methods,
while also suggesting new design directions beyond KL.

1 INTRODUCTION

Diffusion models (Ho et al., 2020; Song et al., 2020b; Rombach et al., 2022) have recently moved
beyond large-scale pretraining to incorporate downstream objectives, such as aligning with human
preferences (Wallace et al., 2024). A prominent line of work, commonly referred to as diffusion
alignment, formalises this idea by adapting pretrained diffusion models such that their generated sam-
ples are biased toward high-reward regions of the data space (Black et al., 2023; Fan et al., 2023; Liu
et al., 2025a; Xue et al., 2025). This direction has recently attracted significant attention, as alignment
with reward signals enables controllable generation at inference time, allowing pretrained denoising
models to be steered toward desired behaviours without retraining from scratch or compromising
sample quality (Clark et al., 2023; Domingo-Enrich et al., 2024; Potaptchik et al., 2025; 2026).

Existing approaches, including Denoising Diffusion Policy Optimisation (DDPO) (Black et al., 2023),
Diffusion policy optimisation with KL regularisation (DPOK) (Fan et al., 2023), and flow-based
Group Relative Policy Optimisation (Flow-GRPO) (Liu et al., 2025a), typically cast diffusion align-
ment as a reinforcement learning problem (Schulman et al., 2015a; 2017; Shao et al., 2024), applying
KL-regularised policy updates along the denoising trajectory. While these methods have demon-
strated strong empirical performance, they are often derived from specific optimisation viewpoints,
which can obscure their underlying connections and make it difficult to systematically design new
variants. In addition, these formulations emphasise matching reward-tilted target distributions via KL
minimisation, while alternative optimisation criteria remain relatively underexplored.

In this work, we revisit diffusion alignment through the lens of Sequential Monte Carlo (SMC)
(Del Moral et al., 2006). By interpreting the denoising process as a proposal distribution and reward
guidance as inducing importance weights, we show that diffusion alignment naturally gives rise to
a variance minimisation problem (Richter et al., 2020). Motivated by this observation, we propose
Variance Minimisation Policy Optimisation (VMPO), which frames alignment as minimising the
variance of log importance weights along the trajectory. We analyse its theoretical properties and
show that, under on-policy sampling, its gradient recovers that of standard KL-based alignment.
Beyond providing a principled interpretation, this perspective offers a flexible framework: different
choices of potential functions and variance objectives lead to optimisation rules closely related to
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existing methods, while also suggesting new design directions beyond KL regularisation. Empirically,
we demonstrate the effectiveness of VMPO by finetuning Stable Diffusion 1.5 and 3.5 (Rombach
et al., 2022; Esser et al., 2024) across a wide range of reward functions. We hope that this variance-
minimisation viewpoint provides a useful conceptual tool for understanding diffusion alignment and
for guiding the development of future alignment methods.

2 BACKGROUND: DIFFUSION ALIGNMENT

Given a pretrained diffusion model pref(xt−1|xt) and a reward model r, diffusion alignment aims
at drawing samples from the reward-tilted target ptilt(xt−1|xt)∝pref(xt−1|xt)exp(

r(xt−1)
β ) 1. A naive

way to sample from ptilt is to apply self-normalised importance sampling (SNIS) (Owen, 2013):
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While straightforward, SNIS suffers from high variance with a poor proposal pθ, which precipitates
particle degeneracy and hinders adequate exploration of the state space (Del Moral et al., 2006). The-
oretically, the optimal proposal with zero variance is pθ(xt−1|xt) ∝ pref(xt−1|xt)exp(r(xt−1)/β),
which inspires us to learn an optimal proposal by minimising a divergence between pθ and ptilt.
A popular choice is the KL-divergence (Kullback & Leibler, 1951) (see Appendix A.2 for the
derivation):

argmin
θ

KL (pθ||ptilt) ⇔ argmax
θ

Epθ
[r(xt−1)]− βKL(pθ(xt−1|xt)||pref(xt−1|xt)). (2)

To optimise pθ using Equation (2), one can apply the policy gradient (Sutton et al., 1999), which
induces the following surrogate objective:

JKL(t; θ) = Epθold

[
pθ(xt−1|xt)

pθold(xt−1|xt)
r(xt−1)

]
− βKL(pθ(xt−1|xt)||pref(xt−1|xt)). (3)

Equation (3) has been widely adopted in reinforcement learning algorithms, such as proximal policy
optimisation (PPO) (Schulman et al., 2017) and GRPO (Shao et al., 2024), which have recently been
adapted in diffusion alignment, such as DDPO (Black et al., 2023) and Flow-GRPO (Liu et al., 2025a)
(see Appendix A for a brief review). Rather than following the KL perspective, in the following, we
propose a new diffusion alignment method from the perspective of variance minimisation.

3 VMPO: VARIANCE MINIMISATION POLICY OPTIMISER

In this section, we introduce VMPO: a policy optimiser with variance minimisation. Rather than
directly maximising expected reward, VMPO learns the policy pθ by minimising the variance of
importance weights (Richter et al., 2020) 2
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]]2
(4)

where h is an arbitrary reference distribution sharing the same support as pθ and pref . The validity of
the loss Equation (4) is formalised by the following proposition:

Proposition 1. The optimum of Lh
Var(t; θ) satisfies pθ∗ = ptilt(xt−1|xt), θ∗ = argminθ Lh

Var(t; θ).
Moreover, ∇θLh

Var(t; θ)
∣∣
h=pθ

= ∇θKL(pθ(xt−1|xt)||ptilt(xt−1|xt)).

1We omit the condition c when clear from context. In most settings, the reward function is defined only on
the clean sample x0. We defer the discussion of how to construct intermediate reward r(xt) to Appendix C.2

2For ease of exposition, we focus only on consecutive timesteps (t − 1, t). In Appendix C.1, we justify
the variance minimisation objective from the lens of SMC, and further show that T

∑T
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2
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+ 1
β
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— Anthropomorphic Virginia opossum playing guitar. —>

— The image features a castle surrounded by a dreamy garden with roses and a cloudy sky in the background. —>

Figure 1: Visualisation of alignment dynamics over the training progress of SD1.5 with HPSv2. The
generated images become more faithful to the prompt as the training continues (from left to right).

In practice, Lh
Var can be estimated using Monte Carlo samples:
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It is noteworthy that although L̂h
Var(t; θ) is a biased estimator of Lh

Var(t; θ) due to the quadratic
nonlinearity of (·)2, its gradient, which has the form of

∇θL̂h
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1
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−Ai
t(θ)∇θ log pθ(xt−1|xt), (6)

is an unbiased estimator to −∇θJKL(t; θ) if we set h = pθ. Equation (5) induces a loss to train the
policy: argminθ

1
(N−1)

∑K
i=1

∑T
t=1 −Ai

t(θsg) log pθ(xt−1|xt), which closely resembles the GRPO
objective (see Appendix B.2 for details). Although straightforward, simple Monte Carlo estimation
of the expectation Eh[logwt] typically has high variance, which in turn requires a high number of
Monte Carlo samples to improve training stability, but reduces the training efficiency. Alternatively,
we can instead amortise this expectation using a learnable function approximator. Concretely, we
introduce a neural estimator Mϕ(t) trained by

ϕ∗ = argmin
ϕ

Eh

[(
logRθ(xt−1|xt)+

1

β
r(xt−1)−Mϕ(t)

)2
]
. (7)

By the identity Eh[w] = argminM Eh[(w − M)2], the optimal satisfies Mϕ∗(t) = Eh[logwt].
Substituting this estimator into the variance objective yields the VMPO loss

LVMPO(θ, ϕ) = Eh,t

[(
logRθ(xt−1|xt)+

1

β
r(xt−1)−Mϕ(t)

)2
]

(8)

Algorithm 1 VMPO
Require: Reference model pref , denoising policy

pθ , mean estimator Mϕ, reward function r
1: while not converged do
2: Rollout τ = {xt}t with pθ(xt−1|xt)
3: For each transition (xt−1, xt) ∈ τ :

update θ, ϕ with Equation (8)
4: end while

We summarise the training procedure in Algorithm 1.
For the choice of intermediate reward r(xt), we con-
sider two options: return-to-go and difference, in Ap-
pendix C.2, which lead to two variants of our method:
VMPO-R2G and VMPO-Diff, respectively. More-
over, in Appendix C.3, we further show that VMPO
serves as a kaleidoscopic policy optimiser, connect-
ing to a broad class of existing diffusion alignment
methods through different choices of variance min-
imisation strategies.
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Table 1: Results on Stable Diffusion v1.5 fine-tuned with HPSv2.

Method HPSv2 (↑) CLIPScore (↑) ImageReward (↑) DreamSim (↑)

SD1.5 (Base) 0.2368 ± 0.0029 0.2717 ± 0.0032 0.0331 ± 0.0779 0.4389 ± 0.0116
GRPO 0.2684 ± 0.0035 0.2653 ± 0.0034 0.3449 ± 0.0758 0.3220 ± 0.0098
VMPO-R2G 0.2723 ± 0.0032 0.2713 ± 0.0030 0.3427 ± 0.0762 0.3673 ± 0.0115
VMPO-Diff 0.2822 ± 0.0040 0.2622 ± 0.0028 0.4973 ± 0.0780 0.2916 ± 0.0104

SD-1.5 GRPO VMPO-R2G VMPO-Diff

Several cars drive down the road on a cloudy day.

A rusted robot lying in a field of wildflowers, ultra-detailed, shallow depth of field.

A quiet Tibetan monastery at sunrise, mountains in the background, soft golden light.

Figure 2: Illustration of the generated samples of different models.

4 EXPERIMENTS

We evaluate VMPO by aligning Stable Diffusion v1.5 (Rombach et al., 2022) using Human Preference
Score (HPSv2) (Wu et al., 2023b). Details of the experimental setup, along with additional results on
Stable Diffusion v3.5 (Esser et al., 2024) and other reward functions, are deferred to Appendix D.

Setup. For training, we adopt low-rank adaptation (LoRA) (Hu et al., 2022) and leverage the photo
and painting prompts from Wu et al. (2023b) as training prompts. For testing, we consider the 100
test prompts3 collected by Domingo-Enrich et al. (2024). For each prompt, we generate 10 images
and evaluate the CLIPScore (Hessel et al., 2021), ImageReward (Xu et al., 2023), and DreamSim (Fu
et al., 2023) as the reported metrics.

Figure 3: HPSv2 convergence curves of SD1.5.

Results and Discussion. We present the reward
convergence curves in Figure 3. As shown in the
figure, both VMPO and GRPO steadily improve
HPSv2 over training, indicating effective reward
optimisation. Notably, VMPO-Diff consistently
attains higher reward values throughout training,
suggesting improved sample efficiency for reward
alignment compared to GRPO and VMPO-R2G. To
further illustrate the alignment dynamics, Figure 1
visualises the evolution of generated images dur-
ing training, where the images progressively align
more faithfully to the prompts, qualitatively vali-
dating the effectiveness of VMPO. In Table 1, we
quantitatively benchmark VMPO against GRPO. It
shows that VMPO achieves higher HPSv2 and ImageReward scores, which are both preference-
trained, CLIP-based rewards. However, we observe a drop in CLIPScore and DreamSim, which
respectively measure text–image alignment and diversity, indicating that both VMPO and GRPO are
susceptible to reward hacking. We illustrate this effect with representative samples in Figure 2 and
additional examples provided in Figure 6.

3
https://github.com/microsoft/soc-fine-tuning-sd/blob/main/prompt_files/benchmark_ir.json
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5 CONCLUSION AND LIMITATION

In this paper, we proposed variance minimisation policy optimiser (VMPO), a diffusion alignment
method that learns the denoising policy by minimising the variance of importance weights. VMPO
closely resembles proximal policy optimisation when Monte Carlo estimation is employed, while
retaining substantial flexibility. By choosing different potential functions along sampling trajectories
and alternative variance minimisation objectives, VMPO naturally connects to several existing
approaches. Empirically, we demonstrated the effectiveness of VMPO by fine-tuning Stable Diffusion
v1.5 and v3.5. We further discuss limitations and directions for future work in Appendix F.
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A DIFFUSION ALIGNMENT: A TALE OF TWO VIEWS

Let q(x0) be the data distribution, denoising diffusion models (Sohl-Dickstein et al., 2015; Ho et al.,
2020; Kingma et al., 2021) construct a Markovian process q(x0:T ) = q(x0)

∏T
t=1 q(xt|xt−1), with

q(xt|xt−1) = N (αt/αt−1xt, (1 − α2
t /α

2
t−1)I). By setting σ2

t + α2
t = 1, this noising process has

a simple marginal in the form of q(xt|x0) = N (xt;αtx0;σ
2
t I), where {αt, σt} are pre-defined

signal-noise schedules. Diffusion models parametrise the denoising process as a Markovian process
as well, which takes the form of

pθ(x0) =

∫
pθ(x0:T ) dx0:T =

∫
pθ(xT )

T∏
t=1

pθ(xt−1|xt) dx1:T ,

pθ(xt−1|xt) = N
(
xt−1;

αtσ
2
t−1

αt−1σ2
t

xt +
α2
t−1 − α2

t

αt−1σ2
t

x̂θ(xt, t)

) (9)

in which x̂θ(xt, t) is a neural network to predict the clean data x0 given the noisy input xt =
αtx0 + σtϵ. Thus, diffusion models can be trained via data prediction loss

L(θ) = Et,x0∼q(x0),ϵ∼N (0,I)∥x0 − x̂θ(αtx0 + σtϵ, t)∥2. (10)

In condition generation, such as text-to-image generation, one can parametrise the diffusion model as

pθ(x0; c) =

∫
pθ(xT )

T∏
t=1

pθ(xt−1|xt; c) dx1:T , (11)

11
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where c denotes the condition (e.g., text), and replace x̂t(αtx0 + σtϵ, t) with x̂t(αtx0 + σtϵ, t, c). In
this paper, we study diffusion alignment. Given a diffusion model pθ and a reward model r, our goal
is to maximise the reward of the generated samples. We present two complementary perspectives for
achieving this objective and show that they ultimately lead to the same optimisation problem. In what
follows, we occasionally ignore the dependence on c without loss of generality.

A.1 DIFFUSION ALIGNMENT AS POLICY OPTIMISATION

By the Markov property of denoising diffusion models (cf. Equation (9)), the denoising process can
be cast as a finite-horizon Markov Decision Process (MDP) (S,A, P0, P,R) (Black et al., 2023; Fan
et al., 2023), where

st = (xT−t, c), at = xT−t−1, P0(s0) = (N (0, I), p(c)), P (st+1|st, at) = (δat
, δc)

R(st, at) = r(st+1) only if t = T − 1 else 0, πθ(at|st) = pθ(xT−t−1|xT−t, c).

Here, st and at denote the state and action at time step t; P0 and P are the initial state distribution and
the deterministic transition kernel; R is a sparse terminal reward defined only at the final denoising
step; and πθ corresponds to the denoising policy parameterised by θ. Under this formulation, diffusion
alignment amounts to optimising the policy πθ to maximise the expected terminal reward. This leads
to the following diffusion alignment objective (Black et al., 2023)

J (θ) = Eτ∼πθ

[
T∑

t=0

Gt

]
(12)

where τ ≜ (x0, . . . , xT ) denotes the sample trajectory and Gt is the return-to-go, which in the
diffusion alignment setting reduces to Gt = r(x0). Applying the policy gradient theorem, one can
show that (Fan et al., 2023, Lemma 4.1):

∇θJ (θ) =Eτ∼µθ

[
T∑

t=0

Gt∇θ log πθ(at|xt)

]

=

T∑
t=1

Epθ(xt−1|xt)[r(xt−1)∇θ log pθ(xt−1|xt)]

= ∇θEpθ(x0)[r(x0)] (13)

This expression shows that diffusion alignment can be viewed as reinforcing denoising transitions
that lead to high-reward final samples.

A.2 DIFFUSION ALIGNMENT AS PROBABILITY INFERENCE

Alternatively, diffusion alignment can be formulated from a probabilistic inference perspective. Given
a pretrained diffusion model pref(xt−1|xt) and a reward model r(x), one can define a reward-tilted
target distribution ptilt(xt−1|xt) ∝ pref(xt−1|xt)exp(r(xt−1)/β) where β > 0 controls the strength
of reward guidance. A natural approach is to learn a model pθ that approximates ptilt by minimising
the KL divergence KL(pθ∥ptilt). Taking the gradient with respect to θ, we obtain

∇θKL (pθ(xt−1|xt)||ptilt(xt−1|xt))

=

∫ (
log

pθ(xt−1|xt)

pref(xt−1|xt)
− 1

β
r(xt−1)

)
∇θpθ(xt−1|xt) dxt−1

+
∫
logZ∇θpθ(xt−1|xt) dxt−1

0
+
∫
pθ(xt−1|xt)∇θ log pθ(xt−1|xt) dxt−1

0

= ∇θEpθ(xt−1|xt)

[
− 1

β
r(xt−1)

]
+∇θKL(pθ(xt−1|xt)||pref(xt−1|xt)). (14)

where we have used the fact that the normalisation constant of ptilt does not depend on θ. This leads
to the following alignment objective:

argmax
θ

T∑
t=1

Epθ(xt−1|xt) [r(xt−1)]− βKL(pθ(xt−1|xt)||pref(xt−1|xt)) (15)

12
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We observe that this objective closely resembles the one in Equation (13), but includes an additional
KL regularisation term that constrains the learned policy to remain close to the pretrained diffusion
model. Such KL regularisation is standard in reinforcement learning (Schulman et al., 2015a; 2017;
Haarnoja et al., 2018; Levine, 2018) and variational inference (Kingma & Welling, 2013; Blei et al.,
2017), where it serves to stabilise optimisation, prevent mode collapse, and preserve the prior.

A.3 REINFORCE, PPO, AND GRPO

REINFORCE (Williams, 1992) is a Monte Carlo policy-gradient estimator that expresses the gradient
of the expected return as an expectation of the reward weighted by the score function:

∇θEπθ
[Gt] = Eπθ

[Gt∇θ log πθ(at|st)]. (16)

Although unbiased, the REINFORCE estimator typically suffers from high variance. A standard
variance-reduction technique is to introduce a control variate (Ranganath et al., 2014) in the form of a
baseline b(st), which is subtracted from the return-to-go Gt. In reinforcement learning, a common
choice is the value function Vπθ

(st) (Schulman et al., 2015b), which is action-independent and
therefore preserves unbiasedness, since Eπθ

[b(st)∇θ log πθ(at|st)] = 0. This yields the following
gradient estimator:

∇θJ (θ)=Eτ∼πθ

[
T∑

t=0

(Gt−b(st))∇θ log πθ(at|st)

]
=Eτ∼πθ

[
T∑

t=0

Ât∇θ log πθ(at|st)

]
, (17)

where Ât = Gt − b(st) is an estimate of the advance Qπθ
(st, at)− Vπθ

(st), where Q denotes the
Q-value. This leads to the REINFORCE surrogate objective:

JREINFORCE(θ) = Eτ∼πθsg

[
T∑

t=0

Ât log πθ(at|st)

]
. (18)

However, JREINFORCE is inefficient in practice, since it requires sample trajectries for each policy
update. This can also lead to excessively large policy updates, resulting in instability and degraded
performance. Proximal Policy Optimisation (PPO) (Schulman et al., 2017) addresses these issues by
explicitly constraining the deviation between the updated policy πθ and the reference policy πθsg , by
applying importance sampling with the weight ρt ≜

πθ(at|st)
πθsg (at|st) , and clipping it to remain within a

trust region. The PPO clipped surrogate objective is given by

JPPO(θ) = Eτ∼πθsg

[
T∑

t=0

min
(
ρt(θ)Ât, clip (ρt(θ), 1− ϵ, 1 + ϵ) Ât

)]
, (19)

where ϵ > 0 controls the size of the trust region. Intuitively, PPO preserves the variance-reduction
benefits of advantage-weighted policy gradients while preventing overly aggressive updates that
would invalidate the on-policy approximation underlying REINFORCE.

While PPO stabilises optimisation by constraining policy updates, it relies on an explit value function
Vπθ

to construct the advantage estimates. In many settings, particularly those with sparse, trajectory-
level rewards, learning an accurate reward value function can be difficult and may introduce addtional
instability. Group Relative Policy Optimisation (GRPO) (Shao et al., 2024) circumvents this issue
by eliminating the value function altogether and instead using relative advantages computed within
groups of samples. Concretely, for a given state st, GRPO samples a group of actions {ait}Ki=1 ∼
πθsg(·|st) and computes their corresponding returns {Gi

t}Ki=1. The advantages for each action is then
defined relative to the group mean:

Âi
t = Gi

t −
1

K

K∑
j=1

Gi
t. (20)

This group-normalised advantage can be written as Âi
t =

K−1
K

(
Gi

t − 1
K

∑
j ̸=i G

j
t

)
, in which the

second term is a leave-one-out (LOO) baseline (Salimans & Knowles, 2014; Kool et al., 2019). This
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baseline acts as a control variate, reducing variance without requiring a learned value function.4
GRPO combines this relative advantage estimator with a PPO-style clipped objective, yielding the
objective:

JGRPO(θ) = E{τi}∼πθsg

[
1

K

K∑
i=1

T∑
t=0

min
(
ρt(θ)Â

i
t, clip (ρt(θ), 1− ϵ, 1 + ϵ) Âi

t

)]
. (21)

From this viewpoint, GRPO inherits the stability guarantees of PPO through proximal updates, while
avoiding the need to learn a parametric value function. This makes GRPO particularly appealing in
settings where rewards are defined at the trajectory level or where value estimation is challenging, as
is the case in diffusion alignment.

In practice, policy optimisation is often further regularised by penalising deviations from a reference
policy πref via a KL divergence term, leading to the following objective:

argmax
θ

JREINFORCE/PPO/GRPO(θ)− β

T∑
t=0

KL(πθ(at|st)||πref(at|st)). (22)

Such KL regularisation plays a central role in stabilising training by constraining the updated policy
to remain close to a fixed reference. In many practical implementations, particularly in reinforcement
learning from human feedback (RLHF) (Ouyang et al., 2022) for large language models, this
regularisation is applied implicitly rather than as an explicit penalty in the optimisation objective
(Zhang et al., 2025d; Shah et al., 2025). Specifically, the KL term is absorbed into the reward before
advantage estimation by modifying the return as

G′
t = Gt − β log

πθ(at|st)
πref(at|st)

. (23)

The resulting modified return is then used to compute the advantage Ât, effectively enforcing KL
regularisation at the level of the reward signal. This implicit formulation contrasts with explicitly
adding a KL penalty to the final objective, as in Equation (22), while yielding similar regularising
effects in practice.

B PROOFS AND DERIVATIONS

B.1 PROOF OF PROPOSITION 1

Proposition 1. The optimum of Lh
Var(t; θ) satisfies pθ∗ = ptilt(xt−1|xt), θ∗ = argminθ Lh

Var(t; θ).
Moreover, ∇θLh

Var(t; θ)
∣∣
h=pθ

= ∇θKL(pθ(xt−1|xt)||ptilt(xt−1|xt)).

Proof. We first prove that: pθ∗ = ptilt(xt−1|xt), θ∗ = argminθ Lh
Var(t; θ). This can be straightfor-

wardly validated by observing that the minimum variance implies the importance weight is a constant
for all (xt−1, xt). Therefore, we have

pref(xt−1|xt)exp(
r(xt−1)

β )

pθ∗(xt−1|xt)
= const. ∀xt−1, xt. (24)

Therefore, pθ∗(xt−1|xt) = ptilt(xt−1|xt) ∝ pref(xt−1|xt)exp(
r(xt−1)

β ). We then proceed to prove
∇θLh

Var(t; θ)
∣∣
h=pθ

= ∇θKL(pθ(xt−1|xt)||ptilt(xt−1|xt)). To see this, we define

wθ(xt−1, xt) =
pref(xt−1|xt)exp(

r(xt−1)
β )

pθ(xt−1|xt)
⇒ ∇θ logwθ = −∇θ log pθ(xt−1|xt) (25)

4We intentionally do not normalise the advantage by the group standard deviation, following Dr. GRPO (Liu
et al., 2025b). Mean-only normalisation yields a REINFORCE estimator with a leave-one-out control variate
whose gradient is an unbiased estimator of ∇θJ (θ). In contrast, the original GRPO formulation additionally
normalises by the group standard deviation, which introduces bias into the policy gradient estimator.
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Using the definition from Equation (4), we see that

∇θLh
Var(t; θ) =

1

2
∇θ

∫
h log2 wθ dxt−1 −

1

2
∇θ

(∫
h logwθ dxt−1

)2

=

∫
h logwθ∇θ logwθ dxt−1 −

(∫
h logwθ dxt−1

)(∫
h∇θ logwθ dxt−1

)
.

By setting h = pθ and noting that ∇θ logwθ = −∇θ log pθ(xt−1|xt), we have

∇θLh
Var(t; θ)

∣∣
h=pθ

=

∫
− logwθ∇θpθ dxt−1 −

(∫
pθ logwθ dxt−1

) (∫
−pθ∇θ log pθ dxt−1

) 0

= ∇θEpθ(xt−1|xt)

[
− 1

β
r(xt−1)

]
+

∫
log

pθ(xt−1|xt)

pref(xt−1|xt)
∇θpθ(xt−1|xt) dxt−1

= ∇θEpθ(xt−1|xt)

[
− 1

β
r(xt−1)

]
+∇θKL(pθ(xt−1|xt)||pref(xt−1|xt))

= ∇θKL(pθ(xt−1|xt)||ptilt(xt−1|xt)),

which completes the proof.

B.2 PROOF OF EQUATION (6)

In this section, we show that although the Monte Carlo estimator in Equation (5) is biased, its gradient
remains an unbiased estimator when the reference distribution is chosen as h = pθ. We establish this
by explicitly analysing the gradient of the estimator:

∇θL̂h
Var(t; θ) =

1

(K − 1)

K∑
i=1

Ai
t(θ)

(
∇θ logRθ(x

i
t−1|xi

t)−∇θlogRθ(xt−1|xt)
)

=
1

(K − 1)

(
K∑
i=1

Ai
t(θ)∇θ logRθ(x

i
t−1|xi

t)−∇θlogRθ(xt−1|xt)
∑K

i=1 A
i
t

0
)

=
1

(K − 1)

K∑
i=1

−Ai
t(θ)∇θ log pθ(xt−1|xt). (26)

To simplify notation, define

f i
t ≜ logRθ(x

i
t−1|xi

t)+
1

β
r(xi

t−1), f̄t =
1

K

K∑
j=1

f j
t . (27)

Then we can rewrite

∇θL̂h
Var(t; θ) =

−1

K − 1

K∑
i=1

(
f i
t − f̄t

)
∇θ log pθ(x

i
t−1|xi

t) (28)

= −
K∑
i=1

 1

K
f i
t −

1

K(K − 1)

∑
j ̸=i

f j
t

∇θ log pθ(x
i
t−1|xi

t). (29)

Now setting h = pθ, the second term inside the parentheses vanishes in expectation

Epθ(xt−1|xt)

∇θ log pθ(x
i
t−1|xi

t)
∑
j ̸=i

f j
t

 =
∑
j ̸=i

f j
t ∇θ

∫
pθ(x

i
t−1|xi

t) dx
i
t−1 = 0. (30)
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since the score function integrates to zero. As a result, taking expectations yields

Epθ

[
∇θL̂h

Var(t; θ)
∣∣∣
h=pθ

]
= − 1

K

K∑
i=1

Epθ

[
f i
t∇θ log pθ(x

i
t−1|xi

t)
]

= −Epθ

[(
log

pref(xt−1|xt))

pθ(xt−1|xt)
+

1

β
r(xt−1)

)
∇θ log pθ(xt−1|xt)

]
= ∇θEpθ(xt−1|xt)

[
− 1

β
r(xt−1)

]
+∇θKL(pθ(xt−1|xt)||pref(xt−1|xt))

= ∇θKL(pθ(xt−1|xt)||ptilt(xt−1|xt)).

Hence, although L̂h
Var(t; θ) is a biased estimator of the variance objective, its gradient is an unbiased

estimator of the true gradient when h = pθ.

Remark. The term f̄t in Equation (28) acts as a leave-one-out baseline, reducing variance without
introducing bias. Motivated by Equation (26), we may instead define the following surrogate loss:

L̂Var
h=pθ

(θ) =
1

(K − 1)

K∑
i=1

−Ai
t(θsg) log pθ(xt−1|xt). (31)

Applying importance sampling and PPO-style clipping yields the following objective

argmax
θ

1

K − 1

K∑
i=1

T∑
t=0

min
(
ρit(θ)A

i
t, clip

(
ρit(θ), 1− ϵ, 1 + ϵ

)
Ai

t

)
(32)

with ρit(θ) =
pθ(x

i
t−1|x

i
t)

pθold
(xi

t−1|xi
t)

, {xi
t} ∼ pθold , and importantly

Ai
t = logRθ(x

i
t−1|xi

t)+
1

β
r(xi

t−1)−logRθ(xt−1|xt)−
1

β
r(xt−1). (33)

Compared to the advantage used in GRPO (see Equation (20)), this advantage contains two additional
components, logRθ(x

i
t−1|xi

t) and logRθ(xt−1|xt). The latter again acts as a LOO baseline, while
the former corresponds to a KL-regularisation term subtracted from the reward, as in Equation (23).

C HOLISTIC VMPO KALEIDOSCOPES

In Appendix 3, we derive the VMPO objective by restricting attention to consecutive state pairs
(xt−1, xt). While Proposition 1 establishes the validity of this formulation, it characterises only a
“local” optimisation perspective. In this section, we reinterpret the VMPO objective through the lens
of sequential Monte Carlo (Ou et al., 2025a;b; He et al., 2025a). From this viewpoint, we show
that the variance of the log importance weight of the full trajectory is upper-bounded by the sum of
per-timestep variances,

Vh(logw0:T ) ≤ T
∑
t

Vh(logwt)

wt =
pref(xt−1|xt)exp

(
1
β r(xt−1)

)
pθ(xt−1|xt)

; w0:T =
pref(x0:T )exp

(
1
β

∑
t r(xt)

)
pθ(x0:T )

.

(34)

This result implies that minimising
∑

t Vh(logwt) effectively controls the variance of the importance
weights associated with the joint trajectory distribution. In turn, this provides a principled justification
for the VMPO objective from a “global”, trajectory-level perspective. We proceed by first reviewing
the SMC framework and establishing the above inequality. Building on this interpretation, we then
propose several VMPO variants motivated by the SMC perspective.

C.1 DEMYSTIFYING VMPO

In Sequential Monte Carlo (Del Moral et al., 2006), we construct a sequence of target distributions
ptilt(xt:T ) by tilting the base distribution pref(xt:T ) with a collection of potential functions U(xt:T ).
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Starting from the terminal distribution ptilt(xT ) ∝ pref(xT )U(xT ), the intermediate targets are
defined recursively as

ptilt(xt:T ) ∝ pref(xt:T )

T∏
s=t

U(xs:T ) = pref(xt|xt+1)U(xt:T )ptilt(xt+1:T ). (35)

The second equality follows from the Markov property of the pretrained diffusion model pref , which
implies pref(xt|xt+1:T ) = pref(xt|xt+1). The potentials are required to satisfy the constraint

T∏
t=0

U(xt:T ) = exp

(
1

β
r(x0)

)
, (36)

which ensures that the marginal distribution over the final sample obeys ptilt(x0) ∝
pref(x0)exp(r(x0)/β)). Notably, this constraint can be satisfied by multiple choices of potential
functions. We refer readers to Singhal et al. (2025) for a detailed discussion of different constructions.

We now consider estimating the expectation of a test function δ under the marginal ptilt(xt),
i.e., Eptilt(xt)[δ(xt)]. When δ(·) is chosen as the Dirac delta function, this estimation reduces
to constructing an empirical approximation of the marginal distribution ptilt(xt) itself. To estimate
Eptilt(xt)[δ(xt)], we employ importance sampling with proposal distribution pθ. This yields

Eptilt(xt)[δ(xt)]=Epθ(xt:T )

[
ptilt(xt:T )

pθ(xt:T )
δ(xt)

]
≈

K∑
i=1

wi
t:T δ(xt),where wi

t:T =
ptilt(x

i
t:T )

pθ(xi
t:T )

, xi
t:T ∼pθ.

To learn an optimal proposal distribution, we minimise the log-variance of the importance weights,
following the approach in Section 3. Using the identity Vh[x] = Eh[(x − Eh[x])

2] and defining
logwt:T = Eh[logwt:T ], we obtain

Vh(logw0:T ) = Eh

∣∣∣∣∣∑
t

log
pref(xt|xt+1)U(xt:T )

pθ(xt−1|xt)
− logwt:T

∣∣∣∣∣
2


= T 2Eh

∣∣∣∣∣∑
t

1

T
log

pref(xt|xt+1)U(xt:T )

pθ(xt−1|xt)
− 1

T
logwt:T

∣∣∣∣∣
2


≤ T 2Eh

[∑
t

1

T

∣∣∣∣log pref(xt|xt+1)U(xt:T )

pθ(xt−1|xt)
− logwt:T

∣∣∣∣2
]

= T 2Eh,t

[∣∣∣∣log pref(xt|xt+1)U(xt:T )

pθ(xt−1|xt)
− logwt:T

∣∣∣∣2
]

= T
∑
t

Vh(logwt:T ), (37)

which establishes the bound Vh(logw0:T )≤T
∑

tVh(logwt:T ). By choosing U(xt:T )=exp(r(xt)/β),
we recover the result in Equation (34).

This inequality shows that minimising the variance of local importance weights effectively controls
the variance of the global importance weight associated with the full trajectory. This property is
particularly attractive, as it avoids backpropagating gradients through the entire trajectory; instead,
optimisation can be performed using local, per-timestep objectives, leading to more stable training
and improved scalability to long horizons.

C.2 VMPO KALEIDOSCOPES

In this section, we propose different design choices for the potential functions U(xt:T ) used in
VMPO. While all valid potentials must satisfy the global constraint that their product recovers the
desired exponential tilting of the terminal reward, this constraint alone does not uniquely specify
U . We present several representative choices that offer complementary perspectives on how reward
information can be propagated across timesteps.
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Option 1: Return-to-Go. A natural choice of potential is the return-to-go, U(xt:T ) =

exp
(

1
Tβ r(x0)

)
, which satisfies

∏
t U(xt:T ) = exp

(
1
β r(x0)

)
. Under this choice, the importance

weight for a full trajectory simplifies to

w0:T =
pref(x0:T )exp

(
1
βx0

)
pθ(x0:T )

=

∏
t pref(xt−1|xt)exp

(
1
βx0

)
∏

t pθ(xt−1|xt)
. (38)

Applying the variance bound derived in Equation (37), we obtain

Vh

log
pref(x0:T )exp

(
1
βx0

)
pθ(x0:T )

 ≤ T
∑
t

Vh

log
pref(xt−1|xt)exp

(
1
Tβ r(x0)

)
pθ(xt−1|xt)

 , (39)

where minimising the right-hand side is equivalent to minimising the objective
∑

t LVar
h (t; θ) defined

in Equation (4).5

Option 2: Difference. Another widely used choice of potential in SMC is the difference-based
construction: U(xt:T ) = exp

(
1
β (r(xt)− r(xt+1))

)
and U(xT ) = 1, which satisfies the telescoping

constraint
∏

t U(xt:T ) = exp
(

1
β r(x0)

)
. Under this choice, the importance weight of a full trajectory

takes the form

w0:T =
∏
t

exp(r(xt−1)/β)

exp(r(xt)/β)

pref(xt−1|xt)

pθ(xt−1|xt)
. (40)

Applying the variance bound in Equation (37), we obtain

Vh

(∑
t

log
exp(r(xt−1)/β)

exp(r(xt)/β)

pref(xt−1|xt)

pθ(xt−1|xt)

)
≤T

∑
t

Vh

(
log

exp(r(xt−1)/β)

exp(r(xt)/β)

pref(xt−1|xt)

pθ(xt−1|xt)

)
. (41)

Minimising the right-hand side yields an alternative diffusion alignment objective,

argmin
θ

∑
t

Vh

(
log

exp(r(xt−1)/β)

exp(r(xt)/β)

pref(xt−1|xt)

pθ(xt−1|xt)

)
. (42)

which leads to the following practical loss:

argmin
θ,ϕ

Et,h

∣∣∣∣log exp(r(xt−1)/β)

exp(r(xt)/β)

pref(xt−1|xt)

pθ(xt−1|xt)
−Mϕ(t)

∣∣∣∣2 . (43)

Notably, this objective is equivalent to the diffusion alignment formulation proposed in Ou et al.
(2025a), which focuses on discrete diffusion models. In practice, rewards are often only defined on
clean data x0. In such cases, following Wu et al. (2023a), intermediate rewards can be constructed as

r(xt) = Epθ(x0|xt)[r(x0)] ≈ r(x̂θ(xt, t)). (44)

More generally, intermediate rewards can be parameterised using a neural network Fϕ : X → R:

rϕ(xt) = Fϕ(xt)r(x̂θ(xt, t)), Fϕ(x0) = 1 (45)

where the constraint Fϕ(x0) = 1 ensures satisfaction of the marginal constraint in Equation (36).
This parameterisation is closely related to the forward-looking reward shaping used in GFlowNets
(Pan et al., 2023).

Remark. The return-to-go and difference potentials provide two valid decompositions of the same
globally tilted target distribution. The return-to-go formulation assigns the terminal reward uniformly
across timesteps, resulting in a simple objective that does not require intermediate rewards, but
offers limited temporal credit assignment. In contrast, the difference potential yields a telescoping
decomposition that attributes reward changes to individual transitions, enabling more localised credit
assignment. This can provide a more targeted optimisation signal when reliable intermediate rewards
are available, but relies on their accurate estimation in diffusion models.

5In Equation (4), the factor 1
T

is omitted from the reward term, as it can be absorbed into the temperature
parameter β.
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C.3 CONNECTION TO EXISTING WORK

We then connect the proposed VMPO framework to existing works, demonstrating that a wide range
of prior methods can be unified under VMPO through different choices of variance minimisation.

GVPO (Zhang et al., 2025a). We first consider Group Variance Policy Optimisation (GVPO) (Zhang
et al., 2025a), which is designed to maximise the reward of a large language model (LLM) pθ(x|c),
where x denotes the generated response and c the prompt. GVPO optimises the following objective
(Zhang et al., 2025a, Equantion 8)

argmax
θ

K∑
i=1

pθ(x
i|c)

pθold(x
i|c)

Ai, Ai =
1

β
r(xi|c) + log

pθsg(x
i|c)

pθold(x
i|c)

− 1

β
r(x|c)− log

pθsg(x|c)
pθold(x|c)

, (46)

where r(x|c) = 1
K

∑K
i=1 r(x

i|c) and log
pθsg (x|c)
pθold

(x|c) = 1
K

∑K
i=1 log

pθsg (x
i|c)

pθold
(xi|c) . It can be seen that

the objective in Equation (46) closely resembles the VMPO formulation in Equation (32), differing
primarily in the choice of model class and the tractability of likelihood evaluations. While GVPO
has demonstrated strong empirical performance for LLM alignment, it does not directly extend
to diffusion models, as the likelihood pθ(x|c) is intractable in diffusion models but tractable for
autoregressive LLMs. To address this limitation, we derive an upper bound on the log-variance of the
importance weights, which yields a tractable VMPO objective suitable for diffusion alignment, as
formalised in Equation (39).

FlowRL (Zhu et al., 2025). FlowRL is an alternative approach for reward optimisation in LLMs.
Specifically, it train the model pθ(x|c) using the following objective (Zhu et al., 2025, Equation 6)

argmin
θ,ϕ

w ·
(
logZϕ(x) +

1

|x|
log pθ(x|c)−

1

|x|
log pref(x|c)− r(x|c)

)2

, (47)

where w = clip
(

pθsg (x|c)
pθold

(x|c) , 1− ϵ, 1 + ϵ
)

denotes the clipped importance weight, and Zϕ the learn-
able partition function. This objective can be interpreted as a VMPO variant in which a neural
estimator is used to approximate the mean of the log importance weight, as in Equation (8). As with
GVPO, FlowRL relies on explicit likelihood evaluations and is therefore not directly applicable to
diffusion models. VMPO circumvents this limitation by operating on variance bounds of importance
weights at each time step, enabling diffusion alignment without requiring tractable likelihoods of the
clean data.

GFlowNet (Zhang et al., 2024). Under the difference potential, VMPO induces the per-timestep
importance weight as in Equation (42)

wt =
exp(r(xt−1)/β)

exp(r(xt)/β)

pref(xt−1|xt)

pθ(xt−1|xt)
. (48)

Beyond directly minimising the variance of importance weights, an alternative way to control the
variance of these weights is to directly enforce consistency, via mean square errors, between the
numerator and denominator at each timestep, yielding the objective

argmin
θ

∑
t

(
log

exp(r(xt−1)/β)

exp(r(xt)/β)

pref(xt−1|xt)

pθ(xt−1|xt)

)2

, (49)

whose minimum of is attained when wt = 1 and thus V(logwt) = 0. The objective in Equation (49)
closely resembles the detailed-balance objectives used in GFlowNets (Zhang et al., 2024), with the
main difference arising from how intermediate rewards are parameterised. In Zhang et al. (2024),
the intermediate reward is modelled via a forward-looking estimator r̃ϕ(xt) = Fϕ(xt)r(x̂θ(xt, t)),
subject to the terminal constraint r̃ϕ(x0) = r(x0). This yields the following loss:

argmin
θ,ϕ

∑
t

(
log

exp(r̃ϕ(xt−1)/β)

exp(r̃ϕ(xt)/β)

pref(xt−1|xt)

pθ(xt−1|xt)

)2

. (50)

Due to the terminal constraint, the optimal policy still satisfies pθ∗ ∝ pref(xt−1|xt)exp(r(xt)/β),
consistent with the analysis of the difference potential in Appendix C.2. Notably, Zhang et al. (2024)
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replace pref with the forward noising kernel q(xt|xt+1) in Equation (50), which leads to the optimal
policy pθ∗ ∝ exp(r(xt)/β). We refer to Liu et al. (2024) for further details.

∇-GFlowNet (Liu et al., 2024). Beyond the above methods, an alternative route to zero variance is
to enforce the log importance weight to be constant. A sufficient condition for this is the vanishing of
its gradient, since

∥∇x logwt∥22 = 0 ⇒ logwt = const. ⇒ V(logwt) = 0. (51)

This observation motivates learning the policy by penalising the gradient norm of the log importance
weight. Under the difference potential, this leads to the following objective:

argmin
θ

∑
t

∥∥∥∥ 1β∇xt−1r(xt−1) +∇xt−1 log pref(xt−1|xt)−∇xt−1 log pθ(xt−1|xt)

∥∥∥∥2
2

. (52)

This objective can be interpreted as minimising the Fisher divergence between the learned pol-
icy pθ(xt−1|xt) and the locally tilted target ptilt(xt−1|xt) ∝ pref(xt−1|xt)exp(r(xt−1/β)). An
equivalent formulation can be obtained by differentiating with respect to xt, yielding

argmin
θ

∑
t

∥∥∥∥∇xt
log pref(xt−1|xt)−∇xt

log pθ(xt−1|xt)−
1

β
∇xt

r(xt)

∥∥∥∥2
2

. (53)

In practice, the policy pθ may be trained using either of these objectives, or a combination of
both. These gradient-based objectives closely resemble those proposed in ∇-GFlowNet (Liu et al.,
2024), differing mainly in the parametrisation of intermediate rewards. In Liu et al. (2024), the
intermediate reward is modelled via a forward-looking parametrisation with a terminal constraint, as
in Equation (50). Consequently, the reward gradient takes the form

∇xt
r̃ϕ(xt) = ∇xt

r(x̂θ(xt, t)) + βFϕ(xt), Fϕ(x0) = 0. (54)

Substituting this parametrisation into the gradient-matching objectives yields

argmin
θ,ϕ

∑
t

∥∥∥∥ 1β∇xt−1
r(x̂θ(xt−1, t−1))+∇xt−1

Fϕ(xt−1)+∇xt−1
log pref(xt−1|xt)−∇xt−1

log pθ(xt−1|xt)

∥∥∥∥2
2

+

∥∥∥∥∇xt
log pref(xt−1|xt)−∇xt

log pθ(xt−1|xt)−
1

β
∇xt

r(x̂θ(xt, t))+∇xt
Fϕ(xt)

∥∥∥∥2
2

, (55)

which recovers the ∇-GFlowNet objective defined in (Liu et al., 2024, Equation 19).

D ADDITIONAL EXPERIMENTAL DETAILS AND RESULTS

D.1 EXPERIMENTAL DETAILS

Settings for SD1.5. We finetune SD1.5 (Rombach et al., 2022) using HPSv2 (Wu et al., 2023b) and
ImageReward (Xu et al., 2023). For HPSv2, we adopt the photo and painting prompts from Wu et al.
(2023b) as training data, while for ImageReward we use the DrawBench prompt set (Saharia et al.,
2022). For evaluation, we follow Domingo-Enrich et al. (2024) and use their collected prompt set as
test prompts. Both training setups largely share the same hyperparameter configuration, following
the DDPO (Black et al., 2023) implementation; full details are provided here for completeness.

We use LoRA (Hu et al., 2022) with α = 4 and r = 4. Trainings are performed on 2 NVIDIA
A100 80GB GPUs with a per-GPU batch size of 8. With 4-step gradient accumulation, this yields
an effective batch size of 64. We train for 150 epochs, where each epoch consists of sampling 128
trajectories from pθold using a 50-step DDIM schedule (Song et al., 2020a) during the rollout phase,
and performing 2 optimisation steps. The learning rate is fixed at 3 × 10−4 for both the diffusion
model pθ and the mean estimator Mϕ. We employ the AdamW optimiser (Loshchilov & Hutter,
2017) with gradient clipping at a norm of 1.

During training, we adopt classifier-free guidance (Ho & Salimans, 2022) with a guidance scale of
5. Reward rescaling is employed to improve training efficiency. Specifically, we set β = 0.01 for
HPSv2 and β = 0.1 for ImageReward to compute the loss in Equation (8). We also incorporate a KL
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Table 2: Results on Stable Diffusion v1.5 fine-tuned with ImageReward.

Method ImageReward (↑) CLIPScore (↑) HPSv2 (↑) DreamSim (↑)

SD1.5 (Base) 0.0331 ± 0.0779 0.2717 ± 0.0032 0.2368 ± 0.0029 0.4389 ± 0.0116
GRPO 0.2490 ± 0.0792 0.2720 ± 0.0030 0.2420 ± 0.0032 0.3755 ± 0.0117
VMPO-R2G 0.1698 ± 0.0758 0.2721 ± 0.0032 0.2423 ± 0.0030 0.4008 ± 0.0117
VMPO-Diff 0.4716 ± 0.0740 0.2624 ± 0.0030 0.2645 ± 0.0031 0.3005 ± 0.0117

regularisation KL(pθ(xt−1|xt)||pθold(xt−1|xt)) with a coefficient of 1 to enhance training stability,
consistent with Fan et al. (2023). For the GRPO baseline, we adopt the implementation6 from Liu
et al. (2025a) with a group size of 8, yielding the same effective number of samples as in our setup.
All other hyperparameters are kept identical to those used for VMPO, as described above, to ensure a
fair comparison.

Settings for SD3.5-M. We consider the text rendering task following Liu et al. (2025a), which
fine-tunes SD3.5-M to improve the visual text rendering capability of diffusion models. The model is
trained using the training prompt set provided in Liu et al. (2025a), and OCR accuracy is evaluated on
their corresponding test prompt set. To assess potential reward hacking beyond task-specific accuracy,
we additionally evaluate five complementary metrics on the DrawBench prompt set (Saharia et al.,
2022), following Liu et al. (2025a): Aesthetic Score7, DeQA (You et al., 2025), ImageReward (Xu
et al., 2023), PickScore (Kirstain et al., 2023), and UnifiedReward (Wang et al., 2025b).

Following Liu et al. (2025a), we use LoRA with α = 64 and r = 32. The model is trained on 4
NVIDIA A100 80 GPUs with a batch size of 4. We apply 4-step gradient accumulations, yielding
an effective batch size of 64. For each training epoch, we sample 128 trajectories from pθold using
10 steps and perform 2 optimisation steps. While at test time, the number of sampling steps is set
to 40, following the setting in Liu et al. (2025a). We employ the AdamW optimiser (Loshchilov
& Hutter, 2017) with the learning rate fixed as 3 × 10−4 for both pθ and Mϕ. Moreover, we use
bf16 for pθ while float32 for Mϕ, which is important to stabilise training. During training, we
adopt classifier-free guidance with a guidance scale of 4.5 and incorporate a KL regularisation
KL(pθ(xt−1|xt)||pθold(xt−1|xt)) with a coefficient of 1 to enhance training stability. We do not
train GRPO ourselves; instead, we evaluate the released checkpoint8 provided by Liu et al. (2025a).
Notably, this checkpoint was trained with a larger batch size and on more GPUs than our setup.

D.2 ADDITIONAL EXPERIMENTAL RESULTS

Figure 4: ImageReward convergence curves
of SD1.5.

Aligning SD1.5 with ImageReward. We further
evaluate the performance of VMPO by fine-tuning
SD1.5 using ImageReward. As illustrated by the
convergence curves in Figure 4, VMPO-Diff demon-
strates a significantly higher reward ceiling and faster
optimisation compared to both GRPO and VMPO-
R2G. This is quantitatively confirmed in Table 2,
where VMPO-Diff achieves a superior ImageReward
score 0.4716± 0.0740, more than doubling the per-
formance of the GRPO baseline. While all methods
show substantial gains over the base SD1.5 model in
the target reward, we observe a similar trade-off as
seen in the HPSv2 experiments: the increase in Im-
ageReward is accompanied by a decrease in Dream-
Sim scores. This suggests that while the model is successfully aligning with human preferences
represented by ImageReward, it does so at the cost of visual diversity, a hallmark of reward hacking.

Improving Visual Text Rendering of SD3.5-M. Given the superior performance of VMPO-Diff in
aligning SD1.5, we further evaluate its scalability by optimising the visual text rendering capabilities

6https://github.com/yifan123/flow_grpo
7https://laion.ai/blog/laion-aesthetics/
8https://huggingface.co/jieliu/SD3.5M-FlowGRPO-Text
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Table 3: Visual text rendering results on Stable Diffusion v3.5-M. trained with OCR Accuracy.

Model Task Metric Image Quality Preference Score
OCR Acc. Aesthetic DeQA ImgRwd PickScore UniRwd

SD3.5-M 0.59 5.38 4.08 0.84 22.42 3.08
Flow-GRPO 0.92 5.32 4.10 0.95 22.50 3.12
VMPO-Diff 0.91 5.25 4.07 0.94 22.43 3.08

of the larger SD3.5-M model using OCR accuracy as the reward signal. As shown in Figure 5, VMPO
consistently improves OCR accuracy throughout the training process, ultimately achieving a score of
0.91 (see Table 3). This represents a significant leap over the base SD3.5-M model’s score of 0.59,

Figure 5: OCR accuracy convergence curves
of SD3.5-M.

demonstrating the effectiveness of our alignment
method even in large-scale models. Notably, VMPO
achieves performance comparable to Flow-GRPO
(0.92), despite Flow-GRPO requiring significantly
larger batch sizes and more extensive GPU resources
for training. Qualitative results in Figure 7 further
validate these findings: while the base model often
struggles with legibility and character consistency,
VMPO generates images with sharp, accurate, and
well-aligned text. Despite a marginal decrease in
image quality compared to the base model, the dras-
tic improvement in task-specific accuracy highlights
VMPO as a highly effective alternative for specialised
alignment tasks. A large body of work aims to re-
duce the number of sampling steps required by diffusion models, enabling fast or even single-step
generation.

E RELATED WORK

Diffusion and Flow Models. Diffusion (Sohl-Dickstein et al., 2015; Ho et al., 2020; Song et al.,
2020b) and flow models (Liu et al., 2022; Lipman et al., 2022; Albergo et al., 2023) have achieved
remarkable success in modelling complex data across various domains, including image synthesis
(Rombach et al., 2022), 3D generation (Poole et al., 2022), video synthesis (Ho et al., 2022), and audio
generation (Liu et al., 2023). Beyond improving sample quality, recent research has increasingly
focused on generation efficiency. A large body of work aims to reduce the number of sampling
steps required by diffusion models, enabling fast or even single-step generation. Representative
approaches include accelerated solvers (Song et al., 2020a; Lu et al., 2022), more expressive posterior
parametrisation (Xiao et al., 2021; Ou et al., 2024), consistency and distillation-based methods
(Salimans & Ho, 2022; Luo et al., 2023; Zhou et al., 2024; Zhang et al., 2025c; Wang et al., 2025a;
Chen et al., 2025b). In parallel, aligning diffusion models with human preferences or task-specific
objectives has emerged as an important research direction. Early work focuses on classifier guidance
(Dhariwal & Nichol, 2021) and classifier-free guidance (Ho & Salimans, 2022), which steer generation
using auxiliary models at inference time. Additionately, alternative methods formulate alignment
as a probability inference problem, casting alignment as sampling from a reward-tilted distribution
(He et al., 2025b; Zhang et al., 2025b). In our paper, we consider more recent methods that directly
incorporate preference learning into training.

Reward Finetuning for Diffusion Alignment. Beyond the guidance methods, recent efforts on
diffusion alignment focus on finetuning pretrained models to maximise expected reward. One line of
research directly performs optimisation by backpropagating through the entire sampling trajectory
(Clark et al., 2023; Prabhudesai et al., 2023), which requires differentiable reward signals. Another
class of methods reframes alignment as a likelihood-based objective, applying maximum likelihood
estimation to model-generated samples that are reweighted according to their rewards (Lee et al.,
2023; Dong et al., 2023). Preference-based learning has also been adapted to diffusion models
by extending direct preference optimisation with paired human preferences data (Rafailov et al.,
2023). However, unlike autoregressive models with tractable likelihoods, diffusion models require
additional approximations for likelihood evaluation and loss approximations (Wallace et al., 2024;
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Liang et al., 2024; Yuan et al., 2024). A separate strand of work interprets the diffusion sampling
procedure as a Markov decision process and applies reinforcement learning techniques to perform
alignment (Black et al., 2023; Fan et al., 2023; Liu et al., 2025a; Xue et al., 2025; Li et al., 2025).
Beyond standard RL formulations, alternative perspectives have been explored, including stochastic
optimal control (Uehara et al., 2024; Domingo-Enrich et al., 2024; Potaptchik et al., 2026; 2025)
and GFlowNet-based objectives (Zhang et al., 2024; Liu et al., 2024). More recently, DiffusionNFT
(Zheng et al., 2025) demonstrates strong sample efficiency by eliminating the need for likelihood
estimation and SDE-based reverse process. In contrast to these approaches, the proposed VMPO
method offers a fundamentally different viewpoint on diffusion alignment, grounding optimisation in
Sequential Monte Carlo and explicitly minimising the variance of importance weights to better align
the model with the reward function.

Sequential Monte Carlo for Generative Modelling. SMC (Del Moral et al., 2006) constitutes
a well-established class of probabilistic inference techniques, providing adaptable and efficient
sampling strategies across a variety of settings, including Bayesian experimental design (Ryan
et al., 2016) and particle filtering (Johansen, 2009). More recently, SMC has been combined with
diffusion-based generative models (Chen et al., 2025a; Ou et al., 2025b; He et al., 2025a; Skreta et al.,
2025; Wu et al., 2025b), resulting in neural sampling frameworks that enable effective approximation
of complex Boltzmann distributions. These hybrid approaches have been successfully applied to
posterior inference (Dou & Song, 2024; Cardoso et al., 2023) as well as reward-guided alignment (Wu
et al., 2023a; Singhal et al., 2025), all without requiring additional model training. Beyond diffusion
models, SMC has also been explored as a tool for improving large language models. In particular,
Zhao et al. (2024) propose SMC as a principled inference framework to mitigate capability and safety
challenges in LLMs, a direction that has since been extended to test-time scaling for mathematical
reasoning (Feng et al., 2024; Puri et al., 2025). Our work is most closely related to recent efforts that
learn optimal proposal distributions for SMC in discrete diffusion models (Ou et al., 2025a). While it
also adopts variance minimisation as a learning objective, VMPO offers a more comprehensive study
and understanding of variance minimisation, revealing connections to various previous alignment
methods through different choices of potential functions and variance minimisation objectives.

F LIMITATION AND FUTURE WORK

As established in Appendix C, VMPO provides a holistic framework that unifies various diffusion
alignment methods through different potential functions and variance minimisation objectives. This
discloses several avenues for further exploration. One limitation of this paper is that we do not
exhaustively discuss which specific variant serves as the optimal choice across different scenarios.
While VMPO-Diff demonstrated strong empirical results, the design space for potentials is vast, and
future research could systematically benchmark these variants against a broader range of baselines to
identify their respective strengths in different alignment scenarios.

Furthermore, our empirical evaluation primarily focuses on text-to-image models like Stable Diffusion
v1.5 and v3.5-M. Expanding this framework to other modalities, such as video generation (Kong
et al., 2024; Wan et al., 2025), and to more recently advanced models, like Qwen-Image (Wu et al.,
2025a), Z-image (Cai et al., 2025), presents a promising direction for future work. Additionally, our
results indicate that VMPO, like other alignment methods, remains susceptible to reward hacking, as
gains in preference scores often coincide with a reduction in visual diversity. Future research could
investigate more robust regularisation strategies beyond standard KL penalties to better preserve the
original data distribution while achieving effective reward alignment. Finally, applying VMPO to
align one-step generative models can be an interesting direction for future research.
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SD-1.5 GRPO VMPO-R2G VMPO-Diff

A Van Gogh–style painting of a desert highway at night under a swirling starry sky.

A pink bicycle leaning against a fence near a river.

A pink bicycle leaning against a fence near a river.

An anthropomorphic fox playing a violin in a moonlit forest.

Figure 6: Illustration of the generated samples of different models.

SD-3.5-M GRPO VMPO

A realistic photo of a tech campus courtyard at night, featuring a glowing “A I Training Zone” hologram floating in the center,
surrounded by futuristic buildings and greenery, with soft ambient lighting enhancing the futuristic atmosphere.

An antique typewriter with a sheet of paper inserted, prominently displaying the typed words: “Chapter 1 It Was a Dark Night”. The
scene is set in a dimly lit, vintage study with a single desk lamp casting a warm glow over the typewriter.

A weathered wooden sign outside a mountain lodge reading “No Vacancy”, with snow-covered trees and a cloudy sky in the background.

A vintage roadside diner at sunset, with a glowing neon sign that reads “Open 24 Hours”, cars parked nearby and a nostalgic atmosphere.

Figure 7: Illustration of the generated samples of different models in text rendering.
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