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Abstract. We propose D2PO (Dynamic Direct Preference Optimiza-
tion), a principled framework for optimizing diffusion sampling policies
with respect to timestep schedules and classifier-free guidance (CFG)
weights. Our work is motivated by a fundamental limitation of existing
student-teacher regression frameworks; low-NFE student samplers are
trained to mimic high-NFE teachers, often sacrificing high-frequency tex-
ture fidelity while preserving coarse global structures, thereby misalign-
ing the sampler with perceptual quality. D2PO addresses this challenge
by reformulating sampler optimization as a preference-based alignment
problem, leveraging the Direct Preference Optimization (DPO) frame-
work. To make DPO applicable to diffusion samplers, we model the
sampling policy as an energy-based model (EBM), transforming pref-
erence comparisons into tractable energy differences. We further intro-
duce a novel energy formulation derived directly from the pretrained
score network, enabling preference evaluation in perturbed spaces that
jointly capture structural consistency and fine-grained details. More-
over, we introduce dynamic preferences, where the preferred samples
used for alignment progressively improve as the sampling policies are
learned. This self-improving mechanism replaces rigid static teacher su-
pervision with an iterative, preference-guided refinement process, pro-
viding progressively stronger alignment signals. Extensive experiments
demonstrate that D2PO aligns diffusion samplers with perceptual qual-
ity more faithfully, unlocking the full potential of high-quality teachers
and consistently outperforming conventional regression-based schedulers
under low-NFE constraints.

Keywords: Diffusion models · Time step optimization · Direct prefer-
ence optimization

1 Introduction

Diffusion Probabilistic Models (DPMs) [16,42,44] have achieved unprecedented
fidelity in high-resolution image synthesis, text-to-image generation [9, 36], and
video generation [18,41,50,68]. However, this performance comes at a substantial
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“Two birds that are sitting in a marsh area.”

∆ = 1 ∆ = 2 ∆ = 3 ∆ = 4

“There is a small bus with several people standing next to it."

∆ = 1 ∆ = 2 ∆ = 3 ∆ = 4

Fig. 1: Qualitative evidence of the performance bottleneck in LD3 [46].All images
are generated by the same model with NFE = 4. The columns show the impact of
increasing the NFE gap (∆ = T − S) between the teacher (T ) and the student (S).
While a small gap (∆ = 1) yields high-quality outputs, larger gaps (up to ∆ = 4) lead
to severe artifacts, demonstrating LD3’s inability to leverage high-fidelity teachers.

computational cost. DPMs are inherently iterative, requiring many function eval-
uations (NFE) during sampling, which makes high-quality generation expensive
and limits practical deployment.

A broad range of approaches has been explored to mitigate this bottleneck,
including accelerated numerical solvers [8,10,29,31,32,62,66], few-step knowledge
distillation [22,38,39,43,59,60,67,69,70], architectural modifications [33,58], and
training-time improvements [20,23,47,55]. More recently, directly optimizing the
sampling policy parameters—such as timestep schedules [12, 25, 37, 46, 52, 56],
classifier-free guidance weights [13], and high-order solver coefficients [12, 49,
63]—has emerged as a critical direction for acceleration.

In optimizing these sampler parameters, prior works typically adopt either
a distribution or an instance perspective. Specifically, one line of work opti-
mizes distribution-level metrics, such as FID [25] or KID [52] over large sample
sets, but such population-level objectives yield weak, high-variance gradients for
the low-dimensional sampler parameters. Alternatively, instance-wise distillation
methods [12,46] regress a low-NFE student sampler onto the trajectories or out-
puts of a fixed high-NFE teacher via ℓ2 or LPIPS [65] losses. Although effective
when the student-teacher gap is moderate, this regression paradigm exhibits a
structural limitation when aggressive acceleration is desired.

When the NFE gap between the student and teacher becomes substantial—a
common scenario when striving for maximum acceleration—this regression-based
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objective forces the student sampler to approximate a high-fidelity trajectory
within its restricted capacity, compromising generation quality. This structural
constraint often suppresses high-frequency textures and fine-grained details, pre-
venting the student from fully benefiting from stronger teachers. We empirically
validate this phenomenon in Fig. 1; as the teacher NFE increases while the
student NFE remains fixed, the perceptual quality degrades, even for a state-
of-the-art scheduler (LD3 [46]). This degradation directly reflects the structural
rigidity of fixed-teacher regression, where the student is forced to prioritize low-
level alignment over perceptual quality, failing to discover more effective sam-
pling paths.

To address this limitation, we reinterpret sampler optimization as a preference-
based alignment problem rather than a regression-to-teacher task. We introduce
D2PO (Dynamic Direct Preference Optimization), a framework inspired by DPO
but adapted to diffusion sampling policies. Applying DPO to diffusion samplers
is non-trivial because the marginalized log-probability is intractable. To obtain
a tractable surrogate, we model the policy-induced distribution as an Energy-
Based Model (EBM). We define the energy using a novel score-based distance
that measures discrepancies between samples leveraging the pretrained diffusion
score model. By comparing score predictions across multiple noise levels, this
metric captures both structural and high-frequency differences that conventional
perceptual metrics fail to reflect.

D2PO replaces the static teacher framework with a dynamic reference mech-
anism that evolves alongside the student policy. Specifically, at each training
step, the preference pair is constructed by executing the current policy under
two different computational budgets: the losing sample is generated using a fast,
sparse timestep schedule, while the winning sample is obtained via a denser,
more refined schedule of the same policy. Instead of imitating an external, im-
mutable target, the student is encouraged to align with its own high-quality,
dense-schedule approximation. This dynamic preference loop eliminates the fixed
error floor inherent in static distillation and implicitly drives the sampler to mini-
mize discretization errors, thereby promoting highly accurate and self-improving
sampling trajectories.

Our contributions are summarized as follows:

• We propose D2PO, a preference-based framework for optimizing diffusion
samplers, establishing a tractable alignment objective by modeling the de-
terministic policy as an energy-based surrogate.
• We formulate a novel score-based energy metric derived from the pretrained

score network, providing a multi-scale learning signal that captures fine-
grained textural and structural details beyond conventional perceptual losses.
• We introduce a dynamic preference mechanism that replaces static teacher

supervision with a refinement-based target, enabling continual self-improvement
without being bounded by a fixed residual error.
• We comprehensively validate that D2PO learns superior sampling policies,

outperforming state-of-the-art distillation-based baselines under various ex-
perimental settings.
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2 Related Work

2.1 Optimizing diffusion sampling parameters

Since the trajectory of time steps profoundly impacts generation quality under
a fixed computational budget, substantial research has focused on finding opti-
mal sampling schedules. Early heuristic approaches, such as EDM [21], employ
polynomial spacing to densify steps near the clean data manifold, while Watson
et al . [52] introduce a dynamic programming framework to search for optimal
discrete schedules that maximize log-likelihood. Analytic-DPM [1] improves ef-
ficiency by deriving training-free, optimal analytical forms for reverse variances
directly from the pretrained score network, while obtaining the corresponding
optimal trajectory via dynamic programming [52]. To automate and generalize
schedule optimization, AutoDiffusion [25] employs an evolutionary search tar-
geted at minimizing FID, while DDSS [53] optimizes sampler parameters via
direct sample-quality feedback such as KID [2].

Another line of work derives analytical error bounds or geometric properties
of ODE/SDE trajectories to optimize time discretization. Methods such as those
by Chen et al . [5,6], AYS [37], and Xue et al . [56] dynamically adjust step sizes
based on trajectory curvature or upper bounds of solver errors. More recently,
LD3 [46] adopts a relaxed matching objective to learn discretized trajectories
through student-teacher regression.

Beyond timestep optimization, recent literature explores tuning other sam-
pling parameters to further accelerate inference. For instance, Galashov et al . [13]
learn time-dependent CFG weights via a self-consistency objective. Similarly,
S4S [12] optimizes solver coefficients at each step using teacher-student matching.
Extending this direction, ConsistencySolver [49] employs a learnable high-order
solver to dynamically predict optimal integration coefficients.

2.2 Aligning pretrained models with preferences

Driven by the limitations of predefined training objectives, aligning generative
models directly with pairwise human or AI preferences has emerged as a dom-
inant paradigm. This approach originated in large language models via Rein-
forcement Learning from Human Feedback (RLHF) [34], which optimizes poli-
cies using a separate reward model. To simplify this multi-stage pipeline, Direct
Preference Optimization (DPO) [35] integrates the reward implicitly into the
classification loss, enabling stable and direct policy updates. Subsequent self-
play frameworks like SPIN [7] further remove the need for preference annota-
tions, generating negatives from the model itself and contrasting them with SFT
responses.

Recently, this preference alignment paradigm has been actively adapted to
text-to-image diffusion and flow-matching models to enhance visual quality and
aesthetic appeal. Standard post-training methods, including DPO-style formu-
lations [26, 48, 57, 61] and online reinforcement learning variants [3, 11, 28], pre-
dominantly focus on fine-tuning the foundational weights of the denoiser or ve-
locity networks. While effective, optimizing high-dimensional model parameters
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is computationally expensive and risks degrading the quality of outputs. In con-
trast, D2PO keeps the generative backbone frozen and exclusively optimizes the
low-dimensional sampling policy, offering a highly lightweight, orthogonal, and
complementary solution to existing weight-tuning approaches.

3 Preliminaries

This section briefly reviews score-based diffusion models and Direct Preference
Optimization (DPO), which provide the theoretical foundation for our dynamic
sampler optimization framework.

3.1 Diffusion probabilistic models

We consider score-based diffusion models [16,44], which transform a data distri-
bution preal(x0) into a tractable prior through a gradual noising process. Specif-
ically, we adopt the Variance Preserving (VP) stochastic differential equation
(SDE), which is given by

dxt = −
1

2
β(t)xt dt+

√
β(t) dwt, (1)

where wt denotes a standard Wiener process and t ∈ [0, T ]. This forward process
admits a closed-form marginal:

pt(xt | x0) = N
(
xt;αtx0, σ

2
t I
)
, (2)

where

αt = exp

(
−1

2

∫ t

0

β(s) ds

)
and σ2

t = 1− α2
t . (3)

To construct the reverse process, a neural network sθ(xt, t) is trained to
approximate the score function of the marginal distribution, i.e., s(xt, t) =
∇xt log pt(xt) This is achieved via denoising score matching (DSM), which min-
imizes

LDSM =

∫ T

0

λ(t)Ex0∼preal,xt∼pt(·|x0)

[∥∥sθ(xt, t)−∇xt
log pt(xt|x0)

∥∥2
2

]
dt, (4)

where

∇xt
log pt(xt|x0) = −

xt − αtx0

σ2
t

. (5)

Once sθ is trained, samples are generated by solving the corresponding reverse-
SDE from t = T to t = 0, which is given by

dxt =
[
−1

2
β(t)xt − β(t) sθ(xt, t)

]
dt+

√
β(t) dw̄t, (6)
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where w̄t is a reverse-time Wiener process.
This score-based formulation is equivalent to the noise-prediction parameter-

ization ϵθ(xt, t) in DDPM [16]. The two representations are related by

sθ(xt, t) = −
ϵθ(xt, t)

σt
. (7)

3.2 Direct preference optimization

We build upon Direct Preference Optimization (DPO) [35], a framework for
aligning generative policies with preference data. DPO provides a closed-form
solution to the KL-regularized reward maximization problem commonly used in
RLHF [34], which is defined as

max
π

Ex∼π(·|c)
[
r(x, c)

]
− βDKL(π(·|c) ∥πref(·|c)) , (8)

where πref is a reference policy and β(> 0) controls the strength of regularization.
Rather than explicitly learning a reward model r(x, c) under the context c

and performing reinforcement learning, DPO leverages preference pairs (xw,xl),
where xw is preferred over xl. Specifically, by analyzing the optimal solution of
Eq. (8), the reward difference between two samples can be expressed via the log-
likelihood ratio of the optimal policy relative to the reference policy.This leads
to a logistic classification objective on preference pairs as

LDPO(ϕ) = −ED

[
log σ

(
β
(
log

πϕ(xw|c)
πref(xw|c)

− log
πϕ(xl|c)
πref(xl|c)

))]
, (9)

where σ(·) denotes the sigmoid function. This formulation eliminates the need
for an explicit reward model, directly updating the policy πϕ to maximize the
relative log-likelihood of preferred samples over unpreferred ones while remaining
anchored to the reference policy.

4 D2PO: Dynamic Direct Preference Optimization

4.1 Problem formulation

We aim to optimize the sampling policy of a pretrained diffusion model sθ by
learning a set of sampler parameters ϕ = {S,ω}, where S and ω denote the
timestep schedule and the per-step classifier-free guidance (CFG) weights, re-
spectively. Given a prompt c and an initial noise xT ∼ N (0, I), our sampler,
i.e., ODE solver, deterministically generates an image as

xϕ = Φϕ(xT , c; θ), (10)

where Φϕ denotes a fixed numerical solver parameterized by ϕ. Although Φϕ is de-
terministic, it induces a conditional distribution over generated images through
the randomness of the initial noise xT :

qϕ(x|c) =
∫

δ(x− Φϕ(xT , c; θ)) p(xT ) dxT . (11)
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where δ(·) denotes the Dirac delta function.
Our goal is to align qϕ(x|c) with perceptually preferred outputs using pair-

wise preference tuples (c,xT ,xw,xl), where xw is preferred over xl. A central
challenge is that qϕ(x|xT , c) = δ(x− xϕ) is degenerate, rendering its likelihood
non-differentiable and direct preference optimization ill-posed. We address this
by introducing a tractable surrogate formulation.

4.2 Energy-based surrogate for deterministic policies

To apply Direct Preference Optimization (DPO) to our sampler, we replace the
qϕ(x|xT , c) with a smooth surrogate policy πϕ(x|c,xT ), defined as an Energy-
Based Model (EBM):

πϕ(x|c,xT ) =
1

Z(ϕ, c,xT )
exp(−αE(x;ϕ, c,xT )) , (12)

where Z is the partition function and α (> 0) a temperature parameter. We
define the energy as a distance to the sampler output, which is given by

E(x;ϕ, c,xT ) ≡ d(x,xϕ), (13)

where d(·, ·) is a predefined distance metric.
This surrogate assigns high probability to images close to the sampler’s out-

put xϕ and smoothly decays as the proximity decreases. Such functional re-
laxations are commonly employed to bypass the non-differentiability of objec-
tive functions for optimization. For example, score-based models apply Gaus-
sian perturbations—mathematically forming EBMs with ℓ2 energy—to resolve
undefined gradients. Soft Actor-Critic [14] and the Gumbel–Softmax [19] use
probabilistic relaxations on discrete policies and operations to enable backprop-
agation. Our surrogate plays a similar role for generative optimization: it replaces
the non-differentiable Dirac delta function with a smooth landscape whose mode
coincides with xϕ, thereby binding updates to the true generative process while
keeping the objective differentiable.

Importantly, when computing the log-probability ratio between two candi-
dates sharing the same context (c,xT ), the identical partition function Z(ϕ, c,xT )
cancels out, allowing the ratio to simplify exactly as follows:

log
πϕ(xw|c,xT )

πϕ(xl|c,xT )
= −α (E(xw;ϕ, c,xT )− E(xl;ϕ, c,xT )) . (14)

By applying this to both the student sampler ϕ and the reference sampler ϕref
and substituting this expression into the DPO objective (Eq. (9)), we derive the
final D2PO objective:

LD2PO(ϕ) = −ED [log σ (β∆ϕ(xw,xl))] , (15)

where

∆ϕ(xw,xl) =
(
d(xw,xϕref

)− d(xw,xϕ)
)
−
(
d(xl,xϕref

)− d(xl,xϕ)
)
,

and ϕref denotes the reference policy. The temperature parameter α is implicitly
absorbed into the scaling factor β for simplicity.
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4.3 Score-based distance

The effectiveness of D2PO depends on the choice of the distance function d(·, ·)
used in the energy definition of the surrogate policy πϕ. A naïve choice would
adopt a predefined metric such as ℓ2 or LPIPS, or train a separate network to
approximate the energy. However, such choices fail to exploit the rich represen-
tations already encoded within the pretrained diffusion model.

Score-induced energy. Our key insight is to derive the energy directly from
the pretrained score network sθ(xt, t). Recall that sθ approximates the data
score ∇xt log pt(xt) at noise level t. Since the score characterizes the geometry
of the data distribution, it naturally quantifies sample likelihood.

A sample that lies on the true data manifold should be locally consistent with
this score field. Conversely, a sample out of the data distribution fails to align
with the score trajectory. We therefore define the ideal score-induced energy of
a sample as the degree of its misalignment with the learned score geometry as
follows:

E(x;ϕ) ≡
∫ T

0

w(t) ∥sθ(xt, t)− sθ(xϕ,t, t)∥22 dt, (16)

where w(t) is a weighting function over noise levels, and xt and xϕ,t denote the
perturbed versions of x and xϕ at noise level t.

We evaluate the score discrepancy over the perturbed data distributions
rather than the clean data distribution (t = 0) for both theoretical and practical
reasons. In standard score-based generative modeling [44,51,60], the clean data
score is unavailable and pretrained diffusion models do not directly learn this
clean score. Instead, they are trained to approximate the scores of perturbed
distributions pt across a continuous spectrum of noise levels. These noisy score
fields encode the multi-scale geometry of the data manifold, capturing coarse se-
mantic structures at large t and fine-grained details at small t. Leveraging these
perturbed distributions is therefore tractable and consistent with the objective
of the pretrained diffusion model.

Noise-prediction distance. To transform the ideal energy formulation in
Eq. (16) into a practical optimization objective, we reframe the score discrepancy
via the noise-prediction error as follows:

dθ(x,xϕ; t) = ∥ϵθ(xt, t)− ϵθ(xϕ,t, t)∥22 (17)

which leverages the implicit relation, sθ = −ϵθ/σt. Directly substituting this
noise-prediction distance for the score-based distance in Eq. (16) under a uniform
weighting, however, introduces a scale mismatch across different noise levels.
Specifically, because the score discrepancy equals the noise-prediction distance
up to a scaling factor of σ−2

t , the integrand tends to diverge numerically as
t → 0, causing the low-noise terms to dominate the overall energy. To resolve
this imbalance and stabilize the optimization, we follow the established practice
in DDPM [16] by adopting the weighting function w(t) = σ2

t , which cancels
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the σ−2
t factor; the score-induced energy in Eq. (16) reduces to the total noise-

prediction distance over the continuous trajectory, which is given by

E(x;ϕ) =

∫ T

0

dθ(x,xϕ; t) dt. (18)

As evaluating this continuous integral is computationally expensive, we approx-
imate it in practice via Monte Carlo sampling.

Practical D2PO objective. Substituting the weighted score-based distance
for the surrogate policy πϕ and applying the DPO objective between the student
policy πϕ and the reference policy πϕref

, we obtain the following objective:

LD2PO(ϕ) = −ED

[
log σ

(
Et∼U(0,T )

[
β∆ϕ(xw,xl; t)

])]
, (19)

where

∆ϕ(xw,xl; t)=
(
dθ(xw,xϕref

; t)−dθ(xw,xϕ; t)
)
−
(
dθ(xl,xϕref

; t)−dθ(xl,xϕ; t)
)
.

A key benefit of the proposed noise-prediction distance lies in its evaluation over
multi-level noise. The score field captures coarse semantic structure at large noise
levels t and fine-grained detail at small t, and the weighting w(t) = σ2

t aggregates
these scales into a single well-conditioned signal over t. This yields a significantly
richer preference signal compared to perceptual metrics such as LPIPS.

4.4 Dynamic preference

To understand D2PO and its dynamic optimization mechanism, it is essential to
identify three key components: the student sampler, the reference sampler, and
the winning sampler, which are parameterized by ϕ, ϕref, and ϕ′, respectively.

The student sampler, governed by the target parameters ϕ = {S,ω}, repre-
sents the policy we aim to optimize. To establish a preference comparison for
DPO training, we utilize its output xϕ as a baseline rather than relying on an
external target. Specifically, the losing sample xl is synthesized by applying a
degradation operator G (e.g., a low-pass filter) to the student output, expressed
as xl = G(sg[xϕ]), where sg[·] denotes the stop-gradient operator.

Unlike standard DPO which employs a static reference model, D2PO dynam-
ically updates the reference parameters ϕref = {Sref,ωref}. Inspired by SPIN [7],
the reference timestep schedule Sref is synchronized by copying the student sched-
ule S at the end of each epoch. Meanwhile, the reference CFG weights ωref are
adjusted at each training step via an Exponential Moving Average (EMA) with
a momentum parameter λ, i.e., ωref ← λωref + (1− λ)ω.

Designing a dynamic winning sampler is a core contribution of D2PO. In-
stead of introducing a pre-computed, fixed teacher, we formulate a dynamic
teacher sampler whose implied distribution, πϕ′ , is generated relative to the
current student parameters ϕ at each training step. For instance, if the stu-
dent schedule S dictates a coarse trajectory with N timesteps, we construct
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the dynamic teacher’s schedule S ′ by refining S with additional intermediate
timesteps, yielding a denser 2N -step trajectory (e.g., via linear interpolation).
The dynamic teacher sampler, parameterized by ϕ′, is then induced by the same
numerical solver operating under this finer-grained schedule S ′.

This dynamic framework provides a more robust learning signal than a static
teacher policy (πfix). By design, the dynamic teacher represents a higher-fidelity
trajectory derived from the student’s current parameters. Consequently, the
D2PO loss penalizes the discrepancy between the student’s coarse numerical path
and this refined counterpart. This formulation encourages the student sampler
to yield a trajectory that remains consistent under step-size refinement, which
is achieved when the discrete path closely approximates the true continuous-
time trajectory. Ultimately, rather than tracking an arbitrary external target,
the student effectively learns to minimize its own discretization error.

4.5 Theoretical analysis

We provide a theoretical justification for the efficacy of the dynamic teacher
mechanism in D2PO, thereby reducing discretization error.

Setup Let π denote the true continuous-time policy representing the target
distribution. We define πϕ as the student policy induced by the parameters ϕ
under a discrete numerical schedule with N timesteps. The dynamic teacher
corresponds to a refined policy πϕ′ evaluated on a finer discretization schedule
(e.g., 2N timesteps). To quantify discrepancies between policies, we employ a
metric ρ(·, ·) that satisfies the triangle inequality. The true error of the student
policy relative to the continuous-time target is defined as

ϵtrue
ϕ = ρ(πϕ, π). (20)

Dynamic teacher The dynamic DPO objective minimizes the discrepancy
between the student and its refined counterpart:

Ldyn = ρ(πϕ, πϕ′). (21)

Assuming the underlying numerical solver exhibits a convergence order of k >
0 [45], the dynamic teacher πϕ′ constructed via a 2× refinement yields a reduced
true error relative to the continuous-time target, which is given by

ϵtrue
ϕ′ = ρ(πϕ′ , π) ≈ 1

2k
ϵtrue
ϕ . (22)

By applying the triangle inequality, ρ(πϕ, π) ≤ ρ(πϕ, πϕ′)+ρ(πϕ′ , π), we establish
a lower bound on the dynamic loss:

Ldyn ≥
∣∣ϵtrue

ϕ − ϵtrue
ϕ′

∣∣ ≈ (
1− 1

2k

)
ϵtrue
ϕ . (23)
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Consequently, Ldyn serves as a non-trivial surrogate that upper-bounds (and
scales proportionally with) the student’s true error. Minimizing Ldyn enforces
trajectory consistency across different discretization granularities, thereby driv-
ing a systematic reduction in discretization error. Since ϵtrue

ϕ′ = O(2−k), the
residual error of the teacher vanishes progressively under refinement, aligning
Ldyn more closely with the true optimization objective as training proceeds.

Fixed teacher The conventional fixed-teacher objective minimizes

Lfix = ρ(πϕ, π
fix), (24)

where πfix denotes a static teacher policy that is independent of the student
parameters ϕ. Let the intrinsic error of this fixed teacher be

ϵfix = ρ(πfix, π), (25)

which remains constant with respect to ϕ. Applying the triangle inequality yields
the following bounds on the empirical loss:∣∣ϵtrue

ϕ − ϵfix∣∣ ≤ Lfix ≤ ϵtrue
ϕ + ϵfix. (26)

Even if Lfix is optimized to its global minimum (Lfix = 0), the resulting student
policy is bounded by ϵtrue

ϕ = ϵfix. Therefore, minimizing Lfix cannot reduce the
true error below this asymptotic error floor. D2PO bypasses this performance
bottleneck because the dynamic teacher evolves alongside the student, preventing
the optimization from stagnation at a fixed residual error floor.

5 Experiment

5.1 Experimental setup

We comprehensively evaluate D2PO across multiple generation tasks, architec-
tures, and datasets. For text-to-image synthesis, we use the pre-trained Stable
Diffusion v1.5 model [36] using prompts from the COCO [27] dataset. To demon-
strate the generalizability of our approach, we apply this exact same sampler
optimization to ImageNet (256×256) generation in the latent space, as well as
to the sampling process of the flow-matching-based InstaFlow model. Crucially,
we keep all pre-trained model parameters strictly frozen; our method exclu-
sively optimizes the sampling policy, consisting of the continuously parameter-
ized timestep schedule S and the per-step CFG weights ω for several advanced
ODE solvers, including iPNDM [64], Uni_PC [66] and DPM_solver++ [32].
We compare D2PO against state-of-the-art discretization methods, including
DMN [56], GITS [5], and LD3 [46]. For evaluation, we measure distributional
fidelity using FID [15], and further assess text-to-image perceptual quality using
HPSv2 [54] and Aesthetic scores [40]1.

1Baselines for text-to-image tasks are re-evaluated on newly generated samples since
HPSv2 and Aesthetic scores are omitted in the original papers. For ImageNet, we copy
the FID values reported in their respective papers.
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Table 1: Quantitative comparison of sampler optimization methods on text-to-image
synthesis using Stable Diffusion v1.5 across different ODE solvers.

iPNDM UniPC DPM Solver++

Steps Method HPS ↑ Aesthetic ↑ FID ↓ HPS ↑ Aesthetic ↑ FID ↓ HPS ↑ Aesthetic ↑ FID ↓

4

DMN [56] 0.2030 5.0936 21.39 0.2030 5.1084 22.03 0.1979 5.0978 24.33
GITS [5] 0.2128 5.1413 18.12 0.2109 5.1592 20.14 0.2096 5.1519 19.86
LD3 [46] 0.2191 5.1756 17.60 0.2180 5.1755 18.34 0.2191 5.1736 17.46
D2PO 0.2237 5.2024 15.69 0.2185 5.1761 16.97 0.2216 5.1854 16.84

5

DMN [56] 0.2146 5.1514 17.35 0.2175 5.1732 16.99 0.2108 5.1549 19.17
GITS [5] 0.2274 5.1926 14.07 0.2268 5.1928 15.46 0.2260 5.2058 15.29
LD3 [46] 0.2346 5.2463 13.59 0.2355 5.2591 13.89 0.2344 5.2378 13.27
D2PO 0.2385 5.2701 13.38 0.2369 5.2776 14.47 0.2374 5.2740 14.16

6

DMN [56] 0.2283 5.2107 13.66 0.2322 5.2371 13.74 0.2267 5.2188 14.51
GITS [5] 0.2382 5.2407 12.33 0.2404 5.2461 12.38 0.2397 5.2610 12.41
LD3 [46] 0.2375 5.2565 13.10 0.2402 5.2689 12.90 0.2386 5.2445 12.62
D2PO 0.2482 5.3309 13.54 0.2441 5.3192 14.38 0.2458 5.3237 14.00

7

DMN [56] 0.2428 5.2778 11.89 0.2474 5.3011 12.12 0.2399 5.2734 13.02
GITS [5] 0.2394 5.2368 12.16 0.2379 5.2065 12.91 0.2355 5.2174 13.16
LD3 [46] 0.2434 5.2763 12.41 0.2421 5.2660 12.77 0.2455 5.2795 12.09
D2PO 0.2513 5.3257 12.71 0.2499 5.3472 13.61 0.2502 5.3458 13.52

5.2 Main results

Our quantitative results on text-to-image synthesis using Stable Diffusion v1.5
are presented in Tab. 1, where we apply D2PO to three representative ODE
solvers—iPNDM, UniPC, and DPM Solver++. For evaluation, we generate 30k
samples using text prompts from COCO dataset [27], following the standard [12,
46]. Overall, the results demonstrate that D2PO achieves superior performance
compared to existing baselines, asserting its effectiveness and robustness across
multiple advanced solvers.

At low number of steps (4 and 5), D2PO functions as a superior error correc-
tor. In this regime, D2PO achieves state-of-the-art perceptual quality—showing
the highest Aesthetic scores across all solvers and the highest HPS scores for
iPNDM. Furthermore, when using 4 steps, D2PO surpasses all baselines in FID
across all three solvers. This directly validates of our hypothesis. Regression-
based methods sacrifice high-frequency details, in part because their loss metrics,
e.g ., LPIPS, fail to capture these errors. Our novel score-based distance metric
captures both structural and textural discrepancies by measuring score differ-
ences at various noise levels. This high sensitivity to fine-grained texture loss
allows D2PO to correct the foundational flaws of the baseline, simultaneously
improving both quality and fidelity.

At higher number of steps (6 and 7), as the baseline’s severe discretiza-
tion error is reduced, the expected quality-diversity trade-off [4,17,24] emerges,
and D2PO’s behavior shifts to its primary goal of preference alignment. While
D2PO maintains its significant lead in perceptual scores (HPS/Aesthetic), its
FID score becomes comparable or slightly higher than the baselines. This shift
is the expected signature of successful alignment. D2PO’s objective function,
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Table 2: Quantitative com-
parison on ImageNet-256 (la-
tent space) using the 3rd-order
(3M) iPNDM solver. Baseline
results are reported from the
LD3 [46] paper.

Steps

Method 4 5 6 7

Uniform 13.86 7.80 6.03 5.35
GITS [5] 56.00 43.56 19.33 10.33
DMN [56] 10.15 7.33 7.25 7.40
LD3 [46] 9.19 6.03 5.09 4.68
D2PO 7.28 5.48 4.80 4.70

Table 3: Quantitative comparison on the In-
staFlow [30] model using the prompts from the
COCO dataset. Higher HPS and Aesthetic scores
(↑) are better, while lower FID scores (↓) are better.

Steps Method HPS ↑ Aesthetic ↑ FID ↓

2
Time Uniform 0.1865 5.0060 44.27
LD3 [46] 0.1708 4.6270 63.55
D2PO 0.1872 5.0924 40.68

4
Time Uniform 0.2189 5.1222 16.85
LD3 [46] 0.2086 5.0712 23.21
D2PO 0.2197 5.1415 15.50

6
Time Uniform 0.2317 5.1847 13.68
LD3 [46] 0.2299 5.1740 15.60
D2PO 0.2342 5.1855 12.70

Table 4: Ablation study of D2PO on text-to-image synthesis using Stable Diffusion
v1.5 and the iPNDM solver using prompts from the COCO dataset. We report per-
formance at # steps=4 and 5 after removing or altering key components: dynamic
preference, score-based energy, and the reference timestep update strategy.

Steps Method Aesthetic ↑ FID ↓

4

D2PO (Full) 5.2024 15.69
w/o dynamic preference 5.1810 16.91
w/o score-based energy 5.1796 17.88
w/ EMA reference timestep 5.1937 15.75

5

D2PO (Full) 5.2701 13.38
w/o dynamic preference 5.2615 13.70
w/o score-based energy 5.2630 14.59
w/ EMA reference timestep 5.2639 13.42

which aligns with its dynamic, higher-fidelity 2N teacher, optimizes the sam-
pler towards a distribution that maximizes perceptual quality. This distribution
is distinct from the average of the real data distribution, which FID measures.
This result demonstrates that D2PO is not failing; rather, it is successfully har-
nessing the full potential of the model by optimizing for its intended perceptual
objective, which is to reduce its own discretization error.

5.3 Generalization across domains and architectures

To evaluate the robustness of our learned policy, we tested D2PO beyond stan-
dard text-to-image tasks. As shown in Tab. 2, D2PO consistently outperforms
baseline methods on ImageNet-256 (latent space) using the 3rd-order iPNDM
solver. Furthermore, Tab. 3 illustrates D2PO’s successful application to In-
staFlow, a flow-matching model on the COCO dataset.
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Steps = 4: “Two dogs curled up asleep on a couch."

Steps = 5: “A man riding a snow board on top of a snow covered slope."

Steps = 6: “A male tennis player in white shorts is playing tennis."

Steps = 7: “A little boy about to hit a baseball during a game."

DMN [56] GITS [5] LD3 [46] D2PO

Fig. 2: Qualitative comparison of various discretization methods on Stable Diffusion
v1.5 using iPNDM across different number of time steps (4 to 7). D2PO consistently
produces sharper details and fewer artifacts compared to baselines.

5.4 Qualitative results

Fig. 2 visualize the qualitative results on Stable Diffusion v1.5 (iPNDM) for all
steps reported in Tab. 1. Across all cases, D2PO consistently produces images
with higher perceptual quality, sharper details, and fewer artifacts compared
to baselines. This visual evidence directly supports our quantitative findings.
For instance, baseline methods like LD3 and DMN frequently exhibit significant
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blurriness, water-color artifacts, or loss of fine-grained detail. In more complex
scenes (Steps=7), D2PO generates a coherent and detailed image, while other
methods suffer from severe structural distortion or artifacts. More qualitative
results on different settings are provided in the supplementary material.

5.5 Ablation study

We ablate D2PO’s key components in Tab. 4. First, the w/o dynamic preference
variant replaces our dynamic 2N -step teacher with a fixed N+1-step teacher (as
in LD3 [46]). This degrades performance, validating that our dynamic mechanism
provides a stronger, more consistent learning signal than regression to static
teacher. Second, the w/o score-based energy variant, which instead use LPIPS,
causes the most significant drop in fidelity, confirming our metric’s necessity
for capturing fine-grained discretization errors. Finally, the w/ EMA reference
timestep variant replaces our epoch-wise copy strategy for the reference time
step schedule with an EMA update. Its sub-optimal performance highlights that
while EMA suits continuous parameters (like CFG weights), direct epoch-wise
copying provides a more stable anchor for optimizing discrete time steps.

6 Conclusion

We identified a critical performance bottleneck in dominant student-teacher re-
gression frameworks for optimizing diffusion samplers. We demonstrated that
as the teacher-student NFE gap increases, standard regression losses force the
low-NFE student to sacrifice high-frequency texture fidelity, leading to degraded
perceptual quality. To address this, we proposed D2PO, a novel framework that
reframes sampler optimization as a preference-based alignment task. We intro-
duced a novel score-based energy function that leverages the score model itself
to capture the fine-grained textural and structural errors that standard metrics
miss, and a dynamic preference mechanism that creates a self-improving loop,
where the student policy is aligned with a dynamically refined, higher-fidelity ver-
sion of itself. This dynamic teacher provides a stronger, theoretically-grounded
learning signal that forces the student to minimize its own discretization error,
rather than converging to a suboptimal fixed teacher. Our extensive experiments
across multiple solvers demonstrated that D2PO successfully aligns diffusion
samplers with true perceptual quality, effectively solving the existing bottleneck
of static teacher regression.
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