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Abstract

Flow Matching (FM) is an efficient generative modeling
framework, but aligning it with human preferences remains
underexplored. Although applying Direct Preference Opti-
mization (DPO) to diffusion models has yielded improve-
ments, directly extending DPO-like methods to FM poses
three challenges: 1) Incompatibility with ODE-based mod-
els, 2) Heavy computational cost from full model fine-tuning,
and 3) Reliance on reference model quality. To address these
limitations, we propose Preference Classifier for Flow Match-
ing (PC-Flow), a novel reference-free preference alignment
framework. Specifically, we reinterpret FM’s deterministic
ODE as an equivalent SDE to enable DPO-style learning.
Then, we introduce a lightweight classifier to model relative
preferences exclusively. This approach decouples alignment
from the generative model, eliminating the need for costly
fine-tuning or a reference model. Theoretically, PC-Flow
guarantees consistent preference-guided distribution evolu-
tion, achieves a DPO-equivalent objective without a reference
model, and progressively steers generation toward preferred
outputs. Experiments show that PC-Flow achieves DPO-level
alignment with significantly lower training costs.

Introduction

Flow Matching (FM) (Lipman et al. 2023; Albergo et al.
2023; Liu, Gong, and Liu 2022) is a concise and efficient
generative modeling framework with successful applications
in image generation (Samaddar et al. 2025; Caetano et al.
2025). Despite major advances in quality and efficiency, FM
methods still struggle to align with human subjective pref-
erences. In particular, current models fail to capture nuances
like aesthetic perception and semantic alignment, often pro-
ducing content that falls short of human expectations.

To align generative models with human preferences,
methods (Wallace et al. 2024; Lu et al. 2025; Liang et al.
2025; Lee et al. 2025; Zhu, Xiao, and Honavar 2025; Wang
et al. 2025b) like Direct Preference Optimization (DPO)
have been adopted from language modeling and shown great
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success in diffusion models. However, applying DPO-like
approaches directly to FM for image generation poses three
challenges: 1) Incompatibility with ODE-based models,
as DPO is designed for SDEs; 2) Heavy computational
cost, due to full model fine-tuning; and 3) Reliance on ref-
erence model quality, which leads to instability and in-
creased training complexity.

To address above limitations, we propose Preference
Classifier for Flow Matching (PC-Flow), a novel hu-
man preference alignment framework without a reference
model. Specifically, we first convert the deterministic ODE
in FM into a Stochastic Differential Equation (SDE), en-
abling the application of DPO-form objectives within FM
models. This ODE-to-SDE conversion allows the FM model
to incorporate human preferences effectively. We then intro-
duce a lightweight, trainable classifier to model relative pref-
erences. By isolating preference learning within this clas-
sifier, PC-Flow completely decouples alignment from the
generative model, eliminating the need for costly full-model
fine-tuning or reliance on a reference model. We finally pro-
vide rigorous theoretical guarantees for the effectiveness of
PC-Flow: 1) its preference guidance ensures the consistent
evolution of the aligned distribution throughout the entire
generation flow; 2) its training objective is provably equiv-
alent to DPO without the need for a reference model; 3) its
preference guidance progressively induces the velocity field
to evolve toward regions aligned with human preferences.

To summarize, the contributions of PC-Flow are as fol-
lows:

* Reference-Free Preference Alignment: We propose
PC-Flow, a reference-free framework for Flow Matching
that utilizes a lightweight, trainable classifier to model
preferences. This fully decouples the alignment task from
the generative model, eliminating the need for expensive
fine-tuning and reliance on reference models, which sig-
nificantly reduces computational overhead.

Rigorous Theoretical Guarantees: We provide theoret-
ical proof of PC-Flow, establishing that: 1) its preference-
guidance consistently propagate across the flow trajec-
tory; 2) its training objective is mathematically equiva-
lent to reference-free DPO; and 3) its preference guid-
ance progressively steers the velocity field toward re-
gions aligned with human preferences.



* Superior Performance and Efficiency: Extensive ex-
periments demonstrate that PC-Flow achieves alignment
performance comparable or superior to DPO-like meth-
ods, while requiring significantly fewer computational
resources and offering greater training stability. These
results validate PC-Flow as a practical and scalable so-
lution for preference alignment in FM.

Related Work

This section briefly reviews the literature on diffusion, flow
matching and alignment in diffusion models.

Diffusion and Flow Matching

Diffusion models (DMs) (Ho, Jain, and Abbeel 2020; Song,
Meng, and Ermon 2020) synthesize data by learning to in-
vert a progressive noising process via a trained denoising
network. Leveraging this mechanism, DMs have demon-
strated strong performance in modeling complex distribu-
tions, particularly in image synthesis (Shen et al. 2025b;
Li et al. 2025; Yao, Yang, and Wang 2025; Shen et al.
2025a; Shen and Tang 2024) and video generation (Ho et al.
2022; Wu et al. 2023a; Ni et al. 2023). Despite their suc-
cess, DMs often require many steps during inference due
to the stochastic nature of the sampling process. In con-
trast to DMs, which are often formulated using Stochas-
tic Differential Equations (SDEs) (Song, Meng, and Ermon
2020), Flow Matching (FM) (Liu, Gong, and Liu 2022; Lip-
man et al. 2023; Dao et al. 2023) adopts a deterministic ap-
proach. Specifically, FM learns a continuous-time determin-
istic vector field that maps noise distributions to data dis-
tributions via ordinary differential equation (ODE) trajecto-
ries. By eliminating the need for Markov chains and Gaus-
sian perturbations, FM significantly reduces the number of
inference steps required while maintaining generation qual-
ity. As a result, flow matching has emerged in recent years
as a leading paradigm in image and video generation (Mar-
tin et al. 2024; Labs et al. 2025; Wang et al. 2024a) due to
its superior inference efficiency.

Preference Alignment for Diffusion Models

Recent efforts (Lu et al. 2025; Liang et al. 2025; Zhu, Xiao,
and Honavar 2025) to align generative models with hu-
man preferences have increasingly adapted techniques from
LLMs (Rafailov et al. 2023; Tang, He, and Qin 2025; Yan
et al. 2025; Wang et al. 2025a). Among these, Direct Prefer-
ence Optimization (DPO) (Wallace et al. 2024) has emerged
as a simpler and more effective alternative to Reinforce-
ment Learning from Human Feedback (RLHF) (Wang et al.
2024b) for enhancing image quality. Inspired by its suc-
cess, we are the first to introduce DPO into the prevail-
ing FM framework to enable efficient text-to-image gener-
ation. Despite the success of DPO-like methods in diffusion
models, their application to Flow Matching faces three key
challenges: 1) Incompatibility with ODE-based models,
as DPO is tied to SDE-based models; 2) Heavy computa-
tional cost from full model fine-tuning; and 3) Reliance on
reference model quality, which can introduce training in-
stabilities and undesirable biases into the final model. To ad-
dress these issues, we propose PC-Flow, an extension of the
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previous method (Wang et al. 2025b) and a novel reference-
free alignment framework. On one hand, we first converse
the ODE process in FM to an equivalent SDE representa-
tion to accommodate a DPO-style learning objective. On the
other hand, it introduces a lightweight, trainable classifier to
directly model relative preferences, thereby achieving effi-
cient and stable preference alignment.

Preliminaries

In this section, we introduce the necessary background for
our work, including Flow Matching (FM) as a determinis-
tic generative modeling framework, and Direct Preference
Optimization (DPO) as a widely used preference alignment
method in diffusion models. We also discuss the key chal-
lenges of directly applying DPO to FM-based models.

Flow Matching

Flow Matching (FM) is a deterministic generative modeling
framework that learns a continuous mapping from a source
distribution po(z) (e.g., Gaussian) to a target data distribu-
tion p; (x). This mapping is defined by an Ordinary Differ-
ential Equation (ODE):

dXt

dt

where v, is a learnable time-dependent velocity field.

=vy(x,t), te€0,T], (1)

DPO for Diffusion Models

Although Flow Matching is efficient, aligning it with hu-
man preferences remains difficult. To provide context, we
briefly review DPO in diffusion models. Following (Wallace
et al. 2024), DPO compares transition probabilities at inter-
mediate time steps. Given a preference triplet (xz“)”, xé) it
trains a model py to favor preferred outputs over a reference
model pr, omitting the prompt ¢ for simplicity. The DPO-
Diffusion objective is then defined as:

LDPO—Diffusion(g) S -E (wz)u’ wé) ~ D, t~ z/{(o7 T)
w%”ﬂ,t ~ Do (w%{l,t | CE(le)
Ty 1,4~ Do (wt—l,t | wo)

w

po (x| )

Dref (1:%”71 | w%u)
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Here, D denotes the dataset of human preference pairs, and
T is the total number of diffusion steps.

While DPO is effective in diffusion models, applying it to
Flow Matching poses challenges due to: 1) incompatibility
with ODE-based models, 2) heavy computational cost, and
3) reliance on reference model quality.

To address these limitations, we propose Preference Clas-
sifier Guidance for Flow Matching (PC-Flow), a lightweight
and reference-free framework that enables effective prefer-
ence alignment in ODE-based generative models.
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Preference Classifier for Flow Matching

We propose an efficient preference alignment framework tai-
lored for FM models, consisting of four key components:
1) ODE-to-SDE Conversion, which provides the theoret-
ical foundation for enabling preference alignment within
FM. 2) Preference Classifier Definition, which guides the
generative process by adjusting output probabilities without
retraining the base mode. 3) Preference Classifier Train-
ing Objective, which effectively incorporates human prefer-
ences without relying on an reference model. 4) Preference-
Guided Sampling, which uses the human preference prior
embedded in the classifier to generate preference samples.

ODE-to-SDE Conversion

The DPO objective (Eq. 2) requires comparing log-
probabilities, a feature inherent to SDE-based diffusion
models but absent in the deterministic ODE formulation of
FM (Eq. 1). To bridge this incompatibility, we reinterpret
the deterministic ODE as an equivalent SDE that preserves
the original marginal distributions at all timesteps, follow-
ing by Song, Meng, and Ermon (2020); Liu et al. (2025);
Deveney et al. (2025). This process yields the following
stochastic formulation for FM:

2

o
- éVlogpt (ﬂft,t)

dw, — <vt (20, 1) ) At +o,dW, (3)

where dW represents Wiener process increments, o; con-
trols the level of noise during generation, and the marginal
score V log p: (@4, t) is related to velocity:

1-1t
t t

For practical implementation, we discretize the SDE us-
ing the Euler-Maruyama method, yielding the following
single-step update rule:

xr

Vlog pi(xe, t) = vi(x, t). “4)

Tinr = Ty + [V (24,1)

o
2t
+ oV At e,

where e ~ N(0, I) injects stochasticity.

©)
(x + (1 —t) vy (x4, 1)) | AL

Preference Classifier Definition

Our ODE-to-SDE conversion equips FM with a marginal-
preserving probabilistic structure, enabling likelihood-based
preference modeling through well-defined transition proba-
bilities pg(x¢—1 | ), similar to those used in DPO.

In DPO, preference alignment is achieved by fine-tuning
the entire model to transform a misaligned distribution
D¢ (x+) into a preference-aligned one py (), and propagat-
ing it backward via updated transitions py (z;—1 | Z).

In contrast, we propose Preference Classifier for
Flow Matching (PC-Flow), which aligns py (z;) us-
ing a lightweight preference classifier Sy(x), yielding
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a preference-guided distribution ﬁi (z¢) and transition
1525 (x¢—1 | 1), without modifying the base model. We for-
mally define the components of our framework below.

Definition 1 (Preference Classifier Guidance) The train-
able preference classifier Sp(z) : R? — (0,1) assigns
a human preference score to sample x (higher scores in-
dicate greater preference). Based on Sp(x), we define the
preference-guided distribution ﬁg(xt) and the correspond-

ing preference-guided transition ﬁi(xt_l | 1) respectively:

ﬁi(xt) = Nipg(wt) exp (log So(wy)), (6)
Ph(@e1 | me) = po(we—1 | z¢) exp (10g39(36t—1)
~log Sy(1))), ™

where N, is a normalization term.

Since DPO propagates pg (x) by fine-tuning the entire
model, we investigate whether our proposed formulation in
Eq. 7 can achieve the same. Theorem 1 guarantees the cor-
rectness of the preference-guided distribution transforma-
tion.

Theorem 1  Given a preference classifier Sy(x), suppose
that x is sampled from ﬁz) (2¢), and then apply the transition

ﬁg(xt_l | 1), we can generate:

Po(xi—1) = Ne—1pg(we—1) exp (log Sp(we-1)),  (8)

where N;_1 is normalization term.

Thus, this theorem guarantees that preference-guided dis-
tributions can be propagated across timesteps solely by opti-
mizing the classifier Sy, without modifying the base model.

Preference Classifier Training Objective

Having shown that the preference classifier Sp(x) defines
how the base distribution pg(z;) is transformed into a
preference-aware distribution ﬁi(xt), we now turn to how
Sp(x) can be trained to reflect human preferences. Rather
than fine-tuning the full generative model as in DPO, our
PC-Flow framework isolates the preference learning into the
lightweight classifier Sy(z) alone.

This separation is justified by our derivation from Eq. 7,
which reveals that the alignment adjustment at each step is
governed solely by the ratio of the classifier’s scores:

ﬁi(ﬂﬁt—l | z¢) _ So(xi-1)

po(e—r | z)  Solxe)

Crucially, this insight implies that we only need to ensure
Sp(z) accurately reflects human judgment. This allows us
to derive a reference-free training objective called PC-Flow

Loss for Sp(z) using standard preference tuple (2%, z') ~
D, as formalized in Eq. 10:

(€))

(10)

)|

where o () denotes the sigmoid function and D is the pref-
erence dataset. This objective is guaranteed by Theorem 2.
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Theorem 2 Given Sy(x), ]53)(%4 | 1), and human pref-
erence samples across timesteps, the PC-Flow training ob-
Jjective in Eq. 10 can be derived from the DPO loss (Eq. 2)
without requiring a reference model.

Theorem 2 eliminates the need for a reference model, which
is central to traditional DPO methods (Eq. 2), by directly
modeling relative preferences through the classifier Sp.

The PC-Flow framework offers notable practical bene-
fits: 1) Reference-Free Optimization: The model training
does not depend on a reference model, reducing complexity
and avoiding instability or bias introduced by imperfect ref-
erences. 2) High Efficiency: Only the lightweight classifier
Sp is trained, allowing efficient, plug-and-play alignment
with pre-trained diffusion models without requiring costly
fine-tuning of the base models.

Preference-Guided Sampling

After training the preference classifier Sy (z), we now incor-
porate it into the sampling process of flow matching mod-
els. The objective is to generate samples that follow the
learned data distribution while aligning with human prefer-
ences. This section presents a principled method to achieve
this goal by modifying the velocity field used in generation.

In flow matching, generation is driven by a base veloc-
ity field vg(x¢,t), which lacks preference awareness. To
steer generation toward preferred outputs while preserving
the original modeling structure, we construct a new velocity
field vg(x¢,t) by introducing an additive correction based
on the preference classifier Sp(x).

To incorporate human preferences into the generative pro-
cess, we define a reweighted distribution over x; that ad-
justs the original model distribution using a learned prefer-
ence score. By omitting the normalization term, Eq. 6 can be
equivalently expressed as:

PY(xe) o po (1) Sa(2e), (11)

where p,(x;) denotes the base generative distribution, and
Sp(x;) represents the human preference score assigned to
sample x;. Based on Eq. 11, we now outline the core steps
leading to the construction of the preference-guided velocity
field.

To derive the preference-guided velocity field, we begin
by computing the score function of the reweighted distribu-
tion:

Vo, log pl(x:) = Vaalog py () + Vo, log Sp(x4). (12)

Then, from the SDE formulation of flow matching, as de-
fined in Eq. 4, the marginal score of the original distribution
satisfies:
1-—t¢

Vg, logpe(z:) = - T'U¢(:vt,t).

Next, substituting Eq.13 into Eq.12 and rearranging terms
yields the preference-guided velocity field:

Tt

13)

t
vo (24, t) = vy(ae,t) + fyﬁvgjt log Sp(xi),  (14)

where 7 is a tunable guidance weight. Eq. 14 shows that
preference-aligned velocity wvg(z,t) can be achieved by
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augmenting the base velocity vg(x¢,t) with a time-scaled
classifier gradient V,, log Sp(x+), without modifying the
underlying generative model.

Finally, by substituting Eq.14 into Eq.15, we obtain a
preference-aligned sample x;,A; at each step. Theorem 3
guarantees that Eq. 15 serves as a good sampling strategy
for drawing samples from the distribution defined in Eq 11.

Theorem 3  Given the ﬁg(:ﬂt) in Eq. 11, marginal score
V., log py (1) in Eq. 13, and preference-guide velocity field
vg(x¢,t) in Eq. 14, the x4 ay can be sampled by Eq. 15:

Tipar = Ty + | Vo (24, 1)

2

+ 2 (@i + (L= 1) vy (@1,1)) | At

+0’tVAt6.

Experiment

In this section, we evaluate the effectiveness of Preference
Classifier for Flow Matching (PC-Flow) in aligning gen-
erated samples with human preferences while maintaining
high-quality outputs. We begin by describing the exper-
imental setup, followed by evaluations on two alignment
tasks: 1) Aesthetic Alignment: This task guides the gen-
erative model toward producing visually appealing outputs
that reflect human aesthetic preferences. 2) Text-to-Image
Alignment: This task assesses how accurately and compre-
hensively the generated image reflects the semantic content
and specific details of the input text prompt.

5)

Experimental Setup

Models and Datasets: We use the pre-trained Flow Match-
ing model, which named as Stable Diffusion 3.5 Medium
(SD-3.5-M) (Esser et al. 2024) equipped with a Multimodal
Diffusion Transformer (MMDIT) as the base generative
model for all experiments. For aesthetic and text-to-image
alignment tasks, we train our preference classifier Sg on the
Pick-a-Pic dataset (Kirstain et al. 2023), which consists of
pair-wise preferences for images generated by SDXL-beta
and Dreamlike, a fine-tuned version of SD1.5. For final test-
ing, we generate images using the PC-Flow models condi-
tioned on captions from the Partiprompt (Yu et al. 2022) and
HPSV?2 benchmark (Wu et al. 2023b).

Training Setup: Our preference classifier Sp can be eas-
ily adapted to various alignment tasks by adjusting its in-
put modalities and architecture. We implement task-specific
variants as follows: 1) In the aesthetic alignment task: The
preference classifier Sy is composed of two components: a
frozen U-Net without downsampling layers and a trainable
two-layer MLP. We utilize the middle layers of the U-Net to
extract and refine the features of a given timestep x;. These
features are then fed into the MLP, which uses ReLU and
Softplus as activation functions, to predict the final prefer-
ence score. Furthermore, to enable Sy to distinguish inputs
from different timesteps, we also embed the time embed-
dings into the U-Net. 2) For the text-to-image task: We



extend the aesthetic alignment preference classifier Sy by
incorporating a trainable cross-attention module, allowing
the model to better capture semantic information from the
text prompt. All classifiers are trained using the PC-Flow
loss defined in Eq.10 for 2,000 steps with the AdamW opti-
mizer(Loshchilov and Hutter 2017) and an image resolution
of 512. We set 8 = 200, use a batch size of 8 with gradient
accumulation over 2 steps, a learning rate of 1 X 1075, and
apply a constant learning rate schedule with warm-up. All
experiments are conducted on 2 NVIDIA A6000 GPUs.
Inference Setup: For all inference phases across the mod-
els, we employ the following configuration to fair compari-
son. At each timestep ¢, the sampling update is augmented
with a preference-guided correction score derived from the
preference classifier Sp(xy,t), as defined in Eq. 15 based
on Eq. 14. We uniformly generate images at a resolution of
512 x 512 with 50 inference steps and apply Classifier-Free
Guidance (CFG) (Ho and Salimans 2022) with a guidance
scale set to 7.0. The PC-Flow guidance weight hyperparam-
eter +y is uniformly set to 0.1.

Aesthetic Alignment

Aesthetic alignment aims to orient generative models to-
ward outputs that better conform to human aesthetic pref-
erences. We assess the efficacy of the PC-Flow in enhancing
image aesthetics and aligning with human preferences, using
four quantitative scores, including PickScore (Kirstain et al.
2023), HPS (Wu et al. 2023b), LAION Aesthetics (Schuh-
mann et al. 2022), and CLIP (Radford et al. 2021), and qual-
itative visual comparisons.

Qualitative Comparison. Figure 2 presents a qualitative
comparison between our PC-Flow method and four base-
lines: SD-3.5-M, Flux1.dev, AuraFlow, and SANA-1.5 1.6B.
Here, SD-3.5-M represents the original, unaligned flow
matching model. As shown in the figure, images generated
by PC-Flow demonstrate a consistent improvement in aes-
thetic quality. By using a learned preference classifier for
gradient corrections, our method incorporates human pref-
erences without requiring the entire model fine-tuning, and
generates images with vivid colors, dramatic lighting, and
coherent composition. In contrast, baseline methods often
exhibit issues such as muted tones, flat illumination, or awk-
ward spatial arrangements, leading to visually less engag-
ing results that lack the richness, contrast, and compositional
balance achieved by PC-Flow.

Quantitative Evaluation. We evaluate our method against
SD-3.5-M, Flux1.dev, AuraFlow, and SANA-1.5 using both
automated metrics and user studies. For the automated eval-
uation, we use Pick Score, HPS, Aesthetics, and CLIP with
prompts from HPS and PartiPrompts. As shown in Ta-
ble 1, our method significantly outperforms SD-3.5-M and
AuraFlow, and shows consistent gains over Flux1.dev and
SANA, especially in HPS and CLIP. For the user studies,
we ask annotators to compare three aspects: general prefer-
ence, visual appeal, and prompt alignment and summarize
the winning percentage in Fig. 1. Results show PC-Flow
consistently wins in visual appeal and prompt alignment, en-
hancing both aesthetic quality and semantic relevance.
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Comparison with State-of-the-Art Methods. We eval-
uate the aesthetic alignment performance of PC-Flow
against recent flow matching models, including SD-3.5-M,
Flux1.dev, AuraFlow, and SANA-1.5 1.6B, using their orig-
inal configurations. All models are assessed on the full Par-
tiPrompts and HPS benchmarks across four preference met-
rics. As shown in Table2, PC-Flow consistently surpasses
the base model SD-3.5-M across all metrics and datasets,
validating the effectiveness of our preference-guided align-
ment. Compared with Flux1.dev and AuraFlow, PC-Flow
achieves higher scores on nearly every metric, indicating
stronger capabilities in both aesthetic quality and prompt
alignment. Although SANA-1.5 attains the highest Aesthet-
ics score (5.96 in PartiPrompts and 6.17 in HPS), PC-Flow
achieves comparable results (5.94 and 6.14) while outper-
forming it in HPS and CLIP,suggesting a more balanced per-
formance that better captures both visual appeal and seman-
tic consistency. These results demonstrate that PC-Flow not
only improves subjective aesthetics but also maintains faith-
ful adherence to the given prompts.

Text-to-Image Alignment

Text-to-Image Alignment measures how accurately and
comprehensively a generated image visually represents the
semantic meaning and specific details of its input text
prompt. As visually demonstrated in Figure 3, PC-Flow ex-
cels at translating challenging prompts into semantically co-
herent and faithful images. For example, given the prompt ‘A
baby red panda wearing cake as a hat’, PC-Flow precisely
renders both the character and the unusual object-attribute
combination, whereas other models often miss such intricate
relationships. Similarly, for prompts like ‘A glass of orange
Jjuice next to an empty pitcher’ and ‘A margarita next to a
napkin’, our method successfully preserves spatial relation-
ships and object attributes, outperforming baselines that may
confuse layout or context. These qualitative results show-
case PC-Flow’s superior capacity for fine-grained text-to-
image understanding, resulting in improved semantic align-
ment and overall fidelity in generated images.

Ablation Study

Effect of temperature parameter 3. Ablation on [ is con-
ducted for aesthetic alignment on HPSV2, which scales the
log-ratio terms in the PC-Flow loss (Eq.10) and modulates
the sharpness of preference contrast between positive and
negative samples. As shown in Table. 3, setting 3 = 200,
which we use in all tasks, achieves the best performance
across all metrics, outperforming both smaller (8 = 20) and
larger (8 = 2000) values. A small 5 weakens the contrast
between preferred and less-preferred samples, reducing the
effectiveness of preference modeling. In contrast, an exces-
sively large 5 may over-amplify the logit differences, lead-
ing to optimization instability or overfitting. Notably, since
our preference classifier is relatively lightweight, setting /3
too high can exceed the classifier’s representational capac-
ity, causing gradient explosion or training collapse. This sug-
gests that optimal 3 values depend on model capacity: larger
models can tolerate higher scaling, while smaller ones per-
form better with moderate 3. These results suggest that mod-



PartiPrompts HPS benchmark
PickScore  HPS Aesthetic  CLIP PickScore  HPS Aesthetic  CLIP
vs. SD-3.5-M 61.36 76.82 75.22 60.72 67.35 75.47 74.54 70.14
vs. Flux1.dev 57.85 51.02 48.90 64.88 51.53 50.13 49.02 65.25
vs. AuraFlow 80.62 71.33 77.22 70.92 87.08 75.90 73.50 70.57
vs. SANA-1.5 47.77 54.72 49.90 51.60 44.74 56.06 45.57 55.21

Table 1: Quantitative Win-rate Comparison Using Automated Preference Metrics. We evaluate the alignment performance of
diffusion models using prompts from HPS and PartiPrompts across various evaluators. SD-3.5-M serves as base models. Win
rates above 50%—indicating superior performance over the baseline—are highlighted in bold.

SD-3.5-M Flux1.dev

AuraFlow SANA-1.5 PC-Flow

12.3%
13.8%
10.5%

22.1%
19.3%
23.0%

General Preference
Visual Appeal
Prompt Alignment A

18.5%
16.2%
17.9%

20.7% 26.4%
21.5% 29.2%

19.6% 29.0%

0 20 40

60 80 100

Win Rate Percentage (%) on 300 prompts sampled from Partiprompt and HPSV2 benchmark

Figure 1: User Study Results Comparing PC-Flow with SD-3.5-M, Flux1.dev, AuraFlow, and SANA-1.5 1.6B. We sampled 100
and 200 prompts for evaluation from Partiprompts and HPSV2 benchmark, respectively. PC-Flow yields clear improvement in

visual appeal.

A cartoon-style
illustration of a fantasy
village environment

Magical girl manga
cover featuring a
highly detail

Acity in 4
dimensional
space-time

SD-3.5-M

Flux1.dev

PC-Flow

AuraFlow SANA-1.51.6B

Figure 2: Qualitative Comparison Between PC-Flow and Other Flow Matching Models. Applied to SD-3.5-M (Esser et al.
2024), PC-Flow achieves superior visual and textual alignment compared to baselines including SD-3.5-M, Flux1.dev (Labs
et al. 2025), AuraFlow (Fal 2024), SANA-1.5 1.6B (Xie et al. 2025).

erate preference scaling leads to more stable and effective
alignment.

Effect of Guidance Weight . We further ablate  in aes-
thetic alignment using HPSV2, which controls the magni-
tude of the preference-guidance correction added to the base
velocity field (as defined in Eq.14). This parameter directly
affects how strongly human preference gradients steer the
generation process. As reported in Table. 4, performance im-
proves as <y increases from 0.05 to 0.10, where all metrics

reach their peak. However, further increasing ~ leads to a
slight decline across most metrics, suggesting that excessive
guidance may interfere with the underlying generative pro-
cess and reduce output diversity. These results highlight the
importance of calibrating the strength of preference align-
ment: a moderate value like v = 0.10 offers an optimal
trade-off between human preferences and maintaining the
quality and diversity of outputs. We adopt v = 0.10 as the
default setting in all subsequent experiments.
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PartiPrompts HPS benchmark
P-ST HPS?T AEST CLIP? P-ST HPS?T AES?T CLIP{
SD-3.5-M 22.53 28.60 5.57 34.37 22.10 27.93 5.90 33.99
Flux1.dev 22.80 28.70 5.85 32.86 22.20 28.90 6.01 33.30
AuraFlow 21.25 27.36 5.36 31.31 21.13 28.03 5.61 32.59
SANA-1.5 22.71 28.71 5.96 33.80 22.41 28.70 6.17 34.39
PC-Flow 22.63 28.76 5.94 34.95 22.18 28.95 6.14 34.45

Table 2: Alignment Comparison with State-of-the-Art Flow Matching Models Using PartiPrompts and HPS. Evaluation is
conducted across four preference metrics with SD-3.5-M as the base model. P-S: PickScore. AES: Aesthetic

A baby red
panda wearing
cake as a hat

A glass of orange
juice next to an
empty pitcher

A margarita
nextto a
napkin

< £
=

SD-3.5-M Flux1.dev

@ =

- # by
- — —g—

AuraFlow SANA-1.5 1.6B PC-Flow

Figure 3: Qualitative Comparison of Text-to-Image Alignment. This figure showcases images generated by PC-Flow and other
methods (SD-3.5-M, Flux1.dev, AuraFlow, and SANA-1.5 1.6B) for the text prompts listed on the left. PC-Flow achieves
enhanced semantic fidelity, particularly in accurately elements specified in the prompt, such as color and object positioning. Red
boxes: Regions mismatched to prompts. Green boxes: Regions matched to prompts.

3 [ PST HPST AEST CLIPT

5 | 2034 2753 541 3253

20 | 22.18 28.67 581  34.16
200 | 2227 2885 614 3445
2000 | 21.92 2826 587  33.93

Table 3: Effect of Temperature Parameter 3. We report re-
sults using PickScore (P-S) and Aesthetics (AES) as metrics.

Conclusion

In this work, we propose PC-Flow, a lightweight and
reference-free framework for human preference alignment
in Flow Matching (FM) models. Our approach addresses key
limitations of directly applying DPO to ODE-based mod-
els, namely incompatibility with ODE based models, heavy
computational cost, and reliance on reference model quality.
By reinterpreting the FM generative process as a marginal-
preserving SDE, and introducing a trainable preference clas-
sifier, PC-Flow enables efficient and scalable preference
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~ [PST HPST AEST CLIPT
0.05 | 2224 2380 584 3421
0.10 | 22.27 2885 614 3445
0.15 | 2224 28.82 587 3435
020 | 2220 2876 585  34.23

Table 4: Effect of Guidance Weight . We report results us-
ing PickScore (P-S) and Aesthetics (AES) as metrics.

alignment without modifying the base generative model.
We provide theoretical guarantees that PC-Flow consis-
tently propagates preference-guided distributions, achieves
a DPO-equivalent training objective, and effectively steers
generation toward human-preferred outputs. Empirical re-
sults across various metrics and user studies validate the ef-
fectiveness and efficiency of PC-Flow, showing competitive
or superior alignment performance compared to DPO-based
baselines with significantly lower training cost.
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