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Abstract. Text-to-image diffusion models deliver high-quality images,
yet aligning them with human preferences remains challenging. We re-
visit diffusion-based Direct Preference Optimization (DPO) for these
models and identify a critical pathology: enlarging the preference mar-
gin does not necessarily improve generation quality. In particular, the
standard Diffusion-DPO objective can increase the reconstruction er-
ror of both winner and loser branches. Consequently, degradation of
the less-preferred outputs can become sufficiently severe that the pre-
ferred branch is also adversely affected even as the margin grows. To
address this, we introduce Diffusion-SDPO, a safeguarded update rule
that preserves the winner by adaptively scaling the loser gradient ac-
cording to its alignment with the winner gradient. A first-order analysis
yields a closed-form scaling coefficient that guarantees the error of the
preferred output is non-increasing at each optimization step. Our method
is simple, model-agnostic, broadly compatible with existing DPO-style
alignment frameworks and adds only marginal computational overhead.
Across standard text-to-image benchmarks, including validations on the
large-scale FLUX.1-dev model, Diffusion-SDPO delivers consistent gains
over preference-learning baselines on automated preference, aesthetic,
and prompt alignment metrics. Our code is available at https://github.
com/AIDC-AI/Diffusion-SDPO.

Keywords: Text-to-Image Generation - Diffusion Models - Direct Pref-
erence Optimization

1 Introduction

Text-to-image diffusion models [5| have achieved remarkable success in gener-
ating diverse and high-quality images [10,[19]. However, aligning these power-
ful generative models with nuanced human preferences remains a critical chal-
lenge. Recent approaches have begun to incorporate human feedback [4] into
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Fig. 1: Training dynamics of preference losses during DPO finetuning without (left) and
with (right) our safe-A mechanism on SD 1.5 . Images beneath the plots illustrate
samples generated at training steps {0, 500, 1000, 1500, 2000}.

diffusion model training, drawing inspiration from alignment techniques used in
large language models. In particular, Direct Preference Optimization (DPO) |30
has emerged as a promising alternative to reinforcement learning for finetuning
on human preferences. DPO directly optimizes the model on pairwise human
comparisons (winner vs. loser outputs), and has been successfully adapted to
text-to-image diffusion models in methods to improve visual
appeal and prompt alignment. Despite these advances, we find that existing
DPO-based alignment of diffusion models still faces a fundamental limitation:
simply maximizing the preference margin between “winner” and “loser” outputs
does not necessarily translate to better absolute generation quality of the fine-
tuned model.

In our empirical analysis, we find that standard Diffusion-DPO exhibits
unstable training dynamics, and the model’s generative quality can deteriorate
as training proceeds. As illustrated in the left part of Fig.[I] we find that both the
winner’s and loser’s denoising losses tend to increase over time, even though the
preference margin (£ — L!) becomes more negative in the intended direction.
This indicates that the model is widening the relative preference gap by mak-
ing the less-preferred outputs worse, rather than truly improving the preferred
outputs. In other words, relative alignment comes at the expense of absolute
quality. The lack of a safeguard on the winner’s loss in existing DPO objectives
leads to unstable training and potential collapse, corroborating observations in
prior work that overly aggressive preference optimization can harm
generative performance. These findings motivate the need for a new approach
to preference-based diffusion finetuning that can increase preference alignment
while preserving or improving the quality of the preferred outputs.
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To address this challenge, we propose Diffusion—SDPOﬁ — a Safeguarded
Direct Preference Optimization method for diffusion models. The key idea in
Diffusion-SDPO is to introduce a simple yet effective winner-preserving update
rule that controls the influence of the loser sample’s gradient at each training
step. In contrast to standard DPO [30,38] which updates the model by contrast-
ing winner and loser equally, we derive an adaptive scaling factor for the loser’s
gradient based on the geometry of the winner and loser gradients. Intuitively,
our method downweights the loser branch’s contribution whenever its gradient
is misaligned with the winner’s gradient. Grounded in a first-order analysis, the
safeguard computes a closed-form Agafe from the inner product of the winner and
loser gradients, guaranteeing that each step does not worsen the preferred out-
put’s reconstruction loss. In practice, Diffusion-SDPO seamlessly modifies the
DPO objective with this adaptive loser scaling (see Fig. |1} right), which expands
the preference margin while strictly controlling the absolute error of preferred
outputs. Notably, our approach is model-agnostic and can be applied on top of
various diffusion alignment frameworks [13,[211|38]/48|, acting as a plug-in opti-
mizer that stabilizes training. Our contributions can be summarized as follows:

— We show that enlarging the winner—loser margin in diffusion preference op-
timization does not guarantee higher quality and can degrade preferred out-
puts, revealing a gap between relative alignment and absolute error control.

— Based on these analysis, we propose Diffusion-SDPO, a winner-preserving
training scheme that adaptively scales the loser gradient by its geometric
alignment with the winner gradient to first order. Our method is simple to
implement and adds negligible overhead.

— Extensive experiments on SD 1.5 [31], SDXL [28] (both UNets [32]), and the
industrial-scale Ovis-U1l [39], FLUX.1-dev [19] (both DiTs [27]) show that
our method is architecture-agnostic. It delivers consistent improvements in
preference metrics while preserving or enhancing aesthetic quality, stabilizing
training, and avoiding collapse. These benefits persist across text-to-image,
image editing and unified generation setups.

2 Related Work

Diffusion Models for Text-to-Image and Unified Generation. Diffusion models
have become a leading paradigm for image synthesis, offering strong quality and
diversity [5]. Denoising diffusion with a variational objective [11] and continuous-
time score-based formulations with SDEs [161/36] underpin modern systems. Re-
finements such as EDM [17] and rectified flow or flow matching [23,[25] clarify
objectives and improve robustness. Guidance-based conditioning [6l/12] enhances

4 Throughout the text, “Diffusion-SDPO” is used as a conceptual umbrella for our
method and its guiding principles. When referring to concrete instantiations, we
write “X4+SDPO” to denote the integration of SDPO with a specific base DPO variant
X (e.g., Diffusion-DPO, DSPO, DMPO), which clarifies the application setting and
configuration.



4 M. Fu et al.

controllability. For text-to-image generation, latent diffusion [31] enables efficient
high-resolution synthesis and supports large systems like SD3 |7] and FLUX [19].
In parallel, unified generators handle text-to-image and image editing within
a single model [39]. Our method applies to both families and is architecture-
agnostic, working with UNet [32]-style and DiT [27]-style backbones.

Preference Optimization for Diffusion Models. Direct Preference Optimization [8|
30,38] has been adapted to diffusion models to align generation with human
comparisons while avoiding full reinforcement learning. A broad class of vari-
ants [13}/40] calibrates the preference margin or the relative branch influence to
improve stability and protect the generation. Other approaches seek to guide
the update directions and step magnitudes in LLMs [47] by employing sub-
space projections and modest objective clipping [2}3,/15,42}/44]. Related work
such as DPOP [26] promotes positivity constraints to mitigate failure modes in
preference optimization, and MaPPO |[20] incorporates prior knowledge via a
maximum-a-posteriori objective. Diffusion-specific methods further account for
the multi-step nature of denoising by reweighting across timesteps or by adding
entropy regularization, exemplified by Balanced-DPO [37], DSPO [4§|, and SEE-
DPO [34]. In contrast, our Diffusion-SDPO introduces a per-step, geometry-
aware safe scaling factor based on the inner product between winner and loser
output-space gradients, which provides direct control over the winner loss at
each step while continuing to expand the preference margin.

3 Preliminaries

Diffusion Models. Diffusion models |11,35] construct a Markov chain that gradu-
ally corrupts clean data with additive noise and then learn a parametric denoiser
to invert this corruption. Let a variance schedule {3;}7_, be given and define
ar=1—0; and a4 = szl as. The forward process can be defined as:

q(as | 1) = Nz Vage1, (1— o)1), (1)
which implies the following closed-form perturbation of a clean sample zq:
v = Vagxg + V1—aye, e ~N(0,I). (2)
Equivalently, the marginal distribution conditioned on z is
q(ze | 20) = N Voo, (1—ay)I). (3)

Learning proceeds by training a network eg that receives the noised input
and the time index ¢ to predict the injected noise. Using the reparameterization
in Eq.[2 the standard objective minimizes mean squared error between the true
noise and the prediction:

Ediffusion - El‘o,t,f H 69(xt’t) - 6“2 (4)

where g ~ Pdata,t ~ Uniform{1,..., T} and € ~ N(0,I). Minimizing Lgitrusion
yields a time-aware denoiser that can be applied in reverse order to iteratively
remove noise and synthesize new samples from an initial Gaussian latent.
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Diffusion Model Alignment via Preference. Given a prompt ¢ and two images
xy (preferred, “winner”) and ) (less preferred, “loser”), preference alignment for
diffusion models seeks parameters 8 such that the model assigns higher likelihood
to z§ than to azé [8,138]. A diffusion sampler produces a trajectory (z7,...,zq)
and, at each time t, a reverse conditional pg(z: | 41, ¢) [11,25,35]. To instantiate
DPO in this setting, we adopt the standard formulation wherein the stepwise
preference score is the log-likelihood ratio with respect to a frozen reference
model [38L[48]:

po(@e | 441, ¢) ) (5)
Pref(2t | T11,0)

The Diffusion-DPO 38| loss applies Bradley-Terry-style [1] logistic regression
to the winner-loser pair at the same ¢:

ri(ze,c) = B log

Lpiffusion-DPO = flE[loga(rt(wi”,C) - Tt(fiac))}, (6)

and averages Eq. |§| over t €{0,...,T—1} (or samples a single ¢ per pair for an
unbiased stochastic estimator). Equivalently, substituting Eq. [5|into Eq. |§| gives
the explicit form

po(zy | ¥y, ¢)

Pref(z” | x;ﬂ_l,c)
l l

— Blog po(xy | @iy1,0) )]

pref(xé | xé«}l’ C)

Lpiffusion-DPO = — E[log 0(5 log
(7)

Under common parameterizations, Eq. [§]reduces to simple residual comparisons.
For DDPM-style Gaussians [11},35|, writing ég = €g(z¢y1,¢,t) for the predicted
noise, éref = €ref(Ti41,¢,t) for the reference noise and € for the ground-truth
noise that forms ¢, the log-ratio can be expressed as:

Po (Tt | Tey1,0) 1

log -5
prcf(l’t | Tt41, C) 2

ép — eHi—&—%| Eref — eHi—i—const, (8)

and an analogous expression holds for velocity or flow-matching parameteriza-
tions by replacing the noise residual with the corresponding target [25]. For
notational brevity, we write the stepwise contrastive objective as L(zy1,¢,t) =
Lleo(zit1,e,t) — €l|3 — Sllevet(@eq1, ¢, t) — €]|3. Hence, the winner and loser mar-
gin loss are defined as £ = L(z{,¢,t) and L' = L(z},,,c,t), respectively.
Substituting Eq. [§ into Eq. [7] gives the training loss

ﬁDiffusion—DPO = _]Et,e,c,zow,z(l) |:10g J(_ﬁ(’cw - Cl)>:| ’ (9)
where D = {(c,z¥,x})} denotes the DPO training dataset.
Limitations of Standard DPO. Substituting Eq. [§] into Eq. [7] yields an imple-

mentable objective whose inner term is the per-step error difference between
winner and loser branches. Diffusion-DPO [38] thus encourages decreasing the
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winner’s prediction error while increasing the loser’s at the same timestep. How-
ever, this objective does not guarantee a monotonic decrease of the winner loss.
Empirically, over-penalizing the loser can also worsen the preferred sample. In
the left part of Fig. |1, the margin £ — £! becomes increasingly negative, yet
both £¥ and £! increase, indicating degradation of absolute performance and
potential instability or collapse. This exposes a gap between relative alignment
(widening the margin) and absolute error control (preserving the preferred sam-
ple). The difficulty is that the winner and loser gradients are misaligned and
vary across timesteps. We therefore introduce a simple stepwise update that, to
first order, guarantees the preferred loss does not increase at each step while still
promoting margin expansion.

4 Method: Diffusion-SDPO (Safe DPO)

We propose Diffusion-SDPO, a novel preference optimization scheme that adds
a safety guard to the DPO update. The method adaptively scales the influence
of the loser branch by a time-dependent factor A; so that the preferred sample’s
loss £* does not increase after each parameter update. In practice, we follow
the standard Diffusion-DPO pipeline: given a prompt ¢ and a pair (z¥,)), we
compute the per-sample losses £ and £' at the same diffusion time ¢, and then
modify the backpropagated update by multiplying the loser-branch gradient by
the safety factor to enforce a safe update condition. This directly addresses the
limitation discussed above, because preventing any increase in the preferred loss
ensures that preference-driven updates do not degrade the preferred output while
still improving the preference margin.

4.1 Safe Update via First-Order Approximation

Our objective is to ensure that a gradient update driven by the preference loss
(cf. Eq. @ does not increase the winner’s loss. For clarity of exposition, consider
a linearized preference objective combining the two branchesﬂ

LPeE0) = £Y(0) — X - L£Y(9), (10)

where A > 0 is a scalar that adjusts the relative weight on the loser’s loss. Setting
A = 1 recovers the intuitive gradient direction of standard DPO (decrease LY,
increase £!), while A > 1 would place even more emphasis on penalizing the
loser. Our goal is to find an upper bound on A that guarantees £“ will not
increase for an infinitesimal gradient step on £P*ef,

Let VoL" and VyL! denote the gradients of the winner and loser losses,
respectively. A gradient descent step of size n on Eq. [I0] gives the parameter

® In practice, the actual Diffusion-DPO gradient (Eq. @ includes a logistic scaling
factor o(-) that multiplies the winner and loser gradients equally, thus not altering
the update direction. We therefore analyze the simpler weighted difference objective
that captures the same first-order direction.
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update:
49 =~ VoL = —n(VpL" — AVpL!). (11)

The first-order change in the winner’s loss can be approximated by a Taylor
expansion:

AEUJ’N"VQ,CUJTAQ =7 (Hvec’w ||§ _)‘VG‘C“’TVQ,CZ) ) (12)

To prevent increase in £L¥, we require ALY < 0, i.e., VoL¥ T A0 < 0. Ignoring
the trivial positive factor 7, the safety condition becomes:

IVaL¥||2 — AVo LY VoLl > 0. (13)
Solving for A yields a bound on the allowable loser weight:
w (|2
Vo Lw V@El

Notably, if the dot product VoL VoLl is negative or zero, then Eq. is
automatically satisfied for any A > 0. In those cases, the update is intrinsically
safe: the loser branch either helps reduce L% or affects orthogonal parameter
directions. The problematic scenario is when Vg L¥» VoLl > 0, i.e., the loser’s
gradient has a component that would raise the winner’s loss. Eq. [[4] then yields
a finite positive A threshold. Any choice of A above this threshold would violate
the safety inequality, leading to ALY > 0 to first order. Conversely, choosing A
at or below this threshold ensures ALY =~ 0 or negative, guaranteeing that the
winner’s loss does not increase.

4.2 Closed-Form Safeguard in Output Space

Directly evaluating the parameter-space bound in Eq.[I4]is infeasible for a high-
dimensional model, since it would require computing and storing the full gradi-
ents VoL" and VoL just to take their dot product. However, we can derive a
convenient proxy by considering gradients in the model’s output space. Modern
diffusion models predict a noise or image tensor as output, and the training loss
(e.g., a denoising score-matching loss |11]) is defined on this output. Let 0% and o'
denote the model’s output activations for the winner and loser branches respec-
tively (for example, o could be the predicted noise residual at a certain diffusion
step). Using the chain rule, we have VyL% = JUTV, LY and VgLl = JITVOEZ,
where J is the Jacobian do/06 and V,L is the gradient of the loss with respect
to the model output. Let g% = V,£* and ¢! = V,L£! denote the output-space
gradients for the winner and the loser. Eq. [[4] can then be written as:

Vool ¢TI )g"

A< = 15
>~ VQEUJTVGICI ng(JleT)gl ( )
T
lo® |3 g "(7 7 )g" fg" (1" T )g"
T gwT gl w]|2 wT gl ' (16)
9°"'g lg*1I3 9°'g

p
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Algorithm 1: Training of Diffusion-SDPO.

Input: Dataset D = {(c, zy, mé)}, model €p; reference e,of; safety slack
e [0,1]; schedule length T'; learning rate 7.

while not converged do

1. Sample ¢ ~ Uniform{0,...,T — 1},¢ ~ N(0,1), (¢, 2§, z}) ~ D.

2. Get (1, 2L, ) from Eq.[2|and compute

€g’ - 69($;U+1, C, t)a €le = €9 (xi+17 c, t)7

Erot = Eref(Tii1, 00 t), Ehor = €ret(Thiy, ¢ ).

3. Get per-branch residual objectives:

LY=L —el3 — 3lée — el3,

£ =3l — ellz — l1ére — ell3.
4. Compute Asafe using Eq. Asafe = (1 — ;L)ngHi/g“’Tgl.
5. Scale only loser gradients: £lieq = Lhotaen + Asate (ﬁl — [,flem(‘,h)f.
6. Build loss using Eq. @ Lopo = —logo (—B(LY — Llcatea))-
| 7. Update 0 < 0 — n Vg Lppo.
Output: Finetuned model ¢g.
1 Ll aen is a copy of £! without gradient flow.

The factor p in Eq.[16|encodes local Jacobian geometry. Estimating p during
training requires parameter—space backpropagation and adds memory usage or
wall—clock time (cf. Table|5)). To keep the update lightweight, we do not track p
explicitly. Instead, we absorb it into a scalar safety slack p € [0, 1] that contracts
the proxy in a controlled way:

(- llg"13

)\safe = gv Tgl

(17)

This removes any dependence on parameter—space Jacobians and uses only the
output-space gradients ¢* and ¢' that are already computed for the loss, so
the additional cost is negligible. The slack p serves as a robust guardrail under
arbitrary local geometry. Larger u yields a more conservative scaling of the loser
branch; smaller p recovers a more aggressive update. In practice, we find a fixed
u works well (see Sec. for ablation on ), and for an appropriate choice of
1, the output-space scheme yields Agafe trajectories that closely match those
obtained from parameter-space gradients (cf. Fig. .

During training, we clip Asage to [0,1] for stability (if g*"g* < 0, we set
Asafe = 1). Whenever the loser’s error vector has a positive correlation with the
winner’s error vector (g g! > 0), Asate provides a finite limit to how strongly
we can apply the loser’s gradient without risking an increase in the winner’s loss.
For the logistic DPO objective, we implement this by scaling the backpropagated
loser gradient with Agafe. Algorithm |1 summarizes the procedure to integrate
SDPO into Diffusion-DPO. For other methods, Agafe is similarly used to scale
the loser branch.
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Table 1: Reward score comparison on the HPS V2 with SD 1.5. Rows labeled “+
SDPO” report the performance obtained by applying our SDPO to the corresponding
base method in the preceding row. T: results from our implementation due to the lack
of official code. Best results are in bold. Owing to space constraints, the full table is
provided in the appendix.

Method [PickScore(1) HPS(T) Aes.(f) CLIP(1) IR(?1)
SD 1.5 0.2088 0.2697 5.4933 0.3480 -0.0469
SFT 0.2168 0.2838 5.7851 0.3591 0.6619
Diff -KTO 0.2164 0.2766 5.6288 0.3420 0.5593
MaPOf 0.2124 0.2760 5.6890 0.3528 0.3308
DPOPf 0.2144 0.2780 5.7071 0.3563 0.3735
Diff-DPO | ~ 0.2131 = 0.2743  5.6639  0.3552  0.1705

+ SDPO 0.2174 0.2827 5.8744 0.3600 0.6211
DSPO = | 0.2168 = 0.2837  5.8346  0.3598  0.6483

+ SDPO 0.2172 0.2847 5.8474 0.3586 0.6578
DMPOT | 02131 © 02766  5.6538  0.3551  0.3171

+ SDPO 0.2182 0.2848 5.8574 0.3612 0.7061

5 Experiments

5.1 Experimental Setting

Datasets and Models. Following |21}/48|, we finetune Stable Diffusion 1.5 (SD
1.5) and SDXL on preference pairs from the Pick-a-Pic V2 (Pick V2) [18] train-
ing set. For evaluation, we use test prompts from Pick V2, HPS V2 [41], and
PartiPrompts [46]. Beyond these SD-based backbones, we further study the scal-
ability of our method with respect to both model capacity and preference data
volume by extending experiments to two larger DiT-style generators. First, we
consider Ovis-U1 [39], a 3.6B unified DiT [27] model that supports both text-to-
image synthesis and image editing. Second, to validate generality on a substan-
tially larger model, we apply our approach to FLUX.1-dev [19], a 12B rectified-
flow DiT [27] model for text-to-image generation. For this setting, we build an
in-house preference dataset of 186K high-quality DPO examples spanning diverse
domains.

Training Details and Baselines. We integrate SDPO into Diffusion-DPO |38§],
DSPO [48|, and DMPO |21] implementations and keep their official hyperpa-
rameters. All models are finetuned for 2000 steps with a global batch size of
2048. The learning rate is 1 x 1078 for SD 1.5 and 1 x 10~? for SDXL. For
the safeguard coefficient g, on SD 1.5 we set 0.9 for Diffusion-DPO-+SDPO
and DMPO+SDPO, 0.2 for DSPO+SDPO. On SDXL, p is fixed as 0.6 for
all variants. We compare against several baselines: the original pretrained SD
1.5 and SDXL, supervised finetuning (SFT), Diffusion-KTO [22|, MaPO [13],
DPOP |26], and original Diffusion-DPO, DSPO, DMPO. For FLUX.1-dev, we
train at 1024 x 1024 resolution with a global batch size of 512 and a learning
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Table 2: Average win rate comparison (%) over the HPS V2 using SD 1.5. Each
row reports Model 1 vs. Model 2 on identical prompts. The upper block summarizes
SDPO augmentation results (base + SDPO vs. base), and the lower block compares
each model against SD 1.5. Values > 50% indicate that Model 1 generally outperforms
Model 2.

Model 1 [Model 2 [PickScore HPS Aes. CLIP IR Mean
SDPO augmentation effect (base+SDPO wvs base)

Diff. -DPO+ SDPO|Diff.-DPO 66.12 78.62 70.62 52.50 71.62 67.90
DSPO + SDPO|DSPO 52.62 53.00 53.25 48.50 52.38 51.95
DMPO + SDPO|DMPO 73.50 79.25 67.12 53.12 71.50 68.90
Versus SD 1.5

Diff.-DPO SD 1.5 76.38 69.50 66.88 57.50 63.50 66.75
Diff.-DPO+ SDPO|SD 1.5 80.75 86.25 83.38 56.88 79.25 77.30
DSPO SD 1.5 78.38 86.00 78.75 58.88 79.75 76.35
DSPO + SDPO|SD 1.5 81.75  89.75 79.12 56.75 80.12 77.50
DMPO SD 1.5 68.50 74.50 68.38 53.00 69.88 66.85
DMPO + SDPO|SD 1.5 82.25 88.12 79.25 58.38 81.75 77.95

Table 3: Comparison of Ovis-Ul [39] variants on preference, structured alignment,
and image editing benchmarks. Higher is better for all metrics.

Model Preference Eval|Structured Alignment| Image Editing
CLIP HPS V2 |GenEval DPG-Bench |ImgEdit GEdit-EN
Ovis-Ul 0.3188  0.2986 0.89 83.72 4.00 6.42
Ovis-Ul + DPO |0.3192 0.2997 0.88 83.78 4.01 6.43
Ovis-Ul + SDPO|0.3201 0.3082 0.91 84.84 4.11 6.60

rate of 1 x 107°. For SDPO, we use a slack of ;1 = 0.99, which empirically yields
effective safe scaling coefficients Agare &= 0.1 at typical training steps.

Evaluation. We evaluate models on automatic preference metrics, including
PickScore [18], HPS V2 [41], LAION Aesthetic Classifier [33], CLIP [29] and Im-
ageReward [43] (IR) scores. Sampling uses a guidance scale of 7.5 and 50 denois-
ing steps. For Ovis-Ul and FLUX.1-dev, we further probe structured text-image
alignment using GenEval |9] and DPG-Bench [14]. Since Ovis-U1 also supports
editing, we additionally benchmark image-editing quality on ImgEdit [45] and
GEdit-EN [24].

5.2 Main Results

Table [1] shows that adding SDPO to Diffusion-DPO, DSPO, and DMPO con-
sistently improves automatic reward metrics under SD 1.5, with DMPO-+SDPO
typically achieving the best overall scores. Win-rate results on SD 1.5 (Table
further confirm that each base method benefits from SDPO and that SDPO vari-
ants also outperform the SD 1.5 baseline, indicating stronger preference align-
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Table 4: Full reward and structured alignment results for FLUX.1-dev. The row
marked with § corresponds to Diff.-DPO trained with a 0.01x learning rate. Higher is
better for all metrics.

Method PickScore HPS Aes. CLIP IR |GenEval DPG
FLUX.1-dev 0.2252 0.2889 6.0735 0.3498 0.9916 0.66 85.75
Diff.-DPO 0.1998 0.2467 5.2857 0.2573 -0.7788 0.23 58.97
Diff.-DPO? 0.2253 0.2881 6.0701 0.3501 0.9938 0.66 85.78
Diff -DPO + SDPO| 0.2314 0.2991 6.1910 0.3566 1.1108| 0.71 86.36

ment without sacrificing quality. On SDXL, the gains are moderate yet consistent
(see Appendix), suggesting reliable scaling to larger UNet |32] backbones.

Table 5: Ablation results for winner-preserving rules on SD 1.5 (prompts: HPS V2).
We report PickScore/HPS V2, one-step training Time (s) and peak GPU memory (GB)
on a single NVIDIA A100 with batch size 16 and 128 gradient accumulation steps in
BF16. *: fixed Asate in SDPO. i Agate computed with parameter-space gradients.

Method PickScore (1)HPS (1)[Time (/) GPU Mem. (])
MaPO 0.2124 0.2760 162 53.8
DPOP 0.2144 0.2780 187 58.5
Diff.-DPO 0.2131 0.2743 183 57.0
Diff-DPO-+SDPO* 0.2158 0.2803 183 57.0
Diff.-DPO-+SDPO’ 0.2176 0.2828 314 63.3
Diff.-DPO-+SDPO 0.2174 0.2827 184 57.1

On the unified Ovis-U1 model (Table 7 SDPO yields clear improvements in
preference metrics and editing scores, demonstrating effectiveness on a DiT back-
bone that supports both text-to-image generation and image editing. While naive
Diffusion-DPO can enlarge preference margins at the expense of fidelity, our safe-
guarded integrations preserve details and improve prompt adherence across di-
verse prompts. Visual comparisons (cf. Appendix) align with these quantitative
trends, indicating that SDPO stabilizes optimization and enhances perceptual
quality.

Furthermore, results on FLUX.1-dev (Table [4)) reveals a clear three-regime
behavior. At the default learning rate (1 x 107°), naive Diffusion-DPO catas-
trophically degrades the model: all five reward metrics drop, and both GenEval
and DPG-Bench scores collapse, suggesting that aggressively enlarging the pref-
erence margin without safeguarding the winner branch can push parameters far
outside the pretrained basin. When reducing the learning rate by 0.01 (Diff.-
DPO$% with 1 x 1077), the collapse disappears and metrics revert to near the
base FLUX.1-dev level, indicating an overly conservative regime with little ef-
fective learning. In contrast, Diff.-DPO + SDPO improves over the base model
on all reported metrics while keeping the original high learning rate: PickScore,
HPS V2, Aesthetics, CLIP, and ImageReward all increase, while GenEval and
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Fig. 2: Training dynamics of Asate on SD 1.5 (left) and Ovis-U1 (right) with two com-
putation schemes (using output-space gradients vs. parameter-space gradients). The
trajectories closely match throughout training, and the output-space variant requires
substantially less computation while maintaining comparable aesthetic rewards (see
Table 5)).

DPG-Bench rise in tandem. Taken together, these improvements suggest that
SDPO provides stable preference optimization on high-capacity rectified-flow
backbones and, crucially, translates those gains into both better perceptual qual-
ity and stronger structured text-image alignment.

5.3 Ablation Study

Modular Ablation & Computational Cost. Table 5| compares winner preserving
strategies when embedded into MaPO, DPOP, and Diffusion-DPO. MaPO ap-
plies a fixed winner weight and removes the reference model, which weakens cal-
ibration of absolute error though it requires less computation and GPU memory.
DPOP protects the winner through thresholded update filtering, but this rule
was designed for autoregressive language models and does not fully match diffu-
sion training dynamics. Our SDPO preserves the winner by rescaling the loser
update with a safeguard coefficient g ze selected in the output space according
to directional alignment. A fixed Agafe—that is, holding Agage constant through-
out training (see Table |5 row 4)—already improves over MaPO and DPOP
on PickScore and HPS, whereas allowing Asafe to adapt during training yields
further gains. These improvements support the hypothesis that output—space
selection of Agafe stabilizes the winner while maintaining pressure to enlarge the
preference margin.

Fig. [2| compares two mechanisms for computing the dynamic Agafe: using
output-space gradients and using parameter-space gradients. The output-space
trajectory closely matches the parameter-space trajectory in both level and
trend, indicating similar effectiveness. Because it reuses signals from the stan-
dard backward pass and only performs lightweight reductions, the output-space
variant adds essentially no runtime or memory overhead relative to the Diffusion-
DPO baseline. In contrast, as shown in Table[5] computing Asase from parameter-
space gradients requires extra vector-Jacobian products and temporary buffers
for per-parameter inner products, increasing training time by about 72% and
peak memory by about 11%.
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Fig. 3: Training dynamics across three objectives with and without SDPO on SD 1.5.

Note that the two curves in Fig. [2] use different values of i, which indicates
that by adjusting u, the output-space scheme can approximate the behavior of
parameter-space estimation. Although computing Ag.fe in the output space is
an approximation, our empirical results show that proper tuning of p effectively
compensates for this mismatch, allowing the scaled gradients to closely match
the parameter-space formulation while retaining the same training efficiency.

Why does SDPO generalize across DPO variants? Fig. [B] contrasts the training
dynamics of Diff.-DPO, DSPO, and DMPO with or without SDPO. Without
SDPO, L% — L' decreases as expected, whereas £ remains nondecreasing and
drifts upward in Diff-DPO and DMPO, indicating unstable optimization. With
SDPO, L* drops early and remains low, £! declines smoothly without over-
shoot, and L£¥ — L! decreases steadily to a plateau. For DSPO, which already
regularizes branch imbalance via its score preference objective and progressively
increases the weight on the winner branch, adding SDPO causes no degradation
and typically yields slightly improved reward results (cf. Table .

We observe a shared qualitative profile across the three SDPO-augmented
settings: after basic rescaling, trajectories from different objectives largely over-
lap. £* follows a monotone, fast-then-slow descent, £! descends smoothly, and
their gap grows in a stable manner across timesteps. This empirical regularity
suggests that SDPO successfully corrects harmful update directions and magni-
tudes by acting on gradient geometry, thereby normalizing training dynamics.

Sensitivity of Hyperparameters. We plot a figure to analyze the sensitivity to
the safeguard slack p in the Appendix. Overall, i exhibits broad, gently con-
vex optima rather than requiring sharp tuning: both HPS V2 and PickScore
remain close to their best values across wide intervals, suggesting that SDPO
is governed primarily by gradient—alignment geometry in output space rather
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than the specific loss form. On SDXL, all SDPO-augmented objectives maintain
near—optimal performance over a wide range centered around p ~ 0.6, consistent
with a smoother, higher-capacity optimization landscape.

On SD 1.5, the more aggressive baselines (Diffusion-DPO and DMPO) benefit
from a larger slack p, which further contracts the loser contribution whenever
its direction conflicts with the winner. In contrast, DSPO already progressively
assigns greater weight to the winner branch during training, so a smaller slack
is sufficient. Practically, i can be chosen via an early-phase heuristic: increase
w if the winner loss £% drifts upward or oscillates; decrease p in small steps if
the preference margin stalls despite a stable £*. Following this rule of thumb,
we adopt a single default on SDXL (u = 0.6 for all objectives) and two defaults
on SD 1.5 (= 0.9 for Diffusion-DPO and DMPO; p = 0.2 for DSPO).

SDPO preserves gains with longer
training. We further examine whether

R K . -<-- Diff.-DPO (HPS V2) Diff.-DPO (PickScore)
the safeguarding mechanism remains —e— +SDPO (HPS V2) +SDPO (PickScore)
effective under extended training ——t——
(Fig. [4). The baseline exhibits a non- 0975 /—_('
monotonic trajectory: both HPS V2 £

. . 2]
and PickScore increase early, then £
. . 0.270
plateau or decline as training pro- D S o
ceeds. In contrast, augmenting Diffusion- -3
. . ; 1000 2000 3000 4000
DPO with SDPO yields continued Training Step

gains that stabilize at a higher level,

widening the gap over the baseline Fig.4: Comparison of Diffusion-DPO with
as steps increase. Qualitative exam- and without SDPO under longer training
ples in Fig. [T corroborate this trend: on SD 1.5 (Test prompts: Pick V2).
baseline generations develop satura-

tion and texture artifacts under pro-

longed training, whereas SDPO maintains crisp structure and consistent style.
Overall, SDPO sustains improvements in preference metrics without sacrificing
perceptual quality during longer training. This follows from its winner-preserving
constraint, which limits the influence of loser-branch gradients and ensures that
the winner loss does not increase.

6 Conclusions and Limitations

In this paper, we presented Diffusion-SDPO, a safeguarded preference optimiza-
tion scheme that stabilizes DPO-style diffusion finetuning by preserving the pre-
ferred branch while improving preference matching. The method scales the loser
gradient by its alignment with the winner and guarantees, to first order, that
the winner’s reconstruction loss does not increase. Across SD 1.5, SDXL (UNet),
and Ovis-Ul, FLUX.1-dev (DiT), our method yields consistent improvements on
automated preference, aesthetic, and prompt-alignment metrics with negligible
computational overhead, while remaining model-agnostic, straightforward to im-
plement, and applicable to multiple DPO variants.
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However, the safeguard is derived from a first-order approximation, and its

validity weakens when the loss landscape exhibits strong curvature. Moreover,
the coefficient p (cf. Eq. used to estimate gradient alignment can be noisy
or biased, which leads to imperfect scaling of loser gradients. Nevertheless, our
empirical results indicate that with a suitably chosen pu, this estimation is ac-
curate enough in practice and the safeguard behaves as intended. Future work
includes developing second-order or trust-region safeguards to maintain robust
winner preservation under diverse training dynamics.
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