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The key theorem shows the equivalence of DI* loss and

general score-divergence (refer to Score Implicit Matching):
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s E1 e 1 : 1 . = 2 Theorem 3.1. Under mild assumptions, if we take the
Weijian Luo* ' Colin Zhang ' Debing Zhang ' Zhengyang Geng A sampling distribution in (3.2) as 7, = puge|.¢- then the gra-
] dient of (3.3) w.r.t 8 is the same as (3.4):

DI*-SDXL-1step (2.6B)

FLUX-Dev-50step (12B)

SD3.5-large-28step (8B)

One-step Diffusion Model?
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—Lorig(0) = —=Lpr.(0).
Since the pioneering work of Diff-Instruct, one-step a6™~¢ () a6~ "" ©)

generative models map latent noises directly to data samples
in a single forward pass; making them preferred with very
strong performance and efficiency;

Table 3: Quantitative evaluations of models on HPSv2.1 scores. We compare open-sourced models regardless of their base
model and architecture. t indicates our implementation.

Algorithm 1: Diff-Instruct* Pseudo Code.

Input: prompt dataset C, generator gy(|2, ¢), prior distribution p., reward model r(z, ¢), reward model scale a,...,,.
CFG reward scale a7, reference diffusion model s, (a;|c, c)., assistant diffusion s, (2,|t, ¢), forward
diffusion p(ax¢|20) (2.1), assistant diffusion updates rounds K74, time distribution (¢), diffusion model
weighting A(t), generator IKL loss weighting w(t).

while not converge do

freeze 6, update 1 for K4 rounds by

1. sample prompt ¢ ~ C; sample time ¢ ~ 7(t); sample z ~ p-(z):

2. generate fake data: o = sg|gs(2, ¢)]; sample noisy data: @; ~ p;(@:[wo);

3. update ¢ by minimizing loss: £(1)) = A(t)[|sy(2,|t, ) — Vg, log py(2¢|20)||3:
freeze 1, update 6 using SGD:

1. sample prompt ¢ ~ C; sample time ¢ ~ 7(t); sample z ~ p.(z):

2. generate fake data: g = go(2, ¢); sample noisy data: x; ~ p;(@;|xo);

3. explicit reward: L,ey(0) = —rewr(To, €);

4. CFG reward: L.q(0) = acsy - w(t){sres (sg[ze]|t. €) — sT,,(s.g[z,]\LZ)}Ta:r;

6. update 6 by minimizing DI* 10ss: Lp1.(0) = Lyew(0) + Lefg(0) + Lycg(0)s

end
return 0, .

5. score-regularization: £,.(8) = —w(t){d(sy(@:lt, ) — spep(@elt, )} {su(@ilt, e) — Va, log pe(@ilo) }5

MODEL ANIMATIONT CONCEPT-ARTT PAINTINGT PHOTOT AVERAGE?T
; — '} 508TEP-SDXL-BASE(PODELL ET AL., 2023) 30.85 29.30 28.98 27.05 29.05
Er::ftrailn T:::ge: II' = Collect Human ‘ l' 508TEP-SDXL-DPO(WALLACE ET AL.. 2024) 32.01 30.75 30.70 28.24 30.42
HSON MOCe Feedback Data Use teacher, TA, 2887TEP-SD3.5-LARGE 31.89 30.19 30.39 28.01 30.12
Image-Caption Data \ and the reward ks 50STEP-FLUX-DEV 32.09 30.44 31.17 29.00 30.70

— - to align 1-step

1-step Distillation Reward Modeling student model. 1STEP-DMD2-SDXL(YIN ET AL., 2024) 20.72 27.96 27.64 26.55 27.97
Distill to get 1-step Student Train Human Reward (Diff-Instruct+) .' lS:I‘I%P-D!FF-INSTRU(‘T’-S?XL(LUO ET AL., 2024B) E§1.15 29.71 29.72 28.20 29.70
Model (with Diff-Instruct family . & || Model with Human s 1§1EP-SIM-SDXL(Lo £ AL, 20240) 3197 30.46 30.13 28.08 30.16
& viber distilation metiods) Feadback Data 1STEP-DL++-SDXL(LUO, 2024) 31.19 29.88 29.61 28.21 29.72
§ 1STEP-DI*-SDXL(OURS) 32.26 30.57 30.10 27.95 30.22
Stage 3: Post-training 1S1EP-DI*-SDXL(OURS, LONGER TRAINING) 33.22 31.67 31.25 28.62 31.19
Stage 1: Pre-training Stage 2: Reward Modeling (Preference Alignment) 1S7EP-DI*-SDXL-DDPO(OURS, LONGER TRAINING) 33.92 32.80 32.71 29.62 32.26

The life of a one-step diffusion model.
Problem formulation:
g = argg'in Ewo~pa(mo|c){ [—ar(zo. )] + D(Psapref)} (3.1

DI+-SDXL-1step (Longer Training) DI++-SDXL-1step

Diff-Instruct-SDXL-1step

SIM-SDXL-1step
<

Eorig(g} =E zmp(z, ) [_ C!T(:E(),(‘.)l +D[0:T](p91pref) (33)
zo=gg(=z.c

If we take the Scoye-based divergence as the proximal regularization:

DO (pg, preg) = w(t)Er,d(8p,, — 8¢, )dt. (3.2)

We can practical )Pminimize the learning objective with:

Z~pPz,
xzo=gg(2z

T ; m
t=0 ~p¢ (2 |eg)

{Spsg[el,t (x¢) — Vg, logp: (mt\mo)}dt]_

| -orteao

Prompt: art collection style and fashion shoot, in the style of made of glass, dark blue and light pink, paul rand, solarpunk, camille vivier, -

With yt = spsg[ii],t (mt) - Sqt (mt’)'



