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Figure 3. (Top) DPO-SDXL significantly outperforms SD X1 in human evaluation. (L) PartiPrompts and (R) HPSv2 benchmark results
Figure 1. We develop Diffusion-DPO, a method based on Direct Preference Optimization (DPO) [33] for aligning diffusion models to across three evaluation questions, majority vote of 5 labelers. (Bottom) Qualitative comparisons between SDXL and DPO-SDXL. DPO-
human preferences by directly optimizing the model on user feedback data. After fine-tuning on the state-of-the-art SDXL-1.0 model, our SDXL d d followi d li DPO-SDXL be liened with h theti £
method produces images with exceptionally high visual appeal and text alignment, samples above. s e'}mnsu'ates sup.eljlor prompt:10| ow.mg anc.rea’ism. o outputs:are better a gn? Wi uman {ies etic Pfe erences;
favoring high contrast, vivid colors, fine detail, and focused composition. They also capture fine-grained textual details more faithfully.
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 RL: DPOK [Fanetal. 2023], DDPO [Black et al. 2024]

e SFT: DPO [Wallace et al. 2023], DRaFT [Clark et al. 2024]

Images from pre-trained model

(a) Supervised fine-tuning (b) RL fine-tuning

Figure 1: Illustration of (a) reward-weighted supervised fine-tuning and (b) RL fine-tuning. Both
start with the same pre-trained model (the blue rectangle). In supervised fine-tuning, the model is
updated on a fixed dataset generated by the pre-trained model. In contrast, the model is updated using
new samples from the previously trained model during online RL fine-tuning.
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 Classifier guidance [Dhariwal et al. 2021]

« DOODL [Wallace et al. 2023]
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Figure 1: We propose DOODL - a process that directly optimizes diffusion latents w.r.t. a model-based loss on the final
generation. Our method improves on vanilla classifier guidance in all tested settings and we demonstrate capabilities novel
to this class of methods such as vocabulary expansion, entity personalization, and perceived aesthetic value improvement.
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Figure 3: Method diagrams. A Standard classifier guidance: at each timestep, £, a one-step denoising approximation of zg
is computed and the loss is calculated w.r.t the pixels of this generation. The gradient of this loss is incorporated into the
subsequent diffusion step. B EDICT [45], an invertible variant of the diffusion process which admits backpropagation through
the entire chain with no additional memory cost. C DOODL, our proposed method. We leverage EDICT and demonstrate
that the gradients of model losses computed w.r.t. the final generation can be used to optimize the fully noised x7 directly.
indicates a gradient calculation from a differentiable model-based loss with networks employed in this work displayed.
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Figure 1: Illustration of Demon. Given a reverse-time SDE for denoising and an interval [tiax, tmin,
we first discretize it into 7" steps, tmax > -+ >t >t — A > -+ > t,n. At every reverse-time
denoising step, from ¢ to t — A, we synthesize an “optimal” noise z* from K i.i.d. noises w.r.t a
given reward source and use z* to seed the step. This enables guiding the denoising process towards
generating images that are more aligned with the reward source and the preference that the reward
source represents. More details are presented in Section
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Figure 2: The illustration of the proximity between the rz and r o c. In this figure, the 3 is nonzero
and r is near harmonic (i.e., V2r = 0.). The red points indicate i.i.d. SDE samples and the purple
ODE approximation of x;. The green line indicates the expectation of the rewards of the SDE samples

(e.g., an approximate estimation, + E:‘L=1 r(x,(;,i))).
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Figure 3: An illustration of the Tanh Demon sampling method where K = 4. (a) A SDE step bk — .
generates several samples, each determined by sampled noise z;. We use Tanh Demon to classify ZH ro ﬂ(i{ k} ) / T
each noise sample as “low-reward” or “high-reward” w.r.t rg(z,) based on their respective reward k=1 exp t—A
estimates. (b) We flip the sign of the low-reward noise with tanh, thereby transforming it into

high-reward noise. (c) It shows how the post-processed noises are averaged and projected onto the
high-dimensional sphere, resulting in a feasible noise representation z* with high-reward estimate.
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Figure 1: Illustration of Demon. Given a reverse-time SDE for denoising and an interval [tmax, tmin],
we first discretize it into 7" steps, tpax > -+ >t >t — A > -+ > t,;,. At every reverse-time
denoising step, from ¢ to t — A, we synthesize an “optimal” noise z* from K i.i.d. noises w.r.t a
given reward source and use z* to seed the step. This enables guiding the denoising process towards
generating images that are more aligned with the reward source and the preference that the reward
source represents. More details are presented in Section
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Table 3: Results using various reward functions and different generation methods. Each column
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represents a specific reward objective, with the best performance highlighted in bold.

Generation method Aes T IR 1 Pick 1 HPSv2 1

SDvl1.4 534+ 056 -0.004+0.95 0.202+0.008 0.216 4+ 0.036
Tanh + Aes 735+ 040 -0.03+124 0.2114+0.010 0.257+0.041
Tanh + IR 5906+ 028 1.95+0.07 0.216+0.012 0.286 4+ 0.033
Tanh + Pick 6.14 £ 048 1.394+0.57 0.245+£0.010 0.312 4+ 0.033
Tanh + HPSv2 5084045 1514063 0.228+0.011 0.367 + 0.027
Tanh + Ensemble 6.53 050 1.81+0.15 0.236£0.014 0.356 4+ 0.030
DOODL + Aes 559+ 029 -0.684+1.06 0.197+0.008 0.221 4+ 0.028
DOODL + Pick 521+046 -0.124+0.84 0.204 £0.010 0.220 4 0.035
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i "a‘% The following are the full prompts for the scenarios:

1. Teacher: You are a teacher looking to create custom illustrations for your educational
materials to make learning more engaging for your students.

2. Artist: You are a game or movie concept artist tasked with creating concept art for characters,

/ \ Lk ~ —:l:{ﬂﬂ — /r > S I\ settings, and scenes to speed up the pre-production process.
° 5( Z | BE 73\ = 7 % )( 2 g peed up the pre-p p

3. Researcher: You are a researcher needing to visualize complex data, such as molecular
structures in chemistry or weather patterns in meteorology, for better understanding or
presentation.

e VL M (G Oog | e G em | n | / G PT[|. TU I’bO) C: ’ % \\/ ﬂ_ U j_ 4. Journalist: You are a journalist who wants to add a visual teaser for your article to grab

attention on social media or your news website.

(E J:) L J: 7 7:—3\ E }ﬁ 7& 55 j:\\'t_,— % *L % E Table 5: Using VLMs to generate images. PF-ODE (baseline) refers to a baseline without using our
method for alignment. Columns 3-6 indicate the role that the agent plays in the given prompt.
E‘EIZ ,fafl % 'T/IE }ﬁ Model Baseline Teacher Artist Researcher Journalist
- BIRENTBEBIE+5, T hLUBE— '
« T5HE, FIUAFITHE>TWIHERZERTE
52 ED, EMERICHEZRE I N
« —73, DOODL®D X 7 735617 Dtest-timeEF
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(b) (Top Left) Image generated by PF-ODE (0.622 cosine

(a) Our user interface for interacting with our similarity). (Bottom Left) Image generated by our method
algorithm (0.594 cosine similarity). (0.708 cosine similarity). (Right) Reference image.

Figure 5: We design an application for manual interaction with our algorithm. Our author selects
the images, and the criteria are based on the author’s preference (non-preferred images are kept
unselected), where the author tries to align the reference image. We evaluate performance by
measuring the cosine similarity of DINOv2 features between the targeted and reference images.
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Figure 7: Quantitative results for Tanh Demon.
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