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Abstract

The abundance of pre-trained diffusion models
provides an opportunity for composition. Com-
bining several models, however, runs the risk
of one model dominating or models disagree-
ing with each other. Here, we propose Divide-
and-Denoise, a method for coordinating multi-
ple pre-trained diffusion models during sampling.
Much like managing a specialized workforce, our
method creates a fair but efficient division of la-
bor across models. Central to our method is the
notion of an allocation which defines the respon-
sibility of each model to every region of the noisy
sample. At every timestep, we then denoise by
(i) updating the allocation by solving a fair di-
vision game, where we divide the sample into
regions that maximize total utility under fairness
constraints, and (ii) aligning the models with this
allocation, where we guide each model to de-
noise within its assigned region. This leads to
a new composite denoising process that evolves
in tandem with a division process. We evaluate
Divide-and-Denoise on conditional image gener-
ation. Across several quality metrics, including
the GenEval benchmark, our method outperforms
baselines and resolves common failures includ-
ing missing objects and mismatched attributes.
Experiments show that Divide-and-Denoise uti-
lizes each model’s expertise without neglecting
any other model.

1. Introduction

Large-scale diffusion models are changing the game for
many disciplines. In robotics, models trained on expert
demonstrations can act as long-horizon planners in unseen
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environments (Xu et al., 2024; Chi et al., 2025; Ajay et al.,
2023; Pearce et al., 2023), while in biomedicine, models
trained on protein structures can propose candidate thera-
peutics (Jumper et al., 2021; Corso et al., 2023; Alamdari
et al., 2023). These advancements build on a substantial
body of work in computer vision, where diffusion models
were introduced (Song & Ermon, 2019; Ho et al., 2020a),
refined (Geng et al., 2024; Peebles & Xie, 2023; Nichol
et al., 2022; Saharia et al., 2022; Burgert et al., 2024), and
scaled (Rombach et al., 2022; Sehwag et al., 2025). How-
ever, training effective diffusion models demands signifi-
cant computational resources (Sehwag et al., 2025), carries
a large carbon footprint (Sehwag et al., 2025), and often
requires task-specific fine-tuning (Fan et al., 2023; Wallace
et al., 2024; Chen et al., 2024). Given these challenges,
there is a pressing need for effective model reuse, control,
and composition (Dhariwal & Nichol, 2021; Ho & Salimans,
2022).

Among the many available models, choosing which one to
use is not always obvious. A collection of models may even
be used together in order to generate data that no individual
model could generate alone. Consider, as a running example,
one model trained on images of dogs and another on cats.
A common approach is to define a composite distribution as
the product or mixture of the ’dog’ and ’cat’ densities (Liu
et al., 2022; Du et al., 2023). Other analytical operations
include the harmonic mean and contrast (Garipov et al.,
2023), as well as logical operations such as AND (Skreta
et al., 2025). Although these operations permit tractable
sampling, they are often too simple to preserve the charac-
teristics of each model’s distribution when there is conflict.
For instance, if models are trained on images of animals
appearing mainly in the center, sampling from their product
density typically produces incoherent, overlapping dogs and
cats.

Related Work. Recent work has explored composing text-
to-image diffusion models to improve spatial control (Bar-
Tal et al., 2023; Du et al., 2023). The typical strategy is
to have the user segment an image into spatial regions, as-
sign each region a text prompt (e.g., ’dog’ or ’cat’), and
then denoise each region with the corresponding model. Al-
though simple to implement, these techniques are restricted
to user-defined allocations. This kind of division of labor
between models is cumbersome to specify, infeasible to de-
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ne in many domains (e.g., manually partitioning proteins), T and the noise schedule to be varied while keeping the
and does not take into account the strengths or weaknesspee-trained model xed. In this framework, the noise level is
of each model. Bar-Tal et al. (2023) for example assumgarameterized by a scala? [0; 1] , where =1 recovers
models can faithfully follow the user-prescribed layout, anthe DDPM sampler and= 0 yields a fully deterministic
assumption that often fails and requires additional forms otrajectory.

guidance (Couairon et al., 2023; Manukyan et al., 2025).

Contributions. In order to address these shortcomings, we2'2' Diffusion Conditioning

propose Divide-and-Denoise: a game-theoretic frameworko generate samples with specic concepts, the score
for COOfdlnatlf?g' multlple pre—tralned 'd'lffusmn mOdE|S. In- St (Xt; ) used during Samp”ng is rep]aced by a surrogate
stead of requiring ground-truth partitions, we infer themfunctiongt (Xt;y; ) conditioned on a concept Classi er

online by requiring a division of labor among the models guidance (Dhariwal & Nichol, 2021) leverages
that is both fair and ef cient. Our method is fully compo-

sitional in the sense that models need not share weights, " x 109G (Xtjy) =1 xlogq(x¢) +r1 « loga(yjx 1)
architectures, or training datg, as I_ong as they operate ignd denesdi(Xiiy: )= s (X )+t logq(yix < ),
ggizreigltjsgr?sc%glg\t;e same dimension. We summarize OWherelog a(yjx ¢; ) is modeled by a pre-trained classi-

: erand! is a scaling factor. Alternatively, one can train

* An inference-time algorithm for coordinating multiple the diffusion model conditionally so that(x:;y; )
pre-trained diffusion models with dif‘fel’ing eXpeI’tise. ry |og q(x]y) . Both of these ideas are combined in a tech-

+ Coupled processes: (i) a division process which solvegique called classi er-free guidance (Ho & Salimans, 2022).

a fair division game for assigning regions to modelsit combines both unconditional and conditional scores to
and (ii) a composite denoising process which alignsge ne s (x;y; ) =s «(X¢; )*!(s «(X;y; ) s t(X¢; )):
each model with its assigned region.

. Two formulations of mode! 'utilities': a general deni- 5 3 Image Generation
tion applicable to any conditional diffusion model, and
a speci ¢ instantiation using attention maps for models Diffusion models for conditional image generation are
with cross-attention conditioning. trained on large datasells = fz;yg , wherez is a high-

« Empirical validation using GenEval (Ghosh et al.,resolution image ang is a label or a text prompt. In prac-
2023), CLIP-Score, VQAScore, and ImageRewardtice, images are encoded into compressed representations
metrics showing a team of single-concept models outx = (z) 2R 99°¢ , and the diffusion model operates in a
perform existing composition techniques and multi-latent space.

concept models. Attention Maps. Modern diffusion architectures rely

heavily on cross-attention layers to condition generation
on text prompts represented by embeddings of lekgth
(Vaswani et al., 2017). The text-to-image model can be ex-
2.1. Diffusion Samplers pressed asi(xi;y; ) =f ((xi;fA ) (xi;y; )g; ) , where

e . fAl) 2 R4 d Kk gis a set of per-layer cross-attention
Diffusion models de ne a forward probability pat, start- maps. For each spatial location, these maps describe how

ng from the datq d'SmbUt'oqo’ and gradually corrL_thlng strongly the model attends to each token in the prompt. Gen-
data with Gaussian noise. These models are typically pro-

) ) ) 7 7 "eration can be controlled in creative ways by substituting
vided as time-dependent score netwsKs; ) approxi- . O i
matingr » logq(x) at each timestep To generate new 2tt€ntion mapsA ¢ (x.;y; )g with those from another
data from diffusion models, we can simulate the denoisingPre-trained modefA 9 (xe;y; 9g (Hertz et al.). Because
process with samplers including DDPM (Ho et al., 2020b) layers operate at different resolutioths the map sizes can
DDIM (Song et al.), and other numerical methods. All thesevary. Upscaling and averaging these maps across layers cre-
procedures can be expressed as sampling from a sequerfigsk saliency maps of size d , one for each text token,
of Gaussian transition kernels as shown by Tang et al. (2023).

2. Background

peXer X ) =N oxe ) 2 t=100T L 2.4. Fair Division

Generation begins by drawing-; N (0;1) . The sam- Dividing m goods among@ players is a classical problem in

pler then iteratively producesr , ;Xt3 ;:::;Xo by ap- game theory (Amanatidis et al., 2023; Nishimura & Sumita,
plying these transition kernels until a nal samplgis ob-  2021; Dickerson et al., 2014; Cole et al., 2017; Eisenberg
tained. Notably, the family of samplers introduced in (Song& Gale, 1959; Caragiannis et al., 2019). In the setting of
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