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ABSTRACT

The abundance of pre-trained diffusion models provides an opportunity for com-
position. Combining several models, however, runs the risk of one model dominat-
ing or models disagreeing with each other. Here, we propose Divide-and-Denoise,
a method for coordinating multiple pre-trained diffusion models during sampling.
Much like managing a specialized workforce, our method creates a fair but effi-
cient division of labor across models. Central to our method is the notion of an
allocation which defines the responsibility 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 division game, where we divide the sample into regions that max-
imize total utility under fairness constraints, and (ii) aligning the models with this
allocation, where we guide each model to denoise within its assigned region. This
leads to a new composite denoising process that evolves in tandem with a divi-
sion process. We evaluate Divide-and-Denoise on conditional image generation.
Across several quality metrics, including the GenEval benchmark, our method
outperforms baselines and resolves common failures including missing objects
and mismatched attributes. Experiments show that Divide-and-Denoise utilizes
each model’s expertise without neglecting any other model.

1 INTRODUCTION

Large-scale diffusion models have enabled significant advancements across robotics Xu et al.
(2024); Chi et al. (2023), biomedicine Jumper et al. (2021); Corso et al. (2023), and computer vision
Song & Ermon (2019); Ho et al. (2020a); Rombach et al. (2022); Sehwag et al. (2024). However,
training demands significant computational resources and often requires task-specific fine-tuning
Black et al. (2023); Wallace et al. (2024), creating a need for effective model reuse 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.
(2024). Although these operations permit tractable sampling, they are often too simple to preserve
the characteristics 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, assign each region a text prompt (e.g., ’dog’ or ’cat’), and then denoise
each region with the corresponding model. Although 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 define in many domains (e.g., manually partitioning proteins), and does not

1



Accepted as a workshop paper at ReALM-GEN, ICLR 2026

Figure 1: Divide-and-Denoise. A noisy image is iteratively refined by two coupled processes: (i) a
division step that computes a fair and efficient division of the latent image given by the allocation Q
and (ii) a composite denoising step that reconciles the proposals of several single concept diffusion
models into a composite update p using this allocation. At every timestep, models provide utilities,
the image is divided into soft regions in order to maximize total utility under fairness constraints,
and each region is denoised with the assigned model.

take into account the strengths or weaknesses of each model. Bar-Tal et al. (2023) for example
assume models can faithfully follow the user-prescribed layout, an assumption that often fails and
requires additional forms of guidance Couairon et al. (2023); Manukyan et al. (2023).

Contributions. We propose Divide-and-Denoise: a game-theoretic framework for coordinating
multiple pre-trained diffusion models. Instead of requiring ground-truth partitions, we infer them
online through fair and efficient division of labor. Our method is fully compositional: models need
not share weights, architectures, or training data, as long as they operate in a latent space of the same
dimension.

• An inference-time algorithm for coordinating multiple pre-trained diffusion models with
differing expertise.

• Coupled processes: (i) a division process solving a fair division game and (ii) a composite
denoising process aligning each model with its assigned region.

• Two formulations of model utilities: a general definition for any conditional diffusion
model, and a specific instantiation using attention maps for cross-attention conditioning.

• Empirical validation using GenEval Ghosh et al. (2023), CLIP-Score, VQAScore, and Im-
ageReward showing single-concept models outperform existing composition techniques
and multi-concept models.

2 BACKGROUND

2.1 DIFFUSION SAMPLERS

Diffusion models define a forward probability path qt, starting from the data distribution q0, and
gradually corrupting data with Gaussian noise. These models are typically provided as time-
dependent score networks st(x; θ) approximating ∇x log qt(x) at each timestep t. To generate new
data from diffusion models, we can simulate the denoising process with samplers including DDPM
Ho et al. (2020b), DDIM Song et al. (2022), and other numerical methods. All these procedures can
be expressed as sampling from a sequence of Gaussian transition kernels

pt(xt−1|xt; θ) := N (µt(xt; θ), σ
2
t I), t = 1, . . . T − 1.

Generation begins by drawing xT ∼ N (0, I). The sampler then iteratively produces
xT−1,xT−2, . . . ,x0 by applying these transition kernels until a final sample x0 is obtained. Notably,
the family of samplers introduced in Song et al. (2021) allows both the total number of sampling
steps T and the noise schedule σt to be varied while keeping the pre-trained model fixed. In this
framework, the noise level is parameterized by a scalar η ∈ [0, 1], where η = 1 recovers the DDPM
sampler and η = 0 yields a fully deterministic trajectory.
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2.2 DIFFUSION CONDITIONING

To generate samples with specific attributes, the score st(xt; θ) used during sampling is replaced by
a surrogate function ŝt(xt,y; θ) conditioned on a concept y. Classifier guidance Dhariwal & Nichol
(2021) leverages

∇x log qt(xt|y) = ∇x log qt(xt) +∇x log qt(y|xt)

and defines ŝt(xt,y; θ) = st(xt; θ) + ω∇x log qt(y|xt; θ), where log qt(y|xt; θ) is modeled by
a pre-trained classifier and ω is a scaling factor. Alternatively, one can train the diffusion model
conditionally so that st(xt,y; θ) ≈ ∇x log qt(x|y). Both of these ideas are combined in a tech-
nique called classifier-free guidance Ho & Salimans (2022). It combines both unconditional and
conditional models to define ŝt(xt,y; θ) = st(xt; θ) + ω(st(xt,y; θ)− st(xt; θ)).

2.3 IMAGE GENERATION

Diffusion models for conditional image generation are trained on large datasets D := {z,y}, where
z ∈ RH×W×3 is a high-resolution image and y is a label or a text prompt. In practice, images are
encoded into compressed representations x = ϕ(z) ∈ RD×D×C , and the diffusion model operates
in a latent space.

Attention Maps. Modern diffusion architectures rely heavily on cross-attention layers to condi-
tion generation on text prompts represented by embeddings τ(y) ∈ RL×K Vaswani et al. (2017).
The text-to-image model can be expressed as st(xt,y; θ) = ft(xt, {A(ℓ)

t (xt, τ(y); θ)}; θ), where
{A(ℓ)

t ∈ RD̄ℓ×D̄ℓ×L} is a set of per-layer cross-attention maps. For each spatial location, these
maps describe how strongly the model attends to each token in the prompt. Because layers oper-
ate at different resolutions D̄ℓ, the map sizes can vary. Generation can be controlled in creative
ways by substituting attention maps {A(ℓ)

t (xt, τ(y); θ)} with those from another pre-trained model
{A(ℓ)

t (xt, τ(y); θ
′)} Hertz et al. (2022). Upscaling and averaging these maps across layers leads to

a saliency map At(xt, τ(y); θ) ∈ RD×D×L as shown by Tang et al. (2023).

2.4 FAIR DIVISION

Dividing m goods among n players is a classical problem in game theory Amanatidis et al. (2023);
Nishimura & Sumita (2021); Dickerson et al. (2014); Cole et al. (2017); Eisenberg & Gale (1959);
Caragiannis et al. (2019). In the setting of indivisible items, each player i ∈ {1, 2, . . . , n} is al-
located a bundle of goods, represented by a binary assignment vector Mi ∈ {0, 1}m, so that
no two players share any goods and all goods are allocated. Each player has a utility function
ui : {0, 1}m → R+ that measures the value of any bundle. Among all possible partitions, we
typically seek solutions that are fair and efficient with respect to these utilities. The three main
notions of fairness are: envy-freeness (no player prefers another player’s bundle), proportionality
(each player receives at least 1/n of their total utility), and equitability (all players receive bundles
of equal utility). Efficiency can be measured, for example, by Nash social welfare, the product of
individual utilities.

Mixed Allocations. In the case of a single good, no matter who gets it, the partition is not fair to
others. This highlights that fair assignments do not always exist. One way to address this challenge
is to consider randomized allocations over all possible assignments:

Mn,m =

{
M ∈ {0, 1}n×m :

n∑
i=1

Mi,j = 1 ∀1 ≤ j ≤ m

}
A mixed allocation Q is a discrete distribution over Mn,m. Fairness notions are defined in terms
of expected utilities under Q. For example, an envy-free allocation Q satisfies EM∼Qui(Mi) ≥
EM∼Qui(Mi′) for all 1 ≤ i ̸= i′ ≤ n. Note that the uniform allocation U(Mn,m) is always fair.
Therefore, in the randomized setting, efficiency is crucial to avoid trivial solutions.

Decomposable Allocations. When utilities are additive in the goods, ui(Mi) =
∑m

j=1 uijMi,j ,
the expected utility of player i simplifies to

∑m
j=1 uijQij , where Qij := EM∼QMi,j is a fractional
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Algorithm 1 Divide-and-Denoise

1: Input: n pre-trained diffusion models, α > 0, β > 0.
2: Initialize pcT = N (0, I) and QT = U(Mn+1,m).
3: Sample xT−1 ∼ pcT .
4: for t = T − 1, . . . , 1 do
5: Aggregate {pit(·|xt) = N (µi

t(xt), σ
2
t I)}, {uij(xt, t)}

6: # Update Division Process
7: Solve dual problem for λ∗

8: Update allocation Qt
ij ∝ e−⟨λ∗,ϕij⟩+ 1

β log uijQt+1
ij

9: # Update Composite Denoising Process
10: Compute weights Q̂t

i = Qt
i +

1
nQ

t
n+1

11: Update mean µ̂c
t =

∑n
i=1 µ

i
t(xt)⊙ Q̂t

i + σt
∇xtUt(xt,Q)

α ∥∇xtUt(xt,Q)∥
12: Sample xt−1 ∼ pct(·|xt) = N (µ̂c

t(xt), σ
2
t I)

13: end for

weight. We say that an allocation Q is decomposable if

Q(M) =

n∏
i=1

n∏
j=1

Q
Mi,j

ij ∀M ∈ Mn,m.

Decomposable allocations are essentially equivalent to fractional allocations of m divisible goods,
where player i receives a fraction Qij of good j.

3 DIVIDE-AND-DENOISE

We study the problem of coordinating n pre-trained diffusion models, each of which operates in
a common latent space of dimension m. Without loss of generality, we denote the sequence of
denoising kernels for diffusion model 1 ≤ i ≤ n as follows:

piT = N (0, I), pit(· | xt) = N (µi
t(xt), σ

2
t I), 1 ≤ t < T.

Additionally, we assume that models have additive preferences over the latent coordinates given by
uij(x, t), i.e. model i’s value for coordinate j at latent x and timestep t. In Section 3.4, we show
that all conditional models already possess intrinsic utilities and offer alternatives as well. Our goal
is to define a composite denoising process with kernels pct(·|xt) that best accounts for the preference
of each model.

In this work, each model is conditioned on a concept yi. We expect samples from pct to ideally
match what a single model trained on all concepts together would generate, though such a model
may not be available. Models need not share architecture or parameters.

3.1 SIMULATING TWO PROCESSES

The main components of our approach are outlined in Figure 1. Divide-and-Denoise generates two
coupled trajectories: a sampling path of the composite denoising process, obtained by iteratively
drawing xt−1 ∼ pct(xt−1|xt), and a path of the division process given by allocations Qt, also ob-
tained by iteratively updating in time. We define each allocation Qt to be a distribution over Mn,m,
the space of partitions of the latent space of dimension m across n models. Since Qt specifies how
the latent coordinates at time t are distributed among the pre-trained models, it may be interpreted
as a division of labor.

We initialize with QT = U(Mn,m) and pcT = N (0, I), and draw the first noisy latent as xT−1 ∼
pcT . At each of the remaining timesteps 1 ≤ t < T , we update the allocation and the composite
process according to the bi-level optimization:

Qt = argmax
Q∈Qt

Gt(xt, Q) (1)
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pct(·|xt) = argmax
p∈Pt

Ft(p,Qt) (2)

The choice of G, F , Qt, and Pt will be discussed in Sections 3.2 and 3.3. Problem (1) fairly and
efficiently divides the latent among models, while (2) chooses a denoising update aligning with this
division. Both objectives use a common alignment score Ut with problem-specific regularization.
At each timestep, we sample xt−1 from pct(·|xt).

3.2 COMPUTING A FAIR AND EFFICIENT DIVISION

We formulate the problem of finding the next allocation (equation 1) as a fair division game, where
the goods are latent coordinates and the players are the individual diffusion models. The efficiency
of the allocation is measured in terms of the expected total utility

Ut(x, Q) = EM∼Q

n∑
i=1

m∑
j=1

Mi,juij(x, t).

The objective Gt is the efficiency score regularized by a Kullback-Leibler (KL) divergence with
positive weight βt:

Gt(xt, Q) = Ut(xt, Q)− βtDKL(Q||Qt+1). (3)
The regularization term penalizes abrupt changes between consecutive allocations, encouraging tem-
porally smooth allocation trajectories that provide a stable signal for the composite denoising update.
A hyperparameter β controls the trade-off between efficiency and smoothness. For example, when
β → ∞ the allocation Qt remains uniform throughout generation.

A solution is constrained to lie in the set of fair allocations Qt. We express this constraint set as

Qt =

Q ∈ ∆(Mn,m) : EM∼Q

n∑
i=1

m∑
j=1

Mi,jϕij(xt, t) ⪯ b


with coefficients ϕij(xt, t) = (ϕ1

ij(xt, t), . . . , ϕ
l
ij(xt, t)) and b = (b1, . . . , bl), for all 1 ≤ i ≤ n

and 1 ≤ j ≤ m, specifying l linear constraints. Despite this simple form, these sets are flexible
enough to represent common notions of fairness under additive utilities as shown below.
Example 1. Using a single linear inequality EM∼Q

∑n
i=1

∑m
j=1 Mi,jϕ

1
ij(xt, t) ⪯ b1, we can en-

code the following relations:

1. Setting b1 = 0 and ϕ1
kj(xt, t) = −uij(xt, t)I(k = i) + uij(xt, t)I(k = i′) is equivalent

to saying that player i is not envious of player i′.

2. Setting b1 = 0 and ϕ1
kj(xt, t) = −uij(xt, t)I(k = i) + uij(xt, t)/n is equivalent to

constraining player i to be allocated at least 1/n of its total utility. Alternatively, for the
normalized utilities, we can set b1 = −1/n and ϕ1

kj(xt, t) = −uij(xt, t)I(k = i).

3. Setting b1 = 0 and ϕ1
kj(xt, t) = −uij(xt, t)I(k = i) + ui′j(xt, t)I(k = i′) is equivalent

to saying that the allocated utility of player i is greater or equal to that of player i′.

Clearly, by stacking inequalities, we can represent envy-free, proportional, and equitable constraints
or their combinations for any number of players. It is worth noting that the uniform allocation is
always fair, so the feasible set is not empty.

We conclude this section by introducing a generic solution to the optimization problem in equation 1.
Theorem 1. Assume that allocation Qt+1 is decomposable with weights Qt+1

ij . Then, the optimal
allocation Qt solving the fair division game (1) is also decomposable with weights

Qt
ij =

exp(−⟨λ∗, ϕij(xt, t)⟩+ uij(xt, t)/β)Q
t+1
ij

Zj(λ∗)
, (4)

where Zj(λ
∗) =

∑n
i=1 e

−⟨λ∗,ϕij(xt,t)⟩+uij(xt,t)/βQt+1
ij is a normalization constant and λ∗ is a so-

lution of a dual problem: maxλ≥0 −⟨b, λ⟩ −
∑m

j=1 logZj(λ).
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Figure 2: The role of fairness in Divide-and-Denoise using Stable Diffusion. Top: without fairness,
the car model is allocated significantly fewer pixels than the bus model, resulting in a missing object.
Bottom: with fairness, the allocation balances both models so the car is no longer envious of the bus.
Fairness prevents a single model from dominating.

3.3 ALIGNING MODELS WITH THEIR ALLOCATIONS

In this section, we address the second problem (equation 2) of selecting a composite denoising kernel
pct from the set of feasible denoising distributions Pt. We introduce a new objective that explicitly
aligns each diffusion model’s proposal with its assigned region, conditioned on the given allocation
Q. Let pj denote the marginal of a denoising kernel p at coordinate j. We define

Ft(p,Q) = Ext−1∼pUt−1(xt−1, Q)−αtEM∼Q

 n∑
i=1

m∑
j=1

Mi,jDKL(pj(·|xt)||pij(·|xt))

 (5)

The aim of the KL regularization is to keep the denoising update for the coordinates allocated
to model i close to its proposal. A hyperparameter αt > 0 controls the trade-off between align-
ment with the given allocation and adherence to the proposals of individual models. Notice how
uij(xt−1, t − 1) contributes to the player’s utility ui(Mi) only if M assigns pixel j to model i.
Maximizing Ut−1 encourages each model to concentrate preference on its allocated region while
suppressing preference outside it.

In order to encourage interaction between players for goods with low utility, we introduce a fictitious
(n + 1)-st player. This player is given a fixed uniform utility and its denoising kernel is defined as
the geometric mean of the individual model kernels:

pn+1(xt−1|xt) ∝
n∏

i=1

pi(xt−1|xt)
1/n, u(n+1)j ≡ 1/m,

for each 1 ≤ j ≤ m. The allocation Qt is now extended to a distribution over Mn+1,m.

Since the objective in 2 can be non-linear, we cannot find an explicit solution in general. However,
a solution exists under simplifying assumptions.

Theorem 2. Consider the optimization in equation 2 with the following assumptions: (1) Pt is a
set of all distributions on Rm with independent coordinates and (2) Ut is linear jointly in the first
argument and t. For each i ≤ n, define the marginal weight vector Q̂i as EM∼Qt(Mi +Mn+1/n).
Then, the optimal composite denoising kernel is given by pct(·|xt) = N (µc

t , σ
2
t I), where µc

t =∑n
i=1 µ

i
t(xt)⊙ Q̂i +

σ2
t

αt
∇xtUt(xt, Q).

The solution decomposes into a compositional update (first term) and a guidance term (gradient).
When αt → ∞, this recovers MultiDiffusion Bar-Tal et al. (2023).

In practice, we propose to use a local linearization technique. Applying a first-order Taylor ex-
pansion to linearize the reward, we approximate pct(·|xt) with N (µ̂c

t , σ
2
t I), where µ̂c

t(·|xt) =∑
i µ

i
t(xt)⊙ Q̂i +

σ2
t

αt

∑
i,j Qij∇xtuij(xt, t).
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Figure 4: Left: anemone+gold fish. Right: strawberry+orange+banana.

We observe that performance is sensitive to the hyperparameter αt. Large values of αt suppress
the influence of the guidance term, while overly small values may lead to out-of-distribution sam-
ples. We find it useful to reparameterize αt as αt = σt

α ∥∇xt
Ut(xt, Q)∥, where α is a constant

independent of time. The proposed approach is summarized in Algorithm 1.

3.4 DEFINING PLAYER UTILITIES

Score-based Utility. For a vector v, let v = v
∥v∥2

and diag(v) be the diagonal matrix with v on the
diagonal. We define the utility of player i for a bundle Mi′ as

ui(Mi′) = ∇xqt(yi|x; θi)
T

diag(Mi′)∇xqt(yi|x; θi).
Appendix A.2 shows that in the classifier-free guidance setup of conditional diffusion models, these
utilities can be calculated from the model’s trained score function by setting

uij(x, t) =
∥sjt (x,yi; θi)− sjt (x; θi)∥22
∥st(x,yi; θi)− st(x; θi)∥22

.

Attention-based Utility. In the text-to-image setting, cross-attention maps have been shown to be
effective indicators of the relevance of each pixel to a target word or phrase. This motivates us to
define attention-based utilities as

uij(x, t) =
Aj

t (x,yi; θi)∑m
j=1 A

j
t (x,yi; θi)

,

where Aj
t denotes the j-th coordinate of the attention map At aggregated across layers.

Figure 3: Evolution of score-based utilities on
top and attention-based on bottom when gener-
ating an apple with Stable Diffusion.

Score vs. Attention. Score-based utilities are
available with any conditional diffusion model,
eliminating the need to separately build utilities.
Attention-based utilities require cross-attention
layers, which many models provide. Figure 3
shows attention-based utilities behave better with
less noise than score-based utilities during the
generation process.

4 EXPERIMENTS

4.1 MODELS

Stable Diffusion. We use the Stable Diffusion 2.0 (Rombach et al., 2022), a text-to-image latent
diffusion model with cross-attention conditioning. In this setting, single concepts are represented
by short text descriptions. For a model i conditioned on a single concept yi, we use the prompt
“an image with yi”. In this section, we use attention-based utilities with Stable Diffusion. For
quantitative comparison with score-based utilities, see Appendix A.4.

DiT. We also evaluate with the Diffusion Transformer (DiT) (Peebles & Xie, 2023), a class-
conditioned diffusion model trained on ImageNet (Russakovsky et al., 2014). Here each model i
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is conditioned on a single class yi from ImageNet, and no multi-concept model is available. In this
setting, we use score-based utilities.

4.2 COORDINATION STRATEGIES

In all experiments, we employ a DDIM scheduler (Song et al., 2021), setting T = 50 sampling
steps and a noise scale of η = 0.015. We use classifier-free guided models with the guidance scale
ω = 7.5 for Stable Diffusion and ω = 4 for DiT. Divide-and-Denoise uses hyperparameters α = η
in equation 3, while in equation 5 we use β = 0.01 for score-based utilities and β = 0.001 for
attention-based. If not specified otherwise, proportional fairness is applied: each of n models is
constrained to receive at least 1/n of its total utility. We compare our method against the following
baselines:

Averaging. We construct a composite denoising process by averaging the scores from each single-
concept diffusion model at each generation step. This represents a baseline where the division of
labor is uniform.

Composable Diffusion. We employ a popular approach to compositional sampling (Liu et al., 2022)
from conditional models. At each iteration, the scores are aggregated as

ŝt(xt; θ) = st(xt; θ) +
∑n

i=1
ωi(st(xt,yi; θ)− st(xt; θ)).

For this baseline, we set ωi = ω for each i. Note that setting ωi = ω/n recovers the averaging
baseline.

Multi-Concept Diffusion. We construct a composite denoising process with a single, multi-concept
diffusion model. Since DiT models cannot simulatenously condition on several classes, this base-
line applies only to Stable Diffusion where multiple concepts can be combined in a joint text
prompt. We avoid enriching the multi-concept prompt with information beyond the concept set
Y := {y1, . . . ,yn}, such as relationships between pairs of concepts, since a team of specialized
models would not typically have access to this information. The multi-concept prompt is constructed
as “an image with y1 and y2 and ... and yn”. In this baseline the division of labor is
implied by default through the output of a single Stable Diffusion model.

4.3 EVALUATION METRICS

We evaluate our method along three axes: multi-concept image generation using single-concept
models, correct attribute binding for complex concepts, and composition of intentionally conflicting
concepts. We quantify first two of these criteria on a popular benchmark for image generation called
GenEval (Ghosh et al., 2023). GenEval detects objects from the COCO vocabulary (Lin et al., 2014)
and their color, and reports two specific metrics: % images: The percentage of images containing
all objects given by text prompts; % prompts: The percentage of concept sets Y where at least one
generated image contains all objects.

We complement GenEval with three widely-used performance metrics, each defined as rk(z, t),
for an image z and a prompt t. CLIP-Score (r1) measures text–image alignment by computing
the cosine similarity between their CLIP embeddings (Radford et al., 2021). Reward (r2) uses a
learned reward model trained on human preference data to score how closely the image matches the
prompt (Xu et al., 2023). VQA (r3) assesses faithfulness by answering yes-no questions about the
prompt and the generated image (Lin et al., 2024). For each metric, we report the following scores
averaged across pairs (Y, z) of a set of concepts Y and the generated image z: joint: rk(z, t) where
t is a multi-concept prompt for Y; min: minyi∈Y rk(z, ti) where ti is a single-concept prompt for
yi.

4.4 CONCEPTS AS OBJECTS

We first evaluate our method along the axis of generating more than one concept. Here each concept
is defined as a distinct object. We assess how well Divide-and-Denoise works for multi-concept
generation across both Stable Diffusion and DiT setups.
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Figure 5: Divide-and-Denoise avoids object overlap, preserves all objects, and correctly attributes
colors, outperforming baselines on GenEval. Concept pairs: handbag+sports ball, tv remote+vase,
white suitcase+orange horse, teddy bear+banana.

Table 1: Performance of Divide-and-Denoise when coordinating 2 and 3 models conditioned on
objects using Stable Diffusion.

Players Coordination Strategy GenEval ↑ CLIP ↑ Reward ↑ VQA ↑
%images %prompts joint min joint min joint min

2

Averaging 31.25 59.00 26.26 18.64 -0.49 -1.46 0.720 0.610
Composable Diffusion 36.50 67.00 26.85 18.92 -0.26 -1.30 0.749 0.643
Multi-Concept Diffusion 53.75 86.00 27.05 18.77 0.28 -1.15 0.753 0.683

Ours (without fairness) 87.00 98.00 29.91 21.59 1.16 -0.42 0.959 0.921
Ours 88.50 99.00 30.02 21.53 1.23 -0.38 0.960 0.925

3

Averaging 1.50 5.00 25.46 16.08 -1.32 -2.06 0.461 0.296
Composable Diffusion 3.50 13.00 26.82 16.03 -1.06 -1.97 0.472 0.304
Multi-Concept Diffusion 14.75 43.00 28.45 15.15 -0.14 -1.82 0.532 0.384

Ours (without fairness) 51.75 88.00 32.68 18.96 1.05 -0.92 0.872 0.773
Ours 59.50 92.00 33.21 19.09 1.22 -0.79 0.921 0.829

Table 2: Performance using DiT.

CLIP ↑ Reward ↑ VQA ↑
joint min joint min joint min

Avg. 25.57 19.58 -1.00 -1.35 0.644 0.577
Comp. 26.67 20.43 -0.69 -1.11 0.700 0.634
Ours 29.03 22.01 0.28 -0.46 0.868 0.808

Table 3: Performance with conflicting interests.

CLIP ↑ Reward ↑ VQA ↑
joint min joint min joint min

Avg. 27.81 19.14 -0.36 -1.45 0.687 0.521
Comp. 29.00 20.20 0.08 -1.23 0.729 0.581
Multi. 29.76 19.82 0.65 -0.88 0.752 0.633
Ours 31.13 21.23 1.12 -0.55 0.905 0.815

Stable Diffusion. For each problem instance, we randomly sample n objects from the COCO vocab-
ulary and define a single-concept prompt for each model i as “an image with [objecti]”.
In total, we construct 100 unique n-object tuples and evaluate each tuple across 4 different seeds.
Results are presented in Table 1, where rows 2 and 3 correspond to n = 2 and n = 3 object-specific
models, respectively. Example images can be found in Figure 5.

We find that improvement over baselines is driven by the efficient division of labor. Fairness im-
proves most metrics further. Observe that the importance of fairness increases as more models
participate, since the probability of a model being neglected by an efficient (but not fair) allocation
grows. To illustrate the effect of the fairness constraint, we provide a qualitative example in Figure 2.

DiT. Each concept here is represented as a one-hot encoded ImageNet class depicting an object. We
select 15 pairs of objects from the ImageNet-1K dataset (Russakovsky et al., 2014) and evaluate each
pair across 20 random seeds. We test our method’s ability to coordinate pairs of models to generate
images containing both objects. Table 2 compares our method against averaging and composable
diffusion for n = 2.

9



Accepted as a workshop paper at ReALM-GEN, ICLR 2026

We note that the multi-concept baseline is unavailable here since no single DiT model can condition
on multiple classes. Despite this, Divide-and-Denoise generates images that appear as though they
were produced by such a multi-class model. We provide qualitative examples for n = 2 and n = 3
objects in Figure 4.

4.5 CONCEPTS WITH DESCRIPTION

We next evaluate how our method compares to baselines when concepts contain greater detail. This
simulates a scenario where a single multi-concept model would typically fail. We attach color de-
scriptions to objects, testing whether our method can faithfully bind attributes to the correct objects.
We use Stable Diffusion setup and construct single-concept prompts as earlier, but this time with
each concept y ∈ Y given by a color and object, e.g. “an image with a orange horse”.
We generate 2 object–color descriptions to define a pair of specialized models. In total, we construct
100 unique pairs and evaluate each pair across 4 different seeds. Results are presented in Table 4.
Figure 5 provides a qualitative example of correct attribute binding.

Table 4: Performance with descriptive concepts.

GenEval ↑ CLIP ↑ Reward ↑ VQA ↑
%image %prompt joint min joint min joint min

Averaging 9.00 27.00 28.57 19.81 -0.39 -1.65 0.641 0.500
Composable Diffusion 12.25 32.00 29.65 20.37 -0.09 -1.49 0.658 0.522
Multi-concept Diffusion 12.50 30.00 29.86 19.61 0.10 -1.51 0.596 0.455
Ours 55.75 86.00 32.65 22.62 1.34 -0.56 0.882 0.806

4.6 CONCEPTS WITH CONFLICT

Finally, we evaluate how well Divide-and-Denoise coordinates models with conflicting interests.
In order to simulate this, we hand-design 40 scenarios where concepts among the models would
naturally conflict. For example, we condition the first model on the concept “desert”, while the
second on the concept “snowy mountain”. A full list of prompt combinations is provided in Ap-
pendix A.5. We use Stable Diffusion setup. As shown in Table 3, Divide-and-Denoise outperforms
the coordination baselines. Examples of generated images can be found in Appendix A.6.

5 CONCLUSION

In this work, we introduced Divide-and-Denoise, a game-theoretic framework for coordinating sev-
eral pre-trained diffusion models. Our coupled division and denoising processes resolve conflicts
between models, prevent concepts or models from being neglected, and outperform baselines across
a broad range of metrics including the GenEval benchmark. Notably, our formulation is not tied
to a specific model architecture or conditioning mechanism. We demonstrated compelling results
with both DiT and Stable Diffusion, using score-based utilities for the former and attention-based
utilities for the latter. Attention-based utilities extend naturally to other domains, including text-to-
graph Chang & Ye (2025), text-to-audio Liu et al. (2023), and audio-to-image Biner et al. (2024)
generation. Our score-based utilities can be further applied in domains without cross-attention con-
ditioning. An open question remains on how to empirically validate utility-driven efficient and fair
divisions of non-visual objects where ground truth partitions are even harder to obtain than in im-
ages. Our results nevertheless highlight cooperative interaction between pre-trained models as a
general recipe for controllable and reusable generative modeling across domains.

10
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A APPENDIX

A.1 PROOFS OF THE THEOREMS

In our proofs, we will rely on the following technical fact:

Lemma 1. Let π and π′ be probability distributions on the same domain. The solution π∗ to an
unconstrained optimization problem

max
π

Ez∼πf(z)− γDKL(π||π′)

is given by

π∗(z) =
exp(f(z)/γ)π′(z)∫
exp(f(z)/γ)π′(z)dz

.

Proof. It is sufficient to notice that

γDKL(π||π∗) = −Ez∼πf(z) + γDKL(π||π′) + C,

where C is a constant that does not depend on π.

Proof of Theorem 2. Let us first consider the setting without fictitious player.

Recall that denoising kernels of individual models are Gaussians with the same covariance:

pi(· | xt) = N (µi
t(xt), σ

2
t I).

Denote the marginal distribution of pi at the coordinate j as

pij(· | xt) = N (µi
j(xt), σ

2
t ).

For an allocation Q with weights Qij , consider a distribution pQt defined as

pQt (xt−1|xt) ∝
n∏

i=1

m∏
j=1

pij(xt−1|xt)
Qij .

Notice that

pQ(x|xt) ∝
n∏

i=1

m∏
j=1

pij(x|xt)
Qij

=

n∏
i=1

m∏
j=1

exp

(
−Qij(xj − µi

j(xt))
2

2σ2
t

)

= exp

(
−
∑n

i=1

∑m
j=1 Qij(xj − µi

j(xt))
2

2σ2
t

)

∝ exp

(
−
∑n

i=1

∑m
j=1[Qijx

2
j − 2xjµ

i
j(xt)]

2σ2
t

)

= exp

(
−
∑m

j=1 x
2
j + 2

∑m
j=1⟨xj ,

∑n
i=1 Qijµ

i
j(xt)⟩

2σ2
t

)

= exp

(
−∥x∥2 + 2⟨x,

∑n
i=1 Qi ⊙ µi(xt)⟩

2σ2
t

)
,

and thus,

pQt (·|xt) = N
(
µQ
t (xt), σ

2
t I
)
, µQ

t (xt) =

n∑
i=1

Qi ⊙ µi
t(xt).
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For any distribution p ∈ Pt, we have

p(x) =

m∏
j=1

pj(x).

Therefore, the following equality holds

EM∈Q

n∑
i=1

m∑
j=1

Mi,jDKL(pj(·)||pij(·|xt)) =

n∑
i=1

m∑
j=1

QijDKL(pj(·)||pij(·|xt))

=

m∑
j=1

[
n∑

i=1

Qij

∫
pj(xj) log p

i
j(xj |xt)dxj −

n∑
i=1

QijH(pj)

]

=

∫
p(x) log

n∏
i=1

n∏
j=1

pij(xj |xt)
Qijdx−

m∑
j=1

H(pj)

=

∫
p(x) log pQ(x|xt)dx−H(p) + C

= DKL(p||pQt (|xt)) + C,

where C is a constant that does not depend on p.

By Lemma 1, the composite kernel pct maximizing Ft(xt, p,Q) is given by

pct(xt−1|xt) ∝ exp(Ut−1(xt−1, Q)/αt)p
Q
t (xt−1|xt). (6)

Since Ut(x, Q) is linear jointly in t and x, we have

Ut−1(xt−1, Q) = Ut(xt, Q) +A(xt−1 − xt)− b,

where A = ∇xUt(xt, Q) and b = ∇tUt(xt, Q).

Substituting in equation 6, we obtain

pct(xt−1|xt) ∝ exp(Ut−1(xt−1, Q)/αt)p
Q
t (xt−1|xt)

= exp

(
[Ut(xt, Q) +A(xt−1 − xt)− b]

αt

)
pQt (xt−1|xt)

∝ exp

(
Axt−1

αt
+

−∥xt−1∥2 + 2⟨xt−1, µ
Q
t (xt)⟩

2σ2
t

)

= exp

(
−∥xt−1∥2 + 2⟨xt−1, µ

Q
t (xt) + σ2

tA/αt⟩
2σ2

t

)
.

We conclude that
pct(·|xt) = N (µc

t , σ
2
t I),

where

µc
t =

n∑
i=1

µi
t(xt)⊙Qi +

σ2
t

αt
∇xt

Ut(xt, Q).

Next, assume that the fictitious player was used. Repeating the same argument as above, we obtain

µc
t =

n+1∑
i=1

µi
t(xt)⊙Qi +

σ2
t

αt
∇xtUt(xt, Q).
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Recall that pn+1(xt−1|xt) is defined as

pn+1(xt−1|xt) ∝
n∏

i=1

pi(xt−1|xt)
1/n,

and thus,

µn+1
t (xt) =

1

n

n∑
i=1

µi
t(xt).

Hence, we have

µc
t =

n∑
i=1

µi
t(xt)⊙

(
Qi +

1

n
Qn+1

)
+

σ2
t

αt
∇xtUt(xt, Q).

Proof of Theorem 1. Substituting definition of the efficiency functional G, equation 3, in the fair
division game in equation 1, we obtain the following optimization problem

Qt = argmax
Q∈Qt(xt)

EM∼Q

 n∑
i=1

m∑
j=1

Mi,jgij

− βtDKL(Q||Qt+1), (7)

where gij = uij(xt, t) and

Qt =

Q ∈ ∆(Mn,m) : EM∼Q

n∑
i=1

m∑
j=1

Mi,jϕij ⪯ b

 .

By the proof of Lemma 1, the problem in equation 7 is equivalent to

Qt = argmin
Q∈Qt(xt)

DKL(Q||Q∗), (8)

where

Q∗(M) ∝ exp

 n∑
i=1

m∑
j=1

Mi,jgij/β

Qt+1(M).

Assuming that Qt+1 is decomposable with weights Qt+1
ij , we find that

Q∗(M) ∝
n∏

i=1

m∏
j=1

(egij/βQt+1
ij )Mi,j ,

and thus, the allocation Q∗(M) is decomposable with weights

Q∗
ij =

egij/βQt+1
ij∑n

i=1 e
gij/βQt+1

ij

.

We will solve the primal optimization problem in equation 8 in its dual form. Let ϕ(M) =∑n
i=1

∑m
j=1 Mi,jϕij . Assuming the set Q(xt) is non-empty (which is always the case for fairness

constraints), the corresponding Lagrangian is

max
λ≥0,γ

min
Q

L(Q,λ, γ),
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where

L(Q,λ, γ) = DKL(Q||Q∗) + λ (EM∼Qϕ(M)− b) + γ

 ∑
M∈Mn,m

Q(M)− 1

 .

Taking derivative with respect to Q(M) we obtain

∂L(Q(M), λ, γ)

∂Q(M)
= logQ(M) + 1− logQ∗(M) + λϕ(M) + γ = 0,

and thus,

Q(M) =
Q∗(M) exp(−λϕ(M))

exp(γ + 1)
.

We can now plug it into the Lagrangian and take derivative with respect to γ:

∂L(Q(M), λ, γ)

∂γ
=
∑
M

Q∗(M) exp(−λϕ(M))

exp(γ + 1)
− 1 = 0.

Hence, we have

Q(M) =
Q∗(M) exp(−λϕ(M))

Zλ

with Zλ =
∑

M Q∗(M) exp(−λϕ(M)) and the dual problem reads

max
λ≥0

− log(Zλ)− ⟨b, λ⟩.

Let λ∗ be a solution to the dual problem. The optimal allocation is expressed as

Qt(M) =
Q∗(M) exp(−λ∗ϕ(M))

Zλ∗
∝

n∏
i=1

m∏
j=1

(Q∗
ije

−⟨λ∗,ϕij⟩)Mi,j .

Hence, it is also decomposable with weights

Qij =
egij/βe−⟨λ∗,ϕij⟩Qt+1

ij

Zj(λ∗)

where

Zj(λ
∗) =

n∑
i=1

exp (−⟨λ∗, ϕij⟩) exp(gij/β)Qt+1
ij .

We conclude the proof by noticing that Zλ∗ =
∏m

j=1 Zj(λ
∗).

A.2 SCORE-BASED UTILITIES

In this section, we derive the simplified form of the score-based utility for coordinate j under the
classifier-free guidance setup.

Recall from the main text that for a vector v, we define v = v
∥v∥2

. The utility of player i for a bundle
Mi′ is defined as

ui(Mi′) = ∇xqt(yi|x; θi)
T

diag(Mi′)∇xqt(yi|x; θi).

Observe that this definition satisfies the additive assumption that we posed on utilities, meaning that
the utility of the bundle can be decomposed as

ui(Mi′) =

m∑
j=1

Mi′,juij(x, t),

where uij(x, t) represents the utility of player i for coordinate j at latent x and timestep t.
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Specifically, we see that

uij(x, t) =
[
∇xqt(yi|x; θi)

]2
j
,

where [·]j denotes the j-th coordinate.

In the classifier-free guidance setup, the conditional score is approximated as

∇x log qt(x|yi; θi) ≈ st(x,yi; θi).

The gradient of a density is related to its score by

∇xqt(x; θi) = qt(x; θi) · st(x; θi).

Using Bayes’ rule on the log-densities, we have

∇x log qt(yi|x; θi) = ∇x log qt(x|yi; θi)−∇x log qt(x; θi).

Therefore, the gradient of the posterior density is

∇xqt(yi|x; θi) = qt(yi|x; θi) · ∇x log qt(yi|x; θi)
= qt(yi|x; θi) · [st(x,yi; θi)− st(x; θi)].

Let ∆st(x,yi; θi) = st(x,yi; θi) − st(x; θi) denote the score difference. After normalization, the
scalar qt(yi|x; θi) cancels out:

∇xqt(yi|x; θi) =
qt(yi|x; θi) ·∆st(x,yi; θi)

∥qt(yi|x; θi) ·∆st(x,yi; θi)∥2

=
qt(yi|x; θi) ·∆st(x,yi; θi)

qt(yi|x; θi) · ∥∆st(x,yi; θi)∥2

=
∆st(x,yi; θi)

∥∆st(x,yi; θi)∥2
.

The utility for coordinate j is therefore

uij(x, t) =

[
∆st(x,yi; θi)

∥∆st(x,yi; θi)∥2

]2
j

=
[∆st(x,yi; θi)]

2
j

∥∆st(x,yi; θi)∥22
=

[st(x,yi; θi)− st(x; θi)]
2
j

∥st(x,yi; θi)− st(x; θi)∥22
.

Denoting the j-th coordinate of the score function as sjt , we obtain the desired expression:

uij(x, t) =
∥sjt (x,yi; θi)− sjt (x; θi)∥22
∥st(x,yi; θi)− st(x; θi)∥22

.

This shows that the utility for each coordinate is proportional to the squared difference between
the conditional and unconditional scores at that coordinate, normalized by the total squared norm
of the score difference across all coordinates. The key insight is that while the gradient of the
posterior density includes the posterior probability qt(yi|x; θi) as a factor, this cancels out when we
normalize, leaving only the score difference.

A.3 EFFECT OF GUIDANCE

In this section, we present additional experiments analyzing how guidance within the alignment step
affects both performance metrics and computational cost. In particular, we study how results change
when the parameter α is set to ∞ after the first τ iterations of the generative process.

We use the same experimental setup as in Section 4.4 with n = 2 players and Stable Diffusion.
All experiments are run on a single AWS EC2 G6e instance with 8 vCPU, 64 GB of memory,
and a single 48 GB GPU. Alongside performance metrics, we report the average wall-clock time
(in seconds) required to generate a batch of four images. The results are summarized in Table 5.
Experiments involving fair allocations use proportional constraints.
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Figure 6: Samples generated by Divide-and-Denoise on GenEval benchmark with varying number
of guidance steps τ .
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Notably, even with τ = 0 guidance steps, our method consistently outperforms the baselines. In-
creasing the number of guidance steps yields further improvements, though at the cost of higher
computation time. Interestingly, the computational overhead of projecting onto the fair allocation
set is substantially larger when no guidance is used. This occurs because explicitly steering the
models toward a fair and efficient division encourages better separation of interests, often leading to
subsequent allocations already being fair. Without guidance, we find that fairness often needs to be
imposed at every step during generation. The qualitative results are provided in Figure 6.

Table 5: Performance of Divide-and-Denoise on coordinating 2 models conditioned on different
concepts under varying numbers of guidance steps τ .

Coordination Strategy GenEval ↑ CLIP ↑ ImageReward ↑ VQA ↑ Time

%images %prompts joint min joint min joint min s/batch

Averaging 31.25% 59.00% 26.26 18.64 -0.49 -1.46 0.720 0.610 9.15
Composable Diffusion 36.50% 67.00% 26.85 18.92 -0.26 -1.30 0.749 0.643 9.05
Multi-Concept Diffusion 53.75% 86.00% 27.05 18.77 0.28 -1.15 0.753 0.683 8.05

Ours (no fairness, τ = 0) 60.00% 93.00% 28.46 20.41 0.49 -0.87 0.883 0.811 11.48
Ours (τ = 0) 62.25% 91.00% 28.41 20.50 0.57 -0.80 0.905 0.835 53.29
Ours (no fairness, τ = 15) 82.50% 99.00% 29.81 21.49 1.11 -0.46 0.947 0.903 15.78
Ours (τ = 15) 84.25% 99.00% 29.74 21.34 1.18 -0.42 0.953 0.909 33.42
Ours (no fairness, τ = 50) 87.00% 98.00% 29.91 21.59 1.16 -0.42 0.959 0.921 26.98
Ours (τ = 50) 88.50% 99.00% 30.02 21.53 1.23 -0.38 0.960 0.925 32.07

A.4 ADDITIONAL EXPERIMENTAL RESULTS

In addition to the experiments in section 4, we perform several supplementary tests. First, we em-
ploy our standard GenEval setup with 2 Stable Diffusion models conditioned on different objects,
but this time we use score-based utilities instead of attention-based ones. Results are presented in
Table 6. We notice that although this choice of utility significantly decreases performance com-
pared to attention-based one, Divide-and-Denoise still reliably outperforms all baselines including
Multi-Concept Diffusion.

Table 6: Performance of Divide-and-Denoise on coordinating 2 models conditioned on different
concepts with score-based utilities on GenEval.

Coordination Strategy GenEval ↑ CLIP ↑ ImageReward ↑ VQA ↑
%images %prompts joint min joint min joint min

Averaging 31.25% 59.00% 26.26 18.64 -0.49 -1.46 0.720 0.610
Composable Diffusion 36.50% 67.00% 26.85 18.92 -0.26 -1.30 0.749 0.643
Multi-Concept Diffusion 53.75% 86.00% 27.05 18.77 0.28 -1.15 0.753 0.683

Ours (without fairness) 45.00% 85.00% 27.29 19.82 -0.08 -1.23 0.808 0.715
Ours (with proportional fairness) 59.00% 91.00% 28.13 20.38 0.26 -1.01 0.863 0.783

Moreover, we analyze how the performance of Divide-and-Denoise is affected by the choice of the
fairness constraints. Across all tasks for the Stable Diffusion setup, we compare our method without
any regularization (Efficient Allocation), with only proportional constraints (Efficient + Proportional
Allocation), with proportional and equitable constraints (Efficient + Proportional + Equitable Allo-
cation), and finally with proportional and envy-free constraints (Efficient + Proportional + Envy-Free
Allocation). Note that we only use last option when coordinating 3 models, since in 2 players’ case
any proportional allocation is also envy-free. We report all metrics in Table 7.

A.5 CUSTOM DATASETS

We constructed a custom dataset comprising 40 examples, each designed with conflicts between
individual prompts. Specifically, the first 30 prompts involve either object + semantics or semantics
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Table 7: Performance of Divide-and-Denoise in coordinating 2 and 3 models on different concepts
under varying fairness criteria.

Task Allocation GenEval ↑ CLIP ↑ Reward ↑ VQA ↑
%images %prompt joint min joint min joint min

2 objects
Efficient 87.00% 98.00% 29.91 21.59 1.16 -0.42 0.959 0.921
Efficient + Proportional 88.50% 99.00% 30.02 21.53 1.23 -0.38 0.960 0.925
Efficient + Proportional + Equitable 87.00% 98.00% 30.08 21.67 1.20 -0.41 0.960 0.921

3 objects

Efficient 51.75% 88.00% 32.68 18.96 1.05 -0.92 0.872 0.773
Efficient + Proportional 59.50% 92.00% 33.21 19.09 1.22 -0.79 0.921 0.829
Efficient + Proportional + Equitable 63.00% 94.00% 33.24 19.35 1.29 -0.74 0.919 0.834
Efficient + Proportional + Envy-Free 60.25% 92.00% 33.17 19.05 1.24 -0.77 0.915 0.824

2 objects
with color

Efficient 52.50% 86.00% 32.42 22.53 1.22 -0.66 0.869 0.791
Efficient + Proportional 55.75% 86.00% 32.65 22.62 1.34 -0.56 0.882 0.806
Efficient + Proportional + Equitable 54.00% 85.00% 32.65 22.62 1.31 -0.56 0.882 0.804

concepts
with

conflict

Efficient - - 30.99 21.01 1.05 -0.60 0.896 0.796
Efficient + Proportional - - 31.13 21.23 1.12 -0.55 0.905 0.815
Efficient + Proportional + Equitable - - 31.36 21.46 1.15 -0.52 0.904 0.819
Efficient + Proportional + Envy-Free - - 31.19 21.26 1.12 -0.54 0.905 0.819

+ semantics compositions: 10 focus on conflicting attributes (e.g., “an image with a blue lake” and
“an image with violet trees”), while the remaining 20 capture conflicting semantic combinations
(e.g., “an image with a desert” and “an image with a snowy mountain”). The last 10 prompts are of
the form semantics + semantics + object, where at least one pairing is conflicting.

Conflicting Attributes (10 prompts):

1. an image with a blue lake, an image with violet trees

2. an image with a green car, an image with a pink forest

3. an image with a yellow elephant, an image with a grey desert

4. an image with a rainbow-colored dog, an image with a
black-and-white city

5. an image with a brown flamingo, an image with a purple swamp

6. an image with a transparent car, an image with a glowing
forest

7. an image with a golden cloud, an image with a black ocean

8. an image with a white bus, an image with a bright orange
snowfield

9. an image with a blue cat, an image with a black sofa

10. an image with a red eagle, an image with a grey sky

Conflicting Semantic Combinations (20 prompts):

11. an image with a desert, an image with a snowy mountain

12. an image with a jungle, an image with an icy glacier

13. an image with a burning forest, an image with a frozen river

14. an image with a tropical beach, an image with a volcanic
eruption

15. an image with a futuristic city, an image with a medieval
castle

16. an image with a stormy sky, an image with a calm lake
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17. an image with a carnival, an image with a haunted graveyard

18. an image with an underwater city, an image with a floating
island

19. an image with a sunny meadow, an image with a meteor shower

20. an image with a winter tundra, an image with a blooming
spring forest

21. an image with snowy mountains, an image with a camel

22. an image with a rainforest, an image with a penguin

23. an image with a rocky cliffside, an image with a telephone
booth

24. an image with an iceberg, an image with a windmill

25. an image with a busy highway, an image with a deer

26. an image with a street, an image with a jaguar

27. an image with a blizzard, an image with a giraffe

28. an image with a desert oasis, an image with a moose

29. an image with a rice field, an image with a Ferris wheel

30. an image with a savanna, an image with a skyscraper

Triple Combinations (10 prompts):

31. an image with a desert canyon, an image with snowy peaks, an
image with a tropical parrot

32. an image with a modern city skyline, an image with a rural
farm, an image with a horse

33. an image with a sunflower field, an image with snowy
mountains, an image with a polar bear

34. an image with a grassy soccer field, an image with volcanic
ash clouds, an image with a motorcycle

35. an image with a frozen lake, an image with a tropical beach,
an image with a palm tree

36. an image with an iceberg, an image with stormy skies, an image
with a cow

37. an image with a grassy meadow, an image with a tropical sun,
an image with a snowman

38. an image with a sandy beach, an image with the aurora
borealis, an image with an elephant

39. an image with a wheat field, an image with a futuristic glass
dome city, an image with a steam train

40. an image with a rocky cliffside, an image with a rainbow sky,
an image with a boat

A.6 ADDITIONAL QUALITATIVE RESULTS

We provide additional qualitative comparisons of Divide-and-Denoise with baselines. The experi-
mental setup is described in Section 4.

For the Stable Diffusion Setup, the images are shown in Figures 7, 8, 9, and 10. Each row corre-
sponds to one coordination mechanism: Averaging, Composable Diffusion, Multi-Concept Diffu-
sion, and Divide-and-Denoise with fairness given by proportional constraints. Each column corre-
sponds to a fixed set of concepts. For each combination of method and concept set, we generate a
batch of 4 images.
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Figure 7: Qualitative comparison on GenEval benchmark (2 objects)

For the DiT setup, the images are shown in Figure 11. We present all pairs of ImageNet classes
used for the quantitative analysis (see Table 2) and plot images generated by Composable Diffusion
baseline alongside images generated by our method for the same random seed. Divide-and-Denoise
avoids object overlap and blending of concepts in many cases where Composable Diffusion fails to
reliably represent both concepts.
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Figure 8: Qualitative comparison on GenEval benchmark (3 objects)

24



Accepted as a workshop paper at ReALM-GEN, ICLR 2026

Figure 9: Qualitative comparison on GenEval benchmark (2 objects with color descriptions)
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Figure 10: Qualitative comparison on Conflict dataset
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Figure 11: Comparison of Composable Diffusion baseline (4 first columns) and Divide-and-Denoise
(4 last columns) on a dataset of ImageNet pairs. For each pair of concepts, we show 4 images
generated with random seeds. Both models use the same seeds.
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