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Improving Fine-Grained Control via Aggregation of Multiple Diffusion Models
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Abstract

While many diffusion models perform well when
controlling particular aspects such as style, char-
acter, and interaction, they struggle with fine-
grained control due to dataset limitations and in-
tricate model architecture design. This paper in-
troduces a novel training-free algorithm for fine-
grained generation, called Aggregation of Multi-
ple Diffusion Models (AMDM). The algorithm
integrates features in the latent data space from
multiple diffusion models within the same ecosys-
tem into a specified model, thereby activating par-
ticular features and enabling fine-grained control.
Experimental results demonstrate that AMDM
significantly improves fine-grained control with-
out training, validating its effectiveness. Addition-
ally, it reveals that diffusion models initially focus
on features such as position, attributes, and style,
with later stages improving generation quality and
consistency. AMDM offers a new perspective
for tackling the challenges of fine-grained condi-
tional generation in diffusion models. Specifically,
it allows us to fully utilize existing or develop
new conditional diffusion models that control spe-
cific aspects, and then aggregate them using the
AMDM algorithm. This eliminates the need for
constructing complex datasets, designing intricate
model architectures, and incurring high training
costs.

1. Introduction

Diffusion models (Sohl-Dickstein et al., 2015; Ho et al.,
2020; Song et al., 2021a;b; Karras et al.,, 2022) have
achieved excellent performance in generative tasks. In par-
ticular, conditional diffusion models (Rombach et al., 2022;
Chung et al., 2023; Esser et al., 2024) not only deliver
advanced results in practical applications such as Text-to-
Image (T2I) (Nichol et al., 2022; Chen et al., 2023; Lee
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et al., 2024; Xu et al., 2024) and Image-to-Image (I121) gen-
eration (Zhang et al., 2023; Mou et al., 2024), but also offer
highly flexible conditional control mechanisms.

Recent research on conditional diffusion models has fo-
cused on achieving fine-grained control, including object
attributes (Wu et al., 2023; Wang et al., 2024a), interactions
(Hoe et al., 2024; Jia et al., 2024), layouts (Zheng et al.,
2023; Chai et al., 2023; Chen et al., 2024b), and style (Wang
et al., 2023; Huang et al., 2024; Qi et al., 2024). However,
maintaining consistency across diverse nuanced control re-
mains a significant challenge. Generating multiple objects
with overlapping bounding boxes can lead to attribute leak-
age, where the description of one object inappropriately
influences others, causing inconsistencies between objects
and the background. Fine-grained interaction details may
be illogical, and style integration may compromise object
attributes.

Existing generation approaches only partially address these
issues due to the inherent complexity and diversity of fine-
grained control, coupled with limitations in datasets and
model architectures. Some works (Li et al., 2023; Zhou
et al., 2024; Wang et al., 2024b) may perform well in pre-
venting attribute leakage among multiple instances during
layout generation but perform poorly in managing object in-
teractions, while others (Ye et al., 2023; Huang et al., 2024)
may excel in style transfer but exhibit limited control over
layout.

Interestingly, most of these methods are based on Stable
Diffusion (Rombach et al., 2022), which is theoretically
grounded in DDPM (Ho et al., 2020) and classifier-free
guidance (Dhariwal & Nichol, 2021) for conditional con-
trol. In this context, a distinct line of research has recently
emerged that leverages the shared diffusion equation across
different models to combine multiple diffusion models at
inference time, thereby integrating their respective informa-
tion. The predominant strategy is to apply linear weighting
in the score space (Garipov et al., 2023; Bradley et al., 2025;
Thornton et al., 2025; Skreta et al., 2025a; He et al., 2025;
Skreta et al., 2025b). However, these methods were origi-
nally designed to synthesize new data distributions under
mutually independent (orthogonal) conditioning variables
(Bradley et al., 2025). Although fine-grained generation can
be pursued by enforcing identical conditions, this practice
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violates the orthogonality assumption embedded in the orig-
inal design, leading to suboptimal generation quality. To
mitigate the distributional shift caused by linear weighting,
several works have proposed more sophisticated weighting
schemes, which, however, introduce additional inference
overhead (Skreta et al., 2025b; He et al., 2025). Another
line of methods performs linear weighting in the parameter
space of the networks (Biggs et al., 2024; Oh et al., 2025;
Wang et al., 2025), but this requires the combined models
to share exactly the same architecture, thereby substantially
limiting their applicability.

This paper proposes a training-free AMDM algorithm that
operates directly in the latent data space guided by a ge-
ometric perspective. The algorithm is both conceptually
simple and practically effective, relying solely on closed-
form computations with negligible computational overhead.
As a result, it offers an efficient and viable solution for
fine-grained control tasks that are highly coupled and non-
orthogonal in nature. In summary, this work makes the
following contributions: (1) We propose a novel diffusion
model aggregation algorithm, AMDM, that can aggregate
intermediate variables in latent data space from multiple
conditional diffusion models within the same ecosystem
enabling fine-grained generation; (2) We conduct extensive
experiments, with both qualitative and quantitative results
demonstrating significant improvements, particularly in re-
gions where previous models exhibited limited controlla-
bility; (3) We reveal that diffusion models initially focus
on generating coarse-grained features such as position, at-
tributes, and style, while later stages emphasize quality and
consistency.

2. Preliminaries: Stable Diffusion

Stable Diffusion (Rombach et al., 2022) is a class of diffu-
sion models defined in the latent space. The original data x
is mapped through the encoder (VAE (Kingma & Welling,
2013)) to obtain the latent variable zg = F(xg), which
evolves according to the DDPM (Ho et al., 2020) diffusion
paradigm:

p(z¢|2e-1) = N(Varzi—1, (1 — ay)T), (1)

where z, represents the noisy latent data at timestep ¢ €
[0,T7], a is the coefficient drift schedule generally satis-
fying lim;—,7 oy = 0. From (1), the forward marginal
distribution is:

p(z¢|z0) = N (Vauzo, (1 — ax)I), 2

where oy = szl «;. Assuming the denoising neural net-
work is €y and the condition is y, the loss function is the
variational lower bound of its likelihood, i.e., the KL diver-

gence of the joint probability:

L = KL(q(zo.7)||pe(2z0:1))
, 3)
X Ei e, [l€0 — €0(ze, t,9)]17]

where €, ~ N(0, I). More generally, the reverse sampling
process is as follows:
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where o, is a free variable.

3. Method

In this section, we first analyze the challenges and limi-
tations faced by current research on fine-grained control.
We then discuss the existence and applicability of aggre-
gation operations. Subsequently, we present Proposition
3.1, which reveals the geometric properties of the inference
process, and Proposition 3.2, which guides the final design
of AMDM.

3.1. Analysis

Current fine-grained conditional control models offer lim-
ited controllability and face numerous issues. For example,
given the caption ”A red hair girl is drinking from a blue
bottle of water, oil painting” and corresponding bounding
boxes for positioning control, different models are likely to
show varying performance, as illustrated in Figure 1. Model
A, which receives additional inputs for position information
and actions, excels at accurate positioning and interactions,
achieving high-quality results. However, it struggles with
attribute control and maintaining the oil painting style. Con-
versely, Model B incorporates extra input for position and
attribute information, managing both but not accurately cap-
turing interactions and stylistic elements. Model C refer-
ences the style of an image, enabling precise management
of style characteristics but lacking adequate control over
location and attribute details. The fundamental reason for
these issues lies in the complexity and flexibility of fine-
grained control tasks, which makes it challenging for lim-
ited datasets and specific model architectures to account for
all the intricate features. It is noteworthy that these mod-
els share a common foundation, as they are all based on
the same diffusion process. Recognizing this shared basis,
our objective is to develop an aggregation algorithm that
leverages these commonalities to integrate the distinctive
characteristics of multiple models, achieving fine-grained
conditional control in a more direct and efficient manner.
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Figure 1. Examples of fine-grained conditional control of the same
caption by different models.

Do aggregation operations exist in different diffusion
models? For a latent diffusion model py, the true latent
data manifold along the diffusion process is M;(&) =
{z: € R™ | p(z:) > &}, where an appropriate choice
of & ensures that M, is a set of meaningful data. We
define the generation domain at time ¢ under condition y
as DY (rf,) = {ze € R" | po(z¢ | y) > 7/,}. Since
condrtronal samples are a selection of the unconditional
population, there exists a largest threshold Tﬁ y such that
DY, (rf,) C M,(&). This implies that, given &, the
DG (Tt ') is uniquely determined, and we thus omit the
exphcrt dependence on the threshold for simplicity. Mathe-
matically, the most fundamental requirement for performing
aggregation operations is that all elements must reside in a
shared space. However, in the case of aggregation between
two models, it is evident that data obtained through condi-
tional sampling from pyg, should lie within Dgly , Whereas
data obtained from py, should lie w1th1n DOM. According
to the definition, Dgly1 C Mgy, D 0 % C Mo, which im-
plies that the data from different models can be embedded
into a shared representation space M. This observation
directly leads to the first requirement: M, must coincide
across models, implying that the latent space encoders are
consistent, and the aggregation operations at ¢ = 0 exist.
For t > 0, this naturally leads to the second requirement:
M must coincide across models. In the context of diffu-
sion models, a sufficient condition for this requirement is
that the underlying SDEs are identical. Consequently, we
obtain D’ . D% M, which ensures the existence of

ty1) Tty .
aggregation operations for all time steps ¢.

Which models can achieve fine-grained generation
through aggregation operations? In practice, we expect
the result of the operation to lie within the smaller space
Df N Dt % since only in this space is it possible to faith-
fully incorporate information from both models and achieve
fine-grained generation. In order to achieve aggregation op—

eration at time ¢, it is further required that the domains Do

t,y1
and Df %, of different models possess a non-empty intersec-
tion. First, we observe that application models developed

on top of SD, in addition to satisfying the aforementioned

two theoretical requirements, share several common char-
acteristics in their denoising networks: 1. Additive Archi-
tectures: Typically freeze most or all of the weights of the
original base model and then integrate a new, lightweight,
and trainable network module in parallel. 2. Modified
Architectures: Replace or alter certain layers within the
U-Net while retaining its overall structure. 3. Preserved
Architectures: Fine-tuning is performed with additional
training samples from specific domains while keeping the
overall architecture intact. This indicates that although the
three approaches differ in their denoising network archi-
tectures, they preserve most of the original functionality
and only enhance specific control aspects. Therefore, we
consider these models that satisfy the above properties of
the denoising network and the two requirements as belong-
ing to the same diffusion model ecosystem, indicating that
when given the same input, different models exhibit similar
tendencies. Accordingly, we can believe that there exists
Sunctional proximity: ||pe, (2t,t,y) — o, (ze, t,y)|| < Ly.
When it comes to fine-grained generation, the conditions
y1 and ys describe the same task 7, which means that they
are strongly coupled and semantically consistent, as their
global prompts are at least aligned. This implies that we
can assume conditional proximity: ||y1 — y=2|| < L. Based
on this, it is natural to infer that for two models pg, and py,
within the same diffusion model ecosystem, given two dis-
tinct condition descriptions y; and ys of a fine-grained task,
they are inclined to generate the same samples and pursue a
unified objective. Specifically, we have DO N DO Y 7 9D
Moreover for the noised state at any time ¢, we likewise
have D/* N D! %, 7 . Therefore, models within the same
diffusion ecosystem are capable of achieving fine-grained
generation.

The above analysis suggests that an aggregation operation
exists only when the models are within the same diffusion
model ecosystem. This finding also provides theoretical
support for the validity of other compositional methods and
thus establishes a solid foundation for the design of the
subsequent algorithm.

3.2. Algorithm: AMDM

Spherical Aggregation. To identify a feasible aggregation
algorithm, we need to examine the properties of M;. At the
initial stage t = T, since p(zr) follows a standard Gaussian
prior, it follows from the spherical concentration property
of high-dimensional Gaussian distributions that M is con-
centrated on an (n — 1)-dimensional manifold, namely an
n-dimensional hypersphere. The proof is provided in Ap-
pendix A. For ¢ < T, Chung et al. (2022) demonstrated
that M, is concentrated on an (n — 1)-dimensional man-
ifold, which approximates an n-dimensional hypersphere
as t becomes large. Furthermore, we have the following
proposition:
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Figure 2. Geometry of AMDM (Left) and Deviation Optimization
(Right). The algorithm employs spherical aggregation and devia-
tion optimization to incorporate conditional information during the
initial steps. Subsequently, direct sampling is applied to expedite
the process and generate high-quality images.

Proposition 3.1. Let z} denote the aggregated variable at
time step t. For the sampling step from t to t — 1, two diffu-
sion models py, and py, sample zfil and z?il respectively
from (4). Then, with probability at least 1 — ~, the absolute
difference in norms and the angles are bounded by:
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where o is the angle between zfl_l and zfz_l, and Ly, is the
Lipschitz constant.

cosp >1

The proof is provided in Appendix B. Proposition 3.1 in-
dicates that when different models from the same diffu-
sion ecosystem perform sampling on the same point in
fine-grained tasks, the resulting new variables have approxi-
mately equal norms and small angles between them. Taken
together, we may assert that when ¢ < 7', the sampled vari-
ables lie on a local spherical manifold. Motivated by the
geometric properties of the global sphere at time 7" and
the local spheres at t < T', we propose spherical interpo-
lation for aggregation, which maximizes the retention of
aggregated data on the original manifold while minimizing
deviations:

0 0
z;_, = Slerp(z;*,2,> 1, w)

sin((1 —w)g) o, sin(wep) 4, )
= Ty G141
sin(y) sin(¢p)
where w € [0, 1] is the weighting factor that balances the
contribution of each model. Spherical aggregation integrates

the conditional control information of py, and py,, while
keeping the new variables stable near the manifold.

Deviation Optimization.

01 72
Dt—1,y1 ﬂ Dt—17y2 >

Ideally, we expect z,_; €
but deviations are likely to occur in

practice. Considering the step from ¢ to ¢ — 1, since
po, (2% | 27", y1) is high-dimensional Gaussian, its sam-
ples concentrate in a thin spherical shell around the mean.
Motivated by this, we perform a radial adjustment of z;_,
toward that shell to obtain z;_; € Dfil’yl . This adjustment
alone does not guarantee z;_1 Dfil,yz' Nevertheless, we
show that z;_; belongs to Dfilyy2 with high probability,
which leads to the following proposition:

Proposition 3.2. For the diffusion model py, defined by (4)
and any new intermediate variable z,_, from (7), let:

6
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where nfil is a small optimization step size. There exists
77?11 such thatz;_; € Dtoil,yf Moreover, an approximate
lower bound on the probability that z, 1 € DY

£ 1y, IS given
by:

2
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where d = ¢,(0)0 + nfil and ¢(p) =
w)p/2)/sin(p/2).

The proof is given in Appendix C; a detailed analysis of d is
presented in Appendix E.3; and the geometry of deviation
optimization is illustrated in Figure 2 (Right). Proposition
3.2 shows that z;_; obtained after spherical aggregation can

be corrected into Dfil_ 4, through deviation optimization,
, 0
t—1yz°

Corollary 3.3. The Deviation Optimization (8) can be natu-
rally extended to the deterministic limit oy — 0, which can
be interpreted as aligning the variable onto the manifold
induced by the deterministic flow.

and with high probability can also be corrected into D

Proof sketch. As o — 0, this conditional distribution
p(zt—1|2¢) degenerates from the transition kernel of the
noisy SDE into a Dirac distribution centered on the charac-
teristic trajectory induced by the corresponding ODE vec-
tor field, i.e.,p(zi—1|2t) = 0(zi—1 — Pr—e—1(2t)), where
®,_,;_1 denotes the ODE flow map. Consequently, the con-
centration property in SDEs seamlessly transitions into a
manifold projection property in the ODE.

In this context, deviation optimization pulls the current in-
termediate state back onto the manifold, thereby mitigating
path deviations induced by the aggregation step. It ensures
that the aggregated variable effectively synthesizes infor-
mation from both models while preserving high sampling
fidelity.

Motivated by Propositions 3.1 and 3.2, we combine (7) and
(8) to derive an aggregation algorithm for two diffusion



Algorithm 1 AMDM

Input: models from the same diffusion ecosystem

Doy, Doy, -5 Doy » conditions y1,ys, ..., yn, aggregation
step s, weighting factors wy, wa, ..., wxy—1 and optimiza-

Lz ~ N(0,1)
fort=1T,...,1do
Z?Ll Npel(zgiﬂz?l)yl)
ift > T — s then
zgil ~ Do, (Z$11|Z§ivyi)’i € [2>N]
z, | = Slerp(z! |, ...,20% w1, ..., wn_1)

zy =2~ i i€[1,N]
end if

end for

x41 = Decoder(z{")

Output: x)'

0.
z;—lfﬂfﬁi (2" ,t,y:)

0.
2 —po, (z¢ tyi)ll’

models, comprising two key components: spherical aggre-
gation and deviation optimization. Spherical aggregation
aggregates the conditional control information from differ-
ent models and ensures that the new intermediate variables
remain stable near the manifold, while deviation optimiza-
tion ensures more precise retention on the corresponding
data manifold, enhancing sample quality. The algorithm
iteratively performs spherical aggregation and deviation op-
timization for each model during the first s steps, followed
by direct sampling from pyg, . This algorithm can be readily
extended to multiple models, resulting in the final Aggrega-
tion of Multiple Diffusion Models (AMDM) algorithm, as
shown in Algorithm 1 and Figure 2 (Left), where the spher-
ical aggregation of multiple elements is defined through
successive pairwise aggregation in a fixed order (1,..., N),
i.e., a left-fold recursion.

We perform aggregation only in the first s steps, and sub-
sequently apply a single model py, for inference. This
procedure can be regarded as aggregating the features of
other models into py, , striking a balance between efficiency
and effectiveness. Moreover, note that since (g, (zfi b yi)
can reuse e, (z?i,t, y;) from the previous sampling step,
the deviation optimization introduces only a single mathe-
matical operation with negligible computational overhead,
further reducing inference time.

As for the selection of py,, in order to ensure high-quality
generation in the later stages, it is natural to choose the
model with stronger generative capability as pg,. This
choice can be evaluated using a variety of criteria, such
as quantitative metrics, model size, application universality,
or direct experimental validation.

It is worth noting that although Proposition 3.1 shows that
samples lie on a local spherical manifold under the same

Table 1. Quantitative results on the HOI Detection Score, FID and
CLIP Score across different models.

Method Default} ~ Known ObjectT gy | cLip Score 1
Full Rare Full Rare
MIGC 1687 1805 1784 1902  30.53 27.36
MIGC(+InteracDiffusion)  26.04 2173 27.02 2289  22.32 27.55

InteractDiffusion 29.53  23.02 30.99 2493 18.69 2691
InteractDiffusion(+MIGC) 31.40 24.52 32.76 26.32 18.35 27.18

aggregation point, motivating our spherical aggregation, this
geometric property persists after the deviation optimization
in Proposition 3.2, further demonstrating the correctness of
AMDM algorithm. The corresponding theoretical analysis
and proof are provided in Proposition D.1 and Appendix D,
while numerical validation can be found in Appendix E.2.

4. Experiments

In this section, we aggregate several classic conditional
diffusion models, all of which belong to the same Stable
Diffusion ecosystem, followed by a series of ablation ex-
periments to demonstrate its optimality. The core idea of
our experiment is to demonstrate the effectiveness of the
AMDM algorithm: Given a set of models with varying con-
trol capabilities, we only need to focus on whether the target
model, after aggregating features from other models, can sig-
nificantly enhance its performance in areas of weak control,
while simultaneously introducing only minor performance
trade-offs in its areas of strength. All experiments were
conducted using a single RTX 3090 GPU and experimental
details and additional experiments are provided in Appendix
G.

4.1. Aggregation Experiments

InteractDiffusion and MIGC. InteractDiffusion (Hoe
etal., 2024) is a T2l model that combines a pretrained Stable
Diffusion (SD) model with a locally controlled interaction
mechanism, enabling fine-grained control over the gener-
ated images and demonstrating effective interactivity. MIGC
(Zhou et al., 2024) is a T2I model that employs a divide-
and-conquer strategy, achieving excellent performance in
both attribute representation and isolation of generated in-
stances. InteractDiffusion primarily focuses on controlling
subject-object interactions. However, due to the lack of
explicit constraints on object attributes within the model
architecture and dataset design, it exhibits suboptimal per-
formance in attribute control. To address this, we attempt
to aggregate the features of MIGC py, into InteractDiffu-
sion pg, by applying the AMDM algorithm, introducing
attribute control information, and denoting this as Interact-
Diffusion(+MIGC).

Visual results are shown in Figure 3. It is evident that
aggregating the MIGC model into InteractDiffusion using
our proposed AMDM algorithm significantly enhances its
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Figure 3. Visual results of aggregating MIGC into InteractDiffu-
sion.
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classic, vintage

Figure 4. Visual results of aggregating IP-Adapter into InteractDif-
fusion.

learned representations, leading to a notable improvement
in instance attribute control, and confirming the algorithm’s
effectiveness.

MIGC demonstrates strong attribute control on the COCO-
MIG benchmark (Zhou et al., 2024), while InteractDif-
fusion mainly uses the FGAHOI (Ma et al., 2023) for
Human-Object Interaction (HOI) detection to show its con-
trol over interaction. To further validate the effectiveness
of AMDM, we evaluate whether MIGC(+InteractDiffusion)
can significantly enhance HOI interaction, ideally reaching
the performance level of InteractDiffusion while introduc-
ing only minor trade-offs in attribute control on COCO-
MIG. Conversely, we also examine whether InteractDiffu-
sion(+MIGC) meets the experimental objectives.

The quantitative results of InteractDiffusion(+MIGC) are

Reference

IP-Adapter

MIGC

InteractDiffusion

InteractDiffusion
(+IP-Adapter,
+MIGC)

A girlin black dress is A poncle girl is A boy in red

feedi ¢ Aman in blue shirts
feeding a cat a and pants is sitting on a

girlin dress is  Arinking a blue  sports suit is

reading a red book, a  Dottle of water,  kicking a blue - couch, oil
girl in white clothes is 0il painting sports ball, oil ~ Painting, Vincent van

holding a green cup, Gogh

painting, classic
water color

Figure 5. Visual results of aggregating MIGC and IP-Adapter into
InteractDiffusion.

shown in the first two rows of Table 2. It can be observed
that all metrics have significantly improved in InteractDiffu-
sion(+MIGC) in attribute control. Interestingly, as shown in
the last two rows of Table 1, it even surpasses the original
InteractDiffusion model in terms of interaction. Similarly,
the first two rows of Table 1 and the last two rows of Table
2 show that MIGC(+InteractDiffusion) achieves significant
improvements across all metrics in interaction capability
control, while incurring only minor trade-offs in attribute
control, thereby validating the effectiveness of the algo-
rithm.

InteractDiffusion and IP-Adapter. IP-Adapter (Ye et al.,
2023) is a lightweight 121 model that employs a decoupled
cross-attention mechanism to separately process text and
image features, enabling multimodal image generation. Due
to its superior performance in preserving the style of the ref-
erence image, we propose integrating the style information
from IP-Adapter py, into InteractDiffusion py, , denoted as
InteractDiffusion(+IP-Adapter). The experimental results
are shown in Figure 4. It can be observed that IP-Adapter
enhances the style representations of InteractDiffusion, fully
activating its style controllability, which further validates
the effectiveness of the algorithm.

InteractDiffusion, MIGC and IP-Adapter. Furthermore,
we attempt to aggregate the attribute features from MIGC



Table 2. Quantitative results on the COCO-MIG benchmark and CLIP Score across different models.

Optimization

Method ‘ Instance Success Rate (%) 1 ‘ mloU Score (%) T ‘ CLIP Score 1
‘ Lo Ls Ly Ly Lg Avg ‘ Lo Ls Ly Ls Lg Avg ‘Global Local
InteractDiffusion 37.50 35.62 3531 30.62 34.16 34.06 | 3298 31.63 30.82 28.29 3040 3040 | 31.09 27.56
InteractDiffusion(+MIGC) | 62.29 54.33 56.31 53.87 52.89 54.78 | 5430 4637 4844 47.65 46.64 47.74 | 32.81 28.96
MIGC 64.06 56.04 5843 56.00 49.89 5546 | 5443 4933 5048 48.67 44.74 48,53 | 32.78 28.61
MIGC(+InteractDiffusion) | 60.00 50.20 50.46 48.25 46.97 49.78 | 52.58 4427 4339 42.67 4150 43.69 | 32.41 28.55
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Figure 6. Metrics of spherical aggregation and linear aggregation
under different aggregation steps.

Do, and the style features from IP-Adapter py, into Interact-
Diffusion py, to evaluate the effectiveness of the AMDM
algorithm. The experimental results are presented in Figure
5.

4.2. Ablation Studies

We first attempt a comparison with linear aggregation of In-
teractDiffusion(+MIGC) which has been of broad interest in
compositional generation and the results are shown in Figure
6. It can be observed that when the number of aggregation
steps is small (s < 5), linear aggregation performs slightly
better than spherical aggregation. However, as the num-
ber of aggregation steps increases, spherical aggregation
significantly outperforms linear aggregation across various
metrics. This is because, with more aggregation steps, the
cumulative error due to the deviation in the data manifold
becomes increasingly larger in linear aggregation, which
negatively impacts the image quality. As shown in Figure 7,
the characteristic of manifold deviation in linear aggregation
is evident. In contrast, spherical aggregation consistently
minimizes the deviation of the aggregated variables from the
spherical manifold, preserving the quality of the final image

w/o Deviation
Optimization

Spherical
Aggregation

Deviation
Optimization

Figure 7. Visual results of deviation optimization for spherical
aggregation and linear aggregation under different aggregation
steps.

as much as possible. The deviation optimization further
enhances the image quality, demonstrating its effectiveness.
A more detailed discussion of linear compositional methods
can be found in the Related Work and Appendix F.

We conduct experimental analyses on the absolute value of
the norm difference, the angle, and §, thereby validating
the correctness of Proposition 3.1 and Proposition D.1. The
results are provided in Appendix E.2 and Appendix E.3.
Moreover, as shown in Figure 6, the effectiveness of spheri-
cal aggregation consistently increases over time and remains
almost entirely on the manifold, further validating our in-
ference regarding the local spherical manifold in spherical
aggregation.

We also investigated the optimization step of deviation opti-
mization, with experimental results shown in Table 3. Ob-
viously, when the optimization step is set to 0.3, the best
performance is achieved across all metrics. Moreover, the
results outperform those achieved with 50 aggregation steps
without optimization.

Finally, we conduct ablation studies on the aggregation at



Table 3. Ablation results of different deviation optimization steps on COCO-MIG benchmark in InteractDiffusion(+MIGC).

Deviation Optimization Step | Instance Success Rate (%) 1 | mloU Score (%) 1 | CLIP Score ¢
| Lo Ly Ly Ly L¢ Avg | Ly Ly Ly Ls Lg  Avg | Global Local

0 61.56 52.08 5375 51.62 51.87 53.18 | 5476 45.09 4636 4548 4579 46.62 | 31.09 27.56

0.1 57.60 53.26 53.89 5240 52.08 5326 | 53.27 4553 4686 4631 4580 46.83 | 3143 27.87

0.2 59.62 5427 54.06 51.25 5229 5340 | 52.71 4632 47.17 44.68 4574 46.59 | 31.92 2845

0.3 62.29 5433 56.31 53.87 52.89 54.78 | 5430 46.37 4844 47.65 46.64 47.74 | 32.81 28.96

0.4 61.34 53.62 5532 5222 5250 5396 | 53.46 4621 46.82 4526 46.23 46.78 | 32.23  28.55

0.5 5830 5343 55.14 51.76 51.76 53.27 | 52.88 45.03 46.52 4495 4551 46.14 | 31.15 27.78

Table 4. InteractDiffusion(+MIGC) with total 20 steps sampling
and s=10.

Aggregation Stage ISR (avg) T Default (Full) ¢ FID |
tog — t1o 54.78 31.40 18.35
tis = ts 50.14 27.53 22.96

T
AMDM

T
AMDM

T
AMDM

Figure 8. Visual Results of Table 4.

different stages of the AMDM algorithm. As shown in
Table 4 and Figure 8, the best results are achieved when
aggregation occurs during the initial stages of sampling. At
other stages, especially the final ones, this leads to a notice-
able drop in generation quality, with weaker control over
attributes and interactions. More experimental results are
provided in Appendix H. This supports the claim that diffu-
sion models initially focus on generating features such as
position, attributes, and style, while later stages emphasize
quality and consistency.

5. Related Work

Fine-Grained Generation. Beyond text-driven models
(Nichol et al., 2022; Ramesh et al., 2022; Li et al., 2024b;
Podell et al., 2024), research is increasingly moving to-
ward finer-grained conditional control. A classical route
is personalization-controlled generation—covering style
(Sohn et al., 2023; Hertz et al., 2024; Chen et al., 2024a),
subject (Li et al., 2024a; Shi et al., 2024; Jiang et al., 2024;
Ye et al., 2023), person (Xiao et al., 2024; Giambi & Lisanti,

2023; Peng et al., 2024), and interactive generation (Huang
et al., 2023b; Guo et al., 2024; Hoe et al., 2024). Another
focus is spatial control (Li et al., 2023; Cheng et al., 2023;
Nie et al., 2024; Zhou et al., 2024), which uses bounding
boxes or regions as additional conditions to enforce spatial
constraints. More recently, several studies have pursued
direct fine-grained multimodal control (Huang et al., 2023a;
Smith et al., 2023; Gu et al., 2024; Kumari et al., 2023), but
these approaches typically require extensive multi-condition
datasets and increasingly complex model architectures.

Compositional Generation. Some recent works (Du
etal., 2020; Liu et al., 2022; Du et al., 2023; Du & Kaelbling,
2024; Garipov et al., 2023; Bradley et al., 2025; Thornton
et al., 2025; Skreta et al., 2025a; He et al., 2025; Skreta
et al., 2025b) aim to create new distributions by combin-
ing different distributions, commonly using techniques such
as linear weighted score, followed by simulated annealing
or other optimization methods. Other works (Biggs et al.,
2024; Oh et al., 2025; Wang et al., 2025) attempt to combine
models by applying weighted interpolation to their parame-
ters. However, this approach requires that the models share
an identical architecture, which significantly restricts its
applicability. A more in-depth comparison of our AMDM
and its relation to compositional generation methods can be
found in the Appendix F.

6. Conclusion

This paper proposes a novel AMDM algorithm designed for
fine-grained generation, which consists of two main com-
ponents: spherical aggregation and deviation optimization.
Experimental results demonstrate the effectiveness of the
AMDM algorithm, revealing that diffusion models initially
prioritize image feature generation, shifting their focus to
image quality and consistency in later stages. The algorithm
provides a new perspective for addressing fine-grained gen-
eration challenges: We can leverage existing or develop new
conditional diffusion models that control specific aspects,
and then aggregate them using the AMDM algorithm. This
eliminates the need for constructing complex datasets, de-
signing intricate model architectures, and incurring high
training costs.
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A. Concentration of Measure Theorem for High-Dimensional Independent Normal Distribution

Lemma A.l. Let X = (X1, Xs, ..., X,,) be an n-dimensional random vector where each component X; is independently
and identically distributed as N (0, 0?). Then, as the dimension n increases, the norm || X || of X is concentrated around
V/no. Specifically, for any small ¢ > 0 and sufficiently large n,

71.62
P (|IX] = vno| < evno) > 1 —2e” 15, (10)
This means X will concentrate near the hypersphere of radius /no with high probability.

Proof. First, we consider the squared norm of a random vector X : || X||? = X? + X2 + ...+ X2. Since X; ~ N(0,0?),
it follows that Y = || X[|? /0% ~ x2(n).

Using the Chernoff bound of the chi-square distribution:

P(Y > (1+6)n) < e gl0-W0+] (11)
P(Y < (1=06)n) < e zl-0-In(=9)] (12)
where ¢ > 0 is a small value. According to In(1 + §) < g%ﬁg andIn(1 —0) < -6 — %, we can deduce that:

P(|X|? > (1+68)no®) = P(Y > (1+6)n)
2 13
< egiz%%%gj, ( )
P(IX|* < (1= 8)no®) = P(Y < (1 - 8)n)

ns?

<e 14 (14)
ns2
< e 1T+,
Giventhe /146 <1+ %, we have:
6
P(IX[| = (L + 3)vno) < P(|X]| = V(1 +6)vno) as)
< e__zf%§%77
which indicates that: )
4nd
P(IX]| = (14 8)y/no) < ¢ i¥m
ns? (16)
< e T
Also, given the /1 — 6 > 1 — §, we have:
P(IX] < (1 =9d)vno) < P(|X]| < V(1 - 6)Vno) an
f; 6474(1i2).
Let € = 0/2, and then organize equations (16) and (17):
7LE2
P (||IX] = vVno| < ev/no) > 1 —2e” 15, (18)

which concludes the proof.

B. Proof of Proposition 3.1

Proposition 3.1. Let z; denote the aggregated variable at time step ¢. For the sampling step from ¢ to t — 1, two diffusion
models pg, and py, sample zfil and zfil respectively from (4). Then, with probability at least 1 — +, the absolute difference
in norms and the angles are bounded by:

4
zgt || — [|z2 || < Lt+L92LT+2aM/2ln;, ()
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0 0 ’
1Ze2 111 + llze2 [

cosp > 1—

- ! (6)
0 < Ly+ Lo,Lr + 044/2 (n+2,/nln +2ln>.
Y Y
where ¢ is the angle between zfl_l and zfil, and Ly, is the Lipschitz constant.
Proof.
According to (4), we have:
2?1_1 :H91(z;7t7y1)+0t€1a (19)
(2| = o, (2}, t,y2) + or€a.
Then, the difference between the norms is:
27 | = 1282 11| = [[leso, (20,2, 51) + orenll — |0, (2, y2) +0t62ll‘
= ||/1'91 (Z;7t7y1) + Utel” - ||l1/92 (ngta yQ) + O-t61||
+ b0, (24 t,2) + o€ = 120, (21,1, y2) + ovesl|
(20)
< |0, (2, t,0) + o€ = aay (71,1, y2) + ve|
o+ |10, (2, £, 92) + ovesl| = [0, (74,1, y2) + vl
< HIJ’91 (ngt’yl) — Mo, (Zivt’y2>|| + ||[,L92(Z;,t,y2) + Utel” - Hp’oz (Zivtay2) + Ut€2H .
For the first term of (20):
Hy’91 (Z:htvyl) — Mo, (ngta y2)||
:HIJ’91 (Z:‘,v ta yl) — Mo, (Z:H ta yl) + o, (Z;a ta yl) — Mo, (Z;7 t7 y2)|| (21)

§HN01(227t,y1) - “92(Z£7tﬂy1)|| + Hll’Oz(z;»tvyl) - N02(227tay2)”
SLt + ”l"ﬂz(zéatvyl) - HGQ(Zg,tayQ)H'

Due to the presence of dot-product self-attention and layer normalization, the U-Net architecture with Transformer modules
in diffusion models cannot satisfy global Lipschitz continuity (Kim et al., 2021; Castin et al., 2024; Qi et al., 2023). However,
note that in || g, (2}, ¢, y1) — e, (2}, ¢, y2)||, the conditions y; and y, belong to the same fine-grained task setting. Therefore,
within this setting, the U-Net architecture admits a local Lipschitz bound Ly, with respect to the conditioning variable.
Hence:

[keo, (24, t, y1) — pos (24, 1, y2) |
<L:+ ||u92(z2,t,y1) - HGQ(ZQatayQ)H
<Lt + Lo, [lyr — y2|
<L+ Lo, L~

(22)

For the second term in (20), it intuitively measures the distance between two samples generated by pg,, which admits a
controllable upper bound. More formally, define the norm function f : R™ — R with respect to noise €:

f(E) - ||ll/92 + JtEHa (23)
the Lipschitz constant derivation:
1) = FI) = [l + ox|| = ln + oy ll] < (10 + 00x) = (1 + ouy)|| = ol x = ¥ 24)
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Thus, f(-) is oy-Lipschitz. For € ~ N(0,I), applying the Gaussian Concentration Inequality for Lipschitz functions
(Theorem 5.1.3 in (Vershynin, 2018)):

P () -] 2 v) < 2600 (~ 1) 2s)

t

Lety = [f(e1) — f(e2)], then:
v < |f(er) —E[fl + | f(e2) — E[f]]. (26)

To bound v < 2u with probability 1 — -y, we bound the failure probability P(vy > 2u):

P(y = 2u) < P(|f(e1) = E[f]| = u) + P(|f(e2) — E[f]| = u)

u2 u2
< 2exp ( ) + 2exp ( M) @7
= 4exp< )

Set the failure probability to v and solve for the threshold 2u:

u? ol u? 4

Substituting u back into the bound 2u:

/ 4
‘H,u'@z (Z;7ta y2) + Ut&lH - ||IJ’92 (Z;at7y2) + UtEQ”‘ < 20t 2In ; (Wp > 1- ’Y) (29)
Therefore,
4
4]l = 24| < Lot Loy Le 420020~ (wp. > 1-9). (30)

Denote ¢ is the angle between zfl_l and zfil, then

0 0
I e e [ e e [
cosp =
2|z, || [122
Iz 1 + 122 1> — ||z — 22, ]
> 5 5 €1y
Iz 1% + [|z¢2 |
0 0
4 1z Ly — 22,
= 0 0 ’
lze2 (2 + (122, [
let§ = ||z7"
0= ||l"’91 (Z:t?t’yl) — Mo, (Z:57t7y2) + Ut(el - 62)” (32)
< Li+ Lo Ly + loi(en — €)].
To analyze the term ||o.(€; — €2)]|, we first define Z = H% = 1|le1 — €|, which follows a Chi-squared distribution

X2(n). Then, using the Laurent-Massart Bound for x?(n) (Laurent & Massart, 2000), for any u > 0:
P (Z >n+2vdu+ Zu) < exp(—u). (33)

Setting u = In(1/~), we have with probability at least 1 — ~y

1 1 1
—llow(er —€)|*=Z <n+2/nln—+2In—. (34)
20} v v
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Thus:

1 1
llot(e1 — €2)]| So’t\/Q <n—|—21/nln7+21n7). (35)

Therefore:
2
20— 7f
cospz 1 =TI
2 2+ 82, 56
52
Iz |12 + [|z¢2 4 |12
where § < Ly + Lo, L, + ot\/Z (n +2,/ninl +2In %) (wp. >1—7).
which concludes the proof.
C. Proof of Proposition 3.2
Proposition 3.2. For the diffusion model py, defined by (4) and any new intermediate variable z;_; from (7), let:
-~ Zlf — Mo Z01>t7y1
Zi 1= Z;,1 _ fi1 t—1 1( t ) (8)

9 b
Hzi—l — Mo, (Zt17t7y1)H

where 779 is a small optimization step size. There exists 77 ;suchthatz;,_; € D%
bound on the probability that z;_; € DY

t21,,,- Moreover, an approximate lower

21,4, 1S given by:

2
02 d
n(et L ﬁ)

P(Zt IEDt 1y2)21—2€xp — , (9)
1+2 (Gt 1~ 4 )
o/n
where d = ¢, ()0 + 7715011 and ¢, (¢) = sin((l - w)gp/2)/sin(<p/2)_
Proof.
(1) The existence of nfil such that z;_; € DfiLyl:
We begin by defining the spherical shell as the high-probability set of py, (zfil \ zfi Ui )
Al (ely) {‘Ilzt L — ko, (20 )|l — Vo | < el 1fat} (37)
where ft 1= SUP{E =>0: At 1,y:(€) © Df 1 yl(Tfh)}-
Note that:
0 1 % —ne ey ty)?
2
Vz;71p01 (z2_1|zt1,y1) = Wv L le 20
, o) . (33)
_ _#ef Hzt_1*u92(:t2t syl Z271 _ M@(Zgl t, y1)
@ro?)" p -
Therefore,
= 0, Zi_1— po(zy* t,y1)
Zt—1 = Zy_q1 — t—1 ||z/ L (Zel t y )H
-1~ Mo y Uy Y1
t—1 t 39)

Vz;71p91 (Z;—l |Z§1 ) yl)

7 .
IVar, . po, (21 |2, 1) |

_ 01
=Zy_ 1 TNy
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This indicates that Z,_; is obtained from z, , by moving 7" , units in the radial direction opposite to pg, (z,_; | z°*, ).
Then, it suffices to ensure that:

Iz, 1 — po(2e* ty1)l| = nfty — Vnoy | < €t Vno, (40)

from which we obtain:
||Z£—1 - M@(ztelatvyl)u - \/ﬁo’t - efl—l\/ﬁat
<t < 41
||Ziltfl - u@(zflatayl)u - \/{Eo't + 6?171\/’[;0},

thus, we have Z;_; € At 1y © Df 1,51 » Which completes the proof of existence.
(2) The approximate lower bound on the probability that z,_; € Dt 1yt
By the triangle inequality, for any zt 1 € At 1,4,> We have:

21— 22| < 20— 22 | 4l (42)

From proposition 3.1, we assume that zfl_l H ~ zfil H ~ 1(_1, then, the chord lengths satisfy:
Z,_, — Z?LH =2r_ sin((l—2w)so)7 0= Zfl_l — ZfilH =211 sin(%). (43)
Dividing the two identities yields:
71— 2| = 0u9) 8 duly) = W (44)

Combining (42) and (44), denote d = ¢, () § + nfil and We can obtain the bound:
dist (-1, A2, ) < d. (45)
So, we can also refer to d as the maximum distance to py,. This implies that, if:
| ||Zf31 — po, || — Jt\f’ (Q 1 d/Ut\/ﬁ)Ut\/ﬁv (46)
then B (zf 15 ) c A2, ., Therefore:
P(aaeDp,,,)=P(a1eAl,,)
> P (|22, = osll — oov/m| < (€2, -

2
n (Efil - G’t%)
142 (et ) a,,dﬁ)

?/E)Ut\/ﬁ)

Ot

(47)

The first line follows from z, ; € A%, v & Dfi1,y2’ and the third line follows from Lemma A.1, which concludes the
proof.
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D. Geometric Properties of AMDM

The following proposition shows that the points obtained by applying the deviation optimization in (8) within the AMDM
algorithm also lie on a local spherical manifold; therefore, spherical interpolation remains applicable.

Proposition D.1. Ler z; denote the aggregated variable at time step t. For the AMDM step from t to t — 1, the deviation
optimization is first performed via (8) using diffusion models pg, and py,, followed by sampling according to (4) to obtain
zfl_l and zfil, respectively. Then, with probability at least 1 — v, the absolute difference in norms and the angles are

bounded by:
4
2§y || = [12{2 ||| < L¢ + Lo, L + LY 0" + Li2n?” + 201200 . (48)

52
b
222y 112 + []272, |12

1 1
§ < Ly + Lo, L. + LI'nf* + Lyn? +Ut\/2 <n+21/nln +21n).
Y Y

According to the definition of AMDM, deviation optimization is introduced in the step from ¢ to ¢ — 1. Based on (4) and (8),
the sampled variable zfil after deviation optimization can be expressed as:

cosp >1—

(49)

Proof.

) 0. 0. ) Z/ _“Qi(zei at+15y)
Zfil = Mo, (Zfl’t, yz) + Ot€4, Z?Z = Zé + di7 dl = 7771;“ Hzf m (z;j_l t+ 1 yl)” : (50)
t— MO \%¢11> s Yi

Then, the absolute difference in norms is:
224 = 1221 = [Iles0, (£ 90) + ver]] = lla (72 £, 92) + el

< HH& (Zflﬂtvyl) - ”’92(2?27tv y2)|| + ||“’92(2?2at7y2) + 02561” - ||M92(i?27tay2) + Ute?” .

(51)
For the first term of (51):
H“91 Zt 7t 1 Mo, \Zy 7t y2)||
= t’
Hl’l’91 Y1 (52)

(z{ ) — o, (2]
( ) _/J/01( t,y1)+[.L91<Z,/5,t,y1) _“92(Z;7t y2)+[,l,92(Z;,t y2) _N02(2f2’t?y2)”
SH“’&( ) yl) - I"Lel( 2 by yl)” + H/J'92(Z;7t y2) HOZ(Zt )L y2)|| + H/‘L91 (Zt7t yl) p’ez(zéﬂt7y2)||
SH/J'Ql(zt )4 yl) uel(ztvt yl)” + H/J’92(Ztat y2) H02(Zt )4 y2)|| + L + L92L

Practically, the denoising network g, (+) is composed of standard neural network operators (e.g., Linear layers, LayerNorm,
SiLU) with finite weights, and is differentiable almost everywhere. Therefore, within a small neighborhood induced by the
optimization step size nf *, we assume that the input Jacobian remains bounded. Hence, there exists a local constant L%
such that HIJ/GL (i) — Mo, (Z)’

o, (20"t 91) — o, (2}, t,31)|| < LI |20 — z}]|
= Ly [|d, | (53)
= Lyt

Similarily, ||pa, (292, t, y2) — pe, (2, t,y1)|| < L%n?2. Hence, (52) can be simplified:
||p’91 (itel a2 yl) — Ko, (Zfza t, yQ)H < Lglntel + L227]1592 + L+ LazLT' (54)
For the second term of (51), by applying the result in (29), we obtain that:

- N / 4
||N92 <Z§27tay2) + UtGIH - ||IJ’92 (Z?27t7y2) + Ute?”‘ < 20y 2In ; (Wp >1- 7) (55)
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For §:

0 0
0= llzely — 224 ||

= Hl”l’el (Zfl )T yl) — Ko, (Zan t, y2) + Ut(el - 62)” (56)
<o, (27"t 91) — 10, (202, 1, 40) || + |ow (€1 — €2)]|-
Accordding to (54) and (35), then:

1 1
§ < Loiph +L22n52+Lt+L92LT+0t\/Q <n+2”nln+2ln> (wp. >1—7) (57)
Y v

which concludes the proof.

Proposition D.1 shows that the AMDM algorithm shares similar geometric properties with those described in Proposition
3.1, in the sense that the generated samples also lie on the same local spherical manifold. Moreover, the introduction of the
deviation optimization strategy leads to a more pronounced improvement in sampling quality. Relevant numerical results are
provided in Appendix E.

E. Statistical analysis
E.1. Gaussianity in latent space

(Chung et al., 2022) have shown that M, is concentrated on an (n — 1)-dimensional manifold, which approximates an
n-dimensional hypersphere as ¢ becomes large. Motivated by this property and proposition 3.1, the AMDM algorithm
performs spherical aggregation in order to reduce manifold deviation. Next, we focus on the statistical characteristics of the
distribution p(z;), in particular its first and second-order moments, to validate the appropriateness of the hyperspherical
approximation in the large ¢ regime.

The continuous form of (1) can be rewritten as:

1
dz; = — S gizdt + grdwy, (58)

We can use equations (5.50) and (5.51) (Sarkkd & Solin, 2019) to derive the relationship between the mean and variance of
(58) as they evolve over time:

dm 1 1
O E |:2gt2zt:| = *ggf?mv (59
dP 1 1
- _ERE|=Z 2 _ T E|-= 2 _ T 21
" [ 59 %t(2t — m) } + { 590 (ze —m)z; | +9g; 60)
= —giP+g I
The solutions are:
m(t) = m(0)e ™% Jo 94 1)
P(t) = I+ (P(0) — I) e Jo o2, (62)

where g; = /B, and we set 3, to follow the linear schedule in SD (Rombach et al., 2022). For m(0) and P(0), since the
data z\"” € [—1,1], it follows that m(0)® € [—1,1] and P(0)® € [0, 1). Therefore, we consider the extreme case with
m(0) = 1 and P(0) = 0. The resulting mean and variance of p(z;) as functions of time are shown in Figure 9.

From Figure 9, it can be observed that when ¢ > 0.6, the mean rapidly converges to O while the variance rapidly converges
to 1, approaching a standard Gaussian distribution. When the Gaussianity of M, is well-behaved, implying that the global
geometry exhibits desirable spherical characteristics, it is both reasonable and natural to regard two vectors with a small
angular separation and equal magnitudes as lying on a local sphere.
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Figure 9. Statistical properties of p(z:) over time.

E.2. Numerical Analysis of the Experiments for Proposition 3.1

To assess the validity of Proposition 3.1, we log intermediate variables from InteractDiffusion(+MIGC) and report them
in Table 5 and Figure 10. During the first s = 20 aggregation steps (¢ = 50 to t = 30), ’||zf1 | — ||z H’ ~ 0 and ¢ is
small, which directly supports the analysis of Proposition 3.1. This behavior is expected for the following reasons. At
initialization (¢ = 50), both trajectories are sampled from the standard Gaussian and thus have numerically almost identical
magnitudes; the subsequent single-step denoising from ¢ = 50 — 49, although performed by different models, introduces
only a small variations, so the magnitudes remain nearly equal. Moreover, the small variations in the angle ¢ and in the
difference norm § = ||z7* — z%2|| further indicate that the per-step generative error is well controlled. Once aggregation
takes effect, zfl_l and zf2_1 start from the common aggregation point z}, undergo small deviation optimization, and are then
sampled separately; because the aggregation point is shared, the deviations are limited, and each sampling step introduces
only a small error (conditional proximity and functional proximity), the magnitudes remain almost equal. Taken together,
these observations justify the equal-norm assumption throughout the aggregation process.

E.3. Maximum distance term

In Proposition 3.2, we derived the approximate lower bound of the probability:
2
n (6?2_1 - a‘til/ﬁ)
142 (efil - —mdﬁ)

where the key quantity is the maximum distance to the model, given by d = ¢, (¢) § + nfil. The numerical value of d

P (zt_l e Dfil,yz) >1—2exp | — , )

directly determines whether the optimized variable zfl is likely to lie on the data manifold of model 65, thereby enabling
fine-grained generation. Theoretically, the smaller the value of d, the higher the likelihood. To this end, we separately
n sin((l—w)<p/2) ‘

analyze ¢, () = —smi/n - andd = ‘
For ¢,,(¢), we first examine the variation of the angle ¢ over time. The detailed experimental results can be referred to in the
Table 5 and Fig 11a. At the initial step ¢ = 50, since random points in high-dimensional Gaussian space are almost orthogonal,

the angle satisfies p ~ 5. Att = 49, a single sampling step of the model introduces only a negligible perturbation, so

0, 05
2y T 2%
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Figure 11. Variation of angle and the difference norm.

 remains essentially unchanged. Subsequently, following an argument similar to the analysis of difference of norm in
Appendix E.2: since zfl_l and zfil are both derived from the common aggregation point z;, and then undergo deviation
optimization and independent sampling, these operations only introduce small perturbations, implying that ¢ also stays
small. Expanding ¢,,(¢) in a Taylor series gives ¢,,(¢) = (1 — w) 4+ O(©?). Since ¢ is very small, the higher-order terms

can be neglected, yielding ¢,,(¢) ~ (1 — w). In summary, at the initial step, ¢.,(¢) ~ ¢ (3) = V2 sin(%) <1,
whereas after aggregation, ¢,,(¢) ~ (1 — w) < 1. Thus, we conclude that ¢,,(¢) < 1.

21



Table 5. Values of different intermediate variables over time in InteractDiffusion (+MIGC)

t ) ‘zflfzfz Hzfl f‘zfQ
50 1.5781 181.3750 0.0000
49 1.5791 181.2500 0.0000
48 0.0000 1.3086 0.0625
47 0.0312 1.3125 0.0625
46  0.0312 1.3281 0.0625
45 0.0000 1.3652 0.0625
44 0.0312 1.4219 0.0625
43 0.0000 1.5244 0.0625
42 0.0312 1.5625 0.0625
41 0.0312 1.6426 0.0000
40  0.0000 1.7812 0.0625
39  0.0000 1.8926 0.0000
38 0.0312 2.0586 0.0000
37  0.0000 2.2402 0.0000
36 0.0000 2.3730 0.0000
35 0.0000 24258 0.0000
34 0.0312 2.4707 0.0000
33 0.0000 2.5508 0.0625
32 0.0000 2.6309 0.1250
31 0.0312 2.7324 0.1250
30 0.0312 2.8184 0.1250
29  0.0000 1.6904 0.1250
28 0.0312 2.9727 0.2500
27 0.0312 4.2734 0.3125
26 0.0442 5.5273 0.3750
25 0.0625 6.7500 0.4375
24 0.0699 7.9648 0.5625
23 0.0884 9.1797 0.6250
22 0.0884 10.4141 0.6875
21 0.1083 11.6406 0.6875
20 0.1127 12.8750 0.7500
19 0.1327 14.1250 0.7500
18 0.1467 15.3750 0.8125
17 0.1595 16.6406 0.8125
16 0.1655 17.9219 0.8750
15 0.1877 19.2500 0.9375
14 0.2004 20.5938 0.9375
13 0.2146 21.9219 1.0625
12 0.2280 23.2500 1.0625
11 0.2467 24.5781 1.1250
10 0.2603 25.9219 1.1875
9 0.2786 27.2656 1.2500
8  0.2959 28.6094 1.3125
7 03137 29.9844 1.3125
6 03352 31.3906 1.3750
5 0.3540 32.8438 1.4375
4 03733 34.4062 1.4375
3 0.3967 36.1875 1.5625
2 04353 38.8125 1.5625
1 0.4365 38.9688 1.5625

For 4, the specific experimental values are provided in the Table 5 and Figure 11b. Based on a similar analysis as above, it
can be inferred that at the initial steps ¢ = 50 and ¢ = 49, the vectors are generated by random sampling, leading to a large
magnitude of their difference. In subsequent steps, however, since both vectors originate from the same aggregation point of
the previous step and the following operations introduce only small perturbations, the magnitude of their difference becomes
significantly smaller.

In summary, only after the first aggregation optimization may the variable zZ;_; deviate from D%{l 4+ 1N the subsequent
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aggregation steps, however, Z; ,,, remains, with high probability, within Df “»» thereby fully incorporating the characteristics
of different models and enabling fine-grained generation. This observation is also intuitive: since the initial sampling is
performed from two random points that are relatively far apart, it is difficult for the first aggregation to lie simultaneously on

the manifolds of both models at step 7" — 1.

In addition, we conducted 10 additional tests with different random seeds. The results show that the angle ¢ and the

0, 0, ‘

difference of norm ‘ |20 — |22 ||‘ remain nearly identical across experiments, while the difference norm ‘ z,' — 2,2,

fluctuates only within 4+-1. Hence, the above analysis can be regarded as robust.

F. Comparison with Compositional Methods

Compositional generation aims to synthesize complex new samples that simultaneously satisfy multiple attributes or concepts
by combining information from multiple different distributions. In the context of diffusion models, this is often achieved
by combining the score functions V, log p;(z) of the noise processes from different models to simulate a new reverse
stochastic differential equation (SDE).

Du et al. (2023) proposed an energy-based framework for compositional generation, where the scores from multiple models
are summed to approximate the score of the joint distribution, that is:

\% 1Og pPoE Z \Y% IOg pz

and the corresponding target distribution is the Product of Experts (PoE):

Ppog () o sz

Sampling is performed using MCMC methods such as Langevin dynamics or HMC. However, these approaches are heuristic
in nature, lack theoretical guarantees, and incur high computational costs.

Skreta et al. (2025a) introduce the Feynman-Kac Corrector (FKC) framework, which provides a principled approach to
sampling from modified target distributions:

anneal

Annealed: p;";

1
Product: p™(z) = 7, a4 (2)q; (x),

1
Geometric Avg: 770 (z) = ——ql (2)' P¢?(x)”.
tﬁ() Zf(/B) t() t()

They derive weighted SDEs:
day = (= fi(a;) + 07 Vlog pi(@y))dt + o1 d W,

and apply Sequential Monte Carlo (SMC) to correct sample trajectories. This framework generalizes classifier-free guidance
(CFG) and improves inference-time controllability.

Thornton et al. (2025) introduce a novel framework that distills pretrained diffusion models into energy-parameterized
models, where the score function is expressed as the gradient of a learned energy s(z,t) = —V;Eg(x,t). To address
training instability common in energy-based models, they propose a conservative projection loss that distills the score
function from a pretrained teacher model:

InginEpt [HVEQ(.T,t) + Steacher(xat)”2] .

This energy formulation enables the definition of new target distributions for sampling. Specifically, in compositional
generation tasks, they define a composed distribution as the product of multiple submodels:

(z) x Hexp(—Ei( = exp ( ZE )
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which implies that the composed score is equivalent to the sum of individual scores:

Viogp(r) = =Y VEi(x) =3 silw).

2

This resembles the linear score composition used in prior works such as projective composition, but, unlike those methods,
which plug the summed scores directly into the reverse diffusion equation.

Bradley et al. (2025) provide a theoretical foundation for projective composition. Assuming a Factorized Conditional
structure, they show:

Vlogp(z) = Z Ve logpi(z) — (k — 1)V, log py(x).

where py,(x) is the background distribution (as in the unconditional model). This combination corresponds to a Bayesian
fusion distribution:
[L; pi(2)

ST e

This enables direct reverse diffusion sampling without correction under appropriate assumptions. Furthermore, they
generalize to feature space combinations, where orthogonal transformations z = A(x) can preserve compositionality.

Skreta et al. (2025b) leverage the Itd density estimator to dynamically weight the score functions of different models,
yielding a new generative vector field. Given M diffusion models with score functions V log qi(z), SUPERDIFF defines:

M ) .
ur(x) =Y ki(x) Vg g; ().
=1

In the OR mode (mixture of densities), the weights are defined by a softmax over the estimated log-densities:

exp (T - log gi(z) + ()
Zj exp (T -log gl (x) +£) ’

allowing the combined model to generate samples consistent with any of the component models. In the AND mode
(intersection of densities), the weights are obtained by solving a linear system such that all log-densities evolve consistently:

a) =

M d

Z Ky (x) . log ¢; () ~ constant across %,
T

i=1

enforcing agreement among models and producing samples that satisfy all constraints simultaneously. Finally, the sampling
process follows the reverse-time SDE:

dx‘r = ( - fl*‘r(x‘r) + gff'rur(x'r))dT + gl*TdWTv

which yields samples representing either the union (OR) or the intersection (AND) of the underlying model distributions.

To further compare the differences in task adaptation, we also provide compositional methods with the same fine-grained
input and conduct compositional experiments on both MIGC and InteractDiffusion. The results are compared with the
AMDM method and presented in Table 6.

From equation (4), we observe that the linear combination of different z; from various models corresponds to the linear
combination of their predicted noise, which is proportional to the score. Therefore, the linear combination in AMDM can
be interpreted as a linear combination of scores, which is actually similar to the compositional methods. As shown in our
aggregation ablation study of AMDM in Figure 7, linear combination performs worse than spherical aggregation. This
is because, in fine-grained generation, the data lies on a spherical manifold, and spherical aggregation better preserves
generation quality. Although Du’s method (Du et al., 2023) applies Langevin dynamics to improve sample quality after
linear aggregation and achieves good results, it comes with substantial computational overhead. Similarly, SUPERDIFF
(Skreta et al., 2025b) reduces manifold deviation from a methodological perspective and achieves favorable performance.
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Table 6. Composition of MIGC and InteractDiffusion on the COCO-MIG Benchmark and HOI Detection Score

Method Instance Success Rate Avg  mloU Score Avg T Default (Full) T Time (s) |

Du et al. (2023) 45.14 40.03 19.23 42.6

Bradley et al. (2025) 47.82 42.71 22.23 12.9

Skreta et al. (2025a) 46.35 41.25 21.74 13.6

Skreta et al. (2025b) 46.56 41.81 23.15 15.5
InteractDiffusion(+MIGC) 54.78 47.74 26.04 8.8 (single model 7.5s)
MIGC(+InteractDiffusion) 49.78 43.69 31.40 9.4

However, in fine-grained generation scenarios, its "AND” mode requires solving a system of linear equations, which
introduces additional overhead. Moreover, Bradley’s work (Bradley et al., 2025) theoretically proves that linear score
combination only yields high-quality results when the compositional conditions lie in orthogonal feature spaces. However,
fine-grained generation typically involves nearly identical conditions, which clearly violates this assumption, providing
theoretical support for the observed experimental results.

Finally, we conduct a simple compositional generation experiment (2D Composition Mixture) to illustrate the limitations
of AMDM in compositional generation. The experimental results are shown in Table 7. The reason for the failure of
the AMDM algorithm is also quite simple: AMDM is only applicable under the approximate high-dimensional Gaussian
distribution; for general distributions, spherical aggregation and deviation optimization fail. It is clear that AMDM differs
significantly from other combination methods in terms of application scenarios.

Table 7. Comparison of AMDM and Du 2023 under a non-Gaussian distribution

Method In(MMD) | LL+ Var)
AMDM 351 243 0.032
Du et al. (2023) -4.48 1.30  0.007

G. Experimental Details
G.1. Evaluation Metrics

COCO-MIG Benchmark (Zhou et al., 2024) assesses the enhancement in attribute metrics. The COCO-MIG Benchmark
is based on the COCO-position layout, where each instance is assigned a color attribute, requiring the generated instances to
satisfy both position and color constraints. The process includes sampling layouts from COCO and categorizing layouts
into five levels (L2-L6) based on the number of instances. Then, colors are assigned to each instance, global prompts are
constructed, and a test file containing 800 entries is generated. The COCO-MIG metrics primarily include Instance Success
Rate and mIoU Score. The Instance Success Rate measures the probability of each instance being generated correctly, while
mloU Score calculates the average of the maximum IoU for all instances; if the color attribute is incorrect, the IoU value is
set to 0. Since the MIG-Benchmark does not contain interactive prompts, we set the ”action” input in the InteractDiffusion
model to "and”.

FGAHOI (Ma et al., 2023) can measure interaction controllability. We use the FGAHOI model based on the Swin-Tiny
architecture, as an HOI detector to evaluate the model’s ability to control interactions. HOI Detection Scores are categorized
into two types: Default and Known Object. The Default setting is more challenging, as it requires distinguishing between
irrelevant images.

CLIP (Hessel et al., 2021) is the CLIPScore of the generated images with captions of the image prompts.

G.2. Parameter Settings

InteractDiffusion and MIGC. The total sampling steps 7 are set to 50, the aggregation step s is set to 20, the weighting
factor w is set to 0.5 and the optimization steps nf ! and nf % are both set to 0.3. We use InteractDiffusion v1.0, and MIGC is
modified to use the DDIM sampling method to align with the same diffusion process.
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InteractDiffusion and IP-Adapter. The total sampling steps 1" are set to 10, the aggregation step s is set to 5, the weighting
factor w is set to 0.5, ip scale is set to 0.8 and the optimization steps 77? ! and 77? 3 are both set to 0.3. We utilized IP-Adapter
based on SD1.5 while keeping InteractDiffusion unchanged.

InteractDiffusion, MIGC and IP-Adapter. The pretrained models for the three architectures remain consistent with those
mentioned above. The total sampling step 7' is set to 10, an aggregation step s set to 5, and weight factors w; and wy set to
0.5 and 0.65. The optimization steps nte ', nte %, and nf % are all simply set to 0.3, respectively.

G.3. Additional Experiments

In order to further evaluate the style features, we additionally provide CLIP scores also on COCO validation set for reference.
Table 8 shows a significant improvement in the aggregated style control from 0.533 to 0.581, nearly reaching the performance
of IP-Adapter, also demonstrating the effectiveness of AMDM.

Table 8. CLIP scores for InteractDiffusion(+IP-Adapter).

Method CLIP 1
InteractDiffusion 0.533
InteractDiffusion(+IP-Adapter) 0.581
[P-Adapter 0.588

In the main experiments, we have used different diffusion versions to validate the generality, which are also within the same
diffusion model ecosystem: the IP-Adapter model is based on SD1.5, while InteractDiffusion and MIGC are based on SD1.4.
Additionally, we conducted experiments using SDXL-based InteractDiffusion and IP-Adapter. SDXL and SD 1.4/1.5 use
different VAE encoders, meaning that they are in the different diffusion model ecosystem. Building on this, we additionally
conduct experiments on models from the SDXL ecosystem to further validate the generality of the AMDM algorithm. We
also used CLIP to evaluate style features. As shown in Table 9, the style control significantly improves from 0.545 to 0.597,
nearly reaching the performance of IP-Adapter. Because AMDM operates exclusively on the intermediate latent variables
z; of the diffusion process rather than on the parameterization of noise prediction, it is intrinsically decoupled from both
e-prediction and v-prediction. Consequently, as long as the latent z, at the same time step ¢ is accessible, the method can be
seamlessly paired with different prediction parameterizations and samplers without modifying model weights or training
objectives, demonstrating broad applicability and portability.

Table 9. CLIP scores for InteractDiffusion(+IP-Adapter) based on SDXL.

Method CLIP 7t
InteractDiffusion 0.545
InteractDiffusion(+IP-Adapter)  0.597
[P-Adapter 0.613

Finally, we conduct experiments using InteractDiffusion based on SD1.4 and MIGC based on EDM sampling. Compared
with DDPM, EDM adopts a different noise schedule, and therefore the two models belong to different diffusion model
ecosystems. We use this experiment to validate the analysis in Section 3.1, which states that aggregation occurs within
the same diffusion model ecosystem. As shown in Table 10, when the two models are not derived from the same SDE,
the AMDM algorithm fails: the generated images exhibit poor quality and deviate from the data manifold, since the two
data domains do not lie on the same M, making aggregation inapplicable. This is because, as analyzed in Section 3.1,
aggregation operations can only occur between models within the same diffusion model ecosystem. This constraint arises
from mathematical properties and also constitutes a fundamental principle that other compositional methods must adhere
to. In contrast, works such as (Biggs et al., 2024; Oh et al., 2025; Wang et al., 2025) impose an additional restriction,
requiring identical denoising networks. From this perspective, AMDM does not impose specific constraints on the design of
the denoising network. Given that many recent works build upon the same pretrained models for secondary development,
these requirements are relatively easy to satisfy in practice, which endows AMDM with broad applicability and extends its
potential to a wider range of application scenarios.
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Table 10. Quantitative results in different diffusion model ecosystems on the COCO-MIG benchmark and CLIP Score in InteractDiffu-
sion(+MIGC).

Method \ Instance Success Rate (%) 1 | mloU Score (%) t | CLIP Score 1
| L Ls Ls  Ls L Avg | Ly Ls Ly Ls L¢  Avg | Global Local
InteractDiffusion 37.50 3562 3531 30.62 34.16 34.06 | 3298 31.63 30.82 2829 3040 30.40 | 31.09 27.56

InteractDiffusion(+MIGC) | 20.03 18.67 1845 15.62 1629 18.13 | 17.64 1638 15.60 13.25 1498 15.03 | 14.77 1391

MIGC ‘67.7() 59.61 58.09 56.16 56.88 5843 | 5939 5273 5145 4952 4989 5148 | 33.01 2895

H. Visual Results of Table 4

To better demonstrate that diffusion models initially focus on generating coarse-grained features such as position, attributes,
and style, while later stages emphasize quality and consistency, we further visualize the experiment where s = 5.

Figure 12. Different stages of the AMDM when aggregation steps are s = 5.

From Figure 12, it becomes even clearer that when aggregation occurs in the later stages, especially once the diffusion
model begins focusing on detail generation, applying the aggregation algorithm at that point induces manifold deviation,
causing a sharp deterioration in generation quality.

This further supports our conclusion that diffusion models initially focus on generating coarse-grained features such as
position, attributes, and style, while later stages emphasize quality and consistency.

I. Limitations and Future Work

We propose a novel aggregation algorithm AMDM. This algorithm is specifically designed for fine-grained generation tasks
within the same diffusion model ecosystem. The theoretical assumptions in this work (functional proximity, conditional
proximity, and local Lipschitz continuity) are primarily tailored to fine-grained tasks, and this is empirically supported by
our observations. These assumptions form the key distinction of AMDM from existing compositional diffusion approaches.
Although it do not provide global guarantees, and we leave the development of more relaxed theoretical foundations to
future work. In addition, the selection of the hyperparameter 7 in the AMDM algorithm is largely heuristic. In future work,
we will investigate dynamic adaptive selection strategies that are grounded in data-driven criteria or theoretical analysis to
enhance the method’s robustness and generalization.

J. Broad Impacts

We advocate against injecting harmful features into high-quality models to prevent the generation of socially harmful
images.
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K. Additional Visual Results

MIGC

InteractDiffusion

InteractDiffusion
(+MIGC)

Aman in blue clothes A man in white suitis Aman in red suitis ~ Amanin suit  Aman in green clothes A man in army green

is holding a brown  milking a black cow ~ holding a biue bag, a s washing agreen s repairing a red truck, is inspecting a
baseball glove, a man man in black suitis  train amanin clothes airplane

in white clothes is carrying a is repairing a red truck

wearing a suitcase

baseball glove

Figure 13. Additional visual results of aggregating MIGC into InteractDiffusion applying the AMDM algorithm.
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Reference

IP-Adapter

InteractDiffusion :

InteractDiffusion
(+1P-Adapter)

. . L . . . S . A qirl is answering a A Woman is holding a
Aman is carrying Agirlis holdinga  Aboy is reading ~ Adgirl is holding a hg —gb K book, awoman is holding
a suitcase, pixel ball, style painting a book, anime 40!l a teddy bearis - phone, cyberpun

L a bottle, a woman is
sitting on a desk, a o .
man is using a laptop, holding a newspaper, ink

post-Impressionism painting

Figure 14. Additional visual results of aggregating IP-Adapter into InteractDiffusion applying AMDM algorithm.
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IP-Adapter

MIGC

InteractDiffusion

InteractDiffusion
(+IP-Adapter,
+MIGC)

.- - .
A girl in black Aman in green Amaninwhite ~ Acowboyinjean  Ablonde girlis Amaninblue
dress is holdinga  J2°Ket Pefvidd  shirts and pants is jacketisridinga  drinking a blue  shirts and pants s
black suitcase, 0l 2 i biue pants i [ding @ blue bike, brown metal bottle of water, ~ Sittingona
inti pants Is - horse, st K ot i h, il paintin
painting carryingabrown  0il painting Orse, Sleampunk, | painting gouch, ol painting,
- : with steam- Vincent van Gogh
suitcase, pixel art
powered gadget
in the
background,

metal, carriage

Figure 15. Additional visual results of aggregating MIGC and IP-Adapter into InteractDiffusion applying the AMDM algorithm.
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L. Use of LLMs

We have carefully reviewed the paper for spelling, grammar, punctuation issues using LLMs.
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