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Abstract

Training frontier-scale diffusion models often requires sub-
stantial computational resources concentrated in tightly-
coupled clusters, limiting participation to well-resourced
institutions. While Decentralized Diffusion Models (DDM)
enable training multiple experts in isolation, existing ap-
proaches require 1176 GPU-days and homogeneous train-
ing objectives across all experts. We present an efficient
framework that dramatically reduces resource requirements
while supporting heterogeneous training objectives. Our
approach combines three key contributions: (1) a hetero-
geneous decentralized training paradigm that allows ex-
perts to use different objectives (DDPM and Flow Match-
ing), unified at inference time without any retraining; (2)
pretrained checkpoint conversion from ImageNet-DDPM to
Flow Matching objectives, accelerating convergence and
enabling initialization without objective-specific pretrain-
ing; and (3) PixArt-α’s efficient AdaLN-Single architec-
ture, reducing parameters while maintaining quality. Ex-
periments on LAION-Aesthetics show that, relative to the
training scale reported for prior DDM work, our approach
reduces the compute by 16× and data by 14×. Under
aligned inference settings, our heterogeneous configuration
achieves better FID and higher intra-prompt diversity than
the homogeneous baseline. By eliminating synchronization
requirements and enabling mixed DDPM/FM objectives,
our framework makes decentralized generative model train-
ing accessible to contributors with single GPUs requiring
only 24–48GB VRAM.

1. Introduction
Training frontier-scale diffusion models [2, 25, 27, 28] of-
ten requires hundreds of GPU-days on tightly-coupled clus-
ters [23], concentrating capability within well-resourced in-
stitutions. This infrastructure barrier can limit broader par-
ticipation in foundational model development.

Recent work on decentralized diffusion models
(DDM) [21] offers a promising direction by demonstrating

that multiple expert models can be trained in complete
isolation on disjoint data partitions and later combined
for high-quality generation. However, this framework as-
sumes homogeneous training objectives across all experts,
requiring coordination that may be impractical in truly
decentralized settings where contributors operate indepen-
dently with different resources, preferences, and technical
constraints. Moreover, the computational requirements
remain prohibitive, with the original DDM requiring 1176
A100-days for training on 158M images [21].

We present a heterogeneous decentralized diffusion
framework that embraces the diversity inherent in dis-
tributed AI development. Our key insight is that different
diffusion objectives, DDPM’s ϵ-prediction [10] and Flow
Matching’s velocity-prediction [18, 19], induce comple-
mentary specialization patterns. By deliberately training
experts with different objectives in complete isolation, we
achieve greater generation diversity than homogeneous al-
ternatives while maintaining semantic coherence.

To address the computational barrier, we introduce an
efficient checkpoint conversion strategy that leverages pre-
trained ImageNet diffusion models [25]. We demonstrate
that visual features learned under DDPM objectives [10]
transfer effectively to Flow Matching formulations [18, 19],
enabling faster convergence without requiring objective-
specific pretraining. Combined with architectural optimiza-
tions from PixArt-α [1], specifically AdaLN-Single con-
ditioning that reduces parameters by 30% while maintain-
ing quality, our approach achieves strong generation results
with dramatically reduced resource requirements.
Contributions. We make three primary contributions that
advance decentralized diffusion model training:

• Heterogeneous Decentralized Training: We extend
the DDM framework [21] to support mixed diffusion
objectives, specifically DDPM [10] and Flow Match-
ing [18, 19], across fully isolated experts. Building
on parameterization analyses relating ϵ- and velocity-
prediction [13, 29], we derive a schedule-aware determin-
istic conversion at inference time without any retraining,
enabling seamless integration of heterogeneous experts.
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A peacock displaying its colorful feathers A small, cute teddy bear wearing a white
dress and a flower in its hair

A reminiscent of the Hudson River School
style painting of a large house with a

beautiful garden

A dark silver car model with MILLER
MOTORCARS in the background

A delicious stack of pancakes topped with
fresh berries and nuts

A northern lights dancing over snowy
mountains

A butterfly landing on blooming flowers Woman wearing a black dress and a red
scarf

Figure 1. Text-to-Image Generation with Heterogeneous Decentralized Diffusion. Our framework combines multiple expert models
trained with different objectives (DDPM and Flow Matching) in complete isolation to generate high-quality, diverse images from text
prompts. All samples are generated at 256×256 resolution using 8 experts trained on LAION-Aesthetics with only 72 A100-equivalent
GPU-days of compute.

• Efficient Architecture with Checkpoint Initialization:
We adopt PixArt-α’s AdaLN-Single conditioning [1] for
each expert that achieves 30% parameter reduction while
maintaining quality. We further demonstrate that pre-
trained ImageNet-DDPM checkpoints [25] can be effec-
tively initialized for flow matching training [18] through
architectural component transfer and layer reinitializa-
tion, achieving 1.2× faster loss reduction.

• Scalable Decentralized Training: Through heteroge-
neous objectives, architectural efficiency, and pretrained
initialization, and relative to the training scale reported
for prior DDM work [21], we reduce compute from 1176
to 72 A100-equivalent GPU-days (16×) and data from
158M to 11M images (14×), while each expert requires
only 24–48GB VRAM for single-GPU deployment with-
out specialized interconnects.

Our experimental evaluation on LAION-Aesthetics [30]
demonstrates that decentralized training exceeds monolithic
approaches. Using 8 DiT-B/2 [25] experts trained in com-
plete isolation on LAION-Art, we achieve 23.7% FID im-
provement [8] over a centralized baseline at matched ag-
gregate compute following McAllister et al. [21]. Under
matched inference settings with 8 DiT-XL/2 experts, hetero-

geneous experts (2DDPM:6FM) improve both FID (11.88
vs. 12.45) and intra-prompt diversity (LPIPS [37] 0.631 vs.
0.617) relative to homogeneous experts (8FM). By elimi-
nating synchronization requirements, our framework broad-
ens the range of resources and training objectives that can
participate in decentralized model development.

2. Related Work

Diffusion and Flow Matching. DDPM [10] introduced ϵ-
prediction for iterative denoising, extended to latent space
by LDMs [27] and scaled via DiT [25]. VDM [13] ex-
presses the diffusion loss in terms of the signal-to-noise
ratio, and Kingma & Gao [12] show that different objec-
tives correspond to different noise-level weightings — an
analysis we use in Section 3.3 to motivate complemen-
tary specialization. Flow Matching [16, 18, 19] learns ve-
locity fields for continuous transport, enabling straighter
trajectories; Diff2Flow [31] bridges DDPM and FM via
timestep rescaling. Unlike these single-model methods, we
enable heterogeneous training where experts use different
objectives independently, and fuse their predictions through
inference-time, schedule-aware alignment.
Decentralized and Efficient Training. Decentralized and
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federated learning enable training across distributed nodes
without centralized coordination [14, 20], with practical
emphasis on communication efficiency [3, 33–35, 38].
Training efficiency for monolithic diffusion models has ad-
vanced through improved noise schedules [4, 5], parameter-
efficient architectures [1], parallel score learning across
time sub-intervals [6], distillation [22, 29], consistency
models [7, 32], fast sampling [11, 36], and distributed par-
allel denoising [17]. DDM [21] trains isolated experts on
clustered data and ensembles them via a router, eliminating
high-bandwidth interconnect requirements but requiring ho-
mogeneous objectives across all experts. We extend DDM
by (i) enabling heterogeneous objectives, so experts may
train with DDPM or Flow Matching without coordination;
and (ii) supporting pretrained backbone transfer, reusing
existing checkpoints under a new objective.

3. Method
We present decentralized diffusion models with heteroge-
neous objectives that enable fully independent training of
expert models without any gradient, parameter, or activation
synchronization. Our framework builds upon decentralized
flow matching theory [21], in which independently trained
experts are combined via a learned router at inference time.
We extend this foundation to support mixed diffusion ob-
jectives — experts may train with either DDPM or Flow
Matching — by introducing a deterministic conversion that
maps all expert predictions into a velocity space for unified
sampling. To make decentralized training practical at scale,
we further adopt an efficient architecture and a checkpoint
initialization strategy that together reduce both parameter
count and convergence time.

3.1. Decentralized Flow Matching
Following the decentralized Flow Matching formulation of
McAllister et al. [21], we decompose the velocity field
across K expert models trained on disjoint data partitions.
The key theoretical foundation is that the marginal flow
can be expressed as a weighted combination of conditional
flows:

ut(xt) =

K∑
k=1

pt(k|xt) · u(k)
t (xt), (1)

where u
(k)
t (xt) is the velocity predicted by expert k trained

only on cluster Sk, and pt(k|xt) is the posterior probability
that xt belongs to cluster k.

We partition the dataset D into K semantic clusters
{S1, S2, . . . , SK} using DINOv2 [24] features, extracting
1024-dimensional representations and applying hierarchical
k-means clustering. This produces semantically coherent
partitions (e.g., portraits, landscapes, architecture) that en-
able meaningful expert specialization. Each expert θk then
trains exclusively on its assigned cluster Sk without any

communication with other experts, optimizing its assigned
diffusion objective independently.

The router network ϕ learns to approximate pt from
noisy inputs:

pϕ(k|xt, t) = softmax(Routerϕ(xt, t))k, (2)

trained with cross-entropy loss against ground-truth cluster
assignments. At inference, the router dynamically selects
and combines experts based on the noisy input and timestep.

3.2. Heterogeneous Objectives and Conversion
We extend the decentralized framework to support het-
erogeneous training objectives: n experts train with Flow
Matching and m experts with DDPM, exploiting their com-
plementary strengths. At inference, all predictions are
mapped into a shared velocity space via deterministic con-
version (Figure 2), enabling seamless ensemble without
retraining. We assign experts to either ϵ-prediction or
velocity-prediction objectives:

DDPM Experts predict the noise ϵ added during the for-
ward process:

L(k)
DDPM = Ex0∈Sk,ϵ,t

[
∥ϵθk(αtx0 + σtϵ, t)− ϵ∥2

]
, (3)

where αt, σt follow a cosine schedule for stable training.
The forward process corrupts the clean data x0 by pro-
gressively adding Gaussian noise ϵ ∼ N (0, I) accord-
ing to the noise schedule, producing noisy observations
xt = αtx0 + σtϵ at timestep t. The model ϵθk is trained
to predict the noise component ϵ from xt, which can then
be used to estimate the clean signal by inverting the linear
forward map.

Flow Matching Experts directly predict velocity fields:

L(k)
FM = Ex0∈Sk,ϵ,t

[
∥vθk(xt, t)− (ϵ− x0)∥2

]
, (4)

where xt = (1 − t)x0 + tϵ represents the linear interpola-
tion between clean data x0 and Gaussian noise ϵ ∼ N (0, I).
Following the rectified flow framework [19], we parameter-
ize the probability path with t ∈ [0, 1], where t = 0 corre-
sponds to the data distribution and t = 1 to the noise dis-
tribution. The model vθk learns to predict the velocity field
v(xt, t) =

dxt

dt , which for our linear interpolation yields the
target velocity ϵ− x0.

At inference, we unify predictions through schedule-
aware deterministic conversion. Starting from the DDPM
forward process xt = αtx0 + σtϵ, we recover an estimate
of the clean sample by inverting the linear map:

x̂0 =
xt − σtϵθk(xt, t)

αt
. (5)
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Input
xt, t, c

Router
pϕ(k | xt, t)

Expert 1
DDPM

ϵθ1 (xt, t, c)

Expert 2
FM

vθ2 (xt, t, c)

Expert K
FM

vθK
(xt, t, c)

Schedule-aware conversion to v

Convert to v:
v(1) =

dαt
dt x̂0 +

dσt
dt ϵθ1

where x̂0 =
xt−σtϵθ1

αt

Convert to v:
v(2) = vθ2 (xt, t)

Convert to v:
v(K) = vθK (xt, t)

Fuse:
ut(xt) =∑K

k=1 pϕ(k|xt, t) · v(k)

ODE Step
xt−∆ = xt −
∆ · ut(xt)

Figure 2. Inference Pipeline for Heterogeneous Expert Fusion. Given noisy input (xt, t, c), the router predicts cluster probabilities
pϕ(k|xt, t) to weight expert contributions. DDPM experts output epsilon predictions while Flow Matching experts output velocity predic-
tions. Schedule-aware conversion functions deterministically unify all predictions into a common velocity space v(k) without retraining,
enabling router-weighted fusion ut(xt) =

∑K
k=1 pϕ(k|xt, t) · v(k) for ODE-based sampling.

For any choice of schedule functions αt, σt, substituting x̂0

back defines a deterministic path through the model’s cur-
rent estimates:

x̃t(x̂0, ϵθ) = αtx̂0 + σtϵθ(xt, t). (6)

Differentiating with respect to t while treating x̂0 and ϵθ
as fixed at their current-timestep values gives the velocity
along this path:

v(xt, t) ≡
dx̃t

dt
=

dαt

dt
x̂0 +

dσt

dt
ϵθ(xt, t). (7)

For the linear interpolation schedule αt = 1− t, σt = t, we
have dαt

dt = −1, dσt

dt = 1, so Eq. (7) simplifies to

v(xt, t) = ϵθ(xt, t)− x̂0. (8)

This is the data-to-noise velocity matching the FM target
v = ϵ− x0; during sampling we integrate from t=1 to t=0
via xt−∆t = xt − v · ∆t. To ensure numerical stability,
we clamp predicted x̂0 to [−20, 20] for VAE latents, use
αsafe = max(αt, 0.01) in Eq. (5), and apply adaptive veloc-
ity scaling that dampens converted predictions at elevated
noise levels where schedule derivatives become large.

3.3. Implicit Timestep Weighting Across Objectives
To analyze why mixed objectives can be complementary,
we compare the effective timestep weighting induced by ϵ-
prediction and velocity prediction under the same variance-
preserving (VP) perturbation family xt = αtx0 + σtϵ
with α2

t + σ2
t = 1 (following the parameterization anal-

ysis of Kingma et al. [13]). Although our FM experts in
Eq. (4) use linear interpolation, this calculation isolates the
objective-induced weighting effect; we show in the Remark
below that the conclusion holds for linear interpolation as
well.

Notation. In this subsection, v = αtϵ − σtx0 denotes the
diffusion v-parameterization of Salimans and Ho [29], not
the ODE velocity field v(xt, t) used elsewhere in the paper
for sampling.

Proposition 1. Let Lϵ(t) and Lv(t) denote per-timestep
MSE losses for ϵ-prediction and velocity prediction, respec-
tively. Writing both losses in terms of clean-sample estima-
tion error yields

Lϵ(t) = E
[
wϵ(t) ∥x̂(ϵ)

0 − x0∥22
]
, wϵ(t) =

α2
t

σ2
t

, (9)

Lv(t) = E
[
wv(t) ∥x̂(v)

0 − x0∥22
]
, wv(t) =

1

σ2
t

. (10)

Hence
wv(t)

wϵ(t)
=

1

α2
t

. (11)

Proof. For ϵ-prediction, inverting the forward process gives
x̂
(ϵ)
0 = (xt − σtϵθ)/αt (Eq. (5)), so

ϵθ − ϵ =
αt

σt
(x0 − x̂

(ϵ)
0 )

=⇒ ∥ϵθ − ϵ∥22 =
α2
t

σ2
t

∥x̂(ϵ)
0 − x0∥22, (12)

which proves Eq. (9).
For velocity prediction, the target is v = αtϵ − σtx0 [29].
Under the VP constraint α2

t + σ2
t = 1, the clean sample

is recovered via x̂
(v)
0 = αtxt − σtvθ, since αtxt − σtv =

(α2
t + σ2

t )x0 = x0. Then

vθ − v =
x0 − x̂

(v)
0

σt

=⇒ ∥vθ − v∥22 =
1

σ2
t

∥x̂(v)
0 − x0∥22, (13)
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which proves Eq. (10). Dividing gives Eq. (11). □

Remark. Since αt ≤ 1, the ratio wv/wϵ = 1/α2
t ≥ 1,

with equality only at t = 0 and diverging as αt → 0 (high
noise). Velocity-prediction experts therefore receive rela-
tively stronger gradients at high-noise timesteps, creating
natural complementary specialization with ϵ-prediction ex-
perts that are relatively upweighted at low noise.

Moreover, this ratio depends only on αt, not on the spe-
cific schedule: under linear interpolation (αt = 1 − t,
σt = t) one obtains wv/wϵ = 1/(1 − t)2, recovering the
same 1/α2

t structure. Thus the complementary weighting
applies directly to our FM experts, not only to the VP fam-
ily analyzed above.

3.4. Efficient Expert Architecture
Each expert employs a Diffusion Transformer (DiT) [25]
adapted with PixArt-α optimizations [1]. The model pro-
cesses 32× 32× 4 VAE latents [27] using 2× 2 patch em-
bedding to create 256-token sequences.

AdaLN-Single Conditioning. This module [1] computes
all layer-wise adaptive modulation parameters through a
single global computation rather than per-block MLPs.
Given timestep embedding τ(t) ∈ Rd, the global modu-
lation is computed as:

c = MLPglobal(τ(t)) ∈ R6d, (14)

producing a single shared vector that is broadcast to every
transformer block. Per-block differentiation comes from a
learned embedding Eb ∈ R6×d; the six modulation vectors
for block b are

[βmsa
b , γmsa

b , αmsa
b , βmlp

b , γmlp
b , αmlp

b ] = c[6×d] +Eb, (15)

where c[6×d] denotes c reshaped to 6 × d. This reduces
parameters by approximately 30% for text-conditioned DiT-
XL/2 while maintaining quality.

Transformer Block Architecture. Each block implements
adaptive layer normalization with gated residual connec-
tions:

h1 = h+ αmsa
b · MSA(LN(h)⊙ (1 + γmsa

b ) + βmsa
b ),

(16)

h2 = h1 + CrossAttn(LN(h1), etext), (17)

h′ = h2 + αmlp
b · FFN(LN(h2)⊙ (1 + γmlp

b ) + βmlp
b ),

(18)

where LN denotes layer normalization without learnable
affine parameters, MSA is multi-head self-attention, and
αb parameters act as learnable gates controlling each sub-
layer’s contribution.

For classifier-free guidance during inference, we ran-
domly drop conditioning with probability pcfg = 0.1 dur-
ing training, using null embeddings obtained by encoding

the empty string through the frozen CLIP text encoder for
unconditional generation.

Initialization Strategy. Following Chen et al. [1], the per-
block embeddings Eb are initialized with N (0, 1/

√
d) to

maintain gradient scale, while the MLPglobal linear layer
uses N (0, 0.02) weights with zero bias, ensuring initial
forward passes approximate an identity function. Cross-
attention output projections are zero-initialized to stabilize
early training when incorporating text conditioning.

3.5. Efficient Checkpoint Conversion for Experts

A critical challenge in scaling DDM is computational cost.
We address this by converting pretrained ImageNet DiT
checkpoints [25] to Flow Matching for accelerated conver-
gence. This leverages the insight that low-level visual fea-
tures learned under DDPM objectives remain valuable for
alternative formulations like Flow Matching, despite differ-
ent training targets.

Our conversion methodology transfers all core architec-
tural components while reinitializing objective-specific lay-
ers:

θ
(l)
expert =



θ
(l)
DiT if l ∈ {patch embed, blocks,

final layer.linear}
sin-cos(grid) if l = pos embed
N (0, 0.02) if l = text proj
∅ if l = class embed

(19)
Patch embeddings, transformer blocks, and the final layer’s
linear projection are fully transferred to preserve learned
spatial and temporal dynamics. Positional embeddings are
reinitialized with fixed sinusoidal-cosine encoding follow-
ing PixArt-α’s loading convention. Text projection is newly
initialized, and class embeddings are removed.

A key technical consideration is timestep compatibility
between objectives. DiT models expect timesteps in [0, 999]
while Flow Matching uses t ∈ [0, 1]. Rather than modify-
ing pretrained weights, we implement runtime scaling that
preserves the learned sinusoidal timestep encoding and sub-
sequent MLP:

tDiT =

{
999 · t if t ∈ [0, 1] (Flow Matching experts),
t if t ∈ [0, 999] (DDPM experts).

(20)
Since DiT’s timestep module uses sinusoidal positional en-
coding followed by a learned MLP (rather than a discrete
embedding table), it naturally handles continuous-valued
inputs. This approach maintains temporal reasoning capa-
bilities acquired during pretraining while adapting seam-
lessly to different noise schedules used by heterogeneous
objectives.
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Inference Strategy FID-50K ↓

Monolithic (single model) 29.64

Top-1 30.60
Top-2 22.60
Full Ensemble (all experts) 47.89

Improvement vs. Monolithic 7.04

Table 1. FID-50K (lower is better) comparing monolithic train-
ing and decentralized multi-expert training with different inference
strategies on LAION-Art. All models use the DiT-B/2 architecture
(129M parameters per expert).

4. Experiments
We evaluate our framework on LAION-Aesthetics [15]
through three sets of experiments: (1) efficiency of decen-
tralized multi-expert training compared to monolithic train-
ing under iso-FLOP conditions; (2) effectiveness of pre-
trained checkpoint conversion for accelerating convergence;
and (3) comparison of heterogeneous versus homogeneous
objectives under aligned inference settings. We evaluate
generation quality using FID-50K on a held-out 50K test
set following [21]. Unless otherwise noted, comparisons
use matched inference settings (CFG= 7.5, 50 steps) on
this same holdout split.

4.1. Experimental Setup
We train on a subset of 11M LAION-Aesthetics images.
Each expert trains on semantically clustered data partitions
obtained via DINOv2 [24] features. We train at two scales:
DiT-B/2 (129M parameters per expert) for the monolithic
comparison in Section 4.2, and DiT-XL/2 (605M parame-
ters per expert) with PixArt-α’s AdaLN-Single conditioning
for all other experiments.

For the XL/2 experiments, we evaluate two configura-
tions: a homogeneous baseline where all K=8 experts
use Flow Matching objectives (8FM), and a heteroge-
neous configuration where experts 0 and 3 are assigned
DDPM objectives and the remaining six use Flow Match-
ing (2DDPM:6FM). All experts train in complete isolation
without gradient, parameter, or activation synchronization.
At inference, a learned router selects experts per timestep
via Top-1, Top-K, or Full. Preprocessing and training hy-
perparameters are provided in the supplement.

4.2. Monolithic versus DDM
We compare our decentralized multi-expert approach
against a monolithic baseline on LAION-Art (3.9M im-
ages). The monolithic model trains a single DiT-B/2 on the
entire dataset, while our approach distributes training across
8 independent experts on semantic clusters (<500K images
per expert). To ensure fair comparison, we match the aggre-

(a) From Scratch

(b) Pretrained Initialization

Figure 3. Impact of Pretrained Checkpoint Conversion. Com-
parison of generated samples after 75K optimization steps using
the text prompt “a red car in front of the tree”.

gate computational budget following [21]: the monolithic
batch size of 256 becomes a per-expert batch size of 32,
ensuring equivalent total FLOPs. Both train from scratch
without pretrained checkpoints. For this evaluation, all ex-
perts are trained with Flow Matching objectives.

At inference, we evaluate different expert combination
strategies. Top-K uses a learned router to select the K
most confident experts per step, combining predictions via
weighted averaging. Full Ensemble combines all 8 experts
with router-weighted contributions, incurring higher com-
putational overhead.

Results show Top-2 achieves FID 22.60, outperforming
the monolithic baseline by 7.04 points (23.7% improve-
ment), demonstrating that strategic expert selection lever-
ages specialized knowledge more effectively. Full Ensem-
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Method Data Compute FID@50K↓

DDM [21]† 158M 1176 A100 days 5.5–10.5

Ours (Homo) 11M 72 A100 days 12.45
Ours (Hetero) 11M 72 A100 days 11.88

Table 2. Baseline Comparison. Resource comparison against
DDM. Both of our rows use the same aligned inference settings
(CFG= 7.5, 50 steps). Compute is in A100-equivalent GPU-
days; our experiments use A40 48GB GPUs (120 A40 GPU-days
total, normalized via measured training throughput). †The FID
range 5.5–10.5 is estimated from results at varying training FLOPs
in McAllister et al. [21]

ble underperforms (FID 47.89), suggesting that indiscrimi-
nate combination introduces prediction conflicts. Selective
expert activation proves crucial for superior performance at
this scale.

4.2.1. Resource Efficiency
Table 2 places our results in the context of the model scale
reported for prior DDM work [21]. Relative to that re-
ported scale, our approach reduces compute from 1176 to
72 A100-equivalent GPU-days (16×) and data from 158M
to 11M images (14×). Note that the DDM FID range of
5.5–10.5 is achieved at substantially larger training scale
and data; our numbers are therefore not directly comparable
in absolute FID terms, but illustrate that competitive gen-
eration quality is attainable at a fraction of the resources.
Under our homogeneous baseline, we achieve 12.45 FID.
Introducing heterogeneous objectives further improves FID
to 11.88, demonstrating that objective diversity provides an
additional quality gain at no extra training cost.

4.2.2. Impact of Pretrained Checkpoint Initialization
We validate checkpoint conversion effectiveness by com-
paring models at 75K optimization steps. Figure 3 shows
that models initialized with converted ImageNet check-
points generate substantially higher-quality samples than
those trained from scratch. Validation loss confirms 1.2×
faster loss reduction (see supplement), demonstrating effec-
tive transfer of visual priors across objectives. Pretrained
models produce sharper details and better semantic align-
ment, while scratch-trained models exhibit artifacts and
lower fidelity.

4.3. DDPM→FM without Training
We investigate converting DDPM experts to FM objectives
without retraining, enabling flexible expert combination at
inference time for heterogeneous DDM deployment.

4.3.1. Conversion Experiment Configuration
We use two inference settings in Section 4. Conversion-
focused analyses in this subsection use CFG [9] scale 6 with
75 sampling steps on 5,000 held-out samples. Within this

Sampling Method LPIPS↑ FID↓ CLIP↑

Native DDPM 0.787 27.04 0.316±0.030

FM 0.752 20.23 0.324±0.034

DDPM→FM 0.761 25.61 0.319±0.032

Combined (same schedule) 0.782 32.67 0.312±0.035

Combined (diff. schedules) 0.777 33.29 0.312±0.034

Table 3. Sampling Quality Comparison. DDPM→FM conver-
sion improves over native DDPM and enables mixed-objective
sampling. Combined experts achieve higher diversity (LPIPS)
than single FM, though at a FID cost, reflecting the quality–
diversity trade-off of heterogeneous fusion.

conversion setting, we evaluate five sampling configurations
using experts trained on the same data cluster to isolate ob-
jective conversion effects from data distribution differences.
Both DDPM and FM experts use the DiT-XL/2 architecture
with identical hyperparameters. For combined experts, a
deterministic router switches between experts at a native-
time threshold t = 0.5, allocating high-noise timesteps
(t > 0.5) to FM experts and low-noise timesteps to DDPM
experts.

4.3.2. Results and Analysis
Table 3 presents our quantitative evaluation. In addition to
FID, we include CLIP [26] for text-image alignment and
mean pairwise LPIPS [37] across generated samples as a
diversity metric. Because LPIPS measures perceptual dis-
tance between image pairs, higher mean pairwise LPIPS in-
dicates greater output diversity (LPIPS↑).

Three key findings emerge from our analysis:
(1) Effective inference-time alignment: The DDPM→FM
conversion improves generation quality compared to native
DDPM (FID 25.61 vs. 27.04) and preserves semantic coher-
ence (CLIP score 0.319 vs. 0.316), enabling interoperability
with FM experts. Native FM remains the strongest single-
expert baseline (FID 20.23), indicating that the conversion
is most valuable as a compatibility mechanism rather than a
lossless objective replacement.
(2) Enhanced diversity through combination: Combined
expert sampling achieves higher output diversity (mean
pairwise LPIPS), approaching native DDPM levels (0.787)
while surpassing a single FM expert (0.752). This demon-
strates that heterogeneous objectives create complementary
generation patterns, producing more varied outputs than a
single-objective expert.
(3) Schedule impact on combination: Interestingly, us-
ing the same cosine schedule for both objectives yields
marginally better results than different schedules (FID
32.67 vs. 33.29), suggesting that schedule alignment facil-
itates smoother expert transitions. However, both combi-
nations exhibit similar diversity gains, indicating that ob-
jective heterogeneity drives the primary benefits rather than
schedule diversity.
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Model CFG Steps FID-50K↓

Homogeneous (8FM) 7.5 50 12.45
Heterogeneous (1DDPM:7FM) 6.0 75 19.75
Heterogeneous (2DDPM:6FM) 6.0 75 15.09
Heterogeneous (2DDPM:6FM) 7.5 50 11.88

Table 4. Homogeneous vs Heterogeneous Comparison. The first
and last rows are directly comparable (same CFG and steps).

The increased FID for combined methods compared
to single experts reflects the challenge of seamless ex-
pert switching during sampling. However, this trade-off
is acceptable given the substantial diversity gains and the
practical benefits of heterogeneous training, where experts
can leverage different computational resources and training
strategies while maintaining compatible inference.

A routing-threshold sweep (see supplement) confirms a
quality–diversity trade-off: lower thresholds (0.2–0.3) favor
FID while mid-range values (0.4–0.5) favor diversity.

4.4. Homogeneous versus Heterogeneous
To isolate the effect of objective heterogeneity, we evalu-
ate homogeneous and heterogeneous 8-expert models un-
der aligned inference settings (CFG= 7.5, 50 steps) on the
same held-out 50K split.
Quantitative results. Under aligned settings (CFG= 7.5,
50 steps), the heterogeneous 2DDPM:6FM model achieves
11.88 FID, outperforming homogeneous 8FM (12.45). Un-
der the conversion setting (CFG= 6, 75 steps), increasing
DDPM experts from 1 to 2 improves FID from 19.75 to
15.09. Intra-prompt diversity (mean pairwise LPIPS [37]
over 10 images per prompt, 100 prompts) is also higher
for heterogeneous experts (0.631±0.078 vs. 0.617±0.074),
confirming more varied outputs for identical prompts.
Qualitative results. Figure 4 compares homogeneous
(FM-only) and heterogeneous (FM+DDPM) models on
identical prompts and seeds. Heterogeneous models tend
to preserve sharper local structure and richer textures, con-
sistent with the FID improvement in Table 4.

5. Conclusion

We presented a decentralized diffusion framework in which
experts train independently with heterogeneous objectives
and are combined at inference time through schedule-aware
alignment without retraining. By pairing this with efficient
architecture choices and pretrained checkpoint transfer, the
framework achieves an order-of-magnitude reduction in
compute and data relative to prior DDM-scale training,
while heterogeneous experts improve both FID and gener-
ation diversity over homogeneous baselines under aligned
settings. These results suggest that embracing objective di-
versity across independently trained experts is a practical

Homogeneous (FM only) Heterogeneous (FM+DDPM)

Figure 4. Qualitative comparison: Homogeneous vs. Heteroge-
neous models. Images generated from identical prompts and ran-
dom seeds. Homogeneous models (left, trained with Flow Match-
ing only) often appear smoother in texture. Heterogeneous models
(right, combining FM and DDPM experts) often preserve sharper
local details and richer texture variation.

path toward more accessible decentralized generative model
development.

Limitations. Our experiments evaluate only a narrow
set of DDPM-to-FM ratios (2:6); the optimal allocation
likely depends on the data distribution and downstream
requirements. The inference-time algebraic conver-
sion relies on hand-tuned numerical safeguards and
is empirically strongest when converted DDPM ex-
perts operate in the low-noise regime; a more robust
conversion that generalizes across arbitrary schedules
without manual stabilization remains open. Finally,
the framework currently supports only ϵ- and velocity-
prediction; extending to additional objectives such as
x0-prediction or consistency targets [32] would require
generalizing both the conversion and routing mechanisms.
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