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Abstract

Large-scale Al model training divides work across thou-
sands of GPUs, then synchronizes gradients across them
at each step. This incurs a significant network burden that
only centralized, monolithic clusters can support, driving up
infrastructure costs and straining power systems. We pro-
pose Decentralized Diffusion Models, a scalable framework
for distributing diffusion model training across independent
clusters or datacenters by eliminating the dependence on a
centralized, high-bandwidth networking fabric. Our method
trains a set of expert diffusion models over partitions of the
dataset, each in full isolation from one another. At inference
time, the experts ensemble through a lightweight router. We
show that the ensemble collectively optimizes the same ob-
Jjective as a single model trained over the whole dataset. This
means we can divide the training burden among a number
of “compute islands,” lowering infrastructure costs and im-
proving resilience to localized GPU failures. Decentralized
diffusion models empower researchers to take advantage
of smaller, more cost-effective and more readily available
compute like on-demand GPU nodes rather than central
integrated systems. We conduct extensive experiments on
ImageNet and LAION Aesthetics, showing that decentralized
diffusion models FLOP-for-FLOP outperform standard dif-
fusion models. We finally scale our approach to 24 billion
parameters, demonstrating that high-quality diffusion mod-
els can now be trained with just eight individual GPU nodes
in less than a week.

1. Introduction

Diffusion models achieve breakthrough results in image gen-
eration [36} 37], video modeling [4], and robotic control
through diffusion policies [[L0]. However, these models de-
mand enormous training compute. Even early successes
in image diffusion underscored this, with Stable Diffusion
1.5’s training consuming over 6,000 A100 GPU days 7, 31].
Video diffusion models require a step-function increase in
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Figure 1. Decentralized Diffusion Models (DDM). Left: Existing
diffusion models (monolithic) require synchronized, centralized
training across thousands of GPUs, making high-quality training
systems expensive and inaccessible. Right: DDM divides a diffu-
sion model into an ensemble of expert models, each trained on its
own data cluster in complete isolation. This ensemble collectively
optimizes the same diffusion objective as a single model trained on
all the data. This enables flexible training across diverse cloud or
academic compute facilities. At inference, the ensemble delivers
improved performance at the same FLOP-cost, making high-quality
diffusion model training more efficient and accessible. See Figure[Z]
for large-scale DDM model samples.

these resources. For instance, Meta’s Movie Gen trains on
up to 6,114 H100 GPUs [32]—nearly GPT-3 scale [6]. As
these models continue to grow in size and capability, they
encounter significant systems-level challenges that mirror
those faced in LLM training. High-bandwidth interconnect
becomes a critical bottleneck, storage systems must handle
massive streaming datasets and persistent hardware failures
can crash or silently slow the training process [l [14]. The
result is a fragile integrated system where performance and
reliability depend on complex interactions between arrays of
accelerators and networking hardware. This is challenging
and costly for large industry labs—untenable for academics.

We present Decentralized Diffusion Models, a scalable
method for distributing the modeling burdening of diffu-
sion across independent expert models, each trained on its
own “compute island” with no cross-communication. This
enables training with scattered resources, leveraging cost-
effective cloud compute or combining resources across mul-
tiple clusters. Decentralization is also helpful for training
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Figure 2. Decentralized diffusion models train on readily-available hardware and generate high quality, diverse images. We present
selected samples from our 8x3B parameter model.
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“foundation”-scale models [3], where it is increasingly dif-
ficult to build datacenters with enough power capacity for
the scale of modern training runs [28]. Independent training
provides additional benefits, such as the ability to execute
across heterogeneous hardware, making it possible to reuse
existing training clusters alongside newer infrastructure.

Decentralized diffusion models employ a new training
objective, Decentralized Flow Matching (DFM), which par-
titions the training data into K groups and trains a dedicated
diffusion model over each. We refer to these specialized
models as experts, inspired by the Mixture of Experts (MoE)
literature [[16]. An independently trained router model or-
chestrates these experts, determining which are most appro-
priate at test-time. We show that this ensemble of expert
models collectively optimizes the same global objective as a
single model trained on the entire dataset.

During each inference step, the router predicts each ex-
pert’s relevance to the input noise and condition. The expert
predictions are then linearly combined, weighed by their as-
sociated relevance scores. It is more efficient to use a subset
of specialized experts for each query. This serves as a sparse
model, leveraging selective computation similar to MoE.
Sparse inference is compute-efficient but remains memory-
intensive. We demonstrate that we can distill experts into a
single dense model to achieve convenient inference.

We evaluate our approach on ImageNet and a filtered
subset of LAION-Aesthetics, where we compare DDMs
against existing monolithic diffusion model training. We
systematically vary the number of experts to analyze its im-
pact on downstream generation tasks, where we find that
DDMs with eight experts consistently achieve the best per-
formance, even outperforming a single model trained with
the same compute. This is made possible by the additional
parametrization provided by multiple specialized experts to
outperform a generalist model. Finally, we demonstrate the
scaling ability of DDMs by training a large decentralized
model with eight 3-billion parameter experts, resulting in
high definition image generation, as shown in Figure

Decentralized Diffusion Models also integrate easily into
existing diffusion training environments. They reuse nearly
everything from existing diffusion infrastructure—training
code, dataloading, systems optimizations, noise schedules
and architectures. See our blog post for a visual walkthrough
and pseudocode.

2. Related Works

Diffusion Models Flow matching [24} 25] generalizes
diffusion models [20,/41-43]] and makes tractable large-scale
training of continuous normalizing flows (CNFs) [8].
Diffusion models produce state of the art generations in
high dimensional continuous spaces but are typically expen-
sive to train to high quality. Recent works propose token
masking [40] and aligning internal states with pretrained

image representation models [49] to accelerate the model
learning process. We explore a complementary direction that
decentralizes the training of the model across multiple GPU
clusters to increase the robustness and efficiency of training.

Existing approaches scale using data parallel training,
which distributes batches across GPUs and synchronizes
gradients to produce larger effective batch sizes. Our work
introduces an orthogonal form of parallelism that partitions
the model’s training across isolated compute centers with no
gradient synchronization. Our approach is complementary
with existing techniques. We even employ Fully Sharded
Data Parallel (FSDP) [50] training within each independent
cluster in our experiments.

Mixture of Experts Mixture of Experts (MoE) is a popular
and powerful approach to increase model capacity without a
proportional increase in computational cost. This is achieved
through sparse parameter activation: MoE replaces each
dense feed forward network (FFN) layer of a transformer
with a lightweight router that selects k& of IV learned FFN
layers per token. Switch Transformers [[L6] popularized
MoE, followed by works that introduced various routing
strategies [S1] and systems improvements [17].

These advances have led to notable successes in lan-
guage modeling, exemplified by models like Mixtral [21]]
and DeepSeek-V3 [11]], which achieve strong performance
while maintaining computational efficiency. While our work
focuses on decentralized training, we draw inspiration from
MoE techniques at test-time, adapting the principle of in-
creasing parametrization through sparsely-activated experts
to the diffusion domain. Both MoE and DDMs increase total
model capacity without increasing computational costs, but
we achieve this by routing inputs to different data experts
rather than routing tokens to different FFNs.

MoE architectures introduce significant systems chal-
lenges, particularly the problems of expert load balancing,
managing capacity factors, and the challenge of holding
many times more parameters in memory during training and
inference. Conversely, DDMs alleviate systems constraints
by training experts and routers individually, extending diffu-
sion training to readily available hardware configurations.

Low Communication Learning Federated learning [27]]
establishes foundational techniques for communication-
constrained training, originally motivated by data privacy
concerns. Follow-up works including Federated Averaging
[45], Adaptive Federated Optimization [35] and DiL.oCo
[13]], adapt these ideas to address large-scale training chal-
lenges. This parallels developments in large model training,
where methods like Branch-Train-Merge [23] and Diffu-
sion Soup [2} 47] have explored training and combining
data-specialist models. While our approach shares techni-
cal insights with these methods, we focus on leveraging
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Figure 3. Decentralized Diffusion Model (DDM) Training Overview. DDMs follow a three-step training process. We first cluster the
dataset using off-the-shelf representation extraction models. We train a diffusion model over each of these clusters and a router that associates
any input x; with its most likely clusters. At test-time, given a noisy sample, each expert (in red and green) predict their own flows, which
combine linearly via the weights predicted by the router. The combined flow samples the entire distribution and is illustrated on the right.

distributed computation for robustness and flexibility rather
than data sovereignty or training on mobile devices. In fact,
our method should complement these approaches for further
decentralization, which we hope to see in future work.

3. Decentralized Flow Matching

We introduce Decentralized Flow Matching (DFM), the train-
ing objective for DDMs, to distribute the diffusion model-
ing burden across an ensemble of expert denoisers, each
trained individually without cross-communication. We show
that the flow matching objective divides naturally into this
distributed arrangement. Since diffusion models and rec-
tified flows can be seen as special cases of flow matching,
DFM applies directly across these popular algorithms. Pre-
vious work [18]] has pursued related mathematical insights
for privacy-preserving diffusion models, while we focus on
flexible and scalable pretraining that maps across diverse
hardware configurations. Specifically, we train individual
experts over a pre-determined subsets of the data distribution.
Each expert’s predicted flow is combined at test-time using
a router trained with a simple classification objective. The
resulting ensemble samples the entire data distribution.

3.1. Preliminary: Flow Matching Objective

Flow matching [24] defines a fixed forward corruption pro-
cess and a learned reverse denoising process. We index this
process with timesteps ¢ interpolating the data distribution
at t = 0 and the per-pixel Gaussian distribution at ¢ = 1.
Concretely, z; = ayxg + o€, where the scaling coefficients
oy and oy are chosen ahead of time, typically to preserve
variance across timesteps [43]]. The learned model, vg (),
reverses this corruption process to transport from the noise
distribution to the data distribution. These transport paths
collectively represent the marginal flow, u;(x;), which is a
vector field at each timestep that can be regressed in a model

to interpolate the data distribution or computed analytically
over a dataset, which will reproduce training samples.

Flow transports a latent variable, x;, to the data distribu-
tion through a multi-step sampling process. At each step,
the model predicts the flow from z; toward a weighted aver-
age of the data distribution. In its continuous definition, we
express this as an integral:

ug(wy) = / Ut($t|$0)p—t(xt|x0)q(x0)dwo (1)
zo pe(zt)

Where () is the marginal flow, x; is our noisy latent,
is a data sample, p;(z¢|zo) is Gaussian and u(z¢|zo) is the
conditional flow from x( to x;. Flow matching regresses this
analytical form of u; through a parametric model. Since we
train over a discrete dataset, the integral becomes a summa-
tion,

1

pt(zt) ZUt($t|$0)pt($t|xo)q(;po)_ (2)

Zo

up(xy) =

3.2. Decentralized Flow Matching Objective

DFM decomposes the marginal flow into a series of ex-
pert flows. We partition the data into K disjoint clusters
{S1,8,...,5K}, and each expert trains on an assigned
subset (g € S;). This is a natural choice, since empirical
results suggest that image data lies on a disjoint union of
manifolds [5}22] and this may be one reason diffusion mod-
els are effective in the image domain [46]. Splitting across
these subsets yields marginal flow of the form:

ut(xt)zz t(liL't) Z ug(ze|mo)pe(x|To)g(z0). (3)

k=1 p o ESk
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Finally, we find that marginal flow can be written as a linear
combination of expert flows,

K
ug () = ZP;tSE (ft) Z Ut($t‘$0)pt($t|$0)q(m0)’ @

o pelwe) S Pe,sy ()

Router Data-Expert Flow

where the outer sum results in a categorical probability dis-
tribution over all experts that we refer to as a ‘router’, and
the inner sum is the marginal flow over each subset that we
refer to as a data-expert flow. Please see the supplement for
an alternative derivation based on score matching.

This division is highly convenient for large-scale training.
Instead of one monolith training run, we can train a number
of independent expert denoisers. We train each with the
standard flow-matching objective and zero cross-model com-
munication. Separately, we train a router that predicts the
probability that x; is drawn from each data subset, which can
be formulated as the classification task we describe below.
Similar to MoE, this learned router delegates computation
to different parameters during inference. A key difference is
that our router can be explicitly trained in isolation, instead
of being trained end-to-end with gradients flowing through
the entire model. At inference time, the experts combine in
an ensemble that, as we show above, collectively optimize
the same global objective as a monolithic training.

3.3. Router Training

The router predicts the probability of a given z; being drawn
from each of the data partitions.

T _ Pt,s;, (xt)
p(k\ o?) pe(zt)

k € [K] ®)
To learn this, we sample input x; then supervise with a cross-
entropy loss over the cluster labels associated to each data
sample. This loss is minimized when the model, ¢ (x4, t),
exactly predicts p(k|x;, t). See Algorithm[I]for details. Note
that router trains independently of the denoisers.

We parameterize 7 (x¢, t) with a small diffusion trans-
former (DiT) [30] and use the same conditioning mecha-
nisms as a DiT denoiser. We append a learned classification
token [12] that we decode to cluster logits through a linear
head following usual conventions.

3.4. Expert Training

The DFM objective divides the training task into learning
a series of expert denoisers. Conveniently, these experts
employ the same objective as standard flow matching:

[
©

We parameterize each expert as its own DiT, though it is
important to note that our method is architecture-agnostic.

ﬁCFM(e) = ]Et7q(n:0)7pt(.rt\zo) ||V9,t(xt) - ut(xt|x0)

Algorithm 1 Flow Router Training

Require: Training data {x, k}, schedule {ay, 04} 7,
1: while not converged do
2: ro, k ~D
3: t~{1,...,T}

4 e ~N(0,I)

5: Ty = QT + Or€

6 z = rg(zy,t) € RIK

7: Update 6 using Vo Lcg(z, OneHot(k))

8: end while

We can even assign each denoiser a different architecture as
long as it optimizes the above objective.

3.5. Inference Strategy

At test-time, we merge the predictions of our experts follow-
ing the weights predicted by the router:

K
ug(xy) = Z ro(ze,t) vot(xr) . @)
Router Expert
While the full ensemble is necessary to exactly match the
global flow matching objective, it is much less expensive
to use a subset of experts or even only one expert for each
test-time prediction. The model’s FLOP cost scales linearly
with the number of active experts in each forward pass. This
introduces a trade-off between theoretical correctness and
computational efficiency. We can interpret this selection as
instantiating model sparsity, where the model activates only
a subset of its parameters in each forward pass. In MoE,
this is demonstrated to improve performance with the same
computational budget [16]. We compare different inference
strategies empirically to outline this efficiency-correctness
tradeoff, where we find selecting only the top expert is the

most efficient approach and does not sacrifice quality.

3.6. Distillation

In production systems, it is difficult to deploy models with
extremely high parameter counts. A DDM model with single-
expert selection at test-time achieves nearly the same FLOPs
per forward pass as a monolithic model, even though it has
| K| times more parameters. Still, it requires | K| times more
memory than the monolithic model to load in the first place.
As model sizes scale past the memory budget of today’s
accelerators, this becomes a challenging distributed systems
problem. While this is achievable in many cases, we present
a distillation approach as a convenient alternative.
Specifically, the sparse DDM model can be distilled into a
dense model. After the distillation, inference can be done just
like any other diffusion model trained in a non-decentralized
manner. Note that the goal of distillation here is to reduce

23327



K experts into a single model, not to reduce the number of
denoising steps, as done in other diffusion distillation works
[138L 144, 148]]. We follow a teacher-student training procedure
[19]. Specifically, we replace the conditional flow w;(x¢|2)
supervision target with a prediction from the teacher model:

Edistill(e) = Et,q(xo),pt(mt\xo) ||V9,t($t) - Vteacher,t(l't)H2

In our case, we use the cluster label assigned to each data
point to select a single teacher expert per training example.

4. Experiments

We evaluate the effectiveness of decentralized diffusion mod-
els on the academic ImageNet dataset and a subset of the
LAION [39] dataset filtered for aesthetic scores of 5 or
higher, which more closely resembles real-world training
scenarios. Our goal is to analyze decentralized diffusion
models under typical conditions so that practitioners can
confidently adopt the method. For this reason, we use stan-
dard architectures, hyperparameters and data when possible.

4.1. Implementation Details

Dataset Partitioning We partition the dataset in an efficient
manner that facilitates learning the decentralized flow match-
ing objective. Naive k-means scales quadratically with input
data size, which is a non-starter for massive Internet datasets.
Ma et al. [26] propose a multi-stage algorithm that efficiently
consolidates a large number of fine-grained clusters into a
small number of partitions. We adopt this approach to focus
our efforts on generative modeling.

Following [26]], we compute image features for the im-
ages in the dataset by pooling the output from DINOv2 [29]
to incorporate both pixel features and semantics, cluster these
features to 1024 fine-grained centroids, and then further con-
solidate to k coarse centroids. We assign each data point to
the nearest of the coarse centroids to produce the final set
of partitions. This partitioning process is computationally
negligible compared to training.

Evaluations We control for known sensitivities in FID cal-
culations that arise from different implementations and eval-
uation splits. We designate a fixed evaluation set of 50,000
samples from each training dataset for computing features
and evaluating all models. Our FID figures align well with
published results and our consistent implementation provides
precise relative comparisons between different approaches.

Training Details For ImageNet experiments, we adopt the
hyperparameters and architecture from diffusion transform-
ers [30], using a batch size of 256, EMA decay rate of
0.9999, and learning rate of 1e-4 without warmup or decay.
We aim to replicate plausible real-world training runs with
our LAION experiments, so we scale the batch size to 1024.

We reimplement the DiT XL/2 architecture (§895M param-
eters) for our denoising models. In decentralized diffusion

Inference Strategy ~ GFLOPs | FID | CLIP FID |
Monolith 308 12.81 5.58
Oracle 308 10.46 5.83
Full 2490 10.52 5.83
Top-1 334 9.84 5.48
Top-2 642 10.31 5.74
Top-3 950 10.37 5.77
Sample-1 334 157.05 51.17
Sample-2 642 10.27 5.73
Sample-3 950 10.44 5.78
Threshold-0.01 - 10.46 5.81
Threshold-0.05 - 10.37 5.75
Threshold-0.1 - 10.15 5.72

Table 1. Test-Time Combination Strategies. We ablate strategies
to sample from the ensemble at test-time and find that simply
selecting the top expert outperforms more sophisticated alternatives.

models, the total parameter count scales linearly with the
number of experts, while the inference FLOP cost remains
constant when using single expert selection.

For LAION experiments, we incorporate text condition-
ing using SDXL’s CLIP [9,133]] model via cross-attention [7]].
The router uses the smaller DiT B/2 architecture (158M pa-
rameters) augmented with a learned CLS token that decodes
linearly to a probability distribution over the clusters.

We ensure fair comparison by maintaining consistent to-
tal computation across decentralized diffusion models and
baseline monolith models. We achieve this simply by divid-
ing total batch size evenly among experts. For example, with
eight experts, a 256 monolith batch size corresponds to eight
expert batches of size 32. This equalizes the total training
FLOPs between DDMs and baselines. The router introduces
an additional 4% measured training FLOPs overhead, which
we also incorporate in our comparisons.

4.2. Ensembling at Test-Time

We first compare different strategies to combine expert pre-
dictions at test-time. A full estimate of the marginal flow
involves linearly combining all expert predictions:

K
ug(xy) = Z ro(Ts,t) vot(xt) - (8)
kil\w—"w—/

Router Expert

In practice, selecting only important experts saves on com-
putation. We evaluate the following strategies:

* Full. Compute the weighted combination of all expert
predictions. This strategy’s FLOP cost scales linearly with
the number of experts.

» Sample. Sample from the router’s predicted softmax dis-
tribution to select a single expert. This is an unbiased
Monte-Carlo estimate of the marginal flow.
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Figure 4. Ablations at the DiT XL model scale. Eight-expert DDMs display the best consistent performance on ImageNet (a) and LAION
Aesthetics (b). We show the importance of image-based clustering on ImageNet compared to random clustering (c). Finally, FLOP-for-FLOP,
decentralized diffusion models outperform monolith diffusion models on both datasets (d, e).

Figure 5. DDMs optimize the global diffusion objective. We
average deterministic samples from the monolithic and DDM Ima-
geNet models (left) and compare them to random generated samples
(right). The left samples are correlated, appearing less blurry.

* Top-k. Simply use the & experts with the maximum pre-
dicted router probability. Top-1 selection is the most effi-
cient option at test-time.

¢ Oracle. Select one expert according to the cluster label
associated with an evaluation image. Used only to evaluate
the effectiveness of the learned router.

In Table 1] we evaluate these inference strategies on Ima-

geNet. We find that top-1 selection outperforms all other

alternatives, while also incurring the lowest FLOP cost. For
all other comparisons in Figures[dand[6] we use top-1 selec-

tion because it nearly matches the computational cost of a

dense model.

4.3. Selecting the Right Number of Experts

The DFM objective theoretically supports any number of
experts, but practically we find this is an important hyper-
parameter for DDMs. This choice determines the degree of

Scaling Study
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Figure 6. Decentralized diffusion models scale gracefully to
billions of parameters. We plot the LAION FID as a function of
training compute throughout training and find that increasing model
capacity and training compute predictably improves performance.

decentralization and the parameter count of the system. In
the theoretical limit, where expert count equals the number
of training samples, the system reduces to a nearest neighbor
lookup of the train set—equivalent to the analytical form
of flow matching. We also find that individual experts train
poorly as the per-expert batch size divides too aggressively,
as in the 16-expert (expert b.s. 16) experiment in Figure fa|

We compare DDMs with 4, 8 and 16 experts in Figures
and 4B} and we find that eight experts achieves the best
performance consistently on ImageNet and LAION. This
configuration enables strong decentralization while maintain-
ing reasonable test-time memory requirements. Empirically,
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LAION 8 Cluster Distillation
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Figure 7. Distilling a DDM into a dense model. Dense models are
often more convenient than sparse models to serve in production
settings. Distilling a decentralized diffusion model into a dense
model matches the performance of training a monolith from scratch
at one third of the FLOP-cost (1/4 batch size).

we find this is a sweet spot for the competing factors of
model capacity, decentralization and practical deployment.

4.4. DDMs vs. Monoliths

We compare decentralized diffusion models against a fair
monolithic baseline on both datasets. We find that decentral-
ized diffusion models with eight experts consistently outper-
form standard diffusion models FLOP-for-FLOP. We com-
pare FID on ImageNet up to 800k training steps (Figure [Ad).
The decentralized model achieves a 28% lower FID at 800k
steps (6.081 vs. 8.494). Note that we plot FID as a function
of training FLOPs to include the router’s training cost.

We find that the performance uplift is also significant on
captioned internet data with LAION in Figure |4e| In fact, it
achieves a lower FID of 6.48 at 200k optimization steps than
the monolith’s 6.52 FID at 800k steps. This represents a 4x
training speedup as well as a lower convergence FID.

We also visually verify the correctness of the DFM objec-
tive. The standard diffusion objective predictably pairs noise
samples and data samples, so a well-trained DDM should
sample a similar image as a monolith for the same input
noise. We verify this in Figure[5] Please see more samples
and analysis of DDM in the supplemental.

4.5. Data Clustering Ablation

DFM imposes no explicit constraints on cluster size or com-
position, so we ablate two clustering strategies. We find that
the chosen strategy significantly impacts model performance.
We find that DINO feature-based clustering improves results
significantly compared to random cluster assignments. We
hypothesize that there is more mutual information within
feature clusters than random clusters, so expert models can
better compress and specialize in their sub-distributions.

4.6. Distillation

While our method achieves computational efficiency through
top-1 expert selection at inference time, the total memory
footprint can be substantial. We address this limitation by
distilling the ensemble’s capabilities into a dense model.
Our approach supervises a student model with predictions
from the expert ensemble. This can be seen as distilling
the top-1 sparse model and incurs the same cost as standard
teacher-student distillation.

Our distilled model matches the performance of directly
training on the dataset, despite using only one quarter of the
batch size and, consequently, one third the training FLOPs
(assuming a backward pass costs double a forward pass).
After 400k training steps, the distilled model achieves an
FID of 7.76, comparable to the baseline model’s FID of
7.82 (Figure[7). Many diffusion distillation works focus on
reducing the number of sampling steps, whereas we just aim
to replicate the ensemble in a dense model. We leave the
exploration of combining our method with sampling-focused
distillation techniques as promising future work.

4.7. Scaling Experiment

We perform a scaling study of decentralized diffusion models.
At each scale, we follow best practices gleaned from our
ablations and train a system of eight expert models, each
based on the FLUX MMDiT architecture [[15]. We use a
hidden dimension of 2560, depth of 30, and separate text and
visual token streams, which total 3B parameters per expert.
We encode text prompts using a single TS XL model [34] and
mix their features with image features through self attention.

Crucially, each expert can be trained independently on
readily available hardware. With 16 GPUs per expert, we
train at 0.28 seconds per iteration for 1M pretraining steps.
Using gradient accumulation, this is equivalent to training
each expert on a single eight-GPU node for a week.

We evaluate our large-scale ensemble against smaller DiT
B and XL [30] ensembles in Figure[6| DDM performance
improves as a function of expert parametrization and does
not saturate at any scale we tried. We finally finetune our
largest ensemble for 60k steps on high-resolution data and
display some selected samples in Figure[2]
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