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APPENDIX

A EDIFYIMAGE

The noising process is described as a weighted interpolation between the clean image x1 and the
standard Gaussian noise x

(0)
0 ∼ N (0, I(0)) (note this is not a residual) corresponding to the largest

scale, where we get a noisy state x
(k)
t for scale k = 0, 1, 2 via:

x
(k)
t = (1− t)Down(x

(0)
0 , 2k) + µ(k)(x1, t), (10)

where we use a factor 2k for better compatibility of sampling across multiple scales, and we provide
more discussions on this in the supplementary.

Based on the noisy target x(k)
t , we construct the following ground-true velocity:

u
(k)
t (x

(k)
t |x1) ≜

dx
(k)
t

dt

= −Down(x
(0)
0 , 2k) +

dµ(k)(x1, t)

dt
,

(11)

where the last term is crucial because the data mean µ(k)(x1, t) changes through timestep t. Based on
this velocity, the model is trained through the following flow-matching target (Lipman et al., 2023):

E
t∈[Tk+1,1],q(x1),pt(x

(k)
t |x1)

∥∥∥v(k)
t (x

(k)
t )− u

(k)
t (x

(k)
t |x1)

∥∥∥2 , (12)

where t is sampled from [Tk+1, 1] (we define T3 ≜ 0, and T0 ≜ 1), pt(x
(k)
t |x1) is the underlying

conditional probability path towards x1 determined by u
(k)
t (x

(k)
t |x1), and v

(k)
t (x

(k)
t ) is the multi-

scale machine learning model to model the flow.

B PYRAMIDALFLOW

Algorithm 3 Pyramidal Flow Training - 2

1: Input: Dataset of images D, number of stages K, number of epochs M , list of K start and end
times sk, ek

2: Output: Trained flow model v(x, t).
3: Initialize the model weights randomly
4: for epoch= 1 to M do
5: for clean data x1 in D do
6: Determine the stage k for x1

7: Sample a timestep t ∼ U(sk, ek)
8: Sample the start point x0 ∼ N (0, I)

9: Down-sample noise x
(k)
0 = Down(x0, 2

k)

10: Compute start points as x(k)
s = sk ·Up(Down(x1, 2

k+1)) + (1− sk) · x(k)
0

11: Compute endpoints as x(k)
e = ek ·Down(x1, 2

k) + (1− ek) · x(k)
0

12: Compute the midpoints as x(k)
t = ek−t

ek−sk
· x(k)

s + t−sk
ek−sk

· x(k)
e

13: Define the target as ut(x
(k)
t |x1) =

x(k)
e −x(k)

s

ek−sk

14: Calculate loss as MSE(ut(x
(k)
t |x1), v(x(k)

t ))
15: Run back-propagation, update parameters of v
16: end for
17: end for
18: Return: v

12
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Algorithm 4 Pyramidal Flow Sampling - 2

1: Input: Trained flow model v, number of stages K, list of K start times sk, total number of
timesteps N .

2: Output: Generated image.
3: Sample the starting point x̂K−1

0 ∼ N
(
0, I · 1

4K−1

)
4: Sample Gaussian noise at maximum resolution x0 ∼ N (0, I)
5: for stage k = K − 1 to 0 do
6: x̂

(k−1)
sk−1 = ODEINT(v

(k)
t , {sk, sk−1}, x̂(k)

sk )

7: Define the re-noising factor nk = (1− sk−1)
(
Down(x̂0, 2

k−1)−Up(Down(x̂0, 2
k))

)
8: Define the next starting point x̂(k−1) = Up(x̂(k)) + nk

9: end for
10: Return: xK−1

Algorithm 5 EdifyImage Flow Matching Training

1: Input: Dataset of images D, number of epochs M , critical time points T1 and T2, where
0 < T2 < T1 < 1

2: Output: Trained flow model v(0)
t ,v

(1)
t ,v

(2)
t

3: Initialize the model weights
4: for epoch = 1 to M do
5: for x1 in D do
6: Sample the stage k from a uniform distribution over {0, 1, 2}
7: Sample t from a uniform distribution over [Tk+1, 1] where T0 = 1 and T3 = 0

8: Sample the start point as random Gaussian x
(0)
0 ∼ N (0, I(0))

9: Compute noisy image x
(k)
t = (1− t)Down(x

(0)
0 , 2k) + µ(k)(x1, t)

10: Compute velocity target u(k)
t (x

(k)
t |x1) = −Down(x

(0)
0 , 2k) + dµ(k)(x1,t)

dt

11: Forward the model to get v(k)
t (x

(k)
t )

12: Calculate loss MSE
(
v
(k)
t (x

(k)
t ),u

(k)
t (x

(k)
t |x1)

)
13: Run back-propagation, update network parameters
14: end for
15: end for
16: Return: Trained flow model v(2)

t ,v
(1)
t ,v

(0)
t

B.1 SAMPLING IN PYRAMID FLOW MATCHING

Sampling from a multiscale Pyramidal Flow model is sequential, starting from stage K − 1 and
ending at stage 0, where K is the number of scales used in training. For each stage, two timesteps are
defined: the start time sk and the end time ek. In this section, we assume the stages to have zero time

Algorithm 6 EdifyImage Flow Matching Sampling

1: Input: Trained flow model v(0)
t ,v

(1)
t ,v

(2)
t , standard Gaussian noise of the largest scale x

(0)
0 ,

critical time points T1 and T2

2: Output: Largest resolution sample x̂
(0)
1

3: x̂
(2)
T2

= ODEINT(v
(2)
t , {0, T2},Down(x

(0)
0 , 4))

4: x̂
(1)
T2

= Up(x̂
(2)
T2

) + (1− T2)(Down(x
(0)
0 , 2)−Up(Down(x

(0)
0 , 4))) # This is the re-noise step

5: x̂
(1)
T1

= ODEINT(v
(1)
t , {T2, T1}, x̂(1)

T2
)

6: x̂
(0)
T1

= Up(x̂
(1)
T1

) + (1− T1)(x
(0)
0 −Up(Down(x

(0)
0 , 2))

7: x̂
(0)
1 = ODEINT(v

(0)
t , {T1, 1}, x̂(0)

T1
)

8: Return: x̂(0)
1

13
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Table 4: Training details across datasets and resolutions. We summarize the hyperparameters and
training configurations used for our experiments on different benchmarks.

Training Details CelebA-HQ 256 CelebA-HQ 512 CelebA-HQ 1024 ImageNet 256
Backbone DiT-L/2 DiT-L/2 DiT-L/2 DiT-B/2 & DiT-XL/2
Largest latent dimensions 32 × 32 64 × 64 128 × 128 32 × 32
Batch size 256 256 128 256
Init LR 2e-4 2e-4 2e-4 1e-4
LR schedule CosineAnnealingLR CosineAnnealingLR CosineAnnealingLR N/A
Final LR 1e-6 1e-6 1e-6 N/A
Optimizer AdamW AdamW AdamW AdamW
Training epochs 500 1000 2000 Up to 1400
Time segments 0.5 0.33, 0.67 0.33, 0.67 0.5
Number of scales 2 3 3 2
VAE type EQVAE SDVAE SDVAE EQVAE
EMA decay rate N/A N/A N/A 0.9999
Hardware 8×H200 8×H200 8×H200 8×H200

overlap, that is, sk−1 = ek. Also, the stages together span the whole time interval, that is, sK−1 = 0
and e0 = 1. The noise is sampled once in the largest dimension n ∼ N (0, I). Within each stage the
sampling process follows the standard flow path between

xs = sk−1 ·Up(Down(x, 2k)) + (1− sk−1) ·Down(n, 2k−1)

, and we have
xe = ek−1 ·Down(x, 2k−1) + (1− ek−1) ·Down(n, 2k−1).

The jump between consecutive stages needs to be handled carefully to enforce the consistency of
the flow. Consider the jump from stage k to stage k − 1. The procedure starts with up-sampling the
endpoint of stage k, yielding

Up(xe) = sk−1Up(Down(x, 2k)) + (1− sk)Up(Down(n, 2k))

The distribution of this data differs from the distribution of the startpoint xk−1
s of the k − 1 stage.

Down(x, 2k−1) ∼ N
(
0, I · 1

2k−1

)
, and similarly Down(x, 2k) ∼ N

(
0, I · 1

2k

)
, however the up-

sampled noise Up(Down(n, 2k)) ∼ N
(
0,Σ · 1

2k

)
where Σ is a block-diagonal matrix that has 2× 2

blocks of ones on the diagonal and zeroes elsewhere. Then if we define a different block-diagonal
matrix Σ′ with blocks

Σ′
block =

(
1 −1
−1 1

)

and set α =
√

3
4k

, and sample m ∼ N (0,Σ′), we have V ar(Up(xk
e) + (1 − sk−1)α · m) =

V ar(xk−1
s ). In practice this means that at the end of stage k we sample m ∼ N (0,Σ′) and set

xk−1
s = Up(xk

e) + (1− sk−1)α ·m as the starting point of stage k − 1.

C MORE TRAINING DETAILS

We present the detailed training settings in Table 4, highlighting key implementation differences
across datasets and resolutions. For CelebA-HQ, we utilize a DiT-L/2 backbone across all resolutions
while adjusting the number of scales based on complexity—two scales for 256× 256 and three scales
for higher resolutions. For ImageNet, we experiment with both DiT-B/2 and DiT-XL/2 backbones
to demonstrate scaling properties. Notably, we use EQVAE for our lower-resolution models due to
its superior reconstruction quality, while higher-resolution CelebA-HQ models leverage SDVAE for
better stability. All models were trained on 8×H200 GPUs, with batch sizes adjusted according to
memory constraints.

14
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D LIMITATIONS

First, we didn’t train our XL model on ImageNet for 7M steps due to a restriction of computational
resources. This limitation may have prevented our model from reaching its full potential in comparison
to diffusion models that are typically trained for significantly longer periods. Second, our approach
still requires storing part of the model weights for each scale, which increases memory requirements
during training, although our MoT design partially mitigates this issue. Third, while our method
shows excellent performance on unconditional and conditional generation tasks, we have not yet
extended it to conditional generation scenarios such as text-to-image synthesis or inpainting, which
are important applications for generative models. Finally, our method inherits limitations from the
VAE architecture used for latent space projection, potentially limiting the fidelity of fine details in
generated images. Future work could address these limitations by exploring more efficient parameter-
sharing techniques across scales, developing conditional variants of our approach, implementing
memory-efficient sampling strategies, and investigating improved latent space representations.

E IMPACT STATEMENT

This paper presents Laplacian Multi-scale Flow Matching (LapFlow), a novel approach for gener-
ative image modeling. We believe this work has several potential positive impacts on the research
community and society:

Our method improves computational efficiency in high-resolution image generation, potentially
reducing the energy consumption and carbon footprint associated with training and deploying
generative models. By requiring fewer function evaluations and reduced GFLOPs, LapFlow
contributes to more sustainable AI development.

The technical innovations in multi-scale representations and unified transformer architectures may
inspire new approaches to other generative tasks beyond images, such as audio, video, and 3D content
creation. The proposed mixture-of-transformers architecture with parameter sharing could influence
more efficient model designs across various domains.

However, we acknowledge that advances in generative image modeling also come with potential
societal concerns. Like other generative models, this technology could be misused to create misleading
or deceptive content. We encourage responsible development and deployment of systems based on
our research, including content safeguards and transparent disclosure of AI-generated media.

Our work focuses on advancing the technical capabilities of generative models rather than specific
applications. We emphasize that any practical implementation should consider ethical implications
and be developed in accordance with responsible AI principles.
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