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Abstract

Recently proposed pyramidal models decompose the con-
ventional forward and backward diffusion processes into
multiple stages operating at varying resolutions. These
models handle inputs with higher noise levels at lower reso-
lutions, while less noisy inputs are processed at higher res-
olutions. This hierarchical approach significantly reduces
the computational cost of inference in multi-step denois-
ing models. However, existing open-source pyramidal video
models have been trained from scratch and tend to under-
perform compared to state-of-the-art systems in terms of vi-
sual plausibility. In this work, we present a pipeline that
converts a pretrained diffusion model into a pyramidal one
through low-cost finetuning, achieving this transformation
without degradation in quality of output videos. Further-
more, we investigate and compare various strategies for
step distillation within pyramidal models, aiming to further
enhance the inference efficiency. Our results are available
at https://qualcomm—-ai-research.github.

mghafoor, ahabibia}@gti.qualcomm.com

Table 1. Computational costs. Schedule is the number of steps
per each of three stages, from the lowest spatiotemporal resolution
to the highest. For diffusion models, the cost is doubled due to the
usage of classifier-free guidance.

Inference method Schedule  TFLOPs |
Diffusion 0-0-50 2 x 12,592
Pyramidal diffusion 20-20-10 2 x 2,821
S 0-0-4 1,007

Step distillation 0-0-2 504
2-2-2 534

Pyramidal step distillation ~ 2-2-1 282
1-1-1 267

Table 2. Latency of a single denoiser forward pass. The savings
obtained due to the reduced number of tokens at stages 1 and 2
lead to 43% speedup for 2-2-1 schedule in comparison with 0-0-2
while being only 13% slower than 0-0-1. Video DiT was compiled
for each stage-wise resolution separately for this measurement.

Amirhossein Habibian
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1. Introduction

Method Stage Latency, ms |
PyramidalWan 0 (hl_'res) 631.77
81 x 448 x 832 | (mid-res) 33.76
2 (lo-res) 7.62

Wan-PPF 0 (hi-res) 713.76

81 x 480 x 832 | (mid-res) 39.85
2 (lo-res) 8.26

Recent video diffusion models have achieved remarkable
generative quality [12, 20, 27, 39]. However, these impres-
sive capabilities come at a cost: multi-step inference re-
mains computationally expensive. The principal strategies
for reducing inference overhead are step distillation and ar-
chitectural optimization [6, 11, 25, 42, 43].

Beyond these approaches, several recent works have pro-
posed training diffusion models that process inputs with dif-
ferent noise levels at different resolutions [4, 7, 34, 35, 44].
This method is motivated by the observation known as spec-
tral autoregression: in the spectral decomposition of natural
signals, higher-frequency components tend to have lower
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magnitudes and thus are eliminated earlier during the for-
ward diffusion process [8, 9, 30]. This insight can be ex-
ploited to make generation more efficient. In the begin-
ning, the generator starts with pure low-resolution Gaussian
noise, synthesizes (still noisy) coarse structure at the same
resolution, and then progressively increases the resolution
simultaneously with further denoising. Jin et al. [18] pro-
posed the formalization of this approach in a form of Pyra-
midalFlow framework. However, they only demonstrated
training of such a model from scratch under limited com-
putational resources. In our work, we show that pretrained
state-of-the-art diffusion models can be made pyramidal via
low-cost finetuning without loss in visual quality.

In detail, we begin with the pretrained Wan2.1-1.3B
model [36] and decompose its forward and backward dif-
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fusion processes into three spatiotemporal stages, operating
at resolutions of 81 x 448 x 832, 41 x 224 x 416, and
21 x 112 x 208, respectively, see Fig. 1. We finetune the
model using the pyramidal flow matching loss [ 18], demon-
strating that this approach substantially reduces inference
cost while maintaining near-original quality. Furthermore,
we conduct a study of various step distillation strategies
within the pyramidal setup, both for conventional and pyra-
midal teacher diffusion models. We also demonstrate for
the first time that recently proposed Pyramidal Patchifica-
tion models (an alternative to PyramidalFlow) [21] can be
successfully trained for few-step video generation.

In addition to this empirical study, we present a theo-
retical generalization of the resolution transition operations
introduced in PyramidalFlow. Specifically, we extend these
operations to arbitrary upsampling and downsampling func-
tions based on orthogonal transforms. Notably, average
pooling and nearest-neighbor upsampling, employed in the
original work, can be interpreted as scaled instances of the
Haar wavelet operator, fitting within our generalized frame-
work.

In summary, our contributions are as follows:

1. We show that a conventional video diffusion transformer
can be effectively converted into a spatiotemporal pyra-
midal diffusion model with minimal finetuning cost and
without compromising quality.

2. We conduct a systematic study of step distillation tech-
niques within the pyramidal setup, offering practical in-
sights for various training scenarios.

3. We extend the procedure of transition between stages in
the PyramidalFlow framework to a broader class of up-
sampling functions.

2. Related works

Pyramidal models. The observation that Gaussian noise
degrades information across all frequency components at
a uniform rate has been well established in the litera-
ture [8, 9]. Simultaneously, natural signals such as im-
ages and videos are known to exhibit relatively low mag-
nitudes in their high-frequency components [14, 15]. To-
gether, these insights motivate a multi-resolution denoising
strategy. An early implementation of this idea was the cas-
caded diffusion model, which employed multiple denoising
networks, each operating at a distinct resolution [13]. Sub-
sequent works aimed to unify this approach within a single
network, introducing different mechanisms for transitioning
between resolutions [4, 7, 44]. PyramidalFlow [18] pro-
posed a mathematically grounded framework based on flow
matching, offering a coherent view of the forward diffusion
process and spatial resolution changes. Building on this,
TPDiff extended the methodology to the video frame rate
varying per stage [29]. The practical viability of pyramidal

models has also been demonstrated through deployment on
resource-constrained devices such as mobile chips [19]. In
our work, we adopt the PyramidalFlow framework to con-
vert a pretrained video model into a pyramidal pipeline, en-
abling efficient inference with relatively cheap training.

Patch-pyramidal models. An alternative to modifying in-
put resolution is adjusting the kernel size of the patchifica-
tion and unpatchification layers in the diffusion transformer
(DiT) based on the noise level. This allows the most compu-
tationally intensive transformer blocks to operate on fewer
tokens for noisier inputs, achieving similar efficiency gains
to PyramidalFlow. An advantage of this approach is that it
avoids the need for mathematical derivations to handle stage
transitions. FlexiDiT [2] combines this strategy with learn-
able per-stage LoRA adapters [16], which may pose chal-
lenges for inference on resource-constrained devices. More
recently, Pyramidal Patchification Flow (PPF) [21] demon-
strated that such adapters are not essential, neither for train-
ing from scratch nor for finetuning pretrained text-to-image
diffusion models. In our experiments, we find that under
limited training budgets, PyramidalFlow outperforms PPF
for diffusion-style finetuning. Nevertheless, we show that
patch-pyramidal models remain a strong candidate for dis-
tillation into few-step inference models.

Step distillation of diffusion models. Since multi-step in-
ference in diffusion models is computationally intensive for
many applications, step distillation has become a key area
of research. The most widely adopted methods include ad-
versarial distillation [32], distribution matching distillation
(DMD) [28, 40, 41], and consistency models [5, 10, 31].
While most efforts in this field have focused on image gen-
eration, several recent papers have extended these tech-
niques to video models [3, 25, 37, 47]. In our work, we ex-
plore DMD and adversarial approaches to distill a few-step
pyramidal version of a pretrained video diffusion model,
whether originally pyramidal or not. Notably, the con-
current SwD [33] and Neodragon [19] works also studied
pyramidal step distillation to reduce inference costs. How-
ever, SWD did not consider the case of a pyramidal teacher
model, while Neodragon has not explored PPF-based train-
ing. Our work fills these gaps.

3. Preliminaries

To reduce the computational cost of video generation infer-
ence, we adopt the PyramidalFlow framework [18], split-
ting the forward and backward diffusion processes into S
stages indexed by i. Each stage corresponds to a specific
spatiotemporal resolution, where stage + = 0 operates at the
original video tensor size, and stage ¢ = S — 1 at the lowest
resolution. In practice, we use S = 3. The upsampling op-
eration R transitions from stage 7 + 1 to i by doubling the
number of frames, height, and width using nearest-neighbor
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Figure 1. Inference of different types of models. Left: input and output tensors of a standard DiT always have the same size, and the
number of tokens in transformer blocks does not depend on the noise level. Center: in pyramidal flow matching, higher noise levels are
processed at smaller spatiotemporal resolution. For transition between stages special corrective noise should be added after upsampling.
Right: in PPF framework instead of changing the resolution, kernel size of patchifier is adjusted for each stage. This keeps the number of

tokens equal to that in pyramidal flow matching.

upsampling. Its counterpart, SR+, is implemented via 3D av-
erage pooling. Unlike prior works of Jin et al. [18] and Ran
and Shou [29], which applied stage-wise generation to ei-
ther spatial or temporal dimensions, we apply AT and 93+
across all three video axes.

3.1. Stage-wise definition of clean signal

Most recent video generation models operate in the latent
space of a pretrained autoencoder (VAE). In this setting, the
target signal X is defined as the output of the VAE encoder
£ applied to an input RGB video V, i.e., xg = £(V). There-
fore, there are two options for constructing the clean sig-
nal x((f) at stage ¢ > 0. The first approach, adopted by Jin
et al. [18], defines it as a latent signal, downsampled several
times:

x(()i) =9R"to. 0 NRH(xo). @

The second option performs downsampling in the original
RGB space before encoding with VAE,

Xéi) = &E(Down(V, 1)), @

where Down denotes a suitable resizing operation, e.g. tri-
linear interpolation [33]. As we show below, the choice
between these definitions depends on the specific training
setup.

3.2. Stage-wise forward process

For each stage i, we define two boundary noise levels: a
cleaner level o' and a noisier level o), such that 0 <
o) < 5 < 1. Here, 0 = 0 corresponds to a clean signal,

and o0 = 1 to i.i.d. Gaussian noise. Given the clean signal

xéi) at the appropriate resolution, we compute two boundary

samples using a shared noise tensor € ~ N(0,T):
v = (1=} x{)
O = (1= R (x{*V)

For the noise level o such that Ugi) < o < Jﬁf ), the
noised signal x,(f ) is defined via linear interpolation between

boundary samples

+oWe, (1)

+0,(f)e. 2)

x{ = (1= p)y& + oyl 3)
=(1-p) (1 - Uﬁ“) x
+p (1 - JS)) uy (x(()iﬂ))

+ o€, “4)

where p = ;:705()1) is the local noise level, 0 < p < 1.
For clarity, in"contrast to local level p we refer to o as the
global noise level, since it determines the total amount of
added noise, as evident from Eq. (4). At the target stage
1 = 0 global noise levels are also called natural noise levels
and denoted by ¢. Although, strictly speaking Eq. (4) de-
scribes a generalized stochastic interpolant [1] rather than
diffusion, we will still use the term ‘diffusion’ for simplic-
ity.

Importantly, in PyramidalFlow framework, resampling
operations 93T and P+, stage-wise clean signals, and bound-
ary noise levels are defined to satisfy the following equiva-
lence of probabilistic distributions

R (y0H0) Ly, 5)

where < means equality in distribution, and 9“{;/ is the up-
sampling operation R' followed by the addition of some
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amount of non-i.i.d. noise. This noise aims to decorre-
late the adjacent pixels after upsampling, and its parame-
ters have been derived by Jin et al. [18]. In Supplemen-
tary, we generalize the functions M, RT, and 9‘{}\/ from
simple resampling operations (average pooling and near-
est neighbor interpolation) to any resizing methods based
on orthogonal transforms, e.g. wavelets. Our generalization
involves sampling the missing high-frequency components
before upscaling from Gaussian noise. This enables decor-
relation even when the upscaling operation involves inter-
action between pixels.

Equation (5) implies that the ‘cleaner’ boundary sam-
ple from stage ¢ 4+ 1 after upsampling with ERJT\, becomes
a valid ‘noisier’ boundary sample of stage ¢. This estab-
lishes a relation between noise levels across two consec-
utive stages. This relation, if applied recursively, allows to
map any global noise level o(*) at stage i to a corresponding
natural noise level ¢ at stage 0. In Supplementary, we show
that natural noise levels corresponding to different stages do
not overlap. This ensures that the natural level ¢ is a unique
conditioning value for the denoising network in the pyrami-
dal setup, independent of the number of stages S.

The ‘noisier’ bounds {agf)}i are selected in prac-
tice via spectral analysis of noised samples at each
stage. Specifically, aff ) should be large enough
that high-frequency components become indistinguish-

able from scaled Gaussian noise, i.e. p(ygf) | xéi)) ~

. ) N 2
N((l — JS{L)) ng)a (m@) I>. This allows to downsam-

ple and proceed with the forward process at stage ¢+ 1 with-
out loss of information [8, 33].

4. Method
4.1. Pyramidal finetuning

To convert a pretrained conventional diffusion model to its
pyramidal version, we apply finetuning with the dedicated
loss function.

Flow matching loss. We start with the pretrained open-
sourced Wan2.1-1.3B model F'. For brevity, hereinafter we
omit the conditioning text prompt c in the notation. Since
this model was trained with flow matching loss [36], it ap-
proximates the derivative of the noised signal w.r.t. the noise
level [26],

F(x,,0) = E {dx,, | XU:| . (6)

do

To preserve this property during pyramidal finetuning, at
each stage ¢ we define the objective for the student network
Fy as the derivative w.r.t. the global noise level, i.e.

dx _ dx? dp ygf) —yff)
do  dp do OO

[

The pyramidal loss is defined then as

2

Fa(xff)S)—dxg) G

prr (9) = Z Ezé’l,) EE]EP dO-

for uniformly distributed local level p ~ Uni (0,1).

Distillation loss. In addition to flow matching, we apply a
distillation loss to align student’s partially denoised latents
with the teacher’s predictions. For stage ¢ and global noise
level o, agi) <o < an ), we first map o to the natural
noise level ¢ as discussed in Sec. 3.2. We sampled the high-
resolution noise €@ at stage 0, and construct the teacher’s

prediction for the noisy input x, = (1 — ¢) xg + ce(? as
iggi) = X; — <§ - gc(l)) ' F(XO §)7 (8)

where géi) is the natural noise level corresponding to the
‘cleaner’ bound of the denoising process at stage .

Next, we downsample the noise to stage ¢ and scale by
a constant to preserve unit variance, € o Rt o ... o

RY (6(0)). Using ¢(?), we construct boundary samples y((;i)
and ygf ) for the student’s noised input xg ). Student’s single-
step prediction of the cleaner boundary value equals

50 =x) = (0=} By (x,5). ©
The distillation loss is then defined as

) 2
Las(®) =Y E,0  EwEe i) —% o (10)

In early experiments, we found that training with latents
downsampled in pixel space, e.g. using Definition @, yields
significantly better visual results. This observation aligns
with findings of Starodubcev et al. [33]. We refer to the
resulting model Fy as PyramidalWan.

4.2, Pyramidal step distillation

While pyramidal diffusion alone reduces computational
cost by 78% (see Tab. 1), we aim to further decrease latency
through step distillation. Below, we describe how distribu-
tion matching distillation (DMD) and adversarial technique
are adapted to the pyramidal framework.

4.2.1. DMD with original teacher

Since in case of Wan2.1 model we have access to the orig-
inal pretrained non-pyramidal model F', we can use it as a
teacher in a DMD pipeline [40]. In this method, the stu-
dent model F¢ is trained to predict the clean signal at the
i-th stage in a single step, f(é” =Xy — o) - Fe(Xp00,6)-
Notably, to construct the input x, ;) we follow the rollout
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Wan2.1-1.3B
(50 steps)

Wan-DMD
(2 steps)

Pyramidal Wan-
DMD-PT*
(2-2-1 steps)
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Figure 2. Examples of video generations. Videos produced by our pyramidal step-distilled model are similar in quality to outputs of more

computationally expensive baselines.

strategy proposed by Yin et al. [40], using a detached out-
put of the student:

X, (i) = ygf) + (O'(i) - U,(f)) - stopgrad |:F§ (yg), g,(f))] .
1)
Once the clean signal f(éi) is predicted, it is re-noised ac-
cording to the teacher’s forward process with a noise level
o', 0<o' <1,

)E‘(j,) =(1-0") f((()i) +o'e.

The fake score network F, is trained using regular flow
matching loss, aiming to denoise the student’s predictions,

~(7 dﬁ(l/)
F, (Xg’)’ a/) B T:

2

Lim(p) = Z E

The gradient of DMD loss is defined as follows,
VeLama(§) =
(F,, (xf,) a’) - F(xg> a’)) SVeFe(x,m,6).  (12)

For each training sample, weight of the loss Lgyg is set

equal to Wymds,
A —1
) ; d)A((Z/)
waa =0 |\P(30.07) = G2 L a3

giving greater weight to samples whose re-noised versions
can be well ‘denoised’ by the teacher F'. To stabilize train-
ing, we also include a supervised loss that encourages the

student’s output to be similar to the teacher’s one [31],
Lteach(g) = ||FE (Xa(i) ) §) - F(Xo-(i> ) U(l)) ||2 This term is
added to the DMD loss with a weight of 0.01.

We found experimentally that such training does not
work for the original pretrained Wan2.1-1.3B teacher due
to its inability to generate videos at the lowest spatiotem-
poral resolution, i.e. for i = S — 1. While this may seem
to contradict the results recently reported by Starodubcev
et al. [33], we note that their SwD method gradually up-
scales the video tensor by a fractional factor after each step,
likely reaching the resolution compatible with the teacher
model earlier in the generation process. In our case, to re-
main consistent with PyramidalFlow framework, we briefly
finetuned the teacher using flow matching loss on a dataset
of videos with varying resolution. Clean latent tensors were
generated using Definition @, which was also used for train-
ing. In the beginning of step distillation, both the student
and fake score network were initialized from the finetuned
teacher’s checkpoint. At inference time, we use the same
sampling algorithm as in pyramidal diffusion, but with only
a few steps per stage [24]. The resulting few-step generator
is referred to as PyramidalWan-DMD-OT.

4.2.2. DMD with pyramidal teacher

The DMD pipeline described above requires modifica-
tions when employing a pyramidal flow matching model
as the teacher. This setup is increasingly relevant given
the reported training efficiency of pyramidal diffusion mod-
els [21, 34]. The key difference arises from the fact that
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pyramidal teacher has been trained with stage-wise in-
puts. Therefore, student’s prediction of the clean signal )Eél)
should be re-noised similarly to Egs. (1) and (2),

39 = (1= 0l) &) +oe,  (14)

N e
80 = (1= p) g0 + o3 (16)

This definition of ¥ ( ) assumes that per-stage clean signals
follow Definition D in contrast to how the the pyrami-
dal diffusion model has been trained (see Sec. 4.1). Us-
ing Definition @ would require both VAE decoder and en-
coder to compute xé g ), which is computationally expen-
sive for video models. To address this, before applying the
DMD pipeline, we finetuned our pyramidal diffusion model
Fy according to this definition, resulting in the model Fp, .
We found that this approach works better than training with
Definition @ from the beginning. Importantly, using the
original Fy as a teacher leads to unsatisfactory quality of
few-step generations.

The fake score network F, is trained with pyramidal
flow matching loss Lyy.(¢) from Eq. (7), but with re-noised
predicted signals f(éz) instead of ground-true noised signals
"y

The original DMD formulation relies on estimating the
score function, or equivalently, the added Gaussian noise

e [1, 28, 41]. To construct stéc':)h an e(s_t)imator, we define

A alinear combination of y.” and y,”,
A — 0 )yg) o )y;%) (17)

=g (1 — agi)> 5(8)
— o (1 _ a,@) R o Rt (fgff)). (18)

Applying RT o %+ to both LHS and RHS and using the fact
that T o Mt o KT o M+ = RT o RV, gives

"' o Rt (A@)) = (o—fj') - agﬂ) "' o ¢ (gg”). (19)

Together with Eq (15), this yields a closed-form expression
for € given y ) and y( g

For a pretrained pyramidal teacher or pyramidal fake
score model F,, where v € {61, p}, the stage boundary

samples are estimated as ig,) + (ag) — o’ ) E, ()A({(Ti,), ¢’ )
and x( Y, (aﬁ“ — 0’) F, (f(((j,), ' ) respectively.

The noise estimator €, equals then (we omit arguments
of I, for brevity)

o= L (104 (o8 o) )
o0

1-— 7(12) ¢ /
-— (mTomi(xg)) —0 -mTomi(Fy)).
On

The difference between the estimators provided by the
teacher and the fake score model is proportional to

o — 0, x B1-(Fp — Fp)) + B2 R o RH(F, — Fy,),

where 51 = aﬁf) -0, ﬁg =0’ (1 — ag)) We normalize
these weights as Bk = /Bl +/3 for k = 1,2. Similarly, the
gradient of the re-noised prediction is proportional to the
following weighted sum

—Vex() o 71 VeFe +72VeRT o R4 (Fe), (20)

(og) - a’) (1 - a@) Y2 =

). We normalize these as 7, =

with the weights v; =

(cr' — a,(f)) (1 — J,(Li)

711“72 and define the gradient of pyramidal DMD loss as

VeLanaosr(€) = (Br (Pe = Fo,) + Ao 0 R (F, — Fy,))
Ve (%F§+%wom¢(&)). @1

Each sample in Lgmd.pyr l0ss is weighted with

A —1
. df((l)
NO R o’
Fo, (x"' e )  do’
1

Wdmd-pyr = P * (22)

We call the resulting model PyramidalWan-DMD-PT.

In addition, we explored the simplified version by set-
ting [31 =% = land B2 = 43 = 0 in Eq. (21). This
reduces Lgmd-pyr to the formulation similar to Eq. (12). Al-
though such a variant has insufficient theoretical grounding,
we found that it performs marginally better in practice. This
modification is referred to as -PT*.

4.2.3. Adversarial distillation

As an alternative to DMD, we explore pyramidal adversar-
ial distillation. In this setting, student F¢ similarly predicts

a ‘cleaner’ boundary sample yﬁ“ of the current stage ¢ in

a single step, while a discriminator attempts to distinguish

between features extracted from generated and ground-true

samples. The discriminator consists of two components:

1. Frozen feature extractor F'T, based on a pretrained dif-
fusion model. We denote the model as PyramidalWan-
Adv-OD when using the backbone from the original Wan
model F', and -PD when using the pyramidal backbone
of Fy instead. B

2. Trainable discriminator head D, attached to the final
block of F', comprises spatial and temporal branches
implemented with lightweight convolutional layers and

residual blocks.
The discriminator minimizes an adversarial Hinge loss [22]
over features at each stage,

Lo(e) = 3 [E o [max(0,1 = Do(F! (v)))]

+E (i) [max(0, 1+ Dy (F 5)))] |
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The student optimizes a combined objective balancing ad-
versarial and reconstruction terms, weighted by \,q, and
Arec, Similarly to the approach of Zhang et al. [45]. Empir-
ically, we find that \,qy = 1 and A, = 2 yield the highest
visual quality.

LG@) = ZE[ - )‘adv . DW(FT(BA/?))) + Arec - II?E’) - y(cl)”%]
i

4.3. Patch-pyramidal training

An alternative approach for varying per-stage computa-
tional cost is Pyramidal Patchification Flow (PPF) [21].
PPF does not alter the resolution of the denoiser trans-
former’s inputs or outputs. Instead, it introduces stage-wise
patchification and unpatchification layers, as Fig. | shows.
For earlier stages, kernel size of patchifier is accordingly in-
creased, and therefore, the transformers blocks in PPF op-
erate with exactly the same number of tokens as for Pyra-
midalFlow. Importantly, diffusion training, step distillation,
and inference can be performed within the PPF framework
in the same way as for the original pretrained Wan model.

5. Experiments

5.1. Training setup

Step distillation of the original model. As a natural base-
line for reducing inference cost, we trained a step-distilled
version of the original Wan model. Following the DMD
pipeline described in Sec. 4.2.1, we adopted the one-step
rollout strategy [40] but omitted the adversarial loss, as
we found it unnecessary. This training setup does not re-
quire visual data and relies solely on text prompts; we
used prompts from the 350K subset of the dataset provided
by Lin et al. [23]. Training was conducted for 31K itera-
tions on 16 H100 GPUs. As an alternative, we performed
adversarial distillation on the original Wan model, follow-
ing the procedure similar to the one outlined in Sec. 4.2.3.
The model was trained for 30K iterations on a single H100
GPU using 80K synthetic videos generated by Wan2.1-14B,
a larger variant of the original model.

Pyramidal flow matching and step distillation. For these
experiments, we used the same synthetic dataset of 80K
videos generated by the Wan2.1-14B model. We observed
that models trained on the synthetic data produce visually
superior results compared to those trained on real video
samples. To ensure compatibility with Wan’s patchifica-
tion layer at the lowest stage (i = 2), we slightly reduced
the spatial resolution of videos from the default 480 x 832
to 448 x 832, making thus both height and width divisi-
ble by 64. All models mentioned in Secs. 4.1 and 4.2 were
fine-tuned for 5K iterations with a batch size of 6 per GPU
(2 samples per stage) on two H100 GPUs. For DMD-PT
and DMD-PT* we conducted training with LoRA adapters,
since we found that otherwise training might diverge. In
other cases, we finetuned all the weights.

Patch-pyramidal training. To train the diffusion-based
Wan-PPF model, we used the same setup as for Pyramidal-
Wan. Training details of patch-pyramidal DMD model were
kept consistent with those used for DMD distillation of the
original Wan model, except for the smaller training budget.
This experiment was conducted for 5K steps on 8§ GPUs,
with a batch size of 3 per GPU (one sample per stage). We
did not observe improvements with longer training.

5.2. Results

Main results. We evaluate the quality of generated videos
using the VBench and VBench-2.0 toolkits [17, 46]. Our re-
sults are summarized in Tab. 3. First, we observe that Pyra-
midalWan, i.e. the pyramidized diffusion model, achieves
scores comparable to the original Wan model sampled with
50 steps, while being approximately 4.5 times more effi-
cient in terms of FLOPs. Notably, it also achieves the high-
est Semantic score among all evaluated models, resembling
the findings of the concurrent work of Zhang et al. [44].

While Li et al. [21] successfully demonstrated finetuning
of pretrained text-to-image models within the PPF frame-
work, we found that extending this approach to video gen-
eration is challenging. Using the same training budget and
dataset as in our pyramidal training setup, our PPF-based
text-to-video diffusion model failed to converge, and the
quality of generated clips remained unsatisfactory. Notably,
increasing the compute budget to 8 GPUs did not improve
results. Step distillation using DMD also failed when the
new patchification and unpatchification layers were initial-
ized according to the scheme proposed in the original PPF
work. Surprisingly, however, the DMD pipeline could still
be applied successfully when the student model was ini-
tialized with the pretrained PPF diffusion model — even
though that chekpoint itself produced poor-quality genera-
tions. We attribute this to the mode-seeking behavior of the
reverse-KL objective used in DMD [38].

Among few-step models, the step-distilled baseline
Wan-DMD provides very strong performance combined
with efficient inference. Despite the significant gains in test-
time efficiency (see Tab. 1), it surpasses the original diffu-
sion model in both total scores even when sampled with
only two steps. However, single-step generation remains
infeasible as the quality of videos drops substantially. We
fill this gap with our few-step pyramidal models. They are
evaluated in a scenario with only one step at highest resolu-
tion, i.e. at stage ¢ = 0, and a few steps at lower-resolution
stages. Given the much lower computational cost and la-
tency of these stages, as reported in Tabs. | and 2, we adopt
a 2-2-1 inference schedule (steps per stage in resolution-
increasing order).

All models under this schedule achieve total score of
VBench comparable to Wan diffusion model, with only a
minor drop relative to Wan-DMD sampled with 2 steps.
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Table 3. Model comparison. Step-distilled versions of the original model, Wan-DMD and Wan-Adyv, provide the quality of generation in
the few-step mode on par with the diffusion model. However, they cannot unlock the satisfactory single-step inference. Pyramidal models
with a single step at highest resolution fill the gap and demonstrate good performance, as measured quantitatively.

Model VBench 1 VBench-2.0 T
Total Quality Semantic Total Creativity Commonsense Controllability Human Fidelity Physics

Wan2.1-1.3B (50 steps) 8249 8347 78.57 56.02 48.73 63.38 33.96 80.71 53.30
Wan2.1-1.3B (25 steps) 80.87  82.09 76.02 55.73 49.49 62.50 35.01 79.44 52.20
PyramidalWan (20-20-10) 82.83  83.36 80.70 54.93 44.64 64.33 28.39 85.38 51.89
Wan-Adv (4 steps) 82.72  84.06 77.39 55.40 50.96 57.33 32.56 85.58 50.57
Wan-Adv (2 steps) 8235 83.74 76.82 54.82 47.07 58.47 31.51 82.72 54.36
Wan-Adv (1 step) 80.28  81.38 75.85 50.36 38.51 54.41 29.99 79.60 49.29
Wan-DMD (4 steps) 83.33  84.71 77.86 57.48 50.87 58.16 36.36 82.80 59.23
Wan-DMD (2 steps) 83.28  84.00 80.41 56.67 47.00 62.81 37.07 80.73 55.72
Wan-DMD (1 step) 79.45  80.63 74.75 53.17 38.69 59.31 35.36 77.49 55.00
PyramidalWan-Adv-OD (2-2-1) 8290 83.94 78.74 52.29 44.80 60.86 22.86 81.74 51.17
PyramidalWan-Adv-PD (2-2-1) 82.57 84.20 76.07 54.30 45.00 61.98 25.85 87.65 51.01
Wan-PPF-DMD (2-2-1) 8239  83.04 79.80 53.45 40.04 62.84 24.76 91.61 47.99
PyramidalWan-DMD-OT (2-2-1)  82.86  83.63 79.80 55.36 50.04 64.34 29.05 77.50 56.78
PyramidalWan-DMD-PT* (2-2-1) 82.72  83.46 79.75 51.75 34.81 63.18 28.48 81.38 50.92

VBench-2.0, however, indicates some degradation, in par-
ticular for Creativity and Controllability dimensions. Al-
though distillation with the original teacher, PyramidalWan-
DMD-OT, gets the best metrics within this set of models, we
observed that its outputs often exhibit oversaturated colors
and cartoon-alike appearance. Please refer to Supplemen-
tary for visual examples. Among all models, we found that
PyramidalWan-DMD-PT* produced the most visually ap-
pealing results, and therefore selected it for the user study.

In the study, the assessors were shown pairs of videos
generated from identical prompts and asked to choose the
preferred one or select “no preference”. Each pair included
one video generated with step-distilled pyramidal model,
and one from either Wan with 50 steps (first study) or Wan-
DMD with 2 steps (second). In total, we collected 700 re-
sponses. We conducted the binomial test for the hypothesis
‘Baseline is strictly preferred with probability 0.5” and the
one-sided ‘less’ alternative. As shown in Tab. 4, in both
comparisons the hypothesis should be rejected. This indi-
cates that the participants found the quality of this model
on par with more computationally expensive baselines de-
spite its lower VBench-2.0 score. Examples of videos are
provided in Fig. 2.

Ablations. To check the impact of distillation losses in both
pyramidal finetuning and step distillation experiments, we
conducted experiments by removing this terms. For Pyra-
midalWan, this reduced VBench-2.0 total score from 54.93
to 54.02. Notably, for DMD with pyramidal teacher effect
was the opposite (see Tab. 5), however at the expense of
noticeable reduction of Dynamic Degree. As mentioned
in Sec. 4.2.2, the simplified version of Lgmgpyr Objective
yields improved scores despite its theoretical weakness. We
leave further investigation of this phenomenon for the fu-
ture.

Table 4. User study. We evaluate our pyramidal model with 2-2-
1 inference schedule against two baselines. As the results show,
participants did not find significant difference in visual quality.

Preference, % 1

Baseline p-value
Ours No preference  Baseline

Wan (50 steps) 29.1 29.1 41.7 < 0.001

Wan-DMD (2 steps)  33.1 354 31.4 < 0.001

Table 5. Ablation study. Training without distillation loss im-
proves the VBench-2.0 score but reduces the amount of motion in
generated videos. Simplified version of DMD objective leads to
better empirical results.

Total score T

Model

VBench VBench-2.0
PyramidalWan-DMD-PT* 82.72 51.75
PyramidalWan-DMD-PT* w/0 Lieach 82.44 52.36
PyramidalWan-DMD-PT 82.56 50.67

6. Conclusion

In this work we explored pyramidization — a strategy
of reducing inference costs of video diffusion models
that is complementary to other architectural innovations.
We presented a pipeline of converting a pretrained con-
ventional diffusion model into a pyramidal one, both for
multi-step and few-step inference regimes. Further, we
demonstrated step distillation of a pretrained pyramidal
diffusion model: an important milestone for future research
given the reported training efficiency of such systems. In
addition, we made a theoretical contribution by extending
the procedure of switching between resolutions to a
broader class of upsampling operations. The resulting
models occupy the practical niche enabling few-step
generation with only a single step at the target resolution.
While demonstrating results comparable to more costly
baselines in the human preference study, our models still
lag behind in certain quantitative metrics. Addressing
this gap remains a promising direction for future work.
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