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Supplementary Material

This supplementary material is structured as follows.
Sec. A1 provides our theoretical contribution: generaliza-
tion of transition between stages to a broader class of resiz-
ing operations. In Sec. A2 we report additional experimen-
tal results: we apply recent Jenga [19] method to our Wan-
DMD checkpoint and compare its latency with our pyra-
midal approach. Sec. A3 contains training and evaluation
details necessary for reproducing our research. We provide
the extended version of Tab. 3 of the main text in Tabs. A2
and A3. We encourage the readers to review the attached
videos and compare the outputs produced by different mod-
els qualitatively.

A1. Transition between pyramidal stages

In this section we provide a generalization for nearest-
neighbour upsampling and average pooling used for tran-
sition between stages in PyramidalFlow. While we de-
scribe our apporach in terms of wavelets, note that the same
derivations are valid for any resizing operation based on or-
thogonal transforms.

A1.1. Downsampling

Consider a clean video tensor x0 at the desired output reso-
lution. For the purpose of this section we treat it as a single-
channel tensor, flattened in a column vector x0 ∈ RT ·H·W .
We use a forward diffusion process and denote the noisy
version of this video as xσ = (1− σ) x0 + σϵ for some
independently sampled ϵ ∼ N (0, I) , i.e. p(xσ | x0) =
N

(
(1− σ) x0, σ2I

)
.

For a single-level orthogonal wavelet decomposition
with analysis matrix W we can decompose xσ into low- and

high-frequency bands Wxσ =
(

x̂Tσ,lo, x̂T
σ,hi

)T

∈ RT ·H·W ,

where x̂T
σ,lo has a dimension of T

2 · H
2 · W

2 . To “extract” the
low-frequency part, we can use the projector matrix Πlo and
write x̂σ,lo = ΠloWxσ. Due to the properties of linear oper-
ators, the distribution of p(x̂σ,lo | x0) is still Gaussian, and
we can compute its mean vector and covariance matrix. For
covariance we have

Cov[x̂σ,lo | x0] = ΠloW · σ2I · (ΠloW)
T

= σ2ΠloWWTΠT
lo

= σ2ΠloΠ
T
lo

= σ2I

thanks to the orthogonality of matrix W. For the mean,

E[x̂σ,lo | x0] = (1− σ)ΠloWx0 = (1− σ)Ux0,

where U is a low-frequency part of the matrix W =(
UT , V T

)T
.

In general, row sums for entries of U are not equal to 1.
Therefore, if x0 is a constant vector with all entries being
equal to each other, pixel values in Ux0 will differ from
those in x0. To compensate that, for the given wavelet W
we introduce a scaling constant ω ∈ R>0 such that 1

ωU
preserves the pixel values in this specific case.

We define the downsampling operation R↓(xσ) as

R↓(xσ) =
1

ω
ΠloWxσ =

1

ω
x̂σ,lo. (1)

Introduced scaling keeps the range of pixel values after
this operation similar to natural signals. As an example, for
Haar wavelet downsampling R↓(·) is just equal to average
pooling.

From the calculations above,

p
(
R↓(xσ) | x0

)
= N

(
(1− σ) · 1

ω
Ux0,

σ2

ω2
I

)
= N

(
(1− σ) ·R↓(x0),

σ2

ω2
I

)
, (2)

and, consequently, this distribution can be reparametrized
as

R↓(xσ) = (1− σ) ·R↓(x0) +
σ

ω
ε (3)

for ε sampled from N (0, I) .
For the noisy signal xσ at the original resolution, we can

calculate the signal-to-noise ratio as

SNR[xσ | x0] =
∥(1− σ) x0∥2

E ∥σϵ∥2
=

(
1− σ

σ

)2 ∥x0∥2

E ∥ϵ∥2
.

(4)
For the downsampled noisy signal, from Eq. (3)

SNR
[
R↓(xσ) | x0

]
=

∥∥(1− σ)R↓(x0)
∥∥2

E
∥∥ σ
ω ε

∥∥2
= ω2

(
1− σ

σ

)2
∥∥R↓(x0)

∥∥2
E ∥ε∥2

≈ ω2 · SNR[xσ | x0]. (5)

Now, if we were to start a new forward diffusion pro-
cess at the lower resolution, we would parametrize it as
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(1− τ)R↓(x0)+τη for Gaussian random noise η and noise
level τ . To match signal to noise ratio of this process with
Eq. (3), we need to solve the equation(

1− τ

τ

)2

= ω2

(
1− σ

σ

)2

(6)

which results in σ = ωτ
1+(ω−1)τ . This coincides with the

results obtained in the prior works [2, 8, 10] in context of
high-resolution diffusion models in pixel space.

If we denote by i the number of downsampling opera-
tions applied one after another, we can rewrite the above
equation as the relation between global noise levels at scales
i and i+ 1, namely,

σ(i) =
ωσ(i+1)

1 + (ω − 1)σ(i+1)
. (7)

By ‘global’ we mean that this noise levels are used in the
forward diffusion equation. We also will refer to the global
noise level at highest resolution σ(0) as the natural noise
level ς . Relation between global level σ(i) and natural noise
level ς is obtained with recursive application of the above
equation.

A1.2. Upsampling
Since we used the wavelet analysis matrix to define down-
sampling, we can now use the inverse operation to upsample
the noisy signal xσ ∼ p(xσ | x0) = N

(
(1− σ)x0, σ

2I
)
.

For that purpose, we treat xσ as a low-frequency band
and sample high-frequency bands independently from zero-
centered Gaussian distribution N

(
0, ν2I

)
. The con-

catenated vector with all bands is then distributed as
N
((

(1−σ)x0
0

)
,
(

σ2I 0
0 ν2I

))
. After synthesis matrix WT is

applied, the resulting vector x↑σ,ν is distributed as

p
(
x↑σ,ν | x0

)
= N

(
WT

(
(1−σ)x0

0

)
, WT

(
σ2I 0
0 ν2I

)
W

)
.

Since W =
(
UT , V T

)T
, we can rewrite the mean and co-

variance as

E
[
x↑σ,ν | x0

]
= (1− σ)WT ( x0

0 )

= (1− σ)
(
UT , V T

)
( x0

0 )

= (1− σ)UT x0, (8)

Cov
[
x↑σ,ν | x0

]
= WT

(
ν2I +

(
(σ2−ν2)I 0

0 0

))
W

= ν2I +
(
UT , V T

) (
(σ2−ν2)I 0

0 0

)
( U
V )

= ν2I +
(
σ2 − ν2

)
UTU. (9)

To keep the magnitude of the mean similar to natural sig-
nals, we need to scale it by ω – the opposite of what was

required for downsampling. We would like to match the ob-
tained distribution with that of the forward diffusion process
starting with ωUT x0 and parametrized as (1− τ)·ωUT x0+
τε. To achieve this, we additionally multiply the upscaled
signal by a non-negative constant r and solve the system of
equations w.r.t. r, ν, and τ ,

1− τ = (1− σ) r, (10)

τ2I = r2ω2
(
ν2I +

(
σ2 − ν2

)
UTU

)
. (11)

The last equation can be rewritten as(
τ2 − r2ω2ν2

)
I = r2ω2

(
σ2 − ν2

)
UTU. (12)

Note that U is a ‘wide’ rectangular matrix, and therefore
the rank of RHS is not greater than rank of LHS. Thus, the
equality can be fulfilled only if both sides are equal to 0,
which leads to τ = rων and ν = σ. Consequently,

r =
1

1 + (ω − 1)σ
, (13)

τ =
ωσ

1 + (ω − 1)σ
. (14)

We define two new functions of a noisy signal xσ , upsam-
pling R↑ and upsampling-and-renoising R↑

N as

R↑(xσ) = ωx↑
σ,0, (15)

R↑
N (xσ) = rωx↑

σ,σ =
ω

1 + (ω − 1)σ
x↑σ,σ. (16)

From the derivations above,

R↑
N (xσ) = (1− τ)R↑

N (x0) + τε.

With the scale index i and global noise level notation intro-
duced above, we can reformulate Eq. (17) as

σ(i) =
ωσ(i+1)

1 + (ω − 1)σ(i+1)
. (17)

Note that this coincides with Eq. (7). This leads to an impor-
tant observation: both downsampling operation R↓(xσ(i))

and upsampling R↑
N (xσ(i)) applied to the noisy sample at

scale i do not change the natural noise level ς associated
with the global noise level σ(i).

A1.3. Downsampling + upsampling
Consider the forward diffusion process at scale i + 1 that
goes from R↓(x0) to the global noise level σ(i+1). Then,
after R↑

N being applied to this noisy sample, the result has
the same marginal distribution as another diffusion process
at scale i with noise level σ(i) that started with R↑

N ◦R↓(x0).
But for the clean signal x0 at scale i composition of intro-
duced operations R↑

N ◦ R↓ is equivalent to wavelet-based
low-pass filtering.
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This means that if the noise level σ(i) is high enough to
turn the high-frequency part of xσ(i) into i.i.d. noise, then
with this (or larger) amount of noise the discrepancy be-
tween processes starting with x0 and R↑

N ◦R↓(x0) is negli-
gible. Therefore, part of the backward diffusion process can
run at lower resolution until the level σ(i+1), followed by
upsampling R↑

N and backward process starting from σ(i).
In practice, noise levels suitable for switching between

resolutions are calculated based on the average spectrum of
the dataset, and therefore it is not guaranteed that for any
x0 the noise level σ(i) is high enough to destroy its high-
frequency content. Thus, it is more convenient to train a de-
noising model on inputs sampled from the downsampling-
upsampling process rather than the original one.

A2. Additional experiments
Both PyramidalFlow and PPF can be viewed as special
cases of token reduction strategies during inference. Token
reduction techniques are well established in the community,
with several recent methods proposed, such as ToMe [1],
ADAPTOR [15], RLT [4], and vid-TLDR [3]. However,
these approaches typically rely on heuristics based on mu-
tual token similarity. Consequently, their speed-up proce-
dure is dynamic, depending on factors such as prompt com-
plexity and initial latent noise. In contrast, pyramidal ap-
proaches can be represented as static computational graphs
(one per stage), which greatly simplifies deployment, par-
ticularly in resource-constrained environments [11].

Despite this fundamental difference, we include a com-
parison with the recent Jenga method [19]. Jenga employs
a dynamic sparse attention mask based on token similarity
and leverages space-filling curves for GPU-friendly imple-
mentation. We apply Jenga-Base (without progressive res-
olution) and Jenga-Turbo (with half of the steps performed
on downsampled latents) on top of our Wan-DMD check-
point and measure performance and latency using 2 sam-
pling steps. For Jenga-Turbo, we tried downsampling fac-
tors of 0.75 and 0.5. Note that the original Jenga imple-
mentation does not apply downsampling along the tempo-
ral dimension, even when using progressive resolution. We
found that adding it to spatial downsampling indeed leads
to noticeable drop of quality. Our default compiler set-
tings (see Sec. A3) did not work for Jenga. For that rea-
sons, we adjusted the settings to fullgraph=False and
mode=’max-autotune-no-cudagraphs’. Results
are reported in Tab. A1. For details on AttenCarve hyper-
parameters, please refer to the work of Zhang et al. [19].
TeaCache [12] was not used in these experiments.

While Jenga obtains good VBench and VBench-2.0
scores, we found that videos produced by these models
often suffer from abrupt scene changes, incoherent mo-
tion, and ‘episodic’ behavior. These artifacts are more pro-
nounced than in case of original Wan-DMD model or our

pyramidal modifications. Please, refer to the supplementary
videos for comparison. Overall, our experiments demon-
strate that pyramidization results in better quality-efficiency
trade-off.

A3. Additional details
In this section we provide training and evaluation details
useful for reproducing our experiments.

Handling spatiotemporal resolution. In the default set-
ting, Wan model operates with 21 latent frame at stage
i = 0. This requires special treatment for upsampling and
downsampling along the temporal axis. For our final exper-
iments on PyramidalWan, we opted for separate handling of
the first frame. Namely, during the forward diffusion pro-
cess its global noise level σfirst is different from the global
noise level of the rest of the frames σrest, but both of them
correspond to the same natural level ς . This is due to the
fact that relation between global and natural levels depends
on the scaling factor ω (see Eq. (17)), which differs for 2D
and 3D cases. Similarly, during the upscaling operation R↑

N
first frame is upsampled only spatially, while the rest of the
frames — spatiotemporally, both according to Eq. (16). The
derivative of the noised signal w.r.t. the global level is com-
puted separately for the first and the other frames. Since
RoPE positional embeddings [9] used in Wan could poten-
tially make it challenging for the network to handle this spe-
cial nature of the first frame, we added a special learnable
embedding vector to all the tokens of the first frame after
the patchification layer.

For PPF, increased kernel size of the patchification layer
also introduces inconsistency with the original shape of the
latent video tensor. Therefore, for stages i = 1 and i = 2
we apply trilinear interpolation to upsample the original ten-
sor to the minimal shape that allows to apply the patchi-
fier. E.g., for stage 2 we resized from 21 × 60 × 104 to
24× 64× 104, thus enabling patchification with kernel size
4 × 8 × 8. After the unpatchification layer, the last opera-
tion of VideoDiT, trilinear interpolation is applied again to
resize the tensor to the original shape. Note that for PPF we
treat the first frame in the same way as other frames.

Wan-DMD. For DMD distillation of the original model,
fake score network was updated twice per each update of
the student model. The learning rate of AdamW optimizer
for the student was 1× 10−5, and for fake score 5× 10−6.
Noise levels for the student’s inputs were selected uniformly
from the set {0.0050, 0.7149, 0.9092, 1}, corresponding to
uniform selection of timesteps between 1 and 1000 with the
consequent application of shift [8] equal to 5. For fake score
network, noise levels were selected uniformly, with further
application of shift of 5. For teacher’s outputs, classifier-
free guidance was applied with scale value of 5. We used
the negative prompt [7] “Bright tones, overexposed, static,
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Table A1. Jenga results. We measure the total latency of Video DiT calls for Jenga [19] applied to Wan-DMD checkpoint with 2 sampling
steps. For comparison, our Wan-PPF-DMD model with 2-2-1 schedule achieves a total transformer latency of 810 ms (standard deviation
< 10 ms) at the same output video resolution. Beyond offering a better quality–efficiency trade-off, pyramidal models benefit from a static
computational graph, which greatly simplifies deployment.

Model AttenCarve ProRes of 1st step Latency,
ms ↓

Total score ↑
k p factor temporal downsampling VBench VBench-2.0

Jenga-Base

0.05 0.3 1× ✗ 1,211 ± 199 81.25 54.30
0.1 0.3 1× ✗ 1,278 ± 205 83.52 52.84

0.15 0.3 1× ✗ 1,297 ± 304 83.54 53.28
0.15 0.9 1× ✗ 1,680 ± 201 83.13 57.19

Jenga-Turbo
0.1 0.3 0.75× ✗ 1,089 ± 145 83.38 53.94
0.1 0.3 0.5× ✗ 932 ± 114 82.98 53.46
0.1 0.3 0.5× ✓ 865 ± 350 81.23 52.30

blurred details, subtitles, style, works, paintings, images,
static, overall gray, worst quality, low quality, JPEG com-
pression residue, ugly, incomplete, extra fingers, poorly
drawn hands, poorly drawn faces, deformed, disfigured,
misshapen limbs, fused fingers, still picture, messy back-
ground, three legs, many people in the background, walking
backwards”.

Wan-Adv. The discriminator head comprises two branches:
a spatial branch and a temporal branch. Both branches
share a common processing pipeline: input reshaping, ini-
tial convolution, one or more ResNet blocks, SiLU activa-
tion, and a final convolution, followed by restoring the orig-
inal video layout. The spatial branch operates on frame-
level structure by flattening the temporal dimension into
the batch, (b, t, c, h, w) 7→ (b · t, c, h, w), and applies 2D
convolutions and 2D ResNet blocks to capture intra-frame
details. The temporal branch focuses on temporal dynam-
ics by flattening spatial dimensions, (b, t, c, h, w) 7→ (b ·
h · w, c, t, 1, 1), and uses 3D convolutions with kernel size
3× 1× 1 and temporal ResNet blocks to model inter-frame
relationships. Weights are initialized with Xavier normal.
The final convolution is zero-initialized for more stable ad-
versarial training. For adversarial distillation, the discrimi-
nator head (with the backbone feature extractor kept frozen)
is updated four times more frequently than the generator
(student model). We use the AdamW optimizer with a
learning rate of 1 × 10−4 for the discriminator head and
1 × 10−5 for the student model. Noise levels for stu-
dent model distillation are sampled uniformly from the set
{0.25, 0.5, 0.75, 1}.

PyramidalWan. To split the natural noise scale between
stages, we conducted the spectral analysis of latents pro-
duced by the encoder of WanVAE. Our analysis follows the
same procedure as that described, among others, by Diele-
man [5], Starodubcev et al. [17]. Based on the results we
set the ‘cleaner’ natural leves as follows: ς

(1)
c = 0.5858,

ς
(2)
c = 0.9412.

For training of our pyramidal flow matching model, for

each stage i we sampled the natural noise level uniformly,

u ∼ Uni(0, 1), (18)

ς(i) = ς(i)c + u ·
(
ς(i)n − ς(i)c

)
, (19)

where natural levels ς
(i)
c and ς

(i)
n correspond to the global

boundary levels σ
(i)
c and σ

(i)
n with 3D scaling factor ω,

see Eq. (17).
For DMD-PT pipeline, student’s u (see Eq. (19)) was

selected uniformly from the set {0.25, 0.5, 0.75, 1}, while
for the fake score it was sampled according to Eq. (18). In
DMD-OT training, we sampled u w.r.t. Eq. (18) and ap-
plied shift 5 afterwards. For the fake score (since it is ini-
tialized with the original Wan model), natural noise level ς ′

was sampled from Uni(0, 1), and shift 5 was applied after
that.

PyramidalWan has been trained with learning rate of
1 × 10−5. For PyramidalWan-DMD, optimizers had the
same hyperparameters as for Wan-DMD. To mix videos of
different spatiotemporal resolution in the same batch, we
flattened all the tokens into a single 1D sequence and ap-
plied sparse self-attention and cross-attention masks using
FlexAttention [6].

For adversarial distillation of PyramidalWan (Adv-OD
and Adv-PD), we follow the same hyperparameters as Wan-
Adv. The only difference is that the noise levels for the stu-
dent model are adjusted at each stage according to Eq. (19).

Wan-PPF. For PPF models, we used the same hyperparam-
eters as for the training of the full Wan models. Noise levels
were split between stages in the same way as for Pyramidal-
Wan.

Sampling from trained models. For all the
models, both multi-step and few-step, we used
FlowMatchEulerDiscreteScheduler from
the diffusers library for sampling [18, v0.33.0]. For
Wan-DMD, noise levels for 4-step sampling were taken
from the set {1, 0.9097, 0.7173, 0.0244}, and for 2-step
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sampling from {1, 0.8347}. For PyramidalWan-DMD
with 2-2-1 schedule, natural noise levels were selected as
follows: ς(2) ∈ {1, 0.9863} , ς(1) ∈ {0.9412, 0.8645} ,
ς(0) ∈ {0.5858} . Same schedule was used for Wan-PPF-
DMD. For the multi-step flow matching models, we used
classifier-free guidance scale of 5.

Measurements. To estimate the computational cost
of various models, we calculated FLOPs using Deep-
Speed library [16, v0.14.2]. For latency measure-
ments, models were compiled separately for each res-
olution with the PyTorch compiler [14, v2.7.0] on
H100 GPU. The configuration of the compiler was
set as follows: dynamic=False, fullgraph=True,
mode="max-autotune". For VBench and VBench-2.0
evaluation of all models mentioned in the paper, gener-
ated videos were saved using TorchVision’s [13, v0.22.0]
torchvision.io.write_video function with de-
fault parameters. We used GPT1 set of extended prompts
to evaluate VBench and Wanx2 set for VBench-2.0.

1https : / / github . com / Vchitect / VBench / blob /
7bcb8691c49426ac30544456d19a234d971722e6/prompts/
augmented _ prompts / gpt _ enhanced _ prompts / all _
dimension_longer.txt

2https : / / github . com / Vchitect / VBench / blob /
8270c9e54eb56de9a589ec351f4ff3c4e0ab3dfd / VBench -
2.0/prompts/prompt_aug/Wanx_full_text_aug.txt
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Table A2. VBench scores.

Models Subject
Consistency

Background
Consistency

Temporal
Flickering

Motion
Smoothness

Dynamic
Degree

Aesthetic
Quality

Imaging
Quality

Object
Class

Multiple
Objects

Human
Action

Wan2.1-1.3B (50 steps) 93.07 95.21 99.35 98.03 69.17 65.20 65.07 88.78 72.07 96.40
Wan2.1-1.3B (25 steps) 92.06 95.43 99.30 97.13 69.44 62.91 62.28 85.89 66.40 96.99
PyramidalWan (20-20-10) 97.02 97.38 99.44 98.68 44.44 66.13 65.69 95.27 84.47 95.60

Wan-Adv (4 steps) 95.62 95.44 98.47 98.87 71.39 63.37 65.79 91.33 71.91 95.00
Wan-Adv (2 steps) 95.97 95.31 98.58 98.93 64.17 63.68 66.24 90.35 69.91 93.80
Wan-Adv (1 step) 95.04 94.71 98.59 98.80 39.44 63.23 66.08 88.26 68.61 92.60
Wan-DMD (4 steps) 94.57 94.34 97.91 97.78 85.83 66.66 67.43 92.94 77.76 96.20
Wan-DMD (2 steps) 95.81 94.92 98.27 98.28 64.44 66.87 68.42 95.11 84.45 97.40
Wan-DMD (1 step) 92.95 92.94 98.55 98.44 46.94 59.96 66.89 84.43 64.65 95.60

PyramidalWan-Adv-OD (2-2-1) 97.63 97.17 98.96 98.49 45.83 66.48 69.94 94.21 79.80 94.40
PyramidalWan-Adv-PD (2-2-1) 96.39 96.71 99.23 98.79 56.94 65.08 67.82 93.94 72.84 91.80
Wan-PPF-DMD (2-2-1) 96.18 94.34 98.37 98.80 49.72 65.30 69.35 94.95 85.40 94.60
PyramidalWan-DMD-OT (2-2-1) 97.56 96.74 97.66 98.04 43.89 69.96 71.14 95.97 84.24 95.00
PyramidalWan-DMD-PT∗ (2-2-1) 98.06 96.98 99.34 99.07 31.39 68.07 69.24 95.44 85.18 94.20

Models Color Spatial
Relationship Scene Appearance

Style
Temporal

Style
Overall

Consistency
Quality
Score

Semantic
Score

Total
Score

Wan2.1-1.3B (50 steps) 83.20 75.46 54.56 22.82 25.78 26.99 83.47 78.57 82.49
Wan2.1-1.3B (25 steps) 83.11 67.94 49.64 23.69 24.90 26.28 82.09 76.02 80.87
PyramidalWan (20-20-10) 88.51 77.37 55.12 21.96 24.92 26.48 83.36 80.70 82.83

Wan-Adv (4 steps) 84.70 75.78 51.21 22.01 24.22 26.19 84.06 77.39 82.72
Wan-Adv (2 steps) 86.22 74.16 51.80 21.71 24.15 26.08 83.74 76.82 82.35
Wan-Adv (1 step) 84.74 75.98 50.51 21.30 23.85 25.86 81.38 75.85 80.28
Wan-DMD (4 steps) 80.93 71.82 51.90 21.60 25.24 26.59 84.71 77.86 83.34
Wan-DMD (2 steps) 86.04 78.51 51.95 21.65 25.32 26.82 84.00 80.41 83.28
Wan-DMD (1 step) 84.99 68.52 47.51 22.15 24.60 26.07 80.63 74.75 79.45

PyramidalWan-Adv-OD (2-2-1) 85.82 80.77 51.73 20.96 24.34 25.66 83.94 78.74 82.90
PyramidalWan-Adv-PD (2-2-1) 80.99 70.83 54.17 20.10 24.19 26.05 84.20 76.07 82.57
Wan-PPF-DMD (2-2-1) 88.90 79.48 51.85 20.46 24.88 26.17 83.04 79.80 82.39
PyramidalWan-DMD-OT (2-2-1) 83.96 82.18 50.77 22.22 24.09 25.90 83.63 79.80 82.86
PyramidalWan-DMD-PT∗ (2-2-1) 81.26 82.14 52.54 21.35 24.93 26.35 83.46 79.75 82.72
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Table A3. VBench-2.0 scores.

Models Camera
Motion

Complex
Landscape

Complex
Plot Composition Diversity Dynamic

Attribute

Dynamic
Spatial

Relationship

Human
Anatomy

Human
Clothes

Human
Identity

Human
Interaction

Instance
Preservation

Wan2.1-1.3B (50 steps) 49.08 72.44 31.99 61.70 48.42 40.80 97.99 11.31 25.12 85.96 63.50 16.44
Wan2.1-1.3B (25 steps) 96.10 47.62 10.91 73.13 62.90 25.12 19.11 83.04 4.02 79.33 48.65 71.33
PyramidalWan (20-20-10) 99.06 18.68 12.85 57.26 74.39 31.88 17.78 95.91 37.40 82.71 44.79 72.00

Wan-Adv (4 steps) 49.07 14.44 9.54 50.34 51.59 38.46 27.54 88.14 96.73 71.88 67.67 83.63
Wan-Adv (2 steps) 44.14 17.11 9.28 48.75 45.39 39.56 26.57 87.12 95.85 65.18 60.67 82.46
Wan-Adv (1 step) 40.43 17.56 9.65 45.51 31.51 41.39 27.05 86.07 85.52 67.20 59.00 78.36
Wan-DMD (4 steps) 99.48 51.28 10.92 76.34 60.84 35.27 16.67 79.53 24.51 88.08 48.53 71.67
Wan-DMD (2 steps) 37.96 20.22 13.58 48.70 45.30 43.96 31.40 87.25 100.00 54.94 75.00 85.96
Wan-DMD (1 step) 89.81 54.21 10.23 74.22 73.15 30.92 16.89 80.12 2.21 69.53 47.13 62.00

PyramidalWan-Adv-OD (2-2-1) 23.77 16.22 7.87 39.79 49.82 13.92 24.15 61.12 100.00 84.09 62.00 93.57
PyramidalWan-Adv-PD (2-2-1) 28.40 15.56 9.20 42.99 47.02 21.61 28.99 88.56 98.60 75.78 59.33 89.47
Wan-PPF-DMD (2-2-1) 31.79 16.67 10.36 48.62 31.46 12.45 24.64 88.23 100.00 86.61 66.67 89.47
PyramidalWan-DMD-OT (2-2-1) 24.69 15.56 9.00 45.56 54.52 25.64 30.92 45.52 100.00 86.98 73.67 91.23
PyramidalWan-DMD-PT∗ (2-2-1) 22.53 13.56 10.39 42.81 26.80 21.98 29.95 63.55 100.00 80.60 75.00 95.32

Models Material Mechanics
Motion
Order

Understanding

Motion
Rationality

Multi-View
Consistency Thermotics Creativity

Score
Commonsense

Score
Controllability

Score

Human
Fidelity
Score

Physics
Score

Total
Score

Wan2.1-1.3B (50 steps) 9.62 80.63 71.67 69.44 49.05 32.10 48.73 63.38 33.96 80.71 53.30 56.02
Wan2.1-1.3B (25 steps) 41.95 67.57 50.34 36.70 34.26 64.08 49.49 62.50 35.01 79.44 52.20 55.73
PyramidalWan (20-20-10) 32.76 59.22 44.50 23.91 21.60 53.68 44.64 64.33 28.39 85.38 51.89 54.93

Wan-Adv (4 steps) 64.66 75.74 21.21 31.03 0.00 61.87 50.96 57.33 32.56 85.58 50.57 55.40
Wan-Adv (2 steps) 62.07 73.08 23.23 34.48 18.90 63.38 47.07 58.47 31.51 82.72 54.36 54.82
Wan-Adv (1 step) 63.16 73.88 14.81 30.46 0.00 60.14 38.51 54.41 29.99 79.60 49.29 50.36
Wan-DMD (4 steps) 36.78 71.30 53.20 32.32 36.42 64.75 50.87 58.16 36.36 82.80 59.23 57.48
Wan-DMD (2 steps) 68.50 72.99 37.37 39.66 12.58 68.79 47.00 62.81 37.07 80.73 55.72 56.67
Wan-DMD (1 step) 38.51 72.95 30.21 30.98 42.28 70.63 38.67 59.31 35.36 77.49 55.00 53.17

PyramidalWan-Adv-OD (2-2-1) 60.61 58.33 12.12 28.16 36.12 49.64 44.80 60.86 22.86 81.74 51.17 52.29
PyramidalWan-Adv-PD (2-2-1) 66.67 69.53 17.85 34.48 9.79 58.04 45.00 61.98 25.85 87.65 51.01 54.30
Wan-PPF-DMD (2-2-1) 59.62 61.90 10.77 36.21 12.78 57.64 40.04 62.84 24.76 91.61 47.98 53.45
PyramidalWan-DMD-OT (2-2-1) 64.49 62.32 23.91 35.63 39.33 60.99 50.04 63.43 29.05 77.50 56.78 55.36
PyramidalWan-DMD-PT∗ (2-2-1) 62.07 62.99 25.93 31.03 17.67 60.96 34.81 63.18 28.48 81.38 50.92 51.75
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