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1. Theoretical Proof of Matrix Attention
This section derives the attention maps of our Matrix At-
tention and compare it with Full 3D and Local Factorized,
showing that Local Factorized is our special case. Let
z = [zt]

T
t=1 denote video features, where the feature of

frame t is zt ∈ RN×D. We represent index of token as a
pair (t, n) where t denotes the frame index, n denotes the
spatial token index within the frame. After flattening all
tokens in temporal-spatial order, the full attention matrix
is A ∈ R(TN)×(TN), with each element A [(t, n) , (t′, n′)]
specifies how much token (t′, n′) attends to token (t, n).
We omit softmax, scaling terms, and MLP biases since they
do not affect structure of the attention map.

Full 3D Attention computes output as

y = AfullzWv, (1)

where y is the output, attention map Afull is unconstrained.
As a result, each token (t, n) can directly attend to any token
(t′, n′).

Local Factorized Attention replaces this with spatial and
temporal attention. For each frame t, the spatial attention
operates only within that frame

xt,n =
∑
n′

St [n, n
′] zt,n′W ′

v, (2)

where xt,n is the output of spatial attention at position
(t, n), St ∈ RN×N is the spatial attention map. Stacking
all frames:

x = SzW ′
v, (3)

witth S = diag (S1, . . . , ST ) ∈ R(TN)×(TN) is the block
diagonal matrix, meaning no information exchange across
frames. Then, temporal attention compute output for each
spatial index n as

yt,n =
∑
t′

Hn [t, t
′]xt′,nW

′′
v , (4)

Hn ∈ RT×T is the temporal attention map. We can also
rewrite for all spatial indexes in the matrix form:

y = xWqW
T
k xTxW ′′

s = HxW ′′
v , (5)

where H ∈ R(TN)×(TN) is attention matrix, defined by{
H [(t, n) , (t′, n′)] = Hn [t, t

′] if n = n′

H [(t, n) , (t′, n′)] = 0 otherwise.
(6)

Replace x in Equation (5) by Equation (3):

y = HSzW ′
vW

′′
v = AfactzWv, (7)

which reveals that Local Factorized Attention implicitly as-
sumes attention matrix must be factorized into Afact = HS.
Each element of Afact is computed as

Afact [(t, n) , (t
′, n′)] (8)

=
∑
i,j

H [(t, n) , (i, j)]S [(i, j) , (t′, n′)] (9)

=H [(t, n) , (t′, n)]S [(t′, n) , (t′, n′)] , (10)

since H [(t, n) , (i, j)] = 0 if j ̸= n, and
S [(i, j) , (t′, n′)] = 0 if i ̸= n′. Thus, the interaction
between tokens (t, n) and (t′, n′) relies solely on the single
intermediate token (t′, n).

(t′, n′)
S−−−→

spatial
(t′, n)

H−−−−→
temporal

(t, n) .

In the FrameDiT-G model, spatial attention remains the
same x = SzW ′

v , while temporal attention is replaced by
Matrix Attention, which is computed as

y = U⊺
q xWq︸ ︷︷ ︸

key

WT
k xUk︸ ︷︷ ︸
query

U⊺
v,xW

′′
v︸ ︷︷ ︸

value

(11)

= U⊺
q HUkU

⊺
v SzW

′
vW

′′
v . (12)
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FVD↓ FVMD↓ FID↓

16 32 64 128 16 32 64 128 16 32 64 128

FrameDiT-H-Concat 66.15 126.90 225.39 256.40 943.32 478.14 125.81 70.10 13.45 15.48 17.54 22.29

FrameDiT-H-Gated 67.55 130.88 233.27 265.25 964.13 528.42 153.65 89.23 13.14 15.29 17.50 21.42

Table 1. Comparison between different Fusion layers for FrameDiT-H. FrameDiT-H-Concat is the model using Concat+MLP fusion,
and FrameDiT-H-Gated is the model using sigmoid fusion described in 2.3.

Letting H ′ = U⊺
q HUkU

⊺
v , this simplifies to

y = H ′SzWv = AmatzWv. (13)

One noteworthy point is that H
′

is not constrained like in
Equation (6). Each element of Amat is computed as

Amat [(t, n) , (t
′, n′)] (14)

=
∑
i,j

H ′ [(t, n) , (i, j)]S [(i, j) , (t′, n′)] (15)

=

N∑
j=1

H ′ [(t, n) , (t′, j)]S [(t′, j) , (t′, n′)] . (16)

Unlike Local Factorized, the interaction between (t, n) and
(t′, n′) may pass through all spatial tokens {t′, j}Nj=1.

(t′, n′)
S−−−→

spatial
{(t′, j)}nj=1

H−−−−→
temporal

(t, n)

This removes the single-token bottleneck imposed by Local
Factorized Attention while remaining significantly more ef-
ficient than Full 3D Attention. In case when Uq = Uk =
Uv = I , H ′ reduces to H , and Matrix Attention col-
lapses exactly to the temporal attention used in Local Fac-
torized Attention. Thus, Local Factorized Attention natu-
rally emerges as a special case of our formulation, corre-
sponding to the identity row-weight matrices of Matrix At-
tention.

2. Additional Experiment
2.1. Additional Implementation Details
We train all models using the DDPM framework with 1000
training diffusion steps. According to [4], we choose to
learn both mean and variance of the reverse process to im-
prove log-likelihood, increasing sample quality using the
loss function

L = Lsimple + λLvlb, (17)

with λ = 10−3.
We employ the noise-parameterization for all models.

For the latent representation, we use the Stable Diffusion
2.0 autoencoder [5], encoding each frame independently

with a compression ratio of {1, 8}. We use this VAE to en-
sure that improvement is solely from the diffusion modeling
rather than the reconstruction quality of the autoencoder.

For dataset, we preprocess them by center crop, and re-
size to desire resolution. We randomly sample with fixed
frame interval 3 from videos, except interval 1 for Taichi-
HD 128 × 128 at 128 frames. Our model and all baselines
are implemented using the Latte codebase and trained un-
der the exact same settings to ensure fair comparison. All
conditioning inputs, including noise levels and class labels,
are injected into the network through AdaLN-Zero layers.
For all experiments, training is performed in FP16 preci-
sion for computational efficiency. We clip maximum norm
of gradients to 1.0 from 100,000 training steps to stabi-
lize training, and exponential moving average (EMA) of
the model weights with a 0.999 decay. To improve high-
resolution quality at 256 × 256, we jointly train on both
videos and images, with 8 images for each video. We use
the AdamW optimizer with a learning rate of 1× 10−4. We
use DDPM sampler with 250 sampling steps for all models.
For UCF101, we apply classifier-free guidance with CFG =
7.0.

We evaluate models using both video-level and frame-
level metrics. For video-level evaluation, we adopt FVD
[6] and FVMD [3]. FVD computes the Fréchet distance
between feature distributions of real and generated videos,
where features are extracted using a pretrained I3D net-
work [1]; it reflects both overall video quality and tem-
poral coherence. FVMD focuses specifically on motion
consistency: it tracks keypoints using a pretrained PIPs++
model [7] to obtain motion trajectories, then measures the
Fréchet distance between the real and generated motion fea-
tures. Since FVMD processes videos in 16-frame chunks,
longer sequences lead to more chunks, therefore, produce
lower FVMD values. For this reason, we report the relative
FVMD improvement over Local Factorized Attention to
better reflect motion consistency gains across different se-
quence lengths. For frame-wise metrics, we report FID [2],
evaluating the similarity between real and generated frame
distributions using Inception features, providing a measure
of overall image realism.



2.2. Additional Result
Comparison between different attention mechanisms
Figure 1 present qualitative results of different attention
mechanism on Taichi-HD at 128× 128 resolution for video
lengths of 128 frames. Local Factorized Attention fails
to preserve human structure, producing inconsistent body
movements; these issues worsen as sequence length in-
creases. In contrast, both Full 3D Attention, FrameDiT-G
and FrameDiT-H maintain stable temporal dynamics across
all lengths, producing smooth, consistent human motion
even for 128-frame videos.

Because the Stable Diffusion 2.0 autoencoder is trained
primarily on high-resolution datasets, encoding images at
128×128 may degrade small or fine-grained details such as
facial features and hands. As a result, the generated videos
may exhibit blurred or distorted small structures, reflecting
a limitation of the underlying Image VAE.

Comparision with existing video generative models
Figure 2 presents qualitative comparisons on UCF101
dataset between prior video generative models and our
approach. Latte often produces temporally inconsistent
videos; for example, in the second sample of Latte, the
scene begins with a single person but unexpectedly intro-
duces an additional person mid-sequence, revealing weak
long-range temporal modeling. This issue comes from its
Local Factorized Attention, which cannot preserve frame-
level information during temporal attention.

AR-Diffusion produces sharp frames but exhibits mini-
mal motion, partly due to its use of a frame interval of 1 and
independent noise levels during training. In contrast, our
method produces videos with stable temporal dynamics and
maintains coherence even for fast-moving foreground ob-
jects, demonstrating stronger modeling of complex motion
and global temporal structure.

2.3. Aditional ablation study
Fusion mechanism For FrameDiT-H, we investigate al-
ternative fusion mechanisms that combine local and global
temporal features. In addition to the default Concat+MLP
fusion, we evaluate a gated fusion variant where a learn-
able scalar gate adaptively controls the contribution of each
branch:

e = σ (α)× elocal + (1− σ (α))× eglobal, (18)

where σ (·) denotes the sigmoid function, and α are
learnable parameters. We denote the two variants as
FrameDiT-H-Concat and FrameDiT-H-Gated, respectively.
As shown in Table 1, FrameDiT-H-Concat achieves
stronger results on video-level metrics across all sequence
lengths, indicating that preserving the full information from

both branches leads to better temporal modeling. In con-
trast, FrameDiT-H-Gated performs slightly better on FID,
suggesting that gated fusion can improve frame-wise spa-
tial quality but at the cost of discarding some temporal in-
formation. Overall, the results highlight that both local and
global temporal information are essential, and that aggres-
sively filtering one branch via a sigmoid gate may hurt video
consistency.
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Figure 1. Qualitative comparison on 128-frame Taichi-HD 128 × 128. Local Factorized Attention exhibits severe temporal drift and
collapsing human structure. In contrast, Full 3D model and FrameDiT-G, FrameDiT-H remain stable even at 128 frames, generating smooth
and coherent motion. The slight blurring of small regions (hands, face) arises from the low-resolution encoding of the Stable Diffusion 2.0
autoencoder.
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Figure 2. Qualitative comparison on UCF101 between prior video generative models and our approach.
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