
FreePCA: Integrating Consistency Information across Long-short Frames in
Training-free Long Video Generation via Principal Component Analysis

Supplementary Material

• Sec. 1 introduces the experiment that selects consis-
tent features based on the ranking of eigenvalues, which
demonstrates that there is no significant correlation be-
tween eigenvalue and consistency features;

• Sec. 2 provides an introduction to attention entropy and
the derivation process in our method;

• Sec. 4 provides details of experiments for testing our
method and more qualitative comparisons.

• Sec. 5 provides details of the ablation experiments and the
qualitative results;

• Sec. 6 provides the experimental details for multi-prompt
video generation and continuing video generation.

1. Selecting Components by Eigenvalues

Since the eigenvector corresponding to the largest eigen-
value contains most of the information, it is difficult to
achieve a decoupling of appearance and motion. As shown
in Fig. 1 after decoupling video features using the eigenval-
ues, high eigenvalues struggle to reveal distinct appearance
contours. Additionally, components with small eigenvalues
do not show significant differences in motion intensity. We
also analyze the ranking of the eigenvalues corresponding
to the components with the highest cosine similarity. Fig. 2
illustrates that the components with the highest similarity
do not correspond to the largest eigenvalues. These results
demonstrate that eigenvalues cannot serve as a condition for
decoupling, and our cosine similarity selection method also
exhibits no significant linear relationship with the eigenval-
ues.

2. Attention Entropy in Long Video Genera-
tion

Attention entropy is proposed by [2] to solve variable-sized
text-to-image synthesis problems, which has not been used
in long video generation. The specific derivation process
can be found in the aforementioned paper; here we provide
the implementation details in our setting. The calculation
process in temporal attention can be represented by the fol-
lowing equation:

TempAtten(Q,K, V ) = softmax(λ
QKT

√
d

)V, (1)

where Q, K, V represent query, key and value in attention
module, respectively. And λ = 1 in common attention mod-
ule. However, due to the variation in the number of frames,
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Figure 1. Visualization of features extracted in the principal com-
ponent space using eigenvalue. We use the same k value as the
cosine similarity method to separate consistency information. It
can be seen that (c) and (d) struggle to display distinct contours,
while (e) and (f) are quite similar, making it difficult to show sig-
nificant differences in motion intensity. Therefore, using eigenval-
ues proves ineffective for the decoupling of video appearance and
motion, which further demonstrates the effectiveness of our cosine
similarity method for decoupling.

the attention entropy changes, which can be expressed as:

Entropy(A) = logF − σ2

2
, (2)

where A represents attention map, F represents the num-
ber of tokens and refers to changing from 16 frames to 64
frames in our experiments. σ is related to λ, Q and K,
which can be found in [2] for analytic expression. To en-
sure the attention entropy unchanged, we set λ =

√
logf F

according to [2], where f = 16 and F = 64.
We also provide both quantitative and qualitative results

from comparative experiments on whether to use attention
entropy coefficient, as shown in Tab. 1 and Fig. 3. It’s im-
portant to highlight that our method still surpasses existing
approaches, even in the absence of the coefficient for atten-
tion entropy.
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Figure 2. Relationship between the highest cosine similarity with the ranking of eigenvalues. From a statistical perspective, it can be
observed that the components with the highest similarity do not correspond to the components with the largest eigenvalues.

Table 1. Quantitative Comparison of whether we use attention entropy. The best values are shown in bold. It is worth noting that even
without the coefficient for attention entropy, our method still outperforms existing approaches.

Methods Video Consistency Video Quality
Sub(↑) Back(↑) Over(↑) Motion(↑) Dynamic(↑) Imaging(↑)

λ = 1 94.29 94.81 25.35 95.56 56.94 63.46
Ours(λ =

√
logf F ) 95.54 95.24 25.69 96.41 59.72 63.70

3. Result in DiT framework
In Tab. 2, we evaluate our method with the DiT architecture
(Open-Sora) using 64 frames. Our approach enhances long
video generation quality and shows generalizability across
various backbones.

Table 2. Quantitative Comparison by VBench-Long.

Config Sub↑ Back↑ Motion↑ Imaging↑
DiT(Open-Sora) 96.36 96.56 98.09 64.28

DiT+Ours 96.72 97.19 98.67 64.73

4. Details of Experiments
In our experiments, we set the DDIM sampling steps to 50,
the unconditional guidance scale to 12, and the video out-
put frame rate to 28 fps. The prompts used are selected ac-
cording to Vbench[1]’s suggestions. Additionally, to make
over consistency metric more convincing, we also test the
prompts corresponding to subject consistency for over con-
sistency. The experiments are conducted on a single RTX
4090 GPU, and a random seed is set from a uniform distri-
bution for five repeated trials.

In the qualitative results, each frame was selected at
equal intervals(i.e., 16 frames). Here, we have included ad-
ditional qualitative comparison results in Fig. 4, Fig. 5 and
Fig. 6, further demonstrating that our FreePCA method out-

performs existing training-free long video generation meth-
ods.

5. Details of Ablation
For (2) removing the PCA process, we remove the process
of mapping features to the principal component space and
mapping it back, while retaining all other processes, includ-
ing the selection of consistent features using cosine sim-
ilarity. It can be observed that even without using PCA,
acceptable results can still be achieved. However, the pow-
erful decoupling ability of PCA can work in conjunction
with cosine similarity to achieve better decoupling and thus
obtain results with higher quality and consistency.

For (3) substituting the cosine similarity selection with
random selection, We used a uniform distribution to ran-
domly select components as consistent features, while
maintaining the same value of k as in the original experi-
ment.

For (5) replacing the reuse mean statistics with direct
reuse, we use noise rescheduling from [5] to show the im-
provement of our method. The improvement in results
shows that reusing only the mean statistics can enhance con-
sistency, while preserving better flexibility in the video gen-
eration process, as noise rescheduling is a more stringent
reuse method.

For (6) removing the reuse mean statistics, we sample the
initial noise for all video sequences according to a standard
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Figure 3. Qualitative results of the attention entropy. If the λ =
√

logf F that maintains a constant attention entropy is not used,
inconsistencies between frames and semantic loss may occur due to the shift of distribution.

Gaussian distribution as the original way.

Fig. 7 and Fig. 8 presents the qualitative results of the
ablation experiments, showing that these settings negatively
impact video quality and video consistency.

6. Details for Multi-prompt Video Generation
and Continuing Video Generation

For multi-prompt video generation, we use the same setting
as [5]. In most of the denoising steps, the first prompt is
used, while the second prompt is applied only at specific
steps. This approach allows for the generation of the same
layout with different object shapes and motions.

For continuing video generation, we apply DDIM
inversion[4] to the given 16-frame video and saved the noise
from the last 10 steps, replacing the noise from the first 10
steps of the DDIM process for the first 16 frames of the long
video generation (i.e., 64 frames). All other settings remain
consistent with the original method.
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Figure 4. More qualitative comparisons with existing methods. “Direct” indicates directly sampling 64 frames based on short video
generation models. FreeNoise[5] and FreeLong[3] are advanced training-free long video generation methods for comparison.
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A boat sailing leisurely along the Seine River with the Eiffel Tower in background.
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Figure 5. More qualitative comparisons with existing methods. “Direct” indicates directly sampling 64 frames based on short video
generation models. FreeNoise[5] and FreeLong[3] are advanced training-free long video generation methods for comparison.
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A person swimming in ocean.

Figure 6. More qualitative comparisons with existing methods. “Direct” indicates directly sampling 64 frames based on short video
generation models. FreeNoise[5] and FreeLong[3] are advanced training-free long video generation methods for comparison.
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Figure 7. Qualitative results of the ablation. (1) The choice of Kmax. (2) Removing the PCA process. (3) Substituting the cosine similarity
selection with random selection. (4) Setting k = 3 as a fixed value. (5) Replacing the reuse mean statistics with direct reuse. (6) Removing
the reuse mean statistics. Prompts: a motorcycle cruising along a coastal highway.
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Figure 8. Qualitative results of the ablation. (1) The choice of Kmax. (2) Removing the PCA process. (3) Substituting the cosine similarity
selection with random selection. (4) Setting k = 3 as a fixed value. (5) Replacing the reuse mean statistics with direct reuse. (6) Removing
the reuse mean statistics. Prompts: a person eating a burger.
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