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(a) Real video (b) Generated video
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Ideal Video Generator

Real Video Distribution 𝑷𝑿
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Spatial aspect Ideal Video Generator

Real Video Distribution 𝑷𝑿
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Ideal Video GeneratorTemporal aspect

Real Video Distribution 𝑷𝑿
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Ideal Video Generator

Real Video Distribution 𝑷𝑿 Fake Video Distribution 𝑷𝒀
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Fake Video Distribution 𝑷𝒀

𝒇(𝑷𝑿)
𝒇(𝑷𝒀)

𝒇(∙): Pretrained video-embedding network

(e.g., Inflated 3D convnet)

: Real video frame feature

: Fake video frame feature

Real Video Distribution 𝑷𝑿
Latent space
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Fake Video Distribution 𝑷𝒀

𝒇(𝑷𝑿)
𝒇(𝑷𝒀)

Measure difference

Real Video Distribution 𝑷𝑿

𝒇(∙): Pretrained video-embedding network

(e.g., Inflated 3D convnet)

: Real video frame feature

: Fake video frame feature
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Real Video Distribution 𝑷𝑿 Fake Video Distribution 𝑷𝒀

𝒇(𝑷𝑿)
𝒇(𝑷𝒀)

(1) Cannot account for long video frames

(2) Classifier embedding network achieves 

its performance based on the spatial 

information

(3) Metrics giving the single score are only 

useful to compare or rank models

𝒇(∙): Pretrained video-embedding network

(e.g., Inflated 3D convnet)

: Real video frame feature

: Fake video frame feature
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𝑿𝑻

𝒀𝑻

1. Embedding space

: Real video frame feature

: Fake video frame feature

: Inconsistent feature

Spatial

Quality

Temporal

Quality

3. STREAM-S

4. STREAM-T(1) Fit to power law and 
measure skewness

(3) STREAM-T =
1

d
σi
d corr(HIST𝒳,HIST𝒴)

(2) Construct histogram with skewness values:

Skewness vector for 
single video sample

𝑇/21 2 ⋯

𝑇/21 2 ⋯

a
m

p

𝝃

skewi( 𝑋)

skewi( 𝑌)

STREAM-F =
# ( 𝑌(ξ𝟎) ∈ supp( 𝒳(ξ𝟎)))

# 𝑌(ξ𝟎)
STREAM-D =

# ( 𝑋(ξ𝟎)∈supp( 𝒴(ξ𝟎)))

# 𝑋(ξ𝟎)

Frequency (ξ)

𝑿(ξ𝑻/𝟐)

𝒀(ξ𝑻/𝟐)

Frequency (ξ)

a
m

p
a

m
p

𝑇/20 1 2 ⋯

𝑿(ξ𝟎)

𝑇/20 1 2 ⋯

𝑿(ξ𝟏)

𝑿(ξ𝟐)

𝒀(ξ𝟎)

𝒀(ξ𝟏)

𝒀(ξ𝟐)

𝑿(ξ𝒕) ∈ ℝd at frequency 𝜉𝑡

: Real amplitude at 𝜉𝑡

: Fake amplitude at 𝜉𝑡

𝑿𝟏

𝑿𝟐 𝑿𝑻−𝟏

𝑿𝟑

𝒀𝟏

𝒀𝟐

𝒀𝑻−𝟏

𝒀𝟑

FFT

2. Temporal Amplitudes
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STREAM-T: Evaluating the Temporal Flow of Videos

(1) Vector representation of temporal flow (2) Fourier series of temporal flow

: Amplitude value at 𝐤th dimension

: Amplitude value at 𝟏st dimension

: Feature value at 𝐤th dimension

: Feature value at 𝟏st dimension

: Change of amplitude at 𝒌th dimension

: Change of amplitude at 𝟏st dimension

: Temporal flow at 𝒌th dimension

: Temporal flow at 𝟏st dimension
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STREAM-T: Evaluating the Temporal Flow of Videos

(1) Vector representation of temporal flow (2) Fourier series of temporal flow

: Amplitude value at 𝐤th dimension

: Amplitude value at 𝟏st dimension

: Feature value at 𝐤th dimension

: Feature value at 𝟏st dimension

: Change of amplitude at 𝒌th dimension

: Change of amplitude at 𝟏st dimension

: Temporal flow at 𝒌th dimension

: Temporal flow at 𝟏st dimension
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STREAM-T: Evaluating the Temporal Flow of Videos

(3) Fit Fourier series to the power law distribution

: Amplitude value at 𝒌th dimension: Amplitude value at 𝟏st dimension : Fitted power law distribution

𝑿(ξ𝟏)

𝒅𝒊𝒎 = 𝟏

𝒅𝒊𝒎 = 𝒌

𝑿(ξ𝟐) 𝑿(ξ𝟑)
𝑿(ξ𝑻−𝟏/𝟐) 𝑿(ξ𝑻/𝟐)

𝒑𝑿𝟏
(𝝃)

𝒑𝑿𝒌
(𝝃)
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STREAM-T: Evaluating the Temporal Flow of Videos

(4) Calculate “skewness” from the power law distribution

𝑿(ξ𝟏)

𝒅𝒊𝒎 = 𝟏

𝒅𝒊𝒎 = 𝒌

𝑿(ξ𝟐) 𝑿(ξ𝟑)
𝑿(ξ𝑻−𝟏/𝟐) 𝑿(ξ𝑻/𝟐)

𝒑𝑿𝟏
(𝝃)

𝒑𝑿𝒌
(𝝃)

𝒔𝒌𝒆𝒘𝒌(𝑿)

𝒔𝒌𝒆𝒘𝟏(𝑿)

: Fitted power law distribution
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STREAM-T: Evaluating the Temporal Flow of Videos

(5) Construct “histogram” for each skewness values at each feature dimension

𝒔𝒌𝒆𝒘𝟏(𝑿) 𝒔𝒌𝒆𝒘𝒌(𝑿) 𝒔𝒌𝒆𝒘𝒅(𝑿)

Skewness vector for video 𝑿
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STREAM-T: Evaluating the Temporal Flow of Videos

(5) Calculate STREAM-T: mean correlation between real and fake histograms

Set of histograms for real dataset: 𝑯𝑰𝑺𝑻𝒳 Set of histograms for fake dataset: 𝑯𝑰𝑺𝑻𝒴

STREAM-T =
1

d
σi
d corr(HIST𝒳,HIST𝒴)
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1. Embedding space

: Real video frame feature

: Fake video frame feature

: Inconsistent feature

𝑿𝟏

𝑿𝟐 𝑿𝑻−𝟏

𝑿𝟑

𝒀𝟏

𝒀𝟐

𝒀𝑻−𝟏

𝒀𝟑

𝒀𝑻

𝑿𝑻

Frequency (ξ)

𝑿(ξ𝑻/𝟐)

𝒀(ξ𝑻/𝟐)

Frequency (ξ)

a
m

p
a
m

p

𝑇/20 1 2 ⋯

𝑿(ξ𝟎)

𝑇/20 1 2 ⋯

𝑿(ξ𝟏)
𝑿(ξ𝟐)

𝒀(ξ𝟎)

𝒀(ξ𝟏)
𝒀(ξ𝟐)

𝑿(ξ𝒕) ∈ ℝd at frequency 𝜉𝑡

: Real amplitude at 𝜉𝑡

: Fake amplitude at 𝜉𝑡

2. Temporal Amplitudes

FFT

Corresponds to the average

video frames features.

This is similar to global 

representation of a single feature.

STREAM-S: Evaluating the Spatial Quality of Videos
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1. Embedding space

: Real video frame feature

: Fake video frame feature

: Inconsistent feature

𝑿𝟏

𝑿𝟐 𝑿𝑻−𝟏

𝑿𝟑

𝒀𝟏

𝒀𝟐

𝒀𝑻−𝟏

𝒀𝟑

𝒀𝑻

𝑿𝑻

STREAM-F =
# (𝒀(𝝃𝟎) ∈ 𝒔𝒖𝒑𝒑(𝓧(𝝃𝟎)))

# 𝒀(𝝃𝟎)

STREAM-D =
# (𝑿(𝝃𝟎)∈𝒔𝒖𝒑𝒑(𝓨(𝝃𝟎)))

#𝑿(𝝃𝟎)

3. STREAM-S

𝑿(ξ𝑻/𝟐)

FFT

Frequency (ξ)

𝑿(ξ𝑻/𝟐)

𝒀(ξ𝑻/𝟐)

Frequency (ξ)

a
m

p
a
m

p

𝑇/20 1 2 ⋯

𝑿(ξ𝟎)

𝑇/20 1 2 ⋯

𝑿(ξ𝟏)
𝑿(ξ𝟐)

𝒀(ξ𝟎)

𝒀(ξ𝟏)
𝒀(ξ𝟐)

𝑿(ξ𝒕) ∈ ℝd at frequency 𝜉𝑡

: Real amplitude at 𝜉𝑡

: Fake amplitude at 𝜉𝑡

2. Temporal Amplitudes

STREAM-S: Evaluating the Spatial Quality of Videos



STREAM-S: Evaluating the Spatial Quality of Videos

(a) Fidelity (b) Diversity

STREAM-F =
# 𝒊𝒏𝒍𝒚𝒊𝒏𝒈 𝒇𝒂𝒌𝒆

# 𝒇𝒂𝒌𝒆
=

𝟑

𝟓
STREAM-D =

# 𝒊𝒏𝒍𝒚𝒊𝒏𝒈 𝒓𝒆𝒂𝒍

# 𝒓𝒆𝒂𝒍
=

𝟒

𝟓

: Mean amplitude feature of a single real video : Mean amplitude feature of a single fake video
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Experiments & Results – toy data experiment

Behavior of STREAM regarding noise affecting the “visual quality”

Color jitter

STREAM-T STREAM-F FVDSTREAM-D

0 1 2 3 4 5
Noise intensity Noise intensity Noise intensity

Gaussian noise Salt and pepper noise Luminance shift

1.00

0.75

0.50

0.25

0.00

0 1 2 3 4 5 0 1 2 3 4 5 0 1 2 3 4 5
Noise intensity

16.4 94.9
329

713
1270

1655

17.3 81.8
181

333
549

23.316.4 49.7 78.0 120 213
311387

254
10129.116.915.0

1.00

0.75

0.50

0.25

0.00

1.00

0.75

0.50

0.25

0.00

1.00

0.75

0.50

0.25

0.00

1.0 0.99 0.98 0.98 0.981.0 1.0 1.0 0.99 0.98 0.961.0 0.99 0.99 0.99 0.97 0.971.0 0.99 0.98 0.97 0.96 0.95

Weak Medium StrongClean Weak Medium StrongClean Weak Medium StrongClean Weak Medium StrongClean
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Experiments & Results – toy data experiment

Example of local swap when number of swaps are 2

Example of global swap when number of swaps are 3

STREAM-T STREAM-F STREAM-D FVD (global swap)FVD (local swap)

Local swap

Number of swaps Number of swaps

Global swap

0 1 2 3 654 0 2 4 6 8
Number of swaps

0 1 2 3 654

600

0

150

300

450

1.00

0.85

0.70

0.55

0.40

Comparison of FVD scale
1.00

0.85

0.70

0.55

0.40
16.0

90.9

211
304

390
465

546

39.6
64.6 83.1 94.1 102 110

1.0

0.71

0.59
0.54 0.51

1.0
0.90

0.78
0.69

0.62
0.57 0.54

0.83 0.64
0.57

0.52

Comparison of the behaviors of STREAM and FVD on “temporal degradations”
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Experiments & Results – ranking experiment
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Comparison of unconditional video generative models trained with 16 frame videos



Experiments & Results – ranking experiment
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Comparison of unconditional video generative models trained with 16 frame videos

Generative models for short video clips

properly accounts for temporal naturalness
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Comparison of unconditional video generative models trained with 16 frame videos

Current generative models 

cannot generate diverse samples
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Comparison of unconditional video generative models trained with 16 frame videos

VIS: TATS > VideoGPT

FVD: TATS < VideoGPT

STREAM is capable to interpret the 

performance of generative models
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Comparison of unconditional video generative models trained with 16 frame videos
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Comparison of unconditional video generative models trained with 16 frame videos

Spatial (STREAM): 0.9

Temporal (STREAM): 0.6

Spatial (FVD): 0.7

Temporal (FVD): 0.5
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Comparison of unconditional video generative models trained with 128 frame videos
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Comparison of unconditional video generative models trained with 128 frame videos

Current generative models cannot properly 

account for the video temporal naturalness
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Comparison of unconditional video generative models trained with 128 frame videos

Current generative models 

cannot generate diverse samples



Thank you

Use our method by only pip command!

Project Page
Quick Start!

pip install v-stream
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