Predictive Learning
forVideo Prediction

Mingsheng Long
Tsinghua University
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Today’s Al

‘,'::.‘ Today, Al = Supervised (Deep) Learning
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“Real” Al

.o.::.. But Supervised Learning is Insufficient for “Real” Al

» Most of animals and humans learning is poLYOURETELLING
unsupervised, through interaction with the world S

» We learn how the world works by observing it

» We learn many simple things: depth and 3-/ ,,;m.,,,,,,mg 1S s-m.."‘m~

EVEN THOUGH IT'S OUT IIF SIGHT?

dimensionality, gravity, object permanence,

» We build models of the world through predictive
unsupervised learning

» World models give us “common sense”
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Predictive Learning

..’::.. How Much Information does the Machine Need to Predict?

P Pure Reinforcement Learning (cherry)

» The machine predicts a scalar reward given once in
a while.

» A few bits for some samples

P> Supervised Learning (icing)
» The machine predicts a category or a few numbers
for each input

» 10—10,000 bits per sample

P Unsupervised/Predictive Learning (génoise)

» The machine predicts any part of its input for any s~
observed part.

» Predicts future frames in videos » Unsupervised Learning is te Dark

» Millions of bits per sample Matter (or Dark Energy) of Al
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Video Prediction: Learning Physics

‘o'::o. Learning Physics (PhysNet) [Lerer, Gross, Fergus, ICML'16]

» ConvNet predicts the trajectories of falling blocks
» Uses the Unreal game engine hooked up to Torch.

ik Predictive Learning 5
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Video Prediction:VWeather Nowcasting

March 4th, Jiangxi Province, China
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Predictive Learning

Xt+2

Xt+17 SR Xt—i—K — argmax p (Xt+17 SR Xt—I—K’Xt—J—Fla SRR Xt)
Xep1,, Xk

* Video frame prediction
* Self-supervised / unsupervised feature learning
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Spatial

Technical Challenges

Optical Flow CNN RNN LSTM |

l».

1 X /XX

deformation
' How? |
Short Term x J / / I !
A |m i i
movement A | :
Long Term '
movement A A A - X X X x
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CNN-based methods

- 3D CNNs [Vondrick 201 6]

RNN-based methods

- ConvLSTM network [Shi 2015]
- Video Pixel Networks [Kalchbrenner 201 /]
- PredRNN / PredRNIN++ [Wang 2017, Wang 201 8]
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Foreground Stream
3D convolutions

dynamic
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Noise
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Background Stream

2D convolutions

VideoGAN
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3D CNNs

3D Conv (D)
* 3D Transpose Conv (G)

Foreground
Tanh

m®}+(1—n:)®b—>

Mask
Sigmoid

Replicate over Time

ey Background
Tanh

Generating Videos with Scene Dynamics. Vondrick et al. NIPS 2016.
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Space-Time Cuboid
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Adversarial

Training
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Warm-Up: Seg-to-Seq LSTMs

Input Reconstruction

W2 W2
Learned u
Representation
?)Ag
Wy "
W3 W3

Xt
* Inputs, outputs and states at all
timestamps are | D vectors

Sequence of Input Frames

Flatten to vectors

Future Prediction

* Dimensions of a hidden state
can be swapped without
affecting the overall structure

777777
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Warm-Up: Seg-to-Seq LSTMs

Input Sequence Ground Truth Future
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Input Sequence > Ground Truth Future
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Input Reconstruction Future Prediction
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Two Layer Composite Model with 2048 LSTM units
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Long Short-Term Memory (LSTM)

-

— N,

|

1//4 L tanh

1

g
hy_q \> concat 0 h

LSTM

Input, forget, output gates:
ip = o(Wyixe + Wyihe—q + by)
ft = O'(foxt + thht—l + bf)
0r = 0(WyoXe + Whohe—1 + by)

=/

|
Xt

|. All variables are |D vectors

2. Dimensions are Permutable
(Spatial Information Loss)

Cell state:
gr = tanh(W,.x¢ + Wyche—q + be)
¢t = fr ©cr—1 +i O g¢

Hidden layer:
h; = o; © tanh(c;)
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Convolutional LSTM (ConvLSTM)

-

hy_q > concat

1

]

1//4 L tanh

ConvLSTM

Input, forget, output gates:

iy = 0(Wyi * Xy +Whi * He—q + by)
fo = 0(Wyp * X¢ + Wyp * He_q +by)
0r = 0(Wyo * X¢ +Who * Hy—q + by)

QS
0 h

=/

|
Xt

| . All variables are 3D tensors

2. Spatial Dimensions are Not

Permutable (Spatial Preservation)

Cell state:
Jde = tanh(Vch * X +Whe * He_y +bc)
Ce =ft O Cioq +i O g¢

Hidden layer:

Ht = O¢ @ tanh(Ct)

[Convolutional LSTM Network. Shi et al. NIPS 2015.]
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ConvLSTM

MatMul — Convolution

Output

Hidden state (H,)
Cell state (C))

Inputs

State-to-state Convolution: future states =2 larger receptive field

[Convolutional LSTM Network. Shi et al. NIPS 2015.]

......
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ConvLSTM Network

A deep SeqZ2Seq model

4 ’ NS
4-= NS
L ConvLSTM-

Ty

IT~\~_
%
1
= !
N~

_____________________________ Decoder

No input to decoder!

Encoder

[Convolutional LSTM Network. Shi et al. NIPS 2015.]
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* Explicit density model

* Use chain rule to decompose likelihood of an image

PixelRNN

Pixel Ordering

(E—O @ o O ® O
x = (x4, ..., X7) into product of |-dim distributions: D 2_,;?;;?2 .
T
PH (X) - I I PH (.xt |x1,...,xt_2,xl,_1)
\ t=1 \
Likelihood of image Probability of t-th pixel value
X = (X1, e, XT) given all previous pixels
* Then maximize likelihood of training data {x}
A Oord et al. Pixel Recurrent Neural Networks. ICML 2016.
'ﬁ% Predictive Learning |7



PixelRNN

Sequential Ordering Generate an image as pixel sequence — RNN

L_FI FOS
0 Markov process

S N S S P(xl,...,xT)

Pixel

I
i T
probability |
=T )
1 =1
A pixel [STMs > ! r (_A_/
: — Hg‘ St—z "xt—l)
(note: the : i
box is used Pixel . _ |
to indicate Intensity L1 L L4 L] | oo e
a pixel) O3 i At test time, predict
. pixels recursively!

________________________________

A Oord et al. Pixel Recurrent Neural Networks. ICML 201 6.

......
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Video Pixel Networks (VPN)

Foy Fy Ey
R
G T
B
Fl Fs ﬁ?. ﬁb F1 15'3 F?.
A A A A A A A
1 ] I
1 1 1
< e PixelCNN <
Decoders Dgecoders
A A A
1 ] I
1 1 1
P P Fy
A A 4 Resolution Preserving A A 4
CNN Encoders
Fy F Fy Fy Fy I3
Video Pixel Network Baseline

Video Pixel Networks. Kalchbrenner et al. ICML 2017.
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PredRNN

Zlgzag Info Flow

* Deeper transitions for short-term (fast flow) dependencies

* Larger receptive field across adjacent states for sudden change

A\
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PredRNN

Zlgzag Info Flow

* Zigzag flow makes network deeper in time — gradient vanishing

* Maintain temporal memory (C,) — Preserve long-term gradients

A A\ A\
Xt—1 M, H Xt Xt+1 ettt S S \
T\ . : |
[N i F 1\" """ Fy 1\ 4 |
1\“ P Ioy :: l: RN :I // : Input Gate OutputGate I
Sl \'J |
1 ‘:\\ H 1 :\\ ﬂ , 4 : Original Temporal '
:I 2 :I y | Memory :
I == ==V, | 1
MH o=~ ¥ DSt piniininhn 7y | ® ul—»H,
T 7 MDD :
1 ; 1\ V4 ! ]
e 1 = ¥ s @ | ~X spat,o :
MH ' ' =0 ! ;N = |: -'7‘-‘;"”\ I temporal |
I\ ~\:\l H \ \:\| < H{’_l—:— Memory |
Y A ey A= :
1 1
(— i - R T — v X == |
________ 1 P | t T |
""""" 1\ _-___1\ '__________________ E——
Xt—2 Xt—1 Xt
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PredRNN

Dual memory

e Spatiotemporal Memory (in yellow): an external memory (M)

e Temporal Memory (in black): the conventional memory cell (C/)

N\ A\ 2\
Xt—1 M, H Xt Xt+1 b )
________________ ’ | |
/I\l === =- F 1\ - TTTT s ) 1\ 4 | |
1 ,—-~\\: : I : ,—-N\\: : // | Input Gate Output Gate 0 :
- ~
L 2 | e I Memory |
1 == [ SIS |
1 1 (O 1
M'H AN i Oy |: I\ = \I: "— I LS | @ @ X \J|_>Ht
~ C,H 4 \ I I
/ S / I ‘r[\\ 1 | Input Modulation Gate I
I I
1 2 | U4 ! [ N
| ] : D === ] : I PR C. | X Spatlo :
M 1\ I 1 I Sen =% I temporal
, LN s el T 1\ i S e I Memo !
L ~ H,_ vy |
nCH XN S -1 | I
I :\s TN \\ | Forget Gate |
I
] : : | =" ] I : T AT M X I
———————— |

3L T _'1\ EEEEEE -'/]\ ) (S )
Xt—2 Xt—1 Xt

PredRNN: Recurrent Neural Networks for Predictive Learning using Spatiotemporal LSTMs.Yunbo Wang et al. NIPS 2017/.
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PredRNN++

Zlgzag flow: more straightforward supervisions to the memory

H H . .
k=1 | convisty —OD ConvLSTM —1> ConvLsTH [—  ~»| ConvLSTH k=1 | convism ConvLSTM convisTd [+ ConvLSTM
c} c v
P g o Sy Sl
t=0 t=1 t=2 t=T t=0 t=1 t=2 o t=T

(a) Stacked LSTMs (b) Deep Transition LSTMs

But, for the short term -> deeper-in-time networks -> gradient
vanishing -> bad long-term modeling capability

Predictive Learning 23




PredRNIN++: [ onger path for short-term dynamics

f ? f » A dual memory structure, C/: the conventional LSTM memory
ausa ausa ausa M¥: a zigzag delivered memory (vertically and horizontall
k=L CLSTMl —> CLSTMl —> CLSTMl —» - g lf gk & . Y ( 4 y)
P B T . » C — M. add more non-linear layers to recurrent transitions
A ;AL AR g .
........................................................ from one time step to the next.

"""""" 0 N I A IR B PR

k= Causal > Causal ’> Causal ~ v
=3 LSTM LSTM [ LSTM > ) (T T T T mm I
5 3 3 S = = M W, Causal LSTM |
H0¢ fMo Hl? ?Ml Hﬁ -TMZ |:> CE | g |
t-1
Causal usal usal t
k=2 ESTM > CES;M > CESTM > e | ; :
| f. f: I
Z Ho 4T ™ Z; " H! | W i c: Yw i ME W | B
t-1 1 1 t 2 1: t 5 t
GHU | cuu | cru P - (G o PO o —»@-»@—»G< tanh —»@-:—»
A
‘ g I O: |
W, tanh

|

ﬂ‘{é E‘_Ii ﬂl_li i tanh = tanh iT
Sa A |
|

_ Causal » Causal > Causal » X
k=1 LSTM i a7 LSTM T LSTM i :
4 Hy, Co 4 Hy C; ‘ < J
t=0 t=1 t=2
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PredRNIN++: [ onger path for short-term dynamics

I

I

!

» A dual memory structure, C/: the conventional LSTM memory

k= | cusa p| cousar o ot | > lek: a zigkzag delivered memory (vertically and horizonta!l)./)
P B T . » C — M. add more non-linear layers to recurrent transitions
PE_ b6 AL R I -
........................................................ from one time step to the next.
------------ 0 D DR 0 LR SRR 1 SRR 8t tanh
- =~ 2 k k
e [ [ e o e i | = o | W [ M C]
= =~ f, o
HéT fMﬁ Hif fo Hif 'TMﬁ — \ ‘ \
K=z | Chml gl el fL ol cmesl L Ci =HOC 1+ O g
u T ML 7 TAMI . T AMI gt/ tanh
0 0 1 il 2 2 y o k k—1
GHU | cru | cuu » - | = o | Wax [‘Xt?ct’Mt ]
X X X f o
k / k—1 -/ /
Causal \ Causal \ Causal Mt - f;—' @ tanh (W3 * Mt ) —|— It @ gt
k=1 s [ s [ | wsm [ » k k
A Hy Cp A Hi C A H; C; o; = tanh (W4 * [Xt,Cth])
k k k
£=0 t=1 £=2 H; = oy © tanh (W5 * [Ct,MtD

[PredRNIN++. Yunbo Wang et al. ICML 2018.]
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PredRNIN++: Shorter path for long-term relations

CaIal CaIal CaIal » Enables an adaptive learning between the quickly updated
S \_’ML \_’ML _’ML " H(X,) and the lazily updated Z, 1. Z, = GHU(X,, Z,_1):
----------- *?O*f 1** NI P: = tanh (W x Xy + W, % Z44)
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, St =0 (st * Xt + Wsz * Zt—l)
Caulsal‘I CaulsalqI Cau|’salI Zt — St @ Pt + (1 _ St) @ Zt_]-
k=3 LSTM P s > e [P
et bl ettt e oo
k=2 | Tom > o > T > :' Gradient Highway Unit |,
A A A ' (GHU) ,
z, 8 Ty z, 8 Tyult — 2.8 [} ; Wy P, ;
I \ . ' tanh _> x :
GHU P| cau N GHU ; ’ X, | W, S,
K T A o Bt
C 1 \ Causal Causal *
k=1 s [ wwm [P m [P Z._; > Z
H; C} Hi C! Hi C}
A A A k
t=0 t=1 t=2 TTTTTTmmmmmmmmmTmTEETTTETETITTTT
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Moving MNIST: Frequent Occlusions

MNIST-2 MNIST-3

MODEL 10 TIME STEPS 30 TIME STEPS 10 TIME STEPS

SSIM MSE SSIM MSE SSIM MSE
FC-LSTM (SRIVASTAVA ET AL., 2015A) 0.690 118.3 0.583 180.1 0.651 162.4
CONVLSTM (SHIET AL., 2015) 0.707 103.3 0.597 156.2 0.673 142.1
TRAJGRU (SHI ET AL., 2017) 0.713 106.9 0.588 163.0 0.682 134.0
CDNA (FINN ET AL., 2016) 0.721 97.4  0.609 142.3 0.669 138.2
DFN (DE BRABANDERE ET AL., 2016) 0.726 89.0 0.601 149.5 0.679 140.5
VPN* (KALCHBRENNER ET AL., 2017) 0.870 64.1 0.620 129.6 0.734 112.3
PREDRNN (WANG ET AL., 2017) 0.867 56.8 0.645 112.2 0.782 93.4
CAUSAL LSTM 0.882 52.5 0.685 100.7 0.795 89.2
CAUSAL LSTM (VARIANT: SPATIAL-TO-TEMPORAL) 0.875 54.0 0.672 103.6 0.784 91.8
PREDRNN + GHU 0.886 50.7 0.713 984 0.790 88.9
CAUSAL LSTM + GHU (FINAL) 0.898 46.5 0.733 91.1 0.814 81.7

R I - AL

Targets Targets
l- FFFF55553%5

PredRNN PredRNN
H- IIIIIIIIII

PredRNN 2 7] - PredRNN

VPN VPN
baseline 3 ’6 baseline

O o0 o0 |0

ConvLSTM 4 P ConvLSTM
v

- o
TrajGRU - > v TrajGRU

¢ ¢ (¢

W LN Wy
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Moving MNIST: Frequent Occlusions

o
®

Gradient Norm
o
»

Occlusion Ratio
w
o

50

N
o

N
o

2 3 45 6 7 8 910

time step

(b) Occlusion Frequency

0.4r [ Deep Transition ConvLSTMs|
----- PredRNN
——PredBNN++
02— 10
1 2 3 4 5 6 7 8 9 10 1
time step
(@) |V, Laol|
—~hi 1 —~—h1
s B -TX:) N i |2
0 @ b e I ci
206 T e T e c2
e
9 L
(DO_ZN\\,_M—*—*—*»
1723450678 910 o 34567 8 910

time step
(a) Deep Transition ConvLSTMs

time step
(b) PredRNN

23456 7 8 910
time step

(c¢) PredRNN++

Predictive Learning
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Real Videos: Predictable Movement

Model PSNR SSIM
Ours 28.47 0.865
PredRNN [Wang et al., 2017] 27.55 0.839
MChnet [Villegas et al., 2017] 25.95 0.804
ConvLSTM [Shi et al., 2015] 23.58 0.712

DFN [De Brabandere et al., 2016] 27.26 0.794

b s ih it it it Bt ot ot et

predrNN++ | | | | | - l PredRNN++
PredRNN bt it Bt et et B | PredRNN
MCnet L ! \ A A [ | MCnet

contom  QRARSEE RS IAERAE oo
e e ) o o o
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Weather Forecasting: A Case Study

Xt+42

Training techniques
'T‘I:ff:ﬂ 'T‘E:,fff’ll A . Convergence -> layer normalization
“,ﬂ 55\745"5"—% ii\ E= Il.  Out of memory -> transpose convolution
ﬁ:*:“ ﬁ:T‘ Il Blurry -> loss function
’;*;~ A ’;*;~ e IV.  Overfitting -> data augmentation
A R V. Training towards inference -> curriculum learning

% Predictive Learning 30




. Layer Normalization -> Convergence

After convolutions but right before nonlinearity

* Cutting memory usage 87.5% by saving mini-batch

* Cutting training time /5%

—— ConvLSTM
—— ConvLSTM + TLN

¢ Increase accu racy 20%

Layer Normalization

Recap: batch normalization

4 o
a = J—;(a% -u) ui = Expx [a%] 0! = |Evopio) [(aé — ug)z]
i

Layer normalization in RNNs
¢ c
g 1 1
h* = f[o__tO(at - ,Ut) + b] ut = E; af ot = E;(af — ut)?

validation error
»
()
(@)

* g (gain) and b (bias) are shared over all time-steps 400 1 1
: | 0 / 20 40 60
CJ | N ot training steps (thousands)
7 ;;/ (H,W): spatial axes
12 hours 48 hours
3}*:¥ Predictive Learning 31
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ll. Transpose Convolution -> OOM

Many intermediate activations -> memory explosion

Resolution 400%400 -> Memory usage | 8.3 | GB

Transpose convolution -> /.15GB

v —_— Vo — Vo
v / (I ! v /

Predictive Learning
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. Sampling -> OOM

Memory usage down to 0.45GB

[ 2512025
20|25]30|20]20|25]30]25 A “ ‘ ‘ Q/
V!

| 20 ‘ 30 | 20 | 30
25|35 40| 40|45 |40|30]25 = E 25|20|25]|25
L= 1] o0| 35| 40| 40| 25

50| 25| 40| 45| 20 RN

20 |25 30|35 35 |40 |30 |20 25|35|40| 20 lé_@
|

25 (20 |20|30|25|20| 25| 30 ‘ ’ ‘ ‘

20 |20 |25 | 25|20 |20 (25 | 25 — ‘ ‘ ‘ ‘

35 25|40 40| 40| 45| 25| 30 [ 20‘30’20‘30‘
35 25|20 |35 (40 | 25|25 | 35 —

——1 55/ 20| 25| 20| 25 M
25 (20|40 |30| 45| 40| 20| 30 e e

20 |25 [50 |30 |40 | 50|25 | 35 o 20/25|35|25|35 I

25|20 |35|30|40|35|20|30 20/ 25]30| 50|35 , l
o] ® L7
40 35|35 40 35|20 |35 20! 35| 35| 35 / /
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ll. Multiple GPUs -> OOM

Cutting training time 60%

client ] master ]

_
process session process

run

execute
subgraph

( worker ) ( worker ) ( worker )
process 1 process 2 process 3

_(GPUR) (CPUaD | | (PR (P
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lll. Loss Function -> Blurry

Proportion

1.2 . 00035 Cu‘l_‘t”’]g
_ L1+L2 FuI.I ct)f fgro—value e i
2 o oints / image -
] P & points
04T 02 00010
, + \l. : 20 0 40 50 &0 70 0 0
N - : : .
i = Pixel intensity
Target= 0.5 . :
Few high-value points
Wroapz * L +
L=L1+1L2 cost =Y Ws30apz * L +
_ ~ ~ 12 -
= Yico (x; — %l1 + [x; — %13) W4OdBZ * L+
Wsoapz * L
Hﬁ% Predictive Learning 35



IV. Data Augmentation -> Overfitting

After data

Testing error :
StNg augmentation

e 10 times training set

* 10% accuracy boost Training error k

Before data
augmentation

Training set size

Predictive Learning
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V. Scheduled Sampling

Sample Sample
Training Loss /T\ /T\ Loss
\ Softmax over Softmax over /
y(t-1) y(t)
h(1) —> .. > h(t-1) > h(t) —>
X
1 T T T e
0.9 Exponential decay ] A
Inverse sigmoid decay
0.8 - Linear decay I 05
0.7 - ]
0.6 [ ]
0.5 [ ]
0.4 - ]
0.3 [ 1 .
02 - |+ Scheduled sampling rate

0.1 -

e ae  ea oy, © INCremental learning (ak.a. curriculum learning)

Bengio, S. et al.“Scheduled Sampling for Sequence Prediction with Recurrent Neural Networks.” NIPS 201 5.

2
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Weather Forecasting

Algorithm Inventor Year MSE/frame
ConvLSTM CUHK 2015 1048
CDNA OpenAl 2016 9.11
VPN DeepMind 2017 8.49
TrajGRU CUHK 2017 843
PredRNN Tsinghua 2017 /.54
PredRNN-++ Tsinghua 2018 6.38
30dBZ CSi 40dBZ CSli

0.8

0.6

0.4

0.2

0.2

Predictive Learning
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Weather Forecasting

éﬂ*ﬁé{ﬂ’fhkﬂﬁﬁ RHETH: 2016101608
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Typhoon Monitoring
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Thank You
Questions!?

Mingsheng Long
mingsheng@tsinghua.edu.cn
http://ise.thss.tsinghua.edu.cn/~mlong
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