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Objective of Research

* How to deal with structured sequence data?
» Spatio-temporal sequences

" 5C\t+1' ""5C\t+K = argmaxxt+1,...,xt+KP(xt+1' "')xt+K|xt—]+1' ""xt)
= Consider data x; as a graph signal : features are linked by pairwise
relationship
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Related works

= Shi et al. (2015)
= Model for regular grid-structured sequences
» Classical FC-LSTM

. Replace multiplications by dense matrices W to convolutions with kernels W

0(Wai x 2y + Whi ¥ hy_q + wei © c—1 + b;),
oWy xxe + Whypxhi—1 +wep ©®cimq + by),

ft ®ci—1 + i © tanh(Wye * 2y + Whe % hy—q + be),
0(Wao *x T + Who * hi—1 + weo © ¢ + by),

o ® tanh(c),

» Ranzato et al. (2014)
= Use 1x1 convolutional layers instead of fc layers
hy = tanh(o(Wyo x 0(Wy1 x xt)) + o(Wh x hi—1)),
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Related works

» Tal et al. (2015)

* Natural language exhibits syntactic properties that naturally combine words
Into phrases

» Model for tree-structured topologies
= Each LSTM has access to the states of its children

*Lietal. (2015)

» Use iterative procedure of the GNNs to propagate node representations until
convergence
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Propo

» Graph Convolutional Recurrent Network (GCRN)

sed Models : GCRN

= Main idea
» Use Graph CNN and RNN

= Graph CNN : Identify spatial structures

* RNN : Find dynamic patterns

* Model 1 : Stack a graph CNN on an LSTM

Graph CNN a:

LSTM

CNN — CNNg ()

f g, = O'(Wxi.’EENN + th‘ht_1 + Wei © C—1 + bz),
J= O’(fongN + thht—l + Wer © ¢g—1 + bf),

0= U(onxSNN e Whoht—l = Weo @ Ct + bo))
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\ht = 0 ® tanh(cy).

ct=ft ©Oci_1+1: O tanh(Wmc:ctCNN + Whehi—1 + bc),

\J

It Spatio-temporal data on graphs

Graph filtering operation
K-1

1<— Y=gy g T = gg(L):L‘ — Z Qka(fj)ﬁC,

k=0
6 : Chebyshev coefficients
Ti(L) : Chebyshev polynomial of order k

J




Proposed Models : GCRN

* Model 2 : Generalize the convLSTM model to graphs

=6 Wi *g Tt H Whi *g hi—1 + Wei @ ci—1 + by),
f = O'(fo *g Tt + th xG hi—1 + We f ®ci—1 + bf),
ct = ft © cs—1 +4¢ © tanh(Wie xg ¢ + Whe xg hi—1 + be),
0= 0(Wgo *g Tt + Who *g ht—1 + Weo © ¢t + by),
h; = 0 ® tanh(c;).

Wiixe Classic LSTM : matrix multiplication by dense matrix W

l

Wyi *x¢  convLSTM : Replace multiplication by 2D convolution(x) by a set of kernels (Shi et al.(2015))

|

— Wy *¢ x; GCRN : Replace 2D convolution by the graph convolution(x)
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Experiments : Dataset

= Moving-MNIST
= 20 frame MNIST

f Encoder input Sequence } !

LT LLT T

| Decoder output Sequence | »
7207070 7
-ARE AN ANA

» Rotating and moving hand-written digits
= How to construct adjacency matrix A?

= K-nearest-neighbor graph with Euclidean distance and Gaussian kernel between pixel locations
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Experiments : Dataset

* Penn Treebank
= Natural language modeling
= 10,000 one-hot encoding or 200-dimensional dictionary

= How to construct adjacency matrix A?
= 4-nearest neighbor graph with cosine distance

OO 2000 4000 6000 8000

2000 f:°
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4000 f; & <

6000 Livk s, B, oM
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Experiments : Results

= Moving-MNIST

! Encoder input Sequence !

5 9 7 7 9
‘AAnNnaaaEEE

| Decoder output Sequence |

AR ANAE
HEREREMHEION
o 2 7 7 7
EEREREHEEEEN

GCNN CNN

Architecture Structure  Filter size ~ Parameters  Runtime  Test(w/o Rot)  Test(Rot)
FC-LSTM N/A N/A 142,667,776 N/A 4832 -
LSTM+CNN N/A 5X5b 13,524,496 2.10 3851 4339
LSTM+CNN N/A 9x9 43,802,128 6.10 3903 4208
LSTM+GCNN knn =38 K =3 1,629,712 0.82 3866 4367
LSTM+GCNN knn =38 K=5 2,711,056 1.24 3495 3932
LSTM+GCNN knn =38 K=7 3,792,400 1.61 3400 3803
LSTM+GCNN knn =38 K=9 4,873,744 2.15 3395 3814
LSTM+GCNN knn =4 K=7 3,792,400 1.61 3446 3844
LSTM+GCNN knn = 16 K=7 3,792,400 1.61 3578 3963
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[ Encoder input Sequence }

EBREDDERR

Input

| pecoder output Sequence |

gt

GCNN CNN
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Experiments : Results

= Penn Treebank
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Architecture Representation  Parameters  Train Perplexity  Test Perplexity
Zaremba et al. (2014) code® embedding 681,800 36.96 117.29
Zaremba et al. (2014) code® one-hot 34,011,600 53.89 118.82
LSTM embedding 681,800 48.38 120.90
LSTM one-hot 34,011,600 54.41 120.16
LSTM, dropout one-hot 34,011,600 145.59 112.98
GCRN-M1 one-hot 42,011,602 18.49 177.14
GCRN-M1, dropout one-hot 42,011,602 114.29 98.67
500 r , Train seF ' r 300 Test setl . .
LSTM - - LSTM
LSTM+Dropout — LSTM+Dropout
400 LSTM+GCNN l 0r - - LSTM+GCNN 1
LSTM+GCNN+Dropout N —  LSTM+GCNN+Dropout
2 300 1 2 200 i
2 200 4 g 150 - 1
\ N T N
100 e Tl T ] 100} 1
0 . T ———— 50 ‘ : : :
0 2 4 6 8 10 12 14 0 2 4 6 8 10 12
#epoch #epoch
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Conclusion

= Spatio-temporal structures from graph-structured and time-varying data
» Challenge

= Combine simultaneously recurrent neural networks with convolutional neural networks for graph-structured data

= Two solutions
= Model 1 : Using a stack of CNN and RNN
= Model 2 : Using convLSTM that considers convolutions instead of fully connected operations in the RNN definition

= Two applications

= Video prediction
= Model 2 showed better performance the Shi et al. (2015)

= Natural language modeling
= Model 1 showed better performance, in terms of learning speed

* I[mportant points
= |sotropic filters can outperform classical 2D filters on images while requiring much less parameters
= Graphs coupled with graph CNN and RNN are a versatile way of introducing and exploiting side-information
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Code

= 2 =529 7|2 code= X AtQ| github (https://qgithub.com/youngjoo-epfl/gconvRNN)O| H[A|Z[O] =0, test £=0|
OFZF Qkzt O|2bM ALEfOiAM 1 22O -5 testE TSI A S LICH.
Sy SN = HdE ZE= A

2 trainerpy LE Trainer classOll &XHSEX| RERUTE test functions F+2Ieh A0|12, 1 =
github (https://github.com/andymogul/gcrnn revised) 0| A 2ol = A L[Ch

n [[l'El-A‘I —|—O'| Xl_l _'TiEgl :rl'_l_E revieWOfM = L‘l El-

= 2 I E &= Natural language dataset?! Penn Treebank dataset2 AFE St python2.71t tensorflow 1.28 7|8t 2 otL
C}.

» HX, R E DOl &2 trainer.py| Trainer classH Al TIZHE L|C}.
F

= S50 A SOFE 42 datasetd| adjacency matrixe T3 st= A YL Ct.
= Adjacency matrix W= 24 ba hthR 2 &= E1| utils.py2| batchloader classO| A G|O|E{ 7t9| cosine distanceE A4t
Sk, O|Z symmetricSHA =0 WE Tralner01| I:E*O*I_| C}. cEst O|_,_ graph convolution EH% 2|3l laplacianO| 2 &

®)

St7| M= 0f Of FA| &0 |H5PO4 Aot T). 2Hel %A functionS S graph.pyOll A 7915t = L Lt
= O|X| Trainer LHOf| &t&2= 22t modelE T+ LIt
= D32 model.py0fl Model classZ 7+3 &0 UEL|CF.

» 2 =20 M HAISHE 222 LSTME| matrix multiplication= graph convolution2 £ L x{|st= 7 € 0| 7| {20, Model
class L0l build_model functlon01|)\1 RNN cell2 MEH A2l?t gconvLSTMcell£ HHY & L|Ct. O] gconvLSTMcell A
model.py LHO classZ HO|E|0f U&L|Ct.

|0
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https://github.com/youngjoo-epfl/gconvRNN
https://github.com/andymogul/gcrnn_revised

O
o
o
D

» A WES dHEH geonv FLE2 chevyshev convolutions AFE =, O HA| model.py LHF0| Function2 2 g 2|5}
o AtE;RS L L.
« DO FOl= ¢FAeL 20| 3t loss= tfnn.sparse_softmax_cross_entropy_with_logits € 7|22 2 cross entropy loss
£ AFE RS LL
L

= Optimizer= sgd, adam, rmsprop= A&}t gradient clipping”7tX| build_optim function0f| A |5
« = OEfIX| ZEE HE|6HH, Model classOl A 22 O] L X2} loss, optimizer7HX| 25 ZHAd st AFEJ Q)L
o

= Trainer classO|A|-= O|X| model®f| CH?} training 2t testE R THL|CH S 22 HH4
IS ez BHEL O

= Train function0f| = dataS batchZ @0}, one hot encodings TATLICt 1 £ 213 &l batch_x2f batch_y&
feed_dictO] 'E O{ model classOl CH?t training= T3 St LI C}

ot
tn
-
n

Hap Z0], traindt test/t 2 & StLEO| 2
nfig.pyQll Al is_traing TrueO| A FalseZ Hat

|0 Q7| WZ20 trainin
crn_main.pyS A3}

re
D)
Ok ozt
1o

« Hl
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Code : Result

= A A= Chgd 25 L o

= X 2 A3O| 4|O|E{= Penn TreebankO|X| Bt =F2| & A& it= CtE2A GO 27|E E0|7| 250 character level
2 A} SS HE Lo

= Character-level2| adjacency matrixZ priorE® o2 d1t= CtE1F 25 L O,

» Ol G2 22X EFEZXES EE$H 50 * 50 adjacency matrixS A|Ztshet AL Ct

= QEZFO| =3F9| A1t vocabulary level2| adjacency matrix 2! 0|, 21Z 2| A& Z1t= character level2| Z1t0| 7| I 20f
FOtEe| FE AEA BRE20 Aefj=7 F= HEE A= HYL|CH

A
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Code : Result

» AlSO| AIE inferenceE E8|| AHHE H, CH2 1t 22 Inference ZIHE

« Input:[12, 6, 3,18, 7, 5 21, 0,14, 3,12, 2, O, 16, 20, 3,

i
1
$0
I
r
_ITI_

. 8,20, 0, 8 3, 7,12, 12, 15]

 Output:[2, 2, 1,21, 3, 7,12,

. 8,32, 3,29, 3,29 26,10, 5 3,24, 1, 2,12, 1, 5
. 8, 0]

=

- 0|2} Z0] Input character sequence®| CH3H output character sequenceE &

-« #|2| A1t= characterE digit2 = H2tol Z40[7| M0 H2ts| 2 O|X| =0, 0| F character vocab2 2 CHA| 818 =
Qe HEjZ BALLICE

—_—

st PH2 B O E Lot

—
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Code : Result

= {'#: 46, '$": 39, '&" 38, """ 33, '*": 49, '-" 22, ' 32, '/ 48, '0": 37, '1": 34, '2": 41 ‘340, '4": 42, '5" 36, '6": 44, '7": 45, '8"
43,'9": 35, '<" 27, '>": 28, 'N": 29, 'WW#'" 47,' "= 3,'a> 0, 'b": 4, 'c: 12, 'd" 21, 'e: 1, 'f: 17, 'g' 19, 'n" 20, i 10, 'j": 30, 'k":
6,9, 'm: 18, 'n. 5 '0: 7, 'p" 24, 'q" 23, ' 2, 's: 16, 't 8, 'u: 15, 'v': 31, 'W' 13 X't 25, 'y 14, 'z 11, | 26}

= Character-level one-hot encoding dictionary= & & Z 1} vocab_char.pkl0 N & k|1, ¢|2F &&L|LCF.

= [O2tA M O 73t inference Z1HE 92| dictionaryOil CH-S S H

» |nput : ck_monday_crash_that _occu

= Qutput : rred_oct. N _N|in_percenta

- SZ M = AFLICH

A 2 taske & =0 s 27|7} 7%*8, H0|E7f 7|2 taskO| 7| =0 test A0 M loss= 021 AE = = USLICH
=, QF7t ofof o7 2ot S50l =T, 10 3 inference”t Bl @& Y LIT
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