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e State-of-the-art
— Graph convolution + recurrent networks?

— Temporal convolution?

— Attention mechanism?

@ Provide point forecast, no measure of uncertainty
o Existing probabilistic models* cannot process a graph.
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Problem formulation

State-space model

Initial state distribution: x; ~ p1(-,z1,p),
State transition model: x; = gg y(X¢—1,Ye—1,2t,Ve), for t > 1,

Emission model: y; = hg ¢(xt, z¢, wy), for t > 1.

— y:: time series, x;: hidden state, z;: known covariate(s)

— vt ~ py(-|X¢—1,0): dynamic noise

Wt ~ pw(+|xt,y): measurement noise

— gg.»: GNN+RNN (e.g. AGCGRU®, DCGRU®)
— hg,¢: NN (e.g. linear layer)

— Unknown model parameters: © = {p, 1, 0, ¢,~v}

5 Bai et al. 2020, © Li et al. 2018
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Graphical model representation

Predict yiy+pi1:t0+P+Q based on yi 1140+ Py Ztg+1:t9+P+@Q, and
(possibly) G

— Train the model to learn ©

— Approximate po(yp+1.p+Q|y1:p,21:p+@) for test data
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Computing forecast distribution

P+Q

p@(YP—f—l:P—i-Qlyl:P’Zl:P-i-Q):/ H <P4,‘:A“‘(Yt‘xt-zt)
t=P+1

dxp.p+q -

Intractable, Monte Carlo approximation

- . posterior distribution of the state

Need particle filter/particle flow for approximation

= . state transition using gg ¢

— Po (i, 7:): sampling forecast using hg
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Particle filter: weight degeneracy

Particle filter suffers from weight degeneracy for high dimensional
state/ informative observations.

@posterior
¥ particles

Resampling of the particles
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Computing forecast distribution

P+2<t<P+0
. Np

|

Emission model

Py (Ye|Xs,20)

N, ] !
J p
J N JAN
Xt—l }jzpl State transition {Xt }j=1
model —
pl]/,o‘(xt |Xt—1 5 yt—l s zt)

T

J N
{yt—l }jzpl Zt
10



Computing forecast distribution

86y (Xi-1, Y1, 2, Vi) he.g(Xi, 2, Wi)

; . ! (Yper} Ypia) ot

‘ 0 per 0 postoior ", 0 posterir - ‘

: * parties * partcles ) ¥ paricies 1

| = flow =i \ '

: / A 1

! g ‘ J ’ J l ! J

' Xpi1,2) (3 1: 2

. @ 220005 () © e /| ]

() samoes e rom e dision 1 1 1

e ;

L) Paricis it tn low, approximatay disibuted according o th posieror disbuton - - A !N (Xpo)| Zps2 (Xpio) | zpig
Iniil state
(&)~ p2.p)

sues i) ; o
(5] 1| Partele flow (x/, Cehemme Particle flow | X2 r .) swtewansiion | (5 )| paricieiow 1 Xp) model, 1) ot xj” o-1 ol
1 "l y | Propalxe, Puoipazlxra, = pyoxrrolxrio-ts
e (X1 \y,.z.) pw(len Yoz (ley”,zn ,(xrlxr IRTERZ Po(Xpl¥ip.2i:p) Sazanl) Yoarzeed) Irugentrio)
y‘J z) y| zz z zz YP 12p JF zp Yp zps ol Zrya (Ypeo1 2P0

Approximation of the joint posterior distribution of the forecasts

11



@ For point forecasting: MAE, MSE J

@ For probabilistic forecasting: negative log posterior probability
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@ For probabilistic forecasting: negative log posterior probability
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@ Road traffic datasets: PeMSD3/4/7/88
@ Node: loop detector, time series: speed, interval: 5 minutes

@ predicting one hour from an hour of historical data

(P=Q=12)
@ 70/10/20% data for training/validation/testing

@ Performance metrics for point forecasting:
- MAE, RMSE, and MAPE

@ Performance metrics for probabilistic forecasting:

— Continuous Ranked Probability Score (CRPS)?
— P10, P50, and P90 Quantile Losses!®

8 Chen et al. 2000

9 Gneiting & Raftery 2007
10 Wang et al. 2019
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Experimental results: point forecasting

AGCGRU |
+ flow

AGCRN -
GMAN ~
FC-GAGA 1
MQRNN
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DCRNN -
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FNN -

1 3 5 7 9 11 13 15 17
Rank

AGCGRU+flow achieves the best average rank.
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Experimental results: node by node comparison
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AGCGRU+flow outperforms AGCRN at majority of nodes in PeMSD7
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Experimental results: probabilistic forecasting
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Experimental results: probabilistic forecasting

o

CRPS(F,x) = / (F(z) ~1{x < z})zdz
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Experimental results: quantile estimation
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Experimental results: quantile estimation

QL(x, () = 2(a(x — %(0))1{x > %(a)} + (1 — a) (%(e) — x)1{x < )?(a)})
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+ flow

DCGRU |
+ flow

|
[

GRU |

+ flow
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Factors
" " " p pa

Rank

=
N
wA

S

AGCGRU++flow has the lowest quantile error on average.



Experimental results: confidence intervals
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Confidence intervals for 15 minutes ahead predictions at node 4 of
PeMSD?7 for the first day in the test set.
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Conclusion

General Bayesian framework to represent forecast uncertainty

Can incorporate various RNNs, sophisticated inference tools

Univariate/multivariate forecasting with /without graphs

— Comparable point forecasting to state-of-the-art

Better characterization of prediction uncertainty

Results for non-graph data, component analyses in the paper

Code: https://github.com/networkslab/rnn_flow
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