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Spatio-temporal OOD prediction problem
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Spatio-temporal environments shifts
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¢ Portray and perceive

¢ Semantic graph: A suitable metric is utilized to portray the temporal or spatial

similarity between nodes at the current time.
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Figure 2. Spatial and Temporal semantic graphs.
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Spatio-temporal environments shifts

0 The case of traffic prediction

+¢*» Node #0 ~ #4 in SD.

¢ Similarity of DTW distances based on 12 time steps.
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Figure 3. Case study of #1 to #5 sensors in SD datasets.
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Spatial Side Information

¢ Bourgain's Theorem (1985)

“ If (X,d) is an N-point metric space and f is an Fréchet embedding, then

d(x,y) < Efllf(x) = fOWIl = d(x,¥),vx,y € X.
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Figure 4. Fréchet Embedding
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Environment Generators

¢ Optimized objects for multiple environments

** Mask operators M for disturbing spatio-temporal environment in training phase.

m®in Var{L@(T(X, g); Y|M*' @)} + IB[E[LG(T(XJ g)' Y|M*' 6)]) )
s.t. M* = (M, M3, ...,M}}M) = argmax Var{Lg(F(x,G),y|M™ 0)}.
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Figure 5. Mask operators and optimization.



4. KDD2024

BARCELONA, SPAIN

STONE & &

----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

Y
Overview of STONE ; ; = . :
3 ini < 1 i Testing D
' CTTTTmTTeTTTTTTTT N = _’E]i Spatial : g bata
8 = { y"'w : . ‘Ei g Semantic Graph : (&
I . . ' : )
: Adjaceucym;\'trix L ”Trawfﬁc]")”ataw (N E‘ g’. : (_/-
I < L N Vi 2. = |<:|
E ! ' Y4 N : é é @I A \h V ) 4 g Q I
; : Spatial Fréchet Temporal i : nchor set Vy: O o — '® : q
L Embedding JL Embedding ) : 1i AnchorsetV,:© @ @ Z |, < y
1 — T E
: @ G : M ) : L Anchor set V3: @ y Local Gated Residual 5 JF R — : \_ }:J“O/ )
4 AY 4 A = . \
P Spatial Temporal EE ~ @ ! H ' \_—+—>0 J
: 1 | Semantic Graph || Semantic Graph | : ) : 3 N Oflntervent’on :
AN : s it I Temporal Embedding | . i A I
E _________________ E E Sa m p I e I , _________ A Y ——— Tempora] I
@ i Day Type ; 59 Semantic Graph = : Sample
s T T k. P 18 e o= S [,
: : Graph gl ) Pi v/ Pt = S N i -g '
: . 1 Hh- ! Ta = I X — Og\’ R S
! Intervention 47 S I 1 Byl Y in, - s (1=
: - : X M H | - ) e 1 ©
I | 1 : = | . N ~. o
E - - P % i : 1 Holiday : H?)g "'o‘gz- i g :8
P . (I ! Z 5 i
X | ST Module || Joint l Vi A H - 1R @ ‘ : 5 Z
* Tuning J | i S— o B / B Distribution
P O o Vi ‘“ bttt 2 ’ ,
| N e e e e e e e e e e e e e e e e e e e e e e e e e e e e ’
E Extrapolate Risk i \ /
.\ Minimization i Spatio-temporal Shift

e, .
..........................................................................................................................................................................................................................................................



-l-
~xabAlas,
SO

. KDD2024

BARCELONA, SPAIN

Experiments for STONE

¢ Datasets: SD and GBA in LargeST under OOD setting

s [1/1/2019, 8/31/2019] for training,
9/1/2019, 10/31/2019] for validation,

(11/1/2020, 12/31/2020] for test, etc.
¢ Vertices increases by 5%/10%/15% and decreases by 5% in validation and test sets.
** STONE exhibits a relative improvement of up to nearly 20%.

¢ Result details in paper.



) FEAZLLXE {ppogog &

Thanks,
See you Barcelona!



	幻灯片 0
	幻灯片 1
	幻灯片 2
	幻灯片 3
	幻灯片 4
	幻灯片 5
	幻灯片 6
	幻灯片 7
	幻灯片 8

