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B Introduction

Graph-based methods have witnessed tremendous success in traffic
prediction, attributed to their superior ability in capturing and modeling spatial
dependencies. Spatial-Temporal Graph Neural Networks (STGNNs) are one of
the most primary tool for graph-based traffic prediction. However, urban-scale
traffic data are usually distributed among various owners, limited in sharing due to
privacy restrictions like GDPR. This fragmentation of data impedes the utilization
of inter-client spatial dependencies even when using vanilla Federated Learning.
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Vanilla Federated Learning on STGNNs

A toy example predicts the traffic flows of five taxi companies in a city and

reveals that removing inter-client dependencies (in red lines) from training data

results in up to 15% error increase for each taxi company.
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B Design of FedGTP
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Predefined GCN Adaptive GCN
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E Plan A: SprtRelLU B Plan B: AdptPoLU :
: . Hy|
| -  Zy~H+Pc([E,-E{ E,-E; E;-EJ])|Hz|
: 1|1 : H I
'\ Z, ~H,; +RelU([E{-E] E,-E)} E{-EID|Hz|: ! M ’ :
i Hsl . = Hi+ Py Fy(Ey) -2(?,‘{(5,-)#,-) :
I : : J=1 :
i M - i i o(-) = Softmax(ReLU(-)) i
'~ H;+ ReLU(E,) - ReLU E'H, L |
| 1+ ReLUCEL) - Re ; 7 ! can be Taylor expanded as |
| - K :
: » Pe =) :
: = k=0 :
i Throw the softmax and ) Fre () = {®%(DIE_, |
: separate ReLU anyway! B i} :
| P yway | | ®K(-) transforms a matrix from RVX4 to RV%d" py |
N AN applying a k—order Cartesian power on each row/'

r-r-r—-——=—=—=—=—=—=—=7—=—=========-"=-=-"=-"=-"=-"=-=-=-=-====--=-==-== oo o T T 1
I Aggregation of Inter-Client Spatial Dependency | Aggregation of Partial Model Parameters l
| : |
I I I
| X AGG, | |
! :
: .. |
I —| i |
| D | AGG: Secure C;%D Wb P. PartialFedAvg  Global Model
I % I l Summation Sever (Wi, by, Py) > (W b, P ) I
| .. , g Pg g I
I ZAGG I T I
I %g\é)_ AGGy : (W, by, Puy) |
| 4 ! 4 |
————————————————————————————————————————————————— .'_ T |
v A
A I T A —— vy Lo T T T
, A 4 I | / | I ¥ |
( E ) I l (Wi) bi; Pi; El) | I l
: 1 [ Local Model I (Wis, brt, Prs Ene) l
|
I I I
: T I : (t-1) T I I T I
—_ I f
: _f; I ocal Trainin g] : : H; [ Local Training ] : : Tzl Training ]:
| : y
I T : I Local i : T :
: . I l ~ Sub-graph; I | Local :
‘ oca | : oA L
I SR~ o Sub—graphI I \Historical : I 5 f(‘ Sub-graph!
| - ~ Data : l Input L I | : - Data :
L Clentl o Clenti =~ ___ ___ L _ _ClientM _ _,
Communication overhead: O(M - d¥ - F)
B Results .
Ablation Study
Lo - 5.8 1 —o— ctr
| | p=0.0 : :
1.4k = ............................... _ ...................... 4 5.6 1 * - - zglrtrelu
3 p=05 *- adptpolu (K=2)
0 p=1.0 >41 e\ —#— adptpolu (K=3)
131 | adptpolu (K=4)
5.2 1
IS S SO S | LU
1.2 : : _ < 50-
B T ool .0 B PR NN
1.0k \ ............. . suneha e JONREREREY . . U P A0 TR N . T e T .
4.4
0.9}-------f---- ... U el ]
: 4.2 -
08 MAE RMSE MAPE 20 40 60 80 100 120 140 160 180 200
Metrics Training epochs

(a) Impact of inter-client spatial depen- (b) Impact of activation decomposition on

dency on performance MAE
11.0
-&— cCtr * -&— ctr
sg| 0.1154 sgl
10.5 - -8 - sprtrelu . ~# - sprtrelu
%+ adptpolu (K=2) %+ adptpolu (K=2)
—e— adptpolu (K=3) 0.1101 ¢ —e— adptpolu (K=3)
10.0 - -®~ adptpolu (K=4) ‘\ ~-® - adptpolu (K=4)
L LL] 0.105 -
g 9.5 4 %
o E 0.100 A
9.0 A
0.095 -
SR R A G S - G 00
0.090 A
8.0 - 9----

20 40 60 80 100 120 140 160 180 200
Training epochs

20 40 60 80 100 120 140 160 180 200
Training epochs

(c) Impact of activation decomposition on(d) Impact of activation decomposition on

‘l F _______ ,_'_.' l
| ' ®
| | =
I 5
| [
| | |
I - T I i
-
l [ AEE |
I AF (g =]
F | | ] _. _________ l
: m@ = 2 S— I
- ’ ‘\ I
A 0
| e N I
I ESE L 1. | ¢
I "' LREWR bl I
RS il i TN 1 TR T wwma ] %y sEaH, o v
[ 7% 8K & AR I
I T 218 X LT A
| e g A R U | oA I
2741 : 3
JLAF 5 3 # |
AR X FEOMGE - 8 e
e RENE SAPAX - SF R
g NEESH -]
' 11A #
- H
N T - g
: ' < L = -:.;10“‘;;;: I Sieaar_ g
i3 ) p prE2 i ] =
T Y et L,
et L ABEEE :,
AP A5 - RAAM D s men T/ WPEIN
X PP e R P
! D 251 25 Pz
F || [ | | | T“mw— || l =S ‘.’-.‘”'_-»____ _.?‘.qn_l
: s ‘ | bediiiie 2 5.2 """""'""';‘f:'j:?' 7 road segment with high
- 7 #14 .
: .y %’ I b o = T performance improvement
L = 2l % i S y B |
: LAY .
I I I N | o000 associated road segment
Lerma = '; I | Z=xfmsn I (color refers to different clients)
lite - T !
vseerssres I \|5<Emm 18 |
:iﬂﬁwﬁ_ﬁ oy : l l_ 2 I I
I 2o =i == | ar® | school location
I 5 | it
o cno-u.j"\"“I I
l ————— e T l —————————



