Efficient Graph based Recommender System with Weighted
Averaging of Messages
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Table 1: Count of products in our candidate dataset $, and
how many interactions each product has.
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Table 2: Features required by our usecase and which methods support them.
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(c) Edge threshold filter (d) Remove products not connected to candidate set P,
Figure 1: Process to reduce edges and nodes in graph. Products surrounded in green dotted boxes :: belong to our candidate set
#r. (a) Initial Graph. (b) Remove customers and link products. (c) Remove product-product edges below a fixed threshold here
(d) Remove products not connected to candidate set P, forming our training product set P¢|Pr C Pt.
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Figure 2: WAML architecture and it’s components.
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Table 3: Differences between WAML and other graph based methods.
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Table 4: Results of various algorithms on our use-case. See Table 6 for more detailed results.
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Figure 3: Process to reduce edges and nodes in graph. Products surrounded in green dotted boxes :: belong to our candidate
set Pr. (a) Initial Graph with all customers C and products #. (b) Remove customers and connect products interacted by same
customer. (c) Remove product-product edges below a fixed threshold, here threshold = . (d) Remove products not connected to
candidate set ;, remaining products form our training product set $;|Pr C P.
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Table 5: Graph edge and node counts before and after our filtering technique.

S m sxp W . m e
N S s 1x
C s W s 1X1 x
P Pr w s X1 x
A Pr g§r s <1
Pr » Pr w s x
P Tr mwgpr w s x
ECYP us mrPr w  gs x 1 *x
E” wi or o oW oprow ;s 1x1 *x
ESYP »ior s rpr ow 8s X1 x
EAVP »ior oprow »roow g5 s gs 1X1 x
E” Tooxropprow o proow s x
ESUPr S r » o 8 s . X
ESYP S r fi x wr w gs 1 x
EAVP Toor opprow oo gr s gs x
V=SUP UA n Grp s 1x
E=EP UESY UEAYP =y Gr » g s 1 x
Cm s s s®mppr o w ®m m wml pm g wr wefin grp G=(V,8 s wps »n sV=8U
oW »P: Sp B s ps PUA » gsE=EY UESYP UEY? sm r Z“gmr
» e i rwg w wp Sw Pr SS WS WW » s x wr g§r m xox sfim grp
T gur GV, E » r w wr P rRLMS M Sgr wr
prow gr swarx pr w sP » » s Pr
(1) Frow ws waxpr w8 (cipj) ™ (cipr) x WS R T Wg WS wpr w s rwmPr wmos xS
WS WA XCp S wawa W I L O £ Ssm pr w srm w s ms s r ss x
(pj. pi) € E¥ r EP prow proow gs ® s s xsT »r s S ™ oppr W x
T » ™ wS WA XM sC » us W x "m s S B W S » X m rfi yrygé‘

i SOt s s ECVP
()T r » wmap gs ®pr oW ospi ® px B EXTENDED RESULTS

oW s oxomox e r wmuop s mS ®m WX gTrXx mWs S X su s
ws waxs Tx  owmp p; W P =» 1 Pr G T
® pj w P wm 1 Pr s x S wa oxx »
P W pr W P rSW s now x
«» pur mox » P xS » rs
o oxmow o r(pjpr) s wrr ss
S W owr s
() ®S XPX WS A W W s PrCc P wm
i S pr W prow g s (pj.pr) T pjE
Pr xpr € Pr mu » »row W »
oW pr oW & WS Bowrs® r m S
r o owama W s T sg swus m  pr ® su s
»ow s » s Prow tpr w s rwmP

r xrs wrr wngpr w s P|PCcPCP
s wn [P| P <|P|I<|PIT sx w s
ww oproow o prow e se .'Clg‘msEP cE®P s wr
fim pr w pr w 8 s
(4) P s S w®m ms rpr ow g s (k. pj)
r pj €P je{L.. P} mam S
i\SESUP c ESVP

s xpr LI
r s x » i JO s sESYP x ¢ ss
sm P < |P | r T 1 s o »s
P W S T W owr W s Prs
() I S gr  es(piam)

pjeP je{y,..., P} mams »row
E.ﬂUP CEﬂUP

iy

b 2t & r s



AIMLSystems 2022, October 12-15, 2022, Bangalore, India Ahemad et al.

Compute Max Memory Params Recall@100 Recall@100 Recall@100
Model (s wrs) (s wrs) () ®Pr w W) ( fAw) G »)
Baselines
Tp / 4 4]
S 4 1 14 11 1
bl 4 1 /1 1 l
oW 1/ !
G 1 1 /4 1 . l
G T 4 1 1/ 1 A4 ]
o I 11 1/ 1 1 14.°4 |
P 1 1 11 4. |
»ow 1 1 /11 11 T
Ours

s 1/ 11 !

N 1 1 /11 1 11
» ngs 11 ' 11 /11 14 14 4]

S 1 ! 11 /11 111 11

» s 1 11 /11 1

R 11 : 11 /11 171

ww ol 11 ‘ 11 /11 1 11

S wap ¥ 14 / 4

T =% 1 1 / !
1% T =% 1 / 4 1
w 1 1 /
nrS ss 1 1 / 1 4.1 7
C I 1Y 1 1 / 11 1 )
Full vs Filtered dataset of Sec. 2.1

1 1 / 11 1 . 1
» s 4 1 / 41 111.8% 1

Table 6: Results of various algorithms on our use-case.
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