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Linkage Function
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Best linkage function for a
dataset is, a priori, unknown
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In this work:

1. Exponential Linkage: Learnable family of

linkage functions

2. Training objective to jointly optimize
linkage & dissimilarity function
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Exponential Linkage
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J(0,a) = Z Z max {0, Va(Cyr ) — \Ifoz(Cu,v)}
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Algorithm 1 train ExpLink(X,C*,T,v1,72)

Init: 0, o

fort=1, ..., T do
J 0
T« {z;} Vajex
for round i =1, ...,n' do

{77{0}55 — HAC‘ROUHd({E(i_l)}Zi—l)
{CO} {1vs7;(i)}%

C)  {C L

P(Z) = {CU’U < C(Z) X C(Z) : Cu 7é Cv}
PV« {C,, € PO 3ICF s.t. C,,C, C CF}
P p@ \779

Cy v < argmin

Cu,v 673_(:) \Ija (Cu,v)

for C,, € 77(_@ do
J ¢ J + max {0, UHCuror) — W“(Cu,v)}
00—

oJ
Oé%()é—’}/ga—a
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Evaluated using Dendrogram Purity

Averaged across 50 different train/test/dev splits
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Results
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Algorithm 1 train ExpLink(X,C*,T,v1,72)

Init: 0, o

fort=1, ..., T do
J+0
7;(0)%{1‘]} Vl’j cX
for roundi =1, ...,n’ do

(T}« HACRound ({7 Vi)

{O0)} « (vsT )

C) « {ok

PO {C,, €CD xCD:C, #C,}

’]DE:) +—{Cu., € 20N 3Cs s.t. Cy, Cy C CF}

Y pin\ P

Cyr ¢ arg minCu,uEPf) U*(Cyp)

for C,, € P9 do

J < J 4+ max {07 U*(Cyrvr) — \IJO‘(CWJ)}
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Thanks for listening!

Check out our poster #196 today

at 6:30pm in Pacific Ballroom!
Paper: Code:
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