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1. The Gmail Priority Inbox
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2. The Learning Problem
2.1 Features
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2.2 Important Metric
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2.2 Important Metric
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2.3 Models
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Figure 1: Adding personal and global model scores.
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2.4 Ranking for Classification
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3. Production
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3.2 Learning
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Combination Error
4. Results
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Figure 3: Score distribution for the global model.
Dots show ratio of important to not important.






INPUT: aggressiveness parameter C = 0
INITIALIZE: w; = (0..... 0)
For t=1.2,...
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Figure 1: Three variants of the Passive-Aggressive algorithm for binary classification.



3.2 Learning

A — VBT B Al —Y —BGmail 2 BRI D EIFEDiZnoE > =0 h5

7=,

A vt —Vlduser:message-idiZHit > THEATNEDT, £ETDAYEB—T%HE

LHEPELC D,

user modeldDshardiZ Z & 1T, 20DWBZRITTBALERH S,

1% Daction time & shard of usersdD#ft#|
T =Rt BN T —ZEP/NS VDO TH
A

;“/*lz——“/“ﬂ)fﬁﬁ"‘ﬂ?——&é\ﬁiéxf\dv v
%)

HHr X Nizusermodel £ T2V & F &
¥ ¥ Tbigtablelz & Z &

Fraction of users P F|H [ RE7R & 2 T ITH 2 6 1,
Z Dfractionld & 6 [ZW ik & 11T (shards of users)
e F LHIZRAMIZ AT E NS,

RIERIZa 716 Z EORNR DD () 354 %
bW REE T o T2,

Task O Task 1:
Reow prefix 0-7 Row prefix 8-f

Profilef
last action
pass
BT fetch

1/8th of users

T

Madel
update
pass

time
In task sharding

¢ Frefix 67 ¢ Frefix 4.5 redix g-

w | VWriteback

Figure 2: Sharding of user model learning.




