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I Introduction

B Motivation
This paper addresses the challenge of learning from peers in an online multitask.

Instead of always requesting a label from a human oracle, the proposed method
first determines if the learner for each task can acquire that label with sufficient
confidence from its peers.

1. Receive an example z(*) for the task k&

2. If the task £ is not confident in the prediction for this example, ask
the peers or related tasks whether they can give a confident label
to this example.

3. If the peers are not confident enough, ask the oracle for the true
label y(®).



I Problem Setup
B Symbolic meaning
{( a:'k ,yk ))} §  Ktasks, where the k-th task is associated with N, training examples

{wk}ke[ﬁ’} The parameter of the model for k-th task
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ok ( v k>)+ hinge losses on example ((x(]t)j k), y(t))
)* (1 — y®O(z®,wr))
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hi(z®)) = <w§f_”, 2(*)) k-th task model's output for the received x®
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I Method of Learning from Peers

B Current task model's confidence

\hk(:zr(t))\ measure the confidence of the k-¢Atask learner on this example

b
a Bernoulli random variable P(® for the event |hy (z!))| < by with probability bl+|hk1(3;(t))|

B Peers task model's confidence

a Bernoulli random variable Q(®) for the event |h,, (z(?)| < by with probability
bz
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cross-task error [,
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Active Learning from Peers

Algorithm 1: Active Learning from Peers

Input : b, > 0 by > 0s.t., ba > by, A > 0, Number of rounds 7’
Initialize wm = 0VYm € [K], ()

Conventional Uncertainty

hi(z®) = ('™ z0)

Current task model's confidence

Peers task model's confidence

p = 2 mk,me[K] Torm Diin, and g

km

Update the model parameter W
(when made a mistake)

Update the task relationship T

fort = 1.

14
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end

.T' do
Receive( ) k)

~(t)

Compute p, ;. = (x @) (t_l})

Predict §'" = sign(pguk})
Draw a Bernoulli random variable PY with probability —b| OF
if P(*) = 1 then

() <(t}

Compute p,.) = (x ,wg?i_l)) Vm # k,m € [K]|

t—1 t
Compute p(t} =2tk me[K] Tom  Dron

Draw a Bernoulli random variable Q'? with probability #

and 7Y = sign(p'*)

end
Set Z(1) — p(t)Q(f) & 7MW — p(t)(l _ Q(f))
Query true label y'*) if Z() = 1 and set M(") = 1if () £ y*)

Update w(t) = wgf YV (MO Z®Oy® 4 20 50)) @)
Update T:
O i
Tem = - (t—1) _ 2 ,(®) m € [K],m #k (1)
Z-m"E[K] Tem! e * km
m' #k




I Theoretical Analysis

H a theoretical mistake bound

E
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B the expected number of label requests

Z bl })2
— by + hi(2(0))] b + max,, i) [ (V)]
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I Experiment

B Dataset

Landmine Detection data
Spam Detection data
Sentiment Analysis data
B Method baseline
Random
Independent: chooses the examples via selective sampling independently
for each task
B Method of this paper
PEERsum
PEERone

by =1 b, istuned from 20 different values

t—1) ~(t ~ . ~
p(t} — Zm?ﬁk,mE[K] Tﬁgm )pgf:??q and y(t} — S?’gﬂ’(p(t))
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I Experiment
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I Experiment

Table 1: Average test accuracy on three datasets: means and standard errors over 10 random shuffles.

Models Landmine Detection Spam Detection Sentiment Analysis
ACC #Queries | Time (s) ACC #Queries | Time (s) ACC #Queries | Time (s)
Random | oor) | a1y | O | ooen | aon | ° | @oem | qam | 356
g | Q9080 NS0 w0 | e, [0m A g
PEERsum | woon) | sy | % | ooon | c2n | ° | ooon | s |
prekons | G377 | O e T o s




I Experiment
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Figure 3: Average test set AC'C calculated for different values of by (left). A visualization of the
peer query requests among the tasks in sentiment learned by PEERone (middle) and comparison
of proposed methods against SHAMPO 1n parallel setting. We report the average test set accuracy
(right).
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