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Introduction

* Multi-task Learning (MTL) is an inductive
transfer mechanism which leverages
information from related tasks to Task-A Task-B Task-C
improve the primary model’s
generalization performance.

- It achieves this goal by training multiple

tasks in parallel while sharing
representations, where the training signals (B - - @ - - @
from the auxiliary tasks can help improve

the performance of the primary task.

4 Caruana, 1997/
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Auxiliary Task Selection

Multi-Armed Bandit
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Image Source: https://www.spotx.tv/resources/blog/developer-blog/introduction-to-multi-armed-bandits-with-applications-in-digital-advertising/
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Thompson Sampling
Qk ~ Beta (ay., 5;.)

1o Russo et al., 2018; Chapelle and Li, 2011
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Beta
Distribution

Prior Knowledge

Thompson Sampling
0 ~ Beta (ay;, By)

Action
J/Tram Bernoulli Variable
17 if Rtb > Rtb—l
Observation o St herarice

16 Russo et al., 2018; Chapelle and Li, 2011
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Auxiliary Task Selection

Beta
Distribution

Prior Knowledge

lthompson Sampling
Bayesian Update O ~ Beta(ag, Ag)

p (01|r) o< Berng(r) Beta,, g (0:.) ,
- Action
X -Betaoﬂrr,ﬁJrl—r ()
J/Train Bernoulli Variable

: 1, if Ry, > Ry,
Observation Tty = {()7 OthebeiSG ’

1 Russo et al., 2018; Chapelle and Li, 2011




T [UNC
WINT P

Auxiliary Task Selection

Algorithm 1 BernThompson(N, «, 3,7, ag, 5o)
l: fort, = 1.2,...do

>

2: # sample model: Task “

3: fork=1,...,Ndo Utility

4 Sample 0 ~ Beta(ay, Br) _A /\ . |

5: end for o ‘. i, <. .
6: # select and apply action: rimary o ® 9 ®
10 ot orgmen O rask (UENYS (SEEYS FREE)T (Han)°
8:  "AppIy @y, and observe 1,

9: # non-stationarity

10: fork=1,...,Ndo /\\ /|\ /:\ /:\

. G = (1 —7)ax + a0 " ‘\ Multi-Armed’

12: Br = (1 —v)Br + vBo \ \ Ba‘ndit ControIJer

13: if £ # z{, then R |

14: (ak, Br) < (G, Br) TS -

15: else X =

16: (ok, Br) < (Ok, Br )+ (1t , 1 — 14y

17: end if

18: end for

19: end for

18 Russo et al., 2018; Chapelle and Li, 2011
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Auxiliary Task Selection

Algorithm 1 BernThompson(/V, «, 3, 7, ag, Bo)
l: fort, =1,2,...do

2: # sample model: Task A
3: fork=1,...,N do Utility f f
4 Sample ék ~ Beta(ak, ,Bk) X X
5 end for Primary , A =
6 # select and apply action:

7 i o aremus ) Task NN A (1T by (T
:
9 F non-stationarity A N A
10: fork=1,...,Ndo \ | |
1‘1: Yk = (1 =)ok +vao \\ Multi-Armed"

2: Br = (1 —v)Brx + vBo \ Bal‘ndit ControIJer

3 if k& # xj, then |

4 (ks Br) <= (ks Bre) !

5 else X

6 (aka /Bk) — (&ka 5k)+(rtb7 1 — rtb)

7 end if

8 end for

9: end for

19 Russo et al., 2018; Chapelle and Li, 2011
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Auxiliary Task Selection

Algorithm 1 BernThompson(N, «, 3,7, ag, 5o)

l: fort, =1,2,...do

2:

3
4
5
6
7
8
9
10:
11:
19-
3
4
5
6
7
8
9:

# sample model:
fork=1,...,Ndo

Sample ék ~ Beta(ak, ,Bk)
end for
# select and apply action:
xfb < arg max ék
Apply x;, and observe 7+,
# non-stationarity
fork=1,...,Ndo
ar = (1 —v)ar + yao
B = (1 —=7)Br +7Bo
if £ # x;, then

(ks Br) < (G, Br)
else X
(aka /Bk) — (&ka /Bk)_'_(rtb) 1 — rtb)
end if
end for
end for

>

Task

Utility . _A /\ |

Primary ® ® ® ®
Task {HEER), (NNEY ) NAEE ) (NEEE
A A A A
\ \ | |
\
. | Multi-Armed,
\\ \ Bandit ControIJer

<«—— Reward history *

20 Russo et al., 2018; Chapelle and Li, 2011
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2 Rasmussen, 2004: Snoek et al., 2012; Shahriari et al., 2016
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Mixing Ratio Learning

Mixing Ratio 2| iising Raios

MR-ZJ/ . Mixing Ratios :

\ il .

Multi-Task

Model

SampIeT \I/Feedback
\l/ fI X ~ N(m, K)

y|f ~N(f,o°I)

Performance

Kernel: Matern Kernel
Acquisition Function: Hedge Gaussian Process

22 Rasmussen, 2004: Snoek et al., 2012: Shahriari et al., 2016
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Mixing Ratio Learning
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\l/ fI X ~ N(m, K)
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Kernel: Matern Kernel
Acquisition Function: Hedge Gaussian Process

23 Rasmussen, 2004: Snoek et al., 2012: Shahriari et al., 2016
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Mixing Ratio Learning
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24 Rasmussen, 2004: Snoek et al., 2012; Shahriari et al., 2016
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Dataset

Corpus |Train| |Test| Task Metrics Domain

Single-Sentence Tasks

CoLA 8.5k 1k  acceptability Matthews corr. misc.
SST-2 67k 1.8k  sentiment acc. MOVie reviews

Similarity and Paraphrase Tasks

MRPC 3.7k 1.7k paraphrase acc./F1 news

QQP 364k 391k  paraphrase acc./F1 social QA questions
Inference Tasks

MNLI 393k 20k NLI matched acc./mismatched acc. misc.

QNLI 105k 54k QA/NLI acc. Wikipedia

RTE 2.5k 3k  NLI acc. news, Wikipedia

WNLI 634 146 coreference/NLI acc. fiction books

Wang et al., 2018; Warstadt et al., 2018; Socher et al., 2013; Dolan & Brockett, 2005; Cer et al.,
2017; Williams et al., 2018; Bowman et al., 2015; Rajpurkar et al. 2016; Dagan et al., 2006; Bar
26 Haim etal.,2006; Giampiccoloetal.,2007; Bentivoglietal.,2009; Levesque et al., 2011



Dataset Example

Premise

Fiction

The Old One always comforted Ca'daan, except today.

Letters

Your gift is appreciated by each and every student who will benefit

from your generosity.

Telephone Speech

yes now you know if if everybody like in August when everybody's
on vacation or something we can dress a little more casual or

9/11 Report

At the other end of Pennsylvania Avenue, people began to line up for

a White House tour.

27

Label

neutral

neutral

contradiction

entailment

Hypothesis

Ca'daan knew the Old
One very well.

Hundreds of students
will benefit from your
generosity.

August is a black out
month for vacations in
the company.

People formed a line at
the end of Pennsylvania
Avenue.
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EXperiments

Models RTE MRPC QNLI | CoLA | SST-2
BiLSTM+ELMo (Single-Task) (Wang et al., 2018) | 50.1 | 69.0/80.8 | 69.4 33.0 90.2
BiLSTM+ELMo (Multi-Task) (Wang et al., 2018) 55.7 | 76.2/83.5 66.7 27.5 89.6
Our Baseline 54.0 | 75.77/83.7 | 74.0 30.8 91.3
Our AUTOSEM 58.7 | 78.5/84.5 | 79.2 32.9 91.8

28

UNC
NLP



Ll
EXperiments
Models RTE MRPC QNLI | CoLA | SST-2
BiLSTM+ELMo (Single-Task) (Wang et al., 2018) | 50.1 | 69.0/80.8 | 69.4 33.0 90.2
BiLSTM+ELMo (Multi-Task) (Wang et al., 2018) 55.7 | 76.2/83.5 66.7 27.5 89.6
Our Baseline 54.0 | 75.77/83.7 | 74.0 30.8 91.3
Our AUTOSEM 58.7 | 78.5/84.5 | 79.2 32.9 91.8

Selected Auxiliary Tasks (Stage-1)
RTE: MRPC, QQP, MultiNLI, QNLI, WNLI

MRPC: QQP, MultiNLI, QNLI, RTE, WNLI

QNLI: MRPC, QQP, MultiNLI, R

'E, WNLI

CoLA: MRPC, QQP, MultiNLI, QNLI, RTE, WNLI, SST-2

SST-2: MRPC, QQP, MultiNLI, QNLI, RTE, WNLI, ColLA

29
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EXperiments

Models RTE MRPC QNLI | CoLA | SST-2
BiLSTM+ELMo (Single-Task) (Wang et al., 2018) | 50.1 | 69.0/80.8 | 69.4 33.0 90.2
BiLSTM+ELMo (Multi-Task) (Wang et al., 2018) 55.7 | 76.2/83.5 66.7 27.5 89.6
Our Baseline 54.0 | 75.77/83.7 | 74.0 30.8 91.3
Our AUTOSEM 58.7 | 78.5/84.5 | 79.2 32.9 91.8

RTE: MRPC, QQP, MultiNLI, QNLI, WNLI
MRPC: QQP, MultiNLI, QNLI, RTE, WNLI

QNLI: M
CoLA: M

RPC, QQ

RPC, QQ

?, MultiNLI, R

'E, WNLI

Selected Auxiliary Tasks (Stage-1)

MultiNLI is always

chosen in Stage-1

P, MultiNLI, QNLI, RTE, WNLI, SST-2

SST-2: MRPC, QQP, MultiNLI, QNLI, RTE, WNLI, ColLA

30
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EXperiments

Models RTE MRPC QNLI | CoLA | SST-2
BiLSTM+ELMo (Single-Task) (Wang et al., 2018) | 50.1 | 69.0/80.8 | 69.4 33.0 90.2
BiLSTM+ELMo (Multi-Task) (Wang et al., 2018) 55.7 | 76.2/83.5 66.7 27.5 89.6
Our Baseline 54.0 | 75.77/83.7 | 74.0 30.8 91.3
Our AUTOSEM 58.7 | 78.5/84.5 | 79.2 32.9 91.8

Learned Mixing Ratios (Stage-2)

RTE: QQP, MultiNLI = 1:5:5
MRPC: RTE, MultiNLI = 9:1:4
QNLI: WNL

CoLA: Mu
SST-2: Mu

t

t

, MultiN

INLI, WNL
INLI, MRPC, WNLI = 13:5:0:0

31
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Removing Stage-1

Name Validation Test

Baseline 78.3 75.77/183.77
w/o Stage-1 80.3 76.3/83.8
w/o Stage-2 30.3 76.7/83.8
Final MTL 81.2 78.5/84.5

w/o Stage-1: Applying Gaussian process on all candidate auxiliary tasks.

(MRPC Dataset)

32
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Removing Stage-2

Name Validation Test

Baseline 78.3 75.77/183.77
w/o Stage-1 80.3 76.3/83.8
w/o Stage-2 30.3 76.7/83.8
Final MTL 81.2 78.5/84.5

w/o Stage-2: Apply manual tuning of mixing ratios on selected auxiliary tasks.

(MRPC Dataset)

33
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Stability of MTL Models

Name | RTE | MRPC | QNLI | CoLA | SST-2
BASELINES
Mean | 58.6 78.3 74.9 74.6 014
Std 0.94 0.31 0.30 0.44 0.36
MULTI-TASK MODELS
Mean | 62.0 81.1 76.0 735.7 01.8
Std 0.62 0.20 0.18 0.18 0.29

34
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Educated-Guess Baselines

Our first educated-guess baseline is to choose
other similar paraphrasing-based auxiliary tasks.
* MRPC+QQP

Our second educated-guess baseline added
MultiNLI as an auxiliary task (in addition to QQP)
e MRPC+QQP+MultiNLI

35
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Visualization of Stage-1

Probability Density
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SST-2
CoLA
WNLI
QQP
QNLI
MRPC
RTE
MNLI

1.0

Visualization of task utility
estimates from the multi-
armed bandit controller on
SST-2 (primary task). The x-
axis represents the task utility,
and the y- axis represents the
corresponding probability
density. Each curve
corresponds to a task and the
bar corresponds to their
confidence interval.
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Thanks!
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O Code: github.com/hanguo97//AutoSeM
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