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Artificial neural networks
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Artificial neural networks

?
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“training” consists Iin

optimally setting
network weights to
produce right output for
each example input
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The generality of neural networks

|: images, O: object labels
|: documents, O: topics
|: pictures of cars, O: voting preferences

training agnostic
to nature of
input and output
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Taking time into account with recurrent connections

external
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state of the network at
the previous time step
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Frostbite Score

Are we on the verge of
general machine intelligence?

5000

4000}

3000}

2000}

1000+

2 116 231 346 462 578 693 808 924 | gkeetal.2018

Amount of game experience (in hours)
10



When are humans fast at learning?
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Systematic compositionality
Fodor and Pylyshyn 1988, Marcus 2003, 2018...

e Walk
 Walk twice
* Run

e Run twice

15
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Systematic compositionality
Fodor and Pylyshyn 1988, Marcus 2003, 2018...

* Walk

* Walk twice
* Run

* Run twice
* Dax

* Dax twice

17
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WALK

walk and turn left!

LTURN




Testing generalization

TRAINING PHASE

walk jump after walk
WALK WALK JUMP

walk and jump left
WALK LTURN JUMP

run thrice

RUN RUN RUN run around right
RTURN RUN RTURN RUN

RTURN RUN RTURN RUN

look right and
walk left

RTURN LOOK

LTURN WALK

walk and run
RUN WALK

TEST TIME

jump around
and run

20



Sequence-to-sequence RNNs
for SCAN
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jump twice and walk <EOS> <SOS> JUMP JUMP WALK




General methodology

* Train sequence-to-sequence RNN on 100k commands and
corresponding action sequences

* At test time, only new composed commands presented
* Each test command presented once
* RNN must generate right action sequence at first try

* Training details: ADAM optimization with 0.001 learning rate and 50%
teacher forcing

* Best model overall:
e 2-layer LSTM with 200 hidden units per layer, no attention, 0.5 dropout



"HBY%& () +,*%-(./*)%-&(0)$1)*1#28&)

| 1"HS%& ' &()" (*+,)")"-(*,.1.0
| $11/(,+1%"&($'2*(*3)#
| $11/(,+1%"&($'2*(*I)HE. *%+"($'2*
| 4956(+)-7T*(*3)#
| +06"(*3)H(& A%56(+)-T+(*3)#

| 8+ &(8Y+)"-(**)"-0
| $11/(,+1%"&($'2*(*3)HL 4%56(+)-7*(*3)#



Random train/test split results

100 -

(00
o
1

o
()
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N
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1

N
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Accuracy on new commands (%)

o
I

1% 2% 4% 8% 16% 32% 64%
Percent of commands used for training
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Experiment 2: split by action length

A grammar must reflect and explain
the ability of a speaker to produce
and understand new sentences
which may be longer than any he has
previously heard (Chomsky 1956)

* Train on commands requiring shorter action sequences (up to 22
actions)

* jump around left twice (16 actions)
* walk opposite right thrice (9 actions)
* jump around left twice and walk opposite right twice (22 actions)

* Test on commands requiring longer actions sequences (from 24 to 48
actions)

e jump around left twice and walk opposite right thrice (25 actions)
25



Accuracy on new commands (%)
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24
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Ground-truth action sequence length

48
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Composed-"jump" split results

= 100

o~

Tn’ [

©

= 80 ~

c RNN correctly
g 60 - executes "jump
; and run

o 40 - opposite right"
S but not, e.g.,

> "jump and run"
s 20 -

S |

O

O 1

< 0 T T T T T T

1 2 4 8 16 32
Number of composed commands used for training
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* Training set includes all commands except those containing the
around right combination:

* "run”, "run around left", "jump right and run around left thrice", "walk right
after jump left", ...

e System tested on around right commands:

* run around right
* jump left and walk around right

* Also less challenging splits in which all X around right commands are
added to training set for 1, 2, 3 distinct fillers (verbs)

Joao Loula, Marco Baroni and Brenden Lake. Rearranging the familiar: Testing compositional generalization in recurrent networks.
Blackbox WS at EMNLP 2018.
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dax @ blicket @
zup @  tufa O

zup wif blicket @ @ @
blicket wif dax @ @ @

TRAINING

TEST dax wif tufa



TRAINING

TEST

dax @ blicket @
zup @  tufa O

zup wif blicket @ @ @
blicket wif dax @ @ @

dax wiftufa @ O @




Lessons learned

* Confirmed that humans are fast learners, up to the
ability to combine two functional elements zero-shot

* However, they need full access to training set while
solving the task, incremental curriculum and
performance is not at 100%

e Systematic biases emerge in error patterns



Stage 1 - learning “fep”-thrice

dax @ lug 9
wif @ Zup @
daxfep ® @ @ ugfep @O @

Stage 2 - learning “blicket”-around

dax . lug ®

wif D Zup ®

Stage 4 - function composition

lug blicket wif ® ® @ wif blicket dax ® ® @

dax ] lug 2

wif » Zup w

dax fep 000 lug fep 000
dax kiki lug o0 lug blicket wif o0e
lug kiki wif o0 wif blicket dax o000
lug fep kiki wif o000 lug kiki wif fep o000

wif blicket dax kikilug @ ® ® ®

wif kiki dax blicket lug ® ® ® ®

Stage 3 - learning “kiki”-after

dax @ lug o
wif o Zup ®
dax kikilug @ @ lug kiki wif ® @

36




Stage 1 - learning “fep”-thrice

dax @ lug 9
wif & Zup -
daxfep @ ©® @ ugfep 9 O @

Stage 2 - learning “blicket”-around
dax . lug o>

#3%6& ()% (+&-./$0

wif

Stage 4 - function composition

lug blicket wif @ ® @ wif blicket dax ® ® ®

dax ] lug 2

wif o Zup @

dax fep o000 lug fep 000
dax kiki lug o0 lug blicket wif o0e
lug kiki wif o0 wif blicket dax o000
lug fep kiki wif o000 lug kiki wif fep 2000

wif blicket dax kikilug @ ® ® ®

wif kiki dax blicket lug ® ® ® ®

Stage 3 - learning “kiki”-after

dax @ lug o

wif & Zup o

dax kiki lug @ @ lug kiki wif ® @

"19%&'(()* (+&,-./20




Systematic biases in errors

TRAINING EXPECTED
dax @ blicket @ dax wiftufa @ () @
zup @ tufa () ICONIC CONCATENATION
dax wif tufa
zup wif blicket @ @ @ ®C
blicket wif dax @ @ @ ONE-TO-ONE

dax wiftufa @ @ O
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STIMULLI: fep fep fep
zup fep fep wif

fep dax fap Kiki dax fep
fep dax Kiki
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fep @ fep fep o0
zup fep o0 fep wif 9
fepdaxfep 9 ® kikidaxfep 29 ®

fepdaxkiki @9 ®
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