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Program Synthesis / Semantic Parsing

how many more passengers flew to
los angeles than to saskatoon?

Rank City Passengers Ranking Airline
1 United States, Los 14,749 Alaska
Angeles Airlines

2 United States, Houston 5,465 United
Express

3 Canada, Calgary 3,761 Air Transat,
WestJet

4 Canada, Saskatoon 2,282 4

5 Canada, Vancouver 2,103 Air Transat

6 United States, Phoenix 1,829 1 US Airways

7 Canada, Toronto 1,202 1 Air Transat,
Candet

8 Canada, Edmonton 110

©

United States, Oakland 107
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@ Unbiased => optimal solution @ High variance => slow training
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Imitation

Learning

[ Actor ] [Learner]
\ Updated Policy /

\_ J

@ Biased => suboptimal solution @ Low variance => fast training

@ Requires human supervision
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\ Updated Policy /
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@ Unbiased => optimal solution @ Low variance => fast training
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High-reward buffer
samples
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\ Updated Policy /

\_ J

@ Unbiased => optimal solution @ Low variance => fast training
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@ Unbiased => optimal solution

@ Low variance => fast training
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Programs inside
Memory

Programs outside
Memory
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_[ Sampling ]_
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@ Unbiased @ Sampling from a smaller space => variance reduction
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@ Unbiased @ Stratified sampling => variance reduction



MAPO

O(rm) = Z mw(a)R(a) (= a program)

(R(@) = correct or not)



MAPO

O(m) — MNR(F ( .= a program)
() ;4 m(@)F(a) (R(a@) = correct or not)
v
O(m)= Y =@ + Y w@R@ B={(a,r)}Y,
E%’EB ) @%B )

Expectation inside B~ Expectation outside B



WikiTableQuestions: first SOTA using RL

E.S. Deyv. Test
Pasupat & Liang (2015) - 37.0 71
Neelakantan et al. (2017) 1 34.1 34.2
Neelakantan et al. (2017) 15 273 AT
Haug et al. (2017) | - 34.8
Haug et al. (2017) 15 38.7

Zhang et al. (2017) i 40.4 43.7



WikiTableQuestions: first SOTA using RL

E.S. Deyv. Test
Pasupat & Liang (2015) - 37.0 71
Neelakantan et al. (2017) 1 34.1 34.2
Neelakantan et al. (2017) 15 273 AT
Haug et al. (2017) | - 34.8
Haug et al. (2017) 15 - 38.7
Zhang et al. (2017) - 404 43.7
MAPO 1 424+0.5 43.2+0.5

MAPO (ensembled) 10 - 46.6




WikiSQL: strong vs. weak supervision!

Fully supervised Dev. Test
Zhong et al. (2017) s 60.8 59.4
Wang er al. (2017) o 67.1 66.8
Xu et al. (2017) S 69.8 68.0
Huang et al. (2018) > 683 63.0
Yu et al. (2018) o 74.5 13.3
Sun et al. (2018) s 75.1 74.6
Dong & Lapata (2018) ®  79.0 78.5



WikiSQL: strong vs. weak supervision!

Fully supervised Dev. Test
Zhong et al. (2017) s 608 594
Wang et al. (2017) »  67.1 66.8
Xu et al. (2017) S 69.8 68.0
Huang et al. (2018) > 683 63.0
Yu et al. (2018) o 123 453
Sun et al. (2018) B /5.1 74.6
Dong & Lapata (2018) @ 79.0 78.5
Weakly supervised Dev. Test
MAPO 71.6 +£0.6 71.8 04

MAPO (ensemble of 5) - 74.9




Dev Accuracy

WikiTable
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— MAPO
— MML
—— Hard EM
IML
5000 10000 15000

Training Steps

e MAPO converges slower than iterative maximum likelihood,
but reaches a better solution.
e REINFORCE doesn’t make much progress (<10% accuracy).
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e MAPO converges slower than maximum likelihood training,
but reaches a better solution.
e REINFORCE doesn’t make much progress (<10% accuracy).
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An efficient policy
optimization method for
learning to generate
sequences from sparse
rewards.

Q https://github.com/crazydonkey200/neural-symbolic-machines

c 0% https://arxiv.org/abs/1807.02322

 http:/Icrazydonkey200.github.io/
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