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Review: Generator
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Review: Tralning Generator
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Review: Training Generator
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RL for
Sentence Generation

Jiwei Li Will Monroe, Alan Ritter, Michel Galley, Jianfeng Gaq Dan Jurafsky,
oDeep Reinforcement Learning for Dialodaeneratior EMNLP 2016
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Maximizing Expected Reward
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Maximizing Expected Reward
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Policy Gradient

AGradient Ascent
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Implementation
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Add a Baseline
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Add a Baseline
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Alpha GO style training !

ALet two agents talk to eaatther
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Example Reward

AThefinal rewardR(,X) isthe weighted sum of
three termsr,(h,x), r,(h,X) andry(h,x)
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Example Results

Baseline mutual information model (Li et al. 2015) | Proposed reinforcement learning model




Reinforcement learning?
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Reinforcement learning?

AOne can use any advanced RL techniques here.

AFor example, actecritic

ADzmitryBahdanau PhilemorBrake| Kelvin XuAnirudh
Goyal,Ryan Lowe, Joelleéneay AaronCourville Yoshua

Bengio."An ActorCritic Algorithm for Sequence
Prediction."ICLR, 2017



SeqGAN
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Policy Gradient
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Basic Idea — Sentence Generation

code z sampled from
prior distribution

Generator

# sentence x

Sampling from RNN at each time
step also provides randomness

sentence x# Discriminator

Original GAN




Algorithm — Sentence Generation

Alnitialize generator Gen and discriminator Dis
AlIn each iteration:

ASample real sentencesfrom database
AGenerate sentence®by Gen
AUpdate Dis to increase ‘@) and decreas® @)

AUpdate Gen such that
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Basic ldea — Chat-bot

Input
snepnutence/history h# m

Chatbot

# response sentence X

Input
sentence/history h #

Discriminator# Real or fake

response sentence #

Conditional GAN ¥ V" gy
human f» ’
dialogues

K



Algorithm — Chat-bot

Aln each iteration:

Training data: :

i A: 00O
B: XXX
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Reinforcement Learning

m- Discrimi »scalar

Chatbot nator
update

A Considethe output of discriminator assward

AUpdate generator to increase discriminator = to get
maximumreward

reward
Y oﬂ o(Qn) @) a & osQ)
Discriminator Score
ADifferent from typical RL
AThediscriminatorwould update



Reward for Every Generation Step
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Reward for Every Generation Step
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Method 1. MonteCarlo (MC) Search
Method 2.Discriminator~orPartiallyDecoded Sequences



Monte Carlo Search
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Rewarding Partially Decoded

Sequences

ATrainingadiscriminator that is able to assign rewards to
both fully and partially decoded sequences

A Break generated sequences into partial sequences
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Teacher Forcing

AThe training obenerativemodelis unstable

AThis reward is used to promote or discourage the
generator’s own .generated

AUsually Itkknows that the generated results are bad, but
does not know what results agpod.

ATeacher Forcing
Training Data foBeqGAN {("Qhw )M h('Q hw )}
Obtained by sampling
weighted byO("Qhw )
Adding more Data: {('Qh )/ h('Q ho )} Real data
ConsideiOo("Qhi) p



Experiments in paper

ASentence generation: Synthetiata
AGiven an LSTM

AUsing the LSTM to generate a lot of sequences
as “real dat a”

AGenerator | earns from
different approaches

AGenerator generates some sequences

AUsingthe LSTMo computethe negativelog
likelihood(NLL) of the sequences

ASmaller is better



Experiments in paper
- Synthetic data

Algorithm | Random MLE SS PG-BLEU | SeqGAN

NLL 10.310 9.038 8.985 8.946 8.736

p-value <107° | <107° | <107° < 107°

Learning curve

10.0 —

9.8 — SeqGAN

A N MLE
% 9.6 - - - Schedule Sampling
E ......... PG_BLEU
5 94
~.,
L g2
=
—
= 9.0

8.8

8.6

0 50 100 150 200 250



10.00

9.50

NLL by oracle

884

8.70

] 50 100 150 200

Epochs

(a) g-steps=100, d-steps=1, k=10

10.00

9.50

NLL by oracle

9.00

8.81

8.70

] S0 100 150 200

(c)

Epochs
g-steps=1, d-steps=1, k=10

10.00

o

(]

© 950

o

-

o

1

1

Z 9.00
8.89 .
8.70 :

0 50 100 150 200
Epochs

(b)

g-steps=30, d-steps=1, k=30

10.00

9.50

NLL by oracle

SeqGAN

] a0 100 150 200 250

(d)

Epochs
g-steps=1, d-steps=3, k=3



Experiments in paper
- Real data

Table 2: Chinese poem generation performance comparison.

Algorithm | Human score | p-value | BLEU-2 | p-value

MLE 0.4165 , 0.6670 L h—B
SeqGAN 05356 | M003% | g73g9 | <10
Real data 0.6011 0.746

Table 3: Obama political speech generation performance.
Algorithm | BLEU-3 | p-value | BLEU-4 | p-value
MLE 0.519 L6 0.416 ,

SeqGAN ‘ 0.556 ‘ <10 0.427 ‘ 000014

Table 4: Music generation performance comparison.
Algorithm | BLEU-4 | p-value | MSE | p-value

MLE 0.9210 —6 | 22.38 ,

SeqGAN ‘ 0.9406 ‘ <1071 20.62 ‘ 000034




Results - Chat-bot

Setting adver-win  adver-lose

single-turn 0.62 0.18
multi-turn 0.72 0.10

_lnput
Vanilla-MLE
Vanilla-Sample

tell me ... how long have you had this falling sickness ?
1 'm not a doctor .

well everything you did was totally untrue .

REINFORCE i don "t know how long it 's been .
REGS Monte Carlo A few months, I guess .
Input s0 1 had the doctors test sammy 's response to conditioning .

Vanilla-MLE
Vanilla-Sample

sammy wrote the test sammy wrote the test .
objects pick objects up objects objects objects objects objects

REINFORCE 1 'm not sure that 's relevant .
__REGS Monte Carlo s0 he took the pills . _
Input what are you going to do ?

Vanilla-MLE
Vanilla-Sample

1 'm going to the movies .
get him outta here first !

REINFORCE 1'm going to get you .
REGS Monte Carlo 1'm going 1o get you a new car .
Input they fear your power your intellect .

Vanilla-MLE
Vanilla-Sample
REINFORCE
REGS Monte Carlo

you 're the only one who knows what 's going on .

when they are congquered and you surrender they will control all of us .
1 'm afraid 1 "'m not ready vet .

1 'm not afraid of your power .




To Learn More ...



Algorithm — MaliGAN

Maximumtlikelihood Augmented Discrete GA|

Alnitialize generator Gen and discriminator Dis

AlIn each iteration:

_ASampIereaI sentencesvfrom database
AGenerate sentencedby Gen
AUpdateDis to maximize

a £ (e a £(f1Q O(w)

AUpdateGenby gradient

p () N NP B O(w )
0 (B i (@) w) a ) |1 (@) p O(®)

o("Qh )



To learn more ......

AProfessor forcing

AAlex LambAnirudhGoyal,Ying ZhangSaizheng
ZhangAaronCourville YoshuaB e n gRradessor*
Forcing: A New Algorithm for Training Recurrent
Net wor ks ”, NI PS, 2016

AHandling discrete output by methods other than
policy gradient

AMaliGAN Boundaryseeking GAN

AYizhezhangZheGan, Lawrenc€ a r Generatirig Text
via Adversarial r a i NWorksigop on Adversarial
Training NIPS, 2016

AMatt J.KusnerJosé MigueHernandez_obatq “GANS
for Sequences of Discrete Elements with Gxembet
softmaxDi1 s t r | adXivprepmont)2016



