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Background Information

For any ground-truth sequence pair (x*,y”*), training objective:

KL( P*(Y | x*,y%) H
N—————
target distribution

Py(Y | x*) )
A

model distribution

¢ Maximum Likelihood Estimation (MLE) target

Pine(Y =y |x",y") = Oy=y*

— Exposure bias: delta distribution — no exploration

— Metric bias: train/test metric discrepancy

¢ Reward Augmented Maximum Likelihood (RAML) target

exp (R(y; y*)/7)
yey €xp (R(Y';55%)/7)

Pean,(Y =y | X" y7) = >

— Incorporate test metric F(-;-) into the training objective

— Assign probabilities to similar but non-identical sequences
— lim PR (Y | x5 y") = P (Y [ x%,y7)

T—0

Better Credit Assignment for RAML

“Coarse’” and “Inefficient” Credit Assignment of RAML:

» Target distribution is based on the reward of an “entire sequence” (coarse)

« Exponential sequence space (inefficient)

PﬁAML(YLT ‘ X*ay*)

-----------------------------------------------------

Sequence-level Credit Assignment

\/

Token-level Credit Assignment

P*(yt ‘ y<t7X*7y*)

--------------

——————————

Find the token-level target distribution P*(y, | ¥y <4, X", y™), such that

T
Phiane Yo | x5y = [ P |y x5, 57)
t=1

Proposed Method
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Token-level Distribution & Entropy-Regularized RL

Theorem 1. The token-level target distribution has the form

exp (Q* (Y <4 Yt)/T)
wew CXP (Q*(Y<ppw)/T)’

(1)

P (ye | Yy, X5, ¥7) = >

where Q™ (y -4, ¥¢) is the optimal soft-() function defined by the entropy-regularized MDP

Q (Yers Yt ) = [R(YSt) — R(Y<t)} + 7 log Z eXp (Q*(Ygta w/)/’r) - (2)
/ - [ ' \ ) L wew )
Y Y
State  Action Immediate reward Value after taking step y,
(Y <4 Yt) V*(Y§t)

e Intuitively, a larger optimal () value = a higher target probability P~

From Credit Assignment to Entropy Regularization: Two New Algorithms for Neural Sequence Prediction

Experiments

Machine Translation:

e Using reinforcement learning to solve the MDP in Eqn. (2) gives both Q™ and P*

e ()* can depend on both

x* and y™, i.e. Q*(y<t,yt;X*a}’*)

Algorithm 1: Value Augmented Maximum Likelihood (VAML)

1. Solve the MDP in Eqn. (2) with Soft Q-Learning;:

_ 1112

T(Y<t7 yt) T Tlog Z CXP (qu (ygta w/; y*) /T)
_ w’' ew i

min

p ng (Y<tayt§y*) —

2. Minimize the token-level KL divergence based on the VAML target:

exp (Qo(Y <4 Yt;Y")/T)

Comparison with existing works

Algorithm BLEU
MIXER (Ranzato et al., 2015) 20.73
BSO (Wiseman and Rush, 2016) | 27.9

Q(BLEU) (Lietal., 2017) 28.3

AC (Bahdanau et al., 2016) 28.53
RAML (Ma et al., 2017) 28.77
VAML 28.94
ERAC 29.36

Comparison with direct baselines

e Dataset: IWSLT 2014 de-en

* Architecture: a seq2seq model

with the dot-product attention

 Average performance of 9

different runs

MT (w/o input feeding) MT (w/ input feeding)
Algorithm Mean Min Max Mean Min Max
MLE 27.01 £0.20 26.72 27.27 | 28.06 = 0.15 27.84 28.22
RAML 277714 £ 0.15 2747 2793 | 2856 +£0.15 28.35 28.80
VAML 28.16 £ 0.11 28.00 28.26 | 28.84 + 0.10 28.62 28.94
AC 28.04 = 0.05 2797 28.10 | 29.05 +0.06 28.95 29.16
ERAC 28.30 £ 0.06 28.25 28.42 | 29.31 +£0.04 29.26 29.36

Image Captioning:

m@in KL(P\’}AML (Y;j | Y<t7y*) || P@ (ift ‘ Y<t7X*)>7 with P\a;AML —

weWY

Algorithm 2: Entropy-Regularized Actor Critic (ERAC)

e (Critic: trained to evaluate the ()-value of the current policy

* Actor: trained to improve the policy given the critic
For trajectory y from the current policy Py(Y | x*) = Hthl To(Ye | ¥y, X¥)

Target Q-value based on the target network Qg4

Critic: ming

o (Y<t7yt;y*)_ [T(Y<t7yt) + 7 H(mo(Yis1 | Y§t)) T Z o (w/ | Y§t7X*) Q(g (Y§t7w/5y*) }
—_—
Future Entropy Sidd

Actor: maxy Z 7T9(w ! y§t7X*)Q¢ (Y§taw’§y*) +7'7‘[(7T9(Yt ’ Y<t))

we W

Current value estimate Current Entropy

Stability techniques:

e Target network () 3 with delayed parameters gg

e Smooth (J-values by minimizing their “variances”, i.e.,

]’ / *
W Z Qo(y<t, w5y ).

w’ ey

qugn Avar Z [Q¢(y<t,w;y*) — Qqﬁ(y<t§y*)} ,  Where Q¢(y<t;y*) —
weW

> exp (Qp(y <, wsy*)/T)

e Dataset: MSCOCO

 Architecture: the NIC model

with a pretrained 101-layer
ResNet encoder

Image Captioning
Algorithm Mean Min  Max
MLE 29.54 £0.21 29.27 29.89
RAML 29.84 +0.21 29.50 30.17
VAML 2993 +0.22 29.51 30.24
AC 30.90 £ 0.20 30.49 31.16
ERAC 3144 + 0.22 31.07 31.82

—

e FEvaluation metric: BLEU-4

Ablation study of ERAC:

Performance with different levels of entropy

30.5
B Dev

19 5 B Test

N

0.000

0.005 0.010
T

0.020

(a) Machine translation

— -
= 28.5
M m
) I I I I I
26.5

0.045

Importance of stability techniques
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(b) Image captioning

* (B = 1: no target network

* Ayar = 0 : no smoothing

B 0.001 0.01 0.1 1
Avar
0 2791 26277 28.88 27.381
0.001 2941 2926 29.32 27.44

technique

* T indicates excluding extreme

Code available at

values due to divergence

: https:/ /github.com/zihangdai/ERAC-VAML




