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Natural Language Generation

Je suis étudiant </s>

» Neural natural language generation (NLG) aims il
to generate a piece of new text |

» neural machine translation (NMT)

» image captioning .
11

I am a student <s> Je suis étudiant

» text summarization
> ...

» NLG models have recently shown remarkable
progress in language fluency and coherence

» We focus the training of Seq2Seq NLG models




Motivation

» Advantages of RL-based methods: MLE Other RL

Ours
» using the current output as the input of next methods
step loss
» directly optimizing the evaluation metric inconsistency i i
~ avoiding the issues of loss inconsistency and exposure J
exposure bias bias ) )




RL for NLG

A 4

Agent (NLG models)

» To address the loss inconsistency
and exposure bias issues,

reinforcement learning (RL) methods Ge :;?;:ed Reward Action |
have been adopted to train NLG models Sentence) (BLEU) n-{) }=1=" (Tokens) |

s¢ = (wo, w1, ..., w1, Z)

Environment (vocabulary, |
Source sentences)

» Formulation the problem as a Markov
Decision Process

MDP Formulation and trial-and-error learning



Motivation

» Advantages of RL-based methods:

» using the current output as the input of next MLE Other RL Ours
methods
step
» directly optimizing the evaluation metric loss J i i
» avoiding the issues of loss inconsistency and NGNS
exposure bias exposure J ] )
bias

» However, the reward, such as

BLEU/ROUGE, assign the same score to the ~ deviation J N ]
different incorrect generated tokens, which is gnorance

called deviation ignorance




Deviation lgnorance

The models fail to understand how much
the prediction distribution deviates from a | Ground Truth: “the boy is eating an apple”
prior distribution related to the ground- Predictions:

truth at token-level “the kid is eating an apple” V

“the boy is having an apple” v

“the cat is eating an apple” X

“the boy is eating an pear” X

The metrics such as BLEU and ROUGE
assign the same scores for the totally
different predictions

kid apple
label [0, 1, 0,0, ] label [0, 1, 0,0,-]
output [0.4,0.2,0.2, -] output [0.7,0.1,0.1, -]
boy cat pear fruit



Methodology

APDC: To alleviatedeviation ignorance issue, we enhance the RL

The cat EOS
C“}C){)@@ ...... objective with a KL term with an adaptive factor:
- Sample-\ - . J
Model — L /,f’\\_ K Monte Carlo Rollouts L(f?) — —LRL (9) + /BLKL (9)
ooy | Do~ KE o Qvalue | ¢ Adaptive Factor: negatively correlated to advantage
| ~ p Balanced Yoy Estimate | Reward .
Embedding - L/ -\'-._ Pl:nIqu,r > Advantage funCtlon
t The Prior Gradient Function
Ground Truth Distribution T r=—-- T 1
N Licp(0) = D JeZ o St L (wo)l o ()
AL t—0
The boy is eating an apple EOS

® The prior distribution:

p*(wy) = o (cos_sim (emb (w}) ,emb (w;)))



Algorithm 1: APDC Enhanced Reinforcement
Learning
Input: The model input S and the ground truth

e ek ) Methodology
Build the NLG model M () with random initial
weights 1;
Pre-train the M (v’) with MLE and update M (%)) to
M(0);
Pre-Er&Bin the word embedding and compute the prior
distribution for all ground-truth tokens w; with the

word embedding » APG: to reduce variance, we estimate the advantage function
p*(wi) = o (cos_sim (emb (wy) ,emb (wy))); ' ' iti / i
e i per step using the prior knowledge that the transition p(s’|s, a) is
for each time steps t = 0, ..., T do determined (=1 if s’ is observed)
Sample token a; from the policy 7;
Use K Monte Carlo rollouts inference ~ ~ ~
algorithm to sample K a;.7; AW(St, [lt) = Qﬂ(St, ﬂt) — Qﬂ- (St—li,rﬂft—l)
(Eompute the estimated Q-value
Q" (s1,a0) = 7 iy Rlaoe—13ai5af,1.7); r
Compute the estimated advantage value VolgrL (9) _ Z EW[AW(St, ﬂt)vgfﬂg(‘?rﬂ (ﬂtlst))]
A" (s, a1) = Q™ (8¢, a0) — Q™ (8¢—1,ai-1)3 i—0
Compute the KL divergence -
Dy(0) = e~ A" Cor) KL [p* (w)||po (we)): :
end » Leverage K Monte-Carlo rollouts to estimate Q-values
Compute the RL l(lss
SRL(B) =th21;:__ﬂ, f”((qt:ﬂt)?r(-‘?t,ﬂth 1 K
ompute the KL loss A - e ok
Lir(0) =Y, D:(6); Q (Shﬂz) K Z R(ﬂn;a—lgﬂu ﬂ.r,+1:T)
Update M () by minimizing k=1
(—Lrr(0) + BLkL(0));

end




Experiments

We evaluate our algorithm in three tasks of NLG

Neural Machine Translation Image Captioning
Table 1: BLEU score of NMT for En-De, EH—ZI‘I, and Zh-En. Table 2: Performance of image captioning on the MSCOCOQ Karpathy test split.

Method BLEU-1 BLEU-4 METEOR ROUGE-L CIDEr
Method EnDe EnZh ZhEn SO OTRL (Chenetal 20209 93 344 68 62 11i3

: en et al. . . . » .
I;Ia'x’sékm mer+MLE (:1“2" ﬂ” ‘“l 6“ ctal. 2017) gi{; ﬁ;g g’j'gg Top-Down+MLE (Anderson et al. 2018) 772 36.2 27.0 56.4 113.5
(Ranzato et al. ) . - - Top-Down+SCST (Anderson et al. 2018) 798 36.3 277 56.9 120.1
RLANMT (Wu et al. 2018) 27.52 3446 2470 Top-Down+MIXER (Ranzato et al. 2016)  78.4 36.2 274 56.5 1156
APG 27.63 3454 24381 Top-Down+SCST+APDC 79.9 36.6 27.8 56.9 120.2
APG+PDC 2770 3456 2490 APG 80.1 36.4 28.0 56.9 1202
RLANMIPDC 2781 3462 2498 APG+APDC (METEOR) 81 365 22 51 117

+. . . . . .
* 28.03 3491 2528 APG+APDC 80.8 37.9 28.9 58.1 123.6

Table 3: Results of abstractive text summarization on
CNN/Daily Mail dataset. “Pointer” means the method
Pointer-Generator+Coverage.

. . . Method ROUGE-1  ROUGE-2 ROUGE-L

Abstractive Text Summarization Pointer (Sec, Liu, and Manning 2017) 39.53 17.28 36.38
MIXER (Ranzato et al, 2016) 39,78 17.91 37.15
OTRL (Chen et al. 2020a) 41.40 18.22 38.86
APG 41.51 18.34 38.93
APG+PDC 41.60 18.48 39.02

APG+APDC 42.73 18.81 39.85




Experiments

Comparison Approaches

APG performs better than other RL-based methods

Table 1: BLEU score of NMT for En-De, EH—ZI‘I, and Zh-En. Table 2: Performance of image captioning on the MSCOCOQ Karpathy test split.
Method BLEU-1 BLEU-4 METEOR ROUGE-L CIDEr
Method fnDe Enzh ZhEn “OOTRL (Chenetal. 20200 3 34 268 362 1118
z en et al. B X X » .
1]&;1}(];]{ +MLE (:1 201 61 ctal. 2017) ggig ﬁ;g %jgg Top-Down+MLE (Anderson et al. 2018) 772 36.2 27.0 56.4 113.5
(Ranzato et al. ) . - - Top-Down+SCST (Anderson et al. 2018) 798 36.3 277 56.9 120.1
RLANMT (Wu et al. 2018) 27.52 3446 2470 Top-Down+MIXER (Ranzato et al. 2016)  78.4 36.2 274 56.5 1156
[APG 2763 3454 24R1] Top-Do 799 366 278 56.9 1202
APG+PDC 27.70 3456 2490 | APG 80.1 36.4 28.0 56.9 1202 |
RLANMIPDC 28 e uo APGFAPDC (METEOR) 01 %65 w2 sl 1197
+ . . . . .
* 28.03 3491 25.28 APG+APDC 80.8 379 28.9 58.1 123.6

Table 3: Results of abstractive text summarization on
CNN/Daily Mail dataset. “Pointer” means the method
Pointer-Generator+Coverage.

Method ROUGE-1 ROUGE-2 ROUGE-L
Pointer (See, Liu, and Manning 2017)  39.53 17.28 36.38
MIXER (Ranzato et al. 2016) 39.78 17.91 37.15
OTRL (Chen et al. 2020a) 41.40 18.22 38.86
LAPG 4151 18.34 38903 |
APG+PDC 41.60 18.48 39.02

APG+APDC 42,73 18.81 39.85




Experiments

APDC can also enhance other RL-based methods

APDC performs better than PDC (APDC without adaptive mechanism)

Table 2: Performance of image captioning on the MSCOCO Karpathy test split.

Table 1: BLEU score of NMT for En-De, En-Zh, and Zh-En. o T RLEUT ST ROCCEL CIOm

SCST (Att2all) (Rennie et al. 2017) - 342 26.7 55.7 114.0
Method En-De EnZh ZhEn OTRL (Chen et al. 2020a) 793 344 26.8 56.2 111.8
Transformer+MLE (Vaswani et al. 2017) 27.30 34.12  24.29 Top-Down+MLE (Andersonetal. 2018) 772 362 27.0 564 1135
MIXER (Ranzato et al. 2016) 72743 34.38 24.59 Top-Down+SCST (Anderson et al. 2018) 79.8 36.3 27.7 56.9 120.1
Top-Down+MIXER (Ranzato et al. 2016) 784 36.2 274 565 1156

RLANMT (Wu et al. 2018) 27.52 3446  24.70 e e T = R
APG 27.63 34.54 24381 APG 30,1 364 78.0 5690 1202
APG+PDC 2770 3456 2490 APG+PDC 303 36.7 784 573 1212
RLANMT+PDC 27.81 34.62 2494 APG+APDC (METEOR) 80.1 36.5 29.2 57.1 119.7

APG+APDC 28.03 3491 25.28 APG+APDC 80.3 37.9 28.9 58.1 123.6




Experiments

Ablation Study illustration

APG+APDC > APG+PDC > APG

BLEU

ir84

27.4 1

T

APG+APDC
mm APG+PDC
. APG

Neural Machine Translation (WMT14 En-De)

CIDEr

1235 1

12251

APG+APDC
. APG+PDC
. APG

Image Captioning (M5C0CO)

BLEU

APG+APDC
s APG+PDC
- APG

Summarization (CNN/Daily Mail)




Summary

» Formulate the NLG problem as a Markov Decision Process and use an RL
to solve the exposure bias and loss inconsistency issues

» Propose a novel technique: adaptive prior-dependent correction to further
address the deviation ignorance issue
» Combine some advantage function estimation techniques

» Enhancing APG with APDC can strike a balance between token-level and
sequence-level optimization

» Extensive experiments show that, on three tasks, our method consistently
outperforms the state-of-the-art approaches



Thank you
for your careful listening!
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