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What about Text Generation?

* Machine Translation
 Bing Microsoft Translator, Google Translate

o Automatic Text Summarization

AYLIEN {meaning

* Image Captioning / Alt Text
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SOTA: Sequence-to-Sequence (Seg2Seq)

* Predict one word at a time, from left to right

« Conditional Language Model
Lae() = —log Py(Y|X) ()

N
= — Zlog Pﬁ(ytkgl:t—laX) y

t=1

Attent|on yTl Y2 y?) Y4 [ECT)S]
Encoder \* Decoder

f t t 1

L1 $2 333 564 ?JO yl Y2 Y3 Y4

Sutskever et al., “Sequence to Sequence Learning with Neural Networks”, NeurlPS 2014



Why Is Seq2Seq Insufficient?
* Left-to-right only: context on the right is not utilized

« BERT Is bidirectional and encodes rich contextual information
from large-scale corpus

« Can we apply BERT to Text Generation?



BERT. Masked Language Modeling (MLM)

* Predict 15% of masked tokens at the same time
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 Why not apply BERT to text generation directly?
« Can’t go conditional or sequential during inference

Devlin et al., “BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding”, NAACL 2019



Our Proposal: Conditional MLM (C-MLM)

* We propose an MLM variant for Seg2Seq generation
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* Now it's conditional, but how to make it sequential for text
generation?



Solution: Seg2Seq Enhanced by C-MLM

——————————————————————————————————————————————————————————————————————————————————

Y Y
Input Sequence Partial Output Sequence

_________________________________________________________________________________

5 Input Sequence Masked Output Sequence i BERT as Teacher

i / A \ | o

i [CLS] r1 T9 X3 T4 [SEP] Y] Y2 [MASK] Y4 [SEP] E Knowledge Distillation
A e L O e e A L 2 T T S \
i PP, |
i Conditional MLM o :
e ! :
S, S Vo
i' /—> Attention \. i : :
| o |
i Encoder Decoder ! Fy |
| ! |
[P LA s
N ) \ y, i

Seq2Seq as Student



Looking into the Future (Right Context)
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Dark Knowledge (Soft Label)
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Hinton et al., “Distilling the Knowledge in a Neural Network”, 2015



Experiments

 Text Generation Tasks

 Machine Translation (MT)
« Small (IWSLT, <200k): English to Vietnamese (En-Vi), German to English (De-En)
* Medium (WMT, ~4.5M ): English to German (En-De)

» Abstractive Summarization
» Gigaword summarization (3.8M): Generate headlines for news articles

 Evaluation Metrics
 BLEU: geometric mean of N-gram precision (N=1, 2, 3, 4)

« ROUGE: F-1 scores of N-gram matching (with longest common
subsequence)

Rush et al., “A Neural Attention Model for Abstractive Sentence Summarization”, EMNLP 2015
Papineni et al., “BLEU: A Method for Automatic Evaluation of Machine Translation”, ACL 2002
Lin, “ROUGE: A Package for Automatic Evaluation of Summaries”, 2004



Results on MT Task

* Our approach is model-agnostic

» Generalizable to different Seq2Seq models (e.g., RNN, Transformer)

« Our approach can scale to larger datasets

En-De Models NT2013 NT2014
Our Implementations

Transformer (base) 25.95 26.94

+ BERT teacher 26.22 27.53

En-Vi Models tst2012  tst2013
Our Implementations

RNN 23.37 26.80

+ BERT teacher 25.14 27.59

Transformer (base) 27.03 30.76

+ BERT teacher 27.85 31.51

Vaswani et al., “Attention Is All You Need”, NeurlPS 2017




Results on Summarization Task

« Our approach is generalizable to different text generation tasks

« Our generic approach is comparable to task-specific SOTA
customized for summarization

GW Models R-1 R-2 R-L
Dev
Transformer (base) 46.64 24.37 43.17
+ BERT teacher 4735 25.11 44.04
Test-Dev
Transformer (base) 46.84 24.80 43.58
+ BERT teacher 4790 25.75 44.53

GW Models R-1 R-2 R-L
Seq2Seq’ 36.40 17.77 33.71
CGU* 36.3 18.0 33.8
FTSum,* 3727 17.65 34.24
E2T...,,,° 37.04 16.66 34.93
Re?Sum® 37.04 19.03 34.46
Trm + BERT teacher | 37.57 18.59 34.82




State-of-the-art on Two MT Tasks

En-Vi Models tst2012  tst2013 De-En Models dev test
Our Implementations Our Implementations

RNN 23.37 26.80 Transformer (base) 35.27 34.09

+ BERT teacher 25.14 27.59 + BERT teacher 3693 35.63

Transformer (base) 27.03 30.76 Other Reported Results

+ BERT teacher 27.85 31.51 ConvS?2S + MRTH 3390] 132.85
Other Reported Results Transformer (big)® i} 3441

RNN' - 26.1 Lightweight Conv® - 34.81

Seq2Seq-OT* 24.5 26.9 Dyn. Convolution® - 35.21

ELMo° - 29.3

CVT® - 29.6

Clark et al., “Semi-Supervised Sequence Modeling with Cross-View Training”, EMNLP 2018
Wu et al., “Pay Less Attention with Lightweight and Dynamic Convolutions”, ICLR 2019 *SOTA at the time of submission



Ablation Study

* Bidirectional nature?

« BERT),: train teacher with left-to-right LM objective

* Extra parameter?

« BERT,: train smaller teacher (6-layer BERT)

Methods De-En En-Vi
(dev) (tst2012)
Transformer (base) 35.27 27.03
Trm + BERT)5, 35.20 26.99
Trm + BERT,,, 36.32 27.68
Trm + BERT 36.93 27.85

 BERT pre-training Is still essential




Why Distillation?

* C-MLM takes both left and right context
* Look-ahead generation / plan for future (implicit)



Why Distillation?

« C-MLM takes both left and right context

 Soft distribution has more information
» “Dark knowledge” contains useful learning signal



Why Distillation?

* C-MLM takes both left and right context
 Soft distribution has more information

* No-explicit parameter sharing / feature extraction
* Model agnostic

« Same inference speed / model size



Why Distillation?

* C-MLM takes both left and right context
 Soft distribution has more information
* No-explicit parameter sharing / feature extraction

* NOT model compression
« C-MLM / BERT cannot generate, but can provide better training target



Analysis

» Our approach achieves higher performance gain on longer
sequences

De-En: BLEU vs Length (N) En-De: BLEU vs Length (N)
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Examples (MT)

Reference my mother says that i started reading at the age of two , although 1 think four is probably close to the truth .

Transformer my mother says that 1 started reading with two years , but 1 think that four of them probably correspond to
the truth . (39.6)

Ours my mother says that i started reading at the age of two , but i think four is more likely to be the truth . (65.2)

Reference we already have the data showing that it reduces the duration of your flu by a few hours .

Transformer we ’ve already got the data showing that it ’s going to crash the duration of your flu by a few hours . (56.6)

Ours we already have the data showing that it reduces the duration of your flu by a few hours . (100.0)

Reference we now know that at gombe alone , there are nine different ways in which chimpanzees use different objects
for different purposes .

Transformer  we know today that alone in gombe , there are nine different ways that chimpanzees use different objects
in different ways . (35.8)

Ours we now know that in gombe alone , there are nine different ways that chimpanzees use different objects

for different purposes . (71.5)




Summary

« Use Knowledge Distillation to pass on bidirectional contextual
Information from pre-trained C-MLM (Teacher) to Seqg2Seq
model (Student) for text generation

 Bidirectional: C-MLM takes both left and right context
 Model-agnostic: No-explicit sharing / feature extraction
« Generalizable to different text generation tasks

e State-of-the-art on two machine translation tasks

Code: https://qgithub.com/ChenRocks/Distill-BERT-Textgen



https://github.com/ChenRocks/Distill-BERT-Textgen

Thank You!



