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Project Babel : a roadmap to Human Parity

 Define new challenge for NMT research

MT quality has improved a lot:
How far are we from human performance?
Fundamental question: How can we measure this?

« 2070 — Near Parity

The Verge: In some cases, Google says its GNMT system (s even
approaching human-level translation accuracy. That near-parity is

restricted to transitions between related languages, like from English to
Spanish and French.

« 2018 — Human Parity

Microsoft researchers achieve human parity for distant language pair
Chinese to English
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« NMT Overview



Fncoder-Decoder for NMT

f=( La croissance économique a ralenti ces derniéres années.
\

Decoder

Encoder

e=(Economic, growth, has, slowed, down, in, recent, years,.)

Sutskeveret al., 2014, Cho et al., 2014




Fncoder-Decoder for NMT
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Attention based Encoder-Decoder
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Seg25eg with RNN models

« RNN
- Very efficient representation for variable-length representations
« LSTM/GRU gating helps in long-range error propagation
 Attention helps in long-range dependencies

+ Few limitations though:
« Autoregressive models with sequential computation

« Hard to parallelize
« Hard to catch long-term dependencies in the sequential structure of the data

« CNN-based approaches like FairSeg(ConvS2S), ByteNet, WaveNet:
« Easier to parallelize
- Needs more layers to capture long-term dependencies




Attention is all you need: Transtormer models

« Avoids RNN recurrence bottleneck

« Encoder:
« Multiple layers of self-attention and Feed Forward Networks

« Decoder:

+ Self-Attention on decoder and attention on encoder outputs with Feed
Forward Networks

«  Multi-head Attention:
« Model different information at different positions

Vaswani et.al NIPS 2017
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Attention is all you need: Transtormer models

Credit: Google Research blog
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Softmax

—> Add &Norm

Feed Forward

I N Layers

mma Add &Norm

smd  Add &Norm

N Layers Multi-Head
Feed Forward Attention
mmea Add&Norm Add &Norm
Multi-Head Multi-Head Masked
Self-Attention Self-Attention
Pazitional _‘ Positional
Encoding Encoding
input Embedding Output Embedding
Encoder | | Decoder

Inputs Shifted outputs



Outline

» Exploiting Dual Nature of Translation

- Dual Learning
- Joint Training



Fxploiting Dual Nature of Translation

Use round-trip translation (Chinese = English = Chinese) to improve both systems simultaneously
Zh->En translation

Primal model

p(y|x; Bx-y)

Chinese sentence x _
English sentence

“ y,
’“\

ﬂ

Dual model
p(XIy. 0y _x)

En->Zh translation



Back Translation

Bilingual Training
Data (Zh, En)

Monolingual En
Sentences

— En—Zh System

Synthetic
Training Data  ———{ Zh-En System
(zh, em)




MT Duality advantages over Back Translation

Back Translation MT Duality

« Bad pseudo sentence pairs - Bad pseudo sentence pairs
burt the pert cannot hurt the performance
UL ARE PEFICTTRGNCE. since it get partial credit
Both Source and target
« Only the target monolingual {g\?e“rgg%%@' data can be
data can be leveraged. - Models in both directions can be
optimized. |
« Target to source translation : gfne?sis%%egég 3%2@%2%; ]
model is not optimized. // setup |




Dual Unsupervised Learning
(NIPS2016, ICML2017)

Primal Task f: x —
Agent y Agent
En->Zh translation

English sentencex Feedback signals during the loop: Chinakssaiitane
* Reconstruction: R(x,f,g) = s(x,x") y = f(x)
« LM: L(y)and L(x")

Zh->En translation

Dual Task g:y —
%



Dua\ Superwsed Learning

016, ICMLZ2

1ax log P(y|

PrlmaITask f X =
/ \ Agent

Labeled data x label
mmlP(X)P(ylx f) — PP (xly; 9)| y=fx)

x=g) Label y

\ jx Y)
DuaITask g Y=

= P(X)P(y|x; f)
ogP(x|v; g) —P(y)P(xly g)
Feedback signals durlng the Ioop.

* R(x.f.9) = |PCO)P(ylx; f) — P(y)P(x|y; g)|: the gap between
the joint probability P(x,y) obtained in two directions

Agent




Joint Training @aazois

« |teration 0: Pre-train two direction models (X=() | D={x",y"} LY=(")

0 0 . .| .
My.y and My with bilingual data D = o Row }/\{po(xb,) P
{X(n), y(n)} Iteration O -

 lteration 1. Two NMT systems based on [X'={x"’.yé"’}, 'Y'={y"’.xé"}]
Py and P,y are used to translate

monolingual data X = {x®}and Y = {y®}; = ~ow PiCxly)
two synthetic training data sets X' and Y'-----===pessseeespommomoooooadees ey
combined with bilingual data D are used to =l 73} K | e |,-:)-{ T
train Py, and Py respectively. —* A it L

« |teration 2: Repeat the above process | Payio) P(xly) |

. Voo ! Lo



Outline

« Beyond left-to-right bias
* Deliberation Networks
» Target Bidirectional Agreement



Motivation: Exposure Bias Problem

« NMT model is only trained with golden bilingual corpus

« Translation sentence is auto-regressively generated word by word
« Previous errors will mislead the generation of the subsequences

« Errors will be quickly amplitied
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Multi-pass decoding

Current NMT models decode from left to right in one pass

» o generate the word y;, only the previous (already generated) words

Yt are used

» |In human cognitive processes, global information, including both

historical words y.; and possible future words ys; are use

» While reading a document/para?raph/sentence, our understanding

of one word depends on its context, including both the words

preceding and after it

« When we write a document/article, we first create a draft and then

polish it based on global understanding of the whole draft



Deliberation networks wipsooi

Multi-pass translation: Translate = Refine = Translate again

Second-Pass Decoder

Encoder o . 3 1 . - ] . ,
Microsoft Research Asia will  celebrate twentieth anniversary of birth
W M TRk B @K 0+  BAFf R First-Pass Decoder

20000000

Mlcrosoft Research is about o have twenty blrthday




Deliberation Nets
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Beyond the Left-to-Right Bias

During sequential left-to-right generation of translation earlier errors
are amplified.

Seeking agreement between left-to-right and right-to-left translation
at training time

terative training of left-to-right and right-to-left models boost each
other



Outline

» Noisy training data



Data Selection and Filtering

Bilingual Training Multi-lingual Sentence Representation
Data (x,y)

BiLingual NMT
Encoder
y X
xX—y

s it possible to avoid collisions?
A ER R AENS 2

But it is not yet known whether any drivers will face charges.




Bi-Lingual Encoder-Decoder System
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System combination & reranking

« Combine multiple systems: different types of expertise, cancel out each other’s mistakes
« Re-rank n-best list: Use whole-sentence features

Sentence Level re-ranking
(——  [oature

| Global search
Eatr;slatlon Systems A —— ooture]

- t ' v A .
s fi =& (f]) = argmax, {p(ei[f]) }

== argmax(,,l {Z%:l )Lmhm (flj "11 )}

4ommmmemmmm— [cature M




SentVec Similarity Model

Similarity Score

e

SentVec SentVec




System combination & reranking

« Combine multiple systems: different types of expertise, cancel out each other’s mistakes
« Re-rank n-best list: Use whole-sentence features

Sentence Level re-ranking
(——  [oature

| Global search
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Systems Combination Features

e SY Sgcore: Original System Score and identifier.
o LMg.,r.: 5-gram language model trained on English news crawled data of 2015 and 2016.

o R2L..ore: R2L system re-scoring. A system trained on Chinese source and reversed English
target; the system is used to score each hypothesis.

o 27 core : English-to-Chinese system re-scoring. A system trained on English to Chinese is
used to score each hypothesis. .

e STsy : Cross-lingual sentence similarity between source and the hypothesis as described in
Section 3.5.

e R2Lsv: R2L sentence vector similarity: the best hypothesis from the R2L system is com-
pared to each n-best hypothesis and used to generate a sentence similarity score based on
sentence vector as above.

o 274y : Back Composition sentence vector similarity. A round trip translation is done for
each n-best hypothesis to translate it back to Chinese. Then we use sentence vector similarity
to measure the similarity between the original source and the recomposed source.
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-xperimental Results
ation results on the WM

SystemID Settings BLEU
Sogou WMT 2017 best result [42] 26.40
Base Transformer Baseline 24.2
BT +Back Translation 25.57
DL BT + Dual Learning 26.51
DLDN BT + Dual Learning + Deliberation Nets 27.40
DLDN2 DLDN without first decoder reranking 27.20
DLDN3 BT+ Dual Learning + R2L sampling 26.88
DLDNA4 BT+ Dual Learning + Bi-NMT 27.16
AR BT + Agreement Regularization 26.91
ARJT BT + Agreement Regularization + Joint Training 27.38
ARJT?2 ARJT + dropout=0.1 27.19
ARJT3 ARJT + dropout=0.05 27.07
ARJT4 ARJT + dropout=0.01 26.98

2017



Data Selections Experiments

SystemlID Settings BLEU
Base Transformer Baseline 24.2
BT +Back Translation 25.57
Base8K BT + 8K dyy 26.13
CED1 Base8K + 35M CED -+ dropout=0.1 26.68
CED2 BaseS8K + 50M CED -+ dropout—0.1 26.61
SV1 Base8K + 35M + dropout=0.1 27.60
SV2 Base8K + 50M + dropout=0.1 27.45
SV3 BaseS8K + 35M + dropout—0.2 27.67
SV4 Base8K + 50M -+ dropout=0.2 27.49

Table 2: Evaluation Data selection results on the WMT 2017 Chinese-English test set



Systems Combination

SystemID Settings BLEU
Combo-1 SV1, SV2, SV3 27.84
Combo-2 DLDN2, DLDN3, DLDN4 27.92
Combo-3 ARJT2, ARJT3, ARJT4 + 3 identical systems with different initialization 27.82
Combo-4 SVI1, SV2, SV3, ARJT1, ARJT2, ARJT3, DLDN2, DLDN3, DLDN4 28.46
Combo-5 SVI1, SV2, SV3, ARJT2, DLDN2, DLDN4 28.32
Combo-6 SV1, SV2, SV4, ARJT2, ARJT3, ARJT4, DLDN2, DLDN3, DLDN4 28.42

Table 3: System combination results on the WMT 2017 Chinese-English test set



NMT Research Challenges

« The recent progress in Sequence-to-Sequence modeling from the whole research community has paved

the road for this achievement.

«  We have introduced a number of approaches that helped in reaching human parity for Chinese to English

news translation.

« Many research areas worth investigating:

« OOV/rare word problem and Named Entities

« Low resource languages

« Domain/topic adaptation

« Document-level context translation

« Multi-modality: text, speech, video, emotions, gaze, gender, context

« Additional neural infrastructures (i.e.: Fusion of Transformer, RNN and CNN.)
« Modeling better reasoning and language understanding during translation.



Human Evaluation




Detining Human Parity

Direct, equivalence-based definition

If a bilingual human judges the qguality of a candidate translation
produced by a human to be equivalent to one produced by a
machine, then the machine has achieved human parity.

But... hard to determine “equivalence” of translation quality



Detining Human Parity

Indirect, difference-based definition

If there (s no statistically significant difference between human quality
scores for a test set of candidate translations from a machine
translation system and the scores for the corresponding human
translations then the machine has achieved human parity

Given a reliable scoring metric, we can measure this!



Detining Human Parity

From
(Human == Machine) 2 Human Parity

[0
-(Human <> Machine) - Human Parity



Detining Human Parity

Assumptions

1. Possible to measure MT quality using sampled test sets
2. Possible to measure MT quality using aggregated segment scores
3. Reliable scoring metric exists

Notes

« No claim of superiority!
« Translation not necessarily error-free
Results valid on chosen test set only



Why not use BLEU?

Automatic metrics

« Use BLEU with high quality references?
« Quality issues with original WMT reference

« C(Created two new references:
PE = post-edited / crowd-sourced
HT = human translation from scratch

Reference bias
« Online-B-17107?

Conclusions

« Thereis no "human BLEU score”
« Use source-based, human evaluation

BLEU scores against HT, PE, WMT references

Combo-6

Combo-5

Combo-4

Sogou

Online-A-1710

Online-B-1710

0

10 20

HT BmPE mWMIT

QU

40



Measuring Human Parity

Requirements

Reliable scoring metric: direct assessment (DA), following state-of-the-art WMT17
Modified to use source-based evaluation, following IWSLT17
Enforced full overlap for all systems, with triple annotator redundancy per segment

Fvaluation design

Regular evaluation campaigns over time (difference to WMT evals, which are static)
Final evaluation campaign based on 3x Subset-1, Subset-2, Subset-3, and Subset-4
Collected similar amount of annotations as for WMT17 - large-scale, reliable eval!
Covering nearly half of the WMT17 test set



Dlrect assessment

o s I
Assngns absolute score relative to

tl’anS|athﬂ hlﬂt n Segment #158 de—en
« |n our case, relative to source text
« Each task contains 100 items

It had not been much fun then and it was not much fun now.

Reference

It was not a very fun game, and it was also not very funny.

— Canddate transiation

Reliable scores

. — How accurately does the above candidate text convey the ofiginal semantics of the reference text? Slider ranges from Not 2 all (left) o
« Embedded quality control data | | | |

Perfectly (nght)
« Monitor annotator reliability
« Enforced segment overlap



Campaigns

Timeline

» Regular monthly evaluation campaigns
 Final round of evaluation campaigns in February/March 2018

Scale

« 9 systems under investigation, including 3 research candidates
15 annotators per subset, 6 subsets

20 tasks per subset, 3 redundant annotators per task

4,200 data points per subset (excluding quality controls)
25,200 data points across all subsets



Project Babel: Monthly evaluations

Rank Rank Rank Rank
November 2017 group December 2017 group January 2018 group February2018 group
Pactera humantranslation 1 Unbabel post-edited 1 Unbabel post-edited 1 Pactera humantrans 1
Unbabel post-edited 1 Pactera human translation 1 Pactera humantrans 2 Unbabel post-edited 1
Sogou Knowing NMT ) Dual Learning TF/Transformer 2 MSR Redmond 20180112 3 MSRA ML 20180212 2
MSR 20171012 research 3 Transformer+R2L 2 MSRA NLC 20180108 3 MSR Redmond 20180212 2
Online-A-1710 A Karnak/Transformer 2 Sogou Knowing NMT 4 MSRA NLC 20180211 3
Online-B.1710 A Sogou Knowing NMT 3 MSRA ML 20180111 4 Sogou Knowing NMT 4
Dual Learning Karnak/NMT 3 Online-A-1710 4 newstest 2017 reference 4
TF/Transformer 4 Online-B-1710 5 Online-A-1710 5
Transformer+R2L+BackTrans 4 Online-B-1710 5
Online-B-1710 5
Online-A-1710 6

Evaluation against fixed-points: Two human
translations, online MT systems, and Sogou

Sogou is winner of WMT2017 competition
Evaluating various research systems (italics)



Result clusters

abular representation

 Clustering boils down to pairwise
differences and their significance

« Clusters based on number of
significant wins against all lower
ranked systems

« Systems within same cluster are
considered indistinguishable

« Wilcoxon rank sum test

Rank Z score Rscore System ID

1 0.237 69.0 Combo-6
0.220 68.5 Reference-HT
0.216 68.9 Combo-5
0.211 68.6 Combo-4
0.141 67.3 Reference-PE

2 -0.094 62.3 Sogou
-0.115 62.1 Reference-WMT

3 -0.398 56.0 Online-A-1710
-0.468 54.1 Online-B-1710




Visualising Human Parity

From
Result clusters for all systems

o
Pairwise density representation



Combo-6 vs Sogou

Score distributions for zho to eng in BabelEval5 2 ALL

= COmMbO-6 density (n=1629)
== = Combo-6 mean (68.96)
e Sogou density (n=1629)
~ ~ Sogou mean (62.33)
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Combo-6 vs WMT
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Combo-6vs PE

Score distributions for zho to eng in BabelEval5 2 ALL
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Combo-6vs HT
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Combo-6vs HT

Score distributions for zho to eng in BabelEval5 2 ALL

~ = Combo-6 mean (68.96)
w HT density (n=1629)
HT mean (68.55)

j
w— Combo-6 density (n=1629) !
]

|

Human Parity!

0 20 40 60 80 100
Score



Where do we go from here?
Open data

Released all data, including new reference translations - fostering future research
https://github.com/MicrosoftTranslator/Translator-HumanParityData

Improved quality

Extend human parity to consider contextual information
Measure quality against human certification levels

Challenging future

First step on trajectory towards human parity for machine translation
New languages, domains, architectures



Dlrect assessment

o s I
Assngns absolute score relative to

tl’anS|athﬂ hlﬂt n Segment #158 de—en
« |n our case, relative to source text
« Each task contains 100 items

It had not been much fun then and it was not much fun now.

Reference

It was not a very fun game, and it was also not very funny.

— Canddate transiation

Reliable scores

. — How accurately does the above candidate text convey the ofiginal semantics of the reference text? Slider ranges from Not 2 all (left) o
« Embedded quality control data | | | |

Perfectly (nght)
« Monitor annotator reliability
« Enforced segment overlap



