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EN After Caesar's death, he joined the party of Cassius,
who sent him to plunder Tarsus.

FR Apres la mort du dictateur il est accusé par Cassius de
contre Rome; il est mis a mort par la suite.

After the death of the dictator he is accused by Cassius of
conspiring against Rome; he was subsequently put to death.
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Cross-lingual Semantic Divergences:
Definition

Parallel sentences where source and target

v matter for NMT
v can be fixed for NMT

v arise during translation
v are detected at phrase-level with supervision
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PREDICTION CHALLENGES

— divergences vary in their granularity
— annotation is expensive & hard fo scale
— without supervision
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Parallel corpus: WikiMatrix__ -
&

rationales \ without expert kn@

2 divergent classes

v/ improve annotation of divergences

v/’ are surprisingly frequent @

v/ improve detection of divergences —— —
by
divergences of

synthetic




Annotating cross-lingual semantic
divergences

Annotation Protocol

Goal: encourage
annotators sensitivity
to subtle meaning
differences



Annotating cross-lingual semantic
divergences

— T~ N

Annotation Protocol ationalized
Goal: encourage nglish
annotators sensitivity nch

to subtle meaning emantic

differences ,
ivergences



: Our annotation Protocol
-

P SN

Given an English-French WikiMatrix sentence-pair

She made a courtesy call to the Hawaiian Islands.

Il fait une escale aux Tles Hawa’l.



REFRESD: Our annotation Protocol

Given an English-French WikiMatrix sentence-pair

— to the Hawaiian Islands.
fiFait ine'eseale aux fles Hawai.

A. highlight spans that differ in meaning



: Our annotation Protocol
-

e

Given an English-French WikiMatrix sentence-pair

She made a courtesy call to the Hawaiian Islands.

I| fait une escale aux iles Hawal.

A. highlight spans that differ in meani



: Our annotation Protocol
-

e

Given an English-French WikiMatrix sentence-pair

She made a courtesy call to the Hawaiian Islands.

I| fait une escale aux iles Hawal.

A. highlight spans that differ in meani

B. make sentence-level judgment



REFRESD: Our annotation Protocol

2

Given an English-French WikiMatrix sentence-pair

— to the Hawaiian Islands.
A Faif R ESEale aux les Hawai.

(| rationales )

A. highlight spans that differ in meaning

B. make sentence-level judgment TV —————




REFRESD: Our annotation Protocol

2
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: Annotation findings

> Rationales improve annotator agreement

Krippendorfs o: 0.60

> Semantic divergences are frequent in REFRESD

Unrelated
Some meaning difference
36% No meaning difference
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Predicting semantic divergences:
Challenges

She made a courtesy call to the Hawaiian Islands.

INPUT . A i
Il fait une escale aux iles Hawal.

OUTPUT EQUIVALENCE VS. DIVERGENCE

v no human-annotated training data
v/ divergences can be fine-grained
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Divergent mBERT: Learning to rank
contrastive pairs

max {0, — F(x)— F(y)}

is more fine grained than vy
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Learning to rank contrastive divergences:
Divergence ranking

Rank contrastive divergences of increasing granularity

Seed equivalent >

> Phrase Replacement

> Subtree deletion
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Binary divergence detection: Divergent

MBERT outperforms LASER
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Binary divergence detection: Divergence
Ranking performs best across metrics
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