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Summary Approach

e A direct optimization approach to cross-lingual word The Gromov-Wasserstein Distance Desirable properties

embedding alignment

e The Gromov-Wasserstein distance is well-suited for this task
because it:

e Generalizes OT to the non-registered case e Simple, compact, stable objective, few hyperparameters

e Main idea: compare distances instead of absolute positions o Fgor L(a,b) =|a—Db|, GW: is 3 (proper) distance [4]

e Relies on relational rather than positional similarities across spaces Optimization

e Applies to embeddings of different algorithms and dimensionality too!

e Non-convex problem (even with entropic regularization!)

e Unsupervised objective strongly predictive of final accuracy

e Naive solution requires storing 4th order tensor Ly ;i 1

Compare distance

matrices

o Yet, solved efficiently by projected gradient descent [5]

Motivation e Projections given by Sinkhorn-Knopp algorithm

o Algo make provable improvement ( # adversarial methods)

cost of matching X(i)to y(j) and X(k) to y(l) —
For very large problems, we propose a two step approach:

e Many tasks in NLP rely on learning cross-domain | o

E(d(x(i>, X(i))) | d(x“), X(@)))

e The objective:

correspondences ® Learn coupling " on a subset of points

. . U do-matches f " to | th | jecti
e Parallel data not always available = unsupervised methods @® Use pseudo-matches from | to learn orthogonal projection

e Word-word translation (bilingual lexical induction)- a simple, , ,
reIlI[l(lg)l,q) ijZkl »C(Cﬂo jl) rij [

GW(C> C/> P, Q) —

Inputs: Embeddings X, Y and probability vectors p, q, regularization parameter A.
Cs ¢ cos(X, X), Ci ¢ cos(Y,Y)
Cyt — C2p1], + 1oq(CH)T
while not converged do

Cr « Cq — 2C,IC{
K — exp{—Cr/A}

but important litmus test
> Compute intra-language similarities

e Recent fully unsupervised methods perform on par with

supervised counterparts [1, 2]

Aligning Embedding Spaces with GW

Optimal GW Coupling

: - : > Compute pseudo-cost matrix
e ... but adversarial training is slow and often unstable PP
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e Pairwise costs: Cij = C(xW yU)y.
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Previous applications: S ration
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e Word Mover's Distance [Kusner et al., 2015]: sentence similarity (a) B Fr 15K ds A — 5.10-4
N —FR, words, A = 5 -

® In Word Embedding Alignment [3]

e Objective closely follows the metric of interest (accuracy, @ Related languages lead to faster optimization

e [reat embeddings as support points of discrete distribution

Cy = C(WiEN>W]ES) = d(v*N (Wi)>VES(Wj))

not available during training) e Regularization A trades-off speed vs accuracy

Translation Accuracy Results
e TL;DR: Comparable with SOTA

e But this assumes the two spaces are registered

e Not true in general for word embeddings!

The GW Linguistic Distance

A

ES e significantly (order of magnitude) faster than adversarial approaches
Gromov-Wasserstein Distances
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Dataset of Dinu et al. [6]: o Recall: GW problem induces a (true) metric
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