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Metric Learning on Distributions & Elements
with supervised Optimal Transport

pip install ggml-ot

Applications

Distance Measure between Distributions based on the
cost of an optimal mapping (Transport Plan)

& Optimal Transport (OT)

+ Source samples
x  Target samples

+ Source samples
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W(X,Y) =

Ground Metric (or cost)

« critically influences Optimal Transport
« usually pre-defined (e.g. Euclidean, cosine)
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Motivation
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Global Ground Metric Learning (GGML)

Learn Global Metric as Ground Metric based on Distribution classes

Global Metric Learning

Learn metric between labeled elements

DX Single-cell RNA-seq
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Elements with classes
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Parameterized Metric
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Distributions with classes
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unrelated biological
processes & fluctuations

T—> disease-related processes

Relative Relationships
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Ground Metric Learning

Limitations of existing approaches
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Loss Function (Biconvex Optimization)
Lapn(0.X,T) =) La(0,X,t)+ AR(0)

.tef learn to separate Relative
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Biological Interpretability

Enriched Biological Processes in Gene Subspace 177%

cardiac muscle cell differentiation

cardiocyte differentiation
circulatory system development

Hyperparameters | ( mMahalanobis Distance in GGML
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cardiac muscle tissue development
heart development

low-dim. subspace

underlying class relations
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learn projection into linear subspace as @

striated muscle tissue development

striated muscle cell differentiation
cardiac muscle cell development

dar (@, ;) = /(@i — @) T M (2; — ;)
= HVIVfBz' — Wa,|

cardiac cell development
muscle cell differentiation
muscle tissue development
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transmembrane transporter activity
Cardiac muscle contraction
Striated Muscle Contraction

Myocard. Infarct

muscle cell development
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Striated muscle contraction pathway
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Euclidean W, Feature
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KNN Classification
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Relation to Cell types
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Disease

Cell type

Euclidean d2 is used in computational genomics to define celltypes.
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