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What are peculiar objects ?
Spectroscopic data (Gaia-ESO, RAVE, Galah)
“Unbiased sample” ⇒ peculiar stars + observational & reduction
artefacts (cosmic rays, weird continuum shapes, ...)
Plethora of peculiarities: emission stars, chromospherically active stars,
multiple systems, ...
Peculiarity and unexpected issues ⇒ imprint on observational data!
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How to handle them ?
People (astronomers) are visual beings ⇒ visual analytics
Analytical reasoning facilitated by interactive visual interfaces

General unbiased discovery tool: t–SNE manifold learner
(t–distributed Stochastic Neighbour Embedding)

Laurens Van Der Matten ⇒ Gal Matijevič (RAVE) ⇒ Gaia-ESO, Galah
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Clustering - dimensionality reduction
“Essentially, all models are wrong but some are useful”

George E.P. Box

High dimensional (pixel) space A ⇒ low dimensional space B
Dim. reduction ⇒ information loss
Preserve important information ⇒ intrinsic dimensionality of the
spectra (Teff, elemental abundances, chromospheric emission, etc.)
Projection should retain structure of some low-D manifold on which
our datapoints lie
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MNIST database of 6000 handwritten digits
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Math of t-distributed Stochastic Neighbour Embedding

t-SNE objective: minimize divergence between distributions Pi and Qi of
pairwise similarities in A and B

1 Euclidean distances in original space A ⇒ pairwise similarities (pj |i )

pj |i =
exp(−‖ai − aj‖2/2σ2

i )∑
k 6=i exp(−‖ai − ak‖2/2σ2

i )
, pi |i = 0, pij =

pj |i + pi |j
2N

σi → Pi , Perp(Pi ) = 2H(Pi ), H(Pi ) = −
∑

j

pj |i log2 pj |i

2 Pairwise similarities in projection space B with heavy-tailed Student-t

qij =
(1+ ‖bi − bj‖2)−1

∑
k 6=l (1+ ‖bk − bl‖2)−1

3 Minimize the Kullback-Leibler divergence between the two distributions

C = KL(P‖Q) =
∑

i

∑

j

pij log
pij

qij
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Math of t-distributed Stochastic Neighbour Embedding

∂C
∂bi

= 4
∑

j

(pij − qij)(bi − bj)(1+ ‖bi − bj‖2)−1
GRADIENT:

Figure : x: ‖ai − aj‖, y: ‖bi − bj‖, positive gradient: attraction

t-SNE advantage:
1 model dissimilar datapoints with large pairwise distances
2 model similar datapoints with small pairwise distances
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Summary

Visualisation/discovery/diagnostic tool ⇒ t–SNE Explorer
Detect outliers / homogenous groups
Focus on special objects of interest / general overview and
classification
Any kind of survey / input dataset – RAVE, Gaia-ESO, Galah (Traven
et al. 2017), Kepler (Kochoska et al. 2017), ...
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