Lens Discovery in the Era of Wide-area Surveys
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Summary Higher purity can be achieved through combining multiple strong lens classifiers
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2.1dentify and test a methodology to combine multiple strong
lens classifiers, aiming to maximise purity without
significant compromises on completeness.

What's our method?

Fig 3: Classifier Output Distribution We tirst produced a mapping from classitier output to calibrated

+ Ungraded : " PR T L probability. We took the distribution of grade A+B candidates

B-Grade Candidate T TR A (considered true lenses) as a function of classifier output ranking
. AGrade Candidate A W (hereafter ‘grade distribution’) and applied the following procedures
to determine this mapping for each classifier, show in Figure 1:
Isotonic regression (fitting a monotonically increasing curve to the
grade distribution), variable bin fitting (akin to a moving average, but
with a fixed number of lenses per bin), and the Kul/lback-Leibler
Importance Estimation Procedure (KLIEP, Sugiyama 2008, a form of
Gaussian mixture model). These calibration mappings are validated in
Figure 2.
We combined the calibrated outputs to maximise the purity of the
resultant sample. We first used a generalised mean of the

1/a
form: P(p;, a) = (l N pl“) where p; denotes the calibrated

We can calibrate strong-lens classifiers to produce
accurate probabilities a given object is a lens

Fig 1a: Calibration Mapping (Citizen Science) 100 Fig 1b: Calibration Mapping (Neural Network)
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N ™ LogiNeural Network Outout) - - ° outputs from the 11\(1 different classifiers, and « is a tuneable parameter.
There are a significant number of objects for which the two classifiers disagree, a = 1 corresponds to the usual geometric mean, while @ — Foo
R~ S R s — 103 — suggesting there is scope for an ensemble classifier which can find the ‘best of both correspond to Max({p;, ..., px}) and Min({p;, ..., px}). We also trialled
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P e S [ detailed in Pirs & Strumbelj (2019). The results of the best performing
) sotonic Regression = otonic Regresion What data are we USil"lg? methods are shown in Figure 5.
< < s - To develop and test our method, we use outputs from two strong lens classitfiers on
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We calibrate the classifiers via the mappings above (top row), then validate this calibration on a as a ‘ground-truth’, to determine the performance of each classitier. Figure 3 shows 5 gvxgagr;a = ATINAIS O THE HISLTHLE OF Statstedl Matemates,
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