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Workflow used in our experiments.
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Variation of ensemble performance with increasing

MODEL 1 MODEL N-1 MODEL N e . .
© O/ 0.72 number of initial base predictors (C. remanei)
L. - 34.2 36.5 40.9 44.2 90-1 54 99-3 58.5 58.3 60.3
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performance and interpretability

ENSEMBLE (Stanescu and Pandey, PSB 2017)
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IDEA: A novel ensemble selection approach based on reinforcement learning, which provides a X 064 | / _ Eﬁ.s.t;asse?nmﬁ;rs(ca:ﬁg{) o
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can be selected into an ensemble.  Ensemble diversity, measured appropriately, 0.62 | / RL_backtrack (auESC=0.544, £=0.1)
can be incorporated to help the RL-based II ! — RL_diversity_cosine (auESC=0.657, £20.1)
framework build even more accurate and 0.60 | - N Laiversitlocrrsiator, IALESGS0 84, £20
REINFORCEMENT LEARNING (RL) FOR ENSEMBLE SELECTION (ES)  parsimonious ensembles, at nearly only 30 - R dversiy e (UESC=0.84, 01
40% of the complete ensemble size. 0.58 | — - Rb_diversily_kagpn (auk-SC=0647, £20.00)
Reinforcement Learning RL Strategies for ES (Stanescu and Pandey, arXiv 2018) e
. Possible actions Balance bgtwegn ensemble performance and diversity: |
* no diversity =2 no improvement 20 40 60 80 100 120 140 160 180
A g  too much diversity = low performing ensemble Number of initial base predictors
§;) —> We have designed several search strategies focused on: | o, gy | 2UESC Sizg@—ggtm Sigfzaoti" Sig;gaotm peréggtm pe(g;;)tm peg;gaotm
Il @ @ * performance RL_greedy| 0.647 0.761 0.676 0.618 0.993 0.998 0.999
Slanescu and Fancen ERE S RL_pessimistic| 0.647 | 0.497 0.292 0.195 0.999 0.987 0.998
“ diversity RL_backtrack] 0.545 | 0115 | 0.069 | 0.036 0.818 0.853 0.803
RL_diversity cosine| 0.657 0.418 0.368 0.335 1.010 1.012 1.012
RL_diversity euclidean| 0.650 0.389 0.358 0.326 0.990 0.998 1.008
*_Explore RL_diversity correlation| 0.654 0.456 0.357 0.316 0.996 1.011 1.008
@ RL_diversity yule| 0.648 0.772 0.642 0.647 0.994 0.998 0.995
RL_diversity kappa| 0.647 0.995 0.995 0.996 0.995 0.995 0.996

Statistics for the performance of RL-selected ensemble shown above. The ratios of the sizes and performances (perf) of the ensembles produced by
the various RL algorithms to those of the Full Ensemble (auESC=0.652) are shown at representative initial base predictor set sizes of 60, 120, and 180.
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