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Overview of the proposed approach for algorithm selection

setting for the given input X to
predict Y with a parameter of 6 with

D, distribution as follows. Experiment Results

P(y,0|x) = P(y|z,0)P(0)

Performance Comparison Simple Random Sampling vs RSS

Final Evaluation on 25% hold-out data

- m B 10 100 1000 Dynamic Stratified
A I O rl t h m S e I e Ct I o n Sampling Method Eval. Method R?t RMSE| R?t RMSE| R?t RMSE| R?t RMSE|
Average Random Sampling Metric 0.8425+0.012 9.6812 4+ 0.359 | 0.8425+0.012 9.6812 4+ 0.3590 | 0.8425+0.012 9.6812 +0.359 | 0.8425+0.012 9.6812 4+ 0.359
PDF Sampling (our) PDF Energy (our) | 0.8183 +0.024 9.5147 +0.356 | 0.8455 +0.016 9.5432+0.363 | 0.8468 £0.01 9.6453 +£0.332 | 0.8254 £0.036 9.6757 £0.87

Total Number of Champions Metric 3 3 4 4 5 5 5 5

(Top rank across 14 possible datasets) Equal Results 2 2 0 0 1 1 1 1

Our hypothesis in this study to be iy on |5 9 L L ; ; ; s
tested is:

R* Performance comparison (KL vs PDF)

PDF(f(X?)) ~ PDF(f(X)) if PDF(P) m PDF(Y) | . foermesmmmmen s e . .
M?° = argmin(A(L;(D)))

1=I[1,..,n]
MP = argmin (A(L;(D?F)))

1=[1,..,n]

L = PDF(f(X?)) — PDF(f(X))

R? score of AutoML evaluation across 31 datasets

PDF Energy Metric

Time (s) Baseline MLJAR FLAML AutoSKLearn H20 TPOT AutoGluon RSS (our)
30 0.7601 = 0.28 0.7662 +0.28 0.8069 +0.21 0.6607 =035 0.7885 +0.22 0.6597 & 0.33 0.7047 £0.32  0.8222 + 0.21
R 60 0.7663 + 027 0.7764 +£027 0.8152+02 0.7179 £03 0.8004 +0.21 0.689 +032 0.7341 £0.3  0.8239 + 0.2
. ID)(yi) ,Bz < Y < ,8i+1 120 0.7629 + 028 0.7691 =028 0.8177 02  0.7518 £ 027 0.8039 +0.22 0.7506 = 0.27 0.7751 £0.27 0.8242 + 0.2
S(yz') — A A 5 180 0.7598 + 028 0.7365 + 028 0.819 +0.2 0.7819 + 024 0.8054 £ 022 0.7618 £0.26 0.777 £0.27  0.8243 + 0.2
—D(yz‘) % | |,Bz — /Bz | | v < 52 or y;, > /Bz'—l-l 300 0.761 £ 028 0.7277+028 0.8217+02 07923 +023 0.8131 +£021 0.7748 +0.25 07716 +0.28 0.8262 + 0.2
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Experimental Setup
We utilized a tabular AutoML

benchmark [2] and defined two sets Diversity of Algorithm Selection (left: KL vs right: RSS)
of sub-benchmarks: #1 consists of
31 datasets, and #2 includes 14 real- )

world datasets for regression tasks.

AutoML # of Choices o 2 et N\ X\ (475 Vol \\ ) i\
MLIJAR 10
AutoGuon 6

H20 5 categories includes 14 algorithms -

Auto-Scikit Learn 15 IE-I CO“CIUSIO“

TPOT 6 s .

FLAML 6 (w/ hyperparameters) Utilizing PDF in tabular AutoML for
Baseline+RSS (Our) 14 optimized algorithm selection is beneficial.
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