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Summary Test Power Lower Bound Distinguishing Pos. & Neg. Emotions
e Have: Two collections drawn from two unknown distributions. Proposition. The power PHl(in > T,) of the ME test is at least e Task: distinguish positive and negative facial expressions.
e Goal: Learn distinguishing features indicating how they differ. 2 g od = 48 x 34 = 1632 pixels. Use raw pixels. One feature (J = 1).
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e How: .I\/IaX|m|ze a lower bound on test power for a two-sample L(A,) =1— 90~ C(hi=Ta)/n _ o, e _ g - % | — ,,
test using these features. CRECEE T S — T —,
¢ Our methods are both: For large n, L(A,) is increasing in A,,. e MW Y oe (A A -
1. Understandable spatial and frequency feature extractors. e A, is the population counterpart of A,. Constants: ¢3,&,...,¢4 > 0. | ’
2. Linear-time, nonparametric, con.sist:ent, two-sample tests. Proposal: Optimize V, ¢ = arg maxy ¢ L(A,) = arg maxy. g A,. BN ME-opt SCF-grid
(Power matches the quadratic-time MMD test). e Key: Parameters chosen to maximize the test power lower bound. g";;gr'i — mmg Iquad
e Applications: 1. Differentiate positive/negative emotions. e Use a separate training set to estimate A,,. — op n
2. Distinguish articles from different categories. T 1.0
Informative Features -05
ME and SCF Tests 2 . . 2
e Contour plot of A, as a function of vy when J = 2. v; fixed at A. S 0.0— :
, , - Vo > A (v, V) ) Vo o A (v, V) ) "4 VS, + + VS. -
e Observe X := {x;}" ; ~ Pand Y :={y;}); ~ Qin R‘f. e S T lies o P N([0,0],T) vs. Learned feature
eTest Hy: P=Q v.s. Hy : P # Q. Calculate a statistic A,,, and A 20 | 1100 | ceptimee i | |[es O N([1,0],1). o ME-full, SCF-full achieves high test power.
reject H If )Ln > T, = (1 — OC)—quantiIe of the null distribution. 28 %2(2) oA, IS h|gh In the regions e ME-full learned an informative feature.
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Mean Embedding (ME) Test: e P oo x| B38 that reveal the difference. o o _
R T e Nonconvexity indicates many informative ways to detect the differences. Dlstlngwshlng NIPS Articles
Test statistic: A, .= nw, (S, + YI) " 'W,
. . Task: distinguish two categories of NIPS papers (1988-2015).
e J spatial features (test locations): V = {vq,..., Vv t. : ° _
Patie ( . ) Vi Vi Test Power vs. Sample Size e Stemmed d = 2000 nouns. TF-IDF representation. J = 1.
e Regularizer y,. Gaussian kernel k.
- - . : . > 10 Blobs ¢ data Sample from P. 10 Blobs data Sample from Q. 10—
o Witness fanctlon. WltHGSS(.V) o X[kG( ;] Y[kG(Y7 V)] Broblem | P 0 | ';.:;'f:"m wu #m f‘n. | .l ,.e-: --rgsg ga g;g;_.{ | T Bl ME-opt 7 SCF-grid
ow, = (witness(vy),...,witness(v ])) c R’ . R e 5 0.5 |23 ME-grid EEE MMD-quad
~ - GVD  N(04la)  N(0g,diag(2,1,...,1)) i | . e e S 2 B = scropt MMD-
* (Sn)ij — COYX[k(Xa Vi)v k(Xv Vj)- T COVy [k(Y7 Vz)v k(Y? Vj)]' Blobs | Mixture of 16 Gaussians in R?. See — -5:._ ’?’}* ”:u ;ﬁ ; — ,&%z’s“"‘ | 2 0.0 — 0 — k (0 P ' i
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o I :X .I\/E-fU!l, SCF—]CU” — Proposed mEthOFIS. FU” optlmlzatlon. J = b. .ME—fU”: hlgh Dowers Comparable to |\/||\/|D—quad, bUt faster.
— aw /\ ; - e ME-grid, SCF-grid = Random V. Grid search for o R
— iv;t(rijss W1/ N ! ° I\/'I\/ID—quad, MMD-lin = Quadratic and linear-time MMD tests. Learned documents by ME-full show dlstlngwshlng keywords.
: 10 | | | 1o | | o Bayes-Deep: infer, Bayes, Monte Carlo, adaptor, motif, haplotype, ECG
| ' ' : —e ME-full
-6 -4 =2 0 2 y* 4 6 -6 0.8 o8l o~ 1 1 een ME-gurid ® Bayes-Neuro: spike, Markov, cortex, dropout, recurrent, iii, Gibbs, basin
Y Y 3 %O.G 20-6— * || SCRAull e Learn-Neuro: policy, interconnect, hardware, decay, histolog, EDG, period
Smooth Characteristic Function (SCF) Test: = B g o ~-+ SCF-grid
e . X X Ml e™ | ~— MMD-quad
Characteristic functions p(w), g(w) Smoothed characteristic functions 0.2077 .-*"" L eeemm 0.2} . ! | & MMD-lin
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: / GVD. 50 dimensions. Blobs. Contact: wittawat@gatsby.ucl.ac.uk
-4-3-2-10 1 2 3 4 -4-3-2-10 1 2 3 4 e GVD: Best performance by ME-full. Spatial differences. Code: github.com/wittawatj/interpretable-test

e Difference of smoothed (by /) characteristic functions. e Blobs: Best performance by SCF-full. Frequency differences. raper: http://arxiv.org/abs/1605.06796



