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Abstract

Recent years have witnessed increasing attentions on two-sample test with diverse
real applications, while this work takes one more step on the exploration of local
significant differences for two-sample test. We propose the ME.pip, an effective
test for two-sample testing, and the basic idea is to exploit local information by
multiple Mahalanobis kernels and introduce bi-directional hypothesis for testing.
On the exploration of local significant differences, we first partition the embedding
space into several rectangle regions via a new splitting criterion, which is relevant to
test power and data correlation. We then explore local significant differences based
on our bi-directional masked p-value together with the MEy;,gip test. Theoretically,
we present the asymptotic distribution and lower bounds of test power for our
ME,sip test, and control the familywise error rate on the exploration of local
significant differences. We finally conduct extensive experiments to validate the
effectiveness of our proposed methods on two-sample test and the exploration of
local significant differences.

1 Introduction

Two-sample test has attracted much attention with diverse applications such as cancer detection [1],
distribution-shift detection [2], generative modeling [3, 4], etc. The basic problem is to assess
whether two i.i.d. samples are drawn from the same distribution. Various kernel-based methods have
been developed for two-sample test such as Maximum Mean Discrepancy (MMD) [5-8] and Mean
Embedding (ME) [9-11]. Another relevant approach is to construct a binary classifier and assess two
samples according to classification performance [12-20]. For an overview of two-sample test, we
refer to a survey [21, and references therein].

In many real applications, however, it is necessary to take one more step to explore and understand
local significant differences, rather than only two-sample test. For example, a scientific problem in
galaxy morphology is to identify some local regions of significant differences between two kinds of
galaxies, which is important to discover galaxy formation and evolution history [22]. On the analysis
of mass cytometry data in cell biology, researchers are always interested in finding local regions of
significantly different abundance between disease and healthy samples [23].

Several attempts have been made to explore local significant differences in the past years. A feasible
solution is to partition space into several regions, and identify significantly different regions according
to their cardinalities of samples [24-27]. Another relevant work is to identify local significant
differences by estimating kernel densities [28, 29] and conditional probabilities [30]. Generally, it
is not easy to deal with complex data by simply counting cardinalities of samples, regardless of
data intrinsic correlations, and it is also difficult to make accurate estimation of kernel densities and
conditional probabilities without sufficient data, especially for many regions with finite samples.
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Figure 1: An illustration of different contours of Mahalnobis and Gaussian kernels for two-sample test.

This work presents a new two-sample test from local and directional information, and further explore
local significant differences. The main contributions can be summarized as follows:

o We propose the effective MEy,pip test for two-sample testing, and the basic idea is to exploit
local information by multiple Mahalanobis kernels and introduce bi-directional hypothesis
for testing. Intuitively, Mahalanobis kernels are more flexible to exploit local differences
from neighborhoods and feature maps, and the bi-directional hypothesis is beneficial to
improve the sensitivity of two-sample test with proper parameter adaptation.

e We partition the embedding space into several rectangle regions based on a new splitting
criterion, which is relevant to test power and data correlation. We introduce the bi-directional
masked p-value for each rectangle region, and finally explore local regions with significant
difference based on our bi-directional masked p-value together with the MEyupip test.

e We present theoretical guarantees for our MEy,pip test via the asymptotic distribution, as
well as the lower bounds on the test power for our test. We also present the upper bounds on
familywise error rate for our exploration of local significant differences.

e We conduct extensive experiments to validate the effectiveness and efficiency of our methods.
Specifically, our methods achieve better performance on most datasets for two-sample test
and exploring local significant differences, along with comparable or smaller running time.

The rest of this work is organized as follows: Section 2 presents our MEy,gip test. Section 3 explores
local significant differences. Section 4 conducts extensive experiments, and Section 5 concludes with
future work. All technical proofs are given in Appendix A.

2  Our MEygip Test for Two-Sample Testing

Let P and Q denote two (unknown) Borel probability measures over an instance space X C R?, and
X ={x;}2; and Y = {y;}7_, are two i.i.d. samples from P and Q, respectively. The goal of
two-sample test is to assess whether X and Y are drawn from the same distribution; in other words,
we aim to assess whether P = Q from two samples X and Y.

We introduce some necessary notations used in this work. Write [7] = {1,2,---, 7} for integer
7 > 2, and | A| denotes the cardinality of set A. Let I; be the identity matrix of size d x d. For a vector
a = [a1,az, - ,aq4], denote by sgn(a) = [sgn(ay),sgn(asz), - ,sgn(aq)] with sgn(a;) = a;/|a|
for a; # 0; otherwise, sgn(a;) = 0. Let X% be the X2 distribution with ¢ degree of freedom, as well
as the p-value function x7(-). Denote by x7 , the a-quantile of distribution x7 for o € (0, 1).

Learning multiple Mahalanobis kernels via maximizing test power in training

Following ME test [9, 10], we begin with a set of test locations V = {vy,vs,...,v,} C X to
construct discriminative features. For every v; € V, we introduce a Mahalanobis kernel as follows:

ki(z,v;) = exp (—(z — v;) " Mi(z — v;)/277) for ~; > 0 and positive definite matrix M,. (1)

Here, we propose multiple Mahalanobis kernels for two-sample test, which is motivated from multiple
kernel learning [31, 32] and Mahalanobis distance [33—-35]. The advantage of multiple Mahalanobis
kernels is to exploit intrinsic structures and correlations from different directions and regions, and
adjust geometrical distribution of data so as to enlarge the distance between different samples [36, 37].
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This is different from previous Gaussian kernel x;(x, v;) = exp(— ||z — v;||* /272) [10, 38], which
deals with every direction isotropically without difference. Figure 1 presents an illustration of different
contours of Mahalnobis and Gaussian kernels for two-sample test. As we can see, Mahalanobis
kernels are more flexible to exploit different directional information than Gaussian kernels. Our work
is also different from previous deep kernel approaches [4, 39], which train single one deep neural
network combined with Gaussian kernel for variations in distribution smoothness and shape.

We then embed each element in X = {x;}]", and Y’ = {y;}7_, into an {-dimensional space as

z; = (k1(xs,v1),- - ,H@(Jﬁiﬂ)z))—r and y; = (k1(y;,v1),- - 7/<ag(yj,w))—r, respectively . (2)

Denote by X = {&;}72, and V' = {g, "_ 1. We define the pooled covariance matrix as

m

(@i —cg)(@i—cx)T | =~ Gi—cp)@i—cy)'
PP I 3
XY ; m+n—2 +; m+n—2 t+ela, ®)

where ¢y = >0, @;/mand ey = 377, 9i/n, and €, is introduced to guarantee the positive
definiteness for small constant € > 0. We consider the Hotelling T2 statistic, as in [40—42],

T(X,Y) =mn(cg — CY)TE;(;;(CX —cy)/(m+n). 4)

Test power is the probability of correctly identifying two different samples. Maximizing T(X , f/) is
essentially equivalent to maximizing a lower bound of test power [10, 11], and we learn test locations
and Mahalanobis kernels as follows:

{V, My, - Mg, v1,-+ v} € argmax{T(X,f/)} ) (5)

We take gradient method [43] to solve the above optimization, as done by Jitkrittum et al. [10], and
the details are presented in Appendix B.

We decompose Y ¢ ¢ = LL via the Schur method [44] to remove feature correlations, and it follows

mn mn

T(X,Y) =

(ex —ey) T EgN (e —ep) = L7 ey — Ly |

Hence, T(X , Y) essentially measures the difference between two samples via the Ly-norm of vector
L 'c ¢ — L*ICY. We further exploit their inference direction, defined by

F=sgn(L'cx —L'cy) € {=1,0,+1}". (6)
Bi-directional hypothesis for testing

Let P and Q be the corresponding embedding distributions from the original P and Q, respectively.
Denote by pp = E;, p[@'] and pg = Ey,_5[9’]. We consider the following null hypothesis

H(): /,1,113, = [L@ .
The null hypothesis Hy can be used to test whether P = Q by the following lemma:
Lemma 1. We have pp = Ko iff P = Q, for bounded Mahalanobis kernels {x }§:1 and for test
locations {v; }ﬁzl drawn i.i.d. from a absolutely-continuous distribution w.r.t. Lebesgue measure.

Let X/ = {&/}™ and Y’ = {9] }?/:1 denote two embedding testing samples. We make similar

Schur decomposition X ¢, ¢, = L’L’, and calculate testing statistic T(X',Y") according to Eqn. (4).

Based on Lemma 1, we can present the asymptotic distribution of statistic 7/(X’,Y”) as follows:

Theorem 2. The testing statistic T(X',Y") is almost surely asymptotically distributed as X7 if

P = Q; otherwise, x3(T(X',Y")) — 0as m/n’/(m/ +n’) — oo.

From Theorem 2, we propose the bi-directional hypothesis, by considering inference direction,

. I {)&(’T(X’,Y’)) < ﬁa} for FTL' Y(cg —cy)>0

MXY') = o @)
I [x? (T(X, 7)) < (2— B)a} for FTL'Ycg —ey) <0,
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Figure 2: An illustration of different rejection regions on two samples for our bi-directional hypothesis and
previous non/one-directional hypothesis. Our rejection region can be adaptive according to different datasets.

where « € (0, 1) is the significance level of hypothesis test, and 5 € [1, 2] is an adaptive parameter.

Our bi-directional hypothesis is essentially about designing a rejection region of null hypothesis [45].
How to design an efficient rejection region is an interesting problem from the early work [46],
and some techniques has been developed for selecting rejection regions [47-49]. We consider the
most discriminative directions F' and —F' in our bi-directional hypothesis, which could improve the
sensitivity for two-sample test by selecting appropriate parameters according to different datasets.

Our bi-directional hypothesis can be viewed as a generalization of previous hypotheses, that is,

e By setting 5 = 1, our test has been the non-directional hypothesis [9, 11, 50] regardless of
direction information, which is also referred to as two-sided/tailed hypothesis [49, 51, 52];

e Bysetting 3=2and F = (1,1,---,1) T, our test has become one-directional hypothesis
[53-55], which is also referred to as one-sided/tailed hypothesis [52, 56].

Notice that previous non/one-directional hypotheses fix the structures of rejection region for a given
significance level «, whereas our bi-directional hypothesis could adjust rejection region according to
inference direction F' w.r.t. different datasets, which can be illustrated in Figure 2. Here, we consider
an illustrative dataset, and our bi-directional hypothesis gives the rejection region adaptive to dataset,
which could yield higher test power in two-sample test, as shown in Figure 5 (in Section 4).

We can also present some distribution and probability information for F'T L'~ (c ¢ —Cy,) > 0in
Eqn. (7) Denote by LI@’ Q =F <7 ~opm’ Y’NQW [L/] and f = PI‘[FTL/_l(CX, — C{/,) Z 0] ‘We have

Lemma 3. For inference direction F in Egn. (6) and for embedding samples X" andY', we have
L' Yeg —ep)) ~ N(Lﬁ:ﬁ@(/‘@ — ;LQ),uflIg) and sgn(F"L' ' (cg, —cy.)) ~ TP(E)

withw =m/n'/(m'+n/)and§{ = 1— @(—\/w/ZFTL@Té(u]@,—NQ)). Here, ®(-) is the distribution
Sfunction of standard Gaussian, and TP (£) denotes a distribution over {—1,+1} with probability &
on the selection of +1.

The selection of parameter 3 is highly positive-relevant to the probability £. This is because a larger
& implies larger difference between two samples in the inference direction F', and we should select a
larger S to enlarge the rejection region and improve the sensitivity of dataset. Figure 6 (in Section 4)
shows such positive relevance between the optimal parameter 3 and probability £ empirically.

We finally present theoretical analysis on test power and type-I error of our bi-directional hypothesis.
Let f(x: ni,n2, A) be the density function of noncentral F-distribution with n; and ny degrees
of freedom and non-centrality parameter A, and denote by F},, ,, » the a-quantile of central F'-
distribution with n; and ny degrees of freedom for « € (0, 1). We define the following probability,
from the work of [57],

oo

q(m,ng,)\,a):/ f (x| ny,no, N de. (8)

Frying.a

Theorem 4. For our bi-directional hypothesis h(X',Y"), the test power can be lower bounded by

a(lv =62, 80) €+ (=0 2 pya) /2 = (/02 FTLZL (15 — rg)

a4
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Algorithm 1 Construction of partition tree

Input: Two embeddding samples XandY
Output: Partition tree T’
Initialize: Tree 7" with only a root [0, 1]
1: fort=1,...,s—1do
2:  Randomly select one of the leaf node B of the largest \X N B]

3:  Initialize the best splitting feature j* = 0

4 forj=1,...,/do

5 Calculate the median value in j-th dimension 7; = median{&; ; : ; € X N B}

6 Split two samples Xp and Y into X 5)° Y, B and X B Y, 13- according to 7;

7 Calculate T(XBj, ]) and T(XBJ , ,) based on Eqn (4)

l

8 Updatej* = ] if T(XB;7 B{)T(XBJ7 ) > T( BJ ) B] )T(XBi*’YBz‘*)

9:  end for . .
10:  Update node B with two children B/ and B/ w.r.t the splitting feature j* and position 7;
11: end for

ifFTLI;,@l@“]?’ > FTLI@?}@;LQ; and the test power can also be lower bounded by

a(tv =LA, 2= B)a)(1 =) +1 -0 ((F o) /2 = (@/0)2F L3 L (15 — 11g))

ifFTLI@fy(l@u]p < FTL_(EMQ; and the type-I error rate is equal to o if py = pg. Here, w =
'n'J(m' +n),v=m'+n" —1land A\ = WHLPQ<F"1P> [,LQ)H%
This theorem presents lower bounds on test power, and the performance of the statistical test is

maintained under the general condition. Notice that the type-I error in our hypothesis test is controlled
only by the significant level «, regardless of different £ and S3.

We call our test as MEy,p;p test because of multiple Mahalanobis kernels in training and our bi-
directional hypothesis in testing.

3 Explore Local Significant Differences for Two-sample Test

On the exploration of local significant difference, most previous studies [24—28] partition the instance
space into several regions, and then exploit the difference on each region from two samples. Motivated
from pdlya tree method [26, 58], we first partition the embedding instance space with a new splitting
criterion, which is relevant to test power and data correlations. We then exploit local regions (i.e.,
leaves nodes of partition tree) with significant difference.

Partition of the embedding instance space

Our partition tree is constructed iteratively as follows: We initiate the tree root with embedding space
(0, 1]5. In each iteration, each node is associated with a rectangle region, and all leaves constitute a
partition of embedding instance space. The following procedure is repeated s — 1 iterations (s > 2):

e Randomly select a leaf node, denote by B, uniformly over leaf nodes of the largest |X N B.

e Let 7; = median{a; ;: &; € X N B} for j € [£]. We select the best splitting feature
j* € argmax; (g {T(X617Y ) x T(X 5 Y )} )

with XB{ =B/ NX, XBi =BinX, YBlj = B/ NY and }A’BJT- = B/ NY. Here, B} and
B/ are left and right children of B w.r.t. the j-th splitting feature and splitting position 7;,
respectively, and 7 (-, -) is defined by Eqn. (4).

o Select the splitting position 7+ = median{&; ;«: &, € X NB}.

q
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Table 1: Datasets

Dataset # Inst. # Feat. Dataset # Inst. # Feat. Dataset # Inst. # Feat. Dataset # Inst. # Feat.
dna 3,186 180 kropt 27,705 6 santan 200,000 200 adult 1,000,000 14
agnos 3,468 970 diamon 53,940 9 codrna 487,867 8 labor 1,000,000 16
topo21 8,885 266 cifarl0 60,000 3072 blob 1,000,000 2 poker 1,025,010 10
har 10,299 561 mnist 70,000 784 sea50 1,000,000 3 higgs 11,000,000 4

We finally get the partition tree with s leaf nodes, associated with s rectangle regions B, Ba, .. ., Bs.

https://doi.org/10.52202/075280-0233

Algorithm 1 presents the detailed description on tree construction and rectangle region splitting.

We take the statistic 7 (-, -) as a splitting criterion, relevant to test power and data correlations, and it
is helpful to exploit local significant difference directly. We also adopt the median splitting position
with equal probabilities on partitioned regions, i.e., balanced examples for each partition region, and
this could yield better performance than regular grids, as shown empirically in [59, 60].

Our partition tree is different from previous p-value histogram based on Chi-square test [61, 62],
where the difference is measured by cardinalities of elements in two samples over a local rectangle
region. Our splitting criterion is also different from that of previous decision trees [63—66], which
consider some information-theoretic criterions such as entropy, Gini index, information gain, etc. In
comparisons, our statistic 7 (-, -) is more essential to reflect the test power for two-sample test.

be the means of X&, = B;N X and Ygi =B;NY,
respectively. We make similar Schur decomposmon Lp,Lp, = X%, y, for covariance matrix
E K

For each rectangle region 5;, let ¢ ; %, and ¢y

7
X4, vy, » and introduce the local inference direction for each B; as follow:

F, = sgn (LE}CXB,. _ ngc%i) € {~1,0,+1}". 9)

For different rectangle regions, we could have different or even contrary inference directions, which
is helpful to exploit local differences from distributional shapes of two samples.

Exploration of local significant differences

For testing embedding samples X’ and Y, we denote by X! B, =BiN X’ and YB = B; NY’ with
their respective means c <, and cY, for each rectangle region B;, and calculate testing statistic

T, = T(XBZ,, YB;,) by Eqn. 4).

We propose the new bi-directional masked p-value for each rectangle region B; as follows:

2 2
min{xﬂ;’sl), P (1 XE(TBi))} for FBTiL/B_il(CX’B_ —ey, ) >0

1-Bpa«

N N B;
9(Xg,,Y5,) = . , (10)
‘ ’ . x¢(Ts;) P={1—x (Ts;) -1
mln{ S 1(_(2_Zﬂ)p* ) } for Fg Ly (cX,Bi - c%i) <0,
where LB is from Schur decomposition X Xy Y, = L' 1L' il, p« € (0,1) is a parameter on

significance level, and [ is an adaptive parameter. Here we also consider two discriminative directions
Fp, and — Fp, on each rectangle region 13;, which is different from previous masked p-value [67]
without directional information.

Our bi-directional masked p-value directly reflects the significant level of local difference when there
is a significant difference in local BB;, similarly to [67]. The smaller the bi-directional masked p-value,
the more significant the local difference. On the other hand, the bi-directional masked p-value is a
random number with uniform distribution over (0, p. ) when there is no significant difference in 5;,
since x7(7Tg,) follows a uniform distribution in such case [68].

Based on such recognition, we resort rectangle regions as B(1y, B(a), . . ., B(s) according to their
bi-directional masked p-value, i.e.,

g(Xg<1>’Yé<1>) < g(X23<2>’Yé<2>) < g(X23<s>’Yé<s>) ’

A
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Table 2: Comparisons of test powers (mean-=std) on two-sample test. Bold denotes the highest mean in per row.

Dataset  Our MEmagip ME MMDAgg MMD-D C2ST-L C2ST-S AutoMLTST
blob 985+.009 .8234.000 9354012 963+.010 .9724+.078  .9464.037 .980+.029
dna 717+.068 .5364.059 .6594.070 .6284.006  .6994.028  .505+.044 .6034-.085

agnos 812+.018 .602+.033 7794046 734+£.006  .742+.012  .679+.051 .632+.077
topo21 .692+.006 5264058  .6054+.077  .633+.062  .679+.046  .517+.046 .591+.006
har .858+.065 .816+.015 .814+.026 728+.064  7614+.093  .738+.063 .7404.058
kropt 992+.012 8754027 9714024 9164066  .946+.013  .929+.031 971+.026

diamon .837+.066 .6974.068 .6764.047 755+.056  T4T7+.086 7274076 .8314.062
cifar .893+.022 .8594.075 .866+.091 8784+.000  .8344.099  .798+.019 .8824.086

mnist 985+.017 .9264.056 9324068 9724051 9694042 .9304.029 .9634.074
santan 1.00-+.000 .896+.060  1.00+.000 887+.021 9114.084  .850+.021 .954+.012

codrna 1.00+.000 .9464.085 .9264-.037 914+.076  1.00+.000  1.00+.000 .8764.067

sea50 993+.018 .993+.018 982+.012 .993+.018  .993+.018 .970+.053 .989+.029
adult 9964002 .8754.034 .9674.029 908+.072  .7614.091 .8544-.058 9924006
labor 9924012 .807+.078 .988+.010 9304+.093  .7564+.059  .791+.031 1.00+.000
poker .8214.079 194096 7124033 .701+.056  .743+£.039  .731+.052 .832+.048
higgs 979+.024 818+£.090  .938+.047  .953+.055  .968+.043  .933+.013 .969+.030
Average 909+.026 7954053 .859+.039  .843+.050 .842+.052  .806+.039 .863+.043

We then take our bi-directional hypothesis h(X B> Yé) with parameter 5 and o = p, as in Eqn. (7),
and finally get the local regions with significant differences as

{Buy: i<t and n(Xp, Vb)) =1} .

where

B 5 In(1 — )
= t—"et:hX’,,Y’, :1‘ e Y O 1
artger[il]ax{ {i €[t]: M(Xp,, . Y5,)=1H+1< (1= p) a1
Here, p. is selected as in Eqn. (10), and «v. € [ps, 1) is a parameter to control the probability of
mis-identifying at least one rectangle region without significant difference, also called familywise
error rate [69-72]. We present theoretical analysis for familywise error rate as follows:

Theorem 5. For our exploration, the familywise error rate is upper bounded by o, if 1) the p-values
of local regions without differences are mutually independent; and 2) the p-values of local regions
with differences are independent to those p-values of local regions without differences.

Our method is different from previous space partition methods of trees or clusters [24-27, 60], where
the splitting criterion is taken as the cardinalities of samples in each region. Duong [28] partitioned
and searched local regions from the estimated density function, and Kim et al. [30] identified local
regions by clustering data samples from the estimated conditional probabilities. It is not easy to
make accurate estimation for density and conditional probabilities without sufficient data, particularly
for multiple small regions. Other relevant studies detected local differences implicitly based on
interactive rank test [73] or a learned classifier [74].

4 Experiments

We conduct experiments on 16 datasets' as summarized in Table 1. Most dataset have been studied in
previous two-sample test, and features have been scaled to [0, 1] for all datasets. All experiments are
performed with Python on nodes of a computational cluster with a single CPU (Intel Core i9-10900X
3.7GHz) and a single GPU (GeForce RTX 2080 Ti), running Ubuntu with 128GB main memory.

Experimental comparisons for two-sample test

We compare our MEy,gip With the state-of-the-art approaches on two-sample test as follows:

"Dataset blob is downloaded from github.com/fengliu90/DK-for-TST,
and other datasets are downloaded from www.openml.org.

7
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Table 3: Comparisons of density differences (mean=std) on the exploration of local significant differences, and
the bold denotes the highest mean in per row.

Dataset  Our method FDG KPRIM MRS MMDT BTLDD TEAM
blob 945+.082 902+.075  .879+.045 .849+.075 .9094.091  .932+.046 .877+.067
diamon 974+.054 .852+.010 .895+.089 .876+.066 .867+.104 .951+.070 .947+.022
codrna 969+.026 936+.037  .876+.061 .966+.045 .884+.105 .905+.050 .863+.036
sea50 9774+.056 975+.062 .933+.074 .928+.058 .985+.045 .8924+.059 .944+.065
adult 953+.048 .8624+.044  .838+.109 911+.085 .927+.101 .875+.074 .880+.070
labor .959+.062 8944080 .905+.016 .900+.037 .9114.093 .9224.048 .932+.067
poker 945+.030 901+.030 .8824+.027 .925+.023  .927+.057  .8944.028 .884+.064
higgs 946+.016 9324011 .9184.001 .940+.000 .927+.026 .926+.027 .937+.002
Average 9594047 907+.044 8914053  912+.049  917+.078 9124050 .908+.049

e ME: Mean Embeddings over multiple test locations and a single Gaussian kernel [9, 10];

MMD-D: Maximum Mean Discrepancy based on a Deep kernel [39];

MMDAgg: Maximum Mean Discrepancy with Aggregating of multiple Gaussian kernels [75];

C2ST-S: Train a binary classification network and test its accuracy on a hold-out set [13];

C2ST-L: Train a binary classification network with a statistic about class probabilities [14, 18];
AutoMLTST: Train a binary classifier based on AutoML method with a statistic as C2ST-L [19].

Following [39, 76], we train on a subset of each available data, and test on 100 random subsets from
the remaining dataset, and the ratio is set as 4 : 1 for training and testing. We repeat such process 10
times for each dataset. More details are given in Appendix C. For our MEygip, we set a = 0.05
and take 5-fold cross validation to select 8 € [1 : 0.2 : 2]. We limit the cardinality of test locations
within 20 for ME and MEy,gip as in [9-11], and optimization parameters of Eqn. (5) is presented in
Appendix C. We take parameter settings for other methods as in their respective inferences.

Table 2 summarizes the average of test powers and standard deviations. It is evident that our MEy,pip
takes better performance than ME and MMDAgg, because they both take Gaussian kernels with
isotropic scale, and ignore the distributional differences from different directions. Our method is still
better than MMD-D with a deep kernel, and a reason is that multiple Mahalanobis kernels are more
flexible than a deep kernel to capture local difference from multiple neighborhoods and directions.

From Table 2, it is also observed that our MEygip outperforms three classifier-based methods
C2ST-S, C2ST-L and AutoML expect for datasets labor and poker, since those methods focus merely
on the prediction information from outputs of classifiers, rather than local and directional information
among data samples. For datasets labor and poker, AutoML generates new features automatically
from the original mixture of continuous and symbolic features, and thus achieves better performance.

We further compare the average running time (in seconds) for different methods on two-sample test,
as shown in Figure 3. As expected, ME takes the least running time since it considers only one
Gaussian kernel, yet with the smallest average of test powers in Table 2. Our MEy;,5ip method takes
smaller and comparable running time in contrast to other methods since our method takes relatively
smaller time on training Mahalanobis kernels without permutation test in the testing process.

Experiments on the exploration of local significant differences

We compare with the state-of-the-art approaches on exploring local significant difference as follows:
e FDG: Partition space by probability binning and compare cardinalities of two samples [24];
e K-PRIM: Partition space by patient rule induction and estimate kernel density differences [28];

e MRS: Partition space by pélya tree and measure difference via Binomial distributions [26];

TEAM: Partition space by data variance and measure difference via Binomial distributions [27];

BTLDD: Estimate conditional probabilities of two samples and cluster data via difference [77];

MMDT: Partition space into equal grids and test density difference via Welch’s statistic [29].
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Figure 3: Comparisons of running time for different methods on two-sample test. Note that y-axis is in log-scale.
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Figure 4: Visualization of the local significant differences with partition tree of s = 8 (left) and s = 16 (right)
rectangle regions. The bigger the values, the larger the density difference.

For fair comparisons with some methods of density estimations, we select eight large datasets:
diamond, codrna, blob, sea50, adult, labor, poker and higgs, whose instance numbers are more than
50,000 and feature numbers are smaller than 20. We randomly select 10, 000 instances during the
exploration of local significant differences. For the BTLDD method, we set the percentage of selected
samples as 6.25% for local regions in a cluster, while for other methods, we partition the space into
64 rectangle regions, and identify 4 rectangle regions with the most local differences.

We take density differences [78] between two samples in a local region as an evaluation measure for
local significant differences, and follow the works of [79, 80] based on k-NN density estimator with
k = 20. We calculate the difference between two estimated density functions in an identified local
region, and normalize the returned values into [0, 1].

Table 3 summarizes the average of density differences and standard deviations. As can be seen, our
method takes better explorations on local significant difference than FDG, MRS and TEAM, since
those methods simply take cardinalities of samples to measure significant difference. Our exploration
is still better than K-PRIM, BTLDD and MMDT except for dataset sea50, because those methods
estimate density or conditional probabilities from two samples, and it is not easy to make accurate
estimation without sufficient data, especially for small regions with finite samples. MMDT could
estimate density function well on dataset sea50, and achieves better exploration via Welch’s statistic.

We further visualize the local significant differences on mnist (sample X)) and Fake-mnist (sample Y")
in Figure 4. Here, we take partition trees with s = 8 (left) and s = 16 (right) rectangle regions. As
can be seen, our method achieves the largest local differences via new splitting criterion for partition
tree, and our proposed MEp,pip test and bi-directional masked p-values.

Parameter analysis
We now present some parameter influence for our MEpapip test and the exploration of local significant

difference. We only present the results on four datasets due to pages limit, but the trends are similar
on other datasets, and more results can be found in Appendix D.
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Figure 5: The comparisons of test power vs sample size for our bi-directional hypothesis and previous one/non-
directional hypothesis.
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Figure 8: The FWER is limited about o, = 0.05 w.r.t. different s for exploring local significant difference.

Figure 5 illustrates the test power versus sample size for our bi-directional hypothesis, non-directional
hypothesis and one-directional hypothesis. As can be seen, our bi-directional hypothesis achieves
higher test power by considering the inference and its contrary direction and adaptive parameter
selection. Figure 6 exploits the relationship between the optimal parameter 5 and the probability
&= Pr[FTL’ e ¢ —Cy,) > 0] for our MEpiegip method. We can easily find the positive relevance
between /3 and £: the larger the probability &, the larger the optimal parameter /5.

Figure 7 indicates that the type-I error is limited about o = 0.05 for different /3 in our experiments, as
shown in Theorem 4, and thus our method could effectively control the rate of falsely reject the null
hypothesis, which empirically verify the trustworthiness of our MEy,gip test. Figure 8 empirically
shows the familywise error rate is limited about v, = 0.05 for different number of local regions s;
therefore, our exploring method could control the rate of incorrectly exploiting the local regions with
significant difference, and this is nicely in accordance with Theorem 5.

5 Conclusion

This work takes one more step on the exploration of local significant differences. We propose the
MEzip test by exploiting local information from multiple Mahalanobis kernels and introducing
bi-directional hypothesis for testing. We partition embedding space via a new splitting criterion, and
then identify local significant differences based on our bi-directional masked p-value and MEygip
test. We verify the effectiveness of our proposed methods both theoretically and empirically. An
interesting work is to explore other local and directional information for local significant differences.
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A Detailed Proofs for QOur Theoretical Results

A.1 Proof of Lemma 1

We begin with some useful definitions and lemmas as follows:

Definition 6. (Random Metric [9]). We say that p is a random metric with values in R, indexed
with pairs from the set of probability measures M, i.e., p = {p(P,Q): P, Q € M}, if it satisfies the
conditions for a metric with qualification ‘almost surely’. Formally, for every P, Q, U € M, random
variables p(P, Q), p(P,U) and p(Q, U) satisfy

1. p(P,Q) > 0 aus.
2.if P = Q, then p(P, Q) = 0 as, if P # Q then p(P, Q) # 0 ass.

3.p(P,Q) = p(Q,P) as.
4. p(P,Q) < p(P,U) + p(U,Q) as.

Lemma 7. [11] Let ;1 be a absolutely continuous Lebesgue measure on R%. A non-zero analytic
function f can be zero at most in the set of measure 0 w.r.t. pu.

Lemma 8. [9] If r is a bounded and analytic kernel on R x R?, then it is analytic for every function
in the RKHS associated with this kernel.

Definition 9. For test locations V = {v;,v2, -+ , v, } and Mahalanobis kernels x1, k2, - - - , k¢ given
by Eqn. (1), we define

¢
Prin iz e (P, Q) = > ([1P] (v5) — [1;Q] (v7))?, (12)

where [11;P] (v)) = Ezplrj(z,v;)] and [1;Q] (v) = Ey~olr;(y, v))].

We show that the above distance metric for two probability measures is a random metric as follows:

Lemma 10. If vy, vs,- - ,vp are drawn i.i.d. from a absolutely continuous distribution G, then
Ppropn e e (5 +) IS a random metric for bounded kernels {1, ko, - -+ , K}

Proof. For j € [¢], we first introduce a function

Py (B, Q) = ([P (v5) = [15Q (v5))”
and it is sufficient to prove that p,,; (P, Q) is a random metric for each j € [¢] from Eqn. (12).

It is well-known that Mahalanobis kernels in Eqn. (1) are characteristic and analytic from [81], and
the corresponding mapping

pj s P—= P oand gy Q = p;Q

are injective for «;, where ;[P and 11;Q denote the images of measures IP and QQ, respectively. Hence,
the image of 11, is a subset of analytic functions for analytic and bounded & ;, according to Lemma 8.

If P = Q, then we have
fi=wP—p;Q=0 and p,,(P,Q) = ([;P](v;) — [1;Q] (v;))* =0.

We now prove that if P # Q then f; # 0 almost surely, by applying Lemma 7 to analytic function
fi = ;P — p;Q with distribution G. For injective map 1.5, there exists at least one point a such that
fj(a) # 0, and there exists a ball around a with non-zero f; from the continuity of f;. Hence, f is
almost everywhere nonzero based on Lemma 7, and this follows that

Py (B, Q) = (1P () — [1,Q) (7)) >0 as. for P#Q.

Hence, p,,; is random metric from Definition 6 from the symmetry and triangle inequality of p,,,. [

Proof of Lemma 1. We first have

e = Boeld] = ([1B)(v), [1sP)(v2), - -, [ueP)(ve) .
e = Fgeold] = (1mQl(01), [1Q](vs), - , [1eQ](v0)) ,
1A
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and further rewrite Eqn. (12) as

Prun iz, e (P Q) = é ([15P] (v5) = [15Q] (v)))* =D (“I@nj - “QJ)Q = H“@’ - “QHz '

Jj=1 Jj=1

From Lemma 10, we can see that p,, ., ... .., (P,Q) = 0 if and only if P = Q, and this implies that
My = g if and only if P = Q. This completes the proof of Lemma 1. O

A.2 Proof of Theorem 2

We begin with a useful lemma from [11] as follows.
Lemma 11. For symmetric and positive definite matrix ¥, function h(¥) = ¥ =12 s continuous
and well-defined on the positive definite space.

Based on this lemma, we present the detailed proof of Theorem 2 as follows:

Proof of Theorem 2. For embedding testing sample X' = {&),--- , &/ }Yand Y’ = {¢},--- , 9.},
recall the pooled covariance matrix in Eqn. (3) as
(m'=1DEg+(n —1)%

_ v
EX/7Y/ - m/+n/_2 +€Id 9

and we also define
Bb.q = Bxrpr 3nge | Bir ] -

We first prove that testing statistic T(X ! Y’ ) is almost surely asymptotically distributed as x7 with ¢
degrees of freedom under the condition pp = pg for small e.

For i.i.d. samples X’ and Y”, ¢z is independent to cg. If pp = pg, then 2 = ¢ — ¢y follows
a multivariate normal distribution with mean p = pp — Hy =0 and covariance matrix (m’ +
n')s Q/m’n’, from [41, 82] and the Slutsky’s theorem [83], that is

25 N, (m +n/)Sp o /m'n) |

d S
where — denotes convergence in distribution.

The matrix L is symmetric and invertible in the Schur decomposition X ¢, v, = LL. Our statistic
can be formalized as

TX,Y") = mn ZTE;YE/(m’ +n')
= m'n' ZTLlilLlili/(m/ + 77,/)
2
= (Vi | g |, S )
and by applying the Slutsky’s theorem, we have

Vm/'n/ L'z /v'm/ + 0/ ~ N(0, 1) .

This follows that

T(X, V)= N1 z)?

m’ +n’

where (L'~1Z); is the j-th dimension value of L'~' 2, and \/m'n’/(m’ + n')(L'~'z); follows the
standard normal distribution. This proves the x7 distribution for 7/(X’,Y”) from the sum of ¢ squares
of standard (i.i.d.) normal random variables.

We then prove that x7(7(X’,Y")) — 0as m'n’/(m’ +n') — oo if K # Hg, and hence our test
rejects Hy almost surely.

17
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From Lemma 11, we have
=1 _ lim no1/2 =3 1/2_L 1

1m
m/n’ /(m/+n’)—oco m/n’/(m/+n’)—oc0 X7y’ BQ

In a similar manner, Z = c; — ¢y converges to s — Ko in probability. For ps # K¢, we have

_1 2
[=5 02 = o), > 0

Then, ||L’~1Z||3 is a continuous function with entries z and L’~!, and it is convergent to some
positive constant. We have (m’ +n’)/(m'n’)x? , — 0, and

2 _ m +n'
Pr| U el | = P (I ) 1

This follows that

¢ (T0 ) = (S a2 o,

m’ + n’

and hence x3(T(X',Y")) — 0 as m'n’/(m' +n') — ooif pg # K- O

A.3 Proof of Lemma 3

Recall the pooled covariance matrix X ¢, v, and X g = Ex/ pm yrogn’ [EX',Y/] in the proof of
Theorem 2, and Z = (cg, — ¢y, ) follows a multivariate normal distribution with mean g — Hg and
covariance matrix (m’ 4+ n')Xs g /m'n’. We first observe
— n— yl/2
pr,@ — E A,NI@”L/,Y/NQn/ [L ] — 2]13)’(@ 3
and this follows that

! /
—1 2 m +n
L z ~ N ( PQ(H H@), WIZ) .
This is because E[L'~1z] = Ly Q(u — K@) and the covariance matrix is given by
1y -1z 1 (M +n —1
CoviL™2,L™2) = Lgq (WEP@) Leo

oy (mI _ m' +n’
_ Lm( T LioLs, )LQ g [

Write B = \/m/n’/(m/ + n')L'~'diag(F)z, and we have

-
T _ m/n/ . ~ m'n! . ~
B'B = ( T T 7 ) % d1ag(F)z> < o n’LI diag(F)z
Ion! 1o
_ mTfn,sziag(F)(L'—l)TL'—ldiag(F)z = mTfn,sziag(F)zX} ;. diag(F)z
m'n’ _+ . . _ m'n’ IR
= n,szlag(F)dlag( )EX} P E = szlag(l)Zk}y/z
m'n’ _+ 1 _
= +n/z EX/ 2
by using the symmetry of X} o . It is easy to get
m/n' [(m’ +n') L diag(F) (pp — pg)
and covariance matrix is given by
m' +n’ m'n/ 1
COV(B, B) = m' n o LA Ad g m/n/ P,Q) md ag(F)L

/ m +n m'n/ 1
= o T o d1ag ]13) Q i L]?’,@LI?’,@) 7m/ i o dlag(F)L

1R
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This yields that

B~ N (\/m/n//(m/ ¥ n/)LIg’?@diag(F)(u@ — Hg), Iz) ,
and all random variables in B are mutually independent. Define
¢ ¢
B=1"B/t=) B;/t and S*=) (B;-B)*,
i=1 i=1
and B is normally distributed with mean /m/n’/(m/ + n’ )FTLI; }@(u@ — Hg)/! and variance 1/¢.
It is easy to see that 7

FTL ' (e —cp)=+/(m' +n)/m'n1" B,
which yields that

m’ +n'

m/'n’

1"B>0

Prlsgn(F' L' ' (cg —cy)) =1] =Pr =Pr[B>0] . (13)

We further have
B m'n’ _
Pr [sen(FT L' (eg —ep)) = 1] = 1-® (‘ T “@>> |

where ®(-) is the cumulative distribution function of standard Gaussian distribution. For continuous
normal distribution, we have

Prlsgn(FTL'"' (g, —¢y,)=0] =Pr[B=0] =0,
and this follows that
m/'n’

Pr [sgn(FT L' (cg —cy)=-1=Pr[B<0] =9 (— mFTLJ;,i}(MP - /L@)) .

Hence, the sgn(F'" L'~! (¢cg, — ¢y, )) follows a two-point distribution 7P () with parameter

m'n’ Tr-1
This completes the proof. O

A.4 Proof of Theorem 4

Recall the pooled covariance matrix X Xy and E[@,’Q =FEg pm YO b X',Y/'] in the proof of
Theorem 2, and Z = (¢, — ¢y,) follows a multivariate normal distribution with mean g1 — g and
covariance matrix (m’ 4+ n')Xs g /m'n’. We have Lg oL o = 3 g
We begin with a useful lemma and corollary as follows.
Lemma 12. IfFTL];’(l@[LH} > FTL]};au(@ or null hypothesis Hp: ps = pig, we have

m'n' o
m/ +n' Xy

Proof. Recall B = \/m/n//(m/ +n/)L'~'diag(F)zand F'L'"'z = \/(m’ +n/)/m/n/1" B in

the proof of Lemma 3, and Eqn. (14) is equivalent to
Pr(B'B>c|1"B>0]>Pr[B'B>c| . (15)

Pr

cs el FTL 250 >pr| ™" sTs1 55 14
z>c| zZz>0| >Pr m’+n’z cgEzcl (14)

Recall that
¢ ¢

B=1"B/t=) B;/t and S*=) (B;-B)*,

i=1 i=1

10
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and from Eqn. (15), we have
Pr[B? > (c— S?)/¢|B > 0] > Pr[B? > (c— 5?)/(] .
From the independence of S? and B, it is sufficient to prove that, for every § > 0,

Pr[B*>4|B > 0] >Pr[B*>4] . (16)

It’s easy to see that 5 is normally distributed with mean \/m/n’/(m’ +n')F T L @1@(“’115 —pg)/¢
and variance 1/¢. We define

7%
m'n _
F'L!

a =05 and b= o i 0B = 1)

and from Eqn. (16), we have
o(-b) ()
S(—b—a) =~ ®b—a)’
where the equality holds from b = 0, i.e., up = pg. This completes the proof. O

Corollary 13. IfFTL];,(auI@, < FTLE@;J@, we have
I

STy—1 Tri—1z mn  _T¢-1 2
o i EX’Y'zZC|F L z<()] > Pr [m’—i—n’z ZX,y/zzc} )

m'n’

Pr

Lemma 14. If F TL}; (1@;% > F TLH;) au@, then the test power of our bi-directional hypothesis can
be lower bounded by ’ ’

gty — 0.\, Ba) - £+ (—(x?,@fma)” 2~ (/O FTLS (np — u@)) ,
where w =m/n'/(m' +n'),v=m'+n' —Lland A = w\\Lé}@(u@ — MQ)”%

1 ~

Proof. From Lemma 12, we first have, for FTLIE,?@“@ > FTL]@?Q/”’Q’
Prlh=1|F'L'"'2>0 = Pr M Tso 5> X2so |FTL'12>0
- m' +n' X1 yr< = A Ba =
m'n’ o1 2
> Pr {m’—i—n’z X5 F 2 Xepal a7

by substituting ¢ = Xt%, 5o Into Eqn. (14). From pp # Mg, we also have, from the work of [84],

m4+n—l—1_ -, ~, m +n —0—1 m'n' ., _ .
mT(X,Y)— (m' +n/ —2)¢ e D g A Fllmi+n'=1-£,X),

where A = m/n/(pup — HQ)TE];

7 Q(“ﬁ” — Hg)/(m’ +n’). Given the significance level Sa, we have

m +n —0—-1
Prl———m—
(m' +n' —2)¢

and this follows that

T(X/,Y//) 2 FK,m/+n’1E,ﬁa:| = CJ(& m/ + TL/ -1~ ga )\,BOZ) ) (18)

107
Pr[ Mgyt 52)(?,304] =q(l,m' +n' —1 -0\ Ba).

m +n' Xy’
Recall B = +/m/n//(m/ +n')L'"'diag(F)z and F'L'"'z = /(m'+n/)/m'n'1"B
in the proof of Lemma 3, and that B = 1T"B/{ is normally distributed with mean

vm'n'/(m! + n’)FTLH;}@(pJ@ — Hg)/! and variance 1/¢. We have

Trr—1z _ 3 -1 — — S
PrlF'L' " 2>0=Pr[B>0] =1 <I>< (7 )0 £0

m'n’ _
F'L 1(#@#@)) . (19

20
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since B is normally distributed with mean /m/n’/(m/ + n’ )FTLﬂg }@(u]ﬁ, — Mg)/¢ and variance
1/¢. Combining with Eqns. (17)-(19), we have

V

Pr {%ZTEX}YZ > } Pr[F L'z

= q,m +n —1—1)\ Ba) (1 — O(—, / u@))> . (20)

For FTL ! L >FTL;} 5.oH We substitute ¢ = Xe (2—B)a into Eqn. (14), and it holds that

[
o

> @ 2

2 [

- Kg)

Zﬁ)“ m+n

Combining with Eqns. (20)-(21), we give a lower bound for the test power of bi-directional hypothesis

Prih=1] = Pr[h=1NnF'L"'2>0/+Pr[h=1NF'L' 'z <]
Ion!
— Pr {%Jz;)wz >3 NFTL 2> 0}

m'n' 4
m' +n' Xy

+Pr { Z2 X paNF L' 'z< 0]

m'n _
> q(l,m' +n —1—1,\ Ba) <1—<I>(— (UFWFTLP%JQ(H@_H@)O

+<I>< \/ Xe2=Bya — 1/ mernn M@)) .

Lemmal5. If FTL;! Q”IP’ FTL]P oMo then the test power of our bi-directional hypothesis can

O

be lower bounded by
gl v — N (2 B)a)(1—€) +1— ((xiga)“2 — (w/OYPFTL (s — u@)) 7

wherew =m/n’/(m' +n/),v=m'+n' —1land X\ = wHLf;é(u@, — )l

Proof. From Corollary 13, we have, for FTL oMb <FT LP oMo
m'n’ _+

m' +n’ Xy

Prlh=1|F'L'"'2<0] = Pr { 22Xl pal FTL'2< 0}

\/

m'n’ 1o
> Pr{m’Jrn’z EX/,Y’ _X( —Bal >

21
5282 https://doi.org/10.52202/075280-0233



Recall that

m'n' _+ 1
Pr{ ; zTEAl)A z> X%@—B)a} =q(l,m' +n' —1—0,),(2-B)a)

in the proof of Lemma 14, and this follows that

m'n’ ¢ Tr/—1
_ /—
Pr [m’+n’z EX,Y,z>X[(2 ga VF L z<0}

/
- Pr [mTfon,sz)—z}y,z > X2 o gy | FTL 712 < 0} Pr[F L'z < 0]

m'n’ _
= q(¢, m +n =110\ (2-P)a)® < mFTLI@,}CD(H@ — H@)) . (22)

Recall B = +/m/n//(m/ +n')L'~'diag(F)z and F'L'"'z = ./(m'+n')/m'n'1"B

in the proof of Lemma 3, and that B = 1TB/{ is normally distributed with mean
vm'n'[(m! + n/)FTng,é]g( — pg)/{ and variance 1/¢. We have, if FTL_ s oMe < FTL; . oMo
m'n' vy 2 Tri—1z
Pr [m/—l—n’z ZX/y/sze,ﬁaﬂF L'z>0

= Pr|B> \/(X@ﬂa*SZ /1

Combining with Eqns. (22)-(23), we give a lower bound for the test power of bi-directional hypothesis
Prih=1 = Pr[h=1NnF'L"'2>0/+Pr[h=1nF'L''z <]

m'n’
= Pr {ml - n,sz;(}y,z > Xipa NFTL 2> 0}

T [m’—kn’ 3% =

2 m'n’ Tr—-1
+1-9 M - (m/ ¥ n/)fF LI@’@(“I@’ - /”’Q) .
This completes the proof. O

Lemma 16. For our bi-directional hypothesis, the type-I error rate is equal to o if pp = H-

Proof. We first consider the case F'' L'~z > 0. By substituting ¢ = x7 4, into Eqn. (14), we have
Prfh=1|F L'~z > 0]
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Recall B = +/m/n//(m/ +n')L'"'diag(F)z and F'L'"'z = /(m'+n/)/m'n'1"B

in the proof of Lemma 3, and that B = 1"B/{ is normally distributed with mean

vm'n'/(m! + n’)FTLH;}@(M@ — Hg)/! and variance 1/¢. We have
Pr[F'L'"'2>0=Pr[B>0=1/2,

and we have

14!
[mn STy—1

Z> X5 NFTL 2> 0]

m +n’ X1y
mn' ot . 2 Tri—1z Tri—1z Ba
= Pr |:7MZ EX’,Y’Z Z X@,Ba | F'L z Z 0 PI'[F L z Z O] = 7 y (24)

since B is normally distributed with mean 0.

For the case F' L' "'z < 0, we similarly substitute ¢ = X? 2—B)a into Eqn. (14), and it follows that

Il
g
-
L—
3
:\
|
_'
> |
S
=
|
vV
=<
~
¥
=
Q
—_

= b mTZTn/ 2 5% 57 2 Xe e
—hr mrfnr;z/ 2 X0 97 2 Xia-ppa| PIF L2 2 0)
= Pr mT;n/n, 2" Y5 002 2 XE (2—pya| — %Pr [mﬁfm 21T, 2> Xﬁ,(zﬂ)a}
- %Pf _mrfnf;y 205 22X <25>a: =(1-p/2)a (25)

From Eqns. (24)-(25), we have
Prlh=1 = Pr[h=1nF L' '2>0]/+Pr[h=1NnF'L' 'z <0

m'n’
= Pr {TMETZ;{:}’?/E 2 X%,ﬁa N FTL'_li Z 0:|
o7

+Pr [ S Xi 2 paNF L'z < 0}

m' +n’ X7y’
Ba
This completes the proof. O

Theorem 4 follows from Lemmas 14-16.

A.5 Proof of Theorem 5

Recall that B(yy, By, . . . , B(s) are rectangle regions of a non-increasing order w.r.t. g(-, -). For each
rectangle region B;), we could define its local null hypothesis

H(),(i} : H@Bw - H@Bm with ”@Bm B Eﬁ'”]ﬁ’ﬁm [il] and u@“w B EQ/N@B@» [g/] '
From Theorem 2, the testing statistic 7(X , , Y3 , ) follows the x? distribution with freedom of ¢

degrees under the local null hypothesis Hy, ;. Denote by x7 (T(X Bi» Yél )) the p-value, and we have

A
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Lemma 17. [68] The p-value 7 (T (X} o V4 o )) follows a uniform distribution U0, 1] under the
local null hypothesis Ho iy : pp,, = Koy, -
() )

We take an interactive multi-step testing procedure to identify the index set of rectangle regions of
local significant differences. Define the candidate rejection set R(t) = {Hy ;) }i—, for1 <t <'s
with R(0) = (), and exclude one null hypothesis Hy, () at the ¢-th step. We could generate a sequence
as follows:

{Ho ¥y = R(s) DR(s — 1) DR(s —2) D +-- DR(0) = 0. (26)
and it holds that H (;y = R(i) \ R(i — 1). Recall the local bi-directional hypothesis

hay = h(Xis(i>,Yé<i>) for ies].

Denote by p, the parameter of significant level for the local two-sample test and masked p-value.
From Theorem 4, we have Pr[h;;y = 1] = p. under the null local hypothesis H (;y. We further
present some useful lemmas as follows.

Lemma 18. [67] We have Elh ;)] = p. fori € [s] and h1y, hay, - - - , hs) are mutually independent,

if ”@Bm = u@5<i> for every i € [s] and the p-values are uniformly distributed.

Denote by B the set of rectangle regions that the local two samples X gu) and }Afém are actually
drawn from one identical distribution, and we define

Ho = {H()’(i): B@ S g} .

Lemma 19. [67] If there is some rectangle region such that pp #+ Koy and if the p-value
) )

follows a uniform distribution under null hypothesis Hy .y, then we have
B hgy | {h Vs py AL (Ho € Ho) Yy Hogoy € Ho| =p. for i€ ls].,

We also define the weighted mirror-conservativeness, motivated from [85, 67], as follows.

Definition 20. We say that a density function f(-) satisfies the weighted mirror-conservativeness if
it holds that, for some given p € (0, 1],

flaw) < f(1 — (1 —wp)a/p) forevery w € [1,2], a € [0,p] .

Here, we introduce an additional parameter w to incorporate two directions for our method, which is
different from the previous mirror-conservativeness [85, 67]. We could also present two sufficient
conditions for weighted mirror-conservativeness from [85, 67]: 1) the non-decrease of f and ii) the
convexity of cumulative density function of p-value.

Lemma 21. If the density function of the p-value satisfies the weighted mirror-conservativeness
under local null hypothesis Hy .y, and if there is some rectangle region such that g . =+ Koy,
) )

then we have, for every i € [s],

E | hey | {ho Yezigns {1(hey € Ho) by > Hoy € Ho{g Yima | <oy @D
where g,y = g(Xg<k> , }Aféw).
Proof. We first prove

Elhgy | 94y =a] <p. for Hyu € Mo, (28)

from our bi-directional hypothesis and masked p-value with 8 € [1, 2] in Eqn. (7), and it is sufficient
to consider the following two cases:

24
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T opil.
e For FBu> LB“> (cXg{i> cyém) > 0, we have

/—1
E\hey | 96y = a’FB< >LB< >(CXIB<1> - C?B/m) >0

_ p*f(ﬁa)

pof(Ba) + (1 — p.) f(1 — =E2q)
_ P+
e+ (1= pa) f(1 = =222a)/ f(Ba)

< Dxs
where the last inequality holds from the weighted mirror-conservativeness with p-value’s
uniform distribution /10, 1].

T /—1 R E
e For FB<i>LB<i> (CX,B< > cyé< )) < 0, we similarly have

hiy | 9y = a, Fg Ly | (eg,  —egp, ) <0

By By
_ p.f((2 = B)a)
puf((2 = B)a) + (1 — p.) f(1 — 2=
_ D+«
Cpe (L p)f(1 - ) £((2 - B)a)

IN

P+ -
We define the information available for choosing Hy, ;) as a filtration (sequence of nested o-fields)
Fiy = o (1Bug» 900 Hiors DT (s Vo D)

and also define the filtration
Fly = o ({h Hmiwns (1WHo 09 € Ho) Y, ) -

This follows that
E {hm | {iy Yomir1s 10(hery € Ho) Yy Hootiy € Mo, {90 Yie 1}
= { (@) |-7:l>,Ho € Ho, {9k i 1}
= E [E [h<i> | Fiys Fliys Hootiy € Hoy {gry Yie 1] | Fliys Hoiy € Hos {9k Yo

where the last equality holds from the law of total expectation. We have
E [hm | Fiiys Floys Ho, iy € H(h{.q(k }221}

= Z By | Frays Fiys Ho,iy € Ho,s {90k Y]
HU,]'ER(i)ﬁHo

x Pr |:H0)< y = Ho]“/—" z)’ iy € Ho, {9<k)}2=1}

= Y. Bl | FlPr [Ho,<> Hoj | Fys ) € Ho {9k }‘Z:J :
Hy j€R(i)NHo
where the last equation holds from the fact that {]-' y € Ho, {g(r) }i—1 } is a subset of F;)

We further have, since h ;) is independent of other 1nf0rmat10n in F;,
E [hm | Fiys Floys Ho,giy € HOv{Q(k)}i:l}

= > E[hm|9<¢>]PT[H0,<i>=Ho,j|f  Fiiy» Ho,giy € Ho, {ge }2:1}
H(),]’GR(i)ﬁ’Ho

P Z Pr {Ho iy = Hoj | Frays Fiys Ho iy € Hoy {9(k) e 1}
Ho,jE'R(i)ﬁ’Ho
=  Px,

IN
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which completes the proof. O

We say that a random variable Z follows a Bernoulli distribution with parameter p, denoted by
Z ~ Bern(p), if
Pr[Z=1]=p and Pr[Z=0=1-p.

We also say that a random variable Z follows a negative binomial distribution with parameters r and
p, denoted by Z ~ NB(r, p), if

Pz = K] = (k+r—1

L )(1 —p)'p".
It is necessary to introduce a definition as follows:

Definition 22. We say that a random variable Z is stochastically dominated by a distribution G,
denoted by
Z =G,

if for random variable X ~ @G, it holds that
Pr[Z > z] <Pr[X > 2] for z € (—o0,+00).

We further introduce some useful lemmas as follows:
Lemma 23. [67] Let Z1,-- - , Zs be i.i.d random variables with Z; ~ Bern(p,) for some p, > 0,
and write Ny = 2221 Zjand Gy = 0(Ny,{Z;}5_441) fort € [s]. We have

N‘T' jNB(’U,p*) ’

where the stopping index T is parameterized by some constant v(> 1), defined by

?zmax{0<t§s:t—ﬁt<v or t:l}.

We further introduce a weighted version of Lemma 23 as follows:

Lemma 24. [67] Let {W }jzl be a sequence of weights, drawn from a Bernoulli distribution, s.t.
> 521 Wj = u for fixed constant u < s; and Z; | a({Zk,Wk}Z:jH,Wj =1) ~ Bern(p.).
Write N}* = Z;Zl W;Z;, and we have

NU}

Tw

jNB(’U,p*) I

where the stopping index TV is parameterized by some constant v(> 1), defined by

t
7% = max O<t§s:ZijNt“’<v ort=1
j=1

We now introduce a different version of Lemma 24 by considering different parameter for Bernoulli
distribution as follows:

Lemma 25. [67] Let Z; | 0({Zk, Wk}z:jJrl, W; = 1) follow a Bernoulli distribution with param-
eter p({Zi,, Wi }i—;41) for j € [s], respectively. We have

N:—Uw j NB (U7p({Zk7 Wk}i:g+1)) j NB(U7P*) ’
if p({Zk, Wi ti—j1) < ps forevery j € [s].
We now present the detailed proof of Theorem 5 as follows.

Proof of Theorem 5. We first consider pp, = pg, forevery i € [s]. From Lemma 18,
) (i

{h@y}i—, are sii.d. random variables with h; ~ Bern(p.). Recall that the stopping rule in our
testing, i.e., Eqn. (11), which is equivalent to

1-(1 _p*)t*II(t)lJrl <a,,

7A
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where v, is a parameter to control familywise error rate and Z(t) = {i € [t]: h(X gm ) ?B’m) =1}
The stopping rule can be rewritten as t — |Z(t)| < v with
v=|In(l —a.)/In(l —p.)]| . (29)

Let Z; = h(;y and N, = Z§=1 Z;. We define the stopping index 7 as follows

?zmax{0<t§s:t—]vt<v ortzl}.

From Lemma 23, the number of rejections at the stopping index is given by
T(7) = _hy) =Nz 2NB(,p.) -
j=1

If Hpy, = Moy, for every i € [s], then the number of false rejections is

1Z(7) N Hol = [Z(7)| 2 NB(v,p.) ,
and hence the familywise error rate (FWER) is upper bounded by
PrZ(7)NHo| 2 1] <1— (1 =p.)" < s,
where the last inequality follows from Eqn. (29).

We now consider that there is some rectangle region with g =+ Koy, - In such case, we provide
) o)

an upper bound for familywise error rate without the information of masked p-values, and prove that
the number of false rejections is stochastically dominated by N'B(v, p,).

Let Z; = h¢jy and W; = I(Hy,(jy € Ho). We define the stopping index 7* as follows:

t t
T =max{0<t<s:» Ihy =0NHyy € Hol =Y W;(1—-2Z;)<vort=1,,

j=1 j=1
where v is given in Eqn. (29). It is easy to see that
Zj | J({Zk,Wk}Z:j_,_l,Wj = 1) ~ Bern(px)

from Lemma 19. Denote by u = |H|, and we have Z;:1 W; = uand u < s. From Lemma 24, we
have the number of false rejections

w
T

> Ulhgy = 1N Hy gy € Hol = > W, Z; = N¥% < NB(v,p.) . (30)
j=1

Jj=1

Recall that t — |Z(t)| < v is our stopping rule on the exploration of local significant differences.
Denote by 77 the stopping index in our exploration, and we have

T
H[h<j> =0N H0’<J—> S 7‘[0]
=1
(e T
< > Uhg =01=7 =Y Thg =1 =7 —I(rf) <v.
j=1 j=1

Since IV is non-decreasing with respect to ¢, it is easy to obtain
T <7% and Nz < N,
and we have the number of false rejections
T
IZ(r3) N Hol = D T[h(;y = 1N Hy gy € Hol = Ny < Nf% S NB(v,p.) . (31

Jj=1
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We upper bound the familywise error rate without considering the masked p-values as follows:

Pr|Z(rf)NHol > 1 <Pr|Z(t¥)NHo| > 1] <1—(1—-ps)" < .

We finally take masked p-values {g(y) };_; into consideration. From Lemma 21, it is easy to observe
Zi | o ({2, Wi izjr, Wi = 1) ~ Bern(p({ Z, Wi Yizji1)) »
where

p{Zk, Witizji1) = E [hgy [ {h Yiejors {T(hy € Ho)Yozji1, Ho,gy € Hos {9 Yima] < s

This follows that
NB (v,p ({2, WiYizjia)) S NB(v,p.) ,

and we further have, from Lemma 25,
IZ(ri#) N Hol = ZW Z; = NY 2 NB (0,p ({2, Witi—j41)) 2 NB(v,p.) -

We finally upper bound the familywise error rate by considering the masked p-values { 9(k) }2:1 as
Pr[|Z(rr) N Hol > 1 [ {guy tima] < P(IZ(r") N Hol > 1| {9 }iz1)

This completes the proof. O

B Optimization for Test Locations and Mahalanobis Kernels

We take gradient method [43] for the optimization of Eqn. (5) as in the work of [10]. Specifically, we
calculate gradients, and update test locations and Mahalanobis kernels iteratively. In the following of
this section, we present the calculation of some crucial gradients in optimization.

For test location v; with j € [¢], we have

R . N T
Vo T(R,9) = (87'(X7Y)’8T(X,Y)’m’ 87'(X7Y)> | )
J 8’03'71 6’0]‘72 8’Uj,g
where, for i € [¢],
X Y X Y N XY N X V) 0X
T (X,Y) _ OT(X,Y) Ocy N IT(X,Y) Ocy T OT(X,Y)0%g vy 7 (33)
81]]'11' aCX avj,i 8CY avjﬂ- 82)2,)} 8vj,1

where Tr[-] denotes the trace.
We further have

AT (X,Y) L
T Zngxy(cX —cy)/(m+n),

8c5{ 1 i aii’r . 8ir 85]' (@T, ’Uj) T
- = 07"'7077707"'70 )
81;]-71- m 5‘17]-72- 8’Uj’1' 8’1];‘12‘

where all elements are zeros except for the j-th element. We also have

okj(Tr,v;) 0 _ o\Tas . 2
7@’0]'71 = 90,4 {exp( (xr — ;) Mj(z, ”J)/Z’Yj)}

= Hj(:i:T?vj)(Mj("%T - vj))T(()? R T 7O)T/732' )

where the i-th element is 1. We similarly calculate 97 (X,Y)/ Jcy x Ocy [0V ;.

7R
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For the third term in Eqn. (33), we have

OT (X,Y) 1 Ty-1
T0Sce Ef(y(cx —cy)lex —¢yp) Xy
gy _ 1 zm:a(:i:r —ex)(@ —cg)’ +Zn: O(Gr — cy)(@r —cp)"
61]]"1' m+n—2 p—t avj,i ot 6’1.7]"1 ’
where
8(@,- — CX)(:)AST- — C)A()T
6’0]‘71‘
0 .. 6(“&“%8)15?:“’)%);]' . 0
— a(i’r_c)’()(ir_cf();jl L. a(ir_c)?)(ir_c)%);j . a(ir_CX)(éT_CX);r‘é
6'UJ'1/L' 617],1' 61’]',1'
) L deegoel, )

Here, (Z, —cg)(Z, — C X)L denotes the element in j-th row and ¢-th column, and we have

(& — e )(@r —x)],

m—1 1 m—1
= Ht(wra'vj) - *Znt(:nsavj) Rt mhvt Zﬁt $5,’Ut )
m m s#T m s;ér
and this follows that
8(5% — CX)(:fJT — CX);r,t
3vjvi
m—1 m—1090k;(x,,v; 1 = 0kj(xy, v,
_ (@0 = = 3 () 2] Ly Ol vy)
m s;ér m Vji m sEr Vji
We similarly have
8(.’%,« - CX)(QAST — CX)jT,j
81)]-71-
m—1 m—10kj(x,,v;) 1 o= Okj(xs,v))
= 2 kj(Tr,v; k(s RS R A Rl bR VAR I
m " j gé:r J 5 j) ( m 8’0]'71‘ m ; 8’()]"1'

For gamma parameter ~; with j € [¢], we have

OT(X,Y) dey N OT(X,Y) dey T

4
Ocy  Ov; Ocy O )

V’Yj T(X’ Y) =

‘We further have

dcy oxr, .. 0z, ( 0k (&r,v5) )T
= with =(0,..., =" .0 ,
O Z j O ;

where
Okj(xy,v;)  Oexp (—(zr —v;) T Mj(x, — vj)/ZFyJQ-)

v; ;i

= (&, v5) (@, — ;)" Mj(®, — 05)7;

3
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We similarly calculate

gy _ Zm:a &, —cg)(@ —cx)’ +i3(§lr—03})(@r—ci/f
0, m+n—2 \ = v, ot 0, ’
where
8(§:T - CX)(SET - CX)—r
O
0 . 6(@7-7%2(57-7%); . 0
_ A@r—cg)(@r—cx)l  O@r—cg)@r—cg)l;  O(@r—ecg)(@r—cg)],
9v; ;i dv; ’
0 e 6(@—%;;?—%);7 . 0
and this follows that
8(ir — CX)(C&T — CX)jT,t
M
B m—1 1 — m—10kj(xr,v;) 1 o= Okj(xs,v;)
= m (@, vy) m ; K5 (s, ) m o, m ; 0
We similarly have
oz, —cg)(Tr — C)"();‘ljj
87]-
m—l m—10kj(x,,v;) 1 o= 0kj(xs,v))
—9 (@, v;) T, v;) A\ Er, Y5) 2 N ORI Ts, Y5) )
m J ; ri J ( m v; m SZ:; O;
For Mahalanobis matrix M; with j € [¢], we have
AT(X,Y) AT (X,Y)
oM;11  OMjig.
Va T(X,Y) = : : ) (35
AT(XY)  9T(X.Y)
an,g,l anve,g

where we denote by M; , ; the element in a-th row and b-th column in Mj.

‘We further have

OT(X,Y) 9T(X,Y) Ocg +aT(X,Y) dey T OT(X,V) 0%% v
an7a7b N 8c5{ an,a,b 66{, an,a,b 82)27{/ an@J, ’
with
ey 1~ Ok, o Ok (o OmilEnvy) (N
OMjap M OMjap OM;ap  \ 7 OMjap T ’
and
Okj(xv;)  Oexp (—(@r —v)) " My(z, —v))/277)
OMjap OM;.op
_ri(@evy) o (@ —vy) T M( —v;) M,
27} IM; OMj,a,

IQ'(.’IJT,’U‘) a,
— —3277]23Tr [(azr—vj)(:c — v, )TJ b} ,

N
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where J% is the single-entry matrix (1 at (a,b) and zero elsewhere). We similarly calculate
dcy /OM; 41 and have

({92)”(’37 _ 1 i @ — ) (@ — i Y — CY)T
Mo, min-—2 gt OM; b v aMm b )
where
A&, — cg)(@r —cg)T
OM;.a.
d(#r—cg)(@r—cx)i
0 .. Dy rre 0
— d(@r—cg)(@r—cg)] .. d(@r—cg)(@r—cx)] . O —ex)(@r—cx)
OMj a.p OM;j.a0 Mo
0 o 8(:&,‘—6531\2[§ii;6x)21 .. 0

Here, we have

B(Iitr — CX)(:fZT — CX)It

OM; ap
m—1 m m—1 6/‘63'(537-,”]‘) 1™ 8ﬁj(ms7vj)
= i(xr,vr) — — ACTIC m TOM;,,
m K/]( T t) mZK/J( s t) m 8Mja.b m ana.b
SFET o al B
We similarly have 0(z, — c¢ ) (2, — CX)IJ / 0Mj,ap and
(&, — cx )& —cx)];
an,a,b
m_l m m—l@m-(x-’v») 1 & 6/‘6(513'0)
= 2 j(xr,v5) Kj(s,v;) Mmoo |

Project Mahalanobis matrix onto a positive definite cone

We can not guarantee the positive-definiteness of Mahalanobis matrices during the optimization
process via gradient ascend. Motivated from [43], we project Mahalanobis matrix onto a positive
definite cone as follows:

e Present the spectral (eigenvalue) decomposition of a Mahalanobis matrix M as

d
M = Z Aipip;
i=1
where A1, Ao, - -+, Ag are their eigenvalues with corresponding eigenvectors p1, P2, - - - , Pd-

e Project the Mahalanobis matrix M onto a positive definite cone

M= Z max {\;, 6} v;v] for small positive constant & .

C Datasets and Parameter Setting

Datasets
We partition datasets into several disjoint subsets, and then randomly draw data elements from

each subset based on the sample fraction, i.e., the proportion of samples to be selected from each
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5292 https://doi.org/10.52202/075280-0233



subset. We construct two different samples by using two different sample fractions in above stratified
sampling process, and construct two samples drawn from one identical distribution by adapting a
same sample fraction, as done in [60].

We provide the details of constructing two samples for each dataset as follows:

e blob is constructed as the mixture of nine Gaussian modes. We first write
U1 :[0,0], Ug = [0,1], us = [072],
’U,4:[].,O], Us = [1,1], U — [172],
U7:[270]7 usg = [271]a Ug = [272]»
and
—0.02—-0.002 x (i—1) for i <5
A, =<0 for i=5
0.02 + 0.002 x (i — 6) for :>5.
To construct different distributions IP and QQ, we adapt different covariance structures and

9 9
1 1 0.03 A
P= -E,l §N (u;,0.03 x I5) and Q= él 5]\/ <ui, [ A, 003 }) )

To construct identical distribution for two samples, i.e., P = QQ, we have

9 9
1 1
P= ~N (u;,0.03x I;) and Q= ~N (u;,0.03 x I,).
i:zl oV ( 2) and Q ; gV ( 2)
We set the sample size for training to 900 and for testing to 224.

e dna is a categorical dataset with 3 classes. For constructing two different samples, we
set the sample fraction for one sample to [0.30,0.35,0.35] and for the other sample to
[0.45,0.25,0.3]; To construct two samples with one identical distribution, we set the same
sample fraction [0.30, 0.35, 0.35] for two samples. We set the sample size for training to
1000 and for testing to 250.

e agnos (agnostic) is a categorical dataset with 2 classes. For constructing two different
samples, we set the sample fraction for one sample to [0.35, 0.65] and for the other sample
to [0.65, 0.35]; To construct two samples with one identical distribution, we set the same
sample fraction [0.35, 0.65] for two samples. We set the sample size for training to 1000
and for testing to 250.

e topo21 is a regression dataset with continuous target variables. Based on the sorted target
variables, we divide the data into 4 equal parts. For constructing two different samples,
we set the sample fraction for one sample to [0.1,0.3,0.2,0.4] and for the other sample to
[0.5,0.2,0.1,0.2]; To construct two samples with one identical distribution, we set the same
sample fraction [0.1,0.3, 0.2, 0.4] for two samples. We set the sample size for training to
2200 and for testing to 550.

e har is a categorical dataset with 6 classes. For constructing two different samples, we set
the sample fraction for one sample to [0.10, 0.20, 0.10, 0.20, 0.20, 0.10] and for the other
sample to [0.15,0.15,0.20,0.15,0.20, 0.15]; To construct two samples with one identical
distribution, we set the same sample fraction [0.10,0.20,0.10,0.20,0.20,0.10] for two
samples. We set the sample size for training to 2200 and for testing to 550.

e kropt is a categorical dataset with 18 classes, where we only consider categories 13, 14, 15
and 16 which have the majority of the data.. For constructing two different samples, we
set the sample fraction for one sample to [0.15,0.2,0.3,0.35] and for the other sample to
[0.35,0.35,0.15, 0.15]; To construct two samples with one identical distribution, we set the
same sample fraction [0.25,0.25,0.25, 0.25] for two samples. We set the sample size for
training to 2000 and for testing to 500.

e diamon (diamonds) is a regression dataset with continuous target variables. Based on the
sorted target variables, we divide the data into 4 equal parts. For constructing two different
samples, we set the sample fraction for one sample to [0.35, 0.2, 0.2, 0.25] and for the other
sample to [0.2,0.3, 0.3, 0.2]; To construct two samples with one identical distribution, we
set the same sample fraction [0.25, 0.25, 0.25, 0.25] for two samples. We set the sample size
for training to 2000 and for testing to 500.
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Table 4: Optimization parameters of our MEwgip test for different datasets.

Dataset  # Test Locations Learning Rate  Optimization Epoch
blob 17 0.007 1000
dna 15 0.0004 1000
agnos 15 0.001 200
topo2l 15 0.001 1000
har 15 0.001 100
kropt 1 0.002 1000
diamon 2 0.0013 1000
cifarl0 2 0.003 200
mnist 2 0.001 500
santan 10 0.001 1000
codrna 2 0.01 1000
sea50 1 0.01 1000
adult 1 0.001 1000
labor 1 0.001 1000
poker 3 0.002 200
higgs 15 0.001 1000

Original cifar10 (samples P) is compared to adversarial-cifar10 (samples Q) following [19],
where adversarial-cifar10 is constructed by [86] for distribution shift detection. To construct
two samples with one identical distribution, we select randomly between original cifar10
and adversarial-cifar10 and drawn two samples from the same dataset. The image is scaled
to 32 x 32 and we set the sample size for training to 200 and for testing to 50.

mnist contains 70000 handwritten digit images, we compare true mnist data (samples P) to
Fake-mnist data (samples Q) following [39], where the Fake-mnist data is drawn from a
pre-trained deep convolutional generative adversarial network [87] and the image is scaled
to 32 x 32. To construct two samples with one identical distribution, we select randomly
between original mnist and Fake-mnist and drawn two samples from the same dataset. We
set the sample size for training to 600 and for testing to 150.

santan (santandercustomersatisfaction) is a categorical dataset with 2 classes. For construct-
ing two different samples, we set the sample fraction for one sample to [0.8, 0.2] and for the
other sample to [0.25, 0.75]; To construct two samples with one identical distribution, we
set the same sample fraction [0.5, 0.5] for two samples. We set the sample size for training
to 1000 and for testing to 250.

codrna is a categorical dataset with 2 classes. For constructing two different samples, we set
the sample fraction for one sample to [0.7, 0.3] and for the other sample to [0.35, 0.65]; To
construct two samples with one identical distribution, we set same sample fraction [0.5, 0.5]
for two samples. We set the sample size for training to 1000 and for testing to 250.

sea50 is a categorical dataset with 2 classes. For constructing two different samples, we
set the sample fraction for one sample to [0.7, 0.3] and for the other sample to [0.3,0.7]; To
construct two samples with one identical distribution, we set same sample fraction [0.5, 0.5]
for two samples. We set the sample size for training to 5000 and for testing to 1250.

adult is a categorical dataset with 2 classes. For constructing two different samples, we set
the sample fraction for one sample to [0.6, 0.4] and for the other sample to [0.4, 0.6]; To
construct two samples with one identical distribution, we set same sample fraction [0.5, 0.5]
for two samples. We set the sample size for training to 5000 and for testing to 1250.

labor is a categorical dataset with 2 classes. For constructing two different samples, we set
the sample fraction for one sample to [0.6, 0.4] and for the other sample to [0.45, 0.55]; To
construct two samples with one identical distribution, we set same sample fraction [0.5, 0.5]
for two samples. We set the sample size for training to 5000 and for testing to 1250.

poker is a categorical dataset with 2 classes. For constructing two different samples, we
set the sample fraction for one sample to [0.2, 0.8] and for the other sample to [0.8,0.2]; To
construct two samples with one identical distribution, we set same sample fraction [0.5, 0.5]
for two samples. We set the sample size for training to 3000 and for testing to 750.
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Algorithm 2 MEyg;p training
Input: Two training samples X and Y, number of test locations ¢, optimization epoch K, step size i
Output: {v;}i_,, {M;}_,, {v:}{_, and F
1: Initialize {v;}¢_,, {M;}!_, = I and {~;}_, by Eqn. (36)
2: fork=1,2,..., K do
3:  Calculate the embeddding training samples X and Y based on Eqn (2)
4:  Calculate the statistic 7 (X,Y") based on Eqn. (4)
5. Calculate gradient V,,, 7(X,Y),V, T(X,Y) and V;, T(X,Y) via Eqns. (32), (34), (35)
6
7
8
9

Gradient ascend based on Adam optimization method with step size n
: end for . .
: Calculate the embeddding training samples X and Y based on Eqn (2)
. Calculate the pooled covariance matrix X Xy based on Eqn. (3)
10: Calculate the Schur decomposition of the pooled covariance matrix: LL = X Xy
11: Calculate the inference direction F' based on Eqn. (6)
12: return {v;}¢_,, {M;}o_,, {i}i_, and F

e higgs is a categorical dataset with 2 classes. For constructing two different samples, we set
the sample fraction for one sample to [0.0, 1.0] and for the other sample to [1.0, 0.0]; To
construct two samples with one identical distribution, we set same sample fraction [1.0, 0.0]
for two samples. We set the sample size for training to 16000 and for testing to 4000.

In optimization, we adapt Adam optimization method from the pytorch library in python [88, 89].
Table 4 presents the details of the hyperparameter settings for each dataset, including the number of
test locations, learning rate.

Experimental settings

At initialization, we usually set the Mahalanobis matrices {M; }¢_, to identity matrices. We further
provide an alternative initialization for the Mahalanobis matrices based on the correlation information
of two training samples as follows:

m—+n

M= (Sji—cs,)(Si—es,) /(m+n—1)+61,
=1

where S; = {x1 — v;,...,Tm — V;,Y1 — Vj,...,Yn — V;}, S;,; is the i-th element of S;, and
cs, = St S5 i/(m 4 n). Iy is an identity matrix of size d x d to guarantee the positive
definiteness with small constant 6 > 0. Here, the elements « and y are come from training samples
X and Y, and m and n are the numbers of elements in X and Y respectively.

For initialization of test locations, we first fit a Gaussian distribution for each sample and draw half
of the number of test locations from each distribution. This could be expensive for high dimensional
dataset, and we can simplify the process by directly sampling test locations from original dataset.

For initialization of the bandwidth parameters of Mahalanobis kernels, we let v; = y for every j € [¢]
and then linearly search for ~y that maximize the statistic from a candidate list with fixed test locations
and Mahalanobis matrices, which can be formalized as follows:

Ve = argmax,YT()A(,f/) for v € {med®-27%, med*-2738, med*-2735, ... med®-2*}, (36)
where med denotes the median of pairwise Euclidean distances of points in X and Y.
Compared methods
We now present the details for our compared methods as follows:

e ME?: The mean embeddding method learns a set of test locations and a single Gaussian
kernel, and then measures the difference between two mean embedddings with a statistic
following 2 distribution [9, 10];

’The code is downloaded from github.com/wittawatj/interpretable-test.
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Algorithm 3 MEypip testing

Input: Two testing samples X’ and Y”, test locations {v; }{_,, Mahalanobis kernels parameters
{M;}¥¢_, and {v;}!_,, inference direction F, significance level v and parameter (3
Output: h

1: Calculate the embeddding testing samples X’ and Y’ based on Eqn. (2)

2: Calculate mean embeddings ¢, = >, @;/m’ and ¢y, = >0, y;/n’

3: Calculate the pooled covariance matrix > Xy based on Eqn. (3)

4: Calculate the Schur decomposition of the pooled covariance matrix: L'L' = X X
5: ifFT(CX, - Cf/,) > (0 then

6:  h=IN3(T(X',Y") < Ba]

7: else o

8 h=INZ(T(X"Y") < (2-B)a]

9: end if
10: return h

Algorithm 4 Exploring the local significant differences

Input: Two testing samples X, Y, Mahalanobis kernels’ parameters {M;}¢_; and {;}¢_,, test
locations {v;}¢_,, partition tree T

Qutput: t*

Calculate the embeddding testing samples X’ and Y’ based on Eqn. (2)

Get the local two samples X Z/Si and Yél for every i € [s] based on partition Tree T'

Calculate bi-directional masked p-value g(X 1;31- , )Aféi) for each rectangle region B;

Resort rectangle regions as Byy, B(ay, . .., By in a non-increasing order based on g(-, -)
Calculate bi-directional hypothesis (X B }Afél) for each rectangle region B; by Eqn. (7)

Calculate the index set t* based on Eqn. (11)
return t*

AR A

e C2ST-S3: A binary classification neural network is trained and the statistic is computed as
the accuracy over a hold-out set of two samples [13];

e MMDAgg*: A solution for the fundamental kernel selection problem involves the aggrega-
tion of a large number of kernels with several bandwidths, where the incomplete U-statistics
are used to measure the difference between two samples Schrab et al. [75]. Notice that we
set the testing sample size for MMDAgg to 5 times that of the other methods, since it does
not require training;

e MMD-D’: A deep kernel approach for Maximum Mean Discrepancy (MMD), where the

parameters of a neural network, two lengthscales of Gaussian kernels and a regularization
parameter are optimized [39];

e C2ST-LS: A binary classification neural network is trained and the statistic is computed as
the difference between outputs of the logit function corresponding to two samples [14, 18];

e AutoML’: A binary classifier is trained based on Automated Machine Learning techniques
and the statistic is same to C2ST-L approach [19].

We implement methods for exploring local significant differences in Python, following their respective
guidelines as follows:

e FDG: Partition the sample space based on probability binning and then compare the car-
dinalities of two samples over rectangle regions, where a normalized chi-squared value is
computed for each bin to measure the local difference [24];

3The code is downloaded from github.com/lopezpaz/classifier_tests.

*The code is downloaded from github.com/antoninschrab/agginc-paper.
>The code is downloaded from github.com/fengliu90/DK-for-TST.

The code is downloaded from github.com/xycheng/net_logit_test.

"The code is downloaded from github.com/jmkuebler/autoML-TST-paper.
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Step I: Initialization with root 1

Partition tree

@

Splitting regions

Partition tree

SR

Step II: Split node 1 at x-axis with median position

Splitting regions

Step III: 1) Split node 2 at x-axis with median position
2) Split node 3 at y-axis with median position

Step IV: 1) Split node 4 at y-axis with median position
2) Split node 5 at x-axis with median position
3) Split node 6 at x-axis with median position
4) Split node 7 at y-axis with median position
Partition tree Splitting regions .
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Splitting regions
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Figure 9: An illustration for our partition tree with splitting regions.

o K-PRIM: Partition the space based on patient rule induction method along with the infor-
mation of kernel density estimation, and use a statistic following x? distribution to identify
local distributional difference [28];

e MRS: Partition the sample space based on pdlya tree method, which splits a leaf node based
on the median of randomly selected feature, and then measure the difference between local
two samples based on Binomial distribution [26];

e TEAM: Partition the sample space on the median of the feature with largest sample variance,
and then measure differences between local two samples with Binomial distribution [27];

e BTLDD: Estimate the conditional probabilities of two samples based on a regression model
and then cluster those elements with significant different conditional probabilities [77];

o MMDT: Partition the sample space into multiple equal grids based on quantile values of the
features, and then estimate the kernel densities of two samples and measure local differences
based on Welch’s two-sample t-test statistic [29].

For the exploration of local significant differences, we take density differences [78] between two
samples in a local region as an evaluation measure for local significant differences, and follow the
works of [79, 80] based on k-NN density estimator with & = 20. Here, denote by X and Y the
available data for density evaluation, we have estimated density functions as follows:

20 20
wd M= N e

fx(z):

T Nowg- rx(z)?
where z € [0, 1]¢, N denotes sample size for density estimation and v, is the volume of a unit ball
in R, Denote by 7x (z)? and ry ()¢ the distances from z to its 20-th nearest neighbors in X and

Y, respectively. For density estimation, we use all data of diamond, and 1, 000, 000 data of other
datasets due to the limitation of time complexity.

For our ME)y,ip test, we present the detailed training procedure in Algorithm 2 and testing procedure
in Algorithm 3. Figure 9 is a pictorial illustration to present the region-splitting method and clarify
that our partition tree is constructed iteratively: We initiate tree root with embedding space, and
during each iteration, we select randomly one of those leaves with the largest size of training data
points, and select the feature of the largest statistics value and with the median splitting position. We
present the detailed description on the exploration of local significant differences in Algorithm 4.
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1000 for

and run
200 for codrna and 150 for sea50. As can be seen, our MEyapip test takes better test powers

T, we run

T, we run experiments on GPU for cifar and mnist,
https://doi.org/10.52202/075280-0233

the training time of MMDAgg is

our MEygip and ME methods calculate

the rejection threshold based on the asymptotic distribution x7, whereas other methods perform

permutation test or wild bootstrap.

Datasets

27
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we run experiments on GPU. For other methods except for AutoMLTS

, as shown in Figure 10 and Figure 11. Notice that,

)

ane - ,gno® (gpo2t e
Comparisons of testing time for different methods on two-sample test. Note that y-axis is in log-scale.

D

.

-sample test
, since it has no training procedure. In testing procedure,

For fair comparisons, we run all experiments on a single core without parallel optimizations, and
experiments are performed with Python on nodes of a computational cluster with a single CPU
(Intel Core 19-10900X 3.7GHz) and a single GPU (GeForce RTX 2080 Ti), running Ubuntu with
128GB main memory. For these methods based on deep neural networks, such as C2ST-S, C2ST-L
and MMD

Figure 12 shows the experimental comparisons between Mahalanobis kernels and Gaussian kernels,
and it is obvious that Mahalanobis kernels achieves higher test power with better performance by
exploiting local regions and directional information. Figure 13 presents experimental comparisons of
empirically than other methods w.r.t different training sample sizes by incorporating correlation and

limited about av = 0.05 for all compared methods, which shows the effectiveness of test power in
directional information of two samples.

experiments for different methods.
test power with different training sample sizes. The testing sample size is set as 200 for blob,

Additional experimental comparisons
higgs,

D Experimental comparisons
experiments on CPU. For AutoMLTS
experiments on CPU for other datasets.

Figure 11
Running time

two

0
Table 5 presents the comparisons of type-I error for different methods. As can be seen, type-I error is

We further compare the average training time and testing time (in seconds) for different methods on



Table 5: Comparisons of type-I error (mean4std).

Dataset Ours MEmagip ME MMDAgg MMD-D C2ST-L C2ST-S AutoMLTST
blob 043+ .025 064+ .056 061+ .054  .064+ .018 037+ .032 .004+ .006 019+ .016
dna 045+ .036 052+ .068 061+ .035 002+ .004  .037+ .025 059+ .054 033+ .034

agnostic 047+ .023 .049+ .034 0514 .043 002+ .004  .0424.029 063+ .045 046+ .039

topo21 033+ .019 049+ .032 038+ .034  .049+£ .039 019+ .022  .0514.024 038+ .024
har 046+ .033 .033+£.026  .040+ .030  .045+ .028 022+ .014 061+ .041 052+ .041
kropt 033+ .016 .021£.006  .013+.000  .030+£ .029 046+ .016  .0334+.012 033+ .021

diamon 042+ .024 029+ .024 0174+ .012  .046+£ .023 013+ .010 .0214.016 .0334+ .031
cifar 015+ .010 012+ 011 025+ .014 0784 .068 .021£ .016  .0274.017 020+ .014
mnist .043+ .038 013+ .016  .0414.028 092+ .068 032+ .041 057+ .026 .049+ .039

santan .037+£ .031 092+ .043 029+ .006  .0584.019 025+ .018 037+ .027 042+ .036

codrna .013+ .010 .017£.016  .075+.080  .042+ .028 046+ .047 042+ .012 .008+ .012

sea50 032+ .027 .021£.012 0584+ .026  .088+£ .059 029+ .041 058+ .056 050+ .047
adult .024+ 016 021+ .016 029+ .016 .038+ .010 .033+ .016 .033+ .026 062+ .020
labor .017£ .016 .037£ .010  .0544 .059 056+ .029 029+ .024  .0294 .026 042+ .026
poker 029+ .016 .013+ .010 054+ .041 078+ .047 .029+ .006 058+ .031 .050+ .054
higgs 046+ .011 024+ .016  .043+ .031 066+ .028 068+ .098 .048+ .017 .034+ .039

o blob o higgs o higgs o higgs

g 04 —=— Mahalanobis kernel g " —=— Mahalanobis kernel| g h —a— Mahalanobis kernel z " —=— Mahalanobis kernel

P e T G esme T T e e e T
Figure 12: The comparisons of test power vs sample size for Mahalanobis kernel and Gaussian kernel.
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Figure 15: The comparisons of £ with different sample size and number of test locations.

Figure 14 presents experimental comparisons between our bi-directional masked p-value and previous
Sidak [67]. As can be seen, our bi-directional masked p-value achieves higher test power by exploiting
the significant level of local difference. Figure 15 analyzes the relationship between probability
¢ =Pr[sen(F, L' (c %, ~ vy )] > 1) and sample size, by considering different numbers of test

locations ¢ € {2, 6,10, 14, 18}. As can be seen, £ gradually increases as the sample size for different
number of test locations, which shows the necessity of directional information in two-sample test.

Figure 16 analyzes the relationship between the number of local regions s and probability
¢ = Prlsgn(Fy Lj;* (CX/B - cyy )] > 1). The probability ¢ increases with s, and hence can
effectively partition the space into local regions with different inference directions. Figure 17 presents

https://doi.org/10.52202/075280-0233
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Figure 16: The comparisons of ¢ for partition trees with s € [2°, 2%]. The value of ¢ increases as s increases.

dna topo21 blob 08 higgs
07 == 07 , 1.00 v PO
S St s swn AN R > TIITTEEREER RS
eatee . bbb voe e o
o6 L 06 ppRCEt - e L 06
] B IR P “u| Boss ] eananterera®
z z 2 H P
3 3os H 3 oalieeaee
205 s g2 Q04{e
o o o
g o go% P
2 3 M it o i as | K 02] [l a et
041 s N=125,£=.57 031 _a N=a00, 7 e N=500,£=.61 0.85 o N=250,£=.96 —s— N=1000,£=.90 -e- N=2000,£=.98
N=150, £=.59 . N=450,£=.58  ->- N=550,€=.65 -+ N=300,£=.98 00 N=1500,£=.96  -»- N=2500,§=.99
10 11 12 13 14 15 16 17 18 19 20 10 11 12 13 14 15 16 17 18 19 20 10 11 12 13 14 15 16 17 18 19 20 10 11 12 13 14 15 16 17 18 19 20
B B

Figure 17: The correlation between the optimal parameter 5 and probability £ = Pr[sgn(Fg Lgl (e X~
v )] > 1). Here, N denotes sample size.

additional experiments on the relationship between the optimal parameter S and the probability
¢=Pr[F"L'"!(cg — cy,) > 0], as shown in Figure 6.
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