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1 INTRODUCTION

In this thesis, we build learning models as cluster the data points. Our
motivation comes from the observations of learning models that the pre-
diction performance stays in a bottleneck and cannot be improved via
however we tune the model parameters. The phenomenon can be traced
back to that the model does not fit to all data points. Thus, we hope each
data point to get a better fit by introducing clustering along with learning.
In particular, we consider the following two settings. One is with a large
fraction of clean data points which satisfy the model specification and
with a small portion outliers which do not satisfy the model specification.
The outliers could be arbitrary, aiming to bias the estimation. The other
is with two mixtures of data points, which satisfy two specified models
respectively. Given the data diversity, our approach is to introduce some
new variables to cluster the data points such that we do estimation and
clustering at the same time.

In the first half of this thesis, we study a linear regression model with
outliers/bugs in the training dataset that could adversely affect the esti-
mation or prediction results. In the last decades, lots of researchers focus
on building a robust model by changing the loss function. For example,
instead of least squares, Huber loss became popular as a robust model. If
the data point is clean, then Huber loss expects it to keep the square of
the error. Otherwise, Huber loss takes the linear rate of the error. Such
careful design could weaken the influence of the outliers so that a buggy
point would not have infinite influence on the estimation. Our idea is
to introduce each data point a new variable to determine whether it is
buggy or not. In this new manner, we classify the points into clean ones
and buggy ones and at the same time we do the estimation for the linear
regression. If the data point is buggy, the new variable corresponding to
the data point will absorb the bad influence into itself rather than push it



to the estimator. Therefore, we can also decide whether a point is clean
via the optimization results through the new variables. An interesting
analysis shows that this new model is equivalent to using Huber loss,
which suggests the robustness of our proposed model. While studying
the model, we found a number of interesting problems to solve. We will
give more details in Chapter 2.

In the second half of this thesis, we study the mixtures of ranking
problem. In the past, it is popular to assume that there is one potential
ranking over all items. When we explain a contradiction like votes of i >~ j
and j > i (> means the former item is preferred than the later one), we
say it is caused by the noise and we use probabilistic model to absorb
such noise. However, it is more likely in the real world that more potential
rankings exist since people recognize things differently. Following modern
views and ways to build a statistical model, we propose to create more
clusters and estimate the rankings for each cluster. In practice, such a
problem can be solved by EM algorithm, which alternatively clusters the
data points and executes the estimation. In the study, we found that even
a fundamental issue, identifiability, hasn’t been solved so far. Therefore,
our focus in this work would be giving a general framework for affirming
the identifiability for mixtures of ranking models. More details will be
discussed in Chapter 3.



2 PROVABLE TRAINING SET DEBUGGING FOR LINEAR

REGRESSION

In this chapter, we investigate problems in penalized M-estimation, in-
spired by applications in machine learning debugging. Data are collected
from two pools, one containing data with possibly contaminated labels,
and the other which is known to contain only cleanly labeled points. We
first formulate a general statistical algorithm for identifying buggy points
and provide rigorous theoretical guarantees when the data follow a linear
model. We then propose an algorithm for tuning parameter selection
of our Lasso-based algorithm with theoretical guarantees. Finally, we
consider a two-person “game" played between a bug generator and a
debugger, where the debugger can augment the contaminated data set
with cleanly labeled versions of points in the original data pool. We de-
velop and analyze a debugging strategy in terms of a Mixed Integer Linear
Programming (MILP). Finally, we provide empirical results to verify our
theoretical results and the utility of the MILP strategy.

2.1 Introduction

Modern machine learning systems are extremely sensitive to training set
contamination. Since sources of error and noise are unavoidable in real-
world data (e.g., due to Mechanical Turkers, selection bias, or adversarial
attacks), an urgent need has arisen to perform automatic debugging of
large data sets. Cadamuro et al. (2016) and Zhang et al. (2018) proposed a
method called “machine learning debugging” to identify training set errors
by introducing new clean data. Consider the following real-world scenario:
Company A collects movie ratings for users on a media platform, from
which it learns relationships between features of movies and ratings in

order to perform future recommendations. A competing company B knows



A’s learning method and hires some users to provide malicious ratings.
Company A could employ a robust method for learning contaminated
data—but in the long run, it would be more effective for company A to
identify the adversarial users and prevent them from submitting additional
buggy ratings in the future. This distinguishes debugging from classical
learning. The debugging problem also assumes that company A can hire
an expert to help rate movies, from which it obtains a second trusted data
set which is generally smaller than the original data set due to budget
limitations. In this paper, we will study a theoretical framework for the
machine learning debugging problem in a linear regression setting, where
the main goal is to identify bugs in the data. We will also discuss theory
and algorithms for selecting the trusted data set.

Our first contribution is to provide a rigorous theoretical framework
explaining how to identify errors in the “buggy" data pool. Specifically,
we embed a squared loss term applied to the trusted data pool into the
extended Lasso algorithm proposed by Nguyen and Tran (2013), and
reformulate the objective to better service the debugging task. Borrowing
techniques from robust statistics (Huber and Ronchetti, 2011; She and
Owen, 2011; Nguyen and Tran, 2013; Foygel and Mackey, 2014; Slawski
and Ben-David, 2017) and leveraging results on support recovery analy-
sis (Wainwright, 2009; Meinshausen and Yu, 2009), we provide sufficient
conditions for successful debugging in linear regression. We emphasize
that our setting, involving data coming from multiple pools, has not been
studied in any of the earlier papers.

The work of Nguyen and Tran (2013) and Foygel and Mackey (2014)
(and more recently, Sasai and Fujisawa (2020)) provided results for the
extended Lasso with a theoretically optimal choice of tuning parameter,
which depends on the unknown noise variance in the linear model. Our
second contribution is to discuss a rigorous procedure for tuning parameter

selection which does not require such an assumption. Specifically, our



algorithm starts from a sufficiently large initial tuning parameter that
produces the all-zeros vector as an estimator. Assuming the sufficient
conditions for successful support recovery are met, this tuning parameter
selection algorithm is guaranteed to terminate with a correct choice of
tuning parameter after a logarithmic number of steps. Note that when
outliers exist in the training data set, it is improper to use cross-validation
to select the tuning parameter due to possible outliers in the validation
data set.

Our third contribution considers how to design a second clean data
pool, which is an important but previously unstudied problem in machine
learning debugging. We consider a two-player “game" between a bug
generator and debugger, where the bug generator performs adversarial
attacks (Chakraborty et al., 2018), and the debugger applies Lasso-based
linear regression to the augmented data set. On the theoretical side, we
establish a sufficient condition under which the debugger can always beat
the bug generator, and show how to translate this condition into a debug-
ging strategy based on mixed integer linear programming. Our theory
is only derived in the “noiseless” setting; nonetheless, empirical simula-
tions show that our debugging strategy also performs well in the noisy
setting. We experimentally compare our method to two other algorithms
motivated by the machine learning literature, which involve designing
two neural networks, one to correct labels and one to fit cleaned data (Veit
etal., 2017); and a method based on semi-supervised learning that weights
the noisy and clean datasets differently and employs a similarity matrix
based on the graph Laplacian (Fergus et al., 2009).

The remainder of the paper is organized as follows: Section 2.2 in-
troduces our novel framework for machine learning debugging using
weighted M-estimators. Section 2.3 provides theoretical guarantees for re-
covery of buggy data points. Section 2.4 presents our algorithm for tuning

parameter selection and corresponding theoretical guarantees. Section 2.5



discusses strategies for designing the second pool. Section 2.6 provides
experimental results. Section 2.7 concludes the paper.

Notation: We write Anin(A) and Anax(A) to denote the minimum and
maximum eigenvalues, respectively, of a matrix A. We use Null(A) to
denote the nullspace of A. For subsets of row and column indices S and
T, we write Ag 1 to denote the corresponding submatrix of A. We write
|| Allmax to denote the elementwise {,,-norm, ||A||2 to denote the spectral
norm, and ||A||, to denote the {,,-operator norm. For a vector v € R™, we
write supp(v) C {1,...,n} to denote the support of v, and ||v||, = max |v;
to denote the maximum absolute entry. We write ||v||,, to denote the -
norm, for p > 1. We write diag(v) to denote the n x n diagonal matrix
with entries equal to the components of v. For S C {1,...,n}, we write
vs to denote the |S|-dimensional vector obtained by restricting v to S. We

write [n] as shorthand for {1,...,n}.

2.2 Problem Formulation

We first formalize the data-generating models analyzed in this paper.
Suppose we have observation pairs {(xi, yi)}I*; from the contaminated
linear model

Yi =x{ B* + v} + e, 1<ig<n, (2.1)

where 3* € RP is the unknown regression vector, y* € R™ represents
possible contamination in the labels, and the €;’s are i.i.d. sub-Gaussian
noise variables with variance parameter 0>. We also assume the x;’s are
iid. and x; 1L €;. This constitutes the “first pool." Note that the vector v*
is unknown and may be generated by some adversary. If y; = 0, the i
point is uncontaminated and follows the usual linear model; if y; # 0O, the
ih point is contaminated /buggy. Let T := supp(y*) denote the indices of
the buggy points, and let t := [T| denote the number of bugs.

We also assume we have a clean data set which we call the “second



pool." We observe {(xi,y:) ], satisfying
i=X B +e&, 1<i<m, (2.2)

where the €;’s are i.i.d. sub-Gaussian noise variables with parameter 6.
Let L := 2, and suppose L > 1. Unlike the first pool, the data points in the
second pool are all known to be uncontaminated.

For notational convenience, we alsouse X € R™*?,y € R",and e € R™
to denote the matrix/vectors containing the x;’s, yi’s, and €;’s, respectively.
Similarly, we define the matrices X e R™*P, gy € R™, and € € R™. Note
that 3*,v*, T, t, and the noise parameters o and ¢ are all assumed to be
unknown to the debugger. In this paper, we will work in settings where
XT X is invertible.

Goal: Upon observing {(xi,yi)}I*, the debugger is allowed to design
m points X in a stochastic or deterministic manner and query their corre-
sponding labels y, with the goal of recovering the support of y*. We have
the following definitions:

Definition 2.1. An estimatory satisfies subset support recovery if supp(y) C
supp(v*). It satisfies exact support recovery if supp(y) = supp(y*).

In words, when ¥ satisfies subset support recovery, all estimated bugs
are true bugs. When 7 satisfies exact support recovery, the debugger
correctly flags all bugs. We are primarily interested in exact support
recovery.

Weighted M-estimation Algorithm: We propose to optimize the joint
objective

B cars min oy —x8—vIE+ 115Xl Ayl
(2.3)



where the weight parameter 1 > 0 determines the relative importance of
the two data pools. The objective function applies the usual squared loss
to the points in the second pool and introduces the additional variable
v to help identify bugs in the first pool. Furthermore, the {;-penalty
encourages Y to be sparse, since we are working in settings where the
number of outliers is relatively small compared to the total number of
data points. Note that the objective function (2.3) may equivalently be
formulated as a weighted sum of M-estimators applied to the first and
second pools, where the loss for the first pool is the robust Huber loss
and the loss for the second pool is the squared loss (cf. Proposition A.2 in
Appendix A.1.1).

Lasso Reformulation: Recall that our main goal is to estimate (the
support of) v* rather than 3*. Thus, we will restrict our attention to y*
by reformulating the objectives appropriately. We first introduce some
notation: Define the stacked vectors/matrices

r X ’r Yy r €
e W S W

where X’ € R™+XP and y’, e’ € R™™. For a matrix A, let Py =
A(ATA)TIAT and Py = I — A(ATA)'AT denote projection matrices
onto the range of the column space of A and its orthogonal complement,
respectively. For a matrix S C [n], let Ms denote the (n + m) X |S| matrix
with i column equal to the canonical vector es ;). Thus, right-multiplying
by Ms truncates a matrix to only include columns indexed by S. We have

the following useful result:

Proposition 2.2. The objective function

-~ . 1 Lo L 2
Y € arg min {%HPX’U — PxMmyvllz + 7\HYH1} (2.5)

shares the same solution for y with the objective function (2.3).



Proposition 2.2, proved in Appendix A.1.2, translates the joint opti-
mization problem (2.3) into an optimization problem only involving the
parameter of interest y. We provide a discussion regarding the corre-
sponding solution B in Appendix A.1.1 for the interested reader. Note
that the optimization problem (2.5) corresponds to linear regression of
the vector/matrix pairs (Pxy’, Px,Mn)) with a Lasso penalty, inspiring
us to borrow techniques from high-dimensional statistics.

2.3 Support Recovery

The reformulation (2.5) allows us to analyze the machine learning debug-
ging framework through the lens of Lasso support recovery. The three
key conditions we impose to ensure support recovery are provided below.

Recall that we use Mt to represent the truncation matrix indexed by T.

Assumption 2.3 (Minimum Eigenvalue). Assume that there is a positive

number b’ . such that

min

Amin (M{Px,M71) > b (2.6)

min*

Assumption 2.4 (Mutual Incoherence). Assume that there is a number «’ €
[0,1) such that
M7 Pt Mt (M7 P M) oo < . (2.7)

Assumption 2.5 (Gamma-Min). Assume that
min [vi] > G = [|(M7 P M7) ™ My P50 + 1A || (M P M7) 7 -
1€
(2.8)

Assumption 2.3 comes from a primal-dual witness argument Wain-
wright (2009) to guarantee that the minimizer ¥ is unique. Assumption 2.4
measures a relationship between the sets T¢ and T, indicating that the
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large number of nonbuggy covariates (i.e., T¢) cannot exert an overly
strong effect on the subset of buggy covariates Ravikumar et al. (2010).

cl
To aid intuition, consider an orthogonal design, where X = [ /;ﬂ’[p]] and
Clpxp
X =c"I,xp, forsome t < p,and c,c’,c” > 0. We use the notation Ijy )
to denote a submatrix of I, ., with rows indexed by the set [t]. Suppose

the first t points are bugs, and for simplicity, let 1 = m/n. Then the mu-

(C//)Z

tual incoherence condition requires ¢ < ¢’ + ~——,

meaning that in every
direction e;, the component of buggy data cannot be too large compared
to the nonbuggy data and the clean data. Assumption 2.5 lower-bounds
the minimum absolute value of elements of y. Note that A is chosen based
on €', so the right-hand expression is a function of €’. This assumption

min; *
LW’ needs

indeed captures the intuition that the signal-to-noise ratio,
to be sufficiently large.
We now provide two general theorems regarding subset support re-

covery and exact support recovery.

Theorem 2.6 (Subset support recovery). Suppose Py, satisfies Assumptions 2.3
and 2.4. If the tuning parameter satisfies

2
1— o

€/

A MrcPs, (1 - P;MT(MIP;MT)*MIP;) <
n

, (29)

o0

then the objective (2.5) has a unique optimal solution 7, satisfying supp(y) C
supp(v*) and ||y —v*||, < G".

Theorem 2.7 (Exact support recovery). In addition to the assumptions in
Theorem 2.6, suppose Assumption 2.5 holds. Then we have a unique optimal
solution Y, which satisfies exact support recovery.

Note that we additionally need Assumption 2.5 to guarantee exact
support recovery. This follows the aforementioned intuition regarding

the assumption. In particular, recall that € and € are sub-Gaussian vectors
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with parameters o2 and 0°/L, respectively, where L > 1 (i.e., the clean
data pool has smaller noise). The minimum signal strength min;cr [y
needs to be at least ©(o+/logn), since E [maxic(n leil] < o4/21log(2n).
Intuitively, if min;er [v;|is of constant order, it is difficult for the debugger
to distinguish between random noise and intentional contamination.

We now present two special cases to illustrate the theoretical benefits
of including a second data pool. Although Theorems 2.6 and 2.7 are stated
in terms of deterministic design matrices and error vectors € and ¢, the
assumptions can be shown to hold with high probability in the example.
We provide formal statements of the associated results in Appendix A.1.3
and Appendix A.1.3.

Example 2.8 (Orthogonal design). Suppose Q is an orthogonal matrix with
columns qi,qa,...,qp, and consider the setting where Xt = RQT € R™P
and Xye = FQT € RP*P, where R = [diag({ri}}_;) | O¢x(p_v)] and F =
diag({fi}}_,). Thus, points in the contaminated first pool correspond to orthogo-
nal vectors. Similarly, suppose the second pool consists of (rescaled) columns of Q,
s0X =WQT € R™*P, where W = diag({w:)P_,). (To visualize this setting,

one can consider Q = 1 as a special case.) The mutual incoherence parameter is

T‘ifi
+N
dominates the weight of a clean point in any direction, e.g., when |ri| > |fi| and

> ) Hence, &' < 1 if the weight of a contaminated point

— .
X = maXigigt ‘f% w2

w; = 0; in contrast, if the second pool includes clean points w; q; with sufficiently
large [wi|, we can guarantee that «” < 1. Furthermore,

1<i<t L(ff + Trwi)?

+ 29 ([ og2m—n+c) 1+ i
1— o 08 <l giagxtf%-i-%w%

for some constant C. It is not hard to verify that G’ decreases by adding a second

2(Lf2 4 12
G/%O"< 210gt+c>\/1+maxr‘( A

pool. Further note that the behavior of the non-buggy subspace, span{q¢1, ..., qp},
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is not involved in any conditions or conclusions. Thus, our key observation is that
the theoretical results for support recovery consistency only rely on the addition
of second-pool points in buggy directions.

Example 2.9 (Random design). Consider a random design setting where the
rows of X and X are drawn from a common sub-Gaussian distribution with
covariance . The conditions in Assumptions 2.3-2.5 are relaxed in the presence

of a second data pool when n and m are large compared to p: First, b] . increases
IXre 2 X[l

o S0 the mutual incoherence

by adding a second pool. Second, &' ~
parameter also decreases by adding a second pool. Third,

L

20+/logt 2 X+ I 1XT
G' ~ OvV08 + ° max{l, nn}H(Itxt—g

bl .. 1— o mL n+nn

)—1

e¢]

where Xt and Xv. represent the submatrices of X with rows indexed by T and T¢,
respectively. Note that the one-pool case corresponds ton = 0 and

XrZ1XT
n+nn

Xr£1XT
n

)~ )~

7
o

H (Itxt -

< H (Lexe —
so if we choose ) < L, then G’ decreases by adding a second pool. Therefore, all
three assumptions are relaxed by having a second pool, making it easier to achieve
exact support recovery.

We also briefly discuss the three assumptions with respect to the weight
parameter n: Increasing 1 always relaxes the eigenvalue and mutual inco-
herence conditions, so placing more weight on the second pool generally
helps with subset support recovery. However, the same trend does not nec-
essarily hold for exact recovery. This is because a larger value of n causes
the lower bound (2.9) on A to increase, resulting in a stricter gamma-min

condition. Therefore, there is a tradeoff for selecting 7.
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2.4 Tuning Parameter Selection

A drawback of the results in the previous section is that the proper choice
of tuning parameter depends on a lower bound (2.9) which cannot be
calculated without knowledge of the unknown parameters (T, &', €’). The
tuning parameter A determines how many outliers a debugger detects; if A
is large, then ¥ contains more zeros and the algorithm detects fewer bugs.
A natural question arises: In settings where the conditions for exact support
recovery hold, can we select a data-dependent tuning parameter that correctly
identifies all bugs? In this section, we propose an algorithm which answers

this question in the affirmative.

2.4.1 Algorithm and Theoretical Guarantees

Our tuning parameter selection algorithm is summarized in Algorithm 1,
which searches through a range of parameter values for A, starting from
a large value A, and then halving the parameter on each successive step
until a stopping criterion is met. The intuition is as follows: First, let A* be
the right-hand expression of inequality (2.9). Suppose that for any value
in I = [A*,2A*], support recovery holds. Then given A, > A*, the geometric
series A = {Au, )‘7“, ?‘4—”, - } must contain at least one correct parameter for
exact support recovery since A N I # (), guaranteeing that the algorithm
stops. As for the stopping criterion, let Xs denote the submatrix of X with

n |S|—c0

rows indexed by S for T¢ C S C [n]. We have Py, — (1 — |—sp|—)> [ under

some mild assumptions on X, in which case Py ys — <1 — ‘-E—‘> (vs +€s).
When A is large and the conditions hold for subset support recovery but
not exact recovery, we have SN'T # 0, so

min [Py, ys| > (1 — %) (min YTl —{relﬁﬁleil) :
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In contrast, when S = T¢, we have

min!Pfsygl < <1 |S!) maxlell

i€[n]

When min |y7] is large enough, the task then reduces to choosing a proper
threshold to distinguish the error |et<| from the bug signal |y%|, which
occurs when the threshold is chosen between max; |€;| and min;cr [y}| —

max; |€;/.

Algorithm 1 Regularizer selection

Input: A, €
Output: A*

1: C=1,k=1A=A,.

2: while C=1do

. L 2 Ak

3 y<e argmmveRn {3 Py’ = P My I3 + A%yl }-

4: Let X,y consist of x;,y; such that i ¢ supp(y*). Let 1) be
the length of y*

5: cAr:%-median(‘PL y(k)‘).

6 C=0if [Pry™|e < 3671 /log2nG.

72 k=k+1,AK=A1/2

8: end while

With the above intuition, we now state our main result concerning
exact recovery guarantees for our algorithm. Recall that the €;’s are sub-
Gaussian with parameter o”.

Let ¢, := £ < 7 denote the fraction of outliers. We assume knowledge
of a constant ¢ that satisfies ¢, + P[lei] < co] < % Note that a priori
knowledge of ¢ is a less stringent assumption than knowing o, since we
can always choose ¢ to be close to zero. For instance, if we know the
€;’s are Gaussian, we can choose ¢ < erffl( —¢¢); in practlce we can
usually estimate c to be less than %, so we can take ¢ = erf™ (g). As shown
later, the tradeoff is that having a larger value of ¢ provides the desired

guarantees under weaker requirements on the lower bound of min;c [y;].
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Hence, if we know more about the shape of the error distribution, we can
be guaranteed to detect bugs of smaller magnitudes. We will make the
following assumption on the design matrix:

Assumption 2.10. There exists a p x p positive definite matrix L, with bounded
minimum and maximum eigenvalues, such that for all X' appearing in the while
loop of Algorithm 1, we have

(k)5 —1x (k)T Moo 109 1oe 1K)
HX X L < cmax ogl ’ ogl ,
p max p p
XX Amin(2)
H—Uk) —x < (2.10)

where 1) is the number of rows of the matrix X'™) and c is a universal constant.

This assumption is a type of concentration result, which we will show

holds w.h.p. in some random design settings in the following proposition:

Proposition 2.11. Suppose the xi’s are i.i.d. and satisfy any of the following
additional conditions:

(a) the xi’s are Gaussian and the spectral norm of the covariance matrix is
bounded;

(b) the xi’s are sub-Gaussian with mean zero and independent coordinates, and
the spectral norm of the covariance matrix is bounded; or

(c) the xi’s satisfy the convex concentration property.
Then Assumption 2.10 holds with probability at least 1 — O(n™1).

The X matrix can be chosen as the covariance of X. In fact, Assump-
tion 2.10 shows that Py, is approximately a scalar matrix. We now in-
troduce some additional notation: For v > 0, define ¢, and C, such that
v = P[le;] < ¢yo)and v = Plle;] > C,0]. We write G’(A) to denote the
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function of A in the right-hand expression of inequality (2.8). Proofs of

the theoretical results in this section are provided in Appendix A.1.4.

Theorem 2.12. Assume v is a constant satisfying v + ¢y < % Suppose As-
sumption 2.10, the minimum eigenvalue condition, and the mutual incoherence
condition hold. If

n > max { [%] " {M(pz + logzn)} o } , (2.11)

Cv 1—c

where C is an absolute constant, and

5 ¢y +5C
. * / * - v v
1%1%1 lyi| > max {G (2A7),44/log(2n)o, 4\/10g(2n)—(_: O'}, o)

\/_Cv 1/2+cn
o S 1—c lo 2TL
vl < Yo VT og

for some ¢, € (O 1), then Algorithm 1 with inputs € < ¢y and Ay > N* will

return a feaszble A in at most log, (3v) iterations such that the Lasso estimator y
based on A satisfies supp(y) = supp(y*), with probability at least

3log, (3 Au 1 2
_%—Zlo&( )exp( Z(E—Ct—\/) n).

Theorem 2.12 guarantees exact support recovery for the output of
Algorithm 1 without knowing o. Note that compared to the gamma-min
condition (2.8) with A = A*, the required lower bound (2.12) only differs
by a constant factor. In fact, the constant 2 inside G’(2A*) can be replaced
by any constant ¢ > 1, but Algorithm 1 will then update A* = A*~!/c and
require log_ (3+) iterations. Further note that larger values of c, translate
into a larger sample size requirement, asn = Q ( ) for ¢, being close
to 0. A limitation of the theorem is the upper bound on ||v*||co, where t
needs to be smaller than n in a nonlinear relationship. Also, n is required
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to be Q(p?). These two conditions are imposed in our analysis in order
to guarantee that Py ys — <1 — %) (v§ + €s). We now present a result
indicating a practical choice of A,:

Corollary 2.13. Define

8 max{1, /T~ Ps e
Ao) == maf{_ oy Lm}\/log2(n— t)@ - co.

Suppose Assumption 2.10, the minimum eigenvalue condition, and the mutual

incoherence condition hold. Also assume conditions (2.11) and (2.12) hold when
_ 2‘|M[n]P>J('/U,||oo

replacing A* by A(o). Taking the input A, = ——2>=—, Algorithm 1 outputs
a pammeteri in O(logn) iterations which provides exact support recovery, with
probability at least
L4 (c’log, n 4+ max {0, ; log, 2% })
n—t
/ 1 nmm —2(%—ct—v)2n
—2<c log2n~|—§max {0,logzﬁ}) e .

Note that A,, can be calculated using the observed data set. Further note
that the algorithm is guaranteed to stop after O(logn) iterations, meaning
it is sufficient to test a relatively small number of candidate parameters in

order to achieve exact recovery.

2.5 Strategy for Second Pool Design

We now turn to the problem of designing a clean data pool. In the pre-
ceding sections, we have discussed how a second data pool can aid exact
recovery under sub-Gaussian designs. In practice, however, it is often
unreasonable to assume that new points can be drawn from an entirely
different distribution. Specifically, recall the movie rating example dis-
cussed in Section 2.1: The expert can only rate movies in the movie pool,
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say {xi}I*;, whereas an arbitrarily designed X, e.g., X = x1/2, is unlikely
to correspond to an existing movie. Thus, we will focus on devising a
debugging strategy where the debugger is allowed to choose points for
the second pool which have the same covariates as points in the first pool.

In particular, we consider this problem in the “worst" case: suppose a
bug generator can generate any y* € I' := {y € R™ : supp(y)| < t} and add
it to the correct labels X3*. We will also suppose the bug generator knows
the debugger’s strategy. The debugger attempts to add a second data pool
which will ensure that all bugs are detected regardless of the choice of
v*. Our theory is limited to the noiseless case, where y = X3* 4+ v* and
J = XB*; the noisy case is studied empirically in Section 2.6.3.

2.5.1 Preliminary Analysis

We denote the debugger’s choice by x; = XTey ), for i € [m], where
ev(i) € R™is a canonical vector and v : [m] — [n] is injective. In matrix
form, we write X = Xp, where D C [n] represents the indices selected
by the debugger. Assume m < p, so the debugger cannot simply use the
clean pool to obtain a good estimate of (3. In the noiseless case, we can

write the debugging algorithm as follows:

min
BeRv,veRnHwh (2.13)

subjecttoy =XB +v, y = XB.

Similar to Proposition 2.2, given a 'y, we can pick {3 to satisfy the con-

P N
straints, specifically p = <XTX + XTX> (XT(y —v)+ ng>. Eliminat-
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ing (3, we obtain the optimization problem

min [yl
~ ~\ —1 ~
subjectto |71 = |2} (XX+X'X)  (XT(y—v)+X"g) + %]
Y
(2.14)

Before presenting our results for support recovery, we introduce some

definitions. Define the cone set C(K) for some subset K C [n] and |K| = t:
C(K) :={A € R™: [|[Axc|l1 < [[Axl} (2.15)

Further let C* = Uy n,jx/=tC(K), and define

[T X (XX XD Xp) T XT

P(D) = L
DI=1x (XTX+ XD Xp) ' XT
Theorem 2.14. Suppose
Null(P(D)) N C* = {0}. (2.16)

Then a debugger who queries the points indexed by D cannot be beaten by any
bug generator who introduces at most t bugs.

Theorem 2.14 suggests that equation (2.16) is a sufficient condition for
support recovery for an omnipotent bug generator who knows the subset
D. As a debugger, the consequent goal is to find such a subset D which
makes equation (2.16) true. Whether such a D exists and how to find it

will be discussed in Section 2.5.2.

Remark 2.15. When m = m, we can verify that Null(P(D)) = {0}, which
implies that equation (2.16) always holds. Indeed, in this case, we can simply
take X = X and solve for 3* explicitly to recover y*.
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Remark 2.16. As stated in Theorem 2.14, equation (2.16) is a sufficient condition
for support recovery. In fact, it is an if-and-only-if condition for signed support
recovery: When equation (2.16) holds, sign(y) = sign(y*); and when it does
not hold, the bug generator can find a y* with supp(y*) < tsuch that sign(y) #

sign(y*).

Remark 2.17. We can also write Null(P(D)) as
{fueR"™|3v e RP, s.t. u= Xv,Xpv =0}

Let B = B* +v for some vector v € RP. From the constraint-based algorithm, we

obtain

yr = X7 (B"+v) +¥1,
Yre = X7e (" +V) +¥re,
yp = Xp(B* +v),

which implies that Y1 = v — Xyv and yte = —Xtev, Xpv = 0. Let u = Xv.
Then we obtain ¥ = y* — . As can be seen, equation (2.16) requires that u = 0,

which essentially implies Y = v*, and thus supp(y) = supp(v*).

2.5.2 Optimal Debugger via MILP

The above analysis is also useful in practice for providing a method for

designing X. Consider the following optimization problem:

max w1 — |lwkelr, (2.17a)
KC[n],|K|<tueR™,veR4
subject to u = Xv, Xpv =0, ||uf|, < 1. (2.17b)

By Theorem 2.14 and Remark 2.17, we immediately conclude that if the
problem (2.17) has the unique solution (u,v) = (0,0), then a debugger
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who queries the points indexed by D cannot be beaten by a bug generator
who introduces at most t bugs.

Based on this argument, we can construct a bilevel optimization prob-
lem for the debugger to solve by further minimizing the objective (2.17a)
with respect to D C [n] such that |[D| < m. The optimization problem can
then be transformed into a minimax MILP:

n
min max Z ai —a;,
£€{0,1)*  aat,a cRr", A4 ) )
wut,u"eR™,veRY, j=1
zwe{0,1}™

subject to {u =Xvu=u"—u,ut,u >0,

a=u"+u,u" <z, u < (1, —2),
N (2.18)

Zwi <ta” < Mw, a” < M(1, —w),

Theorem 2.18 (MILP for debugging). If the optimization problem (2.18) has
the unique solution (u,v) = (0,0), then the debugger can add m points indexed
by D = supp(&) to achieve support recovery.

Remark 2.19. For more information on efficient algorithms for optimizing mini-
max MILPs, we refer the reader to the references Tang et al. (2016), Xu and Wang
(2014), and Zeng and An (2014).

2.6 Experiments

In this section, we empirically validate our Lasso-based debugging method
for support recovery. The section is organized as follows:



22

e Subsection 2.6.1, corresponding to Section 2.3, contains a number
of experiments which investigate the performance of our proposed
debugging formulation.

e Subsection 2.6.2, corresponding to Section 2.4, studies the proposed

tuning parameter selection procedure.

e Subsection 2.6.3 studies the Lasso-based debugging method with
a clean data pool, including the proposed MILP algorithm from
Section 2.5.

We also compare our proposed method to alternative methods motivated
by existing literature.
We begin with an outline of the experimental settings used in most of

our experiments:

S1 Generate the feature design matrix X € R™*P by sampling each row

—

i.i.d. from N(0p, I, xp ).
S2 Generate 3* € RP, where each entry 3} is drawnii.d. from Unif(—1,1).
S3 Generate € € R™, where each entry €; is drawn i.i.d. from N(0, 0?).

S4 Generate the bug vector y* € R™, where we draw y; = (10,/log(2n)o+
Unif(0,10)) - Bernoulli(+1,0.5) for i € [t] and take y{ = O for the

remaining positions.
S5 Generate the labels by y = X3* + € + y*.

These five steps produce a synthetic dataset (X, y); we will specify the
particular parameters (n, p, t, o) in each task. If we use a real dataset, the
first step changes to [S1']:

S1” Given the whole data pool X;¢q1, uniformly sample n data points
from it to construct X.
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In the plot legends, we will refer to our Lasso-based debugging method
as “debugging." We may also invoke a postprocessing step on top of de-
bugging, called “debugging + postprocess," which first runs the Lasso
optimization algorithm to obtain ¥ and an estimated support set T, then
removes the points (X4 ,y+) and runs ordinary least squares on the re-
maining points to obtain /[37

2.6.1 Support Recovery

In this section, we design two experiments. The first experiment investi-
gates the influence of the fraction of bugs ¢, := + on the three assumptions
imposed in our theory and the resulting recovery rates. We will vary the
design of X using different datasets. The second experiment compares
debugging with four alternative regression methods, using the precision-

recall metric. Note that we will take the tuning parameter A = Z—ngi(n_t)
for these experiments, since the other outlier detection methods we use
for comparison do not propose a way to perform parameter tuning. We
will explore the performance of the proposed algorithm for parameter
selection in the next subsection.

Number of Bugs vs. Different Measurements

Our first experiment involves four different datasets with different values
of n and c,. We track the performance of the three assumptions (Assump-
tions 2.3-2.5) and the subset/exact recovery rates, which measure the
fraction of experiments which result in subset/exact recovery. The first
dataset is generated using the synthetic mechanism described at the begin-
ning of Section 2.6, with p = 15. The other three datasets are chosen from
the UCI Machine Learning Repository: Combined Cycle Power Plant’,

"http://archive.ics.uci.edu/ml/datasets/Combined+Cycle+Power+Plant


http://archive.ics.uci.edu/ml/datasets/Combined+Cycle+Power+Plant
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temperature forecast?, and YearPredictionMSD?. They are all associated to
regression tasks, with varying feature dimensions (4, 21, and 90, respec-
tively). In the temperature forecast dataset, we remove the attribute of
station and date from the original dataset, since they are discrete objects.
For each of the UCI datasets, after randomly picking n data points from

the entire data pool, we normalize the subsampled dataset according to

X5—t T iem X .
X, = %, where std represents the standard deviation.
)

The results are displayed in Figure 2.1. For the minimum eigenvalue
assumption, a key observation from all datasets is that the minimum
eigenvalue becomes larger (improves) as n increases, and becomes smaller
as c increases. For the mutual incoherence assumption, the synthetic
dataset satisfies the condition with less than 15% outliers. The Combined
Cycle Power Plant dataset has mutual incoherence close to 1 when c; is
approximately 20%-25%, and the mutual incoherence condition of the
YearPredictionMSD dataset approaches 1 when c is approximately 5%.
Therefore, we see that the validity of the assumption highly depends on
the design of X. For the gamma-min condition, as c, increases, we need
more obvious (larger min; [y}|) outliers. Finally, with larger n and smaller

ct, the subset/exact recovery rate improves.

Effectiveness for Recovery

The second experiment compares our debugging method to other pro-
posed methods in the robust statistics literature. We compare our method
with the Fast LTS Rousseeuw and Van Driessen (2006), E-lasso Nguyen
and Tran (2013), Simplified @-IPOD She and Owen (2011), and Least
Squares methods. E-lasso is similar to our formulation, except it includes
an additional penalty with 3. The Simplified @-IPOD method iteratively

’http://archive.ics.uci.edu/ml/datasets/Bias+correction+of+numerical+
prediction+model+temperature+forecast
Shttp://archive.ics.uci.edu/ml/datasets/YearPredictionMSD


http://archive.ics.uci.edu/ml/datasets/Bias+correction+of+numerical+prediction+model+temperature+forecast
http://archive.ics.uci.edu/ml/datasets/Bias+correction+of+numerical+prediction+model+temperature+forecast
http://archive.ics.uci.edu/ml/datasets/YearPredictionMSD
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Figure 2.1: Five Measurements on Four Datasets. Three different n’s are
of values 5p, 20p, and 100p. The variance o is set to 0.1. The tuning

Vi0og2(n—
parameter is set to A = 2%. Each dot is an average value of 20
random trials.

uses hard thresholding to eliminate the influence of outliers. For the exper-
imental setup, we generate synthetic data with n = 2000, t = 200, p = 15,
and o = 0.1, but replace step [S4] by one of the following mechanisms for
generating y*:

1. Wegeneratey;,i € Tby Bernoulli(+1,0.5)-(104/log(2n)o+Unif(0, 10)).

2. We generate (3’ elementwise from Unif(—10,10) and take y; =
x{ (B’ —PB*),ieT.
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The first adversary is random, whereas the second adversary aims to
attack the data by inducing the learner to fit another hyperplane. The pre-
cision/recall for Fast LTS and Least Squares are calculated by running the
method once and applying various thresholds to clip ¥. For the other three
methods, we apply different tuning parameters, compute precision/recall
for each result, and finally combine them to plot a macro precision-recall
curve.

In the left panel of Figure 2.2, Least Squares and Fast LTS reach perfect
AUC, while the other three methods have slightly lower scores. In the
right panel of Figure 2.2, we see that debugging, E-lasso, and Fast LTS
perform comparably well, and slightly better than Simplified ©-IPOD. Not
surprisingly, Least Squares performs somewhat worse, since it is not a
robust procedure.
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Figure 2.2: Precision Recall Curves over Different Regression Methods.
The two plots correspond to the two settings described in the text for
generating y*. To better view the curves, we only show the dots for every
c positions, where c is an interger and different for different methods.

2.6.2 Tuning Parameter Selection

We now present two experimental designs for tuning parameter selection.
The first experiment runs Algorithm 1 for both one- and two-pool cases.

We will present the recovery rates for a range of n’s and c.’s, showing
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the effectiveness of our algorithm in a variety of situations. The second
experiment compares Algorithm 1 in one- and two-pool cases to cross-
validation, which is a popular alternative for parameter tuning. Our results
indicate that Algorithm 1 outperforms cross-validation in terms of support
recovery performance.

We begin by describing the method used to generate the second data
pool. Given the first data pool (X,y) and the ground-truth parameters
(B*, 0), we describe two pipelines to generate the second pool. The first
pipeline checks m random points of the first pool, with steps [T1-T3]:

T1 Select m points uniformly at random from the first pool to construct
X for the second pool.

T2 Generate € € R™, where each entry €; is drawn i.i.d. from N(0, 0?/L).
T3 Generate the labels by § = Xp* + €.

When the debugger is able to query features of clean points from a dis-
tribution Px, we can use a second pipeline, where [T1] is replaced by
[T1]:

T1" Independently draw m points from Px to construct X.

Verification of Algorithm 1

We use the default procedure for generating the synthetic dataset, with
parameters p = 15, 0 = 0.1, and t = c¢(n, where ¢, ranges from 0.05 to 0.4
in increments of 0.05. In all cases, we input ¢ = 0.2 and A, = ZHP’%TUH“’ in
Algorithm 1.

Figure 2.3 displays the results for n € {1, 2,3, 4,5, 10,20, 30} - 103. First,
we see that Algorithm 1 achieves exact support recovery in all 20 trials in
the yellow area. Second, the exact recovery rate increases with increasing
n and decreasing c, showing that the algorithm is particularly useful for

large-scale data sets. This trend can also be seen from the requirement on
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Figure 2.3: Exact Recovery Rate over 20 Trials. The recovery rate is shown
in different cases varying by fraction of outliers c; and n. The left subfigure
is for one-pool case and the right subfigure is for two-pool case. We set
m = 100, L = 5 for the second pool.

n imposed in Theorem 2.12. In particular, we see that the contour curve
for the exact recovery rate matches the curve of (1 — ct)_ﬁ for some
constant ¢, € (0, %). However, a downside of Algorithm 1 is that it does
not fully take advantage of the second pool in the two-pool case, as the
left panel and the right panel display similar results.

Effectiveness of Tuning Parameter Selection

We now compare our method for tuning parameter selection to cross-
validation. We also use the postprocessing step described at the beginning
of the section. Four measurements are presented, including two recovery
rates, the {,-error of B, and the runtime. In both the one- and two-pool
cases, we use our default methods for generating synthetic data, and we
set ¢ = 0.2 for all the experiments.

The cross-validation method for the one-pool case splits the dataset
into training and testing datasets with the ratio of 8 : 2, then selects A with
the smallest test error, ||XtestB — Ytest||2- The procedure for the two-pool
case is to run the Lasso-based debugging method with a list of candidate

A’s and test it on the second pool. Finally, we select the A value with the
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smallest test error, H)~(E — Y||2. We use 15 candidate values for A, spaced
evenly on a log scale between 107° and A,, = ZHP*TUH‘”.

Figure 2.4 compares the results in the one-pool case. We note that cross-
validation does not perform very well for all the measurements except
1B — Bl Specifically, it does not work at all for subset support recovery,
since cross-validation tends to choose very small A values. For the {,-
error, we see that for small values of c¢, our algorithm can select a suitable
choice of A, so that after removing outliers, we can fit the remaining points
very well. This is why the debugging + postprecessing methods gives
the lowest error. As c, increases, our debugging method shows poorer
performance in terms of support recovery, resulting in larger {,-error for
B. Although cross-validation seems to perform well, carefully designed
adversaries may still destroy the good performance of cross-validation,
since its test dataset could be made to contain numerous buggy points.

Figure 2.5 displays the results for the two-pool experiments, which
are qualitatively similar to the results of the one-pool experiments. We
emphasize that our method works well for support recovery; furthermore,
the methods exhibit comparable performance in terms of the {,-error. The
slightly larger error of our debugging method can be attributed to the bias

which arises from using an {;-norm instead of an {;,-norm.

2.6.3 Experiments with Clean Points

We now focus on debugging methods involving a second clean pool. We
have three experimental designs: First, we study the influence of m on
support recovery. Second, we compare debugging with alternative meth-
ods suggested in the literature. Third, we study the performance of our
proposed MILP debugger, where we compare it to three other simple
strategies. Different strategies for selecting clean points correspond to

changing step [T1] in the setup described above.
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Figure 2.4: Effectiveness of Tuning Parameter Selection (One Pool). Each
dot is the average result of 20 random trials. We set n = 2000, p = 15, and
o=0.1.

Number of Clean Points vs. Exact Recovery

In this subsection, we present two experiments involving synthetic and
YearPredictionMSD datasets, respectively ,to see how m affects the exact
recovery rate. Recall that the pipeline for generating the first pool is
described at the beginning of Section 2.6. For the second pool, we use steps
[T'1, T2, T3] for the synthetic dataset, where we assume P is standard
Gaussian. We take steps [T1-T3] for YearPredictionMSD to check the
sample points in the first pool.

Recall that the YearPredictionMSD dataset is designed to predict the
release year of a song from audio features. The dataset consists of 515,345
songs, each with 90 audio features. Therefore, for both experiments, we
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setn = 500,t = 50,p = 90,0 = 0.1, and L = 10, and take A = 2,55 "1,

From Figure 2.6, we see that the phenomena are similar for the two
different design matrices. In particular, increasing the number of clean
points helps with exact recovery. For instance, in the left subfigure, for
m = 0, when min; |y}| > 2.9, the exact recovery rate goes to 1. For m = 100,
the exact recovery rate goes to 1 when min; |y}| > 2.4. Also, the slope of
the curve for larger m is sharper. Thus, adding a second pool helps relax

the gamma-min condition.

Comparisons to Methods with Clean Points

In this experiment, we compare the debugging method for two pools with
other methods suggested by the machine learning literature. We gener-
ate synthetic data using the default first-pool setup with n = 1000,p =
15,t =100, and o = 0.1, and we run [T1-T3] to generate the second pool
using different values of m. For our proposed debugging method, we use
Algorithm 1 to select the tuning parameter. We compare the following
methods: (1) debugging + postprocessing, (2) least squares, (3) sim-
plified noisy neural network, and (4) semi-supervised eigvec. The least
squares solution is applied using { (;) , (H) }

Yy
The simplified noisy neural network method borrows an idea from

Veit et al. Veit et al. (2017), which is designed for image classification
tasks for a datasets with noisy and clean points. This work introduced
two kinds of networks and combines them together: the “Label Cleaning
Network," used to correct the labels, and the “Image Classifier," which
classifies images using CNN features as inputs and corrected labels as
outputs. Each of them is associated with a loss, and the goal is to min-
imize the sum of the losses. Letw € R,B; € R4, and 3, € R¢ be
the variables to be optimized. For our linear regression setting, we de-

sign the “Label Cleaning Network” by defining ¢; = y;w — x{ 1 as
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the corrected labels for both noisy and clean datasets. Then we define
the 10ss Lcrean = D iccleanset Ui — Yiw — x{ B1l. The “Image Classi-
fier" is modified to the regression setting using predictions of x; 3, and
the squared loss. Therefore, the classification loss can be formalized as
Lclassity = 2 iccteanset(Xi B2 —§i)> + Zienoisyset(xz—BZ — ¢;). Together,

the optimization problem becomes

min TRy — )2+ s —wy; — xi
B1€rd,prerd { Z {(Xl BZ Yy ) |y Yy Xq Bl|}

weR i€cleanset

+ Z (XIBZ_Wyi_Xz—Bl)z}-

i€noisyset

We use gradient descent to do the optimization, and initialize it withw =0
and (3; = 2 = B1s. The optimizer Bz is used for further predictions. We
then calculatey = y— XEZ. For gradient descent, we will validate multiple
step sizes and choose the one with the best performance on the squared
loss of the clean pool.

The method “semi-supervised eigvec" is from Fergus et al. Fergus et al.
(2009), and is designed for the semi-supervised classification problem. It
also contains an experimental setting that involves noisy and clean data.
To further apply the ideas in our linear regression setting, we make the

following modifications: Define the loss function as

- (=) ~(-))

where L = D — W(e) is the graph Laplacian matrix and A is a diagonal

matrix whose diagonal elements are Ai; = A for clean points and A;; = 2

C
for noisy points. In the classification setting, f € R™*™ is to be optimized.
The idea is to constrain the elements of f by injecting smoothness/similarity

using the Laplacian matrix L. Since we assume the linear regression model,
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X
we can further plug in f = < B. Our goal is then to estimate 3 by

minimizing J(). As suggested in the original paper, we use the range of
values ¢ € [0,1,1,5],c € [1,10,50], and A € [1,10,100]. We will evaluate all
36 possible combinations and pick the one with the smallest squared loss

on the clean pool.
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Figure 2.7: Comparison to Methods involving Clean Points. Each dot is the
average result of 20 random trials. We use the synthetic data setting, with
n =500,p =15,0 =0.1,t = 0.1n, and min; |y;| = 10,/log 2no. The clean
data pool is randomly chosen from the first pool without replacement; we
query the labels of these chosen points.

The results are shown in Figure 2.7. We observe that only the debugging
method is effective for support recovery, as we have carefully designed
our method for this goal. The method from Veit et al. Veit et al. (2017)
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works best in terms of {,-error of (3, especially when m is large. The semi-
supervised method, like least squares, does not perform well, possibly
because it does not consider replacing/removing the influence of the noisy
dataset.

Effectiveness on Second Pool Design

We now provide experiments to investigate the design of the clean pool,
corresponding to Section 2.5. We use the Concrete Slump dataset*, where
p = 7. We limit our study to small datasets, since the runtime of the MILP
optimizer is quite long. We report the performance of the MILP debugging
method in both noiseless and noisy settings. In our experiments, we
compare the performance of the MILP debugger to a random debugger
and a natural debugging method: adding high-leverage points into the
second pool. In other words, D.milp selects m clean points to query from
running the MILP (2.18); D.leverage selects the m points with the largest
values of x{ (X" X)"!x;; and D.random randomly chooses m points from
the first pool without replacement. After choosing the clean pool, the
debugger applies the Lasso-based algorithm. In Zhang et al. Zhang et al.
(2018), all the second pool points are chosen either randomly or artificially.
Therefore, we may consider D.random as an implementation of the method
in Zhang et al. Zhang et al. (2018), which will be compared to our D.milp.

In the noiseless setting, we define 3* to be the least squares solution
computed from all data points. We randomly select n data points as
the x;’s. For D.milp and D.leverage, since the bug generator knows their
strategies or the selected D, it generates bugs according to the optimization
problem (2.17). Let T C [n] be the index set of the t largest [u;|’s, for
i=1,...,n. The bug generator takes y; = ury if the solution u is nonzero,
and otherwise randomly generates a subset T of size t to create y; =

1. Thus, y; = x{ B* 4+ v*. For D.onepool, the bug generator follows

“https://archive.ics.uci.edu/ml/datasets/Concrete+Slump+Test
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the above description with D = (). The orange bars indicate whether
the bug generator succeeds in exact recovery in the one-pool case. For
D.random, the bug generator generates bugs using the same mechanism
as for D.onepool. Note the above bug generating methods are the “worst”
in the sense of signed support recovery: The debuggers run (2.14) using
their selected Xp. From Figure 2.8, there is an obvious advantage of D.milp
over D.onepool and D.leverage. This suggests improved performance of
our MILP algorithm. D.random is sometimes successful even when n and
t are small because the bug generator cannot control the randomness, but
it performs worse than D.milp overall.
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Figure 2.8: Comparison between D.milp and Other Debugging Strategies
in Noiseless Settings. Each setting is an average over 50 random trials.

In the noisy setting, we define 3* to be the least squares solution com-
puted using the entire data set. We randomly select n data points as the x;s.
For D.milp and D.leverage, since the bug generator knows their strategies
or the selected D, it generates bugs via the optimization problem (2.17):
taking vy} = ury if the solution u is nonzero for T being the indices of the
largest t elements of |u|, and otherwise randomly generating a subset T
of size t to create v} = 1. Thus, yi = x{ B* +v* +N(0,0.01). Note that
having vy} = ur if the solution u is nonzero gives incorrect signed support
recovery, which is proved in Appendix A.1.5. This is related to what we
have claimed in Remark 2.16 above. For D.onepool, the bug generator fol-
lows the above description with D = (). The orange bars indicate whether

the bug generator succeeds in exact recovery in the one-pool case. For
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D.random, since it is not deterministic, the bug generator does not know
D and acts in the same way as in the one-pool case. Note that the above
bug generating methods are the “worst” in the sense of signed support
recovery. From Figure 2.9, there is an obvious advantage of D.milp over
D.onepool and D.leverage. Our theory only guarantees the success of
D.milp in the noiseless setting, so the experimental results for the noisy
setting are indeed encouraging.
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Figure 2.9: Comparison between MILP Strategy and Others. In each
setting, we run 20 random simulations.

Debugging in practice: The algorithm for minimax optimization has
been executed by running all (") possible choices of clean points for the
outer loop; for each outer loop, we then run the inner maximization. For
optimal debugging in practice, i.e., n, t, and m being large, some recent
work provides methods for efficiently solving the minimax MILP Tang
et al. (2016). Note that the MILP debugger can be easily combined to
other heuristic methods: one can run the MILP, and if there is a nonzero
solution, we can follow it to add clean points. Otherwise, we can switch to

other methods, such as choosing random points or high-leverage points.

2.7 Conclusion

We have developed theoretical results for machine learning debugging
via M-estimation and discussed sufficient conditions under which sup-

port recovery may be achieved. As shown by our theoretical results and
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illustrative examples, a clean data pool can assist debugging. We have
also designed a tuning parameter algorithm which is guaranteed to obtain
exact support recovery when the design matrix satisfies a certain concen-
tration property. Finally, we have analyzed a competitive game between
the bug generator and the debugger, and analyzed a mixed integer opti-
mization strategy for the debugger. Empirical results show the success of
the tuning parameter algorithm and proposed debugging strategy.

Our work raises many interesting future directions. First, the question
of how to optimally choose the weight parameter n remains open. Sec-
ond, although we have mentioned several efficient algorithms for bilevel
mixed integer programming, we have not performed a thorough compar-
ison of these algorithms for our specific problem. Third, although our
MILP strategy for second pool design has been experimentally found to
be effective in a noisy setting, we do not have corresponding theoreti-
cal guarantees. Fourth, our proposed debugging strategy is a one-shot
method, and designing adaptive methods for choosing the second pool
constitutes a fascinating research direction. Finally, the analysis of our
tuning parameter algorithm suggests that a geometrically decreasing se-
ries might be used as a grid choice for more general tuning parameter
selection methods, e.g., cross validation—in practice, one may not need to
test candidate parameters on a large grid chosen linearly from an interval.
Lastly, it would be very interesting to extend the ideas in this work to re-
gression or classification settings where the underlying data do not follow

a simple linear model.
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3  ON THE IDENTIFIABILITY OF MIXTURES OF RANKING

MODELS

Parameter estimation in mixtures of ranking models have been studied in
last decade. While identifiability results for probabilistic models such as
the Plackett-Luce (PL) and Mallows models have been established, the
problem of identifiability has still remained largely open for a standard
mixture with the Bradley-Terry-Luce (BTL) model. In our work, we fill this
gap for two mixtures of BTL models using tools from algebraic geometry.
We provide two conditions that may be checked to verify the identifiability
of all mixtures of ranking models that can be transformed into polynomial
systems, and then study several concrete examples. Our main result and
techniques on generic identifiability can be applied more broadly to general

polynomial machine learning models.

3.1 Introduction

Ranking is an important topic in machine learning, where the goal is to
rank collections of items based on votes involving smaller subsets of items.
Four categories are commonly studied by researchers: pointwise rank-
ing (Balabanovi¢ and Shoham, 1997; Resnick et al., 1994; Yu et al., 2009),
pairwise ranking (Jamieson and Nowak, 2011; Tsukida and Gupta, 2011;
Wauthier et al., 2013; Chen et al., 2013; Chen and Suh, 2015), and listwise
ranking (Pendergrass and Bradley, 1959; Khetan and Oh, 2016; Zhao and
Xia, 2018). Pointwise ranking collects data based on ratings of items from
users. Pairwise ranking collects data based on votes between pairs of items
from users. Listwise ranking collects data by asking users to linearly order
lists of items. Although such voter data is popular in areas such as ad-
vertising, recommendation systems, and player rankings (Wauthier et al.,

2013), noise in ratings can be problematic even when user preferences
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might be consistent. For example, user A might rate movies i,j, and k as
1,4, and 7 out of 10, respectively, while user B might rate the same movies
as 7,8, and 9.

Most research focuses on inferring one potential ordering in user-
unspecified settings. However, this may turn out to be a bad assumption
in reality, as we now explain: Imagine a case where users rate movies.
Adults may have different preferences than children; women may have
different preferences than men. Therefore, several potential orderings
might better explain the preferences of users. Another issue arises from
inconsistent voting, where the data includes votes—even from the same
user—which involve “cycles," such as 1; > i, (the notation > means the
iyth item is preferred than the ith item), i, > i3, and i3 > i;. A possible
explanation for such inconsistencies is statistical noise, which is absorbed
in probabilistic models such as the Bradley-Terry-Luce (BTL) (Bradley and
Terry, 1952; Luce, 1959) or Thurstone models (Thurstone, 1927). These
methods may cater to a large portion of users or describe an accurate
ordering for a large portion of objects, but the low accuracy of predicting
new votes sometimes hints that multiple user types are actually present in
the population. In such cases, using a mixture model to fit the data may
lead to higher prediction accuracy.

We briefly overview existing literature on mixture models. Topics such
as clustering, mixtures of Gaussians, and mixtures of linear regressions are
well-studied, e.g., McLachlan and Basford (1988); Reynolds (2009); Yietal.
(2014); Li and Liang (2018). Our work falls into the category of mixed
logit models, also known as the mixtures of multinomial logistic models
(MNLSs). Within this category, Train (2009) introduced the mixed logit
model as a method for discrete choices, while Ge (2008) discussed simu-
lation approaches for mixed logit models using the Metropolis-Hastings
algorithm, and Arora et al. (2013) studied the application of mixed logit

models on topic modeling. We focus on the identifiability problem of
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mixtures of ranking models, assuming a known number of user types
but not the detailed user information for each vote. Some related work
includes Wu et al. (2015), who studied mixtures models for pairwise
ranking problems, where a large number of comparisons of individual
users need to be collected. However, we do not require the information
of individual users; Oh and Shah (2014) demand more from the known
individuals to a few comparisons done by the same type of user. Note
that we only assume a simple sample is collected from an unknown user.
Other related work includes Chierichetti et al. (2018), who analyzed the
identifiability on uniform mixtures of MNLs with pairwise and triplet
comparisons; lannario (2010), who showed the identifiability of mixtures
of shifted binomial and uniform discrete models; Awasthi et al. (2014),
who proved the uniqueness of Mallows mixture models of two compo-
nents; Chierichetti et al. (2015), who generalized these results to arbitrary
numbers of components (this model is also studied by Lu and Boutilier
(2014)); and Zhao et al. (2016), who addressed the identifiability of mix-
tures of Plackett-Luce models. Although BTL models are quite popular in
applications, the identifiability problem for mixtures of BTL models has
still remained largely open. Indeed, the techniques proposed in the afore-
mentioned papers, which generally use higher-order moment information,
seem to fail for mixtures of BTL models, since pairwise comparisons alone
cannot provide such information.

In this study, we affirm the identifiability of mixtures of BTL model in
all but a subset of cases of measure zero, which we call “generic identifia-
bility":

Proposition (Informal). Suppose we have more than 5 items to rank. The two
mixtures of BTL models is generically identifiable (up to reordering) without
knowing the mixture probability.

Suppose we have more than 5 items to rank. Given the mixture probability in
the grid {0.01,0.02, ..., 0.98,0.99}, the two mixtures of BTL models is generically
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identifiable (up to reordering).

In the first statement of the proposition, we consider the parameter
space of the ranking scores and the mixture probability. In the second
statement, the mixture probability is assumed to be known and we consider
the parameter space of the ranking scores only. For the second statement,
for any mixture probability in (0,1) C R, we can run some program which
will be demonstrated in the paper later to check whether the mixtures of
BTL models is generically identifiable or not. We checked a list of them
from 0.01 to 0.99. In fact, we conjecture it is true for any mixture probability
in (0,1) C R without the program checking.

Conjecture. Given the mixture probability in (0,1) C R, the two mixtures of
BTL models is generically identifiable (up to reordering).

As for the proof techniques, our observation is that the identifiability
problem in this model is equivalent to the uniqueness of a polynomial sys-
tem. Thanks to the development of algebraic geometry, this problem can
be manipulated in Zariski topology and then be transferred to Lebesgue
measure. More interestingly, besides BTL model, our results can serve
for a number of mixtures of ranking models as long as it corresponds to
some polynomial system, such as the models in Chierichetti et al. (2018)
and Zhao et al. (2016). A higher level of our main result gives conditions
under which the generic identifiability holds for polynomial machine
learning problem.

Theorem. Let 2 (t,x) be a polynomial system with variables x and parameters
t. Under the following two assumptions, &(a,x) has exactly { solutions in C
(counted with multiplicity) for all a € C™ but a set of NS, -measure zero.

Assumption 1. Z(a,x) has at least { solutions in C for all a € C™.
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Assumption 2. There exists a’ € C™ such that a’ does not vanish any coeffi-
cients in the Grobner basis of Z(a,x) and & (a’,x) has exactly € solutions in C
(counted with multiplicity).

The remainder of the paper is organized as follows. Section 3.2 presents
the background knowledge of generic identifiality and some mixtures of
ranking models. Section 3.3 is devoted to our conclusions on generic iden-
tifiability for general polynomial system. Section 3.4 shows how we apply
the conclusions on different mixtures of ranking models, with proving
generic identifiability of mixtures of BTL models as an example. Section 3.5
gives conclusions and more discussions.

Notations We write A5, to represent the Lebesgue measure on C™, i.e.
the measure induced by the standard Euclidean metric on C™ given by

" 1/2
||z|| := (Z Izil‘z) forany z = (z1,...,zm) € C™.
i=1

and write A, to represent the Lebesgue measure on R™, i.e. the measure

induced by the standard Euclidean metric on R™ given by

m 1/2
zl| == <Z z%> forany z = (z1,...,2m) € R™
i=1

Hereafter, we identify R™ as a (closed) subset of C™ via R™ = R™ x{0,,} C
R?m = C™,
We write zero-set(f(x)) for some polynomial f to be {x | f(x) = 0}.

3.2 Background

We begin with the definition of generic identifiability of a equation sys-
tem, followed with a number of mixtures of ranking models for their
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identifiablities.

3.2.1 Generic Identifiability

To start, we write the definition of identifiability. For a fixed parameter c,
we call an equation system F(z; ¢) = 0 identifiable with variable z if there is
a z* satisfying F(z*; ¢) = 0 and there is no z* # z* such that F(z*;¢) =0,
or in other words if F(z; ¢) = 0 has a unique solution.

Let ay,...,a, and by, ..., b, represent the scores of n items in two
mixtures. As suggested by Oh and Shah (2014) and Chierichetti et al.
(2018), there are some counterexample parameters for the identifiability
of mixtures of rankings. For example, for some n > 3, the two latent

uniform mixtures parameters are as follows:
La=wm=tb =by=1a=b;=1foreachiec{3,4,...}.
2. a1=by=t,by=a,=1,a; =by=1foreachi€{3,4,...}.

Let P[i>~j] = %aia]— + %b:rbj. It is not hard to verify that P [i > j]

for all i,j € [n] are equal for the above two mixtures (See Theorem 2
in Chierichetti etal. (2018)). Therefore, for the parametersa = (t,t,1,...,1),

b = (1,1, 1...,1) and the equation system F(x, y; a, b) is non-identifiable

for any fixed t,

(
X1 _t/

Ul—t;
F(x,y;a,b) =
1_x 1_wyi

2 x1+%x4 2yY1+vi

1
2
1 _x 1_ vy 1 L
\2X2+Xi+2yz+yi 5+ Vi=3,4,...,n
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or
X1 :t,
Y=t
F(X,y}a;b): 1 x Ly .

= 1 1 1 _ 1 .

2 x1+x4 2914_91_2/ Vl—z,?), , N,
1_x 1w 1 yi—

2X2+Xi 292+yi - 27 VI' — 3,4,...,“

Note we switch the two forms of writing a equation system later in the pa-
per, for both of which means F(x, y; a, b) = 0. This gives infinite choices of
parameters a, b by varying t € R to have the non-identifiability. Nonethe-
less, we believe that such choices of a, b are special. And we hope that
researchers who design algorithms to learn the mixtures of ranking mod-
els, like EM algorithm, will not be worried about such non-identifiability
cases since they cannot represent most of the cases. Here comes the generic
identifiability in this study.

We define non-identifiable (bad) parameter set as the subset of parameters
¢’ € Csuch that F(z;¢’) = 0 is non-identifiable. Then, we call a equa-
tion system F(z; ¢) = 0 is generic identifiable/unique on C if the Lebesgue
measure of C is positive and the Lebesgue measure of non-identifiable
parameter set is zero.

On top of this, when we assume that there is at least one solution for
the equation system, it is sufficient to have the generic identifiability of the
equation system if we can show a linear transformation of that equation

system, such as a subset of the equations, has a unique solution generically.

3.2.2 Illustrative Examples

We review some specific ranking models that we will revisit later in the

paper and write specific definitions to their generic identifiabilities.
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BTL model

Bradley-Terry-Luce (BTL) model was introduced by Bradley and Terry
(Bradley and Terry, 1952) and then studied by Luce (Luce, 1959). It
considers the comparison between two items 1,j using the probabilistic
model,

est 1

]P[l ~ )] - o5t +eSj = 1 _i_e*(sifsj),

where s, s; represent the ranking scores/weights of 1 and j. Another
parameterization of it replaces the exponentials, leading to,

Ci

Pli>jl = .
[l J] C1+Cj

As we can see, the comparison takes difference between s;, s; while it takes
quotient between c; and c;. To rank a list of objects, one can apply the
BTL model on every two of them, take the comparisons and run a convex
optimization to estimate the ranking scores, thus implying the ranks. This
procedure assumes that all the comparisons comply with one potential
ranking.

Disobeying the above assumption, we consider mixtures of BTL models.
Suppose there are two types of users and n objects. Denote U as the
indicator of type of user: if a user is of the first type, then U = 1; if a user
is of the second type, then U = 2. Let a := [a;, a3, ..., a,] " be the ranking
scores for type 1 users and b = [by, b, ..., b,]" be the scores for type 2
users. We will use a;; and by to represent (a,...,a;) and (by,...,b;)
respectively in the paper. Applying BTL model on each type, we write the
conditional probability of the comparison between objects i and j,

ai

Pi=ijU=1] = , Phis=iju=2 = .
[i > ] Tt a [i >l ] bt b
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. Let

Assume U follows the Bernoulli distribution Bernoulli(py,{1,2})
P2 = 1 — p1. Then the mixtures of BTL models predict the comparison’s

outcome by the probability,

P[> jl
PAi=jilUu=1PU=1]+P[>=jU=2]P[U=2] (3.2)

B a; . b;

_plai—F sz —l—b

Weusen(a, b) torepresent the ( ) -dimension vector filled in thesen; ;(a, b)’s

M1, (0) ==

for i < j, and omit (a, b) when clear from the context
Our interest is on whether the parameters a and b can be recovered

given 1 in almost always cases. Formally, we write the equation system

and abbreviate 1; ;(a, b) to n;; for notational convenience

Vi<i,i,jenl G b
]/ /J 7 plai+aj pzbl_i_b] _nl,]‘

We can further scale up a;.,, by multiplying a same constant such that we
get a; = 1 and similarly manipulate to b;., to have b; = 1. This won't

influence the values of n;;’s
Given p; and p», to determine the latent scores of two mixtures, we

try to solve the following equation system for x := X;.,, Yy = Yi1.n being

variables,
X1 =Y1 = 1, (3 3)
Xi Yi . .. .
=1ni;. Vi<j, 1, € nl
plxﬁxj pzyﬁy]- MNij i, i€ ml

Let QF%,* := R*™ 2 be the domain of (Qz.,, by ), where R, denotes
the positive real numbers. Then the set of bad parameters that do not have



50

the uniqueness property is:

N%HTT_z = {(azin/ b2:n) S Q%nTL2 EI(ag:n/ bg:n) € %STLTLZIS t.
(agzn 7é aZZTl \/ b2:n 7£ b2:n) (34)
Am(a’,b*) =n(a,b)fora] =b] =a; =b; =1)}.

Then we say this mixture of BTL models given p; is generic identifiable if
the bad set is a zero measure set (w.r.t. the Lebesgue measure).
If p1, p2 are not given, then we also need to regard them as variables.

And we will solve the equations system for (x,y,p),

:yl:]-l (35)
Xi Yi . ... .
+ (1 — =1i;. Vi<j, i,j € nl.
Pt ( p)yiﬂ,j Mij j, vj e

We define the domain of p; as (0,1) C R. Let Q%“T_L,lp = Q332 x (0,1).

And the set of bad parameters now becomes to

NETLp = {(@2n, ban, P1) € QETy, 1 (@, b5, P7) € QL st
(00 # 020V B, £ b2 V1 £
A\ (n(a#,b#,p#) =n(a,b,py) foral =b¥ =a; =b; = 1)}.
(3.6)

Here the Lebesgue measure is considered in a 2n — 1-dimension space.

MNL model with 3-slate

A multinomial logistic model (MNL) over n items assigns probabilities
for a slate, where a slate is a subset of all items. For example, BTL model

gives the likelihood of an item being selected from a slate of size 2. Mathe-
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matically, for a slate S = {s4, s2,..., sk} C [n], we have

as,

1
k 4
j=1 Gs;

P [s; is selected] =

where a;, is the weight/score of item s;.
For two mixtures of MNL models with k-slate, assuming the mixtures

follow Bernoulli distribution with parameter p; and p,, then we get

as,

b..
P [s; is selected] = p1— + P —.
Zj:l As; Zj:l by

In this example, we consider the mixtures of MNL models with 3-slate
forn > 3. Let a;.,,, b1.n be the score parameters of the two mixtures. Then,
we obtain that

a. o
Vi<j<kijkem]l, Miyjx=p————+pr——-——.
J J [ ] n ik plai—kaj =+ ag pzbi—Fb]‘ —|—bk

(3.7)

Here, we choose to scale up a;., by multiplying a constant such that we get
a; = 1 and similarly manipulate b;., to have b; = 1. This won't influence
the values of ni j ’s.

Given p; and p», to determine the scores of two mixtures, we try to
solve the following equation system for x := X1.n, Y := Y1.n being variables
and forn > 3,

X1 =Y1 = 1,
Xi i Yi
plXi+Xj + Xk pzyi +y]- +yk

=1k Vi<j<kijken]

(3.8)

Let Q212 := 3", [ri, Ri] € R*™ 2 be the domain of (@, ba.y ). And
we assume R; > 1; > 0. This interval assumption of the domain is just to



52

diverse the choices since we assume positive numbers in the last section.
Then the set of bad parameters that do not have the identifiability property
is:
NunE = { (@2, b2n) € QUini 1 3 (a2, B20) € QRinT St
(agzn 7& Qz:n Vv bg:n 7& b2tn) N\
(Vie nl,j el kel nyla*, b*) =ni;xlab)
foraf =bf=a;=b;=1)}.

(3.9)

We will later show N1 ] has Lebesgue measure zero for the mixtures of
MNL models being identifiable.

Similar to previous, when we consider p as an variable in the polyno-
mial functions, our domain Qfiy , becomes to QRinT , x (0,1) € R*™1,

And we define the set of bad parameters as

N%\;mlL,p = {(az:n, ban, 1) € QMNLp 3 (ad,,, b5, p") € MNLpISt
(0, # Qpn VBE #£bon VP £p1) A
(Vi€ nl,jemlke Ml nyxla®, b, p*) =nijx(ab,p1)
foraf =bl =a;=b;=1)}.
(3.10)

Plackett-Luce model

The Plackett-Luce model (Plackett (1975),Luce (1959)) is another statisti-
cal model for ranking. It assigns probabilities to all the orderings/rankings
of n items, where a ordering/ranking is i; >~ i, > --- > 1,, as a permu-

tation of {1,2,...,n}. For n items, we can have n! possible orderings. In
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particular, we have

Pli; =1 > =iy =
ai, X di, x...xL.
Qi + @i, +- -+ Qi Qi + Gy 00+ A4, Qi T G4,

Here, we choose to scale up a;., by multiplying a constant such that
we get a; + a, + -+ + an = 1 and similarly manipulate b;., to have
by +by+---+b, =1

Given p; and p», to determine the scores of two mixtures, we try to
solve the following system of equations for x, y,

Xo( n—-1  Yo(i)

o(i)
= ——— Tl == ——
Z?:i = Z]TL:HJG(J')

n—1
i=1
Xo(j)

Vo € Gy, No1),002),.,0(n) =P11]
xp=1-— Z?:z Xi,
yr=1-3 1,y

(3.11)

where G,, is the set of all permutations of {1,2,...,n}.
Let

IZDTIL__Z = {(QZ:n/bZ:n) e R™2: Vie{2,...,n},0<a;<1)

/\(Vie{z,...,n},0<bi<1)/\Zai<1/\Zbi<1}

i=2 i=2

be the domain of (ay.,,, bs. ). Note %T{_z is a polytope of a positive volume.

We set a,.,, and b,.,, as the free parameters and get a; = 1— > 1", q;,
bp=1-3",b;.
Let ng, be all n! probabilities of the n! possible linear orderings/rank-

ings among n items. Then the set of bad parameters that do achieve the
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identifiability property is:

N%Tll_iz = {(aZ mns b2 n) S an 2 El (ag;n/ ) an 2/ s.t
(agzn % A2:n V bgzn 7& bZZH) AN
(Vi<j,i,j € nl, ne,(a*,b*) =ne, (a,b)

fora¥:1—iaf,b§*:1—ibf,alzl—iai,blzl—ibi>}.
i=2 i=2 i=2 i=2

(3.12)

We will later show N3} 2 has Lebesgue measure zero to argue the generic
identifiability of the Plackett-Luce model.
Considering the space of parameters (a;., ba.n, p), we then define

Blo = QP2 % (0,1) C R*™ . The equation system becomes
_ to(i) — Yo(i)
Vo e Gn/ No(1),0(2),. PH + (1_p)H

n—1
- 1 Z =i Xo(j) = Z]Tl:iyd(ﬂ,
x1=1-3 1%,
yr=1-3 ",y
(3.13)

And the bad set in this parameter space becomes

N3 = {(G2n ban) € QB 3 (bl pY) € QR st
(a;n ?é Ay V bgzn 7& b V P# ?é p1) AN
(Vi <31 € ), ne,(a*,b%,p*) =, (a,b,pi)

forag*:l—iaf,b?:l—ibf,alzl—iai,blzl—ibi>}.
i=2 i=2 i=2 i=2

(3.14)
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3.3 Main Results

In this section, we state our main results on generic identifiability of poly-
nomial systems. We will consider three cases sequentially in three sub-
sections. The first one is the complex case, where the parameters lie in
the field C of complex numbers. Since C is algebraically closed, we can
directly apply many results from algebraic geometry. The rest are the real
cases, where the parameters lie in the field R of real numbers or its subsets
of positive (or infinity) Lebesgue measure. The theorems we get for the
real cases are based on that of complex case followed with more careful
proofs. We may use some algebraic terminology in this section and the

definitions of them are listed in Appendix A.2.1 for readers’ convenience.

3.3.1 Complex Case

Now we work over the field C of complex numbers.

Let Z(t,x) C C[tl[x] = CI[t,x] be a set of polynomials in variables
X = (x1,...,xn) with coefficients given by polynomials in parameters
t=(ty,...,tm), i.e. each element of &(t,x) is of the form

ft,x) = ) fe(t)xS,

ecNn

such that f.(t) is a polynomial in t with coefficients in C.
Let - be a block order on C[t, x] such that x - t (e.g. lexicographic

order?), i.e.
thixe » t9x® < e, - e, 0r (e; = e; and t4 =, t%)

where > is an arbitrary order on C[t]. Let I(t,x) C C[t,x] be ideal gener-

!More details of lexicographic order can be found in Cox et al. (2015).
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ated by Z(t,x) and

G(t,x) ={g1(t,x),...,gs(t,x)}

be a Grobner basis? of I(t,x) with respect to the block order . Let
Bad(t) = {hi(t),..., h.(t)} be the set of non-zero polynomials in t ap-
pearing as coefficients of some g;i(t,x), then

Z(t) := | zero-set(hi(t)) C A% (3.15)

i=1

is a Zariski closed proper subset, which has AS -measure zero by Lemma
A.39. In most cases this subset is efficiently computable using, e.g. Magma.

Example 3.1. For the set of polynomials {x1x, —2 = 0,tx1x; +x1 — 1 = 0},
one of its Grobner basis with respect to the block order > is {x; + (2t — 1) =
0, (2t — 1)xp + 2 = 0} and hence

Bad(t) = {2t — 1}, Z(t) = {1/2} C AL

An observation from this example is that in general Bad(t) is NOT equivalent
to the set of non-zero polynomials in t appearing as coefficients of some element
in P(t,x) (in this example, it is {t}), i.e. they may even define different Zariski
closed subsets in AT

Assumption 3.2. Z(a,x) has at least { solutions in C for all a € C™.

Assumption 3.3. There exists a’ € C™ — Z(t) such that & (a’,x) has exactly {
solutions in C (counted with multiplicity), where Z(t) C C™ is the A{*-measure
zero subset determined by (3.15).

Theorem 3.4. Under Assumptions 3.2 and 3.3, &(a,x) has exactly { solutions
in C (counted with multiplicity) for all a € C™ but a set of A, -measure zero.

ZMore details on Grébner basis can be found in Chapter 2 of Cox et al. (2015).
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The proof is divided into two steps. The first step show that the con-
clusion holds “generically” with respect to the Zariski topology and the
second step translates the genericness in Zariski topology in terms of

Lebesgue measure.
Proof of Theorem 3.4. Geometrically one can view Z(t,x) as a family of

affine varieties sitting in A%,

Q2 —— AP x Ag

|

AZ

parametrized by AT such that the fiber 2, over a € AT is (isomorphic
to) the affine variety V(#?(a,x)) C A¢. Formally #(a,x) is the image of

Z(t,x) under the evaluation map
@q : C[t,x] — C[x] defined by t — a,x — x.

Fix an open embedding Af — P¢ given by (x1,...,%xn) = [xo =1 : % :
... Xn]). Consider the (relative) projective closure of the above diagram

with respect to x and this embedding

D —— AR x P}

|

Act

ie. Daly,—1 = 24 for any a € A, By the minimality of 2, it follows
that
94 C 2yforac A (3.16)

In general (3.16) is NOT an equality, i.e. 2, is NOT the projective clo-
sure of 2,. For example, for the single polynomial (1 — tx)x = 0, 2, is
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defined by x = 0 in P! (and hence consists of one point [0 : 1]) while 2,
is defined by xox = 0 in P! (and hence consists of two points [0 : 1] and
[1:0]). This is the source of many troubles. However, we could prove
that generically (3.16) is an equality (in the previous example, this is an

equality outside t = 0).
Lemma 3.5. 2, = 2, forall a € C™ — Z(t).

Proof of Lemma 3.5. Indeed, we have

1. 24 =V(Z(a,x)) = V(I(a,x)) = V(fi(a,x),...,fs(a,x)) C {a} x
AT = AZ. By our choice of a, it follows that I(a, x) # 0 and then (For-
tuna et al., 2001, Theorem 2.1) guarantees that G(a,x) is a Grobner
basis of I(a,x). Thus

24 =V("(f1(a,x)),...," (fs(a,x))) C PE

by (Cox et al., 2015, Chapter 8, Theorem 4 and 8), where "(f;(a,x))
is the homogenization of f;(a, x) with respect to x.

2. 2 =V(2(t,x)) = V(I(t,x)) = V(f1(t,x),...,fs(t,x)) C AF x A¢
and hence

2 =V("f1(t,x),...," f(t,x)) C AT x PZ

by (Cox et al., 2015, Chapter 8, Theorem 4 and 8), where "f;(t,x) is
the homogenization of f;(t,x) with respect to x. This implies that

2q =V(("fi(t,x)(a),..., ("s(t,x))(a) C {a} x PE =P

Note that a € C™ — Z(t) is a sufficient and necessary condition for

("fi(t,x))(a) =" (fi(a,x)) fori=1,...,s
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This implies that Q4= foralla e C™— Z(t). O

Step1 We prove that &?(a,x) has exactly { solutions in C (counted with
multiplicity) for generic a € AT — Z(t).

More precisely, there exists a Zariski open dense subset U,, C A7 such
that #(a,x) has exactly ¢ solutions in C (counted with multiplicity) for
any a € Uy,.

For any a € A®™ — Z(t), let Po(z) € Qlz] the Hilbert polynomial of
9, C P2. Then by definition

Z(a,x) has exactly { solutions in C (counted with multiplicity)

)
dim 2, =0and deg 2, =1

0
dim 2, = 0and deg 2, = ¢

T
dim 2, =0 and deg@a =1

0

P.(z) =1

where the first equivalence holds since C is algebraically closed; the second
equivalence follows from (Caniglia et al., 1991, Proposition 1.11); the third
equivalence follows from Lemma 3.5 and the fourth equivalence follows
from (Hartshorne, 1977, Proof of Corollary I11.9.10). Hence, it is equivalent
to show P, (z) = { for generic a € AT* — Z(t). Note that Assumption 3.3
implies

Py(z) =L

Claim 3.6. P/ (z) is minimal in & :={Pq(z) : a € A" — Z(t)} with respect
to > (in the sense of Definition A.35).
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If this is true, then by the existence of flattening stratification (see, e.g.
(Nitsure, 2005, Theorem 5.13) ), we know

Se={ac A —Z(t): Pq(z) =0 C AT — Z(t) C AT
is a Zariski open dense subset. So we can simply take U,, = S,. Thus, for
Step 1, the only left thing to prove is Claim 3.6.

Proof of Claim 3.6. Forany a € A—Z(t),letr := dim 2. By (Hartshorne,
1977, Proof of Corollary I11.9.10)

1. If r > 0, then we have

P.(z) = deg—r@azr + lower degree terms,

and hence Py(n) > Py(n) =Lforn > 0,n € Z,i.e. Py(z) = P (2).

2. If r = 0, then by Assumption 3.2, we have
P.(z) =deg 2, = deg 2, = deg 2, > (.

since for the zero-dimensional affine variety 2, its degree is equal
to the number of the solutions to its defining equations in C (counted
with multiplicity). It suggests that Pq(n) > Po/(n) =l forn € Z, i.e.
Pq(z) = Par(2).

Together we finish the proof of Claim 3.6 and hence Step 1. O

Step2 We argue that the complement of U,, in C™ has A$ -measure zero,
ie AL (C™\ U,,) =0.

Note that Z := A \ U,, C A is a Zariski closed proper subset. Then
we are done by Lemma A.39.

Finally, these two steps conclude the proof. O
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Remark 3.7. As we have seen before, &?(a,x) has exactly { solutions in C
(counted with multiplicity) if and only if

dim 2, = 0and deg 2, = (.

If the coefficients appearing in & (a,x) are all in Q, this dimension and degree

condition can be checked with the help of Magma using the commands
Dimension(2,) and Degree(2,)

This is because Magma works well over the field Q of rational numbers. More
details will be shown in the next section.

Remark 3.8. Our condition a € C™ — Z(t) is only a sufficient condition for
Lemma 3.5 (and hence Theorem 3.4) to hold, partly due to the usage of (Fortuna
et al., 2001, Theorem 2.1). Nevertheless it is a measure-zero condition. However,
we want to emphasis that it is always necessary to exclude some “bad” parameter.
As we already see that for the example (1 — tx)x = 0, if t = 0 then we have a
unique solution in C, but this does not hold generically.

3.3.2 Real Case

Now we consider the real case. Our goal is to obtain a variant of Theo-
rem 3.4 in the real case. The arguments in complex case cannot be applied
directly because R is not algebraically closed.

The starting point is the lemma below.

Lemma 3.9 ((Okamoto, 1973), Lemma). For any non-zero polynomial f
Clxq,...,%Xml, we have
V(f)NnR™ c R™

is of Am-measure zero.

Proof of Lemma 3.9. This is proved by induction on m.
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If m =1, then V(f) C Cis a finite set and so is V(f) N R. Trivially
V(f) "R C R is of A;-measure zero. Suppose the conclusion holds for

m — 1 and we need to show
N =V NR™ ={(x1,...,xm) €E R™: f(x1,...,xm) =0 CR™

is of A,,-measure zero. Consider the cross-section of N, at the point

(Xll ey mel)/
Cx1,. oy Xme1) i={xm € R:f(x1,...,Xm_1,Xm) =0} C R.

It is a finite set since f is non-trivial. Let d > 0 be the degree of f with

respect to the variable x,,. Write

and
N1 = {(Xl,...,mel) € R™! : fi(Xl,...,mel) =0fori= 0,,d}

d
=V NR™ c R™
i=0

By induction hypothesis, at least one of V(f;) "NR™ ! ¢ R™ tis of A, -
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measure zero, then A,,_1(N,,_1) = 0. Now it follows that

r

}\m(Nm) - 1Nm dAm(Xlr---/Xm)
JRM

r

JRm—1

= 17\1(C(X1,---,Xm—1)) dAm 1 (X1, Xm-1)
JRM—

= Al(c(xll"'lxm—l))d)\m—l(xll"'lxm—l)
“Nmfl

+J A1(C:(X1/~"/X'Tﬂ.*l)) d}\mfl(xl/-~'lxm*1)/
R1“71\]\11'7171

where the second equality follows directly from Fubini’s theorem (see, e.g.
(Zorich, 2016, Chapter 11.4.1, Theorem)). The first term vanishes because
of Ajy—1(Nym—1) = 0. The second vanishes since for any (x;,...,Xm_1) ¢
Nm_1,theset C(xq,...,Xm—_1)isa finite setand hence A; (C(x1, ..., Xm—_1)) =
0. Thus A\, (Nn) =0. ]

Corollary 3.10. The intersection of any Zariski closed proper subset of AZ with

R™ is of Ay, -measure zero.

Proof of Corollary 3.10. Let Z C AT be a Zariski closed proper subset, then

we can write

Z=V(f,...,f.) = V(f)
i=1

for some polynomials f; € C[x, ..., xm]. Since Z is proper, at least one of
fi’s is non-zero, say f;. By Lemma 3.9, V(f;) NR™ C R™ is of A,,,-measure
zero. As a subset of a set of A,,,-measure zero, Z is again of A,,,-measure

zero (since the Lebesgue measure on R™ is complete). O
Using Corollary 3.10, we obtain a variant of Theorem 3.4 in real case.

Theorem 3.11. Under Assumptions 3.2 and 3.3, Z(a,x) has exactly { solutions
in C (counted with multiplicity) for all a € R™ but a set of A\,,-measure zero.
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Proof of Theorem 3.11. We use the same notions in the proof of Theorem
3.4. It suffices to show
ZNR™ CR™

is of A,-measure zero. This is true by Corollary 3.10. O

3.3.3 General Case

In general, it is not hard to see from the proof that Lemma 3.9 (and hence
Corollary 3.10) still holds for any subset of R™ of positive (or infinity)
Lebesgue measure. As a result, we obtain a variant of Theorem 3.4 in this

generality.

Theorem 3.12. Let K C R™ be a subset of positive (or infinity) Ay,-measure.
Under Assumptions 3.2 and 3.3, ¥ (a,x) has exactly £ solutions in C (counted
with multiplicity) for all a € K but a set of A,,,-measure zero.

Remark 3.13. It is worth mentioning that Assumption 3.2 and 3.3 are indepen-
dent of the specific parameter space K in Theorem 3.12. In particular, the chosen
parameter a’ in Assumption 3.3 need not to be in our parameter space K. This
gives us a lot of freedom in practical application.

Moreover, it is also clear from the proof that in Theorem 3.12, we could replace
Assumption 3.2 by the following slightly weaker statement:

Assumption 3.2’. #(a,x) has at least { solutions in C for all a € K — Z;,
where Z, C A is a Zariski closed proper subset.

Indeed, in the proof of Theorem 3.4, we can replace the parameter space A%
by AT — Z; since the existence of flattening stratification (see, e.g. (Nitsure,
2005, Theorem 5.13)) still holds in this case and Lemma A.39 implies that Z, is
of S -measure zero. However, in general we could not replace “Z; C AT is a
Zariski closed proper subset” by the more friendly phrase “Z; C C™ is a subset

of AE -measure zero” in Assumption 3.2'. This is because we need to apply the
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existence of flattening stratification (see, e.g. (Nitsure, 2005, Theorem 5.13)) to
A — Z,, such subset Z; C C™ should, at least, be contained in some Zariski
closed proper subset. But this is already false in one-dimensional case, e.g. N C C
is such a counterexample.

3.4 Consequences for Specific Models

In the previous section, we provided a number of general results on the
number of solutions to polynomial systems. In this section, we develop
some concrete consequences of this general theory for the three specific

mixtures ranking classes previously introduced in Section 3.2.

3.4.1 Mixtures of BTL

In this section, we study the mixtures of BTL models. Our result affirms
that the two mixtures with pairwise comparisons has a unique solution
generically, which was an unsolved problem in the literature. The first
subsection is about the generic identifiability when p; and p, is given and
the second subsection is about the generic identifiability when p is to be
estimated.

Parameter space of (az.,,, bo.n)

Now, we consider the case when p; and p; are given. Then the parameter is
(az:n, ba.n ), which can be freely chosen in the domain Q%T}_LZ. In particular,
we consider p; = 0.7 in our particular example. To check cases with
different p;, we can execute the same procedures.

Recall that we know the n(n — 1)/2 elements in R,

ag . .
Ni;j = P1 + P2 Vi<j € [n].

i
aﬁ—aj bi—i—b]'.
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The estimation/ranking problem is to solve the equation system (3.3) in
variables (x,y) and with coefficients (a, b) (because p;, p, are given and
Ni;’s depend on (a, b)).

Notice that (3.3) has at least one solution in C, i.e. (x,y) = (a,b)
coming from the initial data. Our goal is to show it is also the unique
solution of (3.3) in C for generic (., ba.) € Q3% To be precise, we
write the proposition below.

Proposition 3.14. If n > 5 and p; = 0.7,p, = 0.3, then (3.3) has a unique
solution in C (counted with multiplicity) for all (s, ba:n) € Q%T{z but a set
of Aan_o-measure zero, given by (x,y) = (a, b).

Proof of Proposition 3.14. This is proved by induction on n.

Case n = 5. In this case, we can expand (3.3) such that its coefficients
are given by polynomials in (a, b):

X1 = 1;91 — 1/
(p1a;j(bi +bj) +p2bjlai + a;))xiyi — (prai(bi + bj) +p2bilai + aj))x5y;+
(p1a;j(bi +bj) —p2bilai + a;j))xiy; — (prai(by +bj) — pabj(ai + aj))xjyi =0,

Vi<j e [5]
(3.17)

Note this this is NOT a faithful transformation of (3.3) (but can only

increase the number of solutions). To proceed, we need to determine

Z(ays,by5) introduced in Lemma 3.5. This can be done by Magma.

Listing 3.1: Gronber basis of BTL models with fixed p

P<x1,x2,x3,x4,x5,y1,y2,y3,y4,y5,
al,a2,a3,a4,a5,bl,b2,b3,bd, b5>
:=FreeAlgebra(Rationals (),20,"lex");

I:=ideal<P|x1-1,yl1-1,al1-1,b1-1,
(al*b1+3/10%a2+b1+7/10%al«*b2)*(x1+x2)* (yl+y2)+
(al4+a2)*(bl+b2)*(—3/10% (x1+x2)*y1—-7/10%x1*(yl+y2)),
(al*b1+43/10%a3xb1+7/10%al*b3)*(x1+x3)* (yl+y3)+
(al+a3)*(b14+b3)*(—3/10*(x1+x3)*y1-7/10*x1*(y1l+y3)),
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(al*b1+43/10%a4xb1+7/10%alxbd)*(x1+x4 )= (yl+y4)+
(al+a4)*(bl4+b4)*(—3/10%(x1+x4)*yl-7/10*x1*(yl+y4)),
(al*b1+3/10%a5+b1+7/10%al*b5)*(x14+x5)* (yl+y5)+
(al+a5)*(bl4+b5)*(—3/10%(x1+x5)*y1-7/10*x1*(y1l+y5)),
(a2+b2+3/10+a3%*b2+7/10%a2+b3 ) * (x2+x3 ) * (y2+y3)+
(a2+a3)* (b2+4b3)*(—3/10%(x24+x3)*y2—=7/10%x2*(y2+y3)),
(a2%b2+3/10%+a4*b2+7/10%a2xb4 ) * (x2+x4 ) = (y2+y4)+
(a2+a4)# (b2+b4 )= (—3/10% (x2+x4)+y2—7/10%x2 % (y2+y4) ),
(a2%b2+43/10%a5%b2+7/10%a2xb5) * (x2+x5 ) * (y2+y5)+
(a2+a5)* (b24+b5)*(—3/10%(x2+x5)*y2—-7/10*x2* (y2+y5) ),
(a3%b3+3/10%a4xb3+7/10%a3xb4 )+ (x3+x4)* (y3+y4)+
(a3+a4)*(b3+b4)*(—3/10%(x3+x4)*y3—-7/10*x3*(y3+y4)),
(a3%b3+3/10%a5%b3+7/10%a3%b5) * (x3+x5 ) * (y3+y5)+
(a3+a5)*(b3+b5)*(—3/10%(x3+x5)*y3-7/10*x3*(y3+y5)),
(a4%b4+3/10+a5+b4+7/10%a4*b5) * (x4+x5) * (y4+y5)+
(ad4+a5)* (b4+b5) % (—3/10% (x4+x5)+y4—7/10% x4 % (y4+y5)) >;

GroebnerBasis(1);

This gives

Bad(ays, bas) = {3aibi—4a;b;—7a;bj, 10a;bi+7aibj+3a;b; : Vi #j € [5]}

(3.18)
Based on Theorem 3.12, we claim by checking Assumption 3.2" and 3.3
for (3.17) that (3.17) has exactly 3 solutions in C (counted with multiplic-
ity) for all (ay5,bas5) € Q¥+, but a set of Ag-measure zero.

Assumption 3.2": This is clear since

(x1:5, 91:5) = (a5, b1s),

a, O/ O/ 0/ O/ bl/ (ﬁ) | A, (ﬁ) ;bll 0/ O/ O/O
T]1]’ —P1 j=2,...5 Tllj — P2 j=2,..5

"""" (3.19)

are three (distinct) solutions of (3.17) for all (ays, bys) € Q%+, —Z, where
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Z C A% is the Zariski closed proper subset defined by

U;_,zero-set(ny;(a, b) — p1) U U3_,zero-set(m;(a, b) — ps)
Uzero—set(l —nn(a,b)) c AL

Assumption 3.3: Choose (a}.s,b15) =(1,2,3,4,5;1,8,9,3,2). It is routine
to check that (aj}, bj.5) € C® — Z(a2,5,b2,5) using (3.18). Since the associ-
ated equation system (3.17) is of Q-coefficient, we can use Magma (see
(Bosma et al., 1997) and Remark 3.7) to check whether it has exactly 3
solutions in C (counted with multiplicity) for this (a;.;, bi.5).

Listing 3.2: Dimension and degree computations of BTL models with fixed
P

a:=[1,2,3,4,5];
b:=[1,8,9,3,2];
pl:=7/10;

k:=Rationals ();
A<x1,x2,x3,x4,x5,y1,y2,y3,y4,y5>:=AffineSpace(k,10);
P:=Scheme (A, [

x1-1,

yl-1,
(a[1]#*b[1]+pl*a[2]*b[1]+(1—pl)*a[1]*b[2])*(x1+x2)=*(yl+y2)+
(a[1]+a[2]) = (b[1]+b[2])* (—plx(x1+x2)*yl—(1-p1)*x1x*(yl+y2)),
(a[1]#b[1]+pl*a[3]*b[1]+(1—pl)*a[1]+b[3])*(x1+x3)*(yl+y3)+
(a[1]+a[3])*(b[1]+b[3])* (—plx(x1+x3)*yl—(1-pl)*x1x(yl+y3)),
(a[1]*b[1]+pl*a[4]*+b[1]+(1—pl)*a[l1]*b[4])* (x1+x4)*(yl+y4)+
(a[1]+a[4])*(b[1]+b[4])*(—plx*(x1+x4)*yl—(1-pl)*x1x(yl+y4d)),
(a[1]#b[1]+pl*a[5]*b[1]+(1—pl)*a[1]*b[5])* (x1+x5)*(yl+y5)+
(a[1]+a[5])*(b[1]+b[5])*(—pl*(x1+x5)*yl—(1—pl)*+x1*(yl+y5)),
(a[2]#b[2]+pl*a[3]*b[2]+(1—pl)*a[2]+b[3])*(x2+x3)*(y2+y3)+
(a[2]+a[3]) *(b[2]+Db[3]) * (—pl*(x2+x3)*y2—(1—-pl)*x2#(y2+y3)),
(a[2]#b[2]+pl+a[4]*b[2]+(1—pl)*a[2]+b[4])*(x2+x4)*(y2+y4)+
(a[2]+a[4])*(b[2]+b[4])*(—plx(x2+x4)*y2—(1-pl)*x2x(y2+y4)),
(a[2]*b[2]+pl*a[5]*b[2]+(1—pl)*a[2]*b[5])* (x2+x5)*(y2+y5)+
(a[2]+a[5]) % (b[2]+b[5]) * (—pl*(x2+x5)*y2—(1-pl)*x2%(y2+y5)),
(a[3]*b[3]+plxa[4]+b[3]+(1-pl)*a[3]+b[4])*(x3+x4)x*(y3+y4)+
(a[3]+a[4])*(b[3]+b[4])*(—pl=*(x3+x4)*y3—(1-pl)*x3*(y3+y4)),
(a[3]#b[3]+pl*a[5]*b[3]+(1—pl)*a[3]*b[5])x*(x3+x5)x*(y3+y5)+
(a[3]+a[5])*(b[3]+b[5])*(—pl*(x3+x5)*y3—(1—-pl)*x3*(y3+y5)),
(a[4]*b[4]+pl=a[5]*b[4]+(1—pl)*a[4]+b[5])*(x4+x5)=*(y4+y5)+
(a[4]+a[5])*(b[4]+b[5])*(—pl*(x4+x5)*y4—(1—pl)*x4=*(y4+y5))
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1);

Dimension(P);
- 0

Degree (P);
>3

From Listing 3.2, Dimension (P)=0 and Degree (P)=3 means (3.17) has
exactly 3 solutions in C (counted with multiplicity) for this choice of
(a5 b3:5).

Thus by Theorem 3.12, we prove that (3.17) has exactly 3 solutions
in C (counted with multiplicity) for all (a,;5, bas5) € Q¥+, but a set Vs
of Ag-measure zero. Replacing Vs by Vs U Z if necessary (since Z C C?
is of Ag-measure zero by Lemma A.39), we may assume Z C V5. This
implies that for any (a,;5, b2s) € Q41 — Vs, the 3 solutions of (3.17) are
necessarily given by (3.19), of which the first one is always a solution
of (3.3) while the last two are not allowed by (3.3). Altogether, this shows
that (3.3) has a unique solution in C (counted with multiplicity) for all

(azs,bas) € Q%+ but a set Vs of Ag-measure zero.

Casen > 5. Suppose the conclusion holds for n — 1. We need to prove
that

==l (3.20)
Xi Yi . . .
—+ =MNij, Vi<je
Pt Pyity ot n]

has a unique solution in C (counted with multiplicity) for all (., bo:n) €
Q3x ;% but a set V,, of Ay, _p-measure zero. We begin with splitting (3.20)
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into two parts:

o ' Ui (3.21)
Plxi_*jxj +P2yi+lyj =1y, Vi<jen—1]
and
P P —, Wi=1,..,n— 1 (3.22)

2

By induction hypothesis, there exists a A;,,_4-measure zero subset V;,_1 C

C?™* such that (3.21) has a unique solution in C (counted with multiplic-

ity) for any (@z.n 1, b2n 1) € QF3* — Vi1, given by

(X1m—1,Y1m—1) = (Qrn—1, brn—1).
Plugging this solution into (3.22) and simplifying, we obtain

(Min —1)aibi + Min — P1)aiyn + Min — P2)biXn + MinXnyn =0,
vi=1,...,n—1.
(3.23)

Since 11, # 0, by the case of i = 1in (3.23), we have

(Min —Daib; + (Min — P1)@1Yn + (Min — P2)b1xn
MNin .

XnYn =
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Plugging it into the cases of i = 2,3 in (3.23), we further have a system of
linear equations in variables (X, Yn )

(Min(M2n — P2)b2 —M2nMin — P2))Xn + Min(M2n —P1)a2 —M2n(Min — P1))Yn

= C2,

Min(M3n — P2)b3 —M3n(M1n — P2))%n + Min(M3n —P1)a3 —M3n(Min — P1))Yn

= C3.
(3.24)

where

Ci == Tﬁ(nln —1) — Min — DxiYi.
MNin

Denote the coefficients matrix of (3.24) by

A— Nin(M2n — P2)b2 = M2n(M1n — P2) Min(M2n — P1)a2 —M2n(Min — p1)
Min(M3n — P2)b3 = Nan(Min —P2) Nin(M3n — P1)a3 —M3n(M1n — P1)

and define W, := {(ay., bon) € C** 2 : det(A) =0} and Vy, = (Vo1 X
C?) UW,, C C*2, Note that V,, is also a Ay,,_,-measure zero subset. We
finish the proof by claiming that (3.20) has a unique solution in C (counted
with multiplicity) for all (az.n,, ban) € Q3% % but the set V.. Indeed, for

any (Qa.n, ba.n) € %Tﬁz — V,, we have

1. since (azn_1,b2n-1) ¢ Vn_1, (3.21) has a unique solution in C
(counted with multiplicity), given by

(xlzn—lzylzn—l) = (A1:n—1, b1n_1).

2. since (az:n, ban) € Wy, (3.24) has a unique solution in C (counted
with multiplicity), given by

(Xn/yn) = (an/ bn)
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This shows that (3.20) has a unique solution in C (counted with multiplic-
ity) since (x,y) = (a, b) is always a solution of it. O

Remark 3.15. For py = 0.5, one can argue similarly that generically the equation
system (3.3) has exactly 2 solutions in C (counted with multiplicity), given by
(x,y) = (a,b) and (b, a). The procedure is very similar to the case where
p1 = 0.7 so we omit the details here. For other choice of p1 # 0.5, one can try the
same procedure to check the generic identifiability of (3.3) for any specific rational
value for p1. As we have tried, for the choice of p1 € {0.01,0.02,...,0.99,1}\{0.5},
we could always obtain the generic identifiability. For p; = 0.5, we obtain the

generic identifiability up to reordering, i.e., exactly two solutions generically.

Remark 3.16. We discuss about the tightness of n. For n < 3, since the number
of equations is less than the number of variables, in general we won't expect the
identifiability. When n = 4, the number of equations equals to the number of
equations, which we are not sure whether the generic identifiability holds or not
in this case.

Parameter space of (as.,\, ba:n, P1)

Instead of fixing p; (and hence p,), we could also view p; as a parameter.
In this case, the parameter space becomes (Qy.n,, bo.n, p1) € Q%Tﬁ,lp and we
consider the variant (3.5) of (3.3), which is an equation system having

(x,y,p) as variables and (a,.,, by..,, p1) as coefficients.

Proposition 3.17. If n > 5, then (3.5) has exactly 2 solutions in C (counted
with multiplicity) for all (A, bon, P1) € Q%‘}fp but a set of Ayn_1-measure

zero, given by (x,y,p) = (a,b,p1) and (x,y,p) = (b, a,1 —p1).

Proof of Proposition 3.17. Same as before, we first translate (3.5) into (equiv-
alent) polynomial one such that its coefficients are given by polynomials
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n (ar b/pl)
.
x1=y =1,
(cij — dij)xiyi + (5 — pdyy)xiy; + (cyy — (1 —p)diy)xyi+  cijxyy; =0,
Vi<j e [n]
\tii(xi+xj):1, hij(yi +y;) =1, Vi<jem]
(3.25)

where
Ciyj == plai(bi + bj) + (1 —pl)bi(ai + (1]‘) and dij = (Cli + aj)(bi + bj).

This is an equation system in variables (x, y, p, t, h) and with coefficients
(a,b,p1). Indeed, as a result of introducing new variables and equations
to (3.5) to prevent its denominators from zeros, it follows that for any
(az:n, bam, p1) the equation system (3.5) is equivalent to the equation
system (3.25). In particular, (3.5) has exactly 2 solutions in C (counted
with multiplicity) if and only if (3.25) has exactly 2 solutions in C (counted
with multiplicity).
Note that (3.25) always has 2 (distinct) solutions in C

(x/y’p,t/h) = (a,b/pll ( ) (b +b ) )
1 1
T <b, al—p, (bi+bj)i,j (ai+aj)i,i>

for all (@y.n, bon,p1) € %T}_L}p — Z,, where Z, C AX*! is the Zariski

closed proper subset (since it is defined by a single polynomial p; —0.5 = 0)
defined by

Zn = {(aZ:n/ bZ:n/ pl) € A%jn_l P1— 05 = 0} C qucn_l
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As before, this proposition can be proved by induction on n.

Casen =5. In the case where n =5, we consider the following subset
of equations in (3.25).

x1 =y =1,
(cij — dij)xyi + (45 — pdyy)xiy; + (cyy — (1 —p)diy)xyi + cyx3y; =0,
Vi< j € [5]
(t23(x2 +x3) =1, tis(x1 +x5) =1, has(y2 +ys) = 1.
(3.26)

Itis clear that (3.25) has exactly 2 solutions in C (counted with multiplicity)
if (3.26) has exactly 2 solutions in C (counted with multiplicity). So it
suffices to consider (3.26). Based on Theorem 3.12, it suffices to check
Assumption 3.2” and Assumption 3.3 for (3.26).

For Assumption 3.2’: as we see before, (3.26) has at least 2 solutions in
C for all (azs5, b2s,p1) € Qprr, — Zs.

For Assumption 3.3: we need to find a specific (aj.s, bi.s, p;) such that

1. (a}s, b5, p1) € C° — Z(azs, bas, pr).

2. the associated equation system (3.26) has exactly 2 solutions in C
(counted with multiplicity).

Both of them can be checked by Magma. We choose (aj., bis pi) =

(1,2,3,4,5;1,8,9,3,2;0.7).
For the first one, we need to determine Bad(a,:, b,.5,p1). This can be
done via running Listing 3.3.

Listing 3.3: Gronber basis of BTL models with variable p

P<x1,x2,x3,x4,x5,y1,y2,y3,y4,y5,p,t23 ,h15,h23,
al,a2,a3,a4,a5,bl,b2,b3,b4,b5,pl>
:=FreeAlgebra(Rationals (),25,"lex");

I:=ideal<P|x1-al,yl-bl,al—-1,b1-1,



(pl*al*(bl+b2)+(1—-pl)*blx(al+a2)—(al+a2)*(bl+b2))*x1xyl+
(pl*al*(b1l+b2)+(1-pl)*blx(al+a2)—p=(al+a2)*(bl+b2))*x1+y2+
(pl*al*(bl4b2)+(1-pl)*blx(al+a2)—(1-p)*(al+a2)=*(bl+b2))*x2*yl
—(pl*als*(bl+b2)+(1—pl)*bl*(al+a2))*x2xy2,
(pl*al*(b1l+b3)+(1—pl)*bl=(al+a3)—(al+al3)*(bl+b3))*x1xyl+
(pl*al*(bl+b3)+(1—-pl)*blx*(al+a3)—p=(al+a3)*(bl+b3))=*x1+y3+
(pl*al*(bl+b3)+(1-pl)*blx*(al+a3)—(1-p)=*(al+a3)=*(bl+b3))*x3xyl
—(pl*al%(b1+b3)+(1—pl)*blx(al+a3))*x3xy3,
(pl*al*(bl+b4)+(1—pl)*blx(al+ad)—(al+ad)*(bl+b4))*xlxyl+
(pl*al*(bl+b4)+(1-pl)*blx*(al+a4)—p=(al+ad)*(bl+b4))=*x1l+y4+
(pl*al*(bl+b4)+(1-pl)*blx(al+a4)—(1—p)=*(al+ad)=*(bl+b4))=xdxyl
—(pl*al%(bl+b4)+(1—pl)*blx(al+ad))*xdxy4,
(pl*al*(bl+b5)+(1—pl)*blx(al+a5)—(al+a5)*(bl+b5))*x1*yl+
(pl*al*(bl+b5)+(1—-pl)*blx(al+a5)—p=(al+a5)*(bl+b5))=*x1+y5+
(pl*al*(bl+b5)+(1—-pl)*blx(al+a5)—(1—p)*(al+a5)=*(bl+b5))*x5xyl
—(plxal*(b1+b5)+(1—pl)*blx(al+a5))*x5*y5,
(pl*a2*(b2+b3)+(1—-pl)*b2x(a2+a3)—(a2+a3)* (b2+b3))*x2*y2+
(pl*a2*(b2+b3)+(1-pl)*b2x(a24a3)—p=(a2+a3)*(b2+b3))*x2xy3+
(pl*a2*(b2+b3)+(1-pl)*b2x(a24a3)—(1-p)*(a2+a3)*(b2+b3))*x3xy2
—(pl*a2%(b2+b3)+(1—pl)*+b2+(a2+a3))*x3x*y3,
(pl*a2%(b2+b4)+(1—pl)*b2%(a2+a4)—(a2+a4)*(b2+b4))*x2xy2+
(pl*a2*(b2+b4)+(1—-pl)*b2x(a2+a4)—p=(a2+ad)*(b2+b4d))*x2+y4+
(pl*a2*(b2+b4)+(1—-pl)*b2x(a24+a4)—(1—p)=*(a2+ad)*(b2+b4))*x4xy2
—(pl*a2%(b2+b4)+(1—pl)*b2x(a2+ad))*xd=y4,
(pl*a2*(b2+b5)+(1—pl)*b2x(a2+a5)—(a2+a5)* (b2+b5))*x2*y2+
(pl*a2*(b2+b5)+(1—-pl)*b2x(a2+a5)—p=(a2+a5)*(b2+b5) ) *x2+y5+
(pl*a2*(b2+b5)+(1—-pl)*b2x(a2+a5)—(1—p)=*(a2+a5)*(b2+b5) ) *x5%y2
—(pl*a2%(b2+b5)+(1—pl)*b2x(a2+a5))*x5xy5,
(pl*a3+(b3+b4)+(1—-pl)*b3=(a3+a4)—(a3+a4)*(b3+b4))*x3*y3+
(pl*a3*(b3+b4)+(1-pl)*b3x(a3+a4)—p=(a3+a4)x*(b3+b4))*x3+y4+
(pl*a3*(b3+b4)+(1-pl)*b3x*(a3+a4)—(1-p)=*(a3+a4)x*(b3+b4))*x4xy3
—(pl*a3%(b3+b4)+(1—pl)*b3%(a3+ad))*xd=y4,
(pl*a3%(b3+b5)+(1—pl)*b3=(a3+a5)—(a3+a5)*(b3+b5))*x3*y3+
(p1*a3*(b3+b5)+(1-pl)*b3x(a3+a5)—p=(a3+a5)*(b3+b5))*x3+y5+
(p1*a3*(b3+b5)+(1-pl)*b3x*(a34+a5)—(1—p)=*(a3+a5)*(b3+b5))*x5*y3
—(pl*a3%(b3+b5)+(1—pl)*b3*(a3+a5))*x5xy5,
(pl*ad*(b4+b5)+(1—pl)*bdx*(ad+a5)—(ad+a5)*(b4+b5))*xdx*yd+
(pl*ad*(b4+b5)+(1—pl)*b4d=(ad+a5)—p=(ad4+a5)*(b4+b5))*x4+y5+
(pl*a4*(b4+b5)+(1—-pl)+bd=(ad+a5)—(1—p)=*(ad+ab)=*(b4+b5))*x5xy4
—(pl*adx*(b4+b5)+(1—pl)*b4d=(ad+a5))*x5xy5,

t23 % (x24x3) -1,

h15=(yl+y5) -1,

h23x (y2+y3)—-1>;

GroebnerBasis(1);

75
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From the output of the above code, we obtain

Bad(ays, bas, p1) =

/

ai(l + ai)(l + bi), bl(l —pl) + (li(bi +p1 — 1) — 1, Vie [5]
ai(pr—1)—=bip1—1, bilag +1—p1) +ayp1 —1,  Vie[5

(ai + a;)(bi + bj), Vi<je 5]
a;j(b; + bip1) + aibj(1 —p1). Vi#j € [5]
(3.27)

by which we can verify that (aj.5, b5, pi) € C° — Z(ays, bas, p1).
For the second one, we use Magma and Remark 3.7 to check whether (3.26)
has exactly 2 solutions in C (counted with multiplicity) for this (af.;, bi.5,p1)-

Listing 3.4: Dimension and degree computations of BTL models with
variable p

a:=[1,2,3,4,5];
b:=[1,8,9,3,2];
pl:=3/10;
p2:=7/10;

k:=Rationals ();
A<x1,x2,x3,x4,x5,y1,y2,y3,y4,y5,t23 ,h15,h23 ,p>:= AffineSpace (k,14);
P:=Scheme (A, [

x1-1,

yl-1,

(plxa[1]%(b[1]+b[2])+ (1-p1)#b[1]# (a[1]+a[2]) — (a[1]+a[2]) (b[1]+b[2])) * xIxy1
+#(plxal1]%(b[1]+b[2])+ (1—p1)«b[ 1]+ (a[1]+a[2]) —px(a[1]+a[2])* (b[1]+b[2])) +xT+y2
#(plxa[1]%(b[1]+b[2])+ (1-p1)«b[1]+ (a[1]+a[2]) —(1—p)+ (a[1]+a[2]) * (b[1]+b[2])) ¥x2¢y1
+(pl*a[1]*(b[1]+b[2])+(1—-pl)*b[1]*(a[l]+a[2]))*x2x*y2,

(plxa[1]% (b[1]+b[3])+(1—p1)+b[1]+(a[1]+a[3]) —(a[1]+a[3]) (b[1]+b[3])) #x1+y1
+(plxal[1]% (b[1]+b[3])+(1—p1)+b[1]+(a[1]+a[3])—p(a[1]+a[3])* (b[1]+b[3])) #x15y3
+(plxal[1]% (b[1]+b[3])+(1—p1)+b[1]+(a[1]+a[3])—(1=p) +(a[1]+a[3]) (b[1]+b[3])) * x3xy1
+(pl*a[1]*(b[1]+b[3])+(1—pl)*b[1]=*(a[1]+a[3]))*x3x*y3,
(plra[1]%(b[1]+b[4])+(1-p1)*b[1]x(a[1]+a[4])— (a[1]+a[4])# (b[1]+b[4])) xIsy1
+(plxa[1]*(b[1]+b[4])+(1—pl)+b[1]*(a[1]+a[4])—p=*(a[l]+a[4])*(b[1]+b[4]))*x1xy4
+(plxa[1]*(b[1]+b[4])+(1—pl)s+b[1]*(a[1]+a[4])—(1—p)=(a[l]+a[4])*(b[1]+b[4]))*x4x*yl
+(pl*a[1]*(b[1]+b[4])+(1—pl)*b[1]=*(a[l]+a[4]))*x4x*y4,
(pl*a[1]*(b[1]+b[5])+(1—pl)*b[1]*(a[1]+a[5])—(a[1]+a[5])*(b[1]+b[5]))*x1x*yl
#(plxal1]%(b[1]+b[5])+ (1-p1)«b[1]x (a[1]+a[5])—px(a[1]+a[5])* (b[1]+b[5])) +x1+y5
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+(pl#a[1]+(b[1]+b[5])+(1-p1)+b[1]x(a[l]+a[5])—(1—p)=(a[1]+a[5])+(b[1]+b[5]))*x5xyl
+(pl#a[1]+(b[1]+b[5])+(1-pl)+b[1]x(a[1]+a[5]))*x5+y5,
(pl*a[2]*(b[2]+b[3])+(1-pl)+b[2]*(a[2]+a[3]) —(a[2]+a[3])*(b[2]+b[3]))*x2xy2
+(plxa[2]#(b[2]+b[3])+(1-pl)*b[2]*(a[2]+a[3])—px(a[2]+a[3])*(b[2]+b[3]))*x2*y3
+(plxa[2]+(b[2]+b[3])+(1-pl)*b[2]*(a[2]+a[3])—(1-p)=*(a[2]+a[3])*(b[2]+b[3])) +x3*y2
+(pl>{-a[2]*(b[2]+b[3])+(1—p1)>&b[2]*(a[2]+a[3]))>{-x3>(-y3
(pl*a[2]=(b[2]+b[4])+(1-pl)+b[2]+ (a[2]+a[4]) —(a[2]+a[4])*(b[2]+b[4]))*x2xy2
+(plxa[2]*(b[2]+b[4])+(1-pl)*b[2]*(a[2]+a[4]) —px(a[2]+a[4])*(b[2]+b[4]))*x2*y4
+(plxa[2]*(b[2]+b[4])+(1-pl)*b[2]*(a[2]+a[4])—(1-p)=(a[2]+a[4]) *(D[2]+D[4])) + x4*y2
+(plxa[2]*(b[2]+Db[4])+(1—pl)*b[2]*(a[2]+a[4]))*x4*y4,
(pl*a[2]=(b[2]+b[5])+(1-pl)+b[2]* (a[2]+a[5]) —(a[2]+a[5])* (b[2]+b[5]))*x2xy2
+(pl*a[2]*(b[2]+b[5])+(1-pl)*b[2]*(a[2]+a[5]) —p*(a[2]+a[5])* (b[2]+b[5]))*x2xy5
+(pl*a[2]*(b[2]+b[5])+(1-pl)*b[2]+(a[2]+a[5])—(1—p)*(a[2]+a[5]) % (b[2]+b[5])) *x5*y2
+(plxa[2]*(b[2]+Db[5])+(1—pl)*b[2]*(a[2]+a[5]))*x5*y5,
(plxa[3](b[3]+b[4])+(1-p1)+b[3]+(a[3]+a[4]) —(a[3]+a[4])*(b[3]+b[4]))*x3x*y3
+(pl#a[3]+(b[3]+b[4])+(1-p1)+b[3]x(a[3]+a[4]) —p*(a[3]+a[4])*(b[3]+b[4]))+x3*y4
+(pl#a[3]+(b[3]+b[4])+(1-pl)+b[3]*(a[3]+a[4])—(1—p)*(a[3]+a[4]) = (D[3]+b[4]))*x4xy3
+(pl#a[3]+(b[3]+b[4])+(1-pl)+b[3]x(a[3]+a[4]))xxd+y4,
(pl*a[3]*(b[3]+b[5])+(1-pl)+b[3]+(a[3]+a[5]) —(a[3]+a[5])*(b[3]+b[5]))*x3xy3
+(plxa[3]*(b[3]+b[5])+(1-pl)*b[3]*(a[3]+a[5])—px(a[3]+a[5])*(b[3]+b[5]))*x3*y5
+(plxa[3]#(b[3]+b[5])+(1-pl)*b[3]*(a[3]+a[5])—(1-p)=(a[3]+a[5])*(b[3]+b[5])) +x5+y3
+(plxa[3]#(b[3]+b[5])+(1-pl)+b[3]*(a[3]+a[5]))*x5xy5,
(plxa[4]+(b[4]+b[5])+(1-pl)+b[4]« (a[4]+a[5]) —(a[4]+a[5])*(b[4]+b[5]))*x4xy4
+(plxa[4]+(b[4]+b[5])+(1—-pl)*b[4]x(a[4]+a[5])—px(a[4]+a[5])*(b[4]+b[5]))*x4x*y5
+(plxa[4]+(b[4]+b[5])+(1-pl)*b[4]*(a[4]+a[5])—(1-p)=(a[4]+a[5])*(b[4]+D[5])) +x5+y4
+(plxa[4]*(b[4]+Db[5])+(1—pl)=b[4]*(a[4]+a[5]))*x5*y5,

t23 % (x2+x3) -1,
h15*(yl+y5) -1,
h23*(y2+y3)-1
D;

Dimension(P);
- 0

Degree(P);
-2

From Listing 3.4, Dimension (P)=0 and Degree (P)=2 means (3.26) has
exactly 2 solutions in C (counted with multiplicity) for this choice of
(ai.s, b, p1). Until now, we have finished checking the Assumption 3.3
for (3.26) and conclude the proof for n =5.
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Casen > 6. For the case n > 6, we can employ a same procedure as we
did in the proof of Proposition 3.14. The idea is to split the equation sys-
tem (3.5) into two parts. One only involves the variables (X1.n—1, Y1:n—1,P),
for which we have exactly 2 solutions in C (counted with multiplicity)
generically, using induction step. The other part is the remaining equa-
tions in (3.5), from which we can build up a system of linear equations
in (xn,Yn) for each of the 2 solutions of (X1:n—1, Y1:n—1,p). By the knowl-
edge of linear algebra, generically (i.e. outside the set of parameters that
vanish the coefficient matrix of this system of linear equations) (x,, yn)
has a unique solution in C (counted with multiplicity). Altogether, this
shows that (3.5) has 2 solutions in C (counted with multiplicity) and
hence conclude the proof for the case n > 6. O

Remark 3.18. In this case, n > 5 is tight. Since when n < 4, we have the
number of equations be smaller than the number of variables and so we do not
expect the identifiability.

3.4.2 Mixtures of MNL Models with 3-slate

In this section, we will study the mixtures of MNL models with 3-slate.
We will consider two parameter spaces as before. One is the space of
(a2, ba:n) and the other is the space of (az.n, bon, P1).

Parameter space of (az.,,, bo.n)

Now we go through our method for the generic identifiability in the first
parameter space.

We will separately consider two cases p; # 0.5 and p; = 0.5. For p; #
0.5, we show that the equation system achieves generic identifiability. For
p1 = 0.5, we show that the equation system achieves generic identifiability
up to reordering. A proposition is rigorously written below.

Proposition 3.19. Suppose n > 4.
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1. Ifp1 =0.3,p2 = 0.7, then (3.8) has a unique solution in C (counted with
multiplicity) for all (Qg.n, ban) € QArn] but a set of Ay _p-measure zero,

given by (x,y) = (a, b).

That is, if p1 = 0.7, p2 = 0.3, then the generic identifiability of two mixtures
of MNL models with 3-slate holds.

2. If py = p2 = 0.5, then (3.8) has a unique solution (up to reordering) in
C (counted with multiplicity) for all (aym, bam) € Q?\}[TQZL but a set of
Aon_o-measure zero, given by (x,y) = (a,b) or (x,y) = (b, a).

That is, if p1 = pa = 0.5, then the generic identifiability (up to reordering)
of two mixtures of MNL models with 3-slate holds.

Proof of Proposition 3.19. It suffices to prove the case p; = 0.7 since the
remaining case p; = 0.5 can be treated in exactly the same way. As before,

this proposition is proved by induction on n.

Casen = 4. In this case, we can expand (3.8) such that its coefficients

are given by polynomials in (a, b):

(
X1291=1,

(P1xi(yi + Y5 +Yx) + P2yilxi + x5 + %)) (by + by + by )(ay + aj + ax) =
(prai(bi +bj + by) + pabilai + aj + ax)) (xi + x5 + %) (Ui + Y5 + Yi),
Vi<j<ke 4]

(3.28)
Note this this is NOT a faithful transformation of (3.8) (but can only

increase the number of solutions). To proceed, we need to determine
Z(ays,by5) introduced in Lemma 3.5. This can be done by Magma.

Listing 3.5: Grobner basis of MNL models with fixed p

P<x1,x2,x3,x4,y1,y2,y3,y4,
al,a2,a3,a4,bl,b2,b3,b4>:=FreeAlgebra(Rationals (),16,"lex");

I:=ideal<P|x1-1,yl-1,al1-1,b1-1,
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(3/10%x1*(yl4+y2+y3)+(1-3/10)%y1*(x14+x2+x3) ) * (b1+b2+b3) * (al+a2+a3)—
(3/10%al*(bl+b2+b3)+(1-3/10)+bl*(al+a2+a3))* (x1+x2+x3) % (yl+y2+y3),
(3/10%x2 % (y1+y24y3)+(1-3/10) »y2* (x1+x24x3) ) # (b1+b2+b3 ) * (al+a2+a3)—
(3/10%a2#(b1+b24b3)+(1-3/10)*+b2x(al+a2+a3))* (x1+x2+x3) * (y1l+y2+y3),
(3/10%x1 % (yl+y2+y4)+(1-3/10)#y1x(x1+x2+x4))# (b1+b2+b4)* (al+a2+ad)—
(3/10%al=(bl+b2+b4)+(1-3/10)*bl=(al+a2+ad))* (x1+x2+x4)* (yl+y2+y4),
(3/10%x2# (yl+y2+y4)+(1-3/10) *y2* (x1+x2+x4) ) * (b1+b2+b4 ) * (al+a2+a4d)—
(3/10%a2#(b1+b2+b4)+(1-3/10)*b2x(al+a2+a4) ) (x1+x2+x4)* (yl+y2+y4),
(3/10%x1#(yl+y3+y4)+(1-3/10)*y1l=(x1+x3+x4))* (bl+b3+b4)*(al+a3+ad)—
(3/10%al#*(bl+b3+b4)+(1-3/10)*blx(al+a3+a4) )= (x1+x3+x4)*(yl+y3+y4),
(3/10%x3*(yl+y3+y4)+(1-3/10)*y3* (x1+x3+x4))* (b1+b3+b4)*(al+a3+ad)—
(3/10%a3#(b1+b3+b4)+(1-3/10)*b3 = (al+a3+a4))* (x1+x3+x4)* (yl+y3+y4),
(3/10%x2# (y2+y3+y4)+(1-3/10) *y2* (x2+x3+x4 ) ) * (b2+b3+b4 ) * (a2+a3+a4)—
(3/10%a2#(b2+b3+b4)+(1-3/10)*b2x(a2+a3+a4)) = (x2+x3+x4 ) * (y2+y3+y4),
(3/10%x3*(y2+y3+y4)+(1-3/10) *y3* (x2+x3+x4 ) ) * (b24+b3+b4 ) * (a2+a3+a4)—
(3/10%a3*(b2+b3+b4)+(1-3/10)*b3*(a2+a3+a4)) = (x2+x3+x4 ) * (y2+y3+y4) >;

GroebnerBasis(1);
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From the output, we have

Bad(azy4, bay) =

(1+ai+ag)(1+b;y+by), Vi=23,

10a;by +7(as + ag)by +3az(bs + by)

79 +49a; +70a4 + 9by —28ayb3 —49a3b3 —49a4bz + 58bs — 49a3by

3asby —4az(bz + by) —7(as + ag)(bs + by)

51 +2lap; +42a4 — 19b; +28a3by; —21lazbz —21lasbs + 30by — 21asby

7azbs + (az + ag) (4by —3(bs + by))

1— azbs +2by + azby + az(by — b)) + ag(2 + by + bz + 2by)

—60 —21az —42a4 +70a;b; +49a4b; + 40by; —9bs — 18by + 21as by

ai(14+by+bj) + (14 aj)(by —bs) —ag(l1+bj+by) V(i,j) €{(23),(32)}
az(1+ba+by) + az(l+bz+by) + (1+ ag)(2+ by + bz +2by)

—21las — (40 + 70ay +49a3)by, —3(7azbs + 3by)

79+ 70a; +9b; —7a;(—7 +3b; —4bj) +58b; +49a;b;, V(i,j) €{(2,3),(2,4),(3,4)}
51 +42aj — 19b; — 28a;b; — 7as(+7bi —3) +30b; +21ajb;, V(i,j) €{(2,3),(2,4),(3,4)}
7as(13 + 3by 4+ 10b3) + (79 +49a,) (bs — by) — 7as(13 + 3by + 10by)

—7a3(—3+7by) + 7as(—3+7by) — 3(—3+ 7as)(bs — by)

7a3(10 + 7bs) +2(29 + 14a,) (bs — by) — 7as (10 + 7by)

20 +7ap + 7as + 14ay + 3by + 3bz + 6by

(3+7a1+7a; +7a4 +3b; +3bs)(7a; —7a4 +3b; —3by), Vi=23

7(az + a4)bsz + az(3by + 10bsz + 3by)

7a;(by + by) +7a4(by + by) + az(4by, —3bs + 4by)

7aszbz — ap(3by, —4bsz + 3by) — a4 (3by —4b3 + 3by)

7az(by + by) + az(10by + 3b3 + 10by) + a4(10by + 3bs + 10by)

30 — 40b; — 70a;b; + 21as —49asb; +9by —21laibs Vi =2,3

30 +49a3by — 7as(—6 + 7by) + 21asbs + 18bg — 21asby

30 +49a3b; +21laz bz — 40by + 21as + 9by

100 4+ 91ay + 30bs + 21asbs + 79by + 70asby + 7az (10 + 7by)

100 4+ 91ay + 79b, — 21azby — 49b, + 70a; — 49asbs — 70azbs — 70asbs + 79by — 70azby
10 +7a; +7a; +3b; +3b;, V(i,j) €{(2,3),(2,4),(3,4)}

10 + 14a4 + 6by

(3.29)

Based on Theorem 3.12, we claim by checking Assumption 3.2’ and 3.3
for (3.28) that (3.28) has a unique solution in C (counted with multiplicity)

for all (ay4, byy) € Q% but a set of Ag-measure zero.
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Assumption 3.2: This is clear since

(X1.4,Y1:4) = (Q1.4, b14) (3.30)

is a solution of (3.28) for all (as.4, bz 1) € QUnL

Assumption 3.3: Choose (a}.,, bf,) = (1,2,3, 4 1,5,4,2). Itis routine to
check that (a%,, b%,) € C*—Z(ay4, b2_4) using (3.29). Since the associated
equation system (3.28) is of Q-coefficient, we can use Magma (see (Bosma
et al., 1997) and Remark 3.7) to check whether it has a unique solution in
C (counted with multiplicity) for this (a;.,, b;.,).

Listing 3.6: Dimension and degree computations of MNL model with
fixed p

:=3/10;
[1,2,3,4];

pl
a:
b:=[1,5,4,2];

k:=Rationals ();
A<x1,x2,x3,x4,y1,y2,y3,y4>:=AffineSpace (k,8);
P:=Scheme (A,

[

x1-1,

yl-1,
(pl*x1*(yl+y2+y3)+(1—-pl)*yl=(x1+x2+x3

))* [1]+a[2]+a[3])
—(plxa[1]+(b[1]+b[2]+b[3])+(1-pl)*b[1]*(
))*
*(

*(a
* (x14+x2+x3 ) * (y1l+y2+y3),
*(a

(p1#x2% (y14y2+y3)+(1—p1) % y2* (x1+x2+x3 [1]+a[2]+a[3])

)
)
)
—(p1*a[2]#(b[1]+b[2]+b[3])+(1-p1)*b[2]* ) *
(pl*xl*(y1+y2+y4)+(1—p1)*yl*(x1+x2+x4))*(b[ ] b[
—(p1xa[1]%(b[1]+b[2]+b[4])+(1—p1)+b[1]+(a[1]+a[2
(p1*x2#(yl+y2+y4)+(1-pl)*y2=* (x1+x24+x4) ) * (b[1]+b|

b[2

2]

b[2

2] * (x14x24+x3) * (y1l4+y2+y3),

2

]

2
—(plxa[2]*(b[1]+b[2]+b[4])+(1-pl)*b[2]*(a[1]+a[2]

3

]

3

]

3

]

3

]

b[3]

[31)

b[3]

(31

b[4])=(a[l]+a[2]+a[4])

[4])) % (x1+x2+x4 ) = (yl+y2+y4),

b[4])=(a[l]+a[2]+a[4])

[4]))* (x14+x2+x4 ) % (yl+y2+y4),
(plx1*(yl4+y3+y4)+(1—pl)*yl*(x1+x3+x4))* (b[1]+b[3]+b[4])*(a[l]+a[3]+a[4])
—(pl*a[1]*(b[1]+b[3]+b[4])+(1—pl)*b[1]=(a[1]+a[3]+a[4]
(pl*x3#(y1+y3+y4)+(1—pl) *y3* (x1+x3+x4)) = (b[1]+b| b[4
—(pl*a[3]*(b[1]+b[3]+b[4])+(1—-pl)*b[3]=(a[1]+a[3]+a[4]
(pl*x2%(y24+y3+y4)+(1—pl)*y2%(x2+x3+x4) )= (b[2]+b[ b[4
—(plxa[2]*(b[2]+b[3]+b[4])+(1—-pl)*b[2]=(a[2]+a[3]+a[4]
(p1*x3#(y2+y3+y4)+(1—pl)*+y3=*(x2+x34+x4) )= (b[2]+b| b[4
—(plxa[3]*(b[2]+b[3]+b[4])+(1—-pl)*b[3]=(a[2]+a[3]+a[4]
1);

) ) * (X14+x3+x4 ) * (yl4+y3+y4),
D+ (a[1]+a[3]+a[4])
) ) * (x14x3+x4 ) * (yl4+y3+y4),
1)*(a[2]+a[3]+a[4])
)) * (x24+Xx3+x4 ) * (y2+y3+y4),

])=(a[2]+a[3]+a[4])
) ) * (Xx24x3+x4 ) * (y2+y3+y4)

Dimension (P);
- 0
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Degree (P);
— 1

From Listing 3.6, Dimension (P)=0 and Degree (P)=1 means (3.28) has
a unique solution in C (counted with multiplicity) for this choice of
(034, b3.4).

Thus by Theorem 3.12, we prove that (3.28) (and hence (3.8)) has a
unique solution in C (counted with multiplicity) forall (a4, by4) € Q?\AN L
but a set V; of A¢-measure zero.

Casen > 4. Suppose the conclusion holds for n — 1. We need to prove
that

x1 =y =1,
Pixi(Yi +Yj +Yi) + payi(xi + x5 +xi) = (3.31)
Nk +x +xdYi +y; +ye), Vi<j<kenl

has a unique solution in C (counted with multiplicity) for all (., bo:n) €
Q?\}m% but a set V,, of Ay,,_»-measure zero. We begin with splitting (3.31)

into two parts:

X1 =Y = 1,
Pixi(Yi + Y5 +Yi) +payilxi + x5 +xi) = (3.32)
MNijk(Xi +% +x) (Ui +y; +y) =0, Vi<j<ken-—-1L.

and

PiXi(Ui + Y5 +Yn) +P2yi(Xi + %5 +xn) =

o (3.33)
Nijn(Xi +% +x0)(Ui +Yj +yn), Vi<jen-—1]

By induction hypothesis, there exists a A;,_4-measure zero subset V,,_; C
C?™~* such that (3.32) has a unique solution in C (counted with multiplic-
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ity) for any (@z:n—1, bon—1) € QVini — Va1, given by

(Xlznflr Yin-1 ) = ( Ain—1, bl:nfl ) .
Plugging this solution into (3.33) and simplifying, we obtain
Cijn+ (P2bi—Mijn(bi+b5))xn+ (Pr1ai—Mijn(ai+a5))Yn—"ijnXnYn =0

(3.34)
where

Cijn = P1ai(bi + bj) +pabila; + a;) —Mijnlai + a;)(by + bj).
Since 12 # 0, by the case of (i,j) = (1,2) in (3.34), we have

_ Cian t (P2b1 =M1 (b1 +b2))xn + (Pras —Mion(ar + a2))yn

XnYn =

Ni2n

Plugging it into the cases of (i,j) = (1,3), (2,3) in (3.34), we further have

a system of linear equations in variables (xn, yn)

dizxn + ezyn = fo, (3.35)

dosxn + exyn = f3.

where

dij =N12n(P2bi —Mijn(bi +b5)) —Mijn(P2bi —Mizn (b1 + by))

ey =Nizn(P1ai —Mijmlai +a5)) —Mijn(prar —Mign(ar + az))

and f,, f3 are some constant. Denote the coefficients matrix of (3.35) by

d
A— 13 €13
dys e
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and define

Wn = {(aZ:n/ bZ:n) € C2n72 : det(A) = O} - CZn72.
Vo= (Va1 x CAYUW,, Cc C" 2,

Note that V,, is a Ay,_,-measure zero subset. We finish the proof by claim-
ing that (3.31) has a unique solution in C (counted with multiplicity)

for all (az.n,bo.) € Qi}tg% but the set V;,. Indeed, for any (az.n, ban) €

Nt — Vi, we have

1. since (azn—_1,bam—1) ¢ Vn_1, (3.32) has a unique solution in C

(counted with multiplicity), given by
(X1:n—1, Y1m—1) = (@1m—1, brn1).

2. since (az:n, ban) € Wy, (3.35) has a unique solution in C (counted

with multiplicity), given by
(Xn/ yn) - (an/ bn)

This shows that (3.31) has a unique solution in C (counted with multiplic-
ity) since (x,y) = (a, b) is always a solution of it. ]
Parameter space of (az.,, bon, P1)

In this case of MNL model with 3-slate in parameter space (az:.n, ba.n, p1),
we study the equation system in variables (x, Y, p),

x1 =Yy =1,
Xi i . .
P (1—7p) Y =Tk Vi<j<ke[n]

X1+Xj+Xk yi+yj+yk
(3.36)
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Proposition 3.20. If n > 4, then (3.36) has exactly 2 solutions in C (counted

with multiplicity) for all (az.n, bom, 1) € Q%}l‘glw but a set of Ayy,_1-measure

zero, given by (x,y,p) = (a,b,p1) and (x,y,p) = (b, a,1 —p1).

Proof of Proposition 3.20. It suffices to prove the initial case n = 4 since
the case n > 4 can be treated by induction in exactly the same way as
Proposition 3.19.

Case n =4. In this case, we can expand (3.36) such that its coefficients

are given by polynomials in (a, b):

(

x1=y1 =1,

(pxi(yi + Y5 +yi) + (1 = Plyilxi + % + %)) (bi + by + bi)(ai + a5 + ai) =

(Prai(by +b; +bi) + (1= pu)bilai + aj + aw)) (xi + % +xi) (Y + Y5 + Y,
Vi<ij<kel4]

tijk(xi+x+x) =1 Vi<j<kel[4

(kUi tyy+y) =1 Vi<j<keld]
(3.37)
Note this this is a faithful transformation of (3.36). To proceed, we need

to determine Z(a,.4, by, p1) introduced in Lemma 3.5. This can be done
by Magma.

Listing 3.7: Grobner basis of MNL models with variable p

P<x1,x2,x3,x4,y1,y2,y3,y4,p,al,a2,a3,a4,bl,b2,b3,b4,
t123 ,t124,t134 ,t234 ,h123,h124,h134,h234,pl1>
:=FreeAlgebra(Rationals (),26,"lex");

I:=ideal<P|x1-1,yl-1,al1-1,b1-1,
(px1#(yl+y2+4y3)+(1—p) *y1# (x1+x2+x3) ) * (b1+b2+b3 ) * (al+a2+a3)—
(pl*al*(bl+b2+b3)+(1—-pl)*blx(al+a2+a3) ) (x1+x2+x3)* (yl+y2+y3),
(p*x2# (y1l4y2+4y3)+(1—p) *y2# (x14+x2+x3 ) ) # (b1+b2+b3 ) * (al+a2+a3)—
(pl*a2*(b1+b2+b3)+(1-pl)*b2x(al+a24+a3)) * (x1+x2+x3) * (yl+y2+y3),
(prx1#(yl+y2+4y4)+(1—p) *y1# (x14+x2+x4) ) * (b1+b2+b4 ) * (al+a2+a4d)—
(pl*al*(bl+b2+b4)+(1-pl)*blx(alt+a24+a4))*(x1+x2+x4)* (yl+y2+y4),
(p*x2# (yl+y24y4)+(1—p) #y2# (x14+x2+x4 ) ) # (b1+b2+b4 ) * (al+a2+ad)—
(pl*a2%(bl+b2+b4)+(1—-pl)*b2x(al+a2+a4))* (x1+x2+x4 )= (yl+y2+y4),



(prx1#(yl+y3+y4)+(1—p) *yl*(x14+x3+x4)) * (b1+b3+b4) * (al+a3+a4d)—
(pl*al*(b1l+b3+b4)+(1-pl)*blx(alt+a3+a4))*(x1+x3+x4)*(yl+y3+y4),
(p*x3# (yl+y3+y4)+(1—p) *y3* (x14+x3+x4) ) * (b1+b3+b4) * (al+a3+a4d)—
(pl*a3%(bl+b3+b4)+(1—pl)*b3=(al+a3+a4))* (x1+x3+x4)* (yl+y3+y4),
(p*x2* (y2+y3+y4)+(1—p) *y2*(x2+x3+x4 ) ) * (b2+b3+b4 ) + (a2+a3+a4)—
(pl*a2*(b2+b3+b4)+(1-pl)*+b2x(a2+a3+ad) ) * (x2+x3+x4 )= (y2+y3+y4),
(p#x3*(y2+y3+y4)+(1—p) *y3* (x2+x3+x4 ) ) » (b2+b3+b4 ) * (a2+a3+a4d)—
(pl*a3*(b2+b3+b4)+(1-pl)*b3=(a2+a3+a4) )= (x2+x3+x4 )= (y2+y3+y4),
t123 % (x1+x2+x3) -1,

t124 % (x1+x2+x4) -1,

t134 % (x1+x3+x4) -1,

t234 % (Xx2+x3+x4) -1,

h123+(yl4+y2+y3) -1,

h124+(yl4+y2+y4) -1,

h134x+(yl4+y3+y4) -1,

h234x%(y2+y3+y4)—1>;

GroebnerBasis(1);

87
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This gives

Bad(az4, b24,p1) =

—1—2a4(1—p1) —2bsp1

(14 az+ a3)(1+ by + b3)

(14 az + as)(1+ by + by)

(14 az + as)(1+ bz + by)

(ap + az + a4)(by + bz + by)

az — as(1—p1) — azp1 + (b2 — ba)ps

as — as(1—p1) — azp1 + (bz — ba)p1

—1—1by+ azby; — ax(1—b3) — ag(1 —b3) + azbz — by + azby
ax(1+by+b3)+ (14 az)(by —bsg) — as(1+ b3 + by)
az(1+by+b3)+ (1+ az)(bs —by) —as(l+ by + by)

(a3 + ag)ba(1—p1) + az(ba + (bs + ba)p1)
(az + as)b1(l—p1) + a1 (1+ (bs + bs)p1)
(az +a3)b1(l—p1) + ar(1+ (ba + bsz)p1)
(a2 + ag)b1(1 —p1) + a1 (1 + (b2 + ba)p1)
(as + ag)ba (1 —p1) + az(ba + (bs + ba)p1)
(ag+ az)bs(1—p1) + az(bs + bap1 + bap1 + bapi)

— b2 — azby — asp1 + azbapr + bapr — az(1+ by + bsp1)
(azbz —ba)p1 — b2(l—az+ azp1) — bi(l+ az + as — asp1)
1+b2+ as(l1+b2)(1—p1) +bapr + az(l+ by + bap1)
as(bs +bg)(1—p1) + (az + as)(bsz + bs + bap1)
as(bz + bg) + az(bz + by + bsp1) + as(bz + by — bypr — bap1 — bap1)
az(bs +ba)(1—p1) + (az + ag) (bs + by + bap1)

(1+ az)bgp1 +b1(1+ a4+ ag — asp1) + ba(l+ ax + ag — aspq)
(1+ ap)bzpr +bl(1+ az+ az— aszp1) + ba(l+ ax + a3 — asp1)
az(1+ by +by) + az(l+ bz +by) + (1 + ag)(2+ by + bz +2by)
1—azba(1—p1) + as(2+b2)(1—p1) — azbspr + 2bsp1 + azbapy
—2—2a4 — az(1—p1) — az(1 —p1) +2asp1 — (b + bz +2b4)ps
as(1+b2)p1 +ba(l+ az+ as —p1 — azp1)
az(1+ba)p1 +b3(1+ az + az — p1 — azp1)

4(1+b2)p1 + ba(l+ ag + az(1 —p1) — p1)
az(1+b2)(1—p1) —as(l1+b2)(1—p1) + (1 + az)(bs — ba)ps
24+ az 4+ az +2a4 — azpr —2a4p1 + (b + (2+ az)by)pr + b2 (1 + az + ag — agp1)
—agbz +bg — azbz (1 —p1) + agp1 — bap1 — az(bsz + by + bap1)
1— azbs + bap1 + azbspr + bap1 + as(1 — bs — p1) — az(bs + p1 + bap1 + bsp1 + bapr — 1)
(1+ az)(bs —bs) (1 —p1) + az(bs + p1 + bap1) — as(bs + p1 + bap1)
1+ az(bz +bs) + as(l+ b2+ by —p1) + bap1(l + az) + bapr + az(1+ bz (1 —p1) + ba(l —p1) —p1 — bsp1)

(3.38)
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Based on Theorem 3.12, we claim by checking Assumption 3.2” and 3.3
for (3.37) that (3.37) has exactly 2 solutions in C (counted with multiplic-

ity) for all (a4, boa, p1) € Q?\ANL,p but a set of A;-measure zero.
Assumption 3.2”: This is clear since

(X14 Y1t 1, p) = (are b (1> <1)
1:4, Y14, L, N, P) = 1:4, 01:4, @+ o+ ay i<j<k, bi+bj+bk i<j<k,]91

1 1
X1:4, :/t/hr = b:ra:/ NN 2 11*
(X1:4, Y14 p) ( 1:4, O1:4 (bi+bj+bk)i<j<k (01+0j+ak)i<j<k Pl)
(3.39)

are two (distinct) solutions of (3.37) for all (as.4, ba.4, p1) € QKANLP —Z,
where Z C AZ is the Zariski closed proper subset defined by

{(a24,b2.4,p1) € AL x AL :p; — 0.5 =0} C AZ

Assumption 3.3: Choose (af,, bl pi) = (1,2,3,4,1,5,4,2;0.7). It
is routine to check that (a},, b%,,p;) € C® x (0,1) — Z(Qas4, bay, p1) us-
ing (3.38). Since the associated equation system (3.37) is of Q-coefficient,
we can use Magma (see (Bosma et al., 1997) and Remark 3.7) to check
whether it has exactly 2 solutions in C (counted with multiplicity) for this

( a£:4’ 5:4/ p{ ) '

Listing 3.8: Dimension and degree computations of MNL models with
variable p

a:=[1,2,3,4];
b:=[1,5,4,2];
pl:=7/10;

k:=Rationals ();
A<x1,x2,x3,x4,y1,y2,y3,y4,p,
t123 ,t124 ,t134,t234,
h123,h124,h134,h234>:= AffineSpace (k,17);
P:=Scheme (A, [x1-1,y1-1,

(px1#*(yl+y2+y3)+(1—p) *yl= (x1+x2+x3) )= (b[1]+b[2]+Db[3])* (a[1l]+a[2]+a[3]) —
(pl*a[1]*(b[1]4+b[2]+b[3])+(1—pl)=*b[1]*(a[l]+a[2]+a[3]))* (x1+x2+x3)*(yl+y2+y3),
(px2#* (y1+y2+y3)+(1—p) *y2 = (x1+x2+x3) ) * (b[1]+b[2]+b[3]) * (a[1]+a[2]+a[3]) —
(pl*a[2]*(b[1]4+b[2]+Db[3])+(1—pl)*b[2]*(a[l]+a[2]+a[3]))* (x1+x2+x3)* (yl+y2+y3),
(p*x1x*(yl+y2+y4)+(1—p)*yl*(x1+x2+x4) ) (b[1]+b[2]+b[4]) = (a[1]+a[2]+a[4]) -
(pl*a[1]*(b[1]4+b[2]+Db[4])+(1—pl)=+b[1]*(a[l]+a[2]+a[4]))* (x1+x2+x4)*(yl+y2+y4),
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(p*x2% (y1+y2+y4)+(1—p) *y2% (x1+x2+x4 ) )+ (b[1]+b[2]+b[4]) * (a[1]+a[2]+a[4]) -
(pl#a[2]#(b[1]+b[2]+b[4])+(1-pl)*b[2]*(a[1]+a[2]+a[4])) = (x1+x2+x4 ) * (yl+y2+y4),
(p*x1#(yl+y3+y4)+(1—p)*yl*(x14+x3+x4)) * (b[1]+b[3]+b[4])*(a[1l]+a[3]+a[4]) -
(pl*a[1]*(b[1]+b[3]+b[4])+(1-pl)+b[1]*(a[1]+a[3]+a[4]))* (x1+x3+x4)* (yl+y3+y4),
(px3# (yl+y3+y4)+(1—p) *y3* (x1+x3+x4) )+ (b[1]+b[3]+b[4])*(a[1l]+a[3]+a[4])—
(pl*a[3]*(b[1]+b[3]+Db[4])+(1—pl)*b[3]*(a[l]+a[3]+a[4]))* (x1+x3+x4)*(yl+y3+y4),
(p*x2% (y2+y3+y4)+(1—p) *y2* (x2+x3+x4) ) * (b[2]+b[3]+b[4]) * (a[2]+a[3]+a[4]) —
(pl*a[2]*(b[2]+Db[3]+b[4])+(1—pl)=*b[2]*(a[2]+a[3]+a[4]))* (x2+Xx3+x4)*(y2+y3+y4),
(pxx3*(y2+y3+y4)+(1—p) *y3 = (x2+x3+x4) ) * (b[2]+b[3]+b[4])* (a[2]+a[3]+a[4]) —
(pl*a[3]*(b[2]+b[3]+b[4])+(1—pl)*b[3]*(a[2]+a[3]+a[4]))* (x2+x3+x4)*(y2+y3+y4),

(x1+x2+x3)*t123 -1,
(x1+x2+x4)*t124 -1,
(x14+x3+x4)*t134 -1,
(x2+x3+x4)*t234 -1,
(y1l+y2+y3)*h123 -1,
(yl+y2+y4)+h124 -1,
(yl+y3+y4)+h134—1,
(y2+y3+y4)+h234—1
1

Dimension(P);
- 0

Degree (P);
-2

From Listing 3.8, Dimension (P)=0 and Degree (P)=2 means (3.37) has
exactly 2 solutions in C (counted with multiplicity) for this choice of
(0.4, 034, P1)-

Thus by Theorem 3.12, we prove that (3.37) (and hence (3.36)) has
exactly 2 solutions in C (counted with multiplicity) for all (a4, bo4,p1) €

?\ANL,p but a set V, of A;-measure zero. []

Remark 3.21. For both parameter spaces in two mixture of MNL models with
3-slate, it is tight for the generic identifiability of the mixtures MINL models with
3-slate on m > 4 since when n < 3, we have less equations than variables, which

makes the mixture model not identifiable.
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3.4.3 Mixtures of Plackett-Luce Models

In this section, we consider the mixtures of Plackett-Luce models. The
first part is about the generic identifiability on the parameter space of
(az:n, ba.n ) and the second part is on the parameter space of (., bon, p).
The second part has been studied by Zhao et al. (2016), where the authors
take a tensor-decomposition technique.

Parameter space of (az.,,, bo.n)

We now prove the generic identifiability of two mixtures of Plackett-Luce
model (3.11) for any n > 3 with given p; and p,. Note that (3.11) has at
least one solution in C coming from the initial data (x,y) = (a, b). Our
goal is to show it is also the unique solution of (3.11) in C. To be precise,
we have the proposition below.

Proposition 3.22. If n > 3 and p; = 0.7, p> = 0.3, then (3.11) has a unique
solution in C (counted with multiplicity) for all (ay.,, bo.n) € Q32 but a set
of Aon—p-measure zero, given by (x,y) = (a, b).

Proof of Proposition 3.22. According to Section 3.2.2, we consider the fol-
lowing equation system, whose equations are not the honest equations in

the mixtures of Plackett-Luce models (3.11) but only a linear combination

of the part of them,
X1X4 Y1Yi .

.= , V 2,3,4
M1, pll—x1+p21—y1 ief }
X2X4 YoYi .

1 - 7 1/ /4
2 P11 ~ 1—u, vie{l,3,4}
Mai, = Pr 4+ P29 Vi {1,2,4)

Lo s (3.40)
1X4 1Y4 .
— >
Ni,i Pll x 21_y ’ VI'/5/
X2X4 YoYi .
i, = ’ v P 51
N2, P11_X2+P21_ 5 1
X3X4q YsYyi .
R > 5.
\T]3,1,~ P11 X3 +p21 —93/ Vi 5
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where 1y, corresponds to the probability that k > 1 > others. The
arithmetic logic behind (3.40) can be found in Appendix A.2.2. Clearly,
the solutions of (3.11) are necessarily solutions of (3.40). And we know
there is always a destined solution of (3.11) from how we defined 1. This
implies that it suffices to prove the generic identifiability of (3.40).

To apply the results from Section 3.3, we first translate (3.40) into the
following (equivalent) one such that the coefficients are polynomials in
(a,b),

;

(prarai(1—b1) + pabibi(l —ar))(1 —x1)(1 —y1) =

(1—a)(1—=b1)(prxaxi(l —y1) + p2yryi(l —x1)), Vi€(2,3,4}
(P1a2ai(1 —ba) +pababi(l —az))(1 —x2)(1 —y2) =

(1 —a)(1—=b2)(p1xoxi(1 —yo2) + P2yayi(l —x2)), Vie(l,3,4}
(Prasai(1 —bs) +p2bsbi(l —as))(1 —x3)(1 —ys) =

(1 —a3)(1—bs)(pixsxi(l —ys) + paysyi(l — x3)), Vie{l,2,4}
(pra1ai(1 —b1) + pabibi(1 —a1))(1 —x1)(1 —y1) =

(1—a)(1—=b1)(prxaxi(l —y1) + p2y1yi(l —x1)), Vi=5
(P1a2ai(1 —ba) +pababi(l — az))(1 —x2)(1 —y2) =

(1 —a2)(1 —b2)(prxaxi(l —y2) + P2y2yi(l —x2)), Vi=5
(prazai(1 —bs) +p2bsbi(l —as))(1 —x3)(1 —y3) =

(1 —a3)(1—bs)(pixaxi(l —ys) + p2ysyi(l —x3)), Vi=5
ti(1—xy) =1, Vie[n],
\hi(l —yi) =1, Vien]

(3.41)

i.e. (3.40) and (3.41) share the same solution(s). It then suffices to

prove the generic identifiability of (3.41). We will fist consider the case

where n = 4 and then make use of its result to prove the cases where
n>>5.
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Case n = 4. In this case, (3.41) reads as

(pra1ai(1 —b1) +p2bibi(l —a1))(1 —x1)(1 —y1) =
(1—a)(1=b1)(praxi(l —y1) + p2yryi(l —x1)), Vi€ (2,34}
(Prazai(1 —ba) + pababi(l — @) (1 —x2)(1 —y2) =
(1= a2)(1=Db2)(prx2xi(l —y2) +p2yoyi(l —x2)), Vie{l,3,4}
(prasai(l —bs) + pabsbi(l — a3))(1 —x3)(1 —y3) =
(1 —a3)(1—bs)(pixsxi(l —ys) +p2yayi(l —x3)), Vie{l,2,4}
ti(l—xy) =1, Vie{d],
h(l—y) =1, Vie .

(3.42)

To apply Theorem 3.12 to (3.42), we need to check Assumptions 3.2
and 3.3 for (3.42).
For Assumption 3.2: It is clear that (3.42) has at least one solution in C

given by (X1.4, Y1:4) = (1.4, b14).
For Assumption 3.3: we first compute the Grobner basis of (3.42).

Listing 3.9: Grobner basis of PL models with fixed p

P<x1,x2,x3,x4,y1,y2,y3,y4,t1,t2,t3,t4 ,hl,h2,h3,h4,
al,a2,a3,a4,bl,b2,b3,bd>
:=FreeAlgebra(Rationals (),24,"lex");

I:=ideal<P|

(7/10%al*a2+(1=b1)+(1-7/10)xb1xb2+(1—al))*(1—x1)*(1—y1)—
(1-al)*(1=b1)*(7/10*x1#x2+(1-y1)+(1-7/10)*yl*y2*(1—-x1)),
(7/10%alxad+(1=b1)+(1—7/10)+blxb3+(1—al))*(1—x1)#(1—y1)—
(1—al)*(1—b1)#(7/10%x1x3x(1—y1)4+(1—=7/10)+yley3+(1-x1)),
(7/10%aleads(1=b1)+(1—7/10)+blxbds(1—al))*(1—x1)#(1—y1)—
(1-al)*(1-bl)*(7/10*x1xx4*(1-y1)+(1-7/10)=yl*y4*(1—x1)),
(7/10%a2%als(1=b2)+(1—7/10)xb2xbl+(1—-a2))*(1—x2)*(1—y2)—
(1-a2)*(1-b2)*(7/10*x2*x1%(1-y2)+(1-7/10)*y2*yl*(1-x2)),
(7/10%a2%a3*(1-b2)+(1-7/10)*b2+b3x(1—-a2))*(1—x2)*(1-y2)—
(1-a2)*(1-b2)*(7/10*x2*x3*(1-y2)+(1-7/10)*y2*y3*(1-x2)),
(7/10%a2xa4*(1-b2)+(1-7/10)*b2+b4d=(1—-a2))*(1—-x2)*(1-y2)—
(1-a2)*(1-b2)*(7/10%x2*x4*(1-y2)+(1-7/10)*y2*y4*(1-x2)),
(7/10%a3*al*(1-b3)+(1-7/10)*b3+blx*(1-a3))*(1—-x3)*(1-y3)—
(1—a3)*(1=b3) % (7/10%x3%x1%(1—y3)+(1-7/10)*y3*yl*(1-x3)),
(7/10%a3%a2+(1=b3)+(1-7/10)+b3xb2+(1—a3))*(1—x3)* (1-y3)—
(1—a3)*(1=b3)*(7/10%x3%x2%(1—y3)+(1-7/10)*y3*y2x(1-x3) ),
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(7/10%a3+a4*(1-b3)+(1-7/10)*b3+b4x*(1-a3))*(1—-x3)*(1-y3)—
(1-a3)#(1-b3)*(7/10*x3*x4*(1-y3)+(1-7/10)*y3*y4*(1-x3)),
t1%(1=x1)—1,
t2%(1-x2) -1,
t3%(1-x3) -1,
t4x(1-x4)-1,
hlx(1-y1)-1,
h2x(1-y2) -1,
h3*(1-y3) -1,
hdx(1-y4)-1>;

GroebnerBasis(1);

From the output of the above code, we obtain

7aiaj (bl — 1) +3(Cli — 1)b1b), Vi< ] € [4],
a;—1, b; —1. Vi e [3].

Bad(as, brs) = (3.43)

Choose (aj,, b7,) = (1/10,2/10,3/10,4/10;1/20,7/20,9/20,3/20). It is
routine to check that (a},, b5,) € C® — Z(a,.4, b,.4) using (3.43). Then we
check that (3.42) has a unique solution in C (counted with multiplicity)
by Magma in Listing 3.10.

Listing 3.10: Dimension and degree computations of PL models with fixed

<

[1/10,2/10,3/10,4/10];
[1/20,7/20,9/20,3/20];
1:=7/10;
p2:=3/10;

a
b
p

k:=Rationals ();

A<x1,x2,x3,x4,y1,y2,y3,y4,t1,t2,t3,t4 ,hl,h2,h3,h4>:=AffineSpace(k,16);
P:=Scheme (A,

[
(pl*a[l]*a[2]*(1-b[1])+(1—pl)*b[1]*b[2]*(1—a[1]))*(1—x1)*(1-yl)—
(1-a[1])*(1=b[1])* (plexI*x2*(1—y1)+(1—pl)*ylsy2x(1—x1)),
(pl*a[1]*a[3]*(1-b[1])+(1—pl)*b[1]*b[3]*(1—a[1]))*(1—x1)*(1-yl)—
(1-a[1])*(1-=b[1])* (plex1*x3*(1—y1)+(1-pl)*ylsy3x(1-x1)),
(pl*a[1]*a[4]%(1=b[1])+(1—p1)*b[1]xb[4]#(1—a[1]))*(1—x1)*(1—y1)—
(1-a[1])*(1=b[1])*(plexl*x4*(1—y1)+(1—pl)*yl*y4*(1—x1)),
(pl*a[2]#a[1]#(1=b[2])+(1—p1)*b[2]#b[1](1—a[2]))*(1—x2)*(1—y2)—
(1-a[2])*(1-b[2])*(pl*x2xx1*(1—y2)+(1—pl)*y2*yl*(1—x2)),
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(pl*a[2]*a[3]*(1-b[2])+(1—pl)*b[2]*b[3]*(1—a[2]))*(1—-x2)*(1-y2)—
(1-a[2])*(1-b[2])* (plx2*x3*(1—y2)+(1-pl)*y2*y3x(1-x2)),
(pl#a[2]*a[4]#(1=b[2])+(1—p1)+b[2]*b[4]*(1—a[2]))* (1 —x2)*(1—y2)—
(1-a[2])*(1=b[2])*(pl*x2xx4*(1—y2)+(1—pl)*y2*y4*(1—x2)),
(plxa[3]+a[1]+(1=b[3])+(1—p1)«b[3]xb[1]«(1-a[3]))x (1-x3)x(1-y3)~
(1-a[3])*(1=b[3])*(pl*x3*x1*(1—y3)+(1—pl)*y3*yl*(1-x3)),
(plxa[3]+a[2]+(1-b[3])+(1-pl)
(1=a[3])# (1-b[3]) » (plex3sx2s
(plea[3]+a[4]+(1-b[3])+(1—pl)
(1=a[3])# (1 -b[3]) « (plex3xds
t1%(1-x1) —1,

£24(1-x2) —1,

3%(1=x3) —1,

tdx(1—x4)-1,

hls(1-y1)-1,

h2+(1-y2)~1,

h3+(1-y3) -1,

hds(1—y4)—1

D

b[3]#b[2]x(1-a[3]))*(1-x3)*(1-y3)~-
1-y3)+(1—-pl)*y3xy2%(1-x3)),

b[3]+b[4]+(1-a[3]))*(1-x3)*(1-y3)-
1-y3)+(1—pl)*y3xy4%(1-x3)),

— — .

Dimension(P);
- 0

Degree (P);
—> 1

From Listing 3.10, Dimension (P)=0 and Degree (P)=1 means (3.42) has
a unique solution in C (counted with multiplicity) for this choice of
(0.4, 03.4).

Thus by Theorem 3.12, we prove that (3.42) (and hence (3.11)) has a
unique solution in C (counted with multiplicity) for all (az.4, b4) € Q%
but a set V}; of As-measure zero.

Casen > 5. In the case n > 5, we consider the following two parts
of (3.41): one is (3.42) and the other is

(prazai(1—ba) +p2babi(l — az))(1 —x2)(1 —ya2)

= (1= a2)(1 = b2)(p1xaxi(l —y2) + p2yayi(l — x2)), Vi=5,
(prazai(1 —bs) + pabsbi(l — a3))(1 —x3)(1 —ys)

= (1—a3)(1 —bs)(pixaxi(1 —ys) + p2ysyi(l —x3)), Vi=5.

(3.44)
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From the case where n = 4, we know there exists a A;-measure zero set
V; such that (3.42) has a unique solution in C (counted with multiplicity)
for all (az.4,b24) € Q% — V4, given by

(X1:4,Y1:4) = (Q14, b14).

To proceed, we determine (xi,yi) for each i > 5. Plugging (x2.3, Yo3) =
(az:3, ba3) into (3.44) and simplifying, we obtain a system of linear equa-
tions in (xy, yi),

coxi + dyyi = coa; + doby,
PTG = RhT G (3.45)

C3Xq + d3yi = csa; + dsb;.
where ¢; := p1ai(1—b;) and d; := pobi(1—a;) fori = 2, 3. If the coefficient
matrix of this system of linear equations is non-zero, i.e. cod; —c3dx # 0
(this is a condition on a,, as, by, b3), then (3.45) has a unique solution in
C (counted with multiplicity), given by (xi,yi) = (ay, bi).
Altogether, we can define

Vn = {(GZZTLI bZ:n) € Czn_z : (a2:4/ b2:4) € V4 or C2d3 - C3d2 = O} C (CZn—Z

which is of Ay,,_,-measure zero by Lemma A.39 since it is defined by a
non-zero polynomial. From the arguments above, for all (az.n, bo.n) €

M2V, (3.41) (and hence (3.11)) has a unique solution in C (counted
with multiplicity), given by (x,y) = (a, b). This finishes the proof. [

Remark 3.23. For this case, n > 4 might not be tight for the two mixtures of PL
models. For n. = 3, we conjecture the generic identifiability also holds.
Parameter space of (ay., by, P1)

In this subsection, we consider the Plackett-Luce model with the parameter

space (Azmn, bom, p1) € Q%’{;}. The equation system becomes (3.13). Note
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that (3.13) has at least 2 solutions in C coming from the initial data

(X,y,p) = (a/b/pl) and (X,y,p) - (b/ arl _pl)

Our goal is to show the equation system (3.13) has exactly these two

solutions in C. To be precise, we have the proposition below.

Proposition 3.24. If n > 4, then (3.13) has exactly 2 solutions in C (counted
with multiplicity) for all (az.m, bom, P1) € Q%};} but a set of Ap_1-measure

zero, given by (x,y,p) = (a,b,p1) and (x,y,p) = (b, a,1 —p1).

Proof of Proposition 3.24. Asbefore, we consider the following part of (3.13),

( X1Xi Y1Yi .

i = 1—- , Vie{2,3,4
M, Pl_xl+( p)l_yl 1€{2,3,4)
X2X4q Y2Yi .

i = 1—p)——, Vie{l,3,4
N2, pl_XZH p)1—y2 1e{1,3,4}
Mg, = Pro 4 (1—p) 20, Vie{1,2,4)
1% L (3.46)

1AM 191 )

i, — 1_ PR > 7
M, Pl_xl+( p)l_y1 vi>5

X2Xq Y2Yi .

i = 1— , Viz5,

M2, pl—x2+( P)l_yz i
X3Xi YsYi .

i = 1— , Vi>b5.

N3, pl—x3+( P)l_y3 1

Note that the equations in (3.46) are a linear combination of those in
Plackett-Luce model (3.13). Therefore, it suffices to show the generic
identifiability of (3.46) (up to reordering) for n > 4, i.e. it has exactly 2
solutions in C (counted with multiplicity) given by (a,b,p;) and (b, a,1—

p1)-
As before, we first get rid of the denominators in (3.46) in an equiva-

lent way by introducing new variables and equations on t;, h; and then
multiply (1 — a;)(1 — b;) to make the coefficients of (3.46) as polynomials
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n (a,b,p;). Finally, we obtain

(pra1ai(1 —b1) +p2bibi(1l —a1))(1 —x1)(1 —y1)

=1 —a)I=br)pxaxi(l —y1) + (1 —plyryi(l —x1)), Vie€{2,3,4}
(prazai(1 —ba) + pababi(l — a2))(1 —x2)(1 —y2)

= (1= a2)(I=Db2)(pxoxi(1 —y2) + (1 —plyayi(l — x2)), Vie({l,3,4}
(prasai(1l —bs) +p2bsbi(l —as))(1 —x3)(1 —y3)

= (1= a3)(1 —bs)(pxaxi(l —y3) + (1 —plysyi(l —x3)), Vie{l,24}
(pra1ai(1 —b1) +p2bibi(1 —ar))(1 —x1)(1 —y1)

=1 —a)l-=b1)(pxaxi(l—y1) + (1 —plyryi(l —x1)), Vi=5,
(prazai(l —ba) + pababi(l — az))(1 —x2)(1 —y2)

= (1= a2)(1 =Db2)(px2xi(l —y2) + (1 = plyayi(l —x2)), Vi=5,
(prasai(1 —bs) +p2bsbi(l —as))(1 —x3)(1 —y3)

(
)
(
)
(
)
(
)
(
)
(
= (1—a3)(1 —bs)(pxsxi(l —ys) + (1 = plysyi(l —x3)), Vi=5.

ti(l—xi) =1, Yie [n],
hi(1—-vyi) =1, Yi € [n].
(3.47)

As before, we first consider the initial case n = 4 and the general case

follows exactly in the same manner.

Casen =4. In this case, (3.47) reads as:

(prarai(1 —b1) +p2bibi(l —a1))(1 —x1)(1 —y1)
=(1—=a))(1=b)(pxixi(1 —y1) + (1 —plyryi(l —x1)), Vie(2,3,4}
(prazai(1 —ba) + pababi(l — a2))(1 —x2)(1 —y2)
= (1= a2)(1=b2)(pxoxi(l —y2) + (1 = plyayi(l — x2)), Vie(l,3,4}
(prasai(l —bs) + p2bsbi(l — a3))(1 —x3)(1 —ys)
= (1—a3)(1 —bs)(pxaxi(l —ys) + (1 —plysyi(l —x3)), Vie(l,2,4}
ti(l—xi) =1, Vied],
hi(l—yi) =1, Vie 4.

(3.48)
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We will apply Theorem 3.12, for which we need to check Assump-
tion 3.2’ and Assumption 3.3 for (3.48).

For Assumption 3.2": we already know that (from how we define n
and transform the equations)

(X1:4,y1;4,P) = (01:4,1)1;4,131), (D14, g4, 1 — Pl)

are 2 (distinct) solutions of (3.48) for all (as.4, by4, p1) € Q%L,p — Z, where
Z C A7 is the Zariski closed proper subset defined by

L= {(a2;4,b2:4,P1) € Aé tp1—05= 0}

For Assumption 3.3: We choose

/ /  __ - sy .- - = .5
(@4 1 P1) = (10’ 10°10” 10" 20" 20" 20" 20" 10
To proceed, we first compute the Grobner basis with the Magma code 3.11.

Listing 3.11: Grobner basis of PL models with fixed p

P<x1,x2,x3,x4,y1,y2,y3,y4,p,t1,t2,t3,t4 ,h1,h2,h3,h4,
al,a2,a3,a4,bl,b2,b3,b4,pl>
:=FreeAlgebra(Rationals (),26,"lex");

I:=ideal<P|
(pl*al*a2x%(1-b1l)+(1-pl)*blxb2x(1—al))*(1—x1)*(1-yl)—
(1-al)*(1-bl)*(p*x1*x2*(1-y1)+(1-p)*yl*y2x(1-x1)),
(pl*al*a3%(1-b1)+(1—pl)*blxb3x(1—-al))*(1—x1)*(1-yl)—
(1-al)*(1=bl)*(p*x1*x3*(1-y1)+(1-p)*yl*y3x(1-x1)),
(pl*alxad4x*(1-bl)+(1—pl)*blsbdx(1—al))*(1—x1)*(1-y1l)—
(1-al)*(1=bl)*(p*x1*x4*(1-y1)+(1—p)*ylxydx(1-x1)),
(pl*a2xal*(1-b2)+(1—pl)*b2xblx(1—a2))*(1—x2)*(1-y2)—
(1-a2)*(1=b2)* (p*x2+x1#(1-y2)+(1-p)*y2*yl*(1-x2)),
(pl*a2+a3+(1=b2)+(1—p1)*b2xb3*(1—a2))*(1—x2)*(1—y2)—
(1-a2)*(1-b2)* (p*x2*x3*(1-y2)+(1-p)*y2xy3=(1—-x2)),
(plra2*ads(1—b2)+(1—pl)+b2sbds(1—a2))*(1—x2)*(1—y2)—
(1-a2)#(1-b2)* (p*x2xx4*(1—y2)+(1—p)*y2*y4=*(1-x2)),
(pl*a3*al*(1-b3)+(1—pl)*b3xblx(1—a3))*(1—x3)*(1—y3)—
(1-a3)*(1-b3)* (p*x3*x1x(1-y3)+(1-p)*y3*yl*(1-x3)),
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(pl*a3*a2x%(1-b3)+(1—pl1)*b3xb2x(1-a3))*(1-x3)*(1-y3)—
(1-a3)#(1-b3)* (p*x3+x2#(1-y3)+(1—p)*y3+y2x(1-x3)),
(pl*a3*a4x*(1-b3)+(1—pl)*b3xb4x(1-a3))*(1-x3)*(1-y3)—
(1-a3)*(1-b3)* (p*x3*+x4x*(1-y3)+(1-p)*y3+yd=(1-x3)),
(pleadrals(1—bd)+(1—pl)sbdsbls(1—ad))s(1—x4)*(1—yd)—
(1—a4)*(1—b4)* (p*x4xx1x(1—y4)+(1-p)*+yd=*yl=(1-x4)),
(pl*ad4*a2x%(1—b4)+(1—pl)*bd=xb2x(1—ad))*(1—x4)*(1—y4)—
(1—a4)*(1—b4)* (p*x4*x2x(1—y4)+(1-p)*+yd=*y2+(1-x4)),
t1x(1-x1) -1,

2+(1-x2) -1,

3+ (1=x3)—1,

tds(1—x4)—1,

hls(1-y1) -1,

h2s(1-y2) -1,

h3#(1-y3) -1,

h4x*(1-y4)-1>;

GroebnerBasis(1);

and determine Bad(a,.4, by, p1) based on the program outputs.

(ai — 1)b1bJ (pl — 1) + aiaj(l — bi)pl; Vi< j € 4],

a;—1,b;—1 Vi€ [3]
(3.49)

Bad( Az, b2:4/ Pl) =

by which we can verify that the selected parameter

’

(09,4, 0.4, P1) € Z( 24, bog, P1).

The Magma code in Listing 3.12 helps to claim that (3.48) has exactly
2 solutions in C (counted with multiplicity) for this (aj., b}, p1), given
by (X1;4, yli4lp) = (aiz4/ b{:4/ p{) or (bi:é}/ a{:4/ 1-— p{)

Listing 3.12: Dimension and degree computations of PL models with

variable p

a:=[1/10,2/10,3/10,4/10];
b:=[1/20,14/20,2/20,3/20];
pl:=7/10;

k:=Rationals ();
A<x1,x2,x3,x4,y1,y2,y3,y4,p,t1,t2,t3 ,t4 ,h1,h2,h3,h4>
:=AffineSpace(k,17);
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P:=Scheme (A,

[
(pl=a[l]*a[2]*(1-b[1])+(1—-pl)*b[1]*+b[2]*(1—a[1]))*(1—x1)*(1-y1)
—(1-a[1])*(1=b[1]) * (p*x1xx2x(1-y1)+(1-p)*ylsy2x(1-x1)),
(pl*a[1]*a[3]*(1-b[1])+(1—-pl)*b[1]*b[3]*(1—a[1]))*(1—x1)=*(1—-y1)
—(1-a[1])*(1=b[1]) * (p*x1xx3x(1-y1)+(1-p)*yl+y3x(1-x1)),
(pl*a[1]*a[4]*(1-b[1])+(1—-pl)*b[1]*b[4]*(1—a[1]))*(1—x1)=*(1-y1)
—(1-a[1])*(1=b[1])* (p*x1*x4x*(1—-y1)+(1—p)=*yl*y4*(1—x1)),
(pl*a[2]*a[1]*(1-b[2])+(1—-pl)*b[2]*b[1]*(1—-a[2]))*(1—x2)=*(1—-y2)
—(1-a[2])*(1-b[2]) % (p*x2*x1*(1—-y2)+(1—p)*y2*yl*(1-x2)),
(pl*a[2]*a[3]*(1-b[2])+(1-pl)*b[2]*b[3]*(1—a[2]))*(1—x2)=*(1—-y2)
—(1-a[2])*(1-b[2]) % (p*x2*x3*(1-y2)+(1—p)*y2*y3*(1-x2)),
(pl*a[2]*a[4]*(1-b[2])+(1—-pl)=*b[2]*b[4]*(1—-a[2]))*(1—x2)*(1—-y2)
—(1-a[2])*(1=b[2]) * (p*x2#x4%(1—y2)+(1—p)*y2xy4=*(1—-x2)),
(pl*a[3]*a[1]*(1-b[3])+(1—pl)*b[3]*+b[1]*(1—a[3]))*(1—-x3)*(1-y3)
—(1-a[3])*(1=b[3]) * (p*x3#*x1%(1—y3)+(1—p)*y3*yl*(1-x3)),
(pl*a[3]*a[2]*(1=b[3])+(1—pl)*b[3]*b[2]*(1—a[3]))*(1—x3)*(1-y3)
—(1-a[3])*(1=b[3]) * (p*x3*x2%(1—y3)+(1—p)*y3*y2x(1-x3)),
(pl*a[3]*a[4]*(1-b[3])+(1—pl)*b[3]*+b[4]*(1—a[3]))*(1—-x3)*(1-y3)
—(1-a[3])*(1=b[3])* (p*x3*x4*(1—y3)+(1—p)*y3*y4*(1-x3)),
(pl*a[4]*a[1]*(1-b[4])+(1—-pl)*b[4]*b[1]*(1—a[4]))*(1—x4)=*(1-y4)
—(1-a[4])*(1=b[4]) * (prx4xx1x(1—y4)+(1-p)*yd*ylx(1-x4)),
(pl*a[4]*a[2]*(1-b[4])+(1—-pl)*b[4]*b[2]*(1—a[4]))*(1—x4)=*(1-y4)
—(1-a[4])*(1-b[4])* (p*x4*x2*(1—y4)+(1—p)*y4*y2*(1—x4)),

t1%(1-x1)—1,
t2%(1-x2) -1,
t3%(1-x3) -1,
tdx(1—x4)—1,
hix(1-y1)—1,
h2x(1-y2)—1,
h3+(1-y3) -1,
ha+(1—y4)—1
1)

Dimension(P);
- 0

Degree (P);
- 2

Altogether, we prove that (3.48) (and hence (3.13)) has exactly 2 solu-
tions in C (counted with multiplicity) for all (a4, bo4, p1) € Q17>L,p but a

set V; of A;-measure zero.
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Casen > 4. In the case n > 4, we consider the following two parts
of (3.47): one is (3.48) and the other is

(prazai(1 —ba) +p2babi(l — az))(1 —x2)(1 —y2)
= (1= a2)(1 =b2)(px2xi(1 —y2) + (1 —plyayi(l —x2)), Vi>5,

(prazai(l —bs) + pabsbi(l —a3))(1 —x3)(1 —ys)
= (1—a3)(1 —bs)(pxaxi(l —y3) + (1 — plysyi(l — x3)), Vi=5.

(3.50)

From the case where n = 4, we know there exists a A;-measure zero set
V; such that (3.48) has exactly 2 solutions in C (counted with multiplicity)
for all (@z.4, bas, p1) € Q% , — V4, given by

(X1;4,y1;4,p) = ((11;4,b1:4,]31) and (bq.4, a14,1 — Pl)-

To proceed, we determine (x;,yi) for each i > 5. Let ¢; := p1ai(1 — b;)
and d; :=pybi(1 —ay) fori=2,3.

1. Plugging (x23, Y23, P) = (@23, bag, p1) into (3.50) and simplifying,
we obtain a system of linear equations in (xi, yi),

CXi—l‘d i=2¢C (li+dbi,
{2 W= eh T (3.51)

C3Xi + dBUi = c3a; + dsb;.
If the coefficient matrix of this system of linear equations is non-zero,
i.e. cpds — c3dy # 0 (this is a condition on a,, as, by, b3), then (3.51)
has a unique solution in C (counted with multiplicity), given by
(xi,yi) = (ai, by).

2. Plugging (x2.3, Y23, P) = (b23, 23, 1—p1) into (3.50) and simplifying,
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we obtain a system of linear equations in (xi, yi),

doxi + Coy; = cra; + dobs,
AT =6 ? (3.52)

d3Xi + C3yi = C3Q4 + dgbi.

If the coefficient matrix of this system of linear equations is non-zero,
i.e. cpdz — c3dy # 0 (this is a condition on ay, as, by, b3), then (3.52)
has a unique solution in C (counted with multiplicity), given by
(xi,yi) = (by, ai).

Altogether, we can define
Vi = {(@2:n, b2, P1) € C" 12 (A2, b2, p1) € Vi Or €ad3 —c3dy = 0} € C!

which is of Ay,,_1-measure zero by Lemma A.39 since it is defined by a
non-zero polynomial. From the arguments above, for all (., bo.n, p1) €

PU o —Va, (3.47) (and hence (3.13)) has exactly 2 solutions in C (counted
with multiplicity), given by (x,y,p) = (a,b,p1) and (b, a,1 —p;). This
finishes the proof. O

Remark 3.25. For this case, when n < 2, the equations system has less equations
than variables so we do not expect the model to be identifiable. When n = 3,
the number variables of the equation system is less than or equal to the number
equations. But we do not have conclusions on generic identifiability of the mixtures
of PL models in these cases.

3.5 Conclusions and Discussions

In this study, we develop a general theory to check generic identifiability
of polynomial systems under two assumptions, which can be applied to
many machine learning identifiability problems. The techniques are brand

new, making use of the machinery from algebraic geometry. In particular,
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we present how we adopt our main theory to three examples of mixtures
of ranking models. Among the examples, an important contribution is to
affirm the generic identifiability of two mixtures of BTL models, which
was unsolved in the literature. Note we also include the proof taking
our method on mixtures of MNL models with 2-slate and 3-slate in Ap-
pendix A.2.3. The uniform mixture case has been proved in Chierichetti
etal. (2018) and we extend it to non-uniform mixture and to the parameter
space including p.

For the three examples discussed in Section 3.4, a stronger conjecture
for the cases when p; is given is that if there exists a p; € (0, 1) such that
Assumption 3.2 and Assumption 3.3 to are true for some mixtures of
ranking models that can be transformed to polynomial systems, then for
any p; € (0,1) the generic identifiability holds for that mixtures of ranking
models. As we have tried many experiments for different p;, the generic
identifiability always holds.

A limitation of our work is on checking Assumption 3.3, which depends
on whether the software tool can solve a specific polynomial system fast
or slow. Specifically, we have also tried verifying Assumption 3.3 for three
mixtures of BTL models. However, the Magma procedure did not finish
for a week. Compared to the work from Zhao et al. (2016), where it
showed the generic identifiability of k-mixture Plackett-Luce model, we
did not achieve verifying the generic identifiability for k > 3.

Regarding to the role of our work in machine learning field, often in
the literature of algorithms for mixtures models, researchers assume the
identifiability at the beginning of the work but without any explanations
on why they believe that is true. With such assumption, we can talk about
noise perturbation on the observations/data. Otherwise, a small such
perturbation can lead to huge/infinite change of the latent parameters.
Hence, we believe the guarantee on generic identifiability of mixtures of

ranking model is cardiotonic to those researchers to continue their work.
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4 DISCUSSIONS

The presented two works show how clustering can be executed during
learning. The key idea is to add new variables to differ data points. In
the first work, we add vy to represent the data points to be either clean
points or outliers. In the second work, we have U to represent a user to
be either type 1 or type 2 and add a new parameter vector b to represent
the scores for the type 2 user. We also see that this idea was applied in
other works, such as Feng et al. (2014), in which a new vector variable
t € {0,1}™ is added in a classification setting to split data point into clean
ones and corrupted ones.

The goal to do clustering while learning is to amend the model which
researchers commonly assumed in the past. The benefit of doing so is to
improve the prediction result. The disadvantages is that it increases the
complexity for the theoretical analysis and one needs to come out suitable
methods for different settings and different models. Other interesting
examples of clustering while learning includes robust generalized linear
models, high-dimensional linear models, k-mixture regression models and
so on. We believe the learning performance can be improved by carefully
clustering the data points and designing the models. We hope that more
and more approaches via learning along with clustering will be provided

for general-purpose use in the future.
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A APPENDIX

The supplmentary materials is organized as follows: Chapter A.1.1 presents
some additional discussions on 3. Chapter A.1.2, Chapter A.1.3, Chap-
ter A.1.4 and Chapter A.1.5 mainly provide proofs respectively for prob-
lem reformulation and support recovery, tuning parameter selection and
strategy for second pool selection. They may also include additional dis-

cussions and formal statements as referred in the main text.

A.1 Appendix for Chapter 2

A.1.1 Additional Discussions

We present more miscellaneous discussions here to readers who may care
about f3.

Debugging connection to 3. Throughout this paper, we have focused
on estimating y for the purpose of debugging. A result concerning how

the second pool can be used to obtain a better estimate of 3 is as follows:

Proposition A.1. Let X = USVT and X = SV;|. Let m < p. It holds that

~ C10yv/ M ~
VolB — B2 < —SOY™ L AnS2VoVSUzy [, (A1)

where zy is the subgradient of ||¥||1.

Proof of Proposition A.1. Recall the objective function (2.3) is

RS . 1 2, N = vaz
(B,¥) € arg min {%HU = XB =yl + 5[y = XBllz +7\Hvlll}-

YER™
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By KKT conditions of the objective function,

1 L e
Vg ==Xy —XB—9) - X" (§ — XB) = 0;
111 ~ m (A.2)
Vy ==y —XB =) +M0ly| =0.
Plugy =Xp*+v*+eandy = XB* + € into (A.2) we obtain
~ ~ N 1 ST~
— (1XTX + 1XTX) (B*—B) — le(y* —9) = XTe— X"z =0
n m n n m
(A.3a)
1 . 5 1 ., - 1 ~
——X(B"=B)— (v —=¥) — —e+Adlyl = 0. (A.3b)
n n n
Mutiply X" on (A.3b) and plug it into (A.3a) we get
YTY(R _ @* MyTAS L Y
XTX(B—p*) = X OF| + Xe. (A4)

Given that X = SV,
STIVT (R x MyTyTaK BV
S'SVy (B—B) = 7\;\/0 X 0ly[+V,y VoSe.
Plugging into the SVD of X = USVT, we have

[ve' (- ")

m ~_~ ~ NT N1 1~
, AL TS VIXTom| + 157S) S =1l

Vmo
\/tGmin(g)
Vmo
\/tcmin(g)

< coy B2 5785y 4oL

with probability at least 1 — exp(—cm). The second step is because ¢ has

<A (§T§)*1v0TvsuT’c)|?|H2 Yo

<A

=3 =3

(ST vsuTH2 NoEas
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subgaussian parameter o2/L. O

Note that when S is chosen large enough, then HVO(B — B*)]]2 is con-
trolled to a small number. Besides, if the subspace V; contains the buggy
subspace of X, then ||yt — y% /||, is well controlled and we can spot the
contaminated points. This, together with the orthogonal design we will
discuss in Chapter A.1.3, suggests that a successful debugging strategy
may be obtained by producing a carefully chosen interaction between
the non-buggy subspace (augmented using a second pool of clean data
points) and the buggy subspace.

Related work She and Owen (2011). Without the second pool, She
and Owen (2011) demonstrated the equivalence of the solution B to the
joint optimization of the objective (2.3) over (f3,v) to the optimum of
a regression M-estimator in (3 with the Huber loss. This motivates the
question of whether the optimizer B of the objective (2.3) may similarly

be viewed as the optimum of an M-estimation problem.

Proposition A.2. The solution B of the joint optimization problem (2.3) is the
unique optimum of the following weighted M-estimation problem:

min { Zem IB)+ oG -XBIE}.  (AS)

BERP

Proof. Recall the definition of the Huber loss function:

() Aul— ¥, if uf > k,
kW) =
if jul < k.

We will show the desired equivalence via the KKT conditions for both ob-

jective functions. Taking gradients with respect to 3 and vy for the original
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objective function (2.3), we obtain the following system of equations:

T T _ XT T

0= X Xg X W Y)+n<—x —X—y>, (A6)
n n m m

0= % _Yy—XP + Asign(y). (A7)

The second equation (A.7) has a unique solution, given by the soft-thresholding
function:
v = SoftThresh.» (y — XB),

where for scalars u, k € R, we have

u—Asign(u), if ul >k,

SoftThreshy (u) =

and SoftThreshy acts on vectors componentwise. Plugging back into equa-
tion (A.6), we obtain

XX, Xy
5.

0=X" (XB_—y + l SoftThresh, (y — XB)) +1 <—f5 -
n n m
(A.8)

We now consider the KKT conditions for the weighted M-estimator (A.5).
Taking a gradient with respect to (3, we obtain

. w . (XX, X5
0= ton (v x[B) & 4 ( ——”). (A9)
i=1
The key is to note that

u—{;, (u) = SoftThresh,,, (u),
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SO

)l_xg—f’_yi

1
+ — SoftThresh,, (Ui - XiT B) ’
n n n

—la (Ui —x{ B
from which we may infer the equivalence of equations (A.8) and (A.9).
This concludes the proof. O

The proposition also illustrates that the objective uses Huber loss to
get the robust estimation B, and then imply the estimation y. Therefore,
estimations of 3 and 'y complement each other. Our reformulation more
relies on giving a direct analysis of y and its support.

A.1.2 Appendix for Chapter 2.2

We show reformulation of the objective function in this section.

Proof of Proposition 2.2. Using the notation (2.4), we can translate (2.3)
into
2

+}\HYH1 7 (A.lO)
2

Y
/ _X/ _ .
Yy B [Om

(B,Y) € argmin 4 ~

First note that we can splity’ — X' — (;/ into two parts by projecting

onto the column space of X’ and the perpendicular space:

2
/ / y
—XB—|.
y B [0

m] 2

r A 2
— Px/ (y/—X/[?)— _‘,Y ) + P)%/ (y/_X/B_

N
_ Ilpy. (g’—X'B— g ) + Pt <y’—[g]>
|~ 2 m

2

)

2

2

2
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2

For any value of ¥, we can choose B such that

PX’ (.y/ _ X//B\ o [(_):Y

m

)

. Hence, we get

2

<)

0, simply by taking B = (XTX)IX'T (U/ _
, Y

~ 1 = ~
V€ 5 [Py’ = PYI[; + AL,

/B\ _ (X/TX/)—lxlT <y/ - [6? ]) .

Therefore, the two optimization problems share the same solution for
. -

1
=T

m

2 2

- [Pty =
2

2
27

m

,_,_'/Y\
y —Xp [6]

2

and (A.10) becomes

A.1.3 Appendix for Chapter 2.3

Notations in appendix: We write Py, 1 to represent the submatrix of
Py, with rows and column indexed by T. We write Py, 1. to represent
the submatrix of Py, with rows indexed by T and P  to represent the
submatrix of Py, with columns indexed by T. For simplicity, let P =
Ps,Mn). We slightly abuse notation by using Pt and Pr. to denote P.t and
P 1c, respectively.

In this appendix, we provide proofs and additional details for the
results in Chapter 2.3. The proofs for fixed design are in Chapter A.1.3.
We discuss orthogonal design in Chapter A.1.3 and sub-Gaussian design
in Chapter A.1.3. In particular, we use the two special designs to better
understand the three assumptions and see how having a clean pool helps

with the support recovery. We will call one-pool case the setting with only
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contaminated pool and call two-pool case the setting with both data pools.

Proofs of Theorem 2.6 and Theorem 2.7

Proof of Theorem 2.6. We follow the usual Primal Dual Witness argument
for support recovery in linear regression, which contains the following
steps Wainwright (2009):

].. Set ?Tc - O

2. Solve the oracle subproblem for (yr,27):
~ . 1 / 2
7reagmin { - IAy ~ By Al (AdD
YER? 2n

and choose Z1 € 3||Y1]|;. In the one data pool case, we have A = Px ¢
and B = P>L<,,T; in the two data pool case, we have A = P%HT and
B = P.

3. Solve Z1c via the zero-subgradient equation, and check whether the
strict dual feasibility condition holds: ||zr||, < 1.

As in the usual Lasso analysis Wainwright (2009), under the eigenvalue
condition (2.6), (Y1,0) € R™ is the unique optimal solution of the Lasso,
where 1 is the solution obtained by solving the oracle subproblem (A.11).

The focus of our current analysis is to verify the conditions under
which the strict dual feasibility condition holds. The KKT conditions for
equation (2.5) may be rewritten as

PIPr(¥1 —v5) — P{Pxe’ + Azt =0, (A.12)
PLPr(§1 — V%) — PicPxe’ + nAZre =0, (A.13)

where 27 € 9 [[Y1ly, 21c € 0 [[Vrel;-
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We will use the following equations to simplify terms later:

N PIPL e’ _ _ Ple’
PTP — PJ_ITPJ_/ , _T X — PTPJ_/el — PT I _T .
rPr =P Pl | gyl X Ple’

Since P{ Pt is invertible by condition (2.6), we can multiply equation (A.12)

by (P1Pr) " on the left to obtain

Y1 —v5 = (P{Pr) 'Pie’ —nA(P{ Pr) 27, (A.14)
Plugging this into equation (A.13), we then obtain
. v s (5TE-1p STE -1 5
2re = ——P1Pr [(P{Pr) 'P{ e’ —nA(P{Pr) '27] + EP;(—:’,
or
) N =S W -
Zre = P1cPr(P1Pr) 127 +Prc (I — Pr(PyPr) 1P?) - (Al5)
n QT’C

We need to show that ||Z1c || < 1.
Note that condition (2.7) gives us

Ja" € 10,1), [[ulloe = max [P/ Pr(PTPH) ™ < "

Furthermore, since
!

1 st (0 5 st 157\ €
Pr (1= Pr(PTP) P ) S

1— o

7
[e¢]

A2

we have
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Combining these inequalities, we obtain strict dual feasibility:
1Z7elloo < Nploo + [[Vrelloo < 1.

In addition, applying the triangle inequality to the RHS of equation (A.14),

we obtain
G' = [|(PrPr) " Pre’lloo + MA(PT PT) "21lloo > 97 — ¥l
This concludes the proof. O

Proof of Theorem 2.7. Note that
VieT, Wil—Hid<I¥r—ville <G,

where the last inequality uses Theorem 2.6. Thus, if condition (2.8) also
holds, we have

VieT, [ilZ=minlyil—[¥71 —v7llw = minlyi| - G" >0,
ieT ieT
concluding the proof. O

Orthogonal design

Main results for orthogonal design We now focus on a special case,

RQT

c R(H—P)XP,
FQT

where our data have an orthogonal property. Let X = [

X = WQ' € RP*P, where Q is an orthogonal matrix with columns

di,92,- - ,qp, F, W are diagonal matrices with diagonals f;’s and w;’s

n 0 0 0
. Ty 0 0

separately (i € [p]),and R = 0 0 Otx(p_t) . We assume for
0 0 0



115

alli € [p], i #0, f; # 0. Consider the first t points are buggy and the rest
p points are nonbuggy, i.e., X1 = RQ" € R™*P, X1c =FQT € RP*P.
Applying Theorems 2.6 and 2.7, we obtain Propositions A.3 and A.4.

Proposition A.3. In the one-pool case, suppose we choose

2
A>EH§EE(1%mn—U+C), (A.16)

for some constant C > 0, and

a = max | 1| < 1. (A17)
1<i<t | 1

Then the contaminated pool is capable of achieving subset support recovery with
2
probability at least 1 — e~ 7 .
In the two-pool case, suppose we choose

2

for some constant C' > 0, and

Tifi

/
x'=max | 5———
2 T 14,2
T +n_wi

1<igt

<1. (A.19)

Then adding clean points will achieve subset support recovery with probability
”
at least 1 — e~ 7 .

As stated in Theorems 2.6 and 2.7, to ensure exact recovery, we also need

to impose a gamma-min condition. This leads to the following proposition:



116

Proposition A.4. In the one-pool case, suppose inequality (A.17) holds. If also

T
min [yi| > o(y/2logt+c) max {/1+

Ji
1<igt 1<it f%

+-2% ( flogam—1) +C 4 max B (A20)
1—« 08 £l 1<ia<tf% ! '

then there exists a A to achieve exact recovery, with probability at least 1—2e™ 7 —
c2

e z.
In the two-pool case, supposen < 2, and inequality (A.19) holds. If also

2(1¢2 L M. 2
r4(Lf2 + 12w4)
min |y{| > 2logt 14 max -+ —_—m i
1<i12th/1| o 08 +c)\/ +1<ia<Xt L(f2 4+ 2w2)2

+-2% ( frogam—v+c) 1+ o
1—o (Vo8 gy |

1

(A21)

2
then there exists a A to achieve exact recovery, with probability at least 1—2e~ = —

c2
e 2.
2
Compare (A.17) and (A.19). Mutual incoherence is decreased from
5 1
T‘i Ti
to e Compare (A.20) and (A.21). The second max term, max 7 >
T%(Lf%—F%W%) b
gﬁém, ecause
r? (1] 4 1w?) 2 (L 4 2w?)

R T
when L > 1. Also note that —— > . Altogether, the requirement of
min;ey [vi| is weakened by introducing clean points. Thus, we see that
the mutual incoherence improves in two-pool setting. The gamma-min
condition imposes a lower bound of Q) ( log(n — t)) on the signal-to-
noise ratio, mm+“m|, and including second pool reduces the prefactor.

As can be seen, we want [w;| to be sufficiently large compared to [fi].
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However, if [w;| is bounded, we may instead ensure support recovery by
repeating points. In this section, we discuss the effect of repeating points
and determine the number of points needed to guarantee correct support

recovery. Suppose

w; 0 0
we[ o)
0 0 --- w,

where Wi = [wyy, ..., wi]T. For the ith direction q;, we have k; repeated

points with respective weights wii, wia, ..., Wiy,.

1

Proposition A.5. Suppose the scale of clean data points is bounded by wsg.

2
Using wiy, ..., Wi, where l; = bwil and [wy;| = wg, Vj € [li], achieves
g i wg )

the same effect on Conditions 2.3, 2.4, and 2.5 as adding a single point with scale

Wi.

From Proposition A.5, we see that to correctly identify the bugs, we
can also query multiple points in the same direction if the leverage of a
single additional point is not large enough.

Proofs for orthogonal design We will first simplify the three conditions,
and then provide the proofs of Propositions A.3, A.4, and A.5.

In the one-pool case, we have

P>J(_,TT = It><t - XT(XTX)ilx—Tr
=Lt —R(RTR+FTF)IRT

2 2
= dia L, ==
9<r%+f% r%+f%>

Note that Py 11 is a diagonal matrix. Thus, the eigenvalues are immediately
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obtained and

f2 ) 1 1

. 1 _
24 2 Isiet ()2 N
oot +) +1 maxigice () +1
i SESEAfi

Amin (P)%,TT ) -

The condition that Px 1 is invertible is therefore equivalent to the condition
that f; # 0 for all i. Assuming this is true, we have

P rer(Prr) ' =—F(R"R+FTF)'RT - (I, — R(RTR+FTF)7IRT) !

. T T
diag (—f—}, e ,—ﬁ)

= txt

0(p—t)xt

The mutual incoherence condition can then be written in terms of the
quantity

‘r‘.

fi

1 1 —1 _
[Pxcrer (P rr) ||, = max

Note that the mutual incoherence condition also implies that f; # 0, Vi,
since the mutual incoherence parameter will otherwise go to infinity.
The remaining condition is the gamma-min condition. Note that the upper
bound on the {.-error of y consists of two parts:

1Y =" [l < ‘|(P§<_,TT)_1(P§<_,T~)€HOO +nA ||(P>J<_,TT)_1HOO .

Regarding Px 1. as two blocks, (Px 11, Pxre), we have

1(Pxrr) " (Px1.)€lloo = H (I (Pi,TT)_lpi,TT‘:) €Hoo

f:}+1).

Altogether, we see that

=
N

=

G = max
1<igt

N

+nA (max {
1<i<t

Ti
€i — 7 €itt
fi

=
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To summarize, the minimum eigenvalue condition becomes

1
7\min(Pff,TT) = 5 > 0; (A.22a)
maXigigt (%) +1
the mutual incoherence condition becomes
1 1 —1 _ Ti _ .
P rer (Prr) ], = max | ) = ac€ 10,1); (A.22b)

and the gamma-min condition becomes

: 2
min |yi| > G = max |e; — %ewtl +nA (max {; } + 1) (A.22c)

1<igt 1<igt i 1<igt

Similar calculations show that in the two-pool case, the minimum

eigenvalue condition becomes

2 4 12 1
?\mm(PX, T1) = min ——— mnnl 5 = - > 0;
Isistri + 17+ Sowy maxXiet] f?—!—rﬁw.z +1
(A.23a)
the mutual incoherence condition becomes
|Px:rer (Pxerr) |, = _lﬂ__—wemn- A.23b)
xr 1ot (Pxr 7 1<1<t f2+nn w2 - 74y (A.

and the gamma-min condition becomes

min |y;| > G/, (A.23¢)

1<i<t
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where

mnmm
G = o nifi o Vm Wi
= max |€; 2t T g, 2 €
i i m i

1<ist 7+ Tw
12
+nA [ max § w5 +1)-
<1<i<t{f%+%W%} )

Here is the proof of Proposition A.3.

Proof of Proposition A.3. According to Theorem 2.6, the subset support re-
covery result relies on two conditions: the minimum eigenvalue condition
and the mutual incoherence condition. In the orthogonal design case,
we will argue that both inequalities (A.22a) and (A.23a) hold in the one-
pool case, and inequlaity (A.19) is sufficient for both inequalities (A.23a)
and (A.23b) in the two-pool case.

For the one-pool case, the assumption (A.17) implies that f; #0, ,Vi €
[t]. Note that the minimum eigenvalue condition (A.22a) is equivalent
to fi # 0, ,Vi € [t]. Hence, the minimum eigenvalue condition holds.
Furthermore, the mutual incoherence condition (A.23a) clearly holds.

For the two-pool case, if f; = 0 for some i € [t], then plugging
into (A.19) implies that w? > 0. Thus, f; and w; cannot be zero at the
same time, implying that the eigenvalue condition (A.23a) holds. Note
that inequality (A.19) is equivalent to inequlaity (A.23b).

The remaining of the argument concerns the choice of A. Note that
Theorem 2.6 requires A to be lower-bounded for subset recovery (see in-
equality (2.9)). Taking the two-pool case as an example, we will show that
when inequality (A.18) holds, inequality (2.9) holds with high probability.

Define

/
2 =5 (1= Pr(PTPr)PT) S, e
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Note that HIST (I — IST(ISﬁST)*llSI) H2 < 1forallj € T¢,and e’ = ( E_n~>

has i.i.d. sub-Gaussian entries with parameter at most max{1, %}0‘2. Thus,

. . . 2 i
Z; is sub-Gaussian with parameter at most max{1, 717 }%;. By a sub-Gaussian

tail bound (cf. Lemma A.6), we then have

n2s3
P Zj|>8 ) <2(n—t - '
(?%%Zd l ) " )e"p< 2max{1,%}62)

Let C’ be a constant such that

n2s3 c”
2(n—tjexp - 2max{1, 1%}o? R

and define

9 [ _ »
O := - max{l, mL}\/log 2(n—1t) 4+ C~.

Note that we want

2maxjere |Zj]

I— o <A,

”
which therefore occurs with probability at least 1 — e~= when

20 nm , 289
> g1/ _ > .
}\/n(l—oc’) max{1, L}( log2(n t)+C) 21 o

The proof for the one-pool case is similar, so we omit the details. [

Here is the proof of Proposition A.4.
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Proof of Proposition A.4. To simplify notation, define

Ti
Ui i= €i — —€itt,
fi

i
Tifi 1/ Friwi .

Vi =€i— %5 7 5€i+t — €1.
Wi i+ Wi

Note that u; is 0,,,-sub-Gaussian and v; is o, -sub-Gaussian, with variance
parameters

2 12(L2f2 4 0ty2)
Ow =+/14+ 20, o0, =4/14+HF—2 Vg
R A \/ RECERL:

We now prove two technical lemmas:

Lemma A.6 (Concentration for non-identical sub-Gaussian random vari-
ables). Suppose {ui}:_, are o -sub-Gaussian random variables and {v;}_, are
0y, -sub-Gaussian random variables. Then the following inequalities hold:

62
P (m.axt [ui| > 61> < 2texp <— ! ) , (A.24)

<i< 2maxigigt 0%,

52
P (max vil > 61> < 2texp <— ! ) : (A.25)
1<i<t

2 maXigigt 0'%i

Proof. Note that

max [u;| = max u;,
1<it 1<i<2t
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where uyy; = —u;, for 1 <1i < t. By a union bound, we have
P <max ui| > 61 =P ( U {fu; > 61}>
Isist 1<ig2t
up = 81)
1<1<2t
= Z P(uy > 61) + Z P (uweyq > 81)

1<i<t 1<i<t
SPILIUETIRS Wit

1<igt 1<igt

For each u;, we have the tail bounds

&7 S
P(u; > 81) < exp 552 ) P(u; < —61) < exp 552 )"

ui

Altogether, we see that

P (11212)(t [wi| > 61> <2 Z exp (—

1<igt

5% 5%
< 2tex (— ) .
202, ) P\ ™2 maxigigt 0%,

Similarly, we may obtain the desired concentration inequality for the v;’s:

52
P | max |vi| > 81 ) <2texp | — ! - |-
1<igt 2maxigigt Oy,

]

Lemma A.7. In the one-pool case, under the orthogonal design setting, suppose

2

mm h/l\ > ( \/_\/log t+cq) max oy, +nA (1 + max T—) ,  (A.26)

1<igt

where oy, = 4/1+ %G. Then the gamma-min condition holds with probability
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at least 1 — 2e—¢1/2,

In the two-pool case, suppose

2
min [yi] > ( \/—\/log t+ o) max oy, +NA <1+maxr—),

1<ist 24+

(A.27)

2 n 2
where o, = \/ 1+ %O‘ Then the gamma-min condition holds with

probability at least 1 — 2e~ /2,
We use inequality (A.24) in Lemma A.6. Let

& =y/2logt+c? max O,

\\

C2
where c¢; € (0, 400). Then with probability 1 — 2e 7, the following holds:

1rglagxt ui| < \/210gt+c1 max o, < (2logt+cq) r£11a3< Ou,-
In inequality (A.25), take &, = \/210gt + ¢35 maxjcict Oy, Where ¢; €
(0, +00). Then with probability 1 — 2e™ %, the following holds:

max [vi| < y/2logt+ c3 max o, < (v/2logt+co) max oy,.

1<igt 1<i< 1<igt

Combining these inequalities with conditions (A.22c) and (A 23c), we

obtain G < min;¢yy |y;| with probability at least 1 — 2e~ 21 or at least
2

1-— 2e*672. Specifically, when we choose ¢; = ¢, = 2.72, we can achieve a
probability guarantee of at least 95% for the two statements.

Therefore, Proposition A.4 is proved by plugging the results from
Lemma A.6 into Lemma A.7. O

Here is the proof of Proposition A.5.
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Proof of Proposition A.5. We will prove the proposition by comparing the
three conditions in the two situations: adding one clean point and repeat-
ing multiple clean points. The conditions for adding one clean point are
already provided in inequalities (A.23a), (A.23b) and (A.23c) above.

We now provide the conditions for repeating multiple clean points.
The minimum eigenvalue condition becomes

2 L 2
A (P 7] — min —— itV L -
min\’ X/ TT/ — . L - 2 ’
’ ISiStp2 4 f2 4 A0 51 p2, I S— |
i i —1 Wi maxigigt T +
m ) ) Ilx f%_'_Zjl:lW%j
(A.28a)
the mutual incoherence condition becomes
HPL (Px )’1H = max rifi ; (A.28b)
X/ TeT \FXr 1T o — I L ; .
’ ’ i<i<t |[f2 oy o402
ISP+ D L wy
and the gamma-min condition becomes
7 —v*|l. < max |e; + rifs e
- 0 X « i L i+t
<ig 2 nn i 2
Isist i+ Zj:l Wi
ki
Z TiWyij €itt+p+j (A.28¢)
24 nn Zli w2 L =o¢
j=1 1T o 2m=1 Wyj

2
+nA (max{ 5 nnri m 2}+1>.

ISISU A+ 00 255wy
Compared with inequlaities (A.23a), (A.23b) and (A.23c), conditions
(A.28a), (A.28b) and (A.28¢) replace w? by Z};l wi;. Suppose the scale
of the clean data points is bounded by wg. Then adding one data point may
not be enough to satisfy the three conditions. Thus, to achieve the same

effect of a large scaled |w;| in inequalities (A.23a), (A.23b) and (A.23c),

2
we need the number of repeated clean points to be at least ('Wi‘> . O

Wg
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Sub-Gaussian design

In this section, we will present the support recovery results for sub-Gaussian
design in Proposition A.8 and Proposition A.9, and the comparisons of
the three conditions in the one- and two-pool cases in Table A.1. Later, we
will provide the proofs of the propositions.

Main results for sub-Gausian design

Proposition A.8. Suppose {x;}jcte and {Xi}icimy, are i.i.d. sub-Gaussian with
parameter o> and covariance matrix £ > 0. Further assume that ||Xt|, < Br.
For the one-pool case, suppose we choose A to satisfy inequality (A.16) and the
sample size satisfies

dctoy(p + C1)[1Z]13

n>t+max{p+C1,

Ain(Z) '
2c10%|Z B
Vit (\/pHZHz +co03(logn + \/Plogn)) (1 + ‘;ﬁ;‘yz)”z> }\mmT(Z) }
(A.29)

then the contaminated pool achieves subset support recovery with probability at
least 1 — e~ —2eC1 —n—(e1),

For the two-pool case, assume we choose A to satisfy (A.18) and the sample
sizes satisfy

t
n>max{t+m,—+
1+4+m

vt \/ 2¢;02||Z B
m( P||ZH2+CZU§(10gn+\/plogn)> (1+ 10% || ”2))\ T }

Amm(z) min(z)
(A.30)
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and
m > max{1,4c?c? || Z|3}(p + C}).

Then adding clean points achieves subset support recovery with probability at
72 ,
least 1 — e~ —2eCi —pn—(e2—1),

As seen in Proposition A.8, the number of data points n may be re-
duced by 1 4 n with the introduction of a second data pool. Note that
when T is randomly chosen from [n ] we have Bt = O(V/t||Z]2), so in-
equalities (A.29) and (A.30) require -+ to be upper-bounded, and adding
a second pool may weaker the upper bound to be (1 +n) than the upper
bound for one-pool case.

We now present a result concerning exact support recovery:

Proposition A.9. In the one-pool case, suppose inequality (A.29) holds. If

1 20Vt
1}161%1 il > — (20 logt+c+ (16_\/;) ( log2(n —1t) + C)> ,
(A.31)
then there exists a A to achieve exact recovery with probability at least 1 —2e™ ¢ —

2
e 7 —2e ¢ _n S,

For the two-pool case, suppose the assumptions in Proposition A.8 hold, and

1
I.Ig%l il > o (20\/logt+ c

min

(2o\f ax(, \/>}( log2(n —t)+C>)- (A.32)

Then there exists a A to achieve exact recovery with probability at least 1 —2e™ ¢ —

2
e —2e S _nC,

Compared to Proposition A.8, Proposition A.9 additionally requires the
“signal-to-noise" ratio to be large enough. We can show that b, < b/

min ’
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thus, for an appropriate choice of 1, the lower bound (A.31) is smaller
than the bound (A.32), so the gamma-min condition is improved.

We now briefly compare the three conditions for the one- and two-pool
cases in the random design setting.

Table A.1: Comparison between the two cases

Condition One-pool case Two-pool case
Eigenvalue Amin (PX17) = Dmin Amin (Px/ 17) = bfin = Pmin
Mutual
X (11— —1xT
incoherence || — Xtc((n — t)X) 7 1X{ || =X ((&nt)i) X1 e
n—t

b min

20‘\/10 t+nAvt 20«/10 t+nAVt
Gamma-min min; |[y}| > VR ming il > g

In general, the eigenvalue condition is improved by adding a second
pool. The mutual incoherence condition is improved in the two-pool case
with large m by a constant multiplier

T = (< 1), and the gamma-min

condition lower bound is improved by a constant Dmin (< 1).
For the eigenvalue condition, the key result is that adding clean data
points will not hurt, i.e., it makes the minimum eigenvalue smaller. A

formal statement is provided in Proposition A.10. Recall that

Py = 1= XH(X" X)X,
Pyt =1 — X7 (X"X) !XT,

my
m

where X’ = ( ), and we assume that X X is invertible.
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Proposition A.10 (Comparison of minimum eigenvalue conditions). We
have

}\m'm(P)J(_/,TT) > Amin(Pf(_,TT)-

Note that the result of Proposition A.10 does not require any assump-
tions on X or 1. However, the degree of improvement depends on 1, as
seen in the proof. Usually when n is small, increasing 1 leads to a big
jump of the minimum eigenvalue; when n is large, increasing n does not
change the minimum eigenvalue much. A typical relationship between n

and Amin (Px 77) can be seen in Figure A.1.

o
o

minimum eigenvalue
o
(%))

—8—n =30

0.2 ==—n =50
n=100

0.1 —6—n =500

0 5 10 15 2 2 wm w 4 45 50

U
Figure A.1: Influence of n on the Minimum Eigenvalue Condition. The
x-axis is the weight parameter n and the y-axis is Amin(Pi,,TT). We take
t =15,p = 20, and m = 5, and vary n from 30 to 500. Both pools are
drawn randomly from N(0,I,).

For mutual incoherence condition, it is possible to find settings for
small m that make the mutual incoherence condition worse. Consider the

following example:
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Example A.11 (Example where the mutual incoherence condition wors-

ens). Suppose

—1.8271 —1.6954 —1.1000

"7 03020 —1.4817 —0.2284|"

[ 1.7680 —0.0863 1.6822 |
~05750 —1.1013  0.4749
Koo _ | 06693 06413 06126 |
~0.3271 03060 —1.0068
06177 03941 —2.6407

07001  2.3465  0.4309 |

- [-1.8722 05154 0.1560
|—0.9036 0.6064 —0.2540 '

Then
HP>%,TCT(P>%,TT)71HOO =096 <1< ||P>%/,TCT(P>%/,TT)71||00 =1.28.

Despite this negative example, we can show that including a second
pool helps when m is large compared to p. Recalling the assumption that

X7 Xte is invertible, we can write

P rer(Pxrr) ™!

= —Xye (XT X7 + XTeXpe) T XT (1 — X1 (XTX1 + XL Xre) ' XT ) B

— —Xre (XT X7 4+ XFeXre) T XT (1 + Xy (XTXye) T XT )

= —Xre (XfeXre) (XX O Xre) 4 1) T (T X X (XeXe) ) XT

= —Xre(XTeXte) X7
(A.33)
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The first equality uses the definitions of Px e and Px 1y, the second
equality uses the Woodbury matrix identity Henderson and Searle (1981),
and the third equality follows from simple linear algebraic manipulations.

Similarly, we can simplify the mutual incoherence condition for the

two-pool case, by replacing X{. Xre with X{.Xte + 12X X in the inverse:
1
PE rer (PE 1r) ! = —Xqe (XLXTC +n%xTx) X7, (A.34)

where we know that X{cXre +12XTX must be invertible since X Xre is
invertible.

Given these simplifications, it is easy to see that the difference between
these two terms lies in the middle inverses. When m is large, we have
(XTI X7e)"! = ((n—t)Z) " and (XLXTC + n%irf() T a(n—taqn) D)
where X is the covariance matrix for the common distribution of Xt and
X. Therefore, the mutual incoherence parameter in the one-pool case is
approximately equal to the mutual incoherence in the two-pool case scaled
by (1+n-2) !, which immediately implies that adding a second data
pool improves the mutual incoherence condition. This is stated formally
in the following proposition:

Proposition A.12 (Comparison of mutual incoherence conditions). Let

2.4 2
Bt = O(V1). In the one-pool case, if n >t + %, then

min

with high probability.

C)

Xe
Tn—t

Xt

_ HXTC (XTeXpe) X?Hm‘ o) (t(n—t)‘l(\/ﬁ+ vlogn)> ,

In the two-pool case, if

2 4 2
croy[1Z]] }
1
)\2 (Z) P m

min

n>t+max{
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and
m > max{1, cio? (p + C))||Z|3},

then

C)
‘HXTC_X;
n—t+nn

~ ~\ —1
_HXTC (XFexre+ 2XTX) X7

[e¢] ‘

=0 (t(n— t+nn)H(yp + Vlogn)) ’

o0

with high probability.

Proposition A.12 states that when m and n are sufficiently large, the

' . || Xre®XT||
one-pool mutual incoherence parameter is close to *———= and the two-

[Xreoxi |,

. Since the second
n—t+nn

pool mutual incoherence parameter is close to
expression has a larger denominator, the mutual incoherence condition
improves with the introduction of a second data pool with parameter
n > 0.

For gamma-min condition, we need to compare the terms G and G’.
Note that inequalities (A.31) and (A.32) are equivalent to lower-bounding
the “signal-to-noise" ratio. The order of the lower bound for two-pool

. . min; |y¥
case is as same as the one-pool case, i.e., % > O(4/tlogn). However,

1

i
bmin
!/
min-

adding a second pool improves the constant by having a factor of
1

bmin

Therefore, the lower bound in the two-pool case is smaller than the lower

instead of . As established in Proposition A.10, we have b, < b
bound in the one-pool case.

Note that the weight parameter 1 shows up in all the three conditions.
However, recall that the mutual incoherence condition is not always im-
proved by adding a second pool, unless m is sufficiently large. Therefore,
an appropriate conclusion is that once we have a large clean data pool, it
is reasonable to place arbitrarily large weight on the second pool. On the
other hand, if we have fewer clean data points, we cannot be as confident
about the estimator obtained using the second pool alone. For example,
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in the orthogonal design, if we obtain clean points in the non-buggy sub-
space, the mutual incoherence condition is not improved no matter how
large we make n. In addition, the gamma-min condition involves the ran-
domness from noise, and in order to control the sparsity of v, we need the
regularizer A to match large n (cf. inequality (A.18)). Based on inequal-
ity (A.32), we need the “signal-to-noise" ratio, i.e., %{, to be sufficient
large. If 1) is too large, we cannot estimate relatively small components of
v*. In summary, selecting 11 too large or too small is not wise: If 11 is too
small, we do not improve the three conditions, whereas if 11 is too large,
the range of controllable “signal-to-noise" ratios decays.

Proofs for sub-Gaussian design Now we provide proofs of sub-Gaussian
design. Here is the proof of Proposition A.8.

Proof of Proposition A.8. We prove the results for the one- and two-pool
cases sequentially. In each case, we begin with background calculations,
and then analyze the eigenvalue condition followed by the mutual inco-
herence condition.

For the one-pool case, we know that A satisfies inequality (A.16) with
probability at least 1 — e 5.

Note that x;, j € T¢ are sub-Gaussian random vectors with parameter
ox. By Theorem 4.7.1 and Exercise 4.7.3 in Vershynin Vershynin (2018)

and our assumption of n, we have

> [P+ G
~ 1x

2 n—t

1212/ (A.35)

; XiXe
n—t

with probability at least 1 — e~ “1. We will later use this bound multiple
times to establish the eigenvalue condition and the mutual incoherence
condition.

We first consider the eigenvalue condition. By the dual Weyl’s inequal-
ity Horn and Johnson (1994), we have Apin(A + B) > Anin(A) + Amin(B)
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for any square matrices A and B. Then

T T
)\min (XTCXTC) = }\min (XTCXTC — 2L+ Z)
n—t n—t

T
> }\mm(z) + }\min (XTCXTC - Z)

n—t
XT e Xe
>Amm(2)—‘ gl S 9
2

where the second inequality follows from the fact that Apin (A) < Amax(A)
for any square matrix A. Combining this with inequality (A.35) and taking

24 2
n>t+ 4%&3'% by assumption (A.29), we have that

min

X{eXe C 1
Amin < il T > > }\min(z) - Clgi p i ! ||Z||2 2 _Amin(z) > O/ (A36)
n—t n—t 2

with probability 1 — e~ C1. We now derive the following result:

Lemma A.13. Suppose XXt is invertible, where Xy € R™P and Xyc €
RM=YXP, Then

Amax(x‘—lr XT)
}\max (X¥XT ) =+ }\min (X%‘rc XTC )

Amin (Pg(_,TT) >1-— >0,

implying that the eigenvalue condition for the one-pool case holds.

Proof. Define C = Q(I+Q"Q) QT and Q € R¥*P, and suppose rank(Q)
= 1. Let Q = USVT be the SVD, where U € R™P,V € RP*P,and S =
Ir><r Orx(p—r)

. Here, ] is a diagonal matrix of positive singular
Ot—ryxr Ot—r)x(p—r)



135

values. Then

C=Uusvi(I+vs'svhtvstur
=US(I+S's)"isTu’

—u Jr><r Orx(p—r) . (I+]2):>}r OfX(P—T)
Ott—ryxr Ot—r)x(p—) Ot—ryxr  Lp—r)x(p—m) (A37)
]T‘><r Orx(pfr] uT
Ot—ryxr Ott—r)x (p—r)
:u (I(I—’_]Z)il])rxr OTX(P*T) UT.
O(t—r)xr Op—r)x(p—7)
Therefore, Apax (C) = 1:3‘22? , where ap.y is the maximum singular value

appearing in J. Also note that a2, is the maximum eigenvalue of Q' Q.

Following (16.51) in Seber Seber (2008), given X{.Xt. is invertible,
there exists a non-singular matrix A such that AX{.X7cAT =T and
AXTXtAT =D, where D is diagonal matrix.

Note that

X1 (X$ X1 + X7eX1e) I XF = X7AT(A(XT X7 4+ X1 X7 )AT) TAXT
= XtAT(AXTXTAT + DAX{
=Q(QTQ+D'QT,

where Q := XTA .

Based on our earlier arguments, we know that the matrix under con-

sideration has maximum eigenvalue —=xAXIXTAD) g0 AXTXLAT is
& T Amax (AXTXTAT) TAT

similar to X{ XTAT A, we haveA o (AXT XTAT) = Anax (XF XTATA). Fur-
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thermore, we have ATA = (X{.Xtc)"!, implying that

}\max (AX:]'I—XTAT) = }\max(xjr—XT (le'rc XTC )71)

IXF X1 (XFeXre) W5 [(XFXre) |5
maxXx - max

2 2
Vo I(XqeXge) T v|f; v vll2
}\max(X}rXT)
h Amin(X:rrcXTC).
Altogether, we have
_ 1
Amax (x XT Xt + XFeXre 1XT> <
T( TAT + TeNT ) T 1 +}\r;éx (X}FXT(X'—rrcXTC)il)
1
< 1 )\min(X:rrcXTC) )
+ )\max(x:erT)

(A.38)

Finally, we may conclude that

Ain (P 17) = Aain (1= X (XT Xy + X7Xre) 7' XT )

=1 Amax (X7 (XT X7 + XJeXre) ' XT)

>1 L
T A OGeXae)

+ Amax(xrerT)
—1_ }\max(X:erT)

Amax (X:erT ) + }\min (X:rrc XTC ) .

Since Amin (X{cXte) > 0, we have A (Px 1) < 1, implying the desired
result. O

We now consider the mutual incoherence condition. By the triangle
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inequality, we have

T —1
Xte <XTCXTC> Xt
n—t

1
n—t

<

XTeX7e\
X1:OXT — Xe ( TeXT ) pel

n—t n—t

(.¢] (0.9]

@

1
+— X1 ®OX7 ]| -

0

We bound (1) and (2) separately. Note that

—1
o (o- (322) )

n—t
o XX -
n—t

In order to bound (1), we bound three parts separately. By assumption,

maxjcre

D=
Vit

< .
S ¢ nax 1% |2

X1,

we have || X] ||2 < Br. For maxjcre ||x||2, we leverage the Hanson-Wright
inequality (Theorem 6.2.1 in Vershynin (2018)) and a union bound. By
the Hanson-Wright inequality, we see that for t > 0,

_ 2t
P ([Ix;]13 = Ell[x;[13] > t) < exp {—Cmm (%0_3) } ,

where c is an absolute constant.
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By a union bound, we then have

p <m x5l > /Ell 3 +A) _p (m 112 > Ell; 2 + A)
jeTe jeTe

< 3 Pl > Ellx 3 +4)

jeTe

< (n—1t)exp ¢ —cmin A—zé
<(n exp oip’ o) [

X

Setting A = c,02 max{y/plogn,logn} with ¢c; > 1 so that we have
min{ A%

AT A
457 52
O_X.p O_X.

max [[x; 2 < \/Elf[x;[[3] + A

jeTe

Vitrace(X) + A (A.39)
VPIZI: + c20%logn + y/plog ),

with probability at least 1 —n~(¢2~1) where ¢, > max{2,2/c}.

> ¢ logn, we conclude that

<
<

-1
To bound ||© — (%) , hote that for two matrices A and B, we have
2
o A—B|
A 1 B 1 < || 2 .
H HZ }\min(A)}\min(B)

Combining this fact with inequalities (A.35) and (A.36), we obtain

o— XfeXre\
n—t

5 XFeXte
n—t

< <
2 Amin (Z) }\min (Xicj(,:c> )\snm (Z)
2¢10%\/ B

()

XL Xe
_ TCAT
ZHZ n—t

2

< - (A.40)
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Altogether, we obtain the bound

2c 02 &HZH
Vit , o2 fE
@< 7= (VRIE]L + ex0d logn + Vplog) ) - —— o= Br.
min (A41)
We now consider @ Note that
X1:OX{ 1
Po-OX e L e 071
n—t n—tjere )
Vvt
< o max | 21O XT |2
\/1_: 1
(A42)
Therefore,
vt 2
1+2C10—i %HZHZ B
Amin (Z) }\min(Z) .

Finally, assuming n satisfies the bound (A.29), and taking a union bound
over all the probabilistic statements appearing above, we conclude that the
mutual incoherence condition holds with probability at least 1 — e T —
2e~ ¢ —n~(e2=1_ This concludes the proof.

For the two-pool case, we will use the following inequalities:

X+ Xe C!
A ALY e Y sy 5T
n—t |, n—t
XTX +C!

- 22 <oy /T z),
m m
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with probablity at least 1 —2e~¢1. Combining these inequalities and using

the triangle inequality, we obtain

HZ XTeXre + 1XTX

n—t+nn
. T . AR
< n—t Z_XTCXT . nn Z—X X
n—t+nn n—tj, n—t+nn m 5
n—t + nm + C
< 1022, A b [ W
n—t+mmy n—t n—t+nn m
n>t+m + C!
< 20002y P,

(A43)

with probability at least 1 — 2e~ 1.
Analogous to Lemma A.13, we can conclude that if XLXTC + %XTX

is invertible, the eigenvalue condition satisfies

Amax (X‘—IE XT )

)\min(Pg(_’,TT) 2 1 - ~  ~
}\max(Xjr—XT) + )\mjn (X:rrcXTC + %XTX>

> 0.

(This can be proved just by replacing X{cXre with XcXre + 1XTX in
the proof of Lemma A.13.) However, since we further wish to bound the
minimum eigenvalue from below by Anin (X)/2, to match the one-pool case
and to be used in the proof for the mutual incoherence condition later, we
will consider X{.Xre + 1XTX directly.



141

Note that
Ami XioXre + XX = Ami XXy £ XX I+X
min n—t+nn i n—t+nn

T an%
> Amin (XTCXTC . %X X _
n—t+nn

XFeXre + XX
n—t+mm

2

Thus, if we choose m > 4c?o}(p + C)||Z|]3, we have

XT Xge 4+ AXTX 1
Amm< 12 " m )>—7\mm(2)>o,
n—t+nn

2
with probability at least 1 — 2e~ 1.
We now consider the mutual incoherence condition. Similar to the
derivation of inequality (A.40), we have that

~—~\ —1
o (x;xmu%x*x)

5 XTcXTc+T1 XTX
(14 )n—t

— = XTe Xe 4n 2 XTX
n—t+nm , Amin (Z) Ammin <¢)

(14m)n—t

1Zl. [p+C
< .
S 2¢ 63‘7\2 (2) m

min
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Combining this with inequality (A.39), we obtain

oron —1
Xl Xpe+02XTX
XTC@)q_XTC (%) X¥

n—t+nn
n—t+nm
T X{cX C+%>ZT)N( -1 T
max||x; (@—(TJT) )XT 1
B n—t+mm
o L
\/{ XTCXTC +mXTX
< — ———max|x|2-||© - T m IXT],
n—t+nnm jer n—t+nn
2
—\/1_: / 2
S n—t+mnm ( PlIZ][2 + ca0% (logn + \/plogn)>

Iz [p+C
2 2 H lB .
A% OV m T

Therefore, together with the triangle inequality and inequality (A.42), we
can bound the mutual incoherence parameter as follows:

Ty —1
XTeXge+22XTX T
XTC < T m XT

n—t+nn
n—t+nn
T XTCXT(:-O-%)—(VT% -1 T
o X (B ] e
< OO+ x
= n—t+mnn n—t+mnn

t
< L (\/pHZHz + co0% (logn + \/plogn)>

n—t+nn
ZHZ p-+-C’ BT
. 1 2 2 || 1 .
( B W I W

By the assumption on n in inequality (A.30), the mutual incoherence
” ’
condition therefore holds with probability 1 —e~ 7 —2e~Ci —n~(c2-1) ]

Here is the proof of Proposition A.9.
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Proof of Proposition A.9. To achieve exact support recovery, we need all
the three conditions to hold. The eigenvalue condition and the mutual
incoherence condition have already been discussed in the analysis of subset
support recovery in Appendix A.8, so it remains to analyze the gamma-min
condition.

Recall that

= |(Px: 17 1P§<_’T € Hoo-i-TU\H P57 1Hoo
To simplify notation, we define
= |(Px77) " P 7. Pxr€lloo, B i=nA||(Prr) 7|
We also define the random variables
Z; = e{ (Px, 1) 'Px 1.Pxe”

Since P, is a projection matrix and the maximum singular value of Py, 1.

is smaller than the maximum singular value of Px,’s, we have

1
2 <), < P ), <

H (P*/,TT)71P>J<_/,T-P>J<_/

for all i € T. Note that Z; is a zero-mean sub-Gaussian random variable

with parameter at most ;7—. By a sub-Gaussian tail bound, we then have

P(max Zil > (\/MnLA))

1<igt rnm

Therefore, with probability at least 1 — 2e_C we have A < V P Note

that ||(P§/,TT)_1|’m X \/—H PL’ TT 1”2 -

obtain the bound B < 2’;3‘_\[.
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Combined with the fact that

20 nn /
> - —
A> a /)max{l, L}(«/]ogZ(n t)—I—C),

we then obtain

, 1 20/t m ,
< —_— — .
G' < b 20+/logt+c+ o max{1, 4/ mL}(@ /log2(n—t)+C )]

Thus, as long as min;c [y;| is greater than or equal to the RHS of the

inequality above, the gamma-min condition holds with probability at least
2
1—2e—e 7. Consequently, the exact support recovery is achieved.

The proof of the one-pool case is similar as the proof of the two-pool

case provided above, so we omit the details here. O
Here is the proof of Proposition A.10

Proof. Proof of Proposition A.10
By the Sherman-Morrison-Woodbury formula Henderson and Searle
(1981), we have

Xt (xTX + %‘XTX) X7
= Xr (XTX) ' XT
_ %XT (XTX) "' XT(1+ %X(XTX)*&T)*& (X™X) ' XT.
(A.44)

We now state and prove two useful lemmas:

Lemma A.14. Assume X' X is invertible. Define

A=Xr (XTX) XTI+ %X(XTX)*XT)*& (XTX) ' XT.

Then Amin (A) > 0. Equality holds when X (XTX) - X7 is not full-rank.
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Proof. First note that since XX is invertible and X(XTX)"IXT = 0, the
matrix I + %)?(XTX)*liT is invertible. Note that

vyeR" 40, y'Ay >0,

so the minimum eigenvalue of A is nonnegative.

In order to study when the Ay, = 0, let z = X (XTX) - X1y. When
y # 0and X (XTX) ~' X7 is full-rank, we have z # 0. Thus, if X (XTX) X7
is full-rank, we have Apin(A) > 0. When y # 0 and X (XTX) - X{ is not
full-rank, there exists y # 0 such that z = 0, which causes y ' Ay = 0 and
Amin(A) = 0. O

Lemma A.15. The following equations holds:

1
Amin(Pf(_,TT) =1- Amax(XT (XTX) X:rr)/

n~~ —1
}\min(P)J(_//TT) = 1 - }\max(XT (XTX + T]FXXT) X:I—r)

Proof. Since Xt (XTX)_1 X{ is symmetric positive semidefinite, we can
write X1 (XTX) - X+ = QAQT, where Q is an orthogonal matrix and A

is a diagonal matrix with nonnegative diagonals. Then
I—Xr (XTX)'XT =Q(I—A)Q".

Furthermore, we have shown in inequality (A.38) that

1
Amin (X:rrc Xre ) )
Amax (X:erT)

Amax (XT (XTX)_lx‘IT) <

1+

Hence, the maximum diagonal in A is upper-bounded by 1, and I — A

has all diagonal entries in the range [0,1]. Thus, we have shown that
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min diag(I — A) = max(diag(A)), implying the conclusion of the lemma.
O

Returning to the proof of the proposition, we have

Ama (XT (XTX + %Wf() - XI_)
< Amax (X (X7X) 7 XT)

nn g nmg 1oT 1O —1
~ T ((xT (XTX) XTI+ XXX X)X (XTX) XI)

A (Xr (X7X) X7,
Here, (1) comes from the fact that
Amin (X (XTX) ' XT - (14 XXX X (XTX) ' XT) >0,
which follows from Lemma A.14. Furthermore, by Lemma A.15, we have
Amin (PE 17) = 1 — Amax <><T (XTX + %“)?TX) X7 >
and

~ ~\ —1
)\min (Pf(_/,TT) =1- 7\max (XT <XTX + T]—T:XTX> X—Tr) .

Altogether, we conclude that the minimum eigenvalue is at least improved

by
A (XT (XTX) 7 XT (14 12X (XTX) X)X (XTX) 7 XT ) 0

Here is the proof of Proposition A.12.

Proof of Proposition A.12. The proof leverages arguments from the proof
of Proposition A.8. The goal is to argue that when n and m are sufficiently



147

large, the empirical quantities are close to their population-level versions.
We will use Big-O notation to simplify our discussion.
24 2
As already stated in inequality (A.41),if n > t+ Sl

A (5) (p+ Cy), then

n—t

—1
X7eOXT — Xre (’q—x> XTI

9]

n—t

< % <\/p|\ZH2+czoi(logn+ Vplogn)) .

2107/ BT

?\2_

Br.,
min (Z) !

with probability at least 1 — e~ ¢t —n~!, where ¢, > max{2,2/c}.

2 4 2
ctod|z] 1}

mand m >
Ain(Z) 7 =

Also for the two-pool case, if n > t + max {
max{1, c3o} (p + C{)||Z||3}, we have

cron —1
XTe Xpe+02XTX
Xre®X] = Xe (MAIERXX) O x]

n—t+nn
n—t4+nm
Vit
S T tenn WV VPl
\n—t+nn< PlIZlz + c20% (log n + pogn))

I /p+C{\ Br
1 2 2 H 1 ,
( Rt WG A I W

with probability at least 1 —2e~¢1 —n~!, where c; is defined in the same
way as above. Noting that Bt o v/t and using the triangle inequality, we
conclude the proof. O

A.14 Proofs for Chapter 2.4

In this section, we provide proofs and additional details for the results
in Chapter 2.4. We will establish several auxiliary results in the process,
which are stated and proved in Appendix A.1.4. The flow of logic is
outlined below:
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Theorem 2.12 <= (Lemma A.18, Lemma A.24);
Lemma A.18 < Theorem 2.7;
Lemma A.24 <= (Lemma A.19, Lemma A.23);
Lemma A.23 <= (Lemma A.20, Lemma A.21);
Lemma A.21 <= Lemma A.19.
Corollary 2.13 < (Theorem 2.12, Corollary A.17).
We sometimes write ¥(A) to represent the estimator from Lasso-based

debugging with tuning parameter A.

Proof of Theorem 2.12

We will first argue that the algorithm will stop, and then argue that all
bugs are identified correctly when the algorithm stops. Finally, we will
take a union bound over all the iterations in the while loop to obtain a
probabilistic conclusion.

Algorithm 1 stops: Note that if we have an iteration k such that Ak >
2A* and C = 0, then the algorithm must stop after at most |log, 3 | itera-
tions. Otherwise, we know that C = 1 for all iterations k such that AK > A"
Thus, after k = [log, 4 | iterations, we have

X At At At

- w E uw w — [A*/ ZA*] .
2 llog, =] log, A’ log, -1

As established in Lemma A.18, we know that all true bugs will be iden-
tified with such a value of A¥, so the remaining points are (X'*),y*)) =
(Xte,yrc). Also note that

1P, Ytelloo = 1P, (X7eB™ + €76 [loo = [P, €7¢ oo

Hence, by Lemma A.24, we have

51 R
HPi_TC €7¢ o0 < EE\/lngTL 0.
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Therefore, the stopping criteria takes effect and the algorithm stops.

Algorithm 1 correctly identifies all bugs: A byproduct of the preceding
argument is that A > A By Theorem 2.6, we have supp(Y*) C supp(y*).
Now suppose we are at a stage where 1 of the t bugs are flagged, where
1e{0,1,...,th

If 1 = t, then X = Xt.. As argued preveiously, the algorithm stops with
high probability. Hence, we output all of the bugs.

Otherwise, we have | < t— 1. Suppose this happens at the k™ iteration.
Then at least one bug remains in (X'*),y*)), and all the clean points are
included. Let S denote the corresponding row indices of X and let v§
denote the following subvector of y*. Since bugs still remain, we must
have minies [v§ ;| = min;ct [v{]. Furthermore,

HPimy(k)Hoo = HP>J(_[ [3 +vs +€s Hoo = HPL (vs +€s ||oo

By Lemma A.24, we have

51
HPL (Vs +€s)|loo > ——\/loanU

implying that C = 0. Thus, the procedure proceeds to the (k+1)*" iteration.
If for all k such that A¥ > 2N*, bugs still remain, then AK keeps shrinking
until the |log, 3= |™ iteration. Then the tuning parameter must lie in the
interval (A*, 2A*], resulting in a value of ¥ such that supp(y) = supp(v*).

Probability by union bound: Now we study the probability for this
algorithm to output a value of y that achieves exact recovery. Firstly, the
algorithm stops as long as Lemma A.18 and Lemma A.24 hold, which
holds with probability at least 1 — -2 — 2 exp <—2 (L —ci—v)? n).
Secondly, consider the argument that the algorithm correctly identi-
fies all bugs. For each iteration, the events {C = 0 if a bug still exists} and
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{C =1if no bugs exist} hold as long as Lemma A.18 and Lemma A.24 hold,
which happens with probability at least 1—&—2 exp (—2 (% —Cy — v) 2 n) .
If the algorithm has K iterations, the probability that the algorithm flags all
bugs is therefore at least 1 — 2% — 2K exp <—2 (L —ci—v)? n> by a union
bound. Since we have argued that K < log, %;), the desired statement
follows.

Proof of Corollary 2.13

According to the PDW procedure, we can set ¥ = 0, solve for 2 via the
zero-subgradient equation, and check whether ||2|, < 1, where z is a
subgradient of ||y|;. The gradient of the loss function is equal to zero,
which implies that

1 _
PO PTPJ_/ / o
2= PPy |

H]_)Tpf('/‘J/Hoo

Therefore, we see that ||z||c < 1 for A > , which means the

— pTpl /
optimizer satisfies ¥ = 0. Since A,, = w, the output with tuning
parameter A, gives Y(A,) = 0.

Note that
PPy oo = IFTPY" + PTP oo < PTPY "l + [P

by the triangle inequality. The second term is bounded by 2 max{1, /-1t }-
\/log 2n 0* with probability at least 1 — 1, since e Px.e’ is Gaussian with
variance at most max{1, /-1 }o*. For the first term, we have

IPTPY* I = [[PTPy"

0o
(i) e

< t||PTPHmaX H‘YTI—HOO
(ii)

< vl

Czcy V1 —ciy/log2n nentig*,

<
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where (i) holds because [V v*[|i = > ;o7 VY]l < t]|v]|oo]|¥* || for any
row v of the matrix P'P, and (ii) holds because PP is a submatrix of
the projection matrix Py, and each entry of a projection matrix is upper-
bounded by 1. Altogether, we obtain

/ 2./log?2 1
Ay < lmax{l, :S_} Tl + CZCV \/1—ct\/1og2nn°“+2] o,

n

By a similar argument as in Theorem 2.12 and Corollary A.17, we know
that Algorithm 1 stops with at most log, % with probability at least

1 — —. Hence,
n—t

n C c 3 2 1 2n *
. A . [max{l, VIR E/T—cn *“Lg] VLG
g2 }\(O—*) - gz H];_Jl:c
—=+/2log2n(1 — ¢ ) —20*

(1) [max{l, Vot %nc’ﬁ%} 2\/logn
<1
8 ——=+/2log2n
@ [max(l, /IE) 4 Snentd]
< logZ 2

3 1 nm
< _ _ _
\C<2+Cn)l()g2|L+IIlaX{O,21()g2mL 1},

where (1) comes from the fact that ls%c is a submatrix of Py,, which has
spectral norm 1 whenn > t + p + 1; and (2) holds because 1 — &’ < 1. To
illustrate that ||P+.|l> = 1, note that it is sufficient to show [Py, erc> =
1 Py, rete is a principal matrix of Py,. By interlacing theorem (Hwang
(2004)), we know that AmaX(PbTCTC) is no less than the (t + 1) largest
eigenvalue of Py, which is a projection matrix and therefore has n — p
eigenvalues equal to 1. Thus, ift+1 < n—p,ie, n > t+p+1, then
1P rerella = 1.

Now that we have bounded the number of iterations, we consider
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probability that the statement holds. Note that €’ is sub-Gaussian and all
the statements based on A(0*) hold with probability 1 — —L-. Compared to
Theorem 2.12, note that on each iteration, we have subset support recovery
with probability 1 — ——; and on iteration log, %, we have exact support
recovery with probability 1 — —-. Thus, we conclude that Algorithm 1

outputs a value of A that achieves exact recovery with probability at least

5 (clog, n 4+ max {0, ; log, 2% })
n—t

1 nm —2(3—ci—v n
—2 (clog2n+max {O,Elog2ﬁ}) e20z ),

1—

Proof of Proposition 2.11

We consider the three cases of Gaussian, sub-Gaussian and convex-concentration
settings.
Let £ = E[xix{] and © = £!, and assume that X'*) corresponds to

some Xs with rows indexed by S. Our goal is to prove that

Zfl T
p max p p
XSTXS }\min(z)
— < , A.46
H S| 2 2 (6.46)

for at most log, % of such sets S. Note that T C S C [n] holds with

probability at least 1 — %.
Proof of Proposition 2.11 for Gaussian case The spectral norm bound
follows from standard results Vershynin (2010), which holds for a fixed set
S with probability at least 1 — e =5l > 1 — e~ ("~Y). Note that Algorithm 1

runs for at most log, 2 iterations by Theorem 2.12. Taking a union bound
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over all sets S, we obtain an overall probability of 1 — log, 3+ e~ (17¢t)™ >
1 — e— 2 tloglog, %

We now consider (A.45). Define z; = ®'/?x; for 1 < i < n, so that

S
Xe'? =

2T
We know the ®'/2x;’s are i.i.d. isotropic Gaussian random vectors.

Hence, z z; ~ x*(p) satisfies

1
5

7

2
HZiHZ —1<4 log

p p

with probability at least 1 — 6. Similarly, we can bound z[zk and (z; +
zi) T (zi + zi). Since z{ zi = 2[(zi + zi) " (21 + k) — 2{ zi — 2 2], we then

have

1
<8 k’%, Vi £k,

with probability at least 1 — 6.
We now choose & = # for some ¢ > 2 and take a union bound over all

n? entries of the matrix X®X T, to obtain

< cmax lognllogn,
max p p

with probability at least 1 — —i—, where ¢’ > 2.

—1

H Xex’
P

Finally, note that for all S C [n], we have

XOX
T =
max

HXSG)XS _
P

P

max
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Proof of Proposition 2.11 for sub-Gaussian case By Lemma A.26, in-
equality (A.46) holds for a fixed set S, with probability at least 1 —e~¢/S! >
1 — e <Y for some ¢ > 0. Note that Algorithm 1 runs for at most
log, Jv iterations. We then take a union bound over the possible subsets
T¢ C S C [n] to reach a probability of at least 1 — log, 4+ e~¢(l—cvn >
1 — e~ +loglog, 3%

Next, we focus on verifying inequality (A.45). Assuming that the
xi’s are independent random vectors and the components of the x;’s are
independent of each other, our goal is to prove that

< max log n’ logn ,
max p p

w.h.p., where £ = Cov(x;) = @~ = D? is a diagonal matrix.

—1I

H XexT’
P

Define z; = D~ 'x;. Since the z;s are mutually independent with inde-
pendent components, we know that the vector gy = (z41, ..., Zip, Zj1, -, Zjp )T,
for i # j, also has independent components. Furthermore, the sub-
Gaussian parameter of gi; is bounded by ly. = maxE:1 d%,
is the sub-Gaussian variance parameter of the x;’s. This is because for a

where K

unit vector u, we have

E |:e7\uTgii:| — ﬂz:l

=TI _E [} aixi| B [ E* ]
q:

E [ekuqziq] E [e?\up+qzjq}

2
. Azi%zLK A2tptax
ST E e M |Ele 49

2
qu

=E

2 2
Zzzl }\ZMMLK]

- 2
<E eZZ:l (WG +Hudig) )\TlmaX}

r 2
— E e%lmax]
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Since we have assumed that || Z ||, is bounded, the d’s are all bounded for

each (, so L.« is bounded, as well.

0 I
Now letA = | PP P Xp] . By the Hanson-Wright inequality, with

pxp Upxp
probability at least 1 — 6, we have

LAQg: log 2
_ F579 o, [28E (A47)
p p

(zi,2;)
P

where c; is a constant related to 1ax.
Now applying the Hanson-Wright inequality to the vector z;, we have

log 2 log 2
< Cr» max &, & , (A.48)
V » " b

with probability at least 1 — 5. Noting that E[||z;||3] = tr(©Z) = p, we will
finally have

lzill;  Elzl3)
P p

2
Izl
P

2 2
< ¢, max logé,% .
p P

Plugging in 5 = % and taking a union bound, we then conclude that

< 2max{cy, ¢} max {ﬁ / IO%, 10%} ,

with probability at least 1 — Z.

—1

H XOXT
P

Proof of Proposition 2.11 for convex concentration case Recall the fol-

lowing definition:

Definition A.16 (Convex concentration property). Let X be a random vector
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in R4, If for every 1-Lipschitz convex function ¢ : R — R such that E[¢(X)] <
oo and for every t > 0, we have

P (Jo(X) — Elp(X)]] > t) < 2exp(—t?/K?),

then X satisfies the convex concentration property with constant K.

Suppose x; has the convex concentration property with parameter K.

Note that
XexT XexT
H —1 = max eiT( —I) e;
p max ) p
TOx:
— max |28 _eTe .
1, p

By Lemma A.25, we thus have the exponential tail bound

1] w) < 2o (—gmin{ i e
Pl|l4———-1>w]) <2exp | ——=min , ,
( P PLUc™ kel k@el:

for all 1 < i < p, which implies that

T Ox; log 2 log 2
xl@xl_l‘chzmax Jlogs logs |
13 13 p

with probability at least 1 — §. Taking & = 2/n°, we then obtain

T .
Lm_l' < cK2max | /108" logn [ (A49)
p PP

with probability at least 1 — .
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Now we consider the off-diagonals X"SX" , for i #£ j. We first rewrite
TOx: .
P(xi@)x] >A>:IP’(XI Ox; 5 Ap )
p 10x;ll,| ~ ll©x;ll,

Conditioning on ||©x;||, for some w > 0, we obtain
TOx:

P

Ox; Ap
P(x? | ;] >w)1@ 1Ox;, > w
1Ol = TexT, 1991 (1€l > w)
Ox; Ap
-HP)(xiT L | > |©x;]| <w>]P’ 1©x5, <w).
ol = e, 1€l (8%l < w)

T @X]‘

" el
we can further upper-bound the probability using the convex concentration

Since we have a convex 1-Lipschitz function mapping from x; to x



158
property:

(%

T@x]

)

< (loxl, > w) + <l | > o [Ieslh <)
<P (Ioll > 15 ) + 2 (50 oo 2 )
<P (ux]uz sl > e~ [ijnz]) +2exp (—f;‘;i)
<P (ux]uz Bl ) > -~ \/wajuﬁ) +2exp (—VA;EZZ)

2
o) (& - V@) Aty
< 2exp — 2 K2 + 2exp <_W)

2
= VPlZ[}2 A2p?
< 2exp —<®”2 ) + 2 exp (— P ),

w2K?2

where (1) and (3) use the convex concentration property and (2) uses
Jensen’s inequality. The last inequality assumes that w > /p||Z||2, can be
guaranteed if we choose w sufficiently large.

Plugging A = cmax{loin @/10%} and w = ¢’ (\/ﬁ—k \/logn) into

the above derivations, we then obtain

IP( >A> < 2exp (—C Lozg“)

+ 2exp <

T

P

nmax{(log TL) ,plogn}
(p +log n)K?2 '

(p+logn)K2

2 e
logn, then 2exp (— maxig‘ﬁgﬁgg “}> 2exp ( lsg ) Hence, we

If p > logn, then 2exp (—maxm()gn)z’p lOgn}> 2exp (— Nlof?n) Ifp <
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have
x{ Ox;

(5

We can choose ¢ and ¢’ sufficiently large to ensure that C > 2. Combining

> A) <2exp (—Clogn).

this with inequality (A.49) using a union bound, we finally obtain the
desired result.
Auxiliary lemmas

By Theorem 2.6, we have the following corollary:

Corollary A.17. For two data pools, suppose the eigenvalue and mutual inco-
herence conditions hold. Let X > A(o*). Then with probability 1 — —, we have

supp(y) C supp(y*), and
IVA) ="l < G'(A). (A.50)

Proof. Recall that the rule for regularizer selection in Theorem 2.6 is

— - - e’
Pre (1= Pr(PrPr)~'Pr) —

A>

1—@"

o]

Note that e Py (I —Pr(P{Pr)"'Py) £ is sub-Gaussian with variance pa-

Pic
rameter max{1, 2 }” L HZG . We have

/ mL

/
max |e] PL. (1— Pr(PIPr)'PT) =

; <
jeTe n

P
4 max {1, %} log2(n — t)wa*z,

with probability at least 1 — —-. According to the definition of A(c*), we
can further derive the bound for v, since

¥ =¥l < 1P 11) " Pxir7.€ lloo + 2nA(0%) || (P 77) 1”
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]

The following lemma suggests that if minicr |yi| > G’(2A*), then
supp(Y(A)) = supp(y*) if we take A € [A*, 2A*].

Lemma A.18. If minicr [yi| > G'(2A*), then taking A € [A*,2\*] yields an
estimator y(N) that satisfies supp(Y(A)) = supp(y*).

Proof. According to Theorem 2.6, for a regularizer A € [A*,2A\*], we have
Yre =0and |[Y(A) —v*|l, < G'(A). If minier [yi] > G’(2A*), then by the

triangle inequality, we have
il > minfyi| = G'(A) > G'(2A") = G'(A) = 0,

forallieT. O

We use Xs to represent some X¥) for S C [n], as shown in Algo-
rithm 2.12. In each loop of the algorithm, we know that the points in
S¢ all lie in T by the subset recovery result. Thus, S O T¢. Let L =n — S|,
and note that 0 < 1 < t.

Lemma A.19. Suppose Assumption 2.10 holds. If Amin(Z) and Amax(X) are
bounded, then

P
‘Pis—(um)l

o Cmax{p, vplog(n—1),log(n —1)}
h n—1 '

max

Proof. Using the notation ® = £~ ! and T = X%STS , we have
‘ PL — (1 _ %) Lss || = ’ Xs (X Xs)"IXT — %I
Xs(D)'X{  XsOX{ Hxs@xg i
= S| |S| IS| S| [} jnax
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By assumption, we may bound the second term by

I < — P - cmax _logISII_logISI
max 18I P P

_ cmax{,/plog|S|,log ISI}

S|

Hxse)xg P
N N

For the first term, we have

Xs(Z)7IXI  XsOXT

(e

st s max
< ()1 _ . 2
<[ e, may e
We now have the bound
= l}\mm(z)
|® -], < 2
2 }\min(z)}\min(z)
%Amin(z) 1

< - 7
}\min(z)()\min(z) - %)\mm(z)) }\min(z)

as well, where the second inequality holds by Weyl’s Theorem (Horn and
Johnson (1994)): A(Z) > A(Z) — || — Z||,. The basic idea for the first

inequality is to use the multiplicativity of matrix norms to conclude that

AT =B, < AT (A =B)B

A~ 1H2 IA =Bl [[B"], (A51)
_JA-BI,

2

Hence, an upper bound on ||A — B||,—which we obtain from our assumptions—
together with minimum eigenvalue bounds on A and B, implies an upper

bound on HAfl — Blez.
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Finally, we have

1 [|©2Xgeill3

X €q 5 < ol
1L |S||| alh < M2 7 R @)
1 102X, eill3
= _——— - maX ———>——
Amin(©)  1<iIS| S|
T XsOX1 ey
= Amax(Z) - max €i AsPAs &1
1<i<S| N
XsOX!I
< }\max(z) : S|S| >

By assumption, we have

—1

H XsOX{
P

< c max log—’8|, log—|s| .
max p p

Hence, rescaling and using the triangle inequality, we have

XsOX{ )
1| +1
max |S| (H max

PP log[S| log|S]
< = 4 — max , o=
Sisi s {\/ p P

Altogether, we have the bound

Amax(L) P /log|S| log|S|
< 1+ ma — .
max }\min(z) |S| ( { P P

Hxse)xg
N

Xs(Z) X XsOX{
N S|




Finally, we have

cmax{\/plogISI,longl}+C,,£ <1+max{ log[S| log|S]
S| S| \/ P P
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- Cmax{P, v/ploglS], log S|}

h S|

This finishes the proof.

]

We use a(k) to represent the k' order statistics of |e;|, for i € T¢, where

X1y S X2) <o Kt

Lemma A.20. For i.i.d. random variables {|e;|}icte, the k™ order statistics, for

any k € {254, ..., 3} satisfy

cvo" < afk) < Cyo7,

with probability at least 1 — 2 exp <—2 (L —ci—v)? n),for v € (0,3) such

that v < 1 — cy.

Proof. By the assumptions on the noise distribution, we have
v=Plle; <cyo*] and v =P[le;| = C,0%].
Let &;’s be i.i.d. Bernoulli variables such that

1 iflei] < cy0¥,
& =

0 otherwise.

Note that t = c¢(n for some positive constant ¢, € (0, %). We have

k—v(n—t) > nT_t—v(n—t) = (1—ct)2(1—2v)

n>0
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and

2 2
(%_\/) (1—c¢) > <%_V> (1—c¢) 2> (1_22V) (1_Ct2_zv)-

By Hoeffding’s inequality (Hoeffding (1994)), we then obtain

P [ni& >k] =P ri&—vm—t) >k—V(n—t)]

implying that

n 2
Pla(k) < cyo'] =P [Z & = k] < exp (—2 (% —Cy —v> n) _
i=1

Similarly, let 11;’s be i.i.d. Bernoulli variables such that

1 if|eil > Cyo™,
ni =
0 otherwise.

Note that the assumption that ¢, <  — v gives us

1
n—t—k—vn—t) >n—ctn—%—v(1—ct)n> <§—ct—v)n>0,

and
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Then by Hoeffding inequality, we obtain
n—t n—t

P [Zni >n—t—k] =P [Zni—v(n—t) >n—t—k—v(n—t)]
i i=1

2
< exp <—2 (1—%—\/) (n—t))

Lemma A.21. Suppose the assumptions of Lemma A.19 hold and

2 on
ni=2en > max{ 32C log(2n) (p? + log” n), (%) },

1—c¢ Cv

and 1/2+
¢, C n Cn
max |yg| < A \/1 — Ct \/log 2n 0",
i€$S 2 t

for some constant ¢, € (0, %). Then the X order statistic of |P>%S (Vs + es)land

the k! order statistic of ‘ (1 — |—g—|> (vs +es )‘ have differences of at most £ o*, for
any k € [IS[], with probability at least 1 — ——.

Proof. Recallthatl =n—|S|. Now consider the sequences {z; = |e{ Px_ (y§+
es) and {w; = |(1— 2) (v§; + esq)| }1:11 By the triangle inequal-
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ity, we have

zi —wi| < |ef <P>%S — (1 — L) I) (vs + es)

/N
)
-
7N
)
X
w
|
N
—_
|
3
|
—
~~
—
~~_
.<
wn %
_I_

o
N
v}
X

w
|
N
|
3
|
—
~~
[
N~~~
m
w

fori=1,...,n—1L

Since u; is sub-Gaussian with parameter at most

e 52,

we can upper-bound the maximum of {|u;[}. With probability at least

2
0_*2,

1— -1, we have
n—t

max lui| < 24/log2(n—1)c*
1€

(P )i — e ( —%)

24/log2(n — l)o*ﬁ’ Py, — ( — L—l)

\/_+\/10g n—1))
vn—1

where the last inequality follows by Lemma A.19. Further note that

1
2

2

max

log2(n

since n!72¢n > 32C ~log(2n) (p* + log>n) for some c,, € (0,1), we have

maxies fui| < nln G* -
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For the v;’s, we have

P
"*f(l—m)

@ |2 (p+/logn—1)) .
S\ ni—cy Now max [vs| (A.52)

(iti) 1 1 t 1
< 551/ sl
2CV1—cy nl/2+en /log n I{Ieasx |'Y5|

where (1) holds because |a"v%| < ||aloo|[VE]lool supp(v%)| for any vector

(i)
max|v;| <t ‘ max |yg|
ies i

a, (i1) holds by Lemma A.19, and (iii) holds by our assumption on n.
Combining this with the assumption that

CVC T11/2—0—cn

1 V1 —ciy/log2n " o",

max [ys| <
ies vsl <
1

we obtain max;cs [vi| < 0. Finally, using the fact that n > (3—4> ™, we

obtain

with probability at least 1 — —

1
n—t°
We then use the following lemma:

Lemma A.22. For two sequences ay, ..., an and by, ..., by, such that |a; —b;| <
c for some positive number c, the j™ order statistics of {a;} and {b;}, denoted by
oq(j) and o« (j), satisfy

lxa(§) — xp ()] < c. (A.53)

Proof. Without loss of generality, suppose a; < a; < --- < ap. If there
exists j € [n] such that inequality (A.53) does not hold, then we have
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either a; > ¢ 4 o (j) or a; < ay,(j) — c. If the first case occurs, we have
an=>--2aq>ctop(j) >ct+ap(j—1)=>---c+ ap(l).

Pick a number z between ¢ + &y (j) and a;. We see that at least j of the b;’s,
denoted by b, are smaller than z — ¢; and at least n —j 4 1 of a;’s, denoted
by d;, are greater than z. This means that at most j — 1 of a;’s are no
larger than z. Note that for the b, the components of the corresponding
vector d; are within a distance of c, so the elements of a@; must be at most
z. However, this contradicts the fact that at most j — 1 of the a;’s are at

most z. This concludes the proof. O

From Lemma A.22, we can compare the order statistics of sequences
{z}1; and {w;}]"; and conclude that they have differences of at most 0%,
with probability at least 1 — —L—. O

n—t

Lemma A.23. Suppose the conditions of Lemma A.20 and Lemma A.21 hold,
and also min;cr [y;| > 44/log(2n)o*. Then

(c —ic—v)o*<8< (L'C—Vjtc )o*
% |S|—p6 X X |S|—p6 v ’

with probability at least 1 — 2 exp (—2 (3 —ce— v)zn) — 2

n—t
Proof. Let Mp(S) denote the median of [Py (v§ + es)|. By Lemma A.21,

(1 — |-‘s’—|> (vs + es)‘. Thus,
it remains to analyze the median of {|y; + €il}ies.

we know that Mp(S) is close to the median of

Note that for j € T¢, we have h/;" + €;| = lej|l. Therefore, for all j €
SNTe =T¢ we have h/;" + €ilo < 24/log2n 0¥, with probability at least
1—1.

For i € TNS, by the assumption that minicr |y > 4/log2n o*, we
have [y + eil > [y}l —leil > 24/log2no*. Therefore, the median of

lvs + el is actually the k™ order statistics of |etc| for some {k € -, ... &
S y 2

<1
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By Lemma A.21, we have

< _ 3) a(k) — 0" < Mp(S) < (1 _ %') (k) + %o*.

In Algorithm 1, at some iteration k, we have o = %Mp (S), where S is

the corresponding set of indices of (supp(y*)))‘. Thus,

S| ¢y ~ I
k) — ———o0"<o<«ak ——0".
M e sos O g6

Combining this with Lemma A.20, we have

(c —ic—v)o*<8< (L'C—VJFC )o*
v |S|—p6 X X |S|—p6 v 7

with probability at least 1 — 2 exp (—2 (3—ci— v)z n) 2 n

n—t

Lemma A.24. Suppose n > 12p,
v Cv
min |y| > § (i) Vv1og2n o*,
ieT 4 C
and inequality (A.52) holds. Then

5 .
1P, €7elloo < 2z Vlog2no, (A.54)

and for any y% such that SN'T # (), we have

5 o
[Px(v5 + €s)lloe > 52 1/log2n3, (A.55)

with probability at least 1 — >~ — 2 exp <_2 (L —co— v)2 n).

Proof. We first establish the bound on [|[Px . €< || Note that e Py ere is
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Gaussian with variance at most mgx(PﬁTc )i, SO
jeTe

||P)%Tc €7¢l|o0 = I)Ielé%Z( |e]-TP>%TC €Tl
< m.ax(Pch)ij log2(n —1)o* < 24/log2n o”,
j

with probability at least 1 — ——. In addition, Lemma A.23 implies that

1 ~
HP%TC €7¢||oo < 24/log2n o

cy _ISI
< 6 [S|—p +C")

log 2n
For n > 12p, we therefore conclude the bound (A.54).
Now consider v§ with nonzero elements, i.e., S D T¢. We have
IPxs (Vs + €s)[leo > maX|€?P>%SV§! — [IPxs€slloo

> max !eTF‘L Ysl —24/log2n o,

with probability at least 1 — —L-. We now split Px_ into Px, — (1 — -25)I
and (1 — -27)1. By the trlangle mequahty, we have

max ‘eTPXSyS

ien
P
( - —l> Iys

= max
ien—1]

— max
ien—1]

p \
el (7= (1) )




Plugging this into the result from inequality (A.52), we then obtain

P ) e S
> (1222 sl - o

max ‘eTPX Ys
ie[n—1] s

Therefore, we have

1P (v + €s) oo > (1 - %) min [y;| - (2/log 2n + cv/8)0
By the assumption that n > 12p and Lemma A.23, we then obtain

(24/log2n + cv/8

Sl o
ST

| (24/log2n + CV/8)6‘

”PXS YS + €s Hoo = mln |V1| -

6 i

er 't Cy— %
- nlye| 13 \/log?2n _
> gmphil =g

Thus, ||Px, (Y5 + €5)]lee = 2 +/l0g2n G if min hy¥| satisfies
1€

3 13
in |y’ > \/log2n o il
Ifg?h/J 0g nG( +4Cv>
This can be further achieved according to Lemma A.23 if
3 13 ¢y |S]
in[yi| > 2no*(-+— | |Cy+———).
I{glhﬂ Vieg2n o (6+4cv)( + G |S|—p>
Also note that by the assumption of min;cr [yil, we have
v Cv
min [yi| > § <i) V1og2n o*
ieT 4 C
3 13 cy |5
> y/log?2 = Cv+——5—1).
Viogsme (6+5 )( " |S|—p>

cy —C
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This concludes the proof. O

Lemma A.25 (Theorem 2.5 in Adamczak Adamczak (2015)). Suppose X is
a zero-mean random vector in R™ satisfying the convex concentration property
with constant K. Then for any fixed matrix A € R™*™ and any w > 0, we have

P (XTAX —EXTAX]| > w) < 2exp (—lmin{ 4Wz 5 2W })
C 2KH[AflRT K2 Al

Lemma A.26. Suppose X € R™*P has i.i.d. rows from a zero-mean distribution
satisfying the convex concentration property with constant K. Then

)\min )X
Aoin(D)
5 2

N

n

T T
HX X—E[X X}
n

with probability at least 1 — exp(—n).

Proof. Note that for any fixed unit vector u € RP, the map ¢ : x — (x, u)
is convex and 1-Lipschitz. Hence, by the definition of the convex concen-
tration property, each x| u is sub-Gaussian with parameter proportional
to K. In fact, this is enough to show the desired matrix concentration result
(cf. Vershynin Vershynin (2010)). We omit the details. ]

A.1.5 Appendix for Chapter 2.5

In this sectopm, we provide proofs and additional details for the results
in Chapter 2.5.

Proof of Theorem 2.14

We will prove a stronger results here, which implies Theorem 2.14. This is
actually mentioned by Remark 2.16.

Theorem A.27. With respect to D, the bug generator, who has attacking budgets
no more than t, cannot fail the sign support recovery if only if (2.16) holds. That
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failure of sign support recovery, sign(y) # sign(y*), means either y; # 0 for
somej € T¢ or yyy; < 0 forsomeie T.

Proof of Theorem 2.14. We will use the following lemma to prove Theo-
rem 2.14.

Lemma A.28. The following two properties are equivalent:

(a) For any vector y* € R with support K, the constraint-based optimization

has all solutions ¥ satisfying sign(y) = sign(y*).

(b) The matrix P(D) satisfies the restricted nullspace property with respect to
K.

Proof of Lemma A.28. We first prove (b) = (a). This immediately fol-
lows Theorem 7.8 in Wainwright (2019) since (b) = vy* =¥ for any
vector y* with supp(y*) = X, it thus implies (b) = sign(y) = sign(y*).
Or we can show it directly as follow. Suppose (a) doesn’t hold. Then, we
have A :=y* —¥ # 0. By the constraint and the objective, it also needs to
satisfy that A € Null(P(D)) and

v = Al = [0 < vl = vl

Therefore, we have

[vicll = 1Akl + 1Akells < vk = Al + 1Aells < vkl

which means a nonzero A € Null(P) N C” and causes a contradiction.
Thus when (b) is true, (a) holds as well.

From now on to the end of the proof, we will abuse notation by using
P to represent P(D). The remaining thing is to prove (a) = (b). We
will prove by contradiction. If (b) doesn’t hold, then there exists a nonzero
A such that PA = 0 and || Ak¢||; < ||Ak||l1. We consider a y* with v = Ag
and yg. = 0. Let y be the optimizer given this y*. By (a), we shall have
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Ax

(n—t)x1
that has no larger {; norm than ¥ and has support not equal to K, which

sign(y) = sign(y*) = sign ( ) The idea is to construct a v’

contradicts with (a), and therefore, (b) must hold.

Consider y' =¥ —c - A where ¢ = Z—ii for i = arg minjck % Since A is
a nonzero vector, we must have A; # 0 for some | € K. Therefore, we have
¢ being positive finite, y; = 0 and [y;| > c|A;| for all j € K. Therefore, we
further get

P(y* —=v') =P(y* =y +cA) =P(y*—7%) =0,
as well as

V[l = vk — ¢ - Akl + [¥xe — ¢ - Axella

)
= vkl — cllAxlh + ¢l Akelh

()
< [Ylh

where (i) is because sign(yk) = sign(Ax), ¢ > 0, [yx| > c|Ax] and Yxe =0,
(ii) is because A € C(K). Hence, we find a y’ to have smaller or equal
{; norm than ¥. This contradicts with the fact that all the solutions have
support K or ¥ is the optimal solution. Therefore, (b) must hold and
(a) = (b). O

We first prove that (2.16) is sufficient. For any [K| < tand K C [n],
we know that Null(P(D)) N C(K) = {0}. Then by Proposition A.28, we
conclude that sign(y) = sign(y*) with supp(y*) = K for any subset K of
size no more than t.

We second prove that (2.16) is necessary. Note that for any subset K
of size less equal to t, we have sign(y) = sign(y*) with supp(y*) = K. By
Proposition A.28, it means P(D) satisfies the restricted nullspace property

for any such K. Therefore Null(P(D)) N CA = {0}. ]
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Theorem 2.14 immediately holds from Theorem A.27.

Proof of Remark 2.17
We will prove the statement in Remark 2.17 here.

Proposition A.29. The subspace Null(P(D)) is equivalent to{u € R™ | 3v €
RP, such that u = Xv, Xpv = 0}.

Proof of Proposition A.29. We first prove Null(P(D)) D {u € R™ | 3v €
RP, such thatu = Xv, Xpv =0}. Letu = (X + MTXD) v for some v € RP,
where M € R™*P contains m rows stacked with the canonical vectors
indexed by D so that MX = Xp. We have

(1= X (XX +XpXp) X7 ) u

—u—X <xTx + %XEXD>_1 X' (X + nH“MTXD> v

— M xpv.
m
Besides, we have

1 B
Xp (XX +TXEXp ) X =Xp (X X+X5Xp) "X (X+M Xp) v
= XDV.

Therefore Xpv =0,u = Xv — u € Null(P(D)).
Secondly we prove Null(P(D)) C {u | 3v € R4, such that u = Xv, Xpv =

0}. Let u be some vector in N(Xp). Then we have

1

u=X(X"X+XLXp) X', (A.56)

and

Xp (XTX +X5Xp) ™ X u=0. (A.57)
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By (A.57), we have (X"X + XBXD)_1 XTu = v for some v € Null(Xp).
Plugging this back to (A.56), we have u = Xv. Hence, we have u € {u |
Jv € RY, such that u = Xv, Xpv = 0}.

Proof of Theorem 2.18

]

Here we prove the proof of Theorem 2.18. We write the minimax MILP

here again.
n
min max E a —aj,
&e{01}™  a,at,a"eR™, 4
wutu—ern, J=1
veR4
z,we{0,1}"

subject to u = Xv,
u=ut—u,a=u"+u,

LL+,LL7 = O,LI.Jr <z, u < (]ln _Z)/

(A.58)

(A.59)
(A.60)
(A.61)

(A.62)

<l,—w,a=a"+a,a">20,a >0,

(A.63)

(A.64)

(A.65)

Proof of Theorem 2.18. We first argue that if (A.66) has the unique solution
of (u,v) = (0,0), then (2.16) holds and thus the debugger can add m
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points indexed by D to achieve support recovery.

min max lukllr — |Jukel|s,
Den], KC[n],|K|<t,ucRn,veRd
IDI<m (A.66)

subject to u = Xv, Xpv =0, ||uf/, < 1.

Suppose (2.16) doesn’t hold. Then there exists K C [n],[K|] < t and a
nonzero vector u’ such that u’ = Xv, Xpv =0 and [Jui||1 = |[ukcl1. And

U

T, satisfies |u|l < 1. This contradicts with that (A.66) has the unique
solution of (u,v) = (0,0), then (2.16) holds. This concludes our first part
of the proof.

Now we argue that the MILP is equivalent to (A.66). Equation (A.59)
is inherited from original constraint. Equations in (A.60) and (A.61) are
equivalent to a = [u]. Note that u™, u™ respectively correspond to the pos-
itive and negative parts of u. If z; =0, thenu” =0, u; <land u; = —u;.
If z; =1, thenu; =0, uf < 1and u = u;. The vector w indicates
Kin (A.66). If wy = 1, then i € K otherwise i € K¢. Therefore, equa-
tion (A.62) restricts the attacking budget to t. Then, equations in (A.63)
are equivalent to ai = |uil,a; = 0fori € Kand a; = |wl,ai = 0 for
i € K¢. Therefore, the objective function corresponds to ||uk||1 — ||uxe|1-

Note that the variable in the first layer is &. If & = 1, it means the
debugger queries the point x;. And the constraint Xpv = 0 is replaced
by (A.65). This is because x{ v =0 < u; = 0. If & =0, then u; just needs
to satisfy [u;| < 1.

Therefore, we have shown that the MILP is equivalent to (A.66) and
thus conclude Theorem 2.18. O
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A.2 Appendix for Chapter 3

A.21 Reminder from Algebraic Geometry

In this appendix section, we will introduce some definitions and results
from abstract algebra, commutative algebra and general topology, along
with writing some examples of these definitions. The are used for proofs
of the results in Section 3.3. Everything in this section can be found in
any of the standard textbooks to algebraic geometry, such as (Hartshorne,
1977), (Gortz and Wedhorn, 2020) or (Liu, 2002).

Definitions
Let C[xy, ..., xn] be the polynomial ring in n variables over C.

Definition A.30 (Zero set). For any subset S C Clxy,...,Xn], we define the
zero set of S to be the common zeros of all elements in S, namely

V(S) :={x € C": f(x) = 0 forall f € S}

Clearly, if a is the ideal of C[x;, . . ., x,] generated by S, then V(S) = V(a).
Furthermore, Hilbert’s Basis Theorem ((Atiyah and Macdonald, 1969,
Corollary 7.6)) implies that the polynomial ring C[x;, . .., X, ] is noetherian,
that is, all its ideals are finitely generated. So there exist finitely many
elements fy,...,f, € Ssuch that V(S) = V(fq,..., ;).

Proposition-Definition A.31 (Zariski topology). The sets V(a), where a
runs through the set of ideals of C[xy, ..., xx], are the closed sets of a topology on
C™, called the Zariski topology.

If we consider C™ as a topological space equipped with the Zariski
topology, then we will denote this space by A¢ and it is called the affine
n-space over C.



179
By knowledge of general topology, any non-empty open subset of Ag
is dense.

Definition A.32 (Affine variety). Closed subsets of At are called affine vari-
1

ety".
For example, A} itself is an affine variety. Moreover, we have that

o V(f) C AL is an affine variety for any non-zero polynomial f € C[x],
consisting of deg f points in C (counted with multiplicity);

o the hyperplane

H(ay,...,an) = {(xl,...,xn) EAL: Y axi= 0} C AL (A.67)
i=1

is an affine variety for any (ai, ..., a,) € C™\ {0}
Let X C AZ be an affine variety.

Definition A.33 (Dimension). The dimension of X is the dimension of its
underlying topological space.
For example, we have

o dimAF =n,
o dim V(f) = 0 for any non-zero polynomial f € C[x],

e dimH(ay, ..., an) = n—1with Hdefined by (A.67) forany (as, ..., an) €
C™\ {0}

Definition A.34 (Degree). The degree of X is the number of points (counted
with multiplicity) in the intersection X N L for some sufficiently general affine
(n —dim X)-space L C AL.

!Compared to the usual definition, we do not require irreducibility here.
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A priority of the definition needs it to be well-defined, i.e. for generic affine
(n —dim X)-space L C Ag, the number of points (counted with multiplicity) in
the intersection X N L is constant. Note it is true — a proof of this can be found
in (Gortz and Wedhorn, 2020, §(14.31)).

For example, we have

o deg AT = 1 since the only affine 0-space is {0},
o deg V(f) = #V(f) = deg f for any non-zero polynomial f € C[x],

e degH(ay,...,an) =1 with H defined by (A.67) for any (ay,...,an) €
C™\ {0}

Definition A.35. For two polynomials P1(z), P>(z) € Qlzl, we say P1(z) >
Py(z) if P1(n) = Pa(n) foralln > 0,n € Z.

Results

Theorem A.36 ((Gunning and Rossi, 2009), Chapter I, Section B, Corollary
10). For any non-zero polynomial f € C[xy, ..., Xm], we have that V(f) C C™
is of Am-measure zero, where Ay, is the Lebesgue measure on C™.

Theorem A.37 ((Hartshorne, 1977), Proof of Corollary I11.9.10). Let X C
PE be a projective variety of dimension r. Then the degree of its Hilbert polyno-
mial is v and the coefficient of its leading term is deg X/v!. That is, the Hilbert
polynomial of X C PE has the form

deg X
7!

Px(z) = z" + lower degree terms € Q[z]

In particular, if r = 0, then Px(z) = deg X = #X(C) is constant.

Theorem A.38 (Special case of (Nitsure, 2005), Theorem 5.13). Let 2™ C
AT x P¢ be a closed subvariety. For any t € AT, let 2, C P be the fiber
over t under the projection 2~ C Af x P¢ — AF and P(z) € Q[z] its Hilbert
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polynomial. If f is the minimal element in & := {P(z) : t € AF"} with respect
to > (in the sense of Definition A.35), then

Sei={te AZ :Py(z) =f} C AT

is a Zariski open dense subset.

In Theorem A.38, it is often useful to view 2" as a family of projective
schemes 2 C P¢ parametrized by t € A",

Lemma A.39. Any Zariski closed proper subset of AT is of NS -measure zero.

Proof. Let Z C Af* be a Zariski closed proper subset. We write
Z=V(fy,...,f:) = V(f)
i=1

for some polynomials f; € C[x;, ..., xm]. Since Z is proper, at least one of
fi’s is non-zero, say f;. By (Gunning and Rossi, 2009, Chapter I, Section
B, Corollary 10), it holds that V(f;) C C™ is of AS -measure zero. As a
subset of a set of AS -measure zero, Z is again of AS,-measure zero (since

the Lebesgue measure on C™ is complete). O

A.2.2 Derivations for Section 3.4.3

Let{i:i=1,...,n} denote a set of n alternatives. A ranking of (1,...,n)

determined by o € &, is an ordering
o(l) = o(2) = - - = o(n).

Given a parameter 6 = (0,,...,0,), the probability of the ranking o is
given by

Os(i)
Plo] := —_
H Zj>i 96(1‘)

i=1
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We are going to prove the following statement for n > 3 by induction,

Os(1) Os(2)

D 1060 20 00(i)

For the base case n = 3, we get by definition that

Plo(1) = o(2) = others] =

Plo(1) = o(2) = others] =P[o(1) = o(2) = o(3)]
Oo(1) Os2) Oo(3) Oo(1) Oo(2)

3 3 = <=3 3 .
22196 212061 O5(3) 22190 212061

For the inductive step, assume we have

0 0
Plo(1) = o(2) = othern — 3 items] = n_crl(l) n_dl(z) . (A.68)
2_im1 9o(1) 2Ziz2 Oo(0)
Then we split our case of n into n — 2 subcases,
Plo(1) = o(2) = others] = Z Plo(1) = o(2) = i > othern — 3 items].

i#£0(1),0(2)

Note that the probability formula on ¢(2) > i > other n — 3 items does
not depend on 041y and has n—1 items in it. Then by the hypothesis (A.68),
we can further get

Oc(1) Os(2) 03

Plo(1) = o(2) = i > othern — 3 items] =

2 106() 252 00() Zksto(1),00) Ok

Hence, it yields that

Oo) O5(2) 6
Plo(1) = 0(2) = others] = —=x n
2 5-190() 252 000i) I#Z Y icro)
Oo() Os(2)

X 50960) X5 06
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Without loss of generality, we were assuming > ", 6; = 1. Thus, we
conclude

0o
Plo(1) = o(2) = others] = 1(1)

For two mixtures, we then have

Qg(1)Ao(2) bs1)bs(2)

Po(1 2) = others; t ixtures] = '
[0(1) = 0(2) = others; two mixtures] = p; T—au P27 oo

where a;’s are parameters for the first mixture and b;’s are parameters for
the second mixture.
Finally, the last formula to be proved is

P[o(1) = others; two mixtures]

= Z P[o(1) = i > others; two mixtures ]

i£o(1)
Ags(1 b
= P13 o) Z ai+P21 (:é] Z b
— e o — o) ey
Ao (1) bo()
=P (1—asm)) +p2 (1—bgs))
1— Qgs(1) o) 1— bg(l) o)

= P18o(1) T P2bo(1)-
A.2.3 Results for Mixtures of MNL Models with 2-slate
and 3-slate

In this example, we consider the mixtures of MNL models with 2-slate

and 3-slate for n > 3. Let ay.,,, b1.n be the score parameters of the two
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mixtures. Then, we obtain that

ag

ViZjiemljeml, ny= oy
?é] [TL] ) [TL] Ni; P1 ai + a; +p2bi + bj
. _
ViZj#Fkijkem, nyx=p— ————+p——F
Ak keml mox = P TPy

(A.69)

Here, we choose to scale up a;., by multiplying a constant such that we get
a; = 1 and similarly manipulate b;., to have b; = 1. This won't influence
the values of n; ;s and ny;,«’s. In Chierichetti et al. (2015), the authors
scale up a;., to get a; + ax + az = 1 and by.,, to have b; + by +bs = 1. Our
choice is for the convenience of defining the set of bad parameters in our
set up.

Given p; and p,, to determine the scores of two mixtures, we try to
solve the following equation system for x := X1.n, Y := Y1.n being variables
and forn > 3,

. e e . Xi Ui
Vi#£ij,1,j € [nl, + =i,
#i,1,j€nl plxmtxj pzyﬁryj i
. . o« . X-i_ y'i.
\V/1 klll /k'E n/ ——|— _— = 13 ks
#i# ] ] plxi—i—xj—f—Xk pzyi+y]~+yk Mgk
x1 =y = 1.
(A.70)
Let Q22,5 = 1% [ri, Ril € R¥™ 2 be the domain of (., ba.y).

And we assume R; > 1; > 0. This interval assumption of the domain is
just to diverse the choices in this draft. Then the set of bad parameters
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that do not have the identifiability property is:

NitnT2s = {(@2n, b2n) € QUinTas 1 3 (a0, b5.0) € QRinTzs St
(ag:n 7& az:n vV bg:n 7& bZ:n) A\
(Vi <j,ienl],jeml m,)-(a#,b#) =ni;(a,b) for af =bl=a;=b; = 1)

(Vie n],j e mlkeml, nijk(a®, b*) =ni;x(a,b)foraf =bf =a; =b; = 1)}.
(A71)

A\

We will later show N3 ,; has lebesgue measure zero for the mixtures

of MNL models being identifiable.

Similar to previous, when we consider p as an variable in the poly-

nomial functions, our domain Q}iN 1,3, becomes to QiinT s, X (0,1) C

R?"~1. And we define the set of bad parameters as

= {(azin, ban, p1) € Q%\ZLN}_ZB]J 3 (a3, b5, P*) € QRinizs pr St
(a3, # apn VBE, #ban VP £ p1) A
(Vi<j, i€ nl,je Ml ny(a®b*p*) =ni;(ab,pr)
foraf =bl=a;=b1=1) A
(Vie nl,j € nl,k e ], ny;la, %, p") =ni(a,b,p1)
forai =b{=a;=b;=1)}.

2n—1
N MNL23,p

(A.72)

Now we will consider two parameter spaces. One is the space of
(azim, b2:n), for which Chierichetti et al. (2018) has perfectly solved the
identifiability issue (c.f. Theorem 13) for a uniform mixture (p; = 0.5),
where the technique is different from ours. The other is the space of

(a2:n/ bZ:n/ pl ) .
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Parameter space of (az.,,, bo.n)

In terms of the conclusion, the generic identifiability is obvious for this
mixture model since we already have the generic identifiability for ether
pairwise comparisons (mixtures of BTL models) or triplet comparisons
(mixtures of MNL models with 3-slate). But now we are going to go
through our method for the generic identifiability in the first parameter
space. We will separately consider two cases p; # 0.5 and p; = 0.5. For
p1 # 0.5, we show that the equation system achieves generic identifia-
bility. For p; = 0.5, we show that the equation system achieves generic
identifiability up to reordering. A proposition is rigorously written below.

Proposition A.40. Supposen > 3. If p1 = 0.7,p> = 0.3, then (A.70) has a

unique solution in C for all (az.m, bam) € ?\Riizs but a set of Ay,_p-measure

zero, given by (x,y) = (a, b).
That is, if p1 = 0.7, p, = 0.3, then the generic identifiability of two mixtures
of MNL model with 2-&3-slate holds.

Proof of Proposition A.40. To apply the results from Section 3.3, we first
translate (A.70) into the following (equivalent) equation system by multi-
plying (xi + %;)(yi +y;) or (xi + % + xi)(yi +Y; + yk) on both sides,

.

Pixi(Yi +Yj) + payilxi +%5) —Mij(xi +x5)(yi +y;) =0, Vi#je ],
P1Xi(Yi + Y5 +Yi) + payi(xi + x5 +xi) =

Nijk(Xi+x +xdYi +y; +ye), Vi#j#ken]

x1 =y =1,

tijxi +%x) =1, Vi#jen]

hij(yi+y;) =1, Vi#jen]

tij(xi+x+x) =1, Vi#j#ken]

hije(yityj+y) =1, Vi#j#ken]

(A.73)
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Similar to the case in Section 3.4.1, we can keep translating (A.73) into
the on that has coefficients as polynomials in (a, b, p;), by multiplying
(ai+a;)(b;+bj) or (a; +aj+ax) (b;+b; +by ) onboth sides. Note that the
parameter space Q3in? .3 C R2' 2 guarantees that neither (a;+a;)(b;+b;)
nor (a; + aj + ax)(b; + b; + by) is zero, so we can further conclude that
the generic identifiability of the new polynomial system is equivalent to
that of (A.73), and hence equivalent to that of (A.70).

(ai + aj)(bi + bj) (P1xi(yi +Y;) + Payilxi + %))
—(p1ai(by +b;) +p2bilai +a;))(xi +x5)(yi +y;) =0, Vi#j €],

(ai + aj + ar)(bi + bj + b)) (P1xi(yi + yj +Yx) + p2yi(xi + x5 +xx))
—(p1ai(bi +bj +bi) + p2bi(ai + aj + ax))(xi + %5 +xi) (Yi +yj +yi) =0,

Vi#j#kem],

x1=y1 =1,

tij(xi +x5) =LVi#jen]

hij(yi +y;) =1L Vi#je€ Ml

tij(xi +x+xK) =1L, Vi#j#k e n]

hije(yi+y;+y) =1LVi#j#ke ]

(A.74)

In this part, we will argue the case where n = 3 first and making use
of this result to prove the cases where n > 4.

Casen =3

In this case, we consider the following subset of the original polynomial
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system,

(ai + aj)(bi + b3) (p1xi(yi + ;) + p2yilxi +%;5))
—(p1ai(bs +b;5) +pabilai + a;3)) (xs +%5)(yi +y;) =0,
v(1,j) €1{(1,2),(1,3),(2,3)},
(ai + a5 + ax)(bi + bj + bi) (Prxi(Yi + Y5 + Yx) + paya(xi + x5 + %))
(prai(bi +bj + by) +pabilai + aj + ax)) (xi + x5 + ) (yi + Y5 + yu),
v(i,j,k) €{(1,2,3),(2,1,3)},

X1:1/ 9121/

(A.75)
We now compute its Grobner basis via Magma.

Listing A.1: Grobner basis of MNL models involving 2-&3-slate with fixed
P

P<x1,x2,x3,y1,y2,y3,al,a2,a3,bl,b2,b3>:=FreeAlgebra(Rationals (),12,"lex");

I:=ideal<P|

(al+a2)#(b14b2) % (7/10%x1*(yl+y2)+(1=7/10)#y1#(x14x2))—
(7/10%al=*(b1+4b2)+(1-7/10)*bl=(al+a2))* (x1+x2)*(yl+y2),
(al4a3)*(b1+b3)%(7/10%x1*(yl+y3)+(1-7/10)*yl*(x1+x3))—
(7/10%al=*(b1+b3)+(1-7/10)*bl*(al+a3))* (x1+x3)*(yl+y3),
(a2+a3)*(b2+b3)*(7/10%#x2* (y2+y3)+(1=7/10) *y2*(x2+x3)) —
(7/10%a2#(b24b3)+(1-7/10)*b2* (a2+a3) ) * (x24+x3) * (y2+y3),

(al4+a2+a3)* (bl+b24+b3 ) (7/10%x1 % (y1+y2+y3)+(1-7/10)»y1 = (x1+x24+x3))—
(7/10%al*(bl+b2+4b3)+(1-7/10)*+bl*(al+a2+a3))* (x1+x2+x3) % (yl+y2+y3),
(al+a2+a3)* (b1+b2+b3)* (7/10%x2x (y1l+y2+y3) +(1—-7/10)#y2  (x1+x2+x3)) —
(7/10%a2#(b1+b24b3)+(1-7/10)*b2x (al+a2+4a3) ) * (x1+x2+x3) * (y1+y2+y3),
x1-1,

yl-1>;

GroebnerBasis(1);
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This gives

Bad(ay3, bo3) =

10+ 3ai + 7b;, (4 —3a;)bi, 3 — ai(4 + 7b;),3b; + ai(7 +10b;), Vie{2,3}

7a; + 3by, a;i + by, Vie{2,3}

3aib; +7a;bi, 7 + 7a; + 4by +7bj,7by + ai(7 +4b; + 7by), Vi#je{2,3)
(3 —4ai)b; +3a;(1 + bj),10a;b; + 3a;b; + 7aib;, Vi#je{2,3)
3aib; —4ajb; —7ajb;, 3(1+ aj + bj) —4aj, Yi#£je{23}

—3(1 + az)bz — a3(7 + 7by + 10b3),
7 —3(1+ az)by — ay(7 + 10by + 7b3),

(A.76)

and the corresponding Z( a3, bs.4).

Based on Theorem 3.12, we claim by checking Assumption 3.2” and 3.3
for (A.75) that (A.75) has a unique solution in C (counted with multiplic-
ity) for all (as.4, by4) € Q§ N1 but a set of A¢-measure zero.

Assumption 3.2: This is clear since (X1.4, Y1.4) = (1.4, b14) is a solution

for all (02;4, byy) € QAIL\ANLB'

Assumption 3.3: Choose (aj.;, bi;) = (2,3;5,4). It is routine to check
that (al,, bl.;) ¢ Z(ay3,b24) using (3.38). We can use Magma code in
Listing A.1. to check that (A.75) has exactly 1 solution in C (counted with
multiplicity) for this (a.;, b3.5).

Listing A.2: Dimension and degree Computations of MNL models involv-
ing 2-&3-slate with fixed p

a:=[1,2,3];
b:=[1,5,4];
pl:=7/10;

k:=Rationals ();

A<x1,x2,x3,y1,y2,y3>:=AffineSpace (k,6);

P:=Scheme (A, [

(al1]+a[2])# (B[1]+b[2])* (pLexLx (yl+y2)+(1-p1)xyle(x1+x2))—
(plxa[1]*(b[1]+b[2])+(1-pl)*b[1]*(a[1]+a[2]))* (x14+x2)*(yl+y2),
(a[1]+a[3])*(b[1]+b[3]) * (plxxL+(yl+y3)+(1-pl)*yl*(x1+x3))—
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(pl*a[l]*< [1]+b[3])+(1—-pl)*b[1]x(a[1]+a[3]))* (x1+x3)*(yl+y3),
(a[2]+a[3])*(b[2]+b[3]) * (pl#x2# (y2+y3)+(1-pl)*y2x(x2+x3))—
(plxa[2]*(b[2]+b[3])+(1—-pl)*b[2]=(a[2]+a[3]))*(x2+x3)*(y2+y3),
(a[1]+a[2]+a[3])*(b[1]+b[2]+b[3])* (pLl*x1# (yl+y2+y3)+(1-pl)*ylx(x1+x2+x3))—
(plxa[1]*(b[1]+b[2]+b[3])+(1—-pl)*b[1]=(a[l]+a[2]+a[3]))* (x1+x2+x3)*(yl+y2+y3),
(a[1]+a[2]+a[3])*(b[1]+b[2]+b[3]) * (pl*x2# (yl+y2+y3)+(1-pl)*y2x(x1+x2+x3)) —
(plxa[2]*(b[1]+b[2]+b[3])+(1—pl)*b[2]=(a[l]+a[2]+a[3]))* (x1+x2+x3)* (yl+y2+y3),
x1-1,
yl-1]);

Dimension (P);
—> 0

Degree (P);

—> 1

Therefore, applying Theorem 3.12 concludes the proof for n = 3.

Casen >4
From the case where n = 3, we know there exists a measure zero set

Niinios such that for (as3, b23) € Qiinios \Nanios- When we consider

the case for n > 4, we can first restrict our vision in a set N3 ,, where

N3 ={(a2m, ban) € Q%}fﬁ%zg (@23, b23) ¢ N?\AN 123}

Now we determine (x;,y;) for each i > 4. For this we consider the
following part of the origin polynomial system which contains (x;,yi) as

the only undetermined variables.

(1 —m1i)x1y1 + (p2 —M1i)yaxi + (P1 —Mi)Xayi —Mixiyi =0,
(1 —mzi)xay2 + (P2 —M2,i)Ya2xi + (P1 —M2i)X2yi —M2ixiyi =0,

(T —ms31)x3Y3 + (P2 —Ma.1)ysxi + (P1 —Ms.i)x3Ys —Nsixiyi = 0.
(A.77)
We first plug into x; = y; = 1,x, = a, Yo = by, x3 = a3, ys = bs
and then cancel x;y; terms using the first two equations and the last two
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equations to get two linear equations,

M2,i(1 —m14) + (M2,i — Dagby + (M2,i — M) Paxi + M2i —M1,i) P1Yi =0,
(M3,i(1 —mMai)azby —m2i(1 —m3i)azbz) + (Mzi(p2 —M2,i)b2 —M2i(p2 —M3,1)b3) xi
+ (M3,i(p1 —M2i)a2 —M2i(p1 —M3i)az)yi = 0.

As long as the coefficient matrix A has rank 2, we have a unique solution
for xi, s,

A (M2,i —M1,1) P2 (M2,i —M1i) P1
M3,i(P2 —M2,i)b2 —M2i(p2 —M3,i)bs M3i(p1 —M2i)az —M2i(p1 —Msi)as

Note that we can plugging into a set of values for a, = 2,a3 = 3,b, =
5,b3 = 4,a; = b; = 0 to see that rank(A) = 2. Therefore, there exists
a measure zero set N; such that rank(A) < 2. There are finite of the
measure zero set for each i € {4,...,n}. Thus, we conclude the generic
uniqueness for the cases where n > 4.

O

Parameter space of (a.n, bon, 1)

In this case of MNL model with 2-slate and 3-slate in parameter space
(a2, b2:n, P1), we study the equation system in variables (x,y, p),

Xi

Vi e n, +(1— —nis,

i#jen] pxﬁxj ( p)yiﬂj Nij

. . xXi Yi

% ken, p——— +(1—p)—2— =1i:y,
i#£j)# Lt pxi+xj+xk ( p)yi+yj+yk Nijx

X1 =Y = 1.
(A.78)

Proposition A.41. If n > 4, then (A.78) has exactly two solutions in C for

all (ap.n, bon, p1) € Qi}}g%m x (0,1) but a set of Ayr,_1-measure zero, given by

(X,y,p) - (a/b/pl) and (X,y,p) - (b/ a/1 _pl)
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Proof of Proposition A.41. To apply the results from §3.4, we first trans-
late (A.78) into the following (equivalent) equation system by multiplying
(xi +%5)(yi +y;) or (xi + % +xi) (Yi + Y; + yx) on both sides,

(pxi(yi +y;) + (1 =plyilxi +x5) =
Nij(xi +%)(yi +y;) =0, Vi#j e n],
pxi(Yi + Y5 + yi) + (1 —plyalxi + x5 +xi) =
Nijk(Xi +% +x)(Yi +Yj +y) =0, Vi#j #k € [n],
a—1=0 (A.79)
y—1=0,
tyj(xi +%x5) =L Vi#j e nl]
hij(yi +y;) =1, Vi#jen]
toe(xi+x+x) =1L, Vi#£j £k €
| hik(yi + Yy =LVi#j#k e ]

Similar to the case in Section 3.4.1, we can keep translating (A.79) into
the one, denoted by Pymini2s,avp, that has coefficients as polynomials in
(a,b,p1), by multiplying (a; 4+ a;)(b; +b;) or (a; + aj + ax ) (b; 4+ b; + by)
on both sides. Note that the parameter space Qyin1,; C R*" 2 guarantees
that neither (a; + a;)(b; +bj) nor (a; + a; + ax ) (b; +b; + by ) is zero, so we
can further conclude the generic identifiability of Papini23,qabp is equivalent
to that of (A.79), and hence equivalent to that of (A.78).

The arguments are similar as before by checking two assumptions 3.2, 3.3
and applying Theorem 3.12 to conclude the polynomial system has exactly
2 solutions, which means the MNL model with 2 and 3 slate is generically
identifiable up to reordering. Since we have a lot of details written in the
three illustrative examples in the main text, we just leave two chunks of
Magma code here for checking Grobner basis and to check the number of

solutions for some specific a = [1,2,3,4],b = [1, 5,4, 2] below.
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Listing A.3: Grobner basis of MNL models involving 2-&3-slate with
variable p

P<p,x2,x3,x4,y2,y3,y4,a2,a3,a4,b2,b3,b4,pl>
:=FreeAlgebra(Rationals (),14,"lex");

I:=ideal<P|

(1+a2)*(14+b2)* (p*1#(1+y2)+(1—p)*1%(1+x2))—
(pl#1#(1+Db2)+(1—pl)*1x(1+a2))*(1+x2)*(1+y2),
(1+a3)*(14+b3)* (p*1#(1+y3)+(1—p)*1%(1+x3))—
(pl#1%(14b3)+(1—pl)*1x(1+a3))*(1+x3)*(1+y3),

(1+a4) % (1+b4) ¢ (prLs (1+y4)+ (1—p) #1x (1+x4)) -
(pl#1%(1+b4)+(1-pl)*1x(1+ad))*(1+x4)=(1+y4),

(a2+a3)* (b2+4b3) % (p*x2* (y2+y3)+(1—p)*y2*(x2+x3) ) —
(pl*a2%(b2+b3)+(1—pl)*b2x%(a2+a3))* (x2+x3)*(y2+y3),
(a2+a4 )= (b2+b4)* (p*x2x(y2+y4)+(1—p) *y2* (x2+x4))—
(pl*a2#(b2+b4)+(1—pl)*+b2x(a2+ad))*(x2+x4) = (y2+y4),
(a3+a4)*(b3+b4)* (p*x3*(y3+y4)+(1—p)*y3=(x3+x4))—
(pl*a3*(b3+b4)+(1—pl)*+b3=(a3+ad))*(x3+x4)*(y3+y4),
(1+a2+a3)*(1+b2+b3 ) * (p*1x(1+y2+y3)+(1—p)*1x(1+x2+x3)) —
(pl#1%(14+b24+b3)+(1—-pl)*1x(1+a2+a3))*(1+x2+x3)*(1+y2+y3),
(1+a2+a4)*(1+b2+b4 ) * (p*1x(1+y2+y4)+(1—p)*1x(1+x2+x4))—
(pl*1%(14+b2+b4)+(1-pl)*1x(1+a2+a4))*(1+x2+x4)*(1+y2+y4),
(1+a2+a3)*(1+b2+b3) * (p*x2* (1+y2+y3)+(1—p) *y2* (1+x2+x3) ) —
(pl*a2x*(1+b2+b3)+(1—pl)*b2x(1+a2+a3))* (1+x2+x3)*(1+y2+y3),
(1+a2+a4)*(1+b2+b4 ) * (p*x2*(1+y2+y4)+(1—p) *y2* (1+x2+x4)) —
(pl*a2x*(1+b2+b4)+(1—pl)*b2x(1+a2+a4d))* (1+x2+x4)*(1+y2+y4)>;

GroebnerBasis(1);

Listing A.4: Dimension and degree computations of MNL models involv-
ing 2-&3-slate with variable p

a:=[1,2,3,4];
b:=[1,5,4,2];
pl:=7/10;

k:=Rationals ();
A<x2,x3,x4,y2,y3,y4,p>:=AffineSpace(k,7);
P:=Scheme (A,

[

(1+a[2])*(1+b[2]) *(p*1%(1+y2)+(1—p)*1*(1+x2))—
(pl#1%(14Db[2])+(1—pl)*1x(1+a[2]))*(1+x2)*(1+y2),
(1+a[3])*(1+b[3])* (p*1%(14+y3)+(1—p)*1%(1+x3))—
(pl#1#(1+b[3])+(1—pl)*1x(1+a[3]))*(1+x3)*(1+y3),
(1+a[4])*(1+b[4])* (p*1%(14+y4)+(1—p)*1%(1+x4))—



(plx-lae(1+b[ D+(1—pl)s1x(14+af[4]))*(1+x4)*(1+y4),
(a[2]+a[3])*(b[2]+Db[3])* (p*x2*(y2+y3)+(1-p)*y2x(x2+x3))—
(pl*a[2]*(b[2]4+b[3])+(1—pl)=*b[2]*(a[2]+a[3]))* (x2+x3)*(y2+y3),
(a[2]+a[4])*(b[2]+b[4])* (p*x2%(y2+y4)+(1—p)*y2*(x2+x4))—
(pl*a[2]*(b[2]+b[4])+(1-pl)+b[2]* (a[2]+a[4]))* (x2+x4)*(y2+y4),
(a[3]+a[4])*(b[3]+b[4])* (p*x3%(y3+y4)+(1—p)*y3*(x3+x4))—
(pl*a[3]*(b[3]+b[4])+(1—pl)*b[3]=(a[3]+a[4]))*(x3+x4)=(y3+y4),
(1+a[2]+a[3])*(1+b[2]+b[3]) * (p*1*(1+y2+y3)+(1—-p)*1%(1+x24+x3))—
(pl*1%(14+Db[2]+b[3])+(1—pl)=1x(1+a[2]+a[3]))* (1+x2+x3)*(1+y2+y3),
(1+a[2]+a[4])*(1+b[2]+b[4]) *(p*1%(1+y2+y4)+(1—p)*1%(1+x2+x4))—
(pl*1*(14+Db[2]+b[4])+(1—pl)=1x(1+a[2]+a[4]))* (1+x2+x4)*(1+y2+y4),
(1+a[2]+a[3])*(1+b[2]+b[3]) * (px2*(14+y2+y3)+(1—p)*y2*(1+x2+x3))—
(pl#a[2]*(1+b[2]+b[3]
(1+a[2]+a[4])*(1+b[2]+Db[4]) * (p+x2*(1+y2+y4)+(1—p) * y2* (1+Xx2+x4)) —
(pl*a[2]*(1+b[2]+b[4])+(1—pl)=*b[2]*(1+a[2]+a[4]))*(1+Xx2+x4)*(1+y2+y4)
1);

)
b
3
[
4
[

Dimension(P);
- 0

Degree (P)
- 2

)+ (1—-pl)*b[2]*(1+a[2]+a[3]))*(1+x2+x3)*(1+y2+y3),

194
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