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Abstract

The Dawid-Skene estimator has been widely used for inferring the true labels
from the noisy labels provided by non-expert crowdsourcing workers. However,
since the estimator maximizes a non-convex log-likelihood function, it is hard to
theoretically justify its performance. In this paper, we propose a two-stage effi-
cient algorithm for multi-class crowd labeling problems. The first stage uses the
spectral method to obtain an initial estimate of parameters. Then the second stage
refines the estimation by optimizing the objective function of the Dawid-Skene
estimator via the EM algorithm. We show that our algorithm achieves the optimal
convergence rate up to a logarithmic factor. We conduct extensive experiments on
synthetic and real datasets. Experimental results demonstrate that the proposed
algorithm is comparable to the most accurate empirical approach, while outper-
forming several other recently proposed methods.

1 Introduction

With the advent of online crowdsourcing services such as Amazon Mechanical Turk, crowdsourcing
has become an appealing way to collect labels for large-scale data. Although this approach has
virtues in terms of scalability and immediate availability, labels collected from the crowd can be of
low quality since crowdsourcing workers are often non-experts and can be unreliable. As a remedy,
most crowdsourcing services resort to labeling redundancy, collecting multiple labels from different
workers for each item. Such a strategy raises a fundamental problem in crowdsourcing: how to infer
true labels from noisy but redundant worker labels?

For labeling tasks with k different categories, Dawid and Skene [8] propose a maximum likelihood
approach based on the Expectation-Maximization (EM) algorithm. They assume that each worker is
associated with a k x k confusion matrix, where the (I, ¢)-th entry represents the probability that a
randomly chosen item in class [ is labeled as class ¢ by the worker. The true labels and worker con-
fusion matrices are jointly estimated by maximizing the likelihood of the observed worker labels,
where the unobserved true labels are treated as latent variables. Although this EM-based approach
has had empirical success [21, 20, 19, 26, 6, 25], there is as yet no theoretical guarantee for its perfor-
mance. A recent theoretical study [10] shows that the global optimal solutions of the Dawid-Skene
estimator can achieve minimax rates of convergence in a simplified scenario, where the labeling task
is binary and each worker has a single parameter to represent her labeling accuracy (referred to as
a “one-coin model” in what follows). However, since the likelihood function is non-convex, this
guarantee is not operational because the EM algorithm may get trapped in a local optimum. Several
alternative approaches have been developed that aim to circumvent the theoretical deficiencies of the



EM algorithm, still in the context of the one-coin model [14, 15, 11, 7]. Unfortunately, they either
fail to achieve the optimal rates or depend on restrictive assumptions which are hard to justify in
practice.

We propose a computationally efficient and provably optimal algorithm to simultaneously estimate
true labels and worker confusion matrices for multi-class labeling problems. Our approach is a
two-stage procedure, in which we first compute an initial estimate of worker confusion matrices
using the spectral method, and then in the second stage we turn to the EM algorithm. Under some
mild conditions, we show that this two-stage procedure achieves minimax rates of convergence up
to a logarithmic factor, even after only one iteration of EM. In particular, given any § € (0, 1),
we provide the bounds on the number of workers and the number of items so that our method can
correctly estimate labels for all items with probability at least 1 —§. We also establish a lower bound
to demonstrate the optimality of this approach. Further, we provide both upper and lower bounds for
estimating the confusion matrix of each worker and show that our algorithm achieves the optimal
accuracy.

This work not only provides an optimal algorithm for crowdsourcing but sheds light on understand-
ing the general method of moments. Empirical studies show that when the spectral method is used
as an initialization for the EM algorithm, it outperforms EM with random initialization [18, 5]. This
work provides a concrete way to theoretically justify such observations. It is also known that starting
from a root-n consistent estimator obtained by the spectral method, one Newton-Raphson step leads
to an asymptotically optimal estimator [17]. However, obtaining a root-n consistent estimator and
performing a Newton-Raphson step can be demanding computationally. In contrast, our initializa-
tion doesn’t need to be root-n consistent, thus a small portion of data suffices to initialize. Moreover,
performing one iteration of EM is computationally more attractive and numerically more robust than
a Newton-Raphson step especially for high-dimensional problems.

2 Related Work

Many methods have been proposed to address the problem of estimating true labels in crowdsourcing
[23, 20, 22, 11, 19, 26, 7, 15, 14, 25]. The methods in [20, 11, 15, 19, 14, 7] are based on the
generative model proposed by Dawid and Skene [8]. In particular, Ghosh et al. [11] propose a
method based on Singular Value Decomposition (SVD) which addresses binary labeling problems
under the one-coin model. The analysis in [11] assumes that the labeling matrix is full, that is,
each worker labels all items. To relax this assumption, Dalvi et al. [7] propose another SVD-based
algorithm which explicitly considers the sparsity of the labeling matrix in both algorithm design
and theoretical analysis. Karger et al. propose an iterative algorithm for binary labeling problems
under the one-coin model [15] and extend it to multi-class labeling tasks by converting a k-class
problem into £ — 1 binary problems [14]. This line of work assumes that tasks are assigned to
workers according to a random regular graph, thus imposing specific constraints on the number
of workers and the number of items. In Section 5, we compare our theoretical results with that
of existing approaches [11, 7, 15, 14]. The methods in [20, 19, 6] incorporate Bayesian inference
into the Dawid-Skene estimator by assuming a prior over confusion matrices. Zhou et al. [26,
25] propose a minimax entropy principle for crowdsourcing which leads to an exponential family
model parameterized with worker ability and item difficulty. When all items have zero difficulty, the
exponential family model reduces to the generative model suggested by Dawid and Skene [8].

Our method for initializing the EM algorithm in crowdsourcing is inspired by recent work using
spectral methods to estimate latent variable models [3, 1, 4, 2, 5, 27, 12, 13]. The basic idea in this
line of work is to compute third-order empirical moments from the data and then to estimate param-
eters by computing a certain orthogonal decomposition of a tensor derived from the moments. Given
the special symmetric structure of the moments, the tensor factorization can be computed efficiently
using the robust tensor power method [3]. A problem with this approach is that the estimation er-
ror can have a poor dependence on the condition number of the second-order moment matrix and
thus empirically it sometimes performs worse than EM with multiple random initializations. Our
method, by contrast, requires only a rough initialization from the moment of moments; we show that
the estimation error does not depend on the condition number (see Theorem 2 (b)).



Algorithm 1: Estimating confusion matrices

Input: integer k, observed labels z;; € R¥ fori € [m] and j € [n].

Output: confusion matrix estimates C; € R¥** for i € [m].

(1) Partition the workers into three disjoint and non-empty group G1, G2 and G3. Compute the
group aggregated labels Z; by Eq. (1).

(2) For (a,b,c) € {(2,3,1),(3,1,2),(1,2,3)}, compute the second and the third order moments
M, € REXk Ny € RFXEXE by Eq. (2a)-(2d), then compute C € RF¥F and TV € RF*F by
tensor decomposition:

(a) Compute whitening matrix Q € RF** (such that QT M>Q = I) using SVD.

(b) Compute eigenvalue-eigenvector pairs {(Qn,0)}_, of the whitened tensor J\/Zd(@, Q, @)
by using the robust tensor power method [3]. Then compute W), = &;2 and
i, = (QT)~ (@ndn).

(¢c) Forl =1,...,k, setthe [-th column of 6‘3 by some i whose I-th coordinate has the
greatest component, then set the [-th diagonal entry of W by wy,.

(3) Compute d by Eq. (3).

3 Problem Setup

Throughout this paper, [a] denotes the integer set {1,2,...,a} and o,(A) denotes the b-th largest
singular value of the matrix A. Suppose that there are m workers, n items and k classes. The true
label y; of item j € [n] is assumed to be sampled from a probability distribution Ply; = ] = w;

where {w; : | € [k]} are positive values satisfying Zle w; = 1. Denote by a vector z;; € R*
the label that worker ¢ assigns to item j. When the assigned label is ¢, we write z;; = e., where e,
represents the c-th canonical basis vector in R¥ in which the c-th entry is 1 and all other entries are
0. A worker may not label every item. Let 7; indicate the probability that worker ¢ labels a randomly
chosen item. If item j is not labeled by worker 7, we write z;; = 0. Our goal is to estimate the true
labels {y; : j € [n]} from the observed labels {z;; : i € [m], j € [n]}.

In order to obtain an estimator, we need to make assumptions on the process of generating observed
labels. Following the work of Dawid and Skene [8], we assume that the probability that worker ¢
labels an item in class [ as class c is independent of any particular chosen item, that is, it is a constant
over j € [n]. Let us denote the constant probability by fii.. Let ji; = [pinn ftaz -+ ftax)” - The
matrix C; = [p41 iz - - i) € RF** is called the confusion matrix of worker i. Besides estimating
the true labels, we also want to estimate the confusion matrix for each worker.

4 Our Algorithm

In this section, we present an algorithm to estimate confusion matrices and true labels. Our algorithm
consists of two stages. In the first stage, we compute an initial estimate of confusion matrices via
the method of moments. In the second stage, we perform the standard EM algorithm by taking the
result of the Stage 1 as an initialization.

4.1 Stage 1: Estimating Confusion Matrices

Partitioning the workers into three disjoint and non-empty groups G, G2 and G3, the outline of
this stage is the following: we use the spectral method to estimate the averaged confusion matrices
for the three groups, then utilize this intermediate estimate to obtain the confusion matrix of each
individual worker. In particular, for ¢ € {1,2,3} and j € [n], we calculate the averaged labeling
within each group by

1
Zgj = |G79| Z Zij- (1)

i€G,



Denoting the aggregated confusion matrix columns by 15, := E(Z;|y; = 1) = e G | ZzGG i fhil
our first step is to estimate Cy := [1151, f15, - -+, [t gk} and to estimate the dlstrlbutlon of true labels
W := diag(wy, wa, ..., wg). The following proposition shows that we can solve for Cy and W
from the moments of {Z,; }.

Proposition 1 (Anandkumar et al. [3]). Assume that the vectors {15y, figo, - - -, jig,. } are linearly
independent for each g € {1,2,3}. Let (a,b, ¢) be a permutation of {1,2,3}. Define

Zh; =Bl Ze; @ Zs) (Bl Zaj @ Z5)) ™" Zajs

Zyy =Bl Zej @ Zaj) (ElZb; © Zag)) ™ Zay,

My :=E[Z.; @ Z};] and Ms:=E[Z); ® Z}; ® Zej);
then we have My = 2121 wy po @ oy and Ms = lel wy py @ ey @ gy

Since we only have finite samples, the expectations in Proposition 1 have to be approximated by
empirical moments. In particular, they are computed by averaging over indices j = 1,2, ..., n. For
each permutation (a, b, c) € {(2 3, 1) (3,1,2),(1,2,3)}, we compute

= (= ZZC] @ij)(%znjzaj ©2;)  Zos (22)
j=1

Zy= (2 2502,) (A 25 02,) 2 (2b)
j=1 j=1
Moo= 2> 207, 20)
j=1
My = =32y ® 2y Zes (2d)
j=1

The statement of Proposition 1 suggests that we can recover the columns of C¢ and the diagonal

entries of W by operating on the moments Mg and M3 This is implemented by the tensor fac-
torization method in Algorithm 1. In particular, the tensor factorization algorithm returns a set of
vectors {([5,, Wp) : h=1,.., k}, where each (115, wp,) estimates a particular column of C¢ (for
some £;) and a particular diagonal entry of W (for some wy). It is important to note that the tensor
factorization algorithm doesn’t provide a one-to-one correspondence between the recovered col-
un}n and the true columns of C?. Thus, 1§, ..., [} represents an arbitrary permutation of the true
columns.

To discover the index correspondence, we take each [ij and examine its greatest component. We
assume that within each group, the probability of assigning a correct label is always greater than
the probability of assigning any specific incorrect label. This assumption will be made precise
in the next section. As a consequence, if iy corresponds to the I-th column of C¢, then its I-th
coordinate is expected to be greater than other coordinates. Thus, we set the I-th column of CY to
some vector [i5, whose [-th coordinate has the greatest component (if there are multiple such vectors,
then randomly select one of them; if there is no such vector, then randomly select a fi). Then, we
set the [-th diagonal entry of W to the scalar @, associated with ji5. Note that by iterating over
(a,b,¢) € {(2,3,1),(3,1,2),(1,2,3)}, we obtain C? for ¢ = 1,2, 3 respectively. There will be
three copies of W estimating the same matrix W—we average them for the best accuracy.

In the second step, we estimate each individual confusion matrix C;. The following proposition
shows that we can recover C; from the moments of {z;;}. Its proof is deferred to Appendix B.

Proposition 2. Forany g € {1,2,3} and anyi € Gy, let a € {1,2,3}\{g} be one of the remaining
group index. Then

m,C;W(C)T Elz;; ZI;]



Proposition 2 suggests a plug-in estimator for C;. We compute @ using the empirical approximation

of E[z;; Z{,TJ] and using the matrices ég, 6;3, W obtained in the first step. Concretely, we calculate

~ : RN T\ (5 AT
C; := normalize (5 Z zijZaj) (W(C’a) ) , 3)
j=
where the normalization operator rescales the matrix columns, making sure that each column sums
to one. The overall procedure for Stage 1 is summarized in Algorithm 1.

4.2 Stage 2: EM algorithm

The second stage is devoted to refining the initial estimate provided by Stage 1. The joint likelihood
of true label y; and observed labels z;;, as a function of confusion matrices y;, can be written as

n o m k
L(MJ Y, Z) = H H H(Miyjc)]l(z”:ec).

j=li=1c=1
By assuming a uniform prior over y, we maximize the marginal log-likelihood function ¢(u) :=
log(>_, cpxyn L1y, ). We refine the initial estimate of Stage 1 by maximizing the objective func-

tion, which is implemented by the Expectation Maximization (EM) algorithm. The EM algorithm
takes the values {fi;;.} provided as output by Stage 1 as initialization, then executes the following
E-step and M-step for at least one round.

E-step Calculate the expected value of the log-likelihood function, with respect to the conditional
distribution of y given z under the current estimate of u:

n k m k
Q1) =By p.5 log(L(ps;y,2))] = Y {Z Gj1 log (H H(uﬂc)“%:ec)) } :
j=1 \li=1 i
exp (30 S8 Iz = ec) log(fiiic))
Shoyexp (S0 Soe Lz = ec) log(flive))

where ¢

M-step Find the estimate /i that maximizes the function Q(p):
Do Qul(zi; = ec)
k =
Doerm1 2oy Gitl(zij = ecr)

In practice, we alternatively execute the updates (4) and (5), for one iteration or until convergence.
Each update increases the objective function £(1). Since ¢(p) is not concave, the EM update doesn’t
guarantee converging to the global maximum. It may converge to distinct local stationary points for
different initializations. Nevertheless, as we prove in the next section, it is guaranteed that the EM
algorithm will output statistically optimal estimates of true labels and worker confusion matrices if
it is initialized by Algorithm 1.

Hile fori € [m],l € [k], c € [K]. (5)

5 Convergence Analysis

To state our main theoretical results, we first need to introduce some notation and assumptions. Let
Wi = min{w;}F_, and 7wy, = min{m;},
be the smallest portion of true labels and the most extreme sparsity level of workers. Our first

assumption assumes that both wy,;, and my,;, are strictly positive, that is, every class and every
worker contributes to the dataset.

Our second assumption assumes that the confusion matrices for each of the three groups, namely
Cy, C3 and Cf, are nonsingular. As a consequence, if we define matrices S,; and tensors Ty, for
any a,b,c € {1,2,3} as

k k
Sap = Zwl piy ® py = CoW (G and - Type o= Zwl far ® pigy @ iy,
=1 =1



then there will be a positive scalar o, such that o (Sap) > o, > 0.

Our third assumption assumes that within each group, the average probability of assigning a correct
label is always higher than the average probability of assigning any incorrect label. To make this
statement rigorous, we define a quantity
—— o
" gy Rl Vo~ Hte)

indicating the smallest gap between diagonal entries and non-diagonal entries in the same confusion
matrix column. The assumption requires x being strictly positive. Note that this assumption is
group-based, thus does not assume the accuracy of any individual worker.

Finally, we introduce a quantity that measures the average ability of workers in identifying distinct
labels. For two discrete distributions P and @, let Dky, (P, Q) := >, P(i)log(P(i)/Q(i)) repre-
sent the KL-divergence between P and (). Since each column of the confusion matrix represents a
discrete distribution, we can define the following quantity:

m

1
D= - z]D iy Hgl’ 6
i Zw K (it pharr) - (6)

The quantity D lower bounds the averaged KL—dlvergence between two columns. If D is strictly
positive, it means that every pair of labels can be distinguished by at least one subset of workers. As
the last assumption, we assume that D is strictly positive.

The following two theorems characterize the performance of our algorithm. We split the conver-
gence analysis into two parts. Theorem 1 characterizes the performance of Algorithm 1, providing
sufficient conditions for achieving an arbitrarily accurate initialization. See Appendix C for the
proof.

Theorem 1. For any scalar § > 0 and any scalar € satisfying ¢ < min {%, 2}, if the

TminWminO L
number of items n satisfies

k> log((k +m)/d)
=0 er2 w2 o )’

then the confusion matrices returned by Algorithm 1 are bounded as
||5¢*C’,;Hoo <e forallie |m],

with probability at least 1 — 6. - ||co denotes the element-wise £ -norm of a matrix.

Theorem 2 characterizes the error rate in Stage 2. It states that when a sufficiently accurate
initialization is taken, the updates (4) and (5) refine the estimates fi and % to the optimal accuracy.
See Appendix D for the proof.

Theorem 2. Assume that there is a positive scalar p such that p;. > p for all (i,1,c) € [m] x [k]2.
For any scalar § > 0, if confusion matrices C; are initialized in a manner such that
D
I1C; — Cilloe < @ —mln{g p16} forall i € [m], %
and the number of workers m and the number of items n satisfy
_q (log(l/p) log(kz/é) +log(mn)) and n=Q < log(mk/5)2) 7
D Tmin Wmin &

then, for [i and q obtained by iterating (4) and (5) (for at least one round), with probability at least
1-49,

(a) Letting ij; = arg max;c) ¢ji, we have that jj; = y; holds for all j € [n].

(b) || — par|3 < 21EEND) polds for all (i, 1) € [m] x [k].
In Theorem 2, the assumption that all confusion matrix entries are lower bounded by p > 0 is
somewhat restrictive. For datasets violating this assumption, we enforce positive confusion matrix
entries by adding random noise: Given any observed label z;;, we replace it by a random label in
{1, ..., k} with probability kp. In this modified model, every entry of the confusion matrix is lower



Dataset name | # classes | #items | # workers | # worker labels
Bird 2 108 39 4212
RTE 2 800 164 8,000

TREC 2 19,033 762 88,385
Dog 4 807 52 7,354
Web 5 2,665 177 15,567

Table 1: Summary of datasets used in the real data experiment.

bounded by p, so that Theorem 2 holds. The random noise makes the constant D smaller than its
original value, but the change is minor for small p.

To see the consequence of the convergence analysis, we take error rate € in Theorem 1 equal to the
constant « defined in Theorem 2. Then we combine the statements of the two theorems. This shows
that if we choose the number of workers m and the number of items n such that

-1 - e
=0 = and =0 — ; 8
" (D> " <7T1%1inw12nin0£3 min{p27 (pD)2}> ( )

that is, if both m and n are lower bounded by a problem-specific constant and logarithmic terms,

then with high probability, the predictor y will be perfectly accurate, and the estimator jz will be
bounded as ||y — pall3 < O(1/(mwn)). To show the optimality of this convergence rate, we

present the following minimax lower bounds. See Appendix E for the proof.

Theorem 3. There are universal constants ¢; > 0 and co > 0 such that:

(a) For any {1}, {m:} and any number of items n, if the number of workers m < 1/(4D), then

n

inf sup E[ZH(@ #yj)’{uuch{m},y:v} > cin.

Y wvelk]™ i=1

(b) For any {w,}, {m;}, any worker-item pair (m,n) and any pair of indices (i,1) € [m] x [k], we
have

. N . 1
inf  sup IE[HMZ —uilﬂg‘{wl},{m}} > ¢y mln{l, }

H peRmxkxk T;Wn

In part (a) of Theorem 3, we see that the number of workers should be at least 1/(4D), otherwise
any predictor will make many mistakes. This lower bound matches our sufficient condition on the
number of workers m (see Eq. (8)). In part (b), we see that the best possible estimate for u;; has
Q(1/(m;wyn)) mean-squared error. It verifies the optimality of our estimator fi;;. It is worth noting
that the constraint on the number of items n (see Eq. (8)) might be improvable. In real datasets we
usually have n > m so that the optimality for m is more important than for n.

It is worth contrasting our convergence rate with existing algorithms. Ghosh et al. [11] and Dalvi et
al. [7] proposed consistent estimators for the binary one-coin model. To attain an error rate d, their
algorithms require m and n scaling with 1/62, while our algorithm only requires m and n scaling
with log(1/0). Karger et al. [15, 14] proposed algorithms for both binary and multi-class problems.
Their algorithm assumes that workers are assigned by a random regular graph. Moreover, their
analysis assumes that the limit of number of items goes to infinity, or that the number of workers is
many times the number of items. Our algorithm no longer requires these assumptions.

We also compare our algorithm with the majority voting estimator, where the true label is simply
estimated by a majority vote among workers. Gao and Zhou [10] showed that if there are many
spammers and few experts, the majority voting estimator gives almost a random guess. In con-
trast, our algorithm only requires mD = (1) to guarantee good performance. Since m.D is the
aggregated KL-divergence, a small number of experts are sufficient to ensure it is large enough.

6 Experiments

In this section, we report the results of empirical studies comparing the algorithm we propose in
Section 4 (referred to as Opt-D&S) with a variety of existing methods which are also based on the
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Figure 1: Comparing MV-D&S and Opt-D&S with different thresholding parameter A. The label
prediction error is plotted after the 1st EM update and after convergence.

Opt-D&S | MV-D&S | Majority Voting | KOS | Ghosh-SVD | EigenRatio
Bird 10.09 11.11 24.07 11.11 27.78 27.78
RTE 7.12 7.12 10.31 39.75 49.13 9.00
TREC 29.80 30.02 34.86 51.96 42.99 43.96
Dog 16.89 16.66 19.58 31.72 - -
Web 15.86 15.74 26.93 42.93 - —

1

Table 2: Error rate (%) in predicting true labels on real data.

generative model of Dawid and Skene. Specifically, we compare to the Dawid & Skene estimator
initialized by majority voting (referred to as MV-D&S), the pure majority voting estimator, the
multi-class labeling algorithm proposed by Karger et al. [14] (referred to as KOS), the SVD-based
algorithm proposed by Ghosh et al. [11] (referred to as Ghost-SVD) and the “Eigenvalues of Ratio”
algorithm proposed by Dalvi et al. [7] (referred to as EigenRatio). The evaluation is made on five
real datasets. See also Appendix A for experiments on synthetic data, where we show that Opt-D&S
converges faster than MV-D&S.

We compare the crowdsourcing algorithms on three binary tasks and two multi-class tasks. Binary
tasks include labeling bird species [22] (Bird dataset), recognizing textual entailment [21] (RTE
dataset) and assessing the quality of documents in the TREC 2011 crowdsourcing track [16] (TREC
dataset). Multi-class tasks include labeling the breed of dogs from ImageNet [9] (Dog dataset) and
judging the relevance of web search results [26] (Web dataset). The statistics for the five datasets
are summarized in Table 1. Since the Ghost-SVD algorithm and the EigenRatio algorithm work on
binary tasks, they are evaluated only on the Bird, RTE and TREC datasets. For the MV-D&S and
the Opt-D&S methods, we iterate their EM steps until convergence.

Since entries of the confusion matrix are positive, we find it helpful to incorporate this prior knowl-
edge into the initialization stage of the Opt-D&S algorithm. In particular, when estimating the con-
fusion matrix entries by Eq. (3), we add an extra checking step before the normalization, examining
if the matrix components are greater than or equal to a small threshold A. For components that are
smaller than A, they are reset to A. The default choice of the thresholding parameter is A = 1076,
Later, we will compare the Opt-D&S algorithm with respect to different choices of A. It is impor-
tant to note that this modification doesn’t change our theoretical result, since the thresholding is not
needed in case that the initialization error is bounded by Theorem 1.

Table 2 summarizes the performance of each method. The MV-D&S and the Opt-D&S algorithms
consistently outperform the other methods in predicting the true label of items. The KOS algorithm,
the Ghost-SVD algorithm and the EigenRatio algorithm yield poorer performance, presumably due
to the fact that they rely on idealized assumptions that are not met by the real data. In Figure 1, we
compare the Opt-D&S algorithm with respect to different thresholding parameters A € {107%}5_,.
We plot results for three datasets (RET, Dog, Web), where the performance of MV-D&S is equal to or
slightly better than that of Opt-D&S. The plot shows that the performance of the Opt-D&S algorithm
is stable after convergence. But at the first EM iterate, the error rates are more sensitive to the choice
of A. A proper choice of A makes Opt-D&S outperform MV-D&S. The result suggests that a
proper initialization combined with one EM iterate is good enough for the purposes of prediction.
In practice, the best choice of A can be obtained by cross validation.
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Opt-D&S | MV-D&S | Majority Voting | KOS | Ghosh-SVD | EigenRatio
m=0.2 7.64 7.65 18.85 8.34 12.35 10.49
m=0.5 0.84 0.84 7.97 1.04 4.52 4.52
m=1.0 0.01 0.01 1.57 0.02 0.15 0.15

Table 3: Prediction error (%) on the synthetic dataset. The parameter 7 indicates the sparsity of data
— it is the probability that the worker labels each task.
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Figure 2: Comparing the convergence rate of the Opt-D&S algorithm and the MV-D&S estimator
on synthetic dataset with 7 = 0.2: (a) convergence of the prediction error. (b) convergence of the

squared error .~ | ||C; — C;||%. for estimating confusion matrices.

Appendix

A Experiments on synthetic data

For experiments on synthetic data, we generate m = 100 workers and n = 1000 binary tasks. The
true label of each task is uniformly sampled from {1,2}. For each worker, the 2-by-2 confusion
matrix is generated as follow: the two diagonal entries are independently and uniformly sampled
from the interval [0.3,0.9], then the non-diagonal entries are determined to make the confusion
matrix columns sum to 1. To simulate a sparse dataset, we make each worker label a task with
probability 7. With the choice 7 € {0.2,0.5, 1.0}, we obtain three different datasets.

We execute every algorithm independently for 10 times and average the outcomes. For the Opt-
D&S algorithm and the MV-D&S estimator, the estimation is outputted after 10 EM iterates. For the
group partitioning step involved in the Opt-D&S algorithm, the workers are randomly and evenly
partitioned into three groups.

The main evaluation metric is the error of predicting the true label of items. The performance of
various methods are reported in Table 3. On all sparsity levels, the Opt-D&S algorithm achieves
the best accuracy, followed by the MV-D&S estimator. All other methods are consistently worse. It
is not surprising that the Opt-D&S algorithm and the MV-D&S estimator yield similar accuracies,
since they optimize the same log-likelihood objective. It is also meaningful to look at the conver-
gence speed of both methods, as they employ distinct initialization strategies. Figure 2 shows that
the Opt-D&S algorithm converges faster than the MV-D&S estimator, both in estimating the true
labels and in estimating confusion matrices. This is because that Opt-D&S starts from a provably
consistent initialization (recall Theorem 1).
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B Proof of Proposition 2

First, notice that
k
E[Z”Zg;] = E [E[Z”Z3;|yjﬂ = ZU)IE [Z”Zg;‘yj = Z:I . (9)

Since z;; for 1 < ¢ < m are conditionally independent given y;, we can write

E [2i;Za;ly; = 1) = Elzi;ly; = UE [Z]y; = 1) = (mipa) (ug) " (10)
Combining (9) and (10) implies the desired result,

zZ]ZT = meluzl o)t = mo;w(C)T.

C Proof of Theorem 1

If a # b, it is easy to verify that Sq, = CSW (CP)T = E[Z,; ® Zy;]. Furthermore, we can upper
bound the spectral norm of Sab, namely

k

[[Sabllop < Zwl el il <> wr sl ldally < 1.
=1 =1

For the same reason, it can be shown that || Typcl[,, < 1.

Our proof strategy is briefly described as follow: we upper bound the estimation error for computing

empirical moments (2a)-(2d) in Lemma 1, and upper bound the estimation error for tensor decom-
position in Lemma 2. Then, we combine both lemmas to upper bound the error of formula (3).

Lemma 1. Given a permutation (a,b,c) of (1,2,3), for any scalar ¢ < o,/2, the second and the
third moments M. > and M. 5 computed by equation (2c) and (2d) are bounded as

max{||M2 = Ma||op, ||M3 — Mallop} < 3l¢/o7 1D
with probability at least 1 — 6, where § = 6 exp(—(y/ne — 1)?) + kexp(—(y/n/ke — 1)?).

Lemma 2. Suppose that (a, b, ¢) is permutation of (1,2, 3). For any scalar € < /2, if the empirical
moments Mo and M3 satisfy

max{|| My — Ma||op, [|Ms — Ms]lop} < eH (12)
1 203/2 3/2
for H := min = 7
2" 15k(240, " + 2V2) " 4,/3/20 +8k (24/0L + 2v/2)

then the estimates 65; and W are bounded as
IC — Cllop < Vhe  and — |[W = W]op < e.

with probability at least 1 — 0, where § is defined in Lemma 1.

Combining Lemma 1, Lemma 2, if we choose a scalar €; satisfying
€1 S min{ﬁj/2a 7-‘-minujrnino-l//(36k)}a (13)
then the estimates @g (forg =1,2,3) and W satisfy that
ICS = CCllop < Vher  and ([ — Wllop < €1 (14)
with probability at least 1 — 69, where

§=(6+k)exp ( — (/n/ke Ho? /31 — 1)2).

11



To be more precise, we obtain the bound (14) by plugging € := ¢ Ho? /31 into Lemma 1, then
plugging € := ¢€; into Lemma 2. The high probability statement is obtained by apply union bound.

Assuming inequality (14), for any a € {1,2,3}, since ||CS|lop < VE, |Co — Clop < Vker and
Wlop

< €1, Lemma 8 (the preconditions are satisfied by inequality (13)) implies that
P

< 4\/E617

op

HW@—W@

Since condition (13) implies
[WCS — WCSlop < AVker < itmminor/2 < ox(WCE)/2
Lemma 7 yields that

N _ 8Vk
()" v | < Dk
op WminOL
By Lemma 9, for any ¢ € [m], the concentration bound
Z Z’L] le ZTJ] S €1
op

holds with probability at least 1 — m exp(—(y/ne; — 1)?). Combining the above two inequalities
with Proposition 2, then applying Lemma 8 with preconditions

lwen) ™| and B [23; 2], < 1,

°p = WminO L
we have

18\F keq

op wmmUL

5)

(55 (e2) " wc

G

Let G € RF*F be the first term on the left hand side of inequality (15). Each column of G, denoted

by Gl, is an estimate of 7; 1;;. The £2-norm estimation error is bounded by = 18f€1 . Hence, we have
~ ~ ~ 18k:el
|G1 = mipally < VE|G) — mipall2 < VE|G — 1iCilop < , (16)
WminO L
and consequently, using the fact that 212:1 Wite = 1, we have
. G
Hnormalize(Gl) — L - /l\ — [
T+ D et (Glc - Wiﬂizc> ,

< NG = mipalle + |Gi — mipparl[1[| a2
B i — |G — mipar |l
72]€61

T TminWmin0L

a7

where the last step combines inequalities (15), (16) with the bound
tion (13), and uses the fact that || z;;]|2 < 1.

& < 7;/2 from condi-
min0 L

Note that inequality (17) holds with probability at least
1 — (36 + 6k) exp ( — (Vn/keyHo? /31 — 1)2) — mexp(—(v/ne; —1)?).

12



5/2
9L

It can be verified that H > T Thus, the above expression is lower bounded by

et
31 x 230 - k3/2 ’
If we represent this probability in the form of 1 — 4, then

_ 31x230- k%2

€1 = 11/2
Vnoy

Combining condition (13) and inequality (17), we find that to make ||C' — C/|~ bounded by e, it is
sufficient to choose €; such that

1—(36+6k+m)exp(—(

(1 + \/log((36+6k+m)/5)). (18)

e < min { EMTminWminO L E TminWminC L }
t= 2k 27 36k
This condition can be further simplified to
< EMTminWmin0 L

= 72k

for small ¢, that is € < min {%, 2}. According to equation (18), the condition (19) will be
satisfied if

19)

72 x 31 x 230 - k5/2
Vi > SR (1+\/1og((36+6k+m)/5)>.

€EMTminWmin0p,

Taking square over both sides of the inequality completes the proof.

C.1 Proof of Lemma 1

Throughout the proof, we assume that the following concentration bound holds: for any distinct
indices (a’,b') € {1,2, 3}, we have

1 n
E Z Za’j X Zb’j - ]E[Zalj & Zb’j] S € (20)
J=1
op

By Lemma 9 and the union bound, this event happens with probability at least 1 — 6 exp(—(y/ne —
1)2). By the assumption that € < o7, /2 < 01(Sq)/2 and Lemma 7, we have

1 n
— " Zj® Zu; —E[Ze; © Zyj)|| <€ and
nio
op
-1
1 — 1 2¢
— Zaj ® Z, — (E[Za; ® Z, < —
n; i© % |~ (ElZe; © Zj)) 25
op
Under the preconditions
1
||E[ZC] ® ij”|op S 1 and ||(E[Za] ® Zb]]) Hop S Jk(Sab)’

Lemma 8 implies that

1 n 1 -1 B
o > Zej @ Z (nZaj ® ij) —E[Zej ® Zuj)(E[Zaj ® Zys]) ™"
i=1 on
€ 2¢

2
=2 <ak(sab) + a,g(sab)) < Ge/or, @1
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and for the same reason, we have

n —1
1 1
=" Zej ® Zaj (ij ® Zaj) —E[Zej @ Zaj|(B[Z; @ Zag)) Y| < 6e/or (22)
n = n
op
Now, let matrices F5 and I35 be defined as
Fy 1= E[Zej ® Zyj|(EZaj ® Zo]) ™",
Fs:= E[Zej ® Z4;)(E[Zb; ® Zaj]) ™",
and let the matrix on the left hand side of inequalities (21) and (22) be denoted by A5 and Ag, we
have

Héfzj ® Zp; — Fy (Zaj @ Zyj) Fi

T
= H (Fz + A2) (Zaj ® Zy,) (F3 + A3) — Fy(Z4; ® Zyj) Fi
op

op
< 1Za5 © Ziglloy (18 op 15 + Ball g, + 1 Fsllp 3]y ) < 306 Z0j © Zugl,, /3.
where the last steps uses inequality (21), (22) and the fact that max{|| F> ||, , [ F3l,,} < 1/07 and
1Fs + Aally, < [[Fsllop + [1A2]lop < 1/0r + 6€/07 < 4/0r.
To upper bound the norm | Z,; ® Zy;||,,,» notice that
1Zaj ® Zbjllop < 1 Zajlly 11205y < [ Zajlly 120511, < 1.
Consequently, we have
|22 0 24— F2 (245 25) Fng < 30¢/0%3. (23)
For the rest of the proof, we use inequality (23) to bound M\Q and M. 3. For the second moment, we
have
i 1 71 1 T 1 ¢ T
|7 — a LS 2 |22 ® Z4; — P (2 © Z1y) F Hp + ||~ 2 Zay @ Zoy | FE = My
j= j=
op

1 n
< 30e/0% + || Fy - ZZaj ® Zyj — EZaj © Zuj) | F5
Jj=1 op
< 30¢/0% +¢/os < 3le/as.

For the third moment, we have

— 1 </~ ~
M3—M3:EZ(Z;J.®ZZ;J.—F2 (Zaj®zbj)F3T) ® Ze;

j=1
1 n
+ - > " Fy (Zaj ® Zuj) Fi @ Zej — B [Fy (Zaj @ Zj) F§ @ Zej) | . (24)
j=1
We examine the right hand side of equation (24). The first term is bounded as

H (/Z\zlzg ® Z\ll;j — 5 (Zo; ® Zy;) F3T) ® Zej

<202y - B2y e 2 F 121,

< 30¢/0%. (25)

For the second term, since || F>Z,jll2 < 1/or, |F5Zjll2 < 1/or and || Zgj]l2 < 1, Lemma 9
implies that

1 n
- > Fo(Zay @ Zij) F @ Zej — B [Fy (Za; © Zij) Ff © Zg]|| < efo]  (26)

Jj=1 op

14



with probability at least 1 — k exp(—(+/n/ke — 1)?). Combining inequalities (25) and (26), we have
H]\//T:a - MBH < 30¢/0} +¢/o? < 3le/os.
op

Applying union bound to all high-probability events completes the proof.

C.2 Proof of Lemma 2

Chaganty and Liang (Lemma 4 in [5]) have proved that when condition (12) holds, the tensor de-
composition method of Algorithm 1 outputs {7i, @y }¥_,, such that with probability at least 1 — 4,
a permutation 7 satisfies

I35 — el <€ and | — wey ||, S e

Note that the constant H in Lemma 2 is obtained by plugging upper bounds || Mzllop < 1 and
[|Ms5]|op < 1into Lemma 4 of Chaganty and Liang [5].

The 7(h)-th component of /K;T( h) is greater than other components of /f;r( h)’ by a margin of k.
Assuming € < k/2, the greatest component of fif is its 7(h)-th component. Thus, Algorithm 1
is able to correctly estimate the 7(h)-th column of ég by the vector fi5,. Consequently, for every
column of ég, the ¢5-norm error is bounded by €. Thus, the spectral-norm error of 62? is bounded
by v'ke. Since W is a diagonal matrix and Hzﬂh — Wr(p) ’OO < ¢, we have ||/V[7 —Wllop <e.

D Proof of Theorem 2

We define two random events that will be shown holding with high probability:
m k

E1t D Y Wz = ec)log(piy,e/pic) > mD/2  forall j € [n] and I € [K]\{y;}.

i=1 c=1

&y ’ Z]I(yj = D)I(zi; = ec) — nwymipLie| < ntie for all (i,1,c) € [m] x [k]2.
j=1
where t;;. > 0 are scalars to be specified later. We define t,,;, to be the smallest element among
{tiic}. Assuming that & N &, holds, the following lemma shows that performing updates (4) and (5)
attains the desired level of accuracy. See Section D.1 for the proof.

~

Lemma 3. Assume that &, N E; holds. Also assume that ;. > p forall (i,1,c) € [m] x [k]%. If C
is initialized such that inequality (7) holds, and scalars t;;. satisfy

_ D
2 exp ( —mD/4+ 1og(m)) < tite < TminWmin Min {g, p64} 27
Then by alternating updates (4) and (5) for at least one round, the estimates C and q are bounded
as
|t — pite] < 4tue/(miwy). foralli e [m), 1€ [k], ce k]
masc{|z ~ I(y; = D[} < exp (-mD/4 +log(m))  forall € [n].

Next, we characterize the probability that events & and & hold. For measuring P[&;], we de-
fine auxiliary variable s; := Zle [(zi; = ec)log(phiy,c/tite). It is straightforward to see that
81, 82,..., 5y are mutually independent on any value of y;, and each s; belongs to the interval

[0,log(1/p)]. it is easy to verify that

E lz 5 yz] = miDk (ig, » pat) -

=1 =1

We denote the right hand side of the above equation by D. The following lemma shows that the
second moment of s; is bounded by the KL-divergence between labels.
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Lemma 4. Conditioning on any value of y;, we have

E[s2|y;] < 2log(1/p)

T DKL (Kiy, » i) -

According to Lemma 4, the aggregated second moment of s; is bounded by

- 210g(1/p) 2log(1/p)
2 i < —= D iyicy Milc) — D
;sly]_ L—p ;W (e pite) = =2

E

Thus, applying the Bernstein inequality, we have

5(D/2)?
P $; > D/2lyi| >1—exp| — 2
[Z ] p( WD+;<2log<1/p>><D/z>>

Since p < 1/2and D > mD, combining the above inequality with the union bound, we have

D
Pwﬂ>1—knmp<—$”zuhﬂ>. (28)

For measuring P[€,], we observe that 377, I(y; = [)I(zi; = e.) is the sum of n i.i.d. Bernoulli
random variables with mean p := m;wy e Since tie < TminWminp/8 < p, applying the Chernoff
bound implies

P || S0t = 0wy = e0) — g 2 mtue | < 2exp(nth/(30) = 2exp (e

j=1 3mwiflite

Summarizing the probability bounds on &£; and &, we conclude that £ N &; holds with probability

at least
mD m
1 — knexp ( ) 2 exp ( ) . (29)
33log(1/p) ;; 37Tzwlﬂzlc
Proof of Part (a) According to Lemma 3, for ﬂj = y; being true, it sufficient to have
exp(—mD /4 +log(m)) < 1/2, or equivalently
m > 4log(2m)/D. (30)

To ensure that this bound holds with probability at least 1 — d, expression (29) needs to be lower
bounded by 4. It is achieved if we have

331log(1/p)log(2kn/d) 37rlwl;mC log(2mk/0)
> 5 and 2

ilc

(3D

If we choose

3wy e log(2mk /5)
tilc = " .

(32)

then the second part of condition (31) is guaranteed. To ensure that ¢;;. satisfies condition (27). We
need to have

W e log(2mk /6 )
\/377 wy it log(2mk/d) > Qexp<—mD/4+10g(m)) and
n
\/37Tiwl,uilc log(2mk/9) < TminWmin/4
- > Tmin Wmin .
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The above two conditions requires that m and n satisfy

. 4 log(m\/Qn/(?)ﬂ'miiwmin log(2mk/d)))
- D

(33)
n> 481og(2mk/9)

(34)

7TminwminOé2
The four conditions (30), (31), (33) and (34) are simultaneously satisfied if we have

> max{33log(1/p) 10g%2k:n/5),410g(2mn)} and

0> 48 10g(2mk/5)'

Wminwmina2

Under this setup, §; = y; holds for all j € [n] with probability at least 1 — 0.

Proof of Part (b) If ¢;;. is set by equation (32), combining Lemma 3 with this assignment, we
have

- 48 ;1. log(2mk /6
(Tite — pate)® < Hite 10g /%)
T; Win

with probability at least 1 — 4. Summing both sides of the inequality over ¢ = 1,2, ..., k completes
the proof.

D.1 Proof of Lemma 3

To prove Lemma 3, we look into the consequences of update (4) and update (5). We prove two
important lemmas, which show that both updates provide good estimates if they are properly initial-
ized.
Lemma 5. Assume that event £1 holds. If i and its estimate [i satisfies

Wite > pand e — pie] < 61 foralli € [m], 1 € [k], c € [k], (35)

and q is updated by formula (4), then q is bounded as:

~ _ _ ? 20 .
grel%{lqu —I(y; =1} <exp ( m ( T 51) +10g(m)) forallj € [n].  (36)

Proof. For an arbitrary index | # y;, we consider the quantity

m k
A=Y Tz = eo) log(fliy, e/ Tite)

i=1 c=1

By the assumption that £&; and inequality (35) holds, we obtain that

A = i i]l(zij = ec) log( iy e/ tite) + i i]l(zij =e.) {log (M) —log (ﬁzlc>]

i=1 c=1 i=1 =1 Hiy;e Hilc

o DKL (iy, s it p D 25
z<z : 2m10g(p_61)2m<2p_61>. 37)

=1

Thus, for every index [ # y;, combining formula (4) and inequality (37) implies that

[ ( (D 20, ))
exp|—m|— — .
exp(4;) ~ P 2 p—0
Consequently, we have

D 26
quyj>1—Zqul>1—exp<—m(2— ! >+log(m)>.

-0
I#y; P

Combining the above two inequalities completes the proof. [

g1 <
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Lemma 6. Assume that event Es holds. If q satisfies

and [i is updated by formula (5), then i is bounded as:
2ntiie + 2nds
7/8)nmiw; — ndy

|fhite — prite| < ( forallie [m)], 1€ [k], ¢ e [k] (39)

Proof. By formula (5), we can write ji;; = A/B, where

n k n
A= Zqul]I(zij =e.) and B:= Z Zc/]}l]l(zij =eq).
j=1

c/=1j=1

Combining this definition with inequality (38), we find that

|A — nmowipieprite| < ‘ D Mgt = yi)l(zi; = ec) — nmiwiptiseptie| + ‘ D Gul(zis = ec) = > _ Mgz = y)I(=zi; = ec)
j=1 j=1 j=1

S ntilc + n52-

By the same argument, we have

k
|B — nmiwipie| < (Z ntilc) + nds.

c=1

Combining the bound for A and B, we obtain that

N nTw hite + (A — nwwipie)
|/~Lil - Mz‘lc| = — Hile| =
nmw; + (B — nmyw;)

2nt;ie + 2ndg

= %
nwiw; — Ny g tige — oz

(A — nmwiptire) + pie(B — nmywy)
nmyw; + (B — nmaw;)

Condition (27) implies that Zle tite < TminWmin Zle p/8 < TminWmin/8, Where the last step
follow from kp < 1. Plugging this upper bound into the above inequality completes the proof. [

To proceed with the proof, we assign specific values to d; and ds. Let

— i d? PP it
01 .—mln{2, 16} and 9 := tmin/2. (40)

We claim that at any step in the update, the preconditions (35) and (38) always hold.

We prove the claim by induction. Before the iteration begins, i is initialized such that the accuracy
bound (7) holds. Thus, condition (35) is satisfied at the beginning. We assume by induction that
condition (35) is satisfied at time 1, 2, ..., 7—1 and condition (38) is satisfied at time 2,3, ..., 7—1.
At time 7, either update (4) or update (5) is performed. If update (4) is performed, then by the
inductive hypothesis, condition (35) holds before the update. Thus, Lemma 5 implies that

~ D )
e[~ Xy = DI} < exp (- (5~ 2 ) ogom)).

2 P — 61
The assignment (40) implies % — ,027%11 > g, which yields that

max{ |3 —1y; =D} < exp(—mD/4 + log(m)) < tmin/2 = b2,

where the last inequality follows from condition (27). It suggests that condition (38) holds after the
update.

On the other hand, we assume that update (5) is performed at time 7. Since update (5) follows
update (4), we have 7 > 2. By the inductive hypothesis, condition (38) holds before the update, so

18



Lemma 6 implies
2nt;e + 2nds _ 2nt;ie + ntmin < 3ntiic
7/8)nmiw; —nda  (7/8)nmaw; — ntwin/2 — (7/8)nmw; — ntyin /2’

where the last step follows since ¢, < t;.. Noticing p < 1, condition (27) implies that ¢,,;, <
TminWmin/8. Thus, the right hand side of the above inequality is bounded by 4t;;./(m;w;). Using
condition (27) again, we find

4tilc < 4tilc < min {P, PD} _ 51,
;W Tmin Wmin 2" 16

which verifies that condition (35) holds after the update. This completes the induction.

it — pite] < (

Since preconditions (35) and (38) hold for any time 7 > 2, Lemma 5 and Lemma 6 implies that
the concentration bounds (36) and (39) always hold. These two concentration bounds establish the
lemma’s conclusion.

D.2 Proof of Lemma 4

By the definition of s;, we have
k k

E[Sz =T Z Hiyj;c log(,ufzy,c/ﬂzlc) = T Z Hiyje log(lhlc/ﬂzyj ))
c=1 c=1

We claim that for any z > p and p < 1, the following inequality holds:

2log(1
tog? () < 282 0y toga) (41)
—p
We defer the proof of inequality (41), focusing on its consequence. Let  := piic/hiy;c. then

inequality (41) yields that

210g (1/p 21og(1/p)
E[Sf] < / (Z Hile — Hiyje — Hiyjc IOg(,U/ilc/,u/iyjc)> = ﬁﬂ-iDKL (Miyj7ﬂil) .

It remains to prove the claim (41). Let f(x) := log?(z) — 2101%(1;)/@(% — 1 —log(z)). It suffices to
show that f(z) < 0 for z > p. First, we have f(1) = 0 and
(e — 2o~ P @ - 1)

€Tr) =

x
For any x > 1, we have

log(z) <z —1<

lolg(l/p) (x—1)

where the last inequality holds since log(1/p) > 1 — p. Hence, we have f’(x) < 0 and consequently
f(z) <0fora > 1.

For any p < < 1, notice that log(z) — %(w — 1) is a concave function of x, and equals zero
at two points = 1 and x = p. Thus, f’(x) > 0 at any point x € [p, 1), which implies f(z) < 0

E Proof of Theorem 3

In this section we prove Theorem 3. The proof separates into two parts.
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E.1 Proof of Part (a)

Throughout the proof, probabilities are implicitly conditioning on {7;} and { . }. We assume that
(1,1") are the pair of labels such that

1 m
- Z ]D)KL ,u/zlnu/zl’)
m j—

Let Q be a uniform distribution over the set {l7 I'}™. For any predictor J, we have

maxE{i]I@j;«éyj)‘y:v}Z Z Q(U)E[iﬂ(gj#yj)‘y:’u}

clk]™
ve(k] ve{l,l'}n

_Z Z Q(v {yj#yj ‘y—u} (42)

Jj=loe{ll’'}n
Thus, it is sufficient to lower bound the right hand side of inequality (42).

For the rest of the proof, we lower bound the quantity >, ¢ ;1. Q(v) E[I(y; # y;)|y] for every
item j. Let Z := {z;; : i € [m], j € [n]} be the set of all observations. We define two probability
measures Py and Py, such that [Py is the measure of Z conditioning on y; = [, while IP; is the
measure of Z conditioning on y; = {’. By applying Le Cam’s method [24] and Pinsker’s inequality,
we have

> QW) E[IG; # vy = v] = Qus = DB # )+ Qly; = P15 # 1)
ve{l,l'}n

1 1
5 *||IP’0 = Py|[rv

1
> 3~ *\/ Dkr, (Po, Py). 43)

The remaining arguments upper bound the KL-divergence between [Py and IP;. Conditioning on y;,
the set of random variables Z; := {z;; : i € [m]} are independent of Z\Z; for both Py and P;.
Letting the distribution of X with respect to probability measure IP be denoted by P(X), we have

Dxr, (Po, P1) = Dk, (Po(Z5), P1(Z;)) + Dxw (Po(Z2\Z;),P1(2\Z;)) = Dk (Po(Z;), P1(Z;))

IV
N

(44)
where the last step follows since Po(Z\Z;) = P1(Z\Z;). Next, we observe that 21, 225, . . . , Zm;
are mutually independent given y;, which implies

Dxr (Po(Z;),P1(Z ZDKL (Po(zi5), P1(2i5))
=1
1—m b i i
—(1— S 1 i " (.1 iMile
(1) tog (12 )+ 2o (T )
k
= mDkL (fite, prive) = mD. (45)
c=1

Combining inequality (43) with equations (44) and (45), we have

> Q [yﬂéyg)’y—v}zéfi mD.
ve{l,l'}n

Thus, if m < 1/(4D), then the above inequality is lower bounded by 3/8. Plugging this lower
bound into inequality (42) completes the proof.
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E.2 Proof of Part (b)

Throughout the proof, probabilities are implicitly conditioning on {7;} and {w;}. We define two
vectors

11 r 1 1 T
ug 1= (2,2,0,...,0) € Rk and u1:—(2+5,25,07...,0> € RF

where 6 < 1/4 is a scalar to be specified. Consider a m-by-k random matrix V' whose entries are
uniformly sampled from {0, 1}. We define a random tensor uy € R™*¥>*k guch that (uy )y 1= uy,

for all (i,1) € [m] x [k]. Givan an estimator /i and a pair of indices (4, ), we have
sup E|llfig — wrld] = Y Py=v) (Z P(V) E i — pirl3|p = wvy = vD .
pERm XX velk] %

(46)

For the rest of the proof, we lower bound the term Y., P(V') E[||fi;7 — pi7ll3|p = wv,y = v] for
every v € [k]™. Let V be an estimator defined as

7= 0 i [l = wolle < [l — w2
1 otherwise.

If o = wy, then V % Vi; = ||fis7 — pizll2 > ¥26. Consequently, we have

52
ZP B[z — parll3lin = uv.y = v] = S PV # Vily =], 47)

Let Z := {z;; : i € [m], j € [n]} be the set of all observations. We define two probability measures
Py and PPy, such that Py is the measure of Z conditioning on y = v and p;; = uo, and P; is the
measure of Z conditioning on y = v and p;; = wuy. For any other pair of indices (i,1) # (i,1),
Wit = uy,, for both Py and P;. By this definition, the distribution of Z conditioning on y = v and
# = uy is a mixture of distributions Q := %]P’O + %]P’l. By applying Le Cam’s method [24] and
Pinsker’s inequality, we have

1 1
[V# |y—U]Z§—§HPo—P1||TV
1 1
> - — —+/D Py, Py). 48
Z571 kL (Po, P1) (48)

Conditioning on y = v, the set of random variables Z; := {z;; : j € [n]} are mutually independent
for both Py and IP;. Letting the distribution of X with respect to probability measure P be denoted
by P(X), we have

Dt (Po, P) ZDKL (Po(Z:),P1(Z:)) = D, (Po(Z3), P1(Z7)) (49)

where the last step follows since Po(Z;) = P1(Z;) for all i # 4. Next, we let J := {j : l}
and define a set of random variables Z;; := {z;; : j € J}. It is straightforward to see that ZZ Jis
independent of Z;\ Z;; for both Py and P;. Hence, we have
Dkr (Po(Z7), P1(Z;)) = Dxw (Po(Zis), P1(Ziy)) + Do (Po(Z:\Z31), P1(Z:\Z35))

= Dk (Po(Zis), P1(Zis)) (50)
where the last step follows since Py(Z;\Z;;) = P1(Z;\Z;;). Finally, since ;7 is explicitly given
in both Py and P, the random variables contained in Z;; are mutually independent. Consequently,
we have

Dt (Fo(Zis):Pa(Zar) = 3 D, (Poliy): ) = 1 3108 (=35 )
JjeJ

IN

gm 7302, (51)
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Here, we have used the fact that log(1/(1 — 422)) < 522 holds for any = € [0,1/4].

Combining the lower bound (48) with upper bounds (49), (50) and (51), we find
~ 3 (5 1
P[V; aly =] > ST =|J| 1362 < = ).
[ # Vil =] 2 31 (51170 < )
Plugging the above lower bound into inequalities (46) and (47) implies that
362 - 1
E |7 — pall3] = SB[y =D < 5 |-
s B[l = ealE] = P10 = 1< ]

Note than |{j : y; = [}| ~ Binomial(n, w;). Thus, if we set

6% := min i,# ,
16" 10m;wmn

then 10%{52 is greater than or equal to the median of |{j : y; = [}|, and consequently,
3 3
a2l ] 2 i
A iz = wirllz| 2 min g 550 300

which establishes the theorem.

F Basic Lemmas

In this section, we prove some standard lemmas that we use for proving technical results.
Lemma 7 (Matrix Inversion). Let A, E € R¥** be given, where A is invertible and E satisfies that
IE]lop < 0k(A)/2. Then

2|| Ellop

(A+E) = A7 op < =520

Proof. A little bit of algebra reveals that
(A+E)y'—A ' =(A+E)'EA™"
Thus, we have
[ 1op
or(A)or(A+ E)
We can lower bound the eigenvalues of A + E by 0 (A) and || E'||op. More concretely, since
1(A+ E)0l2 = [|A0]l2 — [ EOll2 = ok (A) = | Ellop

holds for any ||f||2 = 1, we have 0, (A + E) > 01 (A) — || E||op. By the assumption that | E|,p <
01(A)/2, we have o, (A + E) > 01,(A)/2. Then the desired bound follows. O

I(A+B)™! = A7 Y|op <

Lemma 8 (Matrix Multiplication). Let A;, E; € RF*E pe given for i = 1,...,n, where the matrix
A; and the perturbation matrix E; satisfy ||A;|lop < Ki, || Eillop < K;. Then

H(Ai+Ei)_HAi <ont (Z ;{Op> HKi
i=1 i=1 op g i=1

i=1

22



Proof. By triangular inequality, we have

n n n i—1 n
[TAa+e) =114 =>4 (H (Ak+Ek>> E;
i=1 i=1 op i=1 \j=1 k=i+1 op
n i—1 n
<3 Tk ) ( TT 10 5l
i=1 j=1 k=it1
~ gni | Eillop T
SP ey el |
=1 =1
_ on—1 - HEiHop -
=2 (Z %, H K;
=1 =1
which completes the proof. O

Lemma 9 (Matrix and Tensor Concentration). Let { X;}}_,, {Y;}7_, and {Z;}}}_, be i.i.k. samples

from some distribution over R¥ with bounded support (| X |2 < 1, [|Y|l2 < 1 and ||Z||2 < 1 with
probability 1). Then with probability at least 1 — 6,
1 1+ /log(1/4
~) XY -EXiev]| < L VIosl/0), (52)
n 4 vn
j=1 F
1< 1+ /log(k/é
- X;0Y;0Z; -E[X1®Y1 ® Z1] < 1 Vios(k/d) (53)
n j=1 » AV n/k

Proof. Inequality (52) is proved in Lemma D.1 of [1]. To prove inequality (53), we note that for any
tensor T € RF***F we can define k-by-k matrices T1, . . ., T, such that (T;) 5 := Tjjx. Asaresult,
we have ||T||fD = Zle T3 ||?D If we set T to be the tensor on the left hand side of inequality (53),
then

n

1 X .
= 5300 X ;B X @

By applying the result of inequality (52), we find that with probability at least 1 — kd’, we have

2 2
1« 1+ /log(1/4’
N X0V 07 -EXi0Y:© 7 gk(Og(/)) .
n \/ﬁ

F

j=1

Setting §' = §/k completes the proof. O
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