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Abstract

We demonstrate the use of batches in studying
list-decodable linear regression, in which only
a € (0,1] fraction of batches contain genuine
samples from a common distribution and the rest
can contain arbitrary or even adversarial samples.
When genuine batches have > €2(1/a) samples
each, our algorithm can efficiently find a small
list of potential regression parameters, with a
high probability that one of them is close to the
true parameter. This is the first polynomial time
algorithm for list-decodable linear regression, and
its sample complexity scales nearly linearly with
the dimension of the covariates. The polynomial
time algorithm is made possible by the batch
structure and may not be feasible without it, as
suggested by a recent Statistical Query lower
bound (Diakonikolas et al., 2021b).

1. Introduction

Linear regression is one of the most fundamental tasks in
supervised learning with applications in various sciences
and industries (McDonald, 2009; Dielman, 2001). In the
standard linear regression setup, one is given m samples
(24,y;) such that y; = (w*, ;) + n; where n; is the ob-
servation noise with bounded variance and the covariates
x; € R% are drawn i.i.d from some fixed distribution. For
this setup, the commonly used least-squares estimator that
minimizes the square loss Y, (y; — (w, z;))?, provides a
good estimate of the unknown regression vector w*.

In many applications, some samples are inadvertently or
maliciously corrupted, for example, due to mislabeling or
measurement errors, or data poisoning attacks. For instance,
such corruptions are commonplace in biology (Rosenberg
et al., 2002; Paschou et al., 2010) and machine learning
security (Barreno et al., 2010; Biggio et al., 2012). Even
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a small number of corrupt samples in the data can cause
the least-squares estimator to fail catastrophically. Classical
robust estimators have been proposed in (Huber, 2011;
Rousseeuw, 1991) but they suffer from exponential
runtime. Recent works (Lai et al., 2016; Diakonikolas et al.,
2019a; 2017) have derived efficient algorithms for robust
mean estimation with provable guarantees even when a
small fraction of the data can be corrupt or adversarial.
These works have inspired the efficient algorithms for
robust regression (Prasad et al., 2018; Diakonikolas et al.,
2019b;c; Pensia et al., 2020) under the same corruption
model. (Cherapanamyjeri et al., 2020a; Jambulapati et al.,
2021) have obtained robust regression algorithms with
near-optimal run time and sample complexity.

In this paper, we are interested in the setting where a small
fraction «, potentially even less than half, of the data is
considered inlier, and the majority of the data may be
influenced by factors such as adversarial manipulation,
corruption, bias, or being drawn from a diverse distribution.
This setting also encompasses the problem of learning a
mixture of regressions (Jordan & Jacobs, 1994; Zhong
et al., 2016; Kong et al., 2020b; Pal et al., 2022) because
any solution of the former immediately yields a solution to
the latter by setting « to be the proportion of the data from
the smallest mixture component.

However, it is information-theoretically impossible to output
a single accurate estimate of regression parameter when
a < 1/2. Instead, it may be possible to generate a short
list of estimates such that at least one of them is accurate.
This relaxed notion of learning is known as list-decodable
learning and is useful since a learner can identify a single
accurate estimate from the list given a small number of
reliable samples.

For high dimensional mean estimation, Charikar et al.
(2017) derived the first polynomial time algorithm for list
decodable setting. List-decodable linear regression has
been studied in (Karmalkar et al., 2019; Raghavendra &
Yau, 2020) yielding algorithms with runtime and sample
complexity of O(dP°Y(1/®)) In contrast to list-decodable
mean estimation, recent work (Diakonikolas et al., 2021b)
has shown that a sub-exponential runtime and sample
complexity might be impossible for linear regression.
These prior results may lead to a pessimistic conclusion for
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obtaining practical algorithms for the fundamental learning
paradigm of linear regression when less than half of the
data may be inlier or genuine.

However, our work demonstrates that it can be overcome
in various real-world applications such as federated learn-
ing (Wang et al., 2021), learning from multiple sensors (Wax
& Ziskind, 1989), and crowd-sourcing (Steinhardt et al.,
2016). In these and many other applications individual data
sources often provide multiple samples. We refer to a collec-
tion of samples from a single source as a batch. If a fraction
« of the sources follow the underlying distribution we aim
to learn, then « fraction of the batches will contain inde-
pendent samples from that distribution, while the remaining
batches may contain arbitrary samples.

When each batch contains Q(d) samples then one can get the
estimate of the regression vectors for each batch. However,
typically in modern applications the dimension of the data is
high and only a moderate number of samples are available
per batch (Grottke et al., 2015; Park & Tuzhilin, 2008; Kong
et al., 2020b). As we show in this paper, for any o € (0, 1],
as long as the number of samples provided by each genuine
source is more than a small threshold of Q(1/c), we can use
the grouping of samples in batches to develop a polynomial-
time algorithm.

The batch setting has a natural advantage in the context of
list-decodable learning. When there are multiple possible
inlier distributions for the data sources, the list will include
regression vectors for all distributions that underlie more
than « fraction of sources. To determine the best-fitting
solution for a specific source from the short list generated
by the list-decodable algorithm, a small hold-out portion of
the batch provided by that source can be used. This post
hoc identification of the best weight for a source/batch is
naturally not feasible in the single sample setting.

This motivates the problem of list-decodable linear regres-
sion using batches. Formally, there are m batches. Each
batch has a collection of > n regression samples which
can either all come from a global regression model with
true weight w* (good batch) and noise variance o2 or are
arbitrarily corrupted (adversarial batch). The task is to out-
put a small list of regression vectors at least one of which
is approximately correct given that only « fraction of the
batches are good. It is important to highlight that in this
scenario, any algorithm aiming to provide reasonable es-
timation guarantees must return a list of estimates. This
is because the formulation allows for data to stem from
©(1/«) different distributions, each of which generates at
least « fraction of the batches. The regression parameters
for each of these distributions can vary arbitrarily. With-
out any method to identify the genuine distribution among
these ©(1/a) possibilities, any algorithm providing a single
estimate of the regression parameter would fail to offer a

meaningful estimation guarantee.

Our main result is the following theorem:

Theorem 1.1 (Informal). For any o € (0,1], there ex-
ists a polynomial time algorithm for list-decodable re-
gression, that uses m = O, o(d) batches each of size
n = Q(1/a), and outputs O(1/a?) weights such that
with high probability at least one of them, w, satisfies

I — w*||2 = O(0/V/na).

We formally state the problem in Section 2, introduce nec-
essary notation in Section 3, and present our main result in
Section 4. In Section 5, we describe the main ideas behind
our algorithm and provide a comprehensive overview of
our technical contributions. We present our algorithm and
prove its performance guarantee in Section 6. We provide a
detailed discussion of related work in Appendix A.

2. Problem formulation

We have m sources. Of these m sources at least a-fraction
of the sources are genuine and provide > n i.i.d. samples
from a common distribution. The remaining sources may
provide arbitrary data. Since, we can use only the first n
samples from each source and ignore the rest, hence, w.l.0.g.
we assume that each source provides exactly n samples.
We will refer to the collection of all samples from a single
source as a batch.

To formalize the setting, let B be a collection of m batches.
Each batch b € B in this collection, has n samples
{(2b,y2)}7,, where 22 € R? and ¢! € R.

Among these batches B, there is a sub-collection G of good
batches such that for each b € G and i € [n] samples
(xb,y?) are generated independently from a common distri-
bution D and the size of this sub-collection is |G| > «/|B).
The remaining batches B \ G are adversarial batches and
have arbitrary samples that may be selected by an adversary
depending on good batches.

Next, we describe the assumption of distribution D. We
require the same set of general assumptions on the distribu-
tion, as in the recent work (Cherapanamjeri et al., 2020a),
which focuses on the case whenn = 1 and 1 — « is small,
that is when all but a small fraction of data is genuine.

Distribution Assumptions. For an unknown d-
dimensional vector w*, the sample noises nﬁ’, the
covariates x? and the outputs y° are random variables that
are related as y? = 22 - w* + nb. Let ¥ = Ep[z?(2b)T].
For scaling purposes, we assume || X|| = 1. We have the
following general assumptions.

1. 2% is L4-L2 hypercontractive, that is for some C' > 1
and all vectors u, Ep[(z? - u)*] < CEp|(2? - u)?)%.
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2. For some constant C; > 0, ||z%|| < C1V/d a.s.

3. The condition number of ¥ is at most Cj, that is for

. 5
each unit vector u, we have uTXu > % = C%

4. Sample noise n?is independent of xf, has zero mean
[E p[nt]=0, and bounded covariance E p[(n?)?] < o2
b

5. The distribution of noise n; is symmetric around 0.

We note that the assumptions 1,3, and 4 are standard in
heavy-tailed linear regression (Cherapanamjeri et al., 2020b;
Lecué & Mendelson, 2016). Assumptions 2 and 5, on the
other hand, are introduced solely for the ease of presentation
and we discuss in Appendix G that these two assumptions
can be eliminated without any impact on our results.

3. Notation

We use h to denote a function over batches. For a function
h®, we use Ep[h®] and Covp(h) to denote the expected
value and covariance of h® for a random batch b of n inde-
pendent samples from D.!

Next, we define the expectation and covariance Ww.r.t.
the collection of batches B. When batches are cho-
sen uniformly from a sub-collection B’ C B, the ex-
pected value and co-variance of a function h® are de-
noted as Ep/[h’] = 35, p 1grh® and Covp(h’) =

Sven Fl,l(hb —Eg/[h?])(h* — Ep/[h?])T, respectively.

To allow for more general samplings, the definition is ex-
tended to use a weight vector. A weight vector, denoted by
B, is a collection of weights, Y, for each batch, b € B, such
that 3° is between 0 and 1. The total weight of the vector is
represented by 42 = 3 ven B b 1t can be helpful to think of
B as a soft cluster of batches, with its components denoting
the membership weight of batches in the cluster.

When defining expectation or covariance of a function
w.r.t. a weight vector [, the probability of sampling a

b
batch, b, is g—B The expectation of a function, hP, over
batches, when using a weight vector 3, is represented by

Eglh’] :=>cn g—;hb, and the covariance is represented
b
by Covg(h®) := Yyepp 5 (B° — Eglh])(h* — E[R°])T.

For weight vector 3, the weight of all batches of a subset
B’ is denoted as 8% =", 5, 8.

We use f(z) = O(g(z)) as a shorthand for f(z) =
O(g(z)log" z), where k is some integer, and f(z) =
Oy (g(x)) implies that if y is bounded then f(z) = O(g(x)).

"'With slight abuse of notation, instead of h(b), we use h® to

denote function over batches. Note that h® may be a function of
some or all the samples in the batch b.

Throughout the paper, we use the notation ¢;, with 7 > 1, to
represent universal constants.

4. Main Results

Recently there has been a significant interest in the prob-
lem of list decodable linear regression. The prior works
considered only the non-batch setting. The sample and
time complexity of algorithm in (Karmalkar et al., 2019;
Raghavendra & Yau, 2020) are d°(1/a") and 01/ re-
spectively. (Raghavendra & Yau, 2020) achieves an error
O(o/a’/?) with a list of size (1/a)®1°8(1/*) ‘and (Kar-
malkar et al., 2019) obtains an error guarantee O(c/a) with
a list of size O(1/ ).

(Diakonikolas et al., 2021b) improved the sample complex-
ity. For Gaussian noise and covariates distributed according
to standard Gaussian, they gave an information-theoretic
algorithm that uses O(d/a?) samples and estimates w to an
accuracy O(o+/log(1/«)/a) using a list of size O(1/«).
They also showed that no algorithm, even with infinite
samples, can achieve an error < o/a+/log(1/«) with a
Poly(1/) size list.

As these works considered the non-batch setting, they do not
obtain a polynomial time algorithm for this problem, which
may in fact be impossible (Diakonikolas et al., 2021b).

Our main result shows that using batches one can achieve
a polynomial time algorithm for this setting, moreover, the
algorithm requires only O,, (d) genuine samples.

Theorem 4.1. Forany0) < a < 1,n > @(w)
and |G| = Qc(dn?log(d)), Algorithm 1 runs in time
poly(|G|, o, d,n) and returns a list M of size at most 4/’
such that with probability > 1 — 4/d>,

minger, |w— w*|| < O(MU).

Vna

Interestingly, for n = €2(1/c), the estimation error of our
polynomial algorithm has a better dependence on « than the
best possible o /ay/log(1/«) (Diakonikolas et al., 2021b)
by any algorithm (even with infinite resources) in the non-
batch setting (i.e. n = 1).

We restate the above result as the following corollary, which
for a given ¢, d and « characterizes the number of good
batches |G| and n required by Algorithm 1 to achieve an
estimation error O(eo).

Corollary 4.2. For any 0 < a < 1, 0 < € < 1,

Nmin = 903,0(1%1(#), N > N, and |G| =
Qc (dn,;, log(d)), Algorithm 1 runs in time poly(c, d, €)

and returns a list M of size at most 4/ such that with
probability > 1 — 4/d?,

mingey, [|w — w*|| < O(eo).
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For € = ©(1) in the above corollary, we get n = Q(é) and
|G| = Qc (dlog(d)/a?).

Remark 4.1. As discussed earlier, for the case where a ma-
jority of data is genuine, i.e. o > 1/2, polynomial time
algorithms have been developed in prior works (Prasad et al.,
2018; Diakonikolas et al., 2019b; Cherapanamjeri et al.,
2020b) to estimate the regression parameter even in a non-
batch setting. Since the majority of data is genuine, these
algorithms can return a single estimate of the regression pa-
rameter instead of a list. In particular, the algorithm in (Cher-
apanamjeri et al., 2020b) requires O(d/(1 — «)?) genuine
samples, and estimates the regression parameter w* to an
03 distance of O(C3/(1 — a)o) forany 1 — a = O(&2),
where C3 is the condition number of the covariance ma-
trix 3 of the covariates. A lower bound of Q(1/(1 — «)o)
is also known for the non-batch setting. We note that the
algorithm in (Cherapanamjeri et al., 2020b) for the case
a > 1/2, can easily be extended to the batch setting, where
by using batch gradients instead of sample gradients in their
algorithm, the regression parameter w™* can be estimated to

a much smaller ¢5 distance of O(C3+/(1 — a)o/+/n).

5. Technical Overview
This section presents the main ideas behind our algorithm.

For a given batch b from B, the square loss of its ¢th sample
at point w in the parameter space is represented by f?(w) :=

(w-af —y7)?/2.

If all batches in B had samples generated from D then the
minimizer of the average loss across all batches, represented
by Eg[f?(w)], would converge to the optimal solution w*.
However, the presence of even a single outlier sample can
cause this method to fail. In our setting, a majority of
batches may contain potentially outlier samples.

The gradient of the loss function f7(w) is V f?(w) = (w -
2% — y?) - 2%, For good batches, which has i.i.d. samples
from distribution D, the expected value of this gradient is
Ep[V ()] = S(w - w').

When |G| is sufficiently large, then

I = H‘G‘" ZbeGZle[n] Vf( )H
MIEp [V W) = 15w —w?)ll. (1)

IE [V F(w

Suppose w is a stationary point of all samples, i.e.
E [V f(w)] = 0. If w is far from w*, then the above
equation implies that the mean of gradients good samples
will be large. Then norm of the co-variance of the sample
gradients at w will be at least

ICovs[V £ (@)]]| = {3 EclV (@)

= a| B[V @)~

—E [V @)

a2 (@ —w)”. @

When the co-variance of good sample points is much smaller
than the overall co-variance of all samples it is possible to
iteratively divide or filter samples in two (possibly over-
lapping) clusters such that one of the clusters is “cleaner”
than the original (Steinhardt et al., 2016; Diakonikolas
et al., 2020b). Hence, if we had ||Covg[V f2( N)} | >
|[Covg [V f2(10)]|| then we could have obtained a “cleaner
version” of B, that had a higher fraction of good batches.

For batch b € G the norm of co-variance of gra-
dlents (of a single sample) is |Covp[VfP(w)]| =
O(0? + || S(w — w*)||?) (using L4-Lo hypercontractivity).
Even if we had ||Covg [V f(w)]|| = ||Covp[V f2(w)]],
does not guarantee |C0VB[Vfb( )| > |Cova [V fE (@ )]|
as a||X (0 — w*)||? <« o2 + | Z(w — w*)||? , regardless of
how large the difference between the stationary point w* for
the distribution D and the stationary point w for all samples
is. We will now see that focusing on batch gradients rather
than single sample gradients can alleviate this problem.

5.1. How Batches Help

In the preceding approach, we didn’t leverage the batch
structure. In fact, the SQ lower bound in (Diakonikolas
et al., 2021b) suggests that it may be impossible to achieve
a polynomial-time algorithm for the non-batch setting.

To take the advantage of the batch structure instead of con-
sidering the loss function and its gradient for each sample
individually, we consider the loss of a batch and the gradient
of the batch loss. The loss function of a batch b is f*(w) =
LS | f2(w) i.e the average of the loss function in its
samples. From the linearity of differentiation, the gradient
of the batch loss function is V f*(w) = L 3% | V f2(w).

[V (w)]]| =
| E [V f2(w)]| for any w. However, averaging over n
samples reduces the co-variance by a factor n, therefore,

Covp [V f2(w)] = Covp[V £ (w)]/n.

For |G| large enough, we will have population covariance
ICova [V f2 (@) ~ [CovplVf"(w)]|. Further, as
[Covp [V f2(w)]|| = O(c? + ||S(@ — w*)[?), it follows

|Cove [V f* ()] = O(M)

If the batch size n = Q(log?(1/a)/a) and  is stationary
point of average loss of all samples in B, then for a large
value of ||w—w*|| = Q(olog(1/a)/+/nw), it can be shown

that of|S (i — w*)|? > log?(L)O(ZHIE@—wD)
Since the expectation of batch and sample gradients
are the same over any batch sub-collection, using a
similar argument as for Equation (2) one can show that
[Covp[Vfo(w)]|| =~ | (@ — w*)||?, Combining this
bound with the above bound gives

ICov[V f*(@)][| > log®(1/a)|[Cova [V f (@)
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Therefore, either the distance between the stationary point of
this cluster and w* is < O(%\/nia/a)) or the covariance of
gradients for the set of all batches is much larger than that for
good batches. If it is the former, then we have a good approx-
imation of w™ and if it is the latter, we can divide B into two
(possibly overlapping) clusters, where at least one of the new
clusters contains a majority of good batches and has a higher
proportion of good batches than the initial cluster. The same
argument can be extended from B to any sub-collection of
B that retains a major portion of good batches G.

To divide the clusters, we use the MULTIFILTER routine
from (Diakonikolas et al., 2020b). Instead of hard cluster-
ing, this routine does soft clustering. The soft clustering
produces a membership or weight vector ( of length | B]
with each entry between [0, 1] that denotes the membership
weight of the corresponding batch in the cluster.

The above discussion leads to the following algorithm. We
begin with the initial cluster of all batches B. We keep
applying MULTIFILTER routine iteratively on the clusters
(or weight vectors) until, for all the clusters, the covariance
of gradients at the stationary points of the respective clusters
becomes small. MULTIFILTER routine ensures that at least
one of the clusters retains a major portion of good batches
and it doesn’t have more than O(1/«?) clusters at any stage.

As discussed, for a cluster that retains a major portion of
good batches G, the covariance of batch gradients is small
only if stationary point w of that cluster approximates w*
with an accuracy of |0 — w*|| = O(%ﬂg“). Since
the final set of O(1/a?) clusters includes at least one such
cluster, the stationary point of at least one of the clusters

should approximate w* to the desired accuracy.

However, applying the MULTIFILTER routine for this pur-
pose presents additional challenges, which we address
through various technical contributions in the next section.

5.2. Clipping to Improve Sample Complexity

We would like to obtain a high probability concentration
bound of [|Covg[Vfo(w)]]| < O(W) on the
empirical covariance of the batch gradients in the good
batches. No such bounds for general n are known in
previous literature. And even for n = 1, using known
concentration bounds would require a large number of
good batches or samples. For example, (Diakonikolas
et al., 2019b) needed d° samples in total, and in fact, a
minimum requirement of d samples can be shown for such
a bound to hold. (Cherapanamjeri et al., 2020a) required
O(d) samples (for n fixed to 1) for a related bound, but for
each point w they need to ignore certain samples from the
calculation of empirical covariance. These samples can be
different depending on w. While such guarantees sufficed

for their application where a majority of data was genuine, it
is unclear if it can be extended to the list-decodable setting.

To address these challenges, we use clipped loss instead.
For clipping parameter k > 0 and any batch b € B, the
clipped loss of its i sample at point w is given by

(w-al—y?)*
fow, k) = 2

Kklw - 2t —yb| — k?/2 otherwise.

if\w-xlg—yf\gfi

We specify the choice of clipping parameter « later. The
clipped loss defined above is known as Huber’s loss in
literature. The gradient of this clipped loss is

(7w — )

fo(w, K'/) = mliz? (3)

i

We refer to the gradient of the clipped loss above as the
clipped gradient.

For a batch b, its clipped loss is simply the average of clipped
loss over all its samples. Clipped loss for a batch b at
pointw is f*(w, k) := & 3, f7(w, k). By the linearity
of gradients, the gradient of the clipped loss, or clipped
gradient, V f*(w, k) is the average of clipped loss over all
its samples, i.e. V f*(w, &) := 35,y = V[P (w, k).

Ideal choice of Clipping parameter. When x — o0, the
clipped loss is the same as the squared loss, hence clipping
will have no effect in reducing the number of samples re-
quired. On the other hand, if x — 0, the loss function
is overly clipped, which can lead to the expected norm
of the clipped gradient being much smaller than that of
the unclipped gradients in Equation (1). Theorem C.2
shows that as long as the clipping parameter is set to
Q||lw — w*|]) + Qna (o), the expected norm of the clipped
gradient will be Q(||w — w*||) — O(o'/\/na). This means
that for any point w whose distance from w* is greater than
Q(0/+/na), the expected norm of the clipped gradient at
wis | Ep[V f2(w, k)]|| = Q(|jw — w*||), which is of the
same order as that of unclipped gradients in Equation (1).

Furthermore, taking advantage of clipping, in Theorem B.1
we show that for all points w, and for any clipping parameter
k= O(||lw —w*||) + Ona(0o) the covariance of the clipped

gradients satisfies || Covg[V £ (w, k)]|| < @(W)
with only O~T,o, (d) samples. As discussed previously, the

same bound on the covariance of the un-clipped gradients
would instead require £2(d?) samples.

From the preceding discussion, in order for both the re-
quirements of | Ep[Vf2(w,r)]|| = Q(]w — w*||) and
|Covg [V £o(w, k)]|| < O(W) to be met using
only Onya (d) samples, the clipping parameter must be set

to k = O(|jlw — w*||) + Onalo). This requires a constant
factor approximation of ||w — w*|| to be obtained.
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Additionally, when using the MULTIFILTER on a cluster,
a tight approximation of ||w — w*|| is necessary to obtain
a tight upper bound on ||Covg[V f®(w, k)]||, which is re-
quired by MULTIFILTER as an input parameter.

Furthermore, recall that when applying the MULTIFILTER
on any cluster, we set w to a stationary point of the clipped
loss for that cluster. This stationary point w will depend
on the clipping parameter x, and the appropriate range for
+ depends on w, creating a cyclic dependence that we must
also overcome when estimating ||w — w*||.

5.3. Estimating Parameters for Multifilter

Recall that our goal is to return a small set of (soft) clusters,
such that at least one of them retains a major portion of
good batches, and its stationary point closely approximates
w*. When the MULTIFILTER routine is applied to a clus-
ter, it generates sub-clusters. Hence, the sub-clusters that
originate from a cluster that has already lost a majority of
good batches are not relevant for us. Therefore, we will
need accurate parameter estimation only for clusters that
have retained a substantial weight of good batches, and will
only consider such clusters in the remaining section.

T n

lute loss of a batch at point w.

Let v*(w) := 1 Diem v 2% — 4| denote the mean abso-

We developed a subroutine called FINDCLIPPINGPPARAM-
ETER (Algorithm 2) that overcomes the cyclic dependence
to find appropriate stationary point w and clipping parameter
k for a given soft cluster 3. These values ensure that w is a
stationary point for clipped gradients V £ (w), «) for batches
in the cluster and « falls in a range determined by the ex-
pected absolute loss of batches in cluster [ at the stationary
point w, specifically, K = O(Eg[v°(w)]) + Opna(0).

For |G| = Q(d), we prove that w.h.p.

Varg (vb(w)) <Eg [(vb(w) —Ep [vb(w)])2]
_ O<02+E'Dnvb(w)]2>. 4)

From the above bound, it follows that for most of the good
batches, v®(w) is very close to E p[v®(w)].

Further, it can be shown that E p[v® (w)] = O(||w —w*||) +
O(o), where E p[v”(w)] is expectation of v°(w) for a batch
sampled from D.

We derive a novel way that given a weight vector 3 estimates
upper bound 6 on variance Varg (v°(w)). Further, the up-
per bound is tight enough to ensure that if Varg(v®(w)) =
O(61) then for most batches b in 3, v” (w) will be close to its
expectation E [0’ (w)] over 3. As the soft cluster contains
a significant proportion of good batches, and since v°(w)
for most of these good batches is close to E p[v®(w)], then
E 5[v®(w)] would also be close to E p[v® (w)]. Furthermore,

since E p[v°(w)] = O(||lw — w*||) = O(0), it follows that
E g[v*(w)] = O(|lw — w*[)) £ O(0).

Therefore, if for a certain weight vector S the variance
Varg(v®(w)), is close to our estimated variance of good
batches, 01, then we can ensure that k = O(|jw — w*||) +
Ona (o) and use E g[v° (w)] as an estimate for ||w — w*||.

However, if the variance Varg(v?(w)) for a 3, is signifi-
cantly greater than our estimated variance of good batches,
601, then we will not use the MULTIFILTER routine for gradi-
ents on that cluster. Instead, we will apply MULTIFILTER
routine on this cluster w.r.t. average absolute loss v (w). As
a result, the estimation of ||w — w*|| and ensuring that « is
within the correct range, which is necessary for using the
MULTIFILTER routine for gradients, is no longer relevant.

Hence, in the estimation part, we either apply MULTIFILTER
routine on the cluster for average absolute loss to obtain
new clusters with one of them being cleaner, or else our
estimate of the parameters is in the desired range to apply
MULTIFILTER routine w.r.t. the gradients.

6. Algorithm and Proof of Theorem 4.1

In subsection 6.2, a triplet (3, k,w) is defined as nice if
it meets certain criteria: 3 retains a substantial amount of
weight among good batches, « falls within a specific range,
w is a stationary point of the clipped loss, and the covariance
of gradients of the clipped loss for the cluster 3 is bounded
at w. It is noted that any such triplet’s point w is a good
approximation of w*. In Section 5.1, we provided intuition
for the same without the clipping.

To identify a cluster with bounded covariance of clipped
gradients, we require that the covariance of clipped gradients
for GG is bounded. And to estimate the correct range of x and
an upper bound on the covariance of clipped gradients for
G, as described in Section 5.3, we require that the variance
of mean absolute loss is bounded for the set of good batches.
We formalize these requirements in the next subsection in
form of two regularity conditions.

To specify the range in which the clipping parameter s
should be set, we define K4« and Ky, in Definition B.1
in the appendix, which are functions of w, and other distri-
bution parameters. Finally, in the last two subsections, we
describe the algorithm and show that it finds a nice triplet.

6.1. Regularity Conditions.

The first condition is that for all unit vectors w, all vectors
w and for all K < Kmax,

Eg [(Vfb(w,/i) ~u—Ep[VF(w,k) u])Q} < U,
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o+ CEpl|(w—w")-2}?]

where Uy := ¢4

- . The second regular-
ity condition is that for all vectors w,

Eo[(e'(w) ~Epllw-a? - 4))°] < s,

o?+CE p[lw-z}—y;|]?

where Us = co o . We will repeatedly
refer to the upper bounds U; and U; in the regularity
conditions throughout this section.

In Section B, we shovg that even with a minimal number of
good batches, |G| = Q,, (d), the two regularity conditions
hold w.h.p.

As a simple consequence, the first regularity condition im-
plies that
[Cove(Vfo(w, k)l < Un, (5)

and similarly, the second regularity condition implies that

Varg (vb(w)) < U,. (6)

We note that the expressions for U; and Us simplify to
O(0? + ||lw — w*||?/n) and the expressions for K.y and
Kmin Simplify to ©(||w — w*|| + o) if one is not concerned
with the dependence on distribution parameters C, C3, C,.

6.2. Nice Triplet

First, we introduce the notion of nice weight vector. A
weight vector 3 is considered nice if the total weight as-
signed to all good batches by it is at least 39 > 3|G|/4.

We term a combination of a weight vector 3, a clipping pa-
rameter ~, and an estimate w as a triplet. Next, we introduce
the concept of a nice triplet.

Condition 1. A triplet (53, k, w) is considered nice if
(a) B is a nice weight vector, i.e. ¢ > 3|G|/4.
(b) Clipping parameter is in the range, Fmin < K < Kmax-

(c) w is an approximate stationary point, namely mean
clipped loss for weight vector S at w is at most

IEs[Vf*(w, k)]]| < log(2/a)a/8y/na.
(d) Covariance of the clipped gradients over [ at sta-

tionary point w is at most ||Covs(V fb(w,k))|| <
2 —w* b2
c5C? log2(2)(o +EDH(U; w*)-z}|]%)

, where c; is a pos-
itive universal constant.

According to these conditions, a triplet (3, k,w) is nice
if weight vector 3 is considered nice, clipping parameter
x 1s within the appropriate range, w is an approximate
stationary point for clipped loss for this weight vector
and covariance of clipped gradient over weight vector
£ at this point w is small. As discussed briefly at the
beginning of this section, for a triplet satisfying these
conditions w is a good approximation of w*. Theorem C.1

formally shows that for any nice triplet (3, w, ), we have
lw—w*|| < 0(%@). Then to prove Theorem 4.1,
it is sufficient to show that the algorithm returns a small list

of triplets such that at least one of them is nice.

In the next two subsections, we will describe the algorithm
and demonstrate that it returns a small list of triplets, at least
one of which is nice.

Algorithm 1 MAINALGORITHM

1: Input: Data {{(z?,3?)}icn) }oen. o, C, 0.

2: Foreachb € B, 8, < 1 and Binit < {85, }ves-

3: List L < {Binit} and M « .

4: while L # o do

5:  Pick any element 5 in L and remove it from L.

6: alz%mandagz%+64.

7 k,w <~ FINDCLIPPINGPPARAMETER(B, f3, a1, as
{2}, y)) Yiem }ven)

8: Find top approximate unit eigenvector wu of
Covs(Vfb(w, k)).

9:  Foreachbatchb € B, letv® = %Zie[n] |w-z? —y?|
and 9 = V f(w, k) - u.

10: 6y < inf{v: B({b:v® >v}) < a|B|/4 and

01 2 (02 4 (20 4 %)2), 7)
0 % (0% + 16C3E "] +0)7).  (®)

11:  if Varg 5(v%) > c3log?(2/a)6; then

12: NEWWEIGHTS <-MULTIFILTER (B, a, 3, {v*}, 61).
{Type-1 use}
13: Append each weight vector 5 € NEWWEIGHTS

that has total weight 52 > a|B|/2 to list L.
14:  elseif Varp 5(2") > c3log®(2/a)f, then

15: NEWWEIGHTS <~MULTIFILTER(B, o, 3, {0°}, ).
{Type-2 use}
16: Append each weight vector 5 € NEWWEIGHTS

that has total weight 32 > «|B|/2 to list L.
17:  else
18: Append (8, k,w) to M.
19:  endif
20: end while
21: Return M

6.3. Description of the Algorithm

MAINALGORITHM starts with L = [3;,;+, where the ini-
tial weight vector (3;,;+ assigns an equal weight of 1 to
each batch in B. This initial weight vector is nice since
B, = |G|. In each iteration of the while loop, the algo-
rithm selects one of the weight vectors 3 from the list L,
until the list L is empty. Then, it uses the subroutine FIND-

CLIPPINGPPARAMETER on this weight vector (3, which
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returns the values of clipping parameter  and approximate
stationary point of clipped loss as w.

Next, the algorithm uses the MULTIFILTER subroutine on
5. Given a weight vector and a function over batches, as
well as an estimate of the variance of the function for good
batches, this subroutine divides the cluster to produce new
clusters, such that each of them is shorter than the original.

To apply this subroutine, the algorithm first calculates pa-
rameters 61 and 5, which are estimates of the upper bounds
U and U1 in the two regularity conditions for the point w.

If the variance of the mean absolute loss at w for batches
in this weight vector § is much larger than the estimate 64,
namely Varg (v?) > ¢ log”(2/a)6;, the algorithm applies
the MULTIFILTER subroutine for the function v®(w). This
is referred to as a Type-1 use of this subroutine.

If instead, the variance of v® in the weight vector
is small, the algorithm defines a new function on
batches, 7° := Vf’(w, k) - u, where u is a top approx-
imate unit eigenvector of Covg(V f’(w,x)) such that
uTCovs(V fo(w,k))u > 0.5]Covg(Vf*(w,x))|. This
function ©° is a projection of clipped batch gradients along
the direction in which covariance is nearly the highest.
From (5), it follows that variance of this new function o in
good batch collection G will be bounded by U;. If the vari-
ance of ¥ over the weight vector /3 is much larger than es-
timate 05 of Uy, namely Varg (T)b) > ¢5log? (2/)02, then
the algorithm applies MULTIFILTER subroutine for function
¥ (w). This is referred to as a Type-2 use of this subroutine.

When MULTIFILTER is applied to a weight vector, it re-
turns a list NEWWEIGHTS of weight vectors as a re-
sult. The MAINALGORITHM appends weight vectors in
NEWWEIGHTS that have total weights more than «|B|/2
to list L and the iteration terminates. The weight vectors
that have total weights less than «|B|/2 are ignored as they
can’t be nice weight vectors and can not result in any nice
weight vector in future iterations.

If the variances of both v® and #° are small, then the iteration
ends by appending (53, s, w) to M. Next, we argue that M
ends up with at least one nice triplet.

6.4. Finding Nice Triplet

We first show that Type-1 application of MULTIFILTER on a
nice weight 3 only occurs when,

Varg (vb) > c3log?(2/a)Varg (vb) . )

Recall that Type-1 application of MULTIFILTER on (3
takes place when Varg (v%) > ¢3 log?(2/c)6;. From Equa-
tion (6), we have Varg (vb) < U, and Theorem E.1 shows
that for a nice weight vector [ the parameter ¢; upper
bounds Us. Thus, Type-1 use of MULTIFILTER on a nice

weight 3 only takes place when Equation (9) holds.

The subroutine FINDCLIPPINGPPARAMETER returns « and
w for a given weight vector 5. Theorem D.1 in the Ap-
pendix D shows that these parameters w and « satisfy:

1. w is an approximate stationary point for {f°(-, x)}
w.r.t. weight vector /3.

2. (% Eg[b(w)] Vazo) <k < (403 Eg[v®(w)] V azo),
where a1 and as are input parameters of FINDCLIP-
PINGPPARAMETER.

The first guarantee implies that if a triplet (3, x, w) ends in
set M, then it must satisfy condition (c) for a nice triplet.

Theorem E.4 shows that if Type-1 filtering did not occur
for a nice weight vector, then for this weight vector the
range of x specified in the second guarantee of subroutine
FINDCLIPPINGPPARAMETER is a subset of the desired
range (Kmin, Fmax ). Specifically, if for a nice weight vector
B, Varg (v*) < c3 log?(2/a)by, then k € (Kmin, Fmax) and

2(52 wew*)-z |12
U1 §92 g QCTS;;C ( ‘HEDHsl )@l ) (10)
Recall that a triplet (8,kx,w) ends up in M
only when Varg(v®) < cslog?(2/a)f; and
Varg (2°) < c3 log?(2/ )8y are both satisfied.

From the above discussion, it follows that if a triplet

(8, k,w) is in M such that j is nice then & € (Kmin, Kmax)
and it satisfies,

Varg (%) < G log?(2/a) S 4 Enllw—uw) ol )

n

From the definition of % it follows that
[Covg(V fo(w,k))|| < 2Varg(d®). Therefore, for
any triplet (8, x,w) in M such that § is a nice weight
vector, conditions (b) and (d) are also satisfied. This means
that any such triplet is a nice triplet. Finally, it remains to
be shown that M contains at least one triplet with a nice
weight vector, which we do next.

Recall that Type-2 application of MULTIFILTER on a weight
3 only takes place when, Varg(3®) > c3 log?(2/a)6s.
Since for a nice 3, from Equation (10), U; < 65, from
Equation (5), ||Cova(Vf*(w,k))|| < Ui, and from the
definition of ©°, Varg (¢°) < [|Cove (V f°(w, k))||. There-
fore, 6, > Varg ("), and hence Type-2 application on a
nice weight 5 only takes place when,

Varg (%) > ¢3log”(2/a) Varg (2°). (11)

Theorem F.2 in Appendix F states that if Equation (9) holds
for all Type-1 uses and Equation (11) holds for all Type-2
uses when using subroutine MULTIFILTER on nice weight
vectors, then at least one of the triplets in the final list M
will include a nice weight vector. Since we have already
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shown that these two equations hold, it follows that M will
contain a nice triplet. The theorem also shows that the size
of M is at most 4/a? and the total number of iterations of
the while loop is at most O(| B|/a?), implying a small list
size and a polynomial runtime for the algorithm

7. Conclusion

In summary, this paper addresses the problem of linear
regression in the setting when data is presented in batches
and only a small fraction of the batches contain genuine
data. The paper presents a polynomial time algorithm to
identify a small list containing a good approximation of
the true regression parameter when genuine batches have at
least 2(1/c) samples each. By utilizing the batch structure,
the paper introduces the first polynomial-time algorithm for
list decodable linear regression. Additionally, the algorithm
requires a number of genuine samples that increase nearly
linearly with the dimension of the covariates.

SQ lower bounds in (Diakonikolas et al., 2021b) for the
non-batch setting suggests that a polynomial time algorithm
is impossible with batch size 1, and the paper demonstrates
that a batch size of > Q(1/a) is sufficient to obtain a poly-
nomial time algorithm. This poses the question of what the
smallest batch size required is to obtain a polynomial time
algorithm, which is a promising direction for future work.
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A. Related Work

Robust Estimation and Regression. Designing estimators which are robust under the presence of outliers has been
broadly studied since 1960s (Tukey, 1960; Anscombe, 1960; Huber, 1964). However, most prior works either requires
exponential time or have a dimension dependency on the error rate, even for basic problems such as mean estimation.
Recently, (Diakonikolas et al., 2019a) proposed a filter-based algorithm for mean estimation which achieves polynomial
time and has no dependency on the dimensionality in the estimation error. There has been a flurry of research on robust
estimation problems, including mean estimation (Lai et al., 2016; Diakonikolas et al., 2017; Dong et al., 2019; Hopkins
et al., 2020a;b; Diakonikolas et al., 2018a), covariance estimation (Cheng et al., 2019; Li & Ye, 2020), linear regression and
sparse regression (Bhatia et al., 2015; 2017a; Balakrishnan et al., 2017; Gao, 2020; Prasad et al., 2018; Klivans et al., 2018;
Diakonikolas et al., 2019b; Liu et al., 2018; Karmalkar & Price, 2019; Dalalyan & Thompson, 2019; Mukhoty et al., 2019;
Diakonikolas et al., 2019c; Karmalkar et al., 2019; Pensia et al., 2020; Cherapanamjeri et al., 2020b), principal component
analysis (Kong et al., 2020a; Jambulapati et al., 2020), mixture models (Diakonikolas et al., 2020a; Jia & Vempala, 2019;
Kothari et al., 2018; Hopkins & Li, 2018). The results on robust linear regression are particularly related to the setting of
this work, though those papers considered non-batch settings and the fraction of good examples o > 1/2. (Prasad et al.,
2018; Diakonikolas et al., 2019b;c; Pensia et al., 2020; Cherapanamjeri et al., 2020b; Jambulapati et al., 2021) considered
the setting when both both covariate x; and label y; are corrupted. When there are only label corruptions, (Bhatia et al.,
2015; Dalalyan & Thompson, 2019; Kong et al., 2022) achieve nearly optimal rates with O(d) samples. Under the oblivious
label corruption model, i.e., the adversary only corrupts a fraction of labels in complete ignorance of the data, (Bhatia et al.,
2017b; Suggala et al., 2019) provide a consistent estimator whose approximate error goes to zero as the sample size goes to
infinity.

Robust Learning from Batches. (Qiao & Valiant, 2018) introduced the problem of learning discrete distribution from
untrusted batches and derived an exponential time algorithm. Subsequent works (Chen et al., 2020b) improved the run-time
to quasi-polynomial and (Jain & Orlitsky, 2020a) obtained polynomial time with an optimal sample complexity. (Jain &
Orlitsky, 2021; Chen et al., 2020a) extended these results to one-dimensional structured distributions. (Jain & Orlitsky,
2020b; Konstantinov et al., 2020) studied the problem of classification from untrusted batches. (Acharya et al., 2022)
studies a closely related problem of learning parameter of Erd6s-Rényi random graph when a fraction of nodes are corrupt.
All these works focus on different problems than ours and only consider the case when a majority of the data is genuine.

List Decodable Mean Estimation and Regression. List decodable framework was first introduced in (Charikar et al.,
2017) to obtain learning guarantees when a majority of data is corrupt. They derived the first polynomial algorithm for list
decodable mean estimation under co-variance bound. Subsequent works (Diakonikolas et al., 2020b; Cherapanamjeri et al.,
2020c; Diakonikolas et al., 2021a) obtained a better run time. (Diakonikolas et al., 2018b; Kothari et al., 2018) improved the
error guarantees, however, under stronger distributional assumptions and has higher sample and time complexities.

(Karmalkar et al., 2019) studies the problem of list-decodable linear regression with batch-size n = 1 and derive an algorithm
with sample complexity (d/a)°(/ ") and runtime (d/a)01/ a®), (Raghavendra & Yau, 2020) show a sample complexity of
(d/)?/%") with runtime (d/o)©1/*") (1 /)05(1/@)  Polynomial time might indeed be impossible for the single sample
setting owing to the statistical query lower bounds in (Diakonikolas et al., 2021b).

Mixed Linear Regression. When each batch has only one sample, (i.e. n = 1) and contains samples of one of the k regres-
sion components the problem becomes the classical mixed linear regression which has been widely studied (Diakonikolas
& Kane, 2020; Chen et al., 2020b; Li & Liang, 2018; Sedghi et al., 2016; Zhong et al., 2016; Yi et al., 2016; Chaganty &
Liang, 2013). It is worth noting that no algorithm is known to achieve polynomial sample complexity in this setting. The
problem is only studied very recently in the batched setting with n > 1 by (Kong et al., 2020b;a), where all the samples in
the batch are from the same component. (Kong et al., 2020b) proposed a polynomial time algorithm which requires O(d)
batches each with size O(v/k). (Kong et al., 2020a) leveraged sum-of-squares hierarchy to introduce a class of algorithms
which is able to trade off the batch size n and the sample complexity. Both of these works assume that the distributions of
covariates for all components is identical and Gaussian. Since the above problem is a special case of the list-decodable
linear regression, our algorithm is able to recover the k regression components with batch size n = O(k) and O(d) number
of batches. Our algorithms allow more general distributions for the covariates than allowed by the Gaussian assumption
in the previous works. Further, our algorithms allow the distributions of covariates for the different components to differ.
It is worth noting that list-decodable linear regression is a strictly harder problem than mixed linear regression as shown
in (Diakonikolas et al., 2021b) and thus our result is incomparable to the ones in the mixed linear regression setting. Leaning
mixture of linear dynamical systems has been studied in (Chen & Poor, 2022).
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B. Regularity conditions

In this section, we state regularity conditions for genuine data used in proving the guarantees of our algorithm. Before we
proceed we will define upper and lower bounds on the clipping parameter « that are functions of w and other distribution
parameters,

Definition B.1. We define the following upper and lower bounds on the clipping parameter « as a function of w and other
distribution parameters:

Rmax :C’?OQ (\/]ED“'I? : (UJ - U)*)|2} + U)a

Kmin = Max {8\/CEDH$? (w — w*)|2],80}.

Kmax Will be used in this section to define our first regularity condition, while x,;, will be used in Section C for defining a
nice triplet.

Regularity Conditions.

1. For all k < Kax, all unit vectors u and all vectors w

Eo[(V/w,n) - u—EplV/w,x) )] < e St

2. For all vectors w,

1
Eg ||~ lwal =yl —Epllw-af -]

i€[n]

. (a +CEpllw- ! —ym?)
n

The first regularity condition on the set of good batches GG, bounds the mean squared deviation of projections of clipped
batch gradients from its true population mean. The regularity condition requires clipping parameter x to be upper bounded,
with the upper bound depending on ||w — w*|| and o.

As discussed in Section 5, when x — oo, the clipping has no effect, and establishing such regularity condition for unclipped
gradients would require Q(d?) samples. By using clipping, and ensuring that clipping parameter  is in the desired range we
are able to achieve O,, o (d) sample complexity.

Theorem B.1 characterizes the number of good batches required for regularity condition 1 as a function of the upper bound

on K.
Theorem B.1. There exist a universal constant c4 such that for pmax € [1, LC?Z] and |G| = Q(ut . n*dlog(d)), with
probability > 1 — =, for all unit vectors , all vectors w and for all * < pyax(0? + CEp[((w — w*) - 2%)?)),

7

0?2+ CEp[((w — w*) ~:L'l?)2].

Eg[(Vfb(w,n)~u7ED[Vfb(w,/<;)~uD2] <ecy4 (12)

n

We prove the above theorem in Section H.

The second regularity condition on the set of good batches G, bounds the mean squared deviation of average absolute error
for a batch from its true population mean. Theorem B.2 characterizes the number of good batches required for regularity
condition 2.

Theorem B.2. For |G| = Q(n*dlog(d)) and universal constant c; > 0, with probability > 1 — %, for all vectors w,

2
o ZECEnle At
n

1
Eo|{ 23 |w-a® -4 - Epllw-a® —
G n — |w Ly yz| D[|w Z; Yi |]
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Proof. Proof of the above theorem is similar to the proof of Theorem B.1, and for brevity, we skip it. O

Combining the two theorems shows that the two regularity conditions hold with high probability with On,a (d) batches.
Corollary B.3. For |G| > Q¢ (dn2 log(d)), both regularity conditions hold with probability > 1 — C%.
We conclude the sections with the following Lemma which lists some simple consequences of regularity conditions, that we

use in later sections.
Lemma B.4. If regularity conditions hold then

1. For all vectors w and for all kK < Kmax,

02+ CEp[((w — w*) - xb)?]

|Cove (V f*(w, k)| < ca

)

n

2. For all vectors w

1 2+ CE b — yb))?
Varg *Z|wxf—yf| Scz(g * pllw- i = yil] )
n

n
i€[n]

3. Forall G' C G of size > |G|/2,

o0+ CEp[((w—w) -2}’

IE 6 [V f*(w, k)] = Ep[V f*(w,k)]| < V2 NG L

Proof. The first item in the lemma follows as

|Cova (V¥ (w, k)| = max Eg [(Vfb(w, k) u—Eg[VF(w, k) - u])z]

wif|ul[<1

< max Eg[(Vfb(w,fi) 'U—ED[Vfb(w,’f) U])Q}

wlluli<1
02+ CEp[((w — w*) - %)?]

?

= Cy )
n

where the first inequality follows as the expected squared deviation along the mean is the smallest and the second inequality
follows from the first regularity condition.

Similarly, the second item follows from the second regularity condition.

Finally, we prove the last item using the first regularity condition. Let u be any unit vector and Z°(u) :=
(Vfo(w, k) -u—Ep[Vf(w,k)- u])2 Then

ﬁ S 20 u)

beG

=z @)l > Iz W),

> -
|G|

IE[Z°)(u)]| =

=D Z%)‘

beB’

where the first inequality used the fact that Z°(u) is a positive and the second inequality used |G’| > |G|/2. Then using the
bound on || E ¢[Z°(u)]|| in in the first regularity condition, we get

o2+ CEp|((w— w*) -1:}-’)2].

2

IE 6/ [Z°(w)]]] < 2¢4 -

Using the Cauchy—Schwarz inequality and the above bound,

o>+ CEp[((w —w) 2l

Egl[

Vi, k) - u—Ep[Vf (w,k) - ul]] = Early/22(w)] < \/Ea[22(w)] < \/ 24

Since the above bound holds for each unit vector u, we have

02+ CEp[((w —w*) - 2%)2]
" Jn

Ea[|Vf(w, k) —Ep[V o (w, K)]|] < \/204
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C. Guarantees for nice triplet

For completeness, we first restate the conditions a nice triplet (3, x, w) satisfy.
A triplet (8, k, w) is nice if

(a) Bis anice weight vector, i.e. 39 > 3|G|/4.

(b) RKmin S R S Rmax-

(¢) w is any approximate stationary point w.r.t. 3 for clipped loss with clipping parameter x, namely || Eg[V f*(w, x)]|| <
log(2/a)o
8y/na

(d) [|Covs(V £ (w,r))| < c5C? 10g2(2/a)(02+1ED[I(w—'w*)~w?|]2).

n

In this section, we establish the following guarantees for any nice triplets. In doing so we assume regularity conditions hold
for G.

Theorem C.1. Suppose (3, k, w) is a nice triplet, n > max{32¢,CC3,

holds, then ||w — w*|| < O(Csc'%i@m)).

256

[e3

c5C?C3% log?(2/a)} and regularity conditions

In the remainder of this section, we prove the theorem. First, we provide an overview of the proof and state some auxiliary
lemma that we use to prove the theorem.

In this section, we show that for any nice triplet (3, &, w) if ||w — w*|| = Q(o/\/na) then the following lower bound on

clipped gradient co-variance, |[Covg(V f*(w, k))|| > Q(aflw — w*||?) holds. For n = Q(1) and ||w — w*|| = Q(o/v/na)
this lower bound contradicts the upper bound in condition (d). Hence, the theorem concludes that |w — w*|| = O(a /y/na).
To show the lower bound ||Covs(V £ (w, k))|| > Q(a|lw — w*||?), we first show || E p [V f2(w, &)]| = Q(||[w — w*||) —
O(o/+/na) in Theorem C.2. Since ||Ep [V f2(w, k)]|| = || E o[V f*(w, k)]||, the same bound will hold for the norm of

expectation of clipped batch gradients.

When clipping parameter x — oo then V f?(w, k) = V f?(w) and for unclipped gradients, a straightforward calculation
shows the desired lower bound || E p[V f?(w, x)]|| = Q(||w — w*||). However, if & is too small then clipping may introduce
a large bias in the gradients and such a lower bound may no longer hold.

Yet, the lower bound on « in condition (b) ensures that x is much larger than the typical error which is of the order
|lw — w*|| + 0. And when clipping parameter  is much larger than the typical error, it can be shown that with high
probability clipped and unclipped gradients for a random sample from D would be the same. The next theorem uses this
observation and for the case when « satisfies the lower bound in condition (b) it shows the desired lower bound on the norm
of expectation of clipped gradient.

Theorem C.2. [f k > max{8\/CEp[|z? - (w — w*)|2],80}, then

HED[szb(wv’%)” > ——|lw —w"|.

We prove the above theorem in subsection C.1

Since E p[V f(w, k)] = Ep[V fb(w, )], the same bound holds for the clipped batch gradients.

Next, in Lemma C.3 we show that for any sufficiently large collection G’ C G of the good batches || E ¢ [V f°(w, k)]|| ~
IE o[V £*(w, &)]l.

Lemma C.3. Suppose k and w are part of a nice triplet, n > 32c4CC3 and regularity conditions holds, then for all G’ C G
of size > |G|/2,

1 2040’

[E V£ (w, )] = E\Iw—w*ll— Vol
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Proof. From item 3 in Lemma B .4,

B 1910, 1))~ Bl (w, ) < v T CE Rl —w) xi]

< 2c40 n \/204CHU)—7«U*H2||Z||
= n vn

2640 * \/m
< + ||lw — w*| - .
NG NG
Using n > 32646’032,
1 2
|E eV (w,0)] = BV (w, m]l < ol — ™l + ¥ 722

From Theorem C.2, and the observation E p[V f?(w, k)] = E p[V f*(w, k)], we get
3
|ED [V (w,k H_4C’ [lw —w*||.
The lemma follows by combining the above equation using triangle inequality. O

Next, the general bound on the co-variance will be useful in proving Theorem C.1.

b

Lemma C4. For any weight vector 3, any set of vectors z° associated with batches, and any sub-collection of vectors

B C{beB:p" >1/2),

Covp(z®) > 2|B|

||Eﬂ[ 1 -Eml]|*.

The proof of the lemma appears in Section C.2.

In Theorem C.1 we show that since 3¢ > , we can find a sub-collection G’ of size |G|/2 such that for

each b € @, its weight 3* > 1/2. The we use the previous results for B’ = G’ and z = Vf*(w,k) to
el G

get, Cova(V ¥ w, k) = LBV 1 (w, )] — Ear [V w,0)]l| = {GhIEsV f*(w,m)] — Ea[V S 2w, o)) >

SINES[V S (w, k)] — Ear [V £ (w, k)]

From condition (c) of nice triplets we have E5[V f°(w, x)] ~ 0 and from Lemma C.3 we have E¢/ [V f*(w, )] 2 ||w —w*|.

Then from Lemma C.4, we get an upper bound Covs(V f(w, k)) = a - [Jw — w*||%.

As discussed before, combining this lower bound with the upper bound in condition (d), the theorem concludes ||w — w*|| =
O(o/+/na). Next, we formally prove Theorem C.1 using the above auxiliary lemmas and theorems.

Proof of Theorem C.1. Let G’ := {b € G : 8 > 1/2}. Next, we show that |G’| > |G|/2. To prove it by contradiction
assume the contrary that |G’| < |G|/2. Then

N ah b b IG\G’I T (€ e (S
=> p'= Zﬂ+25< 3 +21< +1G'| = == 1G] < 3(G/4,
beG beG\G' beG’ beG\G’ beG’

here (a) follows as the definition of G’ implies that for any b ¢ G’, 3 < 1/2 and for all batches ° < 1. Above is a
contradiction, as we assumed in the Theorem that 3% > 3|G| /4.

Applying Lemma C.4 for B’ = G’ and 2° = V f*(w, ) we have

ICovi (V2 )| 2 5 (1B 97wl = LB 19 £ )’
> L0 (180 7w~ B alY )1
> Z(IEa (VA w )l = [ E sV £ . m)])” (13)
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In the above equation, using the bound in Lemma C.3 and bound on || E [V f®(w, )]|| in condition (c) for nice triplet we
get,

a 1 . 2c40  log(2/a)o 2
||CoVB<Vfb<w7n>>||>4(max{o7203||w—w— Zuo e })

We show that when ||w — w*| < O(%’i@/a)), the above upper bound contradicts the following lower bound in
condition (d),

Cous(¥ (.| < BC1E @I + Ell(w —w) ) _ exC?log’(2/0) (0 + o —w|})

n n

To prove the contradiction assume
lw — w*|| - e log(2/a)o v/2cq0 2./c5Colog(2/a)
—_— X .
8C3 8yna = ymn '’ Vna

Using this lower bound on ||w — w*||, we lower bound the co-variance. Combining the above lower bound on ||w — w*||
and equation (13), we get,

1 2
Ieova (71l = § (e o =l

2 log(2 2
Z Oé( \/%CO’ Og( /Oé) +1||w—w*>

4 N 8C3
2 2
> 3 (B o) & (L)
S c5C?log?(2/a)o? o fw— w*||?
= n 256 (52
S c5C? log?(2/a)o? n c5C? log?(2/a)||w — w*||27
n n

here the last step used n > 226¢5C2C5% log?(2/a).
This completes the proof of the contradiction. Hence,
lw — w*|| < log(2/a)o v/2cq0 2,/c5Colog(2/a)
— < max , , .
8C;  — 8v/na vn Vna

The above equation implies ||jw — w*|| < O(%‘i@). O

C.1. Proof of Theorem C.2
The following auxiliary lemma will be useful in the proof of the theorem.
Lemma C.5. Forany z1 € R, zo > 0 and a symmetric random variable Z,

(Zl —+ Z)ZQ
max(|z1 + Z|, 22)

‘E[(zl L) H < 2021 Pr(Z > 2 — |21

Proof. We consider z; > 0 and prove the lemma for this case. The proof for z; < 0 case then follows from the symmetry
of the distribution of Z around 0.

The term inside the expectation can be expressed in terms of indicator random variables as follows:
(Zl —+ Z)ZQ
max(|z1 + Z|, 22)
:(Zl—|—Z—Zg)-]l(Z>2’2—21)—|—(21+Z+22)~1(Z< —22—21)
:(21+Z—22)-]l(22—21 <ZS22+2’1)+(21+Z—22)'1(Z>22+Z1)+(21+Z+22)~]1(Z< —22—21).

(21 +2) -
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Next, taking the expectation on both sides in the above equation,

(Zl + Z)ZQ
max(|]z1 + Z|, 22)

E (21+Z)—

=E[(z1+Z—2) Lee—2n<Z<z2+2)]+E[(21+ 2 —2)  L(Z > 2+ 21)]
+E[(z1 +Z 4 22) - I(Z < —29 — 21)]
= E[(Z1 + 7 — 22) . ]1(2’2 —n< <z +22)] + 2|Zl‘ PI‘(Z > 29 + 2’1),

where the last step follows because Z is symmetric and z; = |z1] since we assumed z; > 0.

Then,

(21 + Z)ZQ
max(|z1 + Z|, 22)

‘E{(zl +7Z)— ” =E[lz1 +Z — 22| - 122 — 21 < Z < 29 + 21)] + 2|21| Pr(Z > 22 + 21)

<221 |Pr(ze — 21 < Z < 29+ 21) + 2|21| Pr(Z > 20 + 21)
=2|21|Pr(Z > 29 — z1).

Next, using the above lemma we prove Theorem C.2.

Proof of Theorem C.2. Consider a random sample (2%, y?) from distribution D. Recall that n? = 3* — w* - n? denote the
random noise and is independent of x%.

Consider (2% - w — y?)ab — V f?(w, k). the difference between the unclipped and the clipped gradient for the sample:

b b
TP w—y;
(e -w— g)at — VP w, k) = (o w0 — D)t — T
|xi cw — y2| VK
(2 - (w — w*) — nb)
b

i

n) ay, (14)

(w—w*) —nl|VEk

where in the last equality we used the relation between x%, 3% and n®.

Next, by applying Lemma C.5, we get:

b * b
E N A (@7 - (w—w") —n])
D l(xz (’LU w ) nz)xl |l‘b (IU _ w*) _ TL§Z| V K

KT

a:l»’] < 2|acf (w —w")| ~Pr(n§’ > K — |.13$ (w —w*)|),

b
Let Z := 1(|2? - (w — w*)| > k/2). Observe that Pr(n! > r — |(w — w*) - 2%|) < Z + Pr(n! > «/2). Combining this
observation with the above equation, we have:

note that in the above expectation x? is fixed and expectation is taken over n

((w—w*) - 27 —n})
b

i

2

n?| vk

w—w*) -zl —nb) —
ED[(( ) % z) |(w—u)*)-x

nxl?] <2l(w —w*) - 2| - (Pr(n! > k/2) + Z). (15)

When w # w* the bound holds trivially. Hence, in the remainder of the proof, we assume w # w*. Let v := % and
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Zb=1((Ja} - (w — w*)| > £/2) U (Inb| > £/2)). Then, for unit vector v € R?, we have
|Ep[((w-af —y)at = V7 (w,k)) - v
= |Ep[Ep[((w- 2} — yf)a; = V[ (w, k) - vla]]]
<Epl[|Ep[((w-af —y7)ai = Vi (w,x)) - v|27]]l]
%)Ep[ﬂ(w —w*) - xb| - |2l v\(Z—i—Pr(ni-’ > £/2))]
(%) E W(Z +Pr(n! > k/2))
2

(Ep[Z - |(w—w*) - 2?]?] + Pr(n! > k/2)E

@} ),

S Tw—w] plilw = v

(16)

here (a) follows from Equation (14) and Equation (15), and (b) follows from the definition of vector v. Next, we bound the

two terms on the right one by one. We start with the first term:

EplZ - [(w—w") - 2%  (E[(Z)?] - Epl(a? - (w — w*))4) "’
< (E[2]- CEol(a? - (w w>>212)”2
2 (CPrla? - (w—w)| > £/2)" Epl(a? - (w — w?))?),

where (a) used the Cauchy-Schwarz inequality, (b) used the fact that Z is an indicator random variable, hence, Z? =
L4 — L2 hypercontractivity, and (c) follows from the definition of Z.

Applying the Markov inequality to (n%)? we get:
Ep[(n)’] o
Pr[|nl| > r/2] < g
R N T  OT
Similarly, applying the Markov inequality to |z - (w — w*)|* yields:
Epllaf - (w—w")*] _ CEplaf - (w—w*)]*]
Pr|z} - (w —w")| 2 £/2] < < :
(r/2)* (H/ 2)*

where the last inequality uses L4 — L2 hypercontractivity.
Combining Equations (16), (17), (18) and (19), we have

[Ep[((w-af —y)ai — VF (w

Next,
Epl(w-a? —y2)a? o] LEp[((w—w*) -2 — nl)al o]
2 Ep|((w—w") - e})a} - v] - Ep[n}] - Epla! - o]
CEp[((w—w*) - at)a? - 0]
@ Ep[((w—w*)-zb)?]

a7

= Z and

(18)

19)

here (a) follows from the relationship between z?, 3% and n?, (b) follows from as % and n? are independent, (c) uses

E p[n?] = 0 and (d) follows from the definition of v.
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Combining the previous two equations using the triangle inequality:

|Ep[Vf(w, &) -v]| 2 |Epl(w-af —y})zi -v]| — |Ep|((w- 2} —yi)ay — V[P (w, k) - vl

b
((w—w*) -27)

ZED[ 2}(1—540Epwfmw—wwﬂ+oﬂ>

o —w]
_ap*) . 0)2

zED[““’ w>*xl>}<11>
o —w] 1

> 3w L2 3 ey,

— 4 Cs 404

here the second last inequality follows from lower bound on x.

The theorem then follows by observing,
3 .
IE [V F (w, )] > ﬁﬁi‘l'ED[vﬁ(w’ k) -ull 2 |Ep|Vf} (w, k) - v]| il

C.2. Proof of Lemma C.4
Proof. Note that

ﬁb
|Covi(2")|| = /B*(Zb —Es[2"])(z" —E[z"])T
beB
B
> ﬁ*(z E 5[2"]) (2" — E g[2"])T
beB’
@ 1 b b bI\T
beB’
Q 1 / b bI\T
> MMB |(E 5/ [2°] —Eg[z"])(E B []12°] — E 3[2")7||
— LIS - Ea 1P

where (a) used 3° > 1 /2 for b € B’ and the trivial bound 3% < | B| and (b) follows from the fact that any Z,

S (2= 2)(" - 2)

beB’

> |8 |(E sl - 2) (B pl] - 2)7||

We complete the proof of the lemma by proving the above fact.

S (- 2)(h - 2)T

beB’

S -Ep[+Ep[] - 2)(" ~Epl!| +Ep e - 2)T
be B’

LIS -Ep ) —Ep[?)T + (B[] - 2)(Ep["] - 2)7)

beB’

2B B '] - 2)E ] - 2)7

)

here (a) follows as Y, 2* = |B'|E p/[2°] and hence, 3",/ (2 — E g/ [2°)(E g/ [2] — 2)T = 3,5 (E [2%] —
Z)(2* — E 5/[2*])T = 0, and (b) follows as (2* — E p/[2°]) (2" — E p:[2%])T are positive semi-definite matrices.

O
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Algorithm 2 FINDCLIPPINGPPARAMETER
1: Input: Set B, 8, 0, a1 > 1, ap data {{(z?, 4" }ic(n) }oe-
20 K4 00
3: while True do
4. w, < any approximate stationary point of clipped losses {f’(-,x)} w.rt. weight vector 3 such that

1 a)o
| Eslf(we, w]l| < 83Lde

Knew max{alx/IEg[fb(wm k)], aga}.
if Kpew > k/2 then
Break
end if
9: K 4 Kpew
10: end while
11: Return(k, wy)

D. Subroutine FINDCLIPPINGPARAMETER and its analysis

Theorem D.1. For any weight vector 5, a1 > 1, and as > 0, Algorithm FINDCLIPPINGPARAMETER runs at most
i |yl . . .
log ((’) (%)) iterations of the while loop and returns k and w,, such that

1. w, is a (approximate) stationary point for { f*(-, )} w.r.t. weight vector (3 such that

IE 5[/ (wy, w)]| < 82L2)e.

2. max{a“/E,g[fb(wmn)],agcr} <k < 2max{a1 Eg[fb(wmn)},aga}.
3. maux{%1 Es [% i lwn -2} = yf\} , aga} <k < max{4a% Eg {% > i |wn - xb — yf|}7a20}.

Proof. First, we bound the number of iterations of the while loop. Since w, is a stationary point for f°(., k), hence its
will achieve a smaller loss than w = 0, hence Eg[f’(wy, k)] < Eg[f°(0,x)]. And, since the clipped loss is smaller
than unclipped loss, Eg[f*(0,%)] < Eg[f*(0)] = Es[5; 3cpn(¥7)?] < max;p(y?)?. Therefore after the first iteration
Kk < max{a1 max; p |yf|7 aga}. Also in each iteration apart from the last one x decreases by a factor 2 and k can’t be

a1 max; \y?\))

smaller than aso. Hence, the number of iterations between the first one and the last one are at most log( v

R b
Therefore the total number of iterations are at most log(%’;”lyil)) + 2.

The first item follows from the definition of w,; in the subroutine FINDCLIPPINGPPARAMETER.

Next to prove the lower bound in item 2 we prove the claim that if in an iteration x > max{al E g[f*(ws, &)], aga} then
the same condition will hold in the next iteration.

The condition K > max{am/Eg[fb(wmn)],aga} in the claim implies that kK > Kpew. Then from the defini-

tion of clipped loss, for each w and each b we have fb(w,x) > f%(w,Knew). It follows that Eg[fb(w,, k)] >
Es[f*(wy, fnew)]. And further w,, is stationary point for f°(.,Kyew), hence it will achieve a smaller loss,
E,B [fb(wmww y Hnew)] < Eﬂ [fb(wm Knew)]~ Therefore, ]EB [fb(wﬁnew ; ’fnew)] < Eﬁ [fb(wm 5)] Hence, Kpew =

max{als /E g f*(wy, k)], aga} > max{al VES[f (W, s Bnew)]s aza}. This completes the proof of the claim.

Since the initial value of k is infinite the claim must hold in the first iteration, and therefore in each iteration thereafter.
Therefore it must hold in the iteration when the algorithm terminates. This completes the proof of the lower bound in item 2.

The upper bound in the second item follows by observing that when the algorithm ends £ < 2kpe and Kpew =

a1/ Eg[f(we, k)] + azo.
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Finally, we prove item 3 using item 2. We start by proving the lower bound in item 3. From the lower bound in item 2, we have,

K > az0. Then to complete the proof of the lower bound in item 3, it suffices to prove k > 4 Eg % Zie[”] |w,, - b — y? |} .

To prove this by contradiction suppose x < % Eg [% > ieln] |w,, - 2% — y?||. Then

E 5[f* (we, 1))

1
=Eg5|= bw,
8 ng[]fz(w,li)

1 " 2
— LS Bt ot ol <o I g at il > 0 (st =t - )]
1€[n]
1 Lzl — )2 Ll g0
> (EﬁKlﬂwm-x?—yﬂS/@)'(wﬁ I; w) }+E,6[]l(|wﬁ~x?—yf|>m).(’i|w"’ ;Z y%))D
1€[n]
@1 b b b b b
2%ZEB[M\WR'%*y¢|§i€)'|wn'$i*yz +*ZE5 (Jwe - 22 —y?| > ) - Jw, - 22 — 4]
i€[n] i€[n]
(>b)1 lZIE [1(Jw cxb =t <R)-|w ~xl77yl-’|] +—Z]E 1L(|lwe - 22 — 98| > k) - |w 'mb—ybﬂ
=9 ne[] B K i il = K i i B K i k"L A

1€[n]

© k(1
2SS B aunat — g < )t = g2l] | o S Ba[U(w e at — gt > ) w2 = ]
1 i€ln] i€[n]

@ g
>

Y Es[L(we-a? =il <w)-fwe- 2] =5 l] +Eg[L(lwi -2 — 47| > K) - w2} —y71])

K 1
:gEﬁ gz w2} — 4|
1 i€[n]

@ K

>

=2 (20)
here (a) and (b) follows the Cauchy-Schwarz inequality, (c) and (e) follows from our assumption K <
YU Eg [% et Iwe - 2} — yf\] and (d) follows since a; > 1.

This contradicts the lower bound k > aj\/Eg[f(wk,k)] in item 2. Hence we conclude, & >

G Es [%L i [ xb — b \] . This completes the proof of the lower bound in item 3.

Next, we prove the upper bound in item 3. We consider two cases. For the case when a1 +/E g[f?(ws, )] < aso then upper
bound in item 3 follows from the upper bound in item 2. Next we prove for the other case, when a1 /E g[f?(wy, k)] > az0.
For this case item 2 implies E [ f*(w,, k)] > %.

1

Next, from the definition of f°(w, ),

1 1
E [ (1, ) LS )| <Ba | slwecat gl <wEs| TS fweat o). @D
zE[n 1€[n] i
Combining the above equation and E 5[ f®(wy, )] > 4”2,We get,
K2 1
m <rkEg n Z |wn'5ﬂ?*y§)|
i1€[n]
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The upper bound in item 3 then follows from the above equation. O

E. Correctness of estimated parameters for nice weight vectors

b

For batch b € B, let v*(w) := * Diem v 2% — y?|. Since w will be fixed in the proofs, we will often denote v°(w) as v°.

n

In this section, we state and prove Theorems E.1, E.2 and E.4. For any triplet with a nice weight vector, Theorem E.1
ensures the correctness of parameters calculated for Type-1 use of MULTIFILTER. For any triplet with a nice weight vector,
Theorem E.4 ensures the correctness of parameters calculated for the case when it gets added to M or goes through Type-2
use of MULTIFILTER. Theorem E.2 serves as an intermediate step in proving Theorem E.4.

Theorem E.1. In Algorithm 1 if the weight vector (3 is such that 3% > 3|G|/4, n > (16)?coC, and Theorem B.2’s
conclusion holds, then for any w, the parameter 01 computed in the subroutine satisfies

2 L
N )
n

where co is the same universal positive constant as item 2 in Lemma B.4.

b g0
Proof. To prove the theorem we first show that 6 calculated in the algorithm is > W ~ 35

Let MED denote median of the set {v® : b € G'}. From Theorem B.2 and Markov’s inequality, it follows that

3

IMED — Ep[jw - 2% — y?[]] < 2\/CQ<

Epllw-2? -y o
L t 4+ . 22
= g SVC @2)

where the last inequality uses n > (16)?coC. It follows that

o2+ CEpllw 2t — 12)
n

TEpllw-af —y]] o

MED > .
- 8 8/C

Then to complete the proof we show that MED < 6. Note that

> ﬁbg\{beG:vb<MED}|<g.

beG:v® <MED
Then,
G 3|G G G
) DITED SN B D DI L S
be B:v® >MED beG:wP>MED beG beG:v? <MED

And since from the definition of 6y, we have Zb:vb>90 B’ < a|B|/4 < %, it follows that MED < 6.

Therefore, 6y > w — %. The lower bound in the theorem on #; then follows from the relation between 6,

and 0. O]

. .. . (32)2¢3c2C log?(2/a) 2
Theorem E.2. Suppose regularity conditions holds, and 8, w and n satisfy n > max{ - ,(16)%c2C'Y},
B¢ > 3|G|/4, and

Varg (vb(w)) < ¢3log? (2/a)by,
then

w— W) - b
3Ep[|( . ) 1]—U§E5[Ub(w)]§ 3

AE p[|(w —w*) - af]]

+ 20.
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In proving Theorem E.2 the following auxiliary lemma will be useful. We prove this lemma in Subsection E.1.

Lemma E.3. Let Z be any random variable over the reals. For any z € R, such that Pr[Z > z] < 1/2, we have

z— P\r/[aZr(ZZ)z] <E[Z] < z++/2Var(Z).

and forall z € Z,

Var(2)
|E[Z] - Z| < \/min{Pr[Z < Z},PY[Z > Z],0.5}.

Now we prove Theorem E.2 using the above Lemma.

Proof of Theorem E.2. Let MED denote median of the set {v® : b € G'}. In Equation (23) we showed,
b < |Gl
> —.
> el
be B:w® >MED
Hence,

ZbEBzvaMEDBb > ‘Gl > g
pB 4Bl T4

Similarly, by symmetry, one can show

ZbEB:vbgMED Bb > g
BB — 4
Then from the second bound in Lemma E.3,
4V b
B o] - MED| < /Y2l (24)
@
From Equation (22), the above equation, and the triangle inequality,
4Varg[v?]  Eop[lw- 2t — 2] o
E 20 — E L2l b < B L L . 25
|Ep[v’] —Ep[lw- a7 —yl]] < o T 3 t 5/ (25)

Next, from the definition of 6, we have -, v~o 8 > a|B|/4and 37, -4, B° < a|B|/4. Then

Zb:ubzag B > a|B| > a|B] N

BB T 4B T 4B T 4
and
b
Spurson B _alBl _alBl _ _alB_ _1
BB 4pB = ABY T A(3|G|/4) T 3
Then from the first bound in Lemma E.3,
4 b
0o — Vi"#m < E4[). (26)

In this lemma, we had assumed the following bound on the variance of v?,

Varg[v®] < e3log?(2/a)6;.
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Next,
Varg[v?] < G log®(2/a)0:  e3log”(2/a)ea(0? + (2V/COy + 0)?) < (0% +4C63 + 202) o? n ﬁ

o - o no 322C ~ 256C 256’

here the equality follows from the relation between 6 and 6; and the first inequality follows as n > (32)20032 log*(2/a)

Then

Var[v®] \/ o2 63 o 6o o 1 b Varg[v?]
< Y0 - e 2 L& o4/ ~2Lsl]
\/ o V6o T256 STove 16 S 1ove 16\ Tl a )

here the second inequality used v/a? + b2 < |a| + |b| and the last inequality used (26). From the above equation, it follows
that

Varz[v?] o 1 b
< + —E3[v’].
o “iaye Tl

Combining the above bound and Equation (25)

1 Epljw -zt —y?] o
Es/0] — Epllw- 2 — yb[]] < —— + = E 5[v*] + —2 st 4 .
From the above equation it follows that
49E pllw - ) — y} 1 UEpflw -2t — ¢
9 DHIU Ly y’LH _ o0 SEB[Ub]S DHU) g yz” 4 50 . (27)
64 64vC 16 16vC

Finally, we upper bound and lower bound E p[|w - 2% — y?|] to complete the proof. To prove the upper bound, note that,
Epllw-af - y;[] = Epl|(w —w*) - 27 — nf|] < Ep[|(w — w*) - 27| + Ep|[n}[] < Epl|(w — w*) - z{|] + o,

i

here the last inequality used IE p[|n?|] < \/E p[[n?|2]. Combining the above upper bound with the upper bound in (27) and
using C' > 1 proves the upper bound in the lemma. Similarly, we can show

Epllw-a; || > Epll(w - w") - a7]] - o,
Combining the above lower bound with the lower bounds in (27) and using C' > 1 proves the lower bound in the lemma. [

(2 eseaClog’2/e) (16)2¢,C7,

Theorem E.4. Suppose regularity conditions holds, and 8, w and n satisfy n > max{
B¢ > 3|G|/4, and

1
Varg | — Z jw-al —y?| | < eslog?(2/a)by,
1€[n]

then for k, w returned by subroutine FINDCLIPPINGPARAMETER and 05 calculated by MAINALGORITHM, we have

2 o ®Y). b2 2, 2 o ®Y).b 2 . L o
1. 42 +OEp[(wow’)-z;)’] < gy < ©C (O HEp[[(w=w)-/]) \here ¢4 s the same positive constant as in item 1 of

n n
Lemma B.4 and cg is some other positive universal constant.

2. max{8y/CEp[[z? - (w —w*)[?],80} < k and k < C7C2<\/ED[|(E% (w —w*)|?] + O'), where c7 is some other

positive universal constant.

Note that the range of « in item 2 of the above Theorem is the same as that in (b).

In proving the theorem the following lemma will be useful.
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Lemma E.5. For any vectors u, we have

Ep[lu-a??
Eolle <R ol all) < Bl 2t

We prove the above auxiliary lemma in Section E.2 using the Cauchy-Schwarz inequality for the upper bound and L4 — L2
hypercontractivity for the lower bound.

Next, we prove Theorem E.4 using the above lemma and Theorem E.2.

Proof of Theorem E.4. We start by proving the first item. For convenience, we recall the definition of 65 in (8),
0, = % (02 +16C* (B [t"] + 0)°).
The upper bound in the item follows from this definition of 65 and the upper bound on E [v?] in Lemma E.2.
Using the lower bound bound on E 5[v?] in Lemma E.2 and definition of 65,
b2 > (0 +9C?Ep[|(w — w*) - 2b[]?) > % (02 + 3C?Ep[|(w — w*) - 2?}7]),
where the last step used Lemma E.5. This completes the proof of lower bound item 1.

Next, we prove item 2. From Theorem D.1,
max{% Es [% e 0wt — yf|} yag0 ¢ < K < max{4a% Eg [% i w2t — yﬂ} ’ CLQO'}.
Since for any a,b > 0, (a + b)/2 < max(a,b) < a + b. Then from the above bound,
% Es [% Z‘e[n] |wp gji’ — yfq + % <k < 4a% Es [% Zie[n} |wy xi’ — yf|] + aq0.
Using the bound on E 3[v®] in Lemma E.2 in the above equation

o (2Eelltereteill o) 4oz < o < o (AElleewl 4 95 4 gy

0[Q

Using Lemma E.5, and the above equation,

a * az—ay)o 6a? "
ot VEpl|(w — w?) -2 2] 4 G2 < < F8 Ep[[(w — w*) - 2l + (8a} + a)o.

The upper bound and lower bound in item 2 then follow by using the values a; = M and ay = %4 + 64. O

E.1. Proof of Lemma E.3
Proof of Lemma E.3. We only prove the first statement as the second statement and then follow from the symmetry.

We start by proving the upper bound in the first statement. We consider two cases, E[Z] < z and E[Z] > z. For the first
case, the upper bound automatically follows. Next, we prove the second case. In this case,

Var(Z) = E[(Z — B[Z))"] 2 E[1(Z < #)(Z — E[Z])?] 2 BL(Z < 2)(= — E[2])?] = Pr[Z < 2)(= — E[Z])".
Then using Pr[Z < z] =1 —Pr[Z > z] > 1/2, we get

(-~ E[2)?

Var(Z) > 5
The upper bound from the above equation.

Next, we prove the lower bound. Again, we consider two cases, E[Z] > z and E[Z] < z. For the first case, the lower bound
automatically follows. Next, we prove the second case. In this case,

Var(2) = E[(Z — E[2))’] > E[1(Z > 2)(Z — E[2))?] 2 E[I(Z > 2)(= — E[2))"] = P1(Z > 2( ~ E[Z])",
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from which the lower bound follows.

By symmetry, for any z € R, such that Pr[Z < z] < 1/2, one can show that

Var(Z)

2Var(Z) <E[Z] <z + PriZ < o'

Since for any z, either Pr[Z > 2] < 1/2 or Pr[Z < z] < 1/2, Hence, either the first bound in the Lemma or the above
bound holds for each z, therefore for any z € R,

Var(Z Var(Z
— < <
z max{ A Z>z , V2 Var(Z } E[Z z—|—max{ Pz <4l Z<z .V 2 Var(Z }
The second bound in the lemma is implied by the above bound. O

E.2. Proof of Lemma E.5

Proof of Lemma E.5. The upper bound on E p[|u - 2%|] follows from the Cauchy-Schwarz inequality,

Epllu-af]] < \/Epllu-«}?] < [T < 1.

Next, we prove the lower bound. From Markov’s inequality

Ep[fl - ull’] 1
AC* (B p(fl7 - ul|?])* ~ 4C

Pro(flaf - ul]* > 2CEp[|laf - ul®]] = Pro[|la} - ull* > 4C*(E p[l|27 - ul|*])*] =

where the last step uses L4 — L2 hypercontractivity.

Then, from the Cauchy-Schwarz inequality,

pllaf - ul® - L(lla7 - ull® > 20 Ep[fla7 - ul*])] < \/]ED[]I(H»T? ‘ull> = 2CEpl|la? - ull’])] - Epll|z? - ul|’]

< Proflet -l > 2CE plla? - ull2] - CE [} - w2
< S Eplllet - ul?]
Then,
Epllad - ull? - L(la? - ull? < 2CEp(a! - ul)] = Enllle} - ul’] ~ Eplla? - ull? - 1(la? - ull* > 2C B[z - )
1
> LE et -ull?)

Next,

Ep[laf - ul® - 1(||27 - ul* < 2CEpll|2} - u]*])]

<Ep [nxs ull - \[20Epllla? - ull?) - 1(|la? - ul]* < 20 E (e - ul?)

< \2CEp[lla? - ull?) - Ep[lla - ul].

Combining the above two equations we get

olllzt - uf] > Ep[l|2? - ul]?] _ ED[II%?'UIIZ]'
! " 2¢/2CEp[||2? - u?] 2v2C
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F. Multi-filtering

In this section, we state the subroutine MULTIFILTER, a simple modification of BASICMULTIFILTER algorithm in (Di-
akonikolas et al., 2020Db).

The subroutine takes a weight vector 3, a real function z® on batches, and a parameter 6 as input and produces new weight
vectors.

This subroutine is used only when:
Varg 5(2°) > c3log®(2/)0, (28)

where c3 is an universal constant (Same as 2 * C, where C' is the constant in BASICMULTIFILTER algorithm in (Diakonikolas
et al., 2020b)).

When the variance of z° for good batches is smaller than 6 and the weight vector 3 is nice that is 3 > 3/4|G/, then at least
one of the new weight vectors produced by this subroutine has a higher fraction of weights in good vector than the original
weight vector .

Algorithm 3 MULTIFILTER
Input: Set B, a, 3, {2°}pep, 0. {Input must satisfy Condition (28)}
Leta =inf{z: Y, ., B° <aBP/8}andb=sup{z: Y, +. B° < aBP/8}
Let B'={be B:2"€[a,b]}
. b c3 log?(2/a)6
if Varp: 5(27) < ==55"== then
Let f° = min, (44 |2° — 2|% and the new weight of each batch b € B be

e = (1 - maxfib)ﬁb (29)

0
beB:gb>of

NEWWEIGHTS < {frew }
else
Find 2 € Rand R > O such thatsets B’ = {b€ B : 2" > z — R} and B” = {b € B : 2’ < z + R} satisfy

(B5)2 + (B5")? < (8P)?, (30)

and

min(1 - G, 1 - 2 ) > 15D, 31)

{Existence of such z and R is guaranteed as shown in Lemma 3.6 of (Diakonikolas et al., 2020b).}
Foreachb € B,let 32 = 3° - 1(b€ B')and 35 = 8° - 1(b € B"). Let B1 = {8 }pep and Bo = {BS}ren.
NEWWEIGHTS « {f1, 82}

end if

Return(NEWWEIGHTS)

In BASICMULTIFILTER subroutine of (Diakonikolas et al., 2020b) input is not restricted by the condition in Equation (28).
However, when input meets this condition BASICMULTIFILTER and its modification MULTIFILTER behaves the same.

Therefore, the guarantees for weight vectors returned by MULTIFILTER follows from the guarantees of BASICMULTIFILTER
in (Diakonikolas et al., 2020b). We characterize these guarantees in Theorem F.1.

Theorem F.1. Let {2°},cp be collection of real numbers associated with batches, (3 be a weight vector;, and threshold
6 > 0 be such that condition in (28) holds. Then MULTIFILTER(B, 3, {2°}1c 5, 01) returns a list NEWWEIGHTS containing
either one or two new weight vectors such that,

1. Sum of square of the total weight of new weight vectors is bounded by the square of the total weight of B, namely

> (BP)? < (8P (32)

EeNEWWEIGHTS
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2. In the new weight vectors returned the weight of at least one of the weight vectors has been set to zero, that is for each
weight vector § € NEWWEIGHTS,

{b:5°>0}c{b: 8" >0}, (33)

3. If weight vector (3 is such that 3¢ > 3|G|/4 and for good batches the variance Varg(z®) < 6 is bounded, then for at
least one of the weight vector 3 € NEWWEIGHTS,

BG_@GgﬁB_ﬁB. 1 .
BG BB 241log(2/a)

(34)

Proof. When the list NEWWEIGHTS contains one weight vector it is generated using Equation (29), and when the list
NEWWEIGHTS contains one weight vector it is generated using Equations (30) and (31). In both cases, item 1 and item 2 of
the Theorem follow immediately from these equations. The last item follows from Corollary 3.8 in (Diakonikolas et al.,
2020b). O

F.1. Guarantees for the use of MULTIFILTER in Algorithm 1

The following Theorem characterizes the use MULTIFILTER by our algorithm. The proof of the theorem is similar to the
proofs for the main algorithm in (Diakonikolas et al., 2020b).

Theorem F.2. At the end of Algorithm I the size of M is at most 4/ and the algorithm makes at most O(|B|/a?) calls to
MULTIFILTER. And, if for every use of subroutine MULTIFILTER by the algorithm we have Varg(z®) < 0 then there is at
least one triplet (3, w, k) in M such that 3¢ > 3|G|/4.

Proof. First note that the if blocks in Algorithm 1 ensures that for every use of subroutine MULTIFILTER Equation (28) is
satisfied, therefore we can use the guarantees in Theorem F.1.

First we upper bound the size of M.

The progress of Algorithm 1 may be described using a tree. The internal nodes of this tree are the weight vectors that
have gone through subroutine MULTIFILTER at some point of the algorithm, and children of these internal nodes are new
weight vectors returned by MULTIFILTER. Observe that any weight vector S encountered in Algorithm 1 is ignored iff
BB < a|B|/2. If it is not ignored then either it is added to M (in form of a triplet), or else it goes through subroutine
MULTIFILTER.

It follows that, if a node (3 is an internal node or a leaf in M then

pP > alB|/2. (35)

From Equation (32), it follows that the total weight squared for each node is greater than equal to that of its children. It
follows that the total weight squared of the root, [, is greater than equal to the sum of the square of weights of all the
leaves. And since all weight vectors in M are among the leaves of the tree, and have total weight at least «| B| /2,

o|B|
(Bige)? > Z (87)? > Z (T)Qa

BeEM BeEM

here the last step follows from Equation (35). Using 32, = | B/, in the above equation we get |M| < 4/a2.

nit
Similarly, it can be shown that the number of branches in the tree is at most O(1/a?). Item 2 in Theorem F.1 implies that
each iteration of MULTIFILTER zeroes out the weight of one of the batches. Hence for any weight 3 at depth d, we have
BB < |B| — d. Therefore, the depth of the tree can’t be more than | B|. Hence, the number of nodes in the tree is upper
bounded by O(|B|/a?). And since each call to MULTIFILTER corresponds to a non-leaf node in the tree, the total calls to
MULTIFILTER by Algorithm 1 are upper bounded by O(|B|/a?).

Next, we show that if for each use of MULTIFILTER we have Varg(zb) < 0 then one of the weight vector 8 € M must
satisfy 8¢ > 3|G| /4.
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Let By = Binit and suppose for each 4, weight vectors ; and [3; 1 are related as follows:

G _ G B _ 3B
B — Bita _ B — Bita 1

55 ST pPF adlog@ja) 0

Then Lemma 3.12 in (Diakonikolas et al., 2020b) showed that under the above relation, for each i, we have 3¢ > 3|G|/4.

We show that there is a branch of the tree such that 3; and ;1 are related using the above equation, where for each 4, j3;
denote the weight vector corresponding to the node at i*" level in this branch. From the preceding discussion, this would
imply that for each i, & > 3|G|/4.

We prove it by induction. For ¢ = 0, we select 3; = Bini.. Note that B-G |G

init

, hence 8¢ > 3|G|/4.

If 3; is a leaf then the branch is complete. Else, since 6ZG > 3|G|/4, item 3 in Theorem F.1 implies that we can select one of
the child of 5; as 5;+1 so that (36) holds. Then from the preceding discussion, we have Bﬁrl > 3|G|/4. By repeating this
argument, we keep finding the next node in the branch, until we reach the leaf. Next, we argue that the leaf at the end of this
branch must be in M.

Let /3 denote the weight vector for the leaf. From the above discussion, it follows that 3 > 3|G|/4. Hence, 5% > 8¢ >
3|G|/4 > 3«a|B|/4 > «|B|/2.

As discussed earlier any leaf 3 is not part of M iff 32 < a|B|/2. Hence, the leaf at the end of the above branch must be in
M. This concludes the proof of the Theorem. O

G. Eliminating Additional Distributional Assumptions

In this section, we discuss how we can remove assumptions 2 and 5 regarding the distribution of data in Section 2 of the
main paper. We demonstrate that our results can still be achieved without these assumptions.

Assumption 2 states that there exists a constant C; > 0 such that for random samples (22, y?) ~ D, we have ||z?|| < C1v/d
almost surely. In the non-batch setting, Cherapanamjeri et al. (2020) (Cherapanamjeri et al., 2020b) have shown that this
assumption is not limiting. They have proven that if other assumptions are met, then there exists a constant C; such that
the probability of [|22| < C1+v/d exceeds 0.99. Thus, discarding the samples where ||z%|| > C;+/d does not significantly
reduce the dataset’s size. Additionally, it has minimal impact on the covariance matrix and hypercontractivity constants of
the distribution This reasoning can be easily extended to the batch setting. In the batch setting, we first exclude samples
from batches where ||z?|| > C+v/d. We then remove batches that have been reduced by more than 10% of their original
size. Since, on average, this operation would remove < 1% of samples from genuine batches, a simple argument using the
Markov inequality shows that the probability of removing a genuine batch is at most 10%. It can be demonstrated that with
high probability, the fraction of genuine batches that are removed for any component is < 10%. Therefore, assumption 2
regarding data distribution is not required, and this simple procedure can be used to enforce assumption 2, resulting in a
decrease in batch size and « by at most 10%. Consequently, the guarantees in our theorem are altered by only a small factor.

Assumption 5 states that the noise distribution is symmetric. We can address this by employing a simple technique. Let’s
consider two independent samples (x?,%?) and (2}, ,y?,,), where y? = w* - 2 + nf for j € {i,i + 1}. We define
= (2t — 2l )/V2 3 = (v —yb)/V2 and 2l = (nb — nb, ;) /V/2. Since n? and nb, , are i.i.d., the distribution of
7% is symmetric around 0 and the variance of 7? matches that of n?. Moreover, the covariance of 7% is the same as that of
xb, and we have §? = w* - 2 + @ib. Therefore, the new sample (72, 71%) obtained by combining two i.i.d. samples (z?,y?)
and (2%, ,,y?,) in a batch satisfies the same distributional assumptions as before, and in addition, ensures a symmetric
noise distribution. We can apply this approach to combine every two samples in a batch, which only reduces the batch size
by a constant factor of 1/2. Thus, the assumption of symmetric noise can be eliminated by increasing the required batch
sizes in our theorems by a factor of 2.

H. Proof of Theorem B.1

In Section H.1, we state and prove two auxiliary lemmas that will be used in proving Theorem B.1, and in Section H.2, we
prove Theorem B.1.

We will use the following notation in describing the auxiliary lemmas and in the proofs.
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Let S := {(2%,9?) : b € G,i € [n]} denote the collection of all good samples. Note that |S| = |G|n.

IR
For any function h over (z,y), we denote the expectation of h w.r.t. uniform distribution on subset S’ C S by
h(zb,y?
Es [h(x?,97)] = 2 at ypyes (Téf@\/')-

H.1. Auxiliary lemmas

In this subsection, we state and prove Lemmas H.1 and H.2. We will use these lemmas in proof of Theorem B.1 in the
following subsection.

In the next lemma, for any unit vectors u, we bound the expected second moment of the tails of |z? - u/, for covariate % of a
random sample from the distribution D.

Lemma H.1. For all 0 > 1, and all unit vectors u € R,

=[5

1
Prpfa? - ull® = VO] < 5 and Ep[1((ja? - ul* = V) - [l2? - u]] <

Proof. The first part of the lemma follows from Markov’s inequality,

Ep(fl - ull']
C?

where the last step uses L4 — L2 hypercontractivity. This proves the first bound in the lemma.

Profl|z; - ul* > VO8] = Pro[l|z7 - ul|* > C6°] = <

1
972)

For the second bound, note that

EplL(le! - ull? = VT0) - la? - ]2 € \/ED[IL(H»T? ~ul|? > VCOO)] - Eplllz} - ul/]

(b)
< \/Prv[llwi-’ ~ull? = VCO] - CEp|la} - ul?]?

© +/C
< TED[H%?'U”QL

here (s) follows from the Cauchy-Schwarz inequality, (b) uses L4 — L2 hypercontractivity, and (c) follows from the first
bound in the lemma. O

In the next lemma, for any unit vectors u, we provide a high probability bound on the expected second moment of the tails
of |2% - u|, wheres ¥ are covariates of samples in good batches G.

i

Lemma H.2. For any given 0 > 1, and |G|n = Q(d6? log(%)), with probability at least 1 — 2/d?, for all unit vectors u,

Es[1(llz? ul? > 3VC0) -t - ul?] < o(f)

The following lemma restates Lemma 5.1 of (Cherapanamjeri et al., 2020a). The lemma shows that for any large subset of
S, the covariance of covariates x? in S is close to the true covariance for distribution D of samples. We will use this result
in proving Lemma H.2.

Lemma H.3. For any fix 6 > 1, and |G|n = Q(d0? log(df)), with probability at least 1 — 1/d? for all subsets of S’ C S
of size > (1 — 4)|S|, we have

2_O<Vf> T Esfal(a)T 52+0<?> B

Remark H.1. Lemma 5.1 of (Cherapanamjeri et al., 2020a) assumes that hypercontractive parameter C'is a constant and its
dependence doesn’t appear in their lemma but is implicit in their proof. hides/ignores its dependence.

The following corollary is a simple consequence. We will use this corollary in proving Lemma H.2.
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Corollary H4. For any fix 0 > 1, and |G|n = Q(d6? log(df)), with probability at least 1 — 1/d? for all subsets S’ C S of
size < \% and all unit vectors u, we have

157 Ve

Proof. Consider any set S’ of size < %. Since |5\ S’ > (1 — 35)|S], applying Lemma H.3 for S\ S and S,

>-0 <\/f> I 2 E g\ g[2?(2))7],

and
Es[zl(z!)T] xS+ 0 <\/f> 1.
Next,
B slol(e)] = o Elat(a)T] + P B et (at))

= S| Es/[a7(27)T] = |S| E s[x(2)T] =[S\ §'| E s\ [27 (27)T)).

Combining the previous three equations,

|S’|ES’[$£‘J($?)T] < |S|<Z—|—O<\/06> .[) _ |S\S/|<E_O<\/95> -I)

SN2+ (S| + |S\S’|)O<\/f> I= 5|E+2ISIO<‘@> I 35|0<Vf> T

where the last line used ¥ < 1, |S’| < [S|/6?, C > 1,and 1/6? < 1/0 for 6 > 1.
Finally, observing that for any unit vector uT E g/[2?(2?)TJu = E g/ [(2? - u)?] completes the proof. O

Now we complete the proof of the Lemma H.2 with help of the above corollary.

Proof of Lemma H.2. From Lemma H.1 we have Ep[1(]|2? - u[> > /C0)] = Pr[||z? - ul|*> > VC0] < & Applying
Chernoff bound for random variable 1(||2% - ul|? > v/C#),

PrlEslilad - ul? > VOO < 5| =Pr| 1 3 1letulP > V) < 5 | < o4t ).
(i,b)eS

Hence, for a fix unit vector u, with probability > 1 — exp( égl)

2
Es[1([l} - u]® < VCO)] < 15152
Next, we show that this bound holds uniformly over all unit vectors .

Consider an 4/ 2‘?% — net of unit sphere {u € R? : |ju|| < 1} such that for any vector u in this ball there exist a v in the net

such that |Ju — /|| < YCb The standard covering argument (Vershynin, 2012) shows the existence of such a net of size

2Chd
El
¢©(d198(F5))  Then from the union bound, for all vectors w in this net with probability at least 1 — ¢©(@108(F5) ¢~ 557

2
E s[1(a7 - ull® < VCO)] < |5|
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Since 151 = 1911 5, q1og(C180) > dlog(Sid)), therefore, eOldlog(F5'

Ne~3t < e"0t < 1/

Now consider any vector  in unit ball and «’ in the net such that ||u — /|| < 2\/051 &. Then

(a7 -w)?® = (a7 (W + (u—u)))* =

(a7 - u)? + (2] - (u—u'))?
b

uw')? + 2w — Pl

<22 ')+ 25?20@ < 2(zb - u')? + V00,
1

where in the last line we used the assumption that ||z?|| < C;v/d. When (2% - u/)? < +/C#, then above sum is bounded by
2+/C8. 1t follows that with probability > 1 — 1/ d2, for all unit vectors u,

2
E s[1(]|z} - ul® < 3VC0)] < Bl
Applying Corollary H.4 for S = {||z% - u||> < 3/C6}, proves the lemma

Es[1(lz} - ul®® > 3VC0) - a? - uf?) = 2] ﬁ)

E o 2 < -
3] Eslla? -ul ]_0( )

H.2. Proof of Theorem B.1
Proof of Theorem B.1. Note that

EG[(Vfb(w,K).u—ED[Vfb(w,n).uﬂ \GIZ (Vf(w, k) - u—Ep[V i (w, ) - u])’

beG

-2 (i STV w, k) u— E [V w, ) -u]>
beG iEN

G|Z< ZVf (w, k) - U—ED[vfib(w,KJ).u])> 7
beG iEN

where in the last step we used the expectation of batch and sample gradients are the same, namely E p[V f?(w, k) - u] =
E’D[Vfb(wa ‘L{) : u]

For any positive p > 0 and unit vector u, define

Vi (w, k) - u

b
gi(wv’%auap) =
' le? ulvp "

Recall that for a good batch b € G, y? = w* - x¥ + nb. Using this in equation (3), for any good batch b € G, we have
(7 - (w—w*) —nf)

3
-

Vi (w, k) = K. (37)

(w—w*)—nﬂ\//{

Combining the above two equations,

b, _ ) — nb b,
gf(w,m,wp)znp( E}xz (w—w*) —ny) )(Hxaﬁz U ) (38)

2 - (w —w*) =ng|| V & Poullve

From the above expression it follows that |g? (w, &, u, p)| < kp a.s.
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We will choose p later in the proof. Let

Zb(w, k,u, p) = g2 (w, K, u, p) — Ep gl (w, &, u, p)].
and

Zf(w,/f,u,p) = Vfib(w,n) ~u—]ED[fo’(w,/1) u] —Zf’(w,n,u,p)
= szb(w7l-€) ~u—gf(w,n,u,p) _ED[vfib(w7K’) 'U—g?(’LU,H,U,p)]-

When w, u, , and p are fixed or clear from the context, we will omit them from the notation of Z? and Z?. Then,

2
B[ (V) u = EplV ) )] = 5 3 (; Dz Zﬁ’))
beG En

ol ZZ) ax(ize )

G 1EN
2 1
SWZQZ z) |G\Z Z (39)
beG En beG iEn

here in the last step we used Jensen’s inequality (E[Z])? < E[Z2].

We bound the two summations separately. To bound the first summation we first show that Z? are bounded, and then use
Bernstein’s inequality. We bound the second term using Lemma H.2 and Lemma H.1.

From (38), it follows that |g? (w, &, u, p)| < kp a.s., and therefore, | Z?| < 2kp.

Since |Z?| is bounded by 2kp, it is a (2kp)? sub-gaussian random variable. Using the fact that the sum of sub-gaussian
random variables is sub-gaussian, the sum Z?:l Z? is n(2rp)? sub-gaussian random variable. Since square of a sub-
gaussian is sub-exponential (Philippe, 2015) (Lemma 1.12), hence (3", Z?)? — Ep (>, Z?)? is sub-exponential with
parameter 16n(2rp)>.

Bernstein’s inequality (Philippe, 2015) (Theorem 1.12) for sub-Gaussian random variables implies that with probability
2 1- 6’

D\ "\ e [2m1/8)  [21n(1/9)
() o] ($) |) <2252 250

=1

] Z

beG

Since Zf are zero mean independent random variables,
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We bound the expectation on the right,

Ep[(2)] = En[ (9! (w, 5,1, p) = En[g! (w, 5, u,p)])]

CEp[(n? + (w - w*) - 22)(z - u)?]

%

DB p[(n)? (o) - )] + Bol((w — w*) - 22) (e} - u)?

K2 ?

here inequality (a) uses that squared deviation is smaller than mean squared deviation, inequality (b) follows from the
definition of ¢? in (38), inequality (c) follows from the independence of n? and z?, inequality (d) follows the Cauchy—Schwarz
inequality, (e) uses the L-4 to L-2 hypercontractivity assumption E p[(u - (22))*] < C, and (f) follows as for any unit vector
Ep[(a? - u)?] < |3 < 1.

Combining the last three equations, we get that with probability > 1 — 4,

" 2
ﬁ Z;; (E Zf’> < n(0® + CEp[((w — w*) - 2%)?]) + 6dn(xp)? max{ 2178(6)’ 2178(6) } w

The above bound holds for given fixed values of parameters x, w, and u. To extend the bound for all values of these
parameters (for appropriate ranges of interest), we will use the covering argument.

With the help of the covering argument, we show that with probability > 1 — §e©(d1oa(Crdn) _

vectors w and k < (o + ||w — w*||)d?n,

== for all unit vectors u, all

N 2
1 Z Zb(w,kyu,p) | < §a2n + 13CnEp[((w — w*) - 22)?] 4 384n(kp)? max
Gl 2

=1

2In(1/8) [2In(1/6)
Gl Gl |

(41)

We delegate the proof of Equation (41) using Equation (40) and the covering argument to the very end. The use of covering
argument is rather standard. The main subtlety is that the above bound holds for all vectors w. The cover size of all
d dimensional vectors is infinite. To overcome this difficulty we first take union bound for vectors for all w such that
|lw — w*|| < R for an appropriate choice of R. To extend it to any w for which ||w — w*|| > R is large we show that the
behavior of the above quantity on the left for such a w can be approximated by its behavior for w’ = w* + (w — w*) i

[w—w*||*

Note that dividing Equation (41) by n? bounds the first term in Equation (39). Next, we bound the second term in
Equation(39). Note that

ﬁ Z Z(Zlb)Q < ﬁ Z Z(vfib(wﬂ‘i) U= gf(w,/{,u, P) - ED[vfib(wvﬁ) U= g?(wvﬁvua P)])2

bEG i€n beG i€n
< % SN ((Vr ) - w— g w, 0, 0) + (B [V 2w, 5) - u = gl (w, 5,0, p)])°)

beG ien
< % > Z((Vfib(w,m) u— gt (w, ku,p)) +Ep {(Vfib(wﬂi) U= gf(w,/ﬁ,u,p))2D~

beG ien

36



Efficient List-Decodable Regression using Batches

From the definitions of g?(w, k,u, p) and V f?(w, k),

VS (w, k) - u— g7 (w, &, u, p)| = 1| - ul| > p)‘fo’(w, R)-u— VI (w, k) - u

p
(2 - |
< 1([|al - ull > p)|V £ (w, k) - ul

< wla? - ul - L(lla? - ull > p).

From the above equation, it follows that

Ep [(V/2(w, k) - u = gl(w,k,u,0)’] < W2 Ep[1(la} - ull = p)[al -

[\
[E—

Combining the above three bounds,

n|G|ZZ _n|G|ZZ( (2t - ull > p)[at - u|” + Ep[1(la? - ul = p)|a? - u[’])

beqG ien beqG ien
= 252 (Es [1(Ia? - ull = p)[a? - uf*| +E[10lal - ul = p)|at - u[*]),
here the last line uses the fact that S is the collection of all good samples.

For p? > 3v/C, and |G|n = Q(dp* log(<42)), Lemma H.2 implies that with probability at least 1 — 2/d?, for all unit
vectors u, we have

2 2
Es |12t -ull 2 p)|o? - uf*] =Es[1(lal -l 2 p)]at - o] < O(VC/p?).
And from Lemma H.1, for p2 > v/C and any unit vectors u,

Ep[1(J2 - ul > p)[at - uf’] < O(VT/p?).

By combining the above three bounds it follows that, if p> > +/C, and |G|n = Q(dp* log( Cld”)), with probability at least
1 — 2/d?, for all unit vectors u,

|ZZ wnuﬂ) <O<\/§;{2>.

beG ien

Combining the above bound, Equation (41) and (39) we get that if p> = Q(v/C), and |G| = (dp log(=¢ C1dp )y then with
probability > 1 — §e@(dlog(Crdn) _ -, for all unit vectors u, all vectors w and & < (0 + [Jw — w*[|)d*n,

Ec[(V/(w,k) - u—Ep[Vf*(w,r)-u))’]

2 (5 , . ) ) 2In(1/8)  [21n(1/9) VCk?
f?lz(f”““”%[((w—w>~w?)}+384n(fw> max{ G\ el }>+O< 2 )

Recall that 1 < pipayx < LCCR. Choose p?> = pimaxV/Cn. Note that \/umax(or2 + CEp[((w—w*) - 2?)?]) <
(0 + |lw — w*||)d?*n. Then from the above equation choosing p? = fimaxv/Cn, for all

5 <\ bmax (02 + CEp[((w — w?) - 22)2)),

with probability > 1 — e (¢1oe(Crdn) _ 3 ‘for all unit vectors u, all vectors w,
2
c[(VF %) u—Ep[V 1w, 5) - u])’]
2 b2
. O(a + CEp[((w—w*) - ab) ]) <1 +WW\@max{21][1(1/5)7 21n(1/5) })

n G| G
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Choose § = e~ ©(@108(C1dn) and |G| = Q(GIT"4 log(%) + Cpd . dn?log(Crdn)) = Q(pt ..n?dlog(d)). Then with

probability > 1 — =, for all unit vectors u, all vectors w and for all k% < puyax(0? + CEp[((w — w*) - 2%)?]),

E¢ [(Vfb(w,/i) cu—Ep[Vf(w, k) - u])z} < (9(

o2+ CEp|((w — w*) xf)2]>

which is the desired bound.

We complete the proof by proving Equation (41).

Proof of Equation (41) To complete the proof of the theorem next we prove Equation (41) with the help of Equation (40)
and covering argument. To use the covering argument, we first show that g (w, %, u, p) do not change by much by slight
deviation of these parameters. From the definition of Zf’ (w, k,u, p), the same conclusion would then hold for it.

By the triangle inequality,

|g7l,?(w’ K, U, p) - g?(w/a /i/a 'LL/, p)|
S |g$(w/7 H/u u, P) - g?(wla 'k‘./la u/7 p)' + ‘gf(w> "{'/7 u, P) - gi')(w/a H/a u, P)| + |g§)(wa R, U, p) - gf(w7 KJ/> u, P)|

We bound each term on the right one by one. To bound these terms we use Equation (38), the assumption that [|z?|| < Cy Vd
and the definition of the function g(). For the first term,

97 (', &, p) = gl (W', & )| < [ (u — )b |lw’ < Cullu — /| VK,
for the second term,
|97 (w, &1, p) = g7 (W', &' u, p)| < Ju-af] - [(w —w') - | < |27 - w —w'|| < CPdfw —w'],
and for the last term
19} (w, 5,4, p) = g} (w, K u, p)| < |k = |- [u-2b] < Civd|s — ).
Combining the three bounds,
197 (w, 5,4, p) = g7 (W', &', p)| < Chl|u — /| Vd' + Cdlw — /|| + C1Vd|k — .

For |lu — || < 1/(24C1d°n3), k' < 2d*on?, |w — w'|| < 0/(12dC?n) and |k — K'| < 0/(12C1dn),

|92 (w, K, u, p) — g2 (w', K, p)| < o/4n as.
This would imply,

|Zb (w, Ky u, p) — Z2 (W', K o, p)| < 0/2n as.

Using this bound,

2
< l <zn: Zb(w’ & /)/)> + 12 (42)
— 1 ) ) 3 2 -
G
LetU :={u e R?: [lul| =1}, W :={w e R?: |[w — w*|| < d?on)}, and K := [0,2d*on?].
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Standard covering argument shows that there exist covers such that

1

"CUu: i — || € =
ucu Vu€U7Jp61£{1/ |lu—u|| < (GAC &)’ (43)
W CW:VweW, mln lw —w'f < 12g2dn’ (44)
and
"CK: i — K< d
e S VX Y )

and the size of each is [/'[, W', |K'| < e©(dlog(Crdn)

In equation (40), taking the union bound over all elements in ', W’ and K’, it follows that with probability > 1 —
§eC(dlog(Crdn) forall o/ € U', w' € W and k' € K’

. , 2In(1/6)  [21n(1/5)
|G|Z<ZZ W Ko p>> <n(o?+ CEp[((w ~ >'x5?>21>+64n<w>2max{ o\ e }

beG

Combining the above bound with Equation (42), it follows that with probability > 1 — §e©(d108(C1dn) for all 4 € U,
w € W and k € K and elements v/, w’ and &’ in the respective nets satisfying equations (43),(44), and (45),

2 P 2 Iy 2In(1/6) [2In(1/6) |  o°
|G|I;<2Z wmup) < 2n(0? + CEp[((w' — w*) - 22)?]) + 128n(xp) max{ G | }+2
<2n(c?(1+ %) + CEp[((w' —w*) - 2})]) + 128n(kp) max{ 217&/5), thg(é) }

< 2n(302 +2CEp[((w —w*) - 22)?]) + 128n(kp)? max{ 2In(1/5) ' /2In(1/9) } (46)

Gl |G|

here (a) follows from the bound x > &’ in Equation (45), and (b) follows by first writing w’ — w* = (w — w*) + (v’ — w)
and then using the bound ||w’ — w]| < m in Equation (44).
Next, we further remove the restriction w € »V and extend the above bound to all vectors w.

Consider aw ¢ W and k € [0, (0 + |w — w*|)d?n]. From the definition of W, we have |w — w*| > d?on. Let

d*on
T Jlw—w*]|

w = w* + Wd onand k' = k. Observe that ||w’ — w|| = d?on and

K < (o4 ||lw—w*|)d? +d*on? < d?on + d*on® < 2d*on?,
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hence, w’ € W and ' € K. From Equation (38),

llw — w*||
e g(w', K u, p) — g2 (w, K, u, p)

@ _pllg-ull ||w—w*IIH,( (- (' —w)—ng) \ (@] (w—w)—n})
[

2 -ul vVp | d?on (W —we) =gl VK IIx?-(w—w*)—n?IIVK)‘

b, _w—w' 2 b
2 g o EEEEE ) e
2
I - = o \|d2‘7” ngl v HI?_(ZL*H”@ 2} - (w—w*) = nf[| VK
b ook} d?on b
= [|z® - ul - |& (@i (w—w) — i) ) (e (w—wt) —nb)
= [ b, %) _ _d2on b || b( _ *)_ b||\/
|2 - (w— w*) Hw—w*HniH\/“ ) (w—w n|l vk
(©) d?
< lleb -l - |t =
[[w —w||

dPon
< C’l\[|nb| H ”

(e)
< C1Vd|n®),

here (a) follows from the definition of g, inequality (b) follows as p < ||z¥ - u|| V p, inequality (c) uses the fact that for
any a, A and b > 0, we have |bm b-2:| < |Al, inequality (c) uses [|2%|| < C1V/d and the last inequality (e) uses
|lw—w*|| > d%on.

Therefore,

[[w = w]]

sz(w/»"é/,uvp) - Zf(w»"éauap)’ < Cl\/c?(lni-’I + EH”?H) < Cl\/ﬁ(lné’l +0).

From the above equation,

Gl Z

beG

IG\ Z

beG

2
®) 3[jw —w*|]* 1 - b1 g 3d01 - b2 2.2 2
SW@Z ;Zi(wmup a S nd kP | +3dCin’o

beG beG i=1

2
© 3w —w*|? 1 b( 2,2 212
< Tiotn? 1G] Z ZZ w' k' u,p) | +3dCin’e”(d” + 1),

beG

(Zz wmup) ‘G|Z

beG

2 2
|w—w H b - b -
<Z Fon Z)(w' K u,p) | +3 ;Cl\/alnﬁ +3 ;Cl\/ga

%

i=1

n 2
(Z( w —w ”Z?’(w’,/i’,u,p) + CyVd|nd)| +C’1\/&a)>

here (a) and (b) uses (ZZ:I z) <t Zle 22 and inequality (c) holds with with probability > 1 — d% by Markov inequality,
as Pris Spea Sy 00 > d2Epl(n?)?)] < .

Recall that ||w’ — w|| < d?on and x < 2d*on?, therefore in the above equation, we can bound the first term on the right by
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using high probability bound in Equation (46). Then, with probability > 1 — §e©(dl0e(Crdn) _ L

|G|Z<ZZ w’“‘/’>2

)

beG
w —w*||? n n

+3dCin?o?(d* + 1)

@ . 15]|lw — w*||? 21n(1/6 21n(1/6
2 120nEp[((w —w*) - 22)%] + %ncﬁ + 384n(kp)* rnax{ |(G|/ ), |(G|/ ) + 3dC?n2o?(d* 4 1)

(%) 13CnEp[((w — w*) - 22)?] 4 384n(kp)* max{ 2(1/9) - [2In(1/9) },

Gl |G|
here equality (a) uses the relation w’ — w* Wd onand K = Hw %t and (b) follows as C Ep[((w—w*) -
zb)?] > CHw*wC*JzHE” = CHwEﬁ*”z > Cd*o?*n?/C3, where Cj is condition number of 3, hence C'E p[((w — w*) -

2b)?] > Bl 62 and CEpl((w — w*) - 28)?] > Ml 5 18lu=wl® 52 and CEp((w — w*) - 22)2] >

2d*o2n?
3dC%n%0?(d? + 1).

The above bound holds for all unit vectors u, w ¢ W and k < (o + ||w — w*||)d*n

) 2In(1/6) [2In(1/9)
|G|Z<Zzwﬁw> <1?’C”ED[((Mw)’x?>2]+450n(ﬂp)2max{ e e }

beG

Recall that bound in Equation (46) holds for all unit vectors u, w € W and x < K’ with probability > 1 — §e©(dlog(Crdn)
Note that for w € W, (0 + ||lw — w*||)d*n < 2d*on?, hence [0, (o + ||w — w*||)d?>n] C K’. Hence the above bound
holds for all unit vectors u, w € W and k < (0 + ||w — w*||)d?n. Combining the two bounds, with probability >
1 — §e@dlos(Crdn) _ L ‘for all unit vectors u, all vectors w and k < (o + [|w — w*||)d*n,

ot

IGI 2

beG

<Z Zb(w, kyu, p ) < 502n +13CnEp[((w — w*) - 22)?] + 384n(kp)? max{ 2lng|/6)’ 21ng|/5) }

This completes the proof of Equation (41). O
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