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A Auxiliary results

In this section, we present a few supporting results. The first result is a path independence lemma for
perturbations of eigenvectors. It first appeared in [7]; the eigengap condition in the statement of the
Lemma is justified in [1, Lemma 5].

Lemma A.1 (Path independence). Let A € R4 pe a fixed symmetric matrix and let A := A + F,
where E is a symmetric perturbation. Suppose that we can write

A—A=Ey+E, =F,+ Fi,
where Ey, E1, Fy, F1 are symmetric matrices, and define the intermediate matrices
A/‘ilZ:A-f—.EO7 A2:A1+E1, A~12:A+F0, A2:A1+F1.

Fix any V € O(d,r) whose columns span the principal r-dimensional invariant subspace of A and
construct the leading eigenvector matrices V1, Vo € O(d, 1) of A1 and Az such that

VU — V4

VeVl pin

i 170, = I, =15~ i,
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Further, let ffl and f/g be the leading eigenvector matrices of [11 and /12, constructed in a similar

fashion. Then, Vs and Vs both span principal invariant subspaces of A = A+ E. Moreover, they
satisfy

2
. - €
Vo=Vt T, Tl S 5, e:=max{|[Eolly. [IEully, [1Eolly . [1E115}
as long as A satisfies 0,(A) > 4e.

Lemma A.2. Suppose that U € Qg satisfies dist(U,V) < e < /2, where V is the principal
eigenvector matrix of a symmetric matrix A with eigengap 6,.(A) := A\.(A) — A\p31(A) > 0. Then
there exists a symmetric matrix B such that the following hold:

1. |A— B, <8|Al,e and 5.(B) = 6,(A).

2. U is the principal eigenvector matrix of B.

Proof. We prove Item 1 first. To that end, we can write A = A; + A, where A; := VX,V T and
Ay =V, ZQVI. We consider the following matrix B:

B=USU" +U, %,U], (1)

where UIU =0and U, € Og44—,. From (1) and the condition ¥; > X, it follows that U is a
principal eigenvector matrix for B. Moreover, the gap condition on A immediately translates to the
claimed gap condition for B.

It remains to bound the distance between A and B. We write
|A = B, < ||[USLUT = Ay||, + | ULS2UT — Ay, -
To upper bound the first term on the right-hand side above, we use the spectral projectors Py := UU "
and Py, = I — Py to decompose it into
|US1UT = Ay||, < || USWUT = PuAy||, + | Pu, Aslly
<||US\UT = PuAsPyl|, + |PuAiPy, |, + |Pu, Al
< |[81 = UTVEWVTU|, + 2[1Z1 ], [ Po, VI,
<51 =VTO)||, + | = VTS VTU|, + 2180l 1Po, Vi,
< 2|Sully e + 4%l €%,

where the last inequality follows from the inequality || Py, V||, = dist(U, V) = ¢ and Lemma A.3.
A similar argument shows that [|U XU | — As|, < 2[|32]|, € + 4|32||, £2. Taking into account
the bound ¢ < 1/2 completes the proof. [

Lemma A.3 (Modified sin 6 distance). Let U,V € O(d, r) satisfy dist(U,V) = a < 1. Then the
following holds:
|[1-UTV], <2a°

Proof. Let PXQT be the singular value decomposition of U TV Recall that [2, Eq. (2.5)]:
¥ =diag(o1,...,0.); o; = cos(6;),

where 6, € [0, 7/2] and ||sin ©||, = «, following [2, Lemma 2.5]. From our assumptions, it follows
that

|T=UuTv|, = |[PU-2)Q
= ||I—Z||2

= max {1 — cos(;)}
€[]

= max {2sin”(6;/2)}

€[]

< 2 maxsin?(6;)
i€r]

I

= 2 ||sin ®||§ )
with the last inequality following from 0 < sin(6/2) < sin(f) for any 6 € [0, 7/2]. O



B Additional proofs

This section includes proofs that were omitted from the main text.

B.1 Proof of Proposition 1

Proof. Define C := {i € [m] | dist(Y;, V) < e} with |C| > . Now, we consider any pair (3, 5)
with ¢, j € C. By the triangle inequality,
dist(Y;, Y;) < dist(Y;, V) + dist(Y;, V) < 2e, foralli,jeC. )

Now, fix ¢, to be any index for which dist(Y;, Y;) < 2¢ for at least m /2 other indices j # 4, (such an
index always exists because |C| > & 4 1). For any such i,, there must be another index j satisfying
dist(Y;, V) < e and dist(Y}, Y], ) < 2e. Therefore,

dist(Y;,, V) < dist(Y;,,Y;) + dist(Y;, V) < 3e.

B.2 Proof of Lemma 1

Proof. Recall that V' is an eigenvector matrix of A that satisfies
in ||V -Vt Z|lg = ||V -V .
glg%}r [ et Z|lp = | ref ||
From Lemma A.2, it follows that the columns of Vs span the principal eigenspace of a matrix B

with nontrivial eigengap that satisfies [|A — B||, < || A||, c. We now relate V¢! to V< using the
aforementioned path independence result.

To that end, note that V¢ is the leading eigenvector matrix of
Ai :A—‘r(AZ —A)+O7

that has been maximally aligned with V' (in the sense of Frobenius distance). On the other hand, the
Procrustes estimates V,°°"" are given by the leading eigenvector matrices of

A=A+ (B—A)+ (4; — B),

since Vi is the leading eigenvector of B nearest to V' and V" is formed as the leading eigenvector
of A; nearest to Vier. Applying Lemma A.1 with Fy := A; — A, E; = 0, Fy := B — A and
F, := A; — B, we obtain

corr idea 1
Ve = Vil 0 (= max {|[4; - I3, 1B — Al 4: - BI3})

Finally, we note the following upper bound
2 2 2 2 2
|4 = Bll; S 14i = All; + |14 = B|l; S max (| A; — A3, [A]5¢°)
which concludes the proof. O
B.3 Proof of Proposition 3

Proof. Let joir be the smallest index for which 27 > max { A, || Z¢, |, }. For a fixed corruption
fraction o and failure probability p, define the events

6 - {Hey G X

From Theorem 3 in the main text and a union bound, it follows that

PE) 21— Y IP’(HGW' —ﬁ Soxi
} i€Go

FE€{Jarits- i

Jhi

2§f(2j;p,a)}, £ = ﬂ &;.

J=Jerit

= f(2j;p,a)>

>1— (jhi — Jorit) - D



Ay
>1—2log, (}\I:)p.

Let us write 6, := ﬁ ZieGo X;. Conditioned on the event &, for any 7, i’ > jix we have

1025 — Oay0 15 < 1625 = Oully + 105 — Oully < f(275p,0) + f(275p, ).
Consequently, it follows that 27« satisfies the condition of the estimator, and therefore
A < 2t < 2max { i, [|Zay |5} -
Finally, the desired claim follows since
165 = O<lly < 105 = Onicaclly + 10zice — Ol
< f(Aip, @) + 2f (27 p, a)
< 3f(27;p, )

4log(1/p)\ /2
< 1715, (o + HEE)

O
The next Lemma provides an upper bound on the operator norm of the empirical covariance Xz, ,.
Lemma B.1. Suppose that \A/ref satisfies 6,.(A) > 8 dist(‘A/ref, V). Then we have
152, 0ally < H ViVl —vvT +2‘ ViV A3)
Proof. Let p denote the empirical mean over Zgo04. We have
1 ~
b=z Vi,
| g00d| ieIgood
1 ~ ~
ZI good |I | Z (‘/l - lu)(‘/'L - lu)T
good 1€ Zgo0d
1 o~
= > ViVl — "
|Ig00d | iEIgood
1 o~
= S VT vV vV -t
Zgoou| 1€ T go0d
1 o~
= 2 VW VYT (V- (V)T
|Igood| ieT
3 good
where V' € Qg,,» spans the principal eigenspace of A and satisfies
pin V2~ Vel = |V~ Ve
We now bound the spectral norm of Xz ,. Indeed, we have
1 ~
Il < |y 3 T v Wiy | 3 %V
Taooall2 |Igood| l; J ? |Igood| €T go0d 2
< Vvt —vvT ot 2 H V, -V
H |Igood| €T 004 |Igood‘ zegg;od ’ 2
using the fact that V VT Vi VT for all ¢ € Zgood. O



B.4 Proof of Theorem 3

In this section, we modify the proof of [6, Theorem 4] to derive guarantees for robust mean estimation
with matrix-valued inputs. We recall some notation used therein: given the set of “good” samples G
and the initial sample Sy = {1,...,m}, we denote

Sk = {points remaining after & recursive calls to Filter},

G = S NG,
By = Sk \ Go, “4)
_ m— |Gy
o= ————.
m

Moreover, given any set S C [m], we write
1 1
Yo = 5] Z(Xl — us)(Xi —ps)T, where g := K] ZXZ" )
i€s i€s

In our proofs, we frequently employ the total variation distance drv. For discrete distributions P,
P5 on a common sample space €2, drvy is given by

1 1
dTv(Pth):§||P1*P2||1:§Z|P1(CC)*P2(CC)\- (6)
e

Finally, we define the events &, where k € N, as below:

5k;={zn>1z¢j}, k=0,1,... @)

i€Gy, JESK

Our proof essentially traces the proof of [6, Theorem 4] but for the case of matrix-valued inputs to
the Filter algorithm. The first result has already been shown in [6], as its proof is independent of
the shape of the inputs.

Lemma B.2 (See [6, Lemma 6]). Let T := inf {k € N | &, is true}. Then we have:
P(T = 3(m — |Gol) + 181og(1/p)) < p. ®
The remainder of the proof is devoted to showing that, as soon as some & is true, Filter will
terminate with a good estimate. Throughout, we condition on the event
E:={T<T,}, where T,:=3(m—|Go|)+ 18log(1/p), )
which holds with probability at least 1 — p.
Theorem B.1. Suppose that o, p and N satisfy

181og(1
| 18Tog(1/p)
m

1
<-. 1
3a <3 (10)

Then the following hold simultaneously with probability at least 1 — p:

1. Filter(So, ||Xq,||y) terminates after at most T), iterations;

2. The output of Filter(So, [|Xco o). O, 1, satisfies

4log(1/p)\ /2
<1851, (a+ TELP)

Remark 1. While we prove the Theorem for the case Ay = || X,
of the proof shows that when Ay > || X5, we have

1
HHHZGUHQ - |G0| Z Xi
1€Go

o a straightforward modification

1/2

1
b, — — S X,
)



Proof of Theorem B.1. We condition on the event £ from (9), which holds with probability at least
1 — p. This implies that there is some index k& < T}, such that

Z Ti Z l Z Tj-
i€Gy rijSk

From Lemma B.7, we obtain that the empirical covariance satisfies ||Xg, ||, < 18 ||X¢, ||, , and thus
the algorithm terminates after at most k steps. We have the following cases:

1. The termination condition was first triggered at the k™ step. In that case, Lemma B.7 directly
implies the desired inequality.

2. The algorithm terminated at some index ¢ < k. Then it follows from Lemma B.8 that

201og(1
0 = doy (Unif(S¢), Unif (Go)) < 5o + M. (12)
At the same time, Lemma B.3 implies that
1 V1 1/2 1/2
0 - — Xl < - (12 by . 13
(e PR e (IZs 32 + 156, 12) - a3

From the termination condition, we obtain that
||ES/z||2 <18 ||EG0||2 : (14)
Combining Egs. (12) to (14) yields the desired bound.

The next few Lemmas are supporting statements used in the proof of Theorem B.1.

Lemma B.3. Let S = {Xy,..., X,,} where X; € R*¥" and suppose that P\, P, are discrete
distributions supported over [m] with drvy (Py, Py) = n. Then the following holds:

n
IEp, [Xi] — Ep, [Xill, < _fﬁ (12215 + I12r.057%) (15)

where the matrices X p, are defined as:

Sp = Exop, [(X —Ep, [X])(X —Ep, [X])T] .

Proof. Following the proof of [5, Lemma 2.1], we consider a coupling between P; and P, such that
P(X = X’) > 1 —n. Denoting || X ||, . := y/E [X?], we have
[Ep, [X] - Ep, [X]]l, = sup (v, (Bp, [X] —Ep, [X"T)v)

USBSBIE [(u, (X — X)) 1{X # X'}]

<E [1 (X # X’}ﬂ i

- sup E [(u, (X — X/)U>2] i

u,vEB
<V supB||<u, (X = X")v)llge - (16)
u,ve

Let p1 := Ep, [X] and pto = Ep, [X]. Since ||-||; - is a norm, the triangle inequality implies that

sup [[{u, (X — X))l 2 = sup [|{u, (X — puy + p1 — p2 + p2 — X")v) || 12

u,vEB u,vEB
< sup [[{u, (X =)o)l 2 + sup [[(u, (X" = p2)v)ll (A7)
u,vEB u,vEB
+ sup [[{u, (11 — p2)v) |12 -
u,veEB



We now upper bound the remaining terms. For the first one, we have

1/2
sup [|[(u, (X — 1)) > = sup E [(u, (X — p1)v)?]
u,veEB u,vEB
= sup E[Tr(u" (X — p1) vv" (X — ul)Tu)]1/2
u,veEB jvld
1/2
< sup B [Tr (u” (X — i) (X — ) ")
ueB
1/2
— <sug <u,IE [(X —p)(X — ul)T] u>>
ue
= Zp, 5%, (18)

where the penultimate equality uses linearity of the trace operator and the last equality is the definition
of the spectral norm for symmetric positive semidefinite matrices. Similar arguments also yield

sup [|[(u, (X' — p2)0)|l 12 < [, l137 (19)
u,ve

sup [|(u, (i = p2)0) |2 < [Ep, [X] = Epy (X'l (20)
u,v

Plugging Eqs. (17) to (20) back into Eq. (16) and rearranging yields the expected result:

n
IEr, (X] - Er, X1, < 720 (12013 + 120 ?)

O

Lemma B4. Let G C S C [m]. Moreover, let ug and p be their respective empirical means, and
let v be the leading eigenvector of X so that the outlier scores satisfy

7= (v, (X; — us)(X; — ps)Tv), VieS.
Moreover, define n) := 1 — |Gl/|s| and fix a vy € (0,1/n). Then, we have the implication

1
12l 2 (=2 (12 ) Ial, = L <2 5om @

L=9m jea i€s

Proof. Recall that the (normalized) sum of outlier scores over the set GG is given by

\7(1¥| <v, Z(Xi — ps)(Xi — us)Tv> = ﬁ <Ua Z(Xi — pe) (X — P‘G)T“>

i€G i€G
+ (v, (s — pa) (s — pa) )
= (v,3qv) + (v, (s — pa)(ps — pa)'v) . (22)

We now simplify the second term. Indeed, we have

1 1 1
MS_MGZEZXZ'—'_E Z Xi—@ZXi

i€G i€eS\G i€G

G
= <1 - ||> (ks\a — pa) (23)

5]

For brevity, denote n := % Plugging (23) back into (22), we obtain
1
il > 7= (v, 3av) + 0* (v, (us\a — ta)(ps\e — Ha) v) (24)
j€G

‘We now bound the second term in (24). From [3, Lemma 2.4], it follows that

(v,55v) = (1 =) (v, Zgv) + 1 (v, Es\av) + 01— 1) (v, (ns\a — pe)(Ls\a — 1a) v)



Rearranging and multiplying by n/(1 — n) gives
2

n? (v, (us\c — te)(ts\a — 1) v) = T_ (v, Sgv) =1 (v, Sgv) — ﬁ (v, Xg\qv)

1—n
n
L—=n
Plugging back into Eq. (24) and using the fact that |G| = |S| (1 — 7)), we obtain

G
ZTj <G| (1 =n) (v, Xgv) + ‘1 [ (v, Xgv)
J€G -

< (v,38gv) —n (v, gv) .

<G =) [Zclly + (ST = 1GD S]]l
Finally, replacing |G| = |S| (1 — n) in (25) and rearranging, we obtain

R R Fr =R D) 3

jeG zES

Lemma B.5. Suppose that (10) is true. Then the following holds for any k < T),:
1Sk \ Gl < do:
|Sk| 3
Proof. Recall that B, = S, \ G, and notice that
[Be| _ B[S0l _ |Bol |50| . 1 < Ao
1Skl 10l [Skl ~ 1ol [Sol — — (3a + Blosl/p)y = 3

m

where the first inequality follows from the fact that \Bk| < |Byl.

Lemma B.6. For any integer k, the sets Gy, and G satisfy

1Go|
||2Gk||2 = |G ‘ HZG0H2

Proof. We expand the definition of X, and rewrite:

T
0 |G ‘ ; 0 0)

1 1
= Gal Z (X — pao) (X — pa,)" + Gol > (X = pa) (X — pe,)T
ol icGy O ieGo\Gs

T1 T2
We now rewrite the first term in the above sum using

1
= 1Gol Z (Xi = fiGy, + 16y — 1Go)(Xi — hGy + HG, — HG,)T
1€Gg

N E’S:z - gz: <Gk| ieZGk(Xi - MGJ) (G, — pay) "
|G|
i€Ck
= 1Gol (Se, + (e, — 1) (e, — 1) ")
Letting v € S~ and using the fact that 7% is positive semidefinite, we arrive at

Gy Gy
v, LG,V
(0, Bew) = 15 Gol

Finally, taking suprema over both sides yields the desired inequality.

(<U7 ZGk”) + H(/’[’Gk - /’LGO)TUHQ) <U T2U> <U ZGk >

T
G
+m(ﬂck pao) <G | Z X; — MGk> +|—0|(ka — 116, (G, 7MGO)T

(25)

(26)

27
O



Lemma B.7. Suppose that (10) is true and that the following inequality holds for some index k < T),:
1
domz=Y 7 (28)
1€Gg v JESK
Then the empirical means satisfy

20log(1/p) | "/? )
[Eunit(Go) [X] — Eunit(s,) [X]ll, < 18 (5a t— (e
Proof. Let Py := Unif(Gy) and P, := Unif(Sk). From Lemma B.3, it follows that

drv (P, P»)

1—/drv(P1, Ps)

Since (28) is the reverse of (21), we obtain

[Ep, [X] = Ep, [X][]; <

(el + 12 l3?) . @)

v

Selly, < 1 =n)?——|%

[Zsilla < (1 =)= IZeully
3

< b))

= 1_6a | GkHQ
|Gol

<6-—||%

— |Gk| H GOHQv

where the first inequality follows from the contrapositive of Lemma B.4, the second inequality from
« = 3 and Lemma B.5, and the last inequality follows by our assumption on «.. Now, let K < T}, be
the number of samples in G that were removed by the algorithm. We have

Go| _ _m—|Bo| _ _m—|By m — | By _ -«

Gl ~m—[Bol—K = m—[Bo|~T, = m— 18log(1/p) — 4|Bo| _ 1 dq — 181801/5)

From (10), we additionally have that

1—(4a+wbi(1/p))21—§<3a+m°i(1/p)>>1

Substituting the above into (29) and using Lemma B.8 yields the desired bound:

(50& + 2010g(1/p))1/2

m

201log(1 1/2
§18(5a—|—g( /p)> [N

= ||Esk||2 <18 HZGOHZ'

[Ep, [X] = Ep, [X][l

IN

1/2 1/2
(IZully® + VIS 1Za,l?)

m
O
Lemma B.8. Suppose k < T}, and (10) holds. Then we have that
201log(1
dry (Unif(Sy), Unif (Go)) < 5a + #. (30)

Proof. We let P := Unif(Sy), P, := Unif(Gy) and P3 := Unif(Gy), and write K < k < T,, for
the number of samples originally in G that were removed by the Filter algorithm by the k" step.
From the triangle inequality, it follows that
drv (Pr, P2) < dry (P, Ps) + drv(Pe, Ps)
_ 1Skl = 1Gk| | |Gol — |Gyl
A |Gol
m—k—(m—|By| — K) K
m—£k m — |By|




|Bo| + (K — k) K
m—k m — | By

1Bl |, T
m—k m—|By|

|BO| 1,

T m— Tp m — |Bo| ’

where the second line follows from Lemma B.9 and the last two inequalities follow from K < m and
m < T),. Finally, using Lemma B.2 and Eq. (10), we obtain

Bol T, o . %
m—"T, m—|Bo|_1_% 11—«
a 18log(1/p) + 3a
< + m
1 18log(1/p) ~ 3a 1—«
4£+ 1810§n(1/p) +3a
-3 1l-«
4o 8los(/p) | 3.,
< — + m—l
3 -5
201og(1
< 5o log(l/p)
m
O
Lemma B.9. Consider a pair of discrete sets S, S’ such that S’ C S. We have:
S| —15’
dry (Unif(S), Unif(S")) = |||S||| (31)
Proof. Using the fact that drv(p, q) = % ||p — ¢l|;. we have:
1 1 1 1
dry (Unif(S), Unif (8) = 5 | Y. | —1an| T D,
2\ 2=, |5 ST 2 TS
1 ( 1S 181 - IS’I)
— - (1-21+
2 5] 5]
15|
=1- .
5]
O

B.5 Proof of Theorem 4

We now present the proof of the main theorem on distributed PCA. We first recall that
LS ) T,
141:%2)(]z (X]’L) 5 ZGIgOOd,
j=1
where X 7@ u P, and that the responses V; € Qg4 span the leading r-dimensional eigenspace of
A;. Under this model, the local errors E; := A; — A as well as the error of the empirical average

over the inliers are bounded with high probability. We will condition on the following events for the
remainder of this section:

v 11
Slz{max |A; — A||2<m1n{g,01||14||2 7“+Ong(m/p)}},

ZEIgood
32
r+ + log(n) } (32)

£ — H A4
2 { ‘good‘ Z |Igood‘”

7€I od

<y ||A||2

10



Lemma B.10. Suppose thatn 2> k2 - (r, + log(mn/p)). Then the following hold:

Sl

P(&) <p, P(&)< (33)

Proof. The bound on IP (£3) in Eq. (33) follows from an application of [8, Exercise 9.2.5] and the
assumed lower bound on n. On the other hand, the same result yields

r. + log(m/p 7 + log(m/p D
P (14 - Al > €1l e EES

n n

for any fixed i € Zgo04. From the lower bound on n, it follows that

re +log(m/p) _ [r«+log(m/p) - 14 re +log(m/p) _ &
n - n ! 2 n 8’

Finally, taking a union bound over Zg04 recovers the bound on P (&,). O

An immediate corollary is a bound on the error of RobustReferenceEstimator.
Corollary B.1. There is a universal constant Cies such that the output of Alg. 2 satisfies

rs + log(m/p)
" .

diSt(‘Zefa V) < Crefks -

Proof. From the bound o < % and the conditioning on &£;, we deduce the existence of an index set
S’ such that |S’| > 2, and

HAi - A||2 < 2C4 ||A||2 4 +log(m/p)

dist(V;, V) <
ist(Vi, V) < =% S % - ,

foralli € S,

where the first bound on dist(IA/i, V') follows from the Davis-Kahan theorem [2, Theorem 2.7] and
the fact that || 4; — AJ|, < % for any @ ¢ 7},,4. From Proposition 1 in the main text, it follows that

A .+ 1
Gst(T. V) < 6y 1Al [+ 108(m/p)

~— O n
C'ref
O
The next Proposition instantiates the bounds of Lemma B.1 for for the case of distributed PCA.
Proposition B.1. In the setting of Lemma B.1, the matrix Y.z, satisfies
r(re + log(n r(ry + log(n ry + log(m
||EIgoodH2§Kz ( * g( )) +/€2' \/>( * g( )) +/‘E4' * g( /p). (34)

(1 —a)ymn n n

Proof. From Lemma B.1, it follows that

1 ~
s lly < H v -vvT e H Y vi-v
‘Igood‘ €T g00d |Igood| 1€ go0 2
From Proposition 2 in the main text and conditioning £; and £, we have
Vi-V| < H A — A
[P IR B ) Z
1A 1A\ 7+ +log(m/p)
" (62 (G (5 ) n
r+ + log(n) 7. +log(m/p)
S CQKJ W + K/ max (0127 Cref ) T

11



7+ + log(n) LT + log(m/p)

< 35
~ (1—-a)ymn n (35)
On the other hand, using [4, Theorem 2], we have that
|2 3 vt v Tt oy Hlogtn))
Igood iEIgood 2 (1 — a)mn n
Putting all the bounds together yields (34). O
We now invoke Proposition 3 and recall that o is defined as
i r(r. + log(n)) Y Vr(r, + log(n)) LT + log(m/p) 36)

(1 —a)mn n n

From that and Proposition B.1, it follows that Alg. 5 from the main text invoked with A\, = w :=
v/1/mn and Ay, = 6 outputs an estimate satisfying

[v- = 3 W, < Vamactewr (a+1°g(1/p)>1/2 37
1 2N b m

|Ig°0d| iezgood
1 1 1/2
= \/E (a + Oggn/p)> (38)

with failure probability at most 2 log, (6/w)p. Finally, from Egs. (35) and (38) it follows that

> U, g X T
2 €Zg00d 2

E:Z:gooci |Ig00d ‘ i

IV =vil, < |V -

Taooa]

< s (a .\ log(ni/p)> 1/2 o (1, +log(n)) 4t V(e + 1og(m/p)).

(1 —-a)mn n

In particular, the success probability is at least (given that w is set as y/1/mn):

2 6 2

1—p—=—2log, (—)p >1—— —2logy(6mn)p.
n w n

p/

TTog, (6mmn) and relabeling p’ — p yields the result.

Letting p :=

C Experiment details

The numerical experiments in the main text were coded in Julia and run on a machine with Intel(R)
Core(TM) i7-7700 CPU, 16GB of RAM and a GNU/Linux environment. The code is attached as
part of the supplementary material and consists of a library called RobustDistributedPCA. j1 and
a subfolder scripts/ that contains the scripts reproducing the experiments in the manuscript. We
refer the reader to the included README . md file for installation and usage instructions.

Notes on implementation. Our implementations of the Filter and AdaptiveFilter algorithms
deviate from the theory in the following ways:

1. In Filter, we remove the point with the largest outlier score by default:

Z = argmaxT;.
jeSs

The randomized selection can be enabled by passing randomized = true to the appropri-
ate function. Please see the attached README . md file for details.
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2. The error proxy f(\;p, ) we use in AdaptiveFilter has been simplified to

fip,a) = f(Aa) = Va.

The reason is twofold: on one hand, we suspect that many of the constants involved in the
original definition of f are artifacts of our proof and are much lower in practice; on the other
hand, since the default behavior of Filter is not randomized, the term owing to failure
probability in f can be removed.

3. Finally, we change the stopping condition of AdaptiveFilter to A < A, in order to
simplify constants. As the value of \,}, is determined adaptively, this does not affect the
output of the algorithm.
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