A Appendix.

A.1 Row and Column Norm Estimation

Lemma 2.1. (Row Norm Estimation.) Let A be a m x n matrix such that A satisfies approximate
triangle inequality. For i € [m] let A; . be the ith row of A. Algorithm 1 uniformly samples
©(b) elements from A, .. and with probability at least 9/10 outputs an estimator which obtains an

O (n/b)-approximation to || A, . ||§ Further, Algorithm 1 runs in O(bm + n) time.

Proof. 1t is easy to analyze the running time of Algorithm 1. Step 1 and 2 run in O(n + m) as they
correspond to reading a column and a row. Uniformly sampling ©(b) indices for each row takes
O(bm) time. Overall, we get a running time of O (bm + n).

By reading the first column of A, we obtain a entry A ; such that it is the minimum entry of the
first column, i.e. x = argminie[m} A 1. Then, reading row A ., we obtain a entry A, , such that
index y = argmax;c(,,)Ag,j i.e., Ay y is the largest entry in row z. Let d denote the entry A, of
the input matrix. Further, let dn.x = max; j/c[,) MaX;e[m] [Ai,;j — Ay j|. Note, we cannot compute
dmax Without reading all the entries of the matrix and this is no longer sublinear time. We should
think of dy,.x as representing the diameter of Q when A is a distance matrix. To see why this is true,
observe, for ¢, qj» € Q, max;c[m) |As; — Ay j| represents the best lower bound on d(g;, g;), via
reverse triangle inequality. Finding the largest such lower bound over all pairs of points in Q is the
best lower bound on the diameter of Q.

Intuitively, we show that d is a good proxy for dpax. Recall, for row A, ., Algorithm 1 outputs the
estimator X; = d* 4+ ¢ 3, A7, where 7; is a uniform sample of indices in the range [1, 7], such
that |7;| = O(b). Let us first consider the case of estimating the norm of A .. Note, Algorithm 1

reads the entire row and can compute the norm exactly. However, the analysis of our estimator is
more intuitive in this case. Observe, by approximate triangle inequality and the definition of d,;,,

A,;<(1+¢) (Am,y + rg[axl |A;, — Ai,j|> < (14 €)(d+ dmax) (A1)

where first inequality follows from the upper bound in 2.1, the second follows from recalling that
Ay = d and observing that max;¢ ;] |A;, — A, ;| is upper bounded by dpax. Similarly, using the
lower bound in 2.1,

A, > |A$>y — MAX;em] ‘Ai,y - AiJH > |d - dmaX|

= 1+e€ =~ (1+e (A.2)

Intuitively, if dax is sufficiently larger than d, A ; is within a constant factor of dpax. Formally,

if dmax > 2d, for all j € [n], 2‘(1‘1“;’;) <A,,; < %. Therefore, each entry in A, , is at

least dymay/2(1 + €). Observe, by linearity of expectation, E[X,] = d? + [|A, . ||§ Therefore, by
Markov’s bound we have that with probability at least 1 — 1/c,

Xo < o(d® + | Ag]l?) < 5c | Ayl (A3)
where the last inequality follows from ||Ax*||§ > % (since each entry of A, , is at least
d/2(1 + €)). Further, ) N

Xo2d'+ (%) <4(1bi 6)2) > | 1?5H2 (A4
where the first inequality follows from each sampled entry being at least ﬁ and the second
inequality follows from ||A . ||§ < (W) ’ n < 10nd2. For an appropriate value of ¢, X, =

G] (||Am* H;) with probability at least 99/100.

Note, d could be really small compared to dy,,x and we cannot hope for a constant approximation to
. 2
the row norm. Formally, d < d,,ax and we consider two cases, one where || A, . ||§ < % and the
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second being its complement. In the first case, we observe,

b
X, >d* > - AL (A.5)

where the first inequality follows from || A, . ||§ > 0 and the second follows from || A, . ||§ < ”—If?.

On the other hand, observe, by linearity of expectation, E P@] =d*+| A« Hg By Markov’s bound,
with probability at least 1 — 2,

X, <e(d®+ ||As.]2) < 2¢|Assl (A.6)

where the last inequality follows from d being an element of A, ... Therefore, combining the upper
and lower bound, with probability at least 99/100, X, achieves a © (% )-approximation to || A, . ||§

Next, consider the second case where ||Am*||§ > %. We begin by bounding Var[X,]. Let
Yo, = Ai} j with probability b/n, and Y,.; = 0 otherwise. Then,

~ 2
Var[X,] = Var |d* + % Z Yoil = (%) Var Z Yo i
JET JET

< (3)E (X veu?

JETS (A7)
n\2 b ||Aw *||§ 4
< (™" 2 ,
- (b) n< d? d
4
| Al
100¢

where c is another fixed constant, the first inequality follows from the definition of variance, the
second follows from Y7, ; being upper bounded by d? and an averaging argument, and the last follows

. 9 2 . . . .
from the assumption that - < ||A, .[|3. Observe that the variance is maximized when there are

A2 . . . . . .
Hd’ié‘l? entries with value d and the last inequality follows from our assumption in this case. By

Chebyshev’s inequality,

P ’5( E [)? } Y {Xm} <1 (A8)
r — - )
* * 100 |~ 2 |A,.lh
Therefore, with probability at least 1 — 1/¢2,
= . 1 2
X, =EX,|£———==d 1+ — ) [|[AL 4 A9
e Baele oy (10 LY a2 (a9)

Therefore, X, achieves a ©(1)-approximation to || A . ||§ It follows that in every case, X, achieves
an O (% )-approximation to ||A, . ||§ with probability at least 9/10.

Now we analyze our estimator in its full generality by considering row || A, . ||§ for any i # x. We
define d’ = max;cp,) A;,; to be the largest entry in row i. Note, we do not explicitly know d’ as this

would require reading the entire row. Instead, we show that biasing our estimator with d? suffices for
all rows. Recall, A, = max;¢c[, Az ;. We follow an analysis similar to the simplified one above.

Since our estimator is still biased by d2, we analyze the cases where d is small or large compared to
dmax separately. Consider the first case, where d > 8dy,.x. We begin by bounding d’ in terms of d
and d .. By the approximate triangle inequality,

|Ar,y - maXiE[m] |Ai,1 - Al,y|| > ‘d_ dmax| > 7
1+e€ - 14e€e T 1+e€

Ax,l Z dmax Z 3dmax (AlO)
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where the second inequality follows from recalling the definition of d and observing that d,,x >

MaX;c(m) A1 — Ay yl, and the third inequality follows from the assumption in this case. Alterna-

tively, we can repeat the above bound to get

Al’ - i€lm 2,1 — 7 — Umax

[Avy — maxiepm) [Ai1 = Aiyll | |d—dmax| _ 7d _ 7d
1+e — 14e T (1+¢€8 716

Agpr > (A.11)
Further,

A1 <A <d (A.12)
where the first inequality follows from the definition of A ; and the second inequality follows from
the definition of d’. Therefore, combining the two equations above, we get that d’ > 3d,,., and
d’. > %'_ Next, we show a bound of any entry of the i-th row. By the upper bound in approximate
triangle inequality,

d/
Ai,j S (1 + 6) <A1'7j/ + mg]dX |A'L",j — Ai/’jlo § (1 + 6) (d/ + dmax) § % (A13)

where the second inequality follows from d’ being the largest element in row ¢, and the definition of
dmax, and the last follows from d’ > 3d,ax. Similarly, by the lower bound in approximate triangle
inequality,

|[Aijr —maxy [Aij — Airjl| |d" — dmax| &

A > > > (A.14)
' 1+e€ 1+4+€ 3
Combining the two equations above, for all j € [n], A; ; = O(d’), all entries of A, , are within a
constant factor of each other. Therefore, [|A; .||3 < %. Recall, our estimator is
~ n nbd? _ ||AiLl?
X, =d* —AZ > > 2 A.15
+ Z b> "~ b 9 — 64 ( )

Jj€Ti

We observe that by linearity of expectation, E[X;] = d® + ||A,.. Hg By Markov’s we know that with
probability at least 1 — 1/c,

. 216
X, <c (d2 n ||AZ,*||§) <ec <49d’2 + A

) < A2 (A16

where the second inequality follows from recalling that d’ > % and the last inequality follows from
d' being an entry in A, .. Therefore, X, =0 (HA” ||§) , with probability at least 99/100.

. 2 12
Now we analyze the case where d < 8dmac. We then consider two cases: ||A;.|[; > % or

| A . ||§ < %5/2. In the first case, computing the variance exactly as in equation A.7 and applying
Chebyshev’s inequality, we get that with probability at least 1 — 1/c?,

~ 1 2
X; = d? 1+ — | |A;. A17
+ (1 155) 14012 (A17)

Since d < 8dmay and £d2, < [A;.[2% X; = © (||Ai7*||§> with probability 99,/100.

In the second case, we show that all entries of A; , are within a constant factor of each other. Recall,
X; > d?since || A, |3 > 0. 1f8d > d,
< _d? _blALL
X, >— >0
- 64 — 64n
Recall, E[X;] = d* + A3, d < 28d’ and d”? < ||A; .||3. Therefore, the upper bound on X;
follows from Markov’s bound and holds with probability at least 99/100. If instead 8d < d', we

show all entries of A; , are within a constant factor of each other. To see this, let d=A, 4+ and
observe by approximate triangle inequality,

(A.18)

Ai,j < (1 + 6) (Ai,j* + In{?,X ‘Ai’,j — Aiﬂj* ) < 2d’ + 2(1 + 6)(A$7j* + Aw,j)

< 2d' +8d < 3d'

(A.19)
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where the first and second inequalities follow from initially applying the upper bound in equation
2.1to A, ;, and then applying the equation 2.2 to max, |A; j — Ay j+|, the third inequality follows
from upper bounding both A ;- and A, ; by d, and the last inequality follows from the assumption
8d < d’' combined with the definition of d’. Further,

Ary 2 PR 5 L0 -2y + Ay
€ | p (A.20)
> —d —2d > —
2 4

where the third inequality follows from upper bounding both A ;- and A, ; by d, and the last
inequality follows from the assumption 8d < d’ combined with the definition of d’. Therefore,

d(pi,q;) = ©(d'). Finally, E[X;] = d* + ||A; .||3 and by Markov’s bound, our estimator X; =

© (d2 + ||A2*||§) with probability 99/100. Since d2 < ||A;.||2, we obtain a constant factor

27
approximation with probability at least 99/100. By a union bound over all the probabilistic events,
all of them simultaneously hold with probability at least 9/10, which finishes the proof. O

To obtain an O (%) approximation for all the m rows simultaneously with constant probability, we
can compute O (log(m)) estimators for each row and take their median. We also observe that Column
and Row Norm Estimation are symmetric operations and a slight modification to Algorithm 1 yields
a Column Norm Estimation algorithm with the following guarantee:

Corollary A.1. (Column Norm Estimation.) Let A be a m X n matrix such that A satisfies approxi-
mate triangle inequality. For j € [n] let A, ; be the Gt column of A. There exists an algorithm that
uniformly samples ©(b) elements from A ; and with probability 9/10 outputs an estimator which is

an O (%)-approximation to | A., ||§ Further, this algorithm runs in O(bn + m) time.

A.2 Projection-Cost Preserving Sketches

Next, we describe how to use the above estimators to sample rows and columns. We would like to
reduce the dimensionality of the matrix in a way that approximately preserves low-rank structure.
At a high level, we sketch the input matrix on the left and the right and use an input-sparsity time
algorithm on the resulting smaller matrix. The main insight to show such a result is that if we can
approximately preserve all rank-k subspaces in the column and row space of the matrix, then we can
recursively sample rows and columns to obtain a much smaller matrix. To this end, we introduce a
relaxation of projection-cost preserving sketches [6] that satisfy an additive error guarantee.

We prove that projection-cost preserving sketches can be computed using our coarse estimates to the
column and row norms. We begin by showing an intermediate result bounding the spectrum of the
sample in terms of the original matrix.

Theorem A.1. (Spectral Bounds.) Let A be a m x n matrix such that A satisfies approximate
triangle inequality. For j € [n], let X; be an O (%)-approximate estimate for the j*" column of A

such that it satisfies the guarantee of Corollary A.1. Then, let ¢ = {q1,q2 . .. qn } be a probability

distribution over the columns of A such that q; = E)/(])? - Let t = (0] (b% log(%)) for some
i

constant c. Then, construct C using t columns of A and set each one to % with probability q;.
J

With probability at least 1 — 6,
CCT — ¢|AJAT < AAT < CCT +¢||A|%T
Proof. LetY = CCT — AAT. For notational convenience let A; = A, ;. Wecan then write Y =

> iepy Xi» where X; = %(qijAj A]T — AAT) with probability g;. We observe that E[qijAj AJT -

AAT] = 0, and therefore, E[Y] = 0. Next, we bound the operator norm of Y. To this end, we
use the Matrix Bernstein inequality, which in turn requires a bound on the operator norm of X; and
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variance of Y. Recall,

1X;l2 = A AT - fAAT
tq; 9
m ”AHF T 1 T
m A AT || + 2| AA (A21)
2m
< ZE|Al

Next, we bound Var[Y]| < E [YZ].

E[Y?] =tE [X]] = %E

1 2
(AjA]T — AAT>
9

1 [ (A;AT)?
=3 (ﬂ T+ i (AAT)? —2AATAAT

qj (A.22)
m [|A[% b IAGIE, A7y
<= (A;AT)? 4 — (AAT)
<MAH§ m || All%
em|| A%
< Hm m
- tb X

Therefore, 0% = ||[E [Y?] |2 < % Applying the Matrix Bernstein inequality (see Lemma ??
in the Appendix),

( 2HAH4 >
Pr (Y2 > cl|Al[3] < me\ TFEIAE) <5
by substituting the value of 2 and setting t = % log (). The bound follows. O

Using the above theorem, we show that sampling columns of A according to approximate column
norms yields a matrix that preserves projection cost for all rank-k projections up to additive error.

Theorem A.2. (Column Projection-Cost Preservation.) Let A be a m X n matrix such that A satisfies
approximate triangle inequality. For j € [n], let X; be an O (%) -approximate estimate for the j*"
column of A such that it satisfies the guarantee of Corollary A. ] Then, let g = {q1,q2...qn} be a

.Lett=0 (’;’)LT’“; log(%)> for

probability distribution over the columns of A such that q; = Z

some constant c. Then, construct C using t columns of A and set each one to \’jti with probability
qj

q;. With probability at least 1 — 0, for any rank-k orthogonal projection X
IC —XC|% = |A — XA} = || Al

Proof. We give a similar proof to the relative error guarantees in [6], but need to replace certain parts
with our different distribution which is only based on row and column norms rather than leverage
scores, and consequently we obtain additive error in places instead. As our lower bound shows, this
is necessary in our setting.

Let Y =1 — X, so that [|[A — XA[|Z = Tr (YAATY) and |C — XC||% = Tr (YCCTY). We
split the singular values of A into a head and a tail as follows. Let o2 be the smallest singular value

of A for which 7 > %. Let U,U? be the projection onto the top ¢ singular vectors of A and
U\KUQ be the projection on the bottom singular vectors. Let P, = U, U7 and P\, = U\gU,{Z.
Then,

Tr (YAATY) = Tr (YP,AATP,Y) + Tr (YPAATPY) +2Tr (YP,AATPY)
=Tr (YP,AATP,Y) + Tr (YP\, AATP,,Y)
(A.23)
The cross terms vanish since Py A and P\ /A are orthogonal. Similarly, we split the CCT terms.
Tr (YCC"Y) = Tr (YP,CC"P,Y) + Tr (YP,,CC"P\,Y) + 2Tr (YP,CC"P\,Y)
(A24)
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We note that the cross terms here do not vanish since P,C and P\ ,C might not be orthogonal. We
now show how to handle each of these terms separately.

A.3 Head Terms.

Our analysis for the Head Terms closely follows that of [6], where they strive for relative error using
leverage scores instead. For any vector z, let y = Pyz. Then, y" AATy = 2"PTAATP iz =
T AyAl x. Then, setting € = £ in Theorem A.1, we obtain

7

|| A
yT'ecTy — A ”F yly < xTAgA z <yTccTy+ GHTFyTy (A.25)

Note, this only increases the number of columns we sample by a poly(k) factor. Recall, by
definition, y is orthogonal to all but the top £ singular vectors of A. Therefore, 27 A/ATz =

yTAATy > IAlkyTy  Combined with (A4.25), y7CCTy = (1 + e)aTA,ATz. Since
yTCCTy = I‘TPgCCTPgJ) and the above is true for any x, we get

(1-€e)P,CCTP, < A/AT < (1+¢)P,CCTP, (A.26)

We observe that (A.26) bounds the diagonal entries of YA,ATY in terms of the diagonal entries of
YP,CCTP,Y, we get that,

(1-¢)Tr (YP,CCTP,Y) < Tr (YP,AATP,Y) < (14 ¢)Tr (YP,CC"P,Y)
Rearranging the terms and assuming € < 1/2,
(1 —4e)Tr (YP,AATP,Y) < Tr (YP,CC'P,Y) < (1+4€¢)Tr (YP,AATP,Y) (A27)
A.4 Tail Terms.

Recall from the definition of Y,

Tr (YA ALY) = Tr (A A7) - Tr (XA AT X) (A28)
Similarly,
Tr (YP,,CC"P\,Y) = Tx (P,,CC"P\,) — Tr (XP,,CC"P\,X) (A29)

In order to relate Tr (P\gCCTP\g) and Tr (A\ZAT ) we observe that the first term is equal to the

second in expectation. Therefore, using a scalar Chernoff bound, we show that Tr (P\KCCTPW)
concentrates around its expectation. We defer this proof to the Supplementary Material and obtain
the following bound:

Tr (A A7) = Tr (P, CCTPy) = %[ A} (A.30)

Next, we relate the remaining two terms following a strategy similar to the one used for the head
terms. Let the vectors z, y be defined as above. Then, xTA\gA@x = yTAATy. Using Theorem

A.1 with e = i, we get
T T . _ . T T GHAH% T
x A\gA\L,x =y CCy+ % Yy (A.31)
Since P\ ¢ is a projection matrix, y”y < 27z and assuming e < 1/2,

A 2
yr'ccTy — e%z?@ < :vTA\gA\Te:v
NE (A.32)
xTA\gA@x <yrccty + ETFme

Recall, by the definition of m, 27 A, A{ x < ”A”F . Substituting this back into (A4.32) and (A.33),

we get
2

A
P,CC"P\, — H HF]H A\ A, <P CC"P +¢ ! kHFI[ (A.33)
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Let X = ZZ" such that Z € R™* is an orthonomal matrix. By the cyclic property of the trace,
Tr (XA\KA\EX) =Tr (ZTA\ZA ) 327 A ALz,
JElk]

Similarly,

T (XC\ ClX) < Y Z7,C\ 2.
jElk]

Combining this with (A4.33) and (A.31), and assuming € < 1/2 we get,

Tr (YP\,CCTP\Y) = Tr (YA ALY ) + e 4|13 (A.34)

A.5 Cross Terms.

Finally, we consider the cross term 2Tr (YP,CC"P\,Y). Let L = AAT(AAT)" and M =
AAT. We observe that the columns of PCCTP\Z lie in the column span of A. Therefore,

Tr (YP,CC"P\,Y) = Tr (YLP,CC"P\,Y) (A.35)
Then, by Cauchy-Schwarz,

Tr (YLP,CCTP\;Y) < \/Tr (YLMY) Tt (P, ,CCTP,M+P,CCTP\,)

= /Tr (YMY) Tr (P,,CCTU,5-2UT CCTP, ) (A.36)

= VT (YMY) - /[P, ,CCTU,S, 3

Note, the first term is ||A — XA || r. Therefore, we focus on the second term :

[P\ CCUE Y% =D [P CCTU,.|30
1€[{)

(A.37)
In order to bound the sum above, we bound each summand individually. Let p; be a unit vector in the
direction of CCTUi,*’s projection on P\L;. Then,

[P\ CCTU,.[[5 = (pf CCT U, .)° (A.38)

Let/ = ai_lui + %pi. By Theorem A.1 we know that
F

A 2
Vi of oLy %EW <ITAATY (A.39)
Substituting ¢ in the equation above,

i,% T i y% T 4 2 Z*M % A 2
-U—L7 CC U% kpl CC Pi \/E pTCCTUl* < U, U, + k 6|| HFETK

f # < +
o} 1A% [AllF o? 1A% k

7 7

2
(A.40)

pi
A"

Combining the above equation with (A.26) U7, CC"U;, > (1 — ¢)U] MU, , > (1 — €)o?.
Further, p? CCTp; > p?Mp; — LAk plugging this back into (A.40),

(1-6) (Ui,*MUi,* kp! Mpz> 2vkp; CCTu;
—€

2 A |[A
o ||||A|||F oillAllr (A41)
€
<1+ pIMp; + EyTy + 4e
A% k

18



A%

Recall p; lies in the column space of Uy, and thus p;Mp; < and thus we get

2Vk All3
AT ——_pFCCTu; < 8¢+ el k”FeTe < 12 (A.42)
Assuming again that e < 1/2 and observing that ||¢||3 < ”AHQ we get
2V kp; CCTu;
% < 12¢
oil Al (A43)
orlIAlE

(p;CCTul)? < 144¢ 2% k
Plugging this back into (A.40), we get that
[P\ CCTUZ | < 288¢%| A% (A44)

Since we have now bounded the second term, we plug it back into (A.36),

Tr (YLP,CCTP\,Y) < /Tr (YMY)/288||A|% < 17¢Tr (YAATY) (A45)

Combining (A.24) (A.27), (A.34) and (A.45), we get

Tr (YOCTY) = Tr (YA(ATY) + Tr (YA AT Y ) % 40¢Tr (YAATY) + 10¢| A1}
(A.46)
Since Tr (YAATY) < ||A||%., rescaling € by a constant finishes the proof. O

We note that the critical ingredient in the proofs was estimating the column norms in sublinear time.
We observe that we can also estimate the row norms in sublinear time and immediately obtain a Row
Projection-Cost Preservation Theorem.

Corollary A.2. (Row Projection-Cost Preservation.) Let A be a m X n matrix such that A satisfies
approximate triangle inequality. For i € [n], let X i be an O (%) -approximate estimate for the it

of A such that it satisfies the guarantee of Lemma 2.1. Then, let p = {pl, D2 ... Dpn} be a probability

.Lett=0 ( e log (% )) Then, construct C

distribution over the rows of A such that p; = Z

using t rows of A and set each one to jz? with probability pi. With probability at least 1 — 6, for

any rank-k orthogonal projection X
IC — CX|% = [|A — AX|[%: £ | A%

Next, we describe how to apply projection-cost preserving sketching for low-rank approximation.
Let C be a column pcp for A. Then, an approximate solution for the best rank-% approximation to C
is an approximate solution for the best rank-k approximation to A. Formally,

Lemma A.1. Let C be a column pcp for A sattsfymg the guarantee of Theorem A.2. Let P be
the projection matrix that minimizes |C — XC||% and P’ be the projection matrix that mlmmlzes
|A —XA||%. Then, for any projection matrix P such that |C — PC|% < |C —PLC||% + €| C||?
with probability at least 98 /100,

IA —PA[% < [|A — PRA|L + cl|All%

A similar guarantee holds if C is a row pcp of A.

>

Proof. By the optlmahty of P, we know that |[C — PCJj%2 < ||C P5C|% + €|lC|% <
|C = P4 C||% +¢€||C||%. Since C is a column pcp of A, ||C— P4 C|2 < |A - P3 A||2 +e||A||2,
therefore with probability at least 99/100,

IC ~PC|[% < [|A — PAA|E + e||Allf +€|CllE < |A — PAAE + O()|AllF (A 47)

where the last mequahty follows from E[C] = A and Markov’s bound. Similarly, |C — PC|% >
|A — PA||% — €|/ A%, therefore, with probability at least 99/100,

IC —PCll > |A —PA|7 — O(e)|| A% (A.48)
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Union bounding over the two events and combining the two equations, with probability at least
98/100 we get

IA — PA|[% < [|A - PLA|% + 4e|| A% (A49)
Rescaling € completes the proof. We note that a similar lemma holds if C is a row pcp of A. O

Lemma A.1. Let C be a column pcp for A sansfymg the guarantee of Theorem A.2. Let P be
the pr0]ect10n matrix that minimizes |C — XC||% and P’ be the pr0]ectlon matrix that minimizes
|A — XA||%. Then, for any projection matrix P such that HC PC|% < |[C—PLC|% +¢€||C|I%,
with probability at least 98/100,

IA —PA|% < A —=PLA|L + €| AL
A similar guarantee holds if C is a row pcp of A.

Proof. By the optlmahty of P¥,, we know that |C — PC|% < ||C PLC|% + €|Cl% <
|C = P4 C||% +¢||C||%. Since C is a column pcp of A, ||C— P4 C|2 < |A - P3 A||F+6||A||F,
therefore, with probability at least 99/100,
IC —PC|% < [A = PrA[% + el| A7 + €| ClIE < A = PRA[: + O(e)|A|%

where the last 1nequa11ty follows from E[C] = A and Markov’s bound. Similarly, |C — PC|% >
|A — PA||% — €|/ A2, therefore, with probability at least 99/100,

IC —PClf% > |A —PA|% — O(e)| Al
Union bounding over the two events and combining the two equations, with probability at least
98/100 we get

|A —PA|% < |A — PLA|E + 4| A%
Rescaling € completes the proof. We note that a similar lemma holds if C is a row pcp of A. O
Lemma A.2. (Scalar Chernoff Bound.) Let A € R™*™ satisfy approximate triangle inequality.
For j € [n], let X be a O (%)—approximate estimate for the j*" column of A such that it satisfies
the guarantee of Corollary A.1. Then, let ¢ = {q1,q2 - . . qn } be a probability distribution over the

3.

columns of A such that q; = 273)? Lett =0 (mk

g1 A

(m)) for some constant c. Construct C

using t columns of A and set each one to \/ti with probability q;. Let € be the index of the smallest

singular value of A such that o7 > %. With probability at least 1 — 6,
Tr (A\,ZA\TZ) — Tr (P\,CCTP\,) = +e|Al|% (A.50)

Proof. We can rewrite the above equation as ||P\,C||%. — [|A\,||7. = =e||[|%. By summing over the
column norms of C, we get ||P\,C|% = 2= IP\eCuj |%. Next, we upper bound each term in
the sum as follows :

1
IP\eC. 5ll5 = 7||P\4A*,j||§
d;j

- be? ml|All% )
- (mk2 log(m/5)> (b|A*7j 2) [P\eA ;12 (A51)

< (g ) 1AIE

k?log(m/§
Note, /2Py C. (3 € [0,1] and E [Ej:[t] ||P\gc*,j||§} = ||A\¢]|%. By Chernoff,

r [|P\Cl7 > [P\ A% + €l Al ]

k?log(m/é k%log(m/6)
—pr | (BT ) S IR C > () I + el
Al ) 2 AT

- (A.52)

Fog(n/) Al (K 1og(m/8)] A3
—Pr < [P Coyll2 > 1+ < )
aary ) 2 PGl = g e (T Al

clog(m/5)

<e ~ 1 <4/2
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Therefore, with probability at least 1 — §/2, |P\,C||% — [|A\¢||3 < €||A||r. Similarly, we can show
that with probability at least 1 — 6/2, ||P\,C||% — ||A\¢||7 > —¢||A||. Union bounding over the
two events finishes the proof. O

A.6 Full Sublinear Time Algorithm

Algorithm 3 : Full Sublinear Time Algorithm.

Input: A Distance Matrix A, «,, integer k, € > 0 and a small constant y > 0.

1. Let2r = O (1/v) and let Ay = A, so = nand tog = m. Setby =m?, by =n".
2. For i € [2r], recursively construct matrix A ;) as follows:

(a) If 4 is odd, run ColumnNormEstimation(A(;_1),b2). By Lemma A.3, we

—1

obtain O (tb

2
q¢=1{q1,4q2...qs,_, } denote a distribution over columns of A (;_1) proportional
to the relative estimate for each column.

)-approximate estimates of the column norms of A(;_;). Let

Si—1

Construct a column pcp for A (;_1) by sampling s; = 5) (?poly(§)> columns

such that each column is set to % with probability ¢;. Let Ay =
A(i_l)Si be the resulting ¢;_; X s; matrix that follows guarantees of Theorem
A2,

(b) If i is even, run RowNormEstimation(A(;_1),b1). By Lemma A.3, we ob-

tain O (sl; 1 )-approximate estimates of the row norms of A(;_;). Letp =

P1,P2 - --Pt,_, } denote a distribution over rows of A ;_1y proportional to the
i—1 ( )

relative estimate for each row.
ti—1
by

Construct a row pcp for A (;_1) by sampling t; = 5) ( poly(%)) columns such

that each column is set to % with probability p,. Let A ;) = T;A;_y

be the resulting ¢; x s;_; matrix that follows guarantees of Corollary A.2.

3. Let Ao, be the final matrix at the end of the recursion. Compute the truncated
SVD (A (2,), k) = Uy, 22, V3. Let V2 represent the top k singular vectors in the
row space. Construct a leverage-score sketching matrix Eo,. with poly(f) columns

using the leverage scores of VI , following the guarantees of Theorem 4.3. Compute
XAy = argming [|A o, 1) Ez-—1 — XVI Eg 1]

4. Compute a decomposition Ug,._1Va,._1 of X A(QT_1>V2TT such that Us,_; has or-
thonormal columns. Consider the regression problem minx ||A(2T,2) — Ug,._1X||%.

Compute XA, _, = argminy || Eg, oA 9,2y — E2,2Uy,_1X]|%, where Ey,
is a leverage score sketching matrix with poly(%) rows constructed according to
Theorem 4.3.

5. Let UQT_1XA(2T72) be the starting point for Ay, _3 as UQT-ZQTV;. was for As,_1
and recurse to the top. Let Uy, XA be the solution obtain from solving minx ||[EA —
EU;X||%, where E is a leverage score sketching matrix with poly(%) rows, con-
structed according to Theorem 4.3.

Output: M = U, N7 = X,

In this section we improve the running time of our previous sublinear time algorithm. Intuitively, our
algorithm recursively constructs projection-cost preserving sketches for the rows and columns of
the original matrix by sampling according to coarse estimates of the row and column norms. Note,
we are able to obtain these estimates by dividing the subsampled matrices at each step into weight
classes such that each weight class approximately satisfies triangle inequality. At the bottom of the
recursion we reduce the input matrix A to a poly(%) X poly(%) matrix, for which we can compute

the SVD in O(poly(f)) time.
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Starting with an orthonormal basis of the SVD, we alternate between approximately computing the
best rank-k projection in the column and the row space all the way up the recursion chain and
output the final rank-k£ matrix. However, computing the SVD or even running an input-sparsity
time algorithm near the top becomes prohibitively expensive and is no longer sublinear. Therefore,
we find approximate solutions to the best rank-k column and row subspaces by formulating a
regression problem, sketching it to a smaller dimension using leverage score sampling and solving it
approximately.

We show that recursive sampling indeed approximately preserves rank-k subspaces of the row and
column space. For the sake of brevity throughout the rest of the analysis, let A(;) be a t; x s;
matrix created by recursively sampling rows or columns of A (;_1) such that at each step the row
or column pcp properties are satisfied. Formally, let A gy = A be aty x sp matrix, where to = m
and so = n. Then, if i is odd, A ;) = A(;_1)S;isat; 1 X s; matrix and a column pcp for A ;_)
and if 7 is even, A(;) = T;A;_1) is at; x s;_1 matrix and a row pcp for A ;_1). We note that

si=© (S'Z—;lpoly(f)) andt; = © (%poly(f)).

To address the issue of rescaling every time we subsample rows or columns, we split the rows or
columns of A ;) into O(e™ " log(mn)) weight classes such that triangle inequality approximately
holds in each weight class. Therefore, the column or row norm estimation algorithm goes through for
each weight class independently and we obtain an overall O(%)-approximation to the column norms

at the cost of reading O(e~! log(m)bs) entries per column. A similar guarantee holds for the row
norms. This idea simply extends to the recursive algorithm as we can create weight classes at each
recursive step run the simple row and column norm estimation algorithms.

Intuitively, to handle the first column rescaling , we partition the columns of the matrix into
O(e~1log(mn)) blocks such that each block satisfies approximate triangle inequality. By Lemma
2.1, we can estimate the row norms for each block efficiently, and summing the estimates suffices to
obtain an approximation to the row norms. Next, we subsample the rows and scale them. However, we
observe that we can yet again partition each sub-matrix that satisfies approximate triangle inequality
into O(e~!log(mn)) weight classes and yet again satisfy approximate triangle inequality. We note
that we only recurse a constant (1/+) number of times, therefore the total number of sub-matrices

formed is O ((e_l log(mn))%) = poly(e~!log(mn)) and the run-time blows up by at most that
factor.

Lemma A.3. (Estimating row and column norms under rescaling.) Let A be a m x n matrix such
that A satisfies approximate triangle inequality. For a small fixed constant v, and for all i € [1/7],
let Ay be at; X s; scaled sub-matrix of A as defined as above. There exists an algorithm that, with

Si—

probability at least 9/10, obtains a O ( 51
time. A similar guarantee holds for estimating column norms.

1 )—approximation to the row norms of A ;y in 6(b2m +n)

Proof. We begin with a m x n matrix A that satisfies approximate triangle inequality. It follows
from Corollary A.1 that we can approximately estimate column norms of A in O(bym + n) time.
Therefore, we can construct the column pcp, A (1) = ASy, such that the j th column of A, if sampled,
is rescaled by \/‘;171] Therefore, the resulting matrix, A ;) may no longer be a distance matrix. As
discussed in the previous section, to address this issue, we partition the columns of A () into weight
classes such that the g*" weight class contains column index j if the corresponding scaling factor \/%

lies in the interval [(1 + €)?, (1 + €)9*). Note, we can ignore the (\/#ST)—factor since every entry is

rescaled by the same constant. Formally,
1
W(l):{i651 — € 1+eg,1+69+1} (A.53)
; 1] | Z= € [+ 9%, (14 97

Next, with high probability, for all j € [n], if column j is sampled, L

o < n¢ for a large constant
J

c. If instead, g; < #, the probability that the j%" is sampled would be at most 1/n¢", for some

¢’ > ¢. Union bounding over such events for n columns, the number of weight classes is at most

logy;.(n¢) = O (e *log(n)). Let A}y v denote the columns of A () restricted to the set of
g

indices in W,. Observe that all entries in A are scaled to within a (1 + €)-factor of each

LW
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other and therefore, satisfy approximate triangle inequality (equation 2.1). Therefore, row norms
OF Ay
(for some parameter by), since Lemma 2.1 blows up by a factor of at most 1 4+ €. Summing over

can be computed using Algorithm 1 and the estimator is an O (%) -approximation

the estimates from each partition above, with probability at least 99/100, we obtain an O (%)—
approximate estimate to row norms of A ). However, we note that each iteration of Algorithm 1

reads by + n entries of A and there are at most O(e ! log(n)) iterations. Therefore, the time taken
to compute the estimates to the row norms is O ((bam + n)e~ ' log(n)).

Now, we can construct a row pcp of A(l), which we denote by A(Q), such that each row in A(g) isa
scaled subset of the rows of A ;). Our next task is to estimate the column norms of A (). It suffices
to show that A (5 can be partitioned into a small number of sub-matrices such that each one satisfies
(1 + €)-approximate triangle inequality.

Observe, we previously split the matrix A ;) according to W;l), into O (e_l log(n)) sub-matrices
such that each matrix satisfies (1 + €)-approximate triangle inequality. Consider one such sub-matrix,

A(l)\wf,”' In the construction of the row pcp A (5, we rescale a subset of rows of each of A(l)lwél).

Therefore, we can again create O (6_1 1og(m)) geometrically increasing weight classes for the

rows of A ). Note, restricting rows of A (1) to one weight class results in a sub-matrix
(1)IWy (D)IWg

that satisfies (1 + €)2-approximate triangle inequality. We repeat the above analysis for each such
sub-matrix, since we again start with a matrix that satisfies (1 + ¢)-approximate triangle inequality,
after rescaling € by a constant.

Critically, we note that we only repeat the recursion a constant number of times, therefore the
approximation factor for triangle inequality blows up by (1 + ¢) /7. Since + is a constant, we can
rescale € by a constant, and therefore, all sub-matrices satisfy (1 + €)-approximate triangle inequality.

the total number of sub-matrices formed is O ((6’1 log(n) log(m))%> = poly(e~*log(n)log(m))
and the run-time blows up by at most that factor. O

Note, we can now black-box the algorithm for estimating row and column norms of scaled sub-
matrices of A. For the sake of brevity, we do not include them in Algorithm 3. Next, we present a
critical structural result that enables us to recursively apply the pcp guarantees.

Lemma A.4. (Recursive PCP Lemma.) Let A ;) be defined as above. Then, for any € > 0, integer
k and a small constant v > 0, 2r = O (%) , simultaneously for all odd i € [2r], for all rank-k
projection matrices X;, with probability at least 98/100,
[AGT—X) 7 = [[Au—1)I = X)||7 £ el|Au—n |7

Further; let X'y | be the projection that minimizes A (I—X,;)||% and let XA i_s, be the projection
that minimizes || A ;_1)(I — X;)|[%. Then, simultaneously for all odd i, for any rank-k projection
matrix X; such that || A ;) (I — X;)||3 < [[Aq) (I - XK“))”% + €| A ) |3, with probability at least
98/100,

[AG I =X)[F < [Au-1y ([T =X, )IF+elAuylE
A similar guarantee holds if i is even.

Proof. For a given matrix A ;, such that i is odd, we employ Theorem A.2 with § = 1/n¢ for a
fixed constant c. Note, the number of columns we sample only blows up by a constant and

A G ([ =Xi)[[F < AT = X)|7 +elAu-nlF

holds with probability at least 1 — # Union bounding over all such events for ¢ € [27], such that

i is odd, the above guarantee holds simultaneously with probability at least 1 — 1/n°~!. Setting
d = 1/n°in Corollary A.2, it follows that simultaneously for all ¢ € [2r], such that 7 is even,

(L= XA 7 < 10— X) Aoy |7+ ellAu-yll7
with probability at least 1 — 1/ n¢"!. Note, for a fixed odd 3, following the analysis of Lemma A.1,
A1) ([T =X)[F < [AG- )T -Xa, ) +O0@AGE
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holds with probability at least 1 — ﬁ. Union bounding over all such events ¢ € [2r], such that i is

odd, the above guarantee holds simultaneously, with probability at least 99/100.
Similarly, for even 4, let Xy be the projection that minimizes (I — X;)A ;|3 and let XA

be the projection that minimizes ||(I — X;)A;_1)||%. Then, simultaneously for all even 4, for any
rank-k projection matrix X; such that

1= X)AGE < IT-X3, ) Ao lE+O)IAnE
with probability at least 99/100, it holds that
(T X)) A lIF < I(T- X4, VA1 IE + OO Au-llE

Union bounding over the odd and even events completes the proof. O

Using the above structural guarantees, we show that Algorithm 3 indeed achieves an additive error
guarantee for low-rank approximation. Intuitively, at each recursive step we either approximately
preserve all rank-k row or column projections. We finally obtain a matrix that is independent of m
and n and therefore we can compute its SVD. We then begin with the rank-k matrix output by the
SVD and critically rely on Lemma A.1 to switch between finding approximately optimal projections
in the row and column space while climb back up the recursive stack.

Lemma A.5. (Additive Error Guarantee.) Let A € R™*™ be a matrix such that it satisfies approxi-
mate triangle inequality. Then, for any € > 0, integer k, and a small constant v > 0, with probability
at least 9/10, Algorithm 3 outputs a rank-k matrix MINT such that M € R™*k N € R"** and

|A = MN7|% < [[A = Agl[z + O(e)| Al %

Proof. By Lemma A.4, we know that approximately optimal rank-k projection matrix for A ;) is
an approximately optimal rank-k matrix for A ;_1) up to an additive error term of e[| A (;_1)[|%. Let

2r =0 (%) be the number of recursive calls. Concretely, since A (o, is a row pcp of A(a,_1), we
know that for all rank-k projections Xs,., with probability at least 98/100,

1A 20 (T = Xor) 7 < [A2r—1) (L= Por)[[7 + el Aer) I 7 (A.54)

Since A (3, is a small matrix of dimension, we can afford to compute SVD(A(Q,,)) (we analyze this
runtime below). Let U27~D2rV2TT, be the truncated SVD, containing the top &k singular values and

setting the rest to 0. Thus, we know that Vo, VI is the optimal projection matrix for A (2, and by
Lemma A 4,

[A2r—1) ([ = Vo, Vo) F < [|A@r-1) = (Ar-1)kllF + el A1 1 F (A.55)

As discussed in the analysis of Algorithm 2, observe that computing the SVD or even running an
input-sparsity time algorithm as we recurse back up to the top becomes prohibitively expensive and
no longer sublinear. Therefore, we follow the previous strategy of setting up a regression problem,
sketching it and solving it approximately using leverage scores. We observe that an approximately
optimal solution for A (5,_1) lies in the row space of VI and set up the following regression problem:

min || A1) — XV, [ (A.56)

Though this problem is small and independent of m and n, as we recurse up, the regression problems
grow larger and larger. Therefore, we sketch it using the leverage scores of VZ . Note, since V3 is
orthonormal, the leverage scores are precomputed. With probability at least 98/100, we compute
X Aoy, = argming | A, 1) Eg 1 — XV By, 1|, where Ey,._; is a leverage score sketching
matrix with poly(%) columns. Given the sketching guarantee of Theorem 4.3,

||A(2r71) - XA(2T71)ngrH%' < (1 + 6) m)gn ||A(27‘71) - XV%;”%
I+elAer—1 — A(2T—1)V2TV;”%7 (A.5T)

<
< Ar-1) — (A(2r—1))k||%‘ + O(G)HA(2T—1)H%
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where the last inequality follows from equation A.55.Therefore, X o (QT_DVQTT has rank at most k
and is an approximate optimal solution for A (y,_1). Applying Lemma A.4 again, we know that

projecting onto the column space of X 5 (27‘71)V%; is an approximately optimal solution for A (3,_o).
Formally, let X A(ZPI)V%} = Usg,_1Va,_1 such that Us,_; has orthonormal columns. It follows
from equation A.57 that [| A 2,1y — Uz,—1 Vor—1[|% = A1) = (A@r—1))kll% T el A1 |3
Therefore,

(T = Usr1Ug, ) A2 |7 < [Azr—2) = (Azr—2))ill7 + el Aar_g) |7 (A.58)

We observe that a good solution for A (3,_g) exists in the column space of Ugz,._1, and set up the
following regression problem:

min A 2r—2) — U1 XI5 (A.59)

Again, we sketch this regression problem using the leverage scores of Usg,_;. Recall, Ug,_; has
orthonormal rows and thus the leverage scores are precomputed. We can then compute X4, _, =
argminy [ Eo, oA (2, _2) — E2_2Usz,_1X]|%, where Eg,_5 is a leverage score sketching matrix

with poly(%) rows. Given the sketching guarantee of leverage score sampling in Theorem 4.3,
1A @r—2) = Uzr1Xa, o 7 < (14 ) min A2 = Uz X7
< (1+e)|Agr2) — Us1UJ 1 Ao_g)|lF (A.60)
< lAgr—g) — (A(2r—2))k||2F =+ O(€)||A(27‘—2)||%‘

We observe that Us,_1 X A (2r2) is a rank-k matrix, written in factored from, that is an approximate
solution for A(QT 2)- Using Ug;_1, XA, _, , We can repeat the above analysis 1 times all the way
up the recursion stack. Note, the last level of the analysis is simply the one presented in the proof of
Theorem 4.1. Let Uy, X a be the solution obtain from solving the final regression problem. Note,
union bounding over all the random events above, we obtain U, X o with probability at least 9/10.
Setting M = U; and N7 = X, finishes the proof and satisfied the additive error guarantee for
A. O

Next, we show the running time of Algorithm 3 is sublinear in m and n for an appropriate setting of
bl . b2 and Y-

Lemma A.6. Let A € R™*™ be a matrix such that it satisfies approximate triangle inequal-
ity. Then, for any ¢ > 0, integer k, and a small constant v > 0, Algorithm 3 runs in

9] ((m* 4+ n*7) poly(%)) time.

Proof. Recall, from the running time analysis of Algorithm 2, for a ¢; x s; matrix A ;), we a construct
column and row pcp in O ( log( )poly( )+ bis; + ti) and O (Sl log(s: )poly( )+ (bati + sz))
respectively. Since @ € [2r] and 2r = O(1/y), we can compute A, in
0] ((bln + bom) poly(le(m")D , since the running time is dominated by sampling b, entries in
each column and b3 entries in each row of the input matrix A, at the top level. Note, Ay, is a

m k loi(m) ) and Sop = 1/w pOly( k 10%(”) )

to, X So, matrix, where to, = i/ poly(

We can compute the

SVD of A (g, in O <<W) POIY(MOg(mleg(m))) . Next, we solve 27 regression problems by

sketching them as we recurse back up. We again upper bound each recursive step by the running
time of the top level. Recall, from the analysis of Algorithm 2, the regression problem can be solved

in O ((m + n)poly(w)). Setting by = n” and b, = m”, the overall running time is

O ((ml‘M + ntt) poly(%)). O

Lemma A.5 together with Lemma A.6 imply our main theorem:

Theorem A.3. (Sublinear Low-Rank Approximation for Distance Matrices.) Let A € R™*™ be a
matrix such that it satisfies approximate triangle inequality. Then, for any € > 0, integer k and a
small constant v > 0, there exists an algorithm that accesses O (m1+7 + n1+7) entries of A and
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runs in time O ((ml‘M + nl‘w) poly(%)) to output matrices M € R™*F and N € R™** such that
with probability at least 9/10,

IA = MNT|E < A = Agl7 + el A%

A.7 Relative Error Guarantees

Theorem 5.1. (Lower bound.) Let A be an n x n distance matrix. Let B be a rank-poly(k) matrix
such that | A — B||% < ¢||A — Ag|| for any constant ¢ > 1. Then, any algorithm that outputs such a
B requires Q(nnz(A)) time.

Proof. Let P = {ey,ea...e,} be asetof n standard unit vectors and @ be a set of n— 1 zero vectors
along with one point ¢ such that ¢ = +e;, where 7 and the sign are chosen uniformly at random. Let
the underlying metric space be ¢,,-norm. Note, all but one pairwise distances in A are 1. Further,
one entry in the i*" row of A is either 2 or 0. Note, A is a rank-2 matrix and thus ||A — A;||% = 0,
for all k£ > 1. Let B be a rank-poly(k) matrix that obtains any relative-error guarantee. Then, B must
exactly recover A and therefore any algorithm needs to read all entries of A in order to find the entry
that is 0 or 2. O

Algorithm 1 Bi-criteria Algorithm for Euclidean Matrices.

Require: Euclidean Matrix A, «,,, integer k.
1: Let A=A+ A2 — 2B s.t. A and A, are rank-1 matrices and B is a PSD Matrix.
2: Then, A; = a1a1 and A, = agag
3: Compute MIN” by running the sublinear low-rank approximation algorithm from [14] on B
with parameter k + 2.
4: Compute V an orthonormal basis for M.
5: Let W be V concatenated with a; and a;. We denote W as [V; ay, as).
Ensure: WW7

Theorem 5.2. (Bi-criteria Algorithm.) Let A be a Euclidean Distance matrix. Then, for any € > 0
and integer k, with probability at least 9/10, Algorithm 1 outputs a rank (k + 4) matrix WW7 such
that

|A — AWWT || < (1+¢)|A — Ayllr

where Ay, is the best rank-k approximation to A. Further, Algorithm 1 runs in O(npoly(%))

Proof. First, we show that we can simulate the sublinear PSD algorithm from [14] on B, given
random access to A and reading n — 1 additional entries. Observe that computing B; ; requires ||z; |3
and ||z;]|3. Since pairwise distances are invariant to a uniform shift in position. Therefore, w.l.0.g.
we can assume that the first point, 1, is at the origin. Then, the j** entry of the first row A is |z (B2
Now, B; ; = (||z;]|3 + ||z;]|3 — As,;)/2 and we have access to each of these values. Therefore, we

can simulate the algorithm for sublinear low-rank approximation on B in O(npoly(%)). Note, in
Algorithm 1 we find a rank k& + 1 approximation to B and by Theorem ??, the algorithm outputs
matrices M, N € R**¥ such that

B ~MNT)[r < (1+¢)[B~Bpia|r

where By is the best rank-(k + 2) approximation to B. Let V be an orthonormal basis for M,
which can be computed in O(nk?) time. Let W = [V a;, as]. We observe that the projection matrix
WWT applied to A; and A, yields A; and A, respectively since they lie in the column space of
‘W. Therefore,

A - WWT)||p = [(A; + Az — 2B)(I- WW7)| 5
= (A1 — A;WWT) + (A — A,WWT) - 2(B - BWWT)|
=2|B(I-WW7)| (A.61)
< 2|[B(I - MN")||r
<2(1+€)|B = Biyollr
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Metric SVD IS Sub Iter Metric SVD IS Sub Iter

Ly 473.83 38.04 2.09 21.53 Ly 480.19 39.69 2.86 16.37

Ly 526.11 37.62 192 20.26 Ly 41735 37.15 3.04 16.09

Lo 41742 3840 193 27.66 L 44739 41.89 337 17.68

L. 476.89 4095 193 2253 L. 42595 4599 241 20.12
Table 3: Running Time (in seconds) of full Table 4: Running Time (in seconds) of full
SVD, Input-sparsity, Sublinear and Iterative SVD, Input-sparsity, Sublinear and Iterative
SVD algorithms on the Gisette Dataset for SVD algorithms on the Poker Dataset for
Rank =40 Rank = 40.

Next, we bound ||A — A || r in terms of |B — By1o||r as follows:
A — Agllr = [|A1 + Az — 2B — Agflp

A1 +A2 — Ak)

(A.62)
2 HF

-sfa-!

Observe, A; + Ay — Ay is a rank-2 perturbation to a rank-k matrix, therefore, HB —
(A1+A2—Ay)
2

‘ > ||B — Bj.y2||r. Combining the two equations, we get ||[A(I — WWT)|r <
F

(14 ¢€)||]A — Ag|| - Recall, W = [V; a;, as], where V has rank k& + 2 and thus W has rank at most
k+ 4. O

B Experiments

In this section, we present the results of our sublinear time algorithm, the conventional SVD Algorithm
(optimal error), iterative SVD methods and the input-sparsity time algorithm from [4] on the Gisette
and Poker Dataset. Note, we don’t include the error of the Iterative SVD algorithm in our plots
since it is orders of magnitude larger than the SVD error and makes the plots less interpretable. For
instance, on the Gisette dataset the minimum Frobenius norm error attain by SVD is 1086.40, whereas
that of the Iterative SVD is 26156230.14.
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Figure B.1: Here we consider the Gisette dataset [11] and the Poker Dataset [2]. The distance matrix
is created using Euclidean, Manhattan, Chebyshev and Canberra distance metrics. We compare the
error achieved by SVD (optimal), our Sublinear Algorithm and an Input Sparsity Algorithm.
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