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Abstract

In this paper, we provide a deterministic O(log N)-space algorithm for estimating random
walk probabilities on undirected graphs, and more generally Eulerian directed graphs, to within
inverse polynomial additive error (¢ = 1/poly(N)) where N is the length of the input. Previ-
ously, this problem was known to be solvable by a randomized algorithm using space O(log N)
(following Aleliunas et al., FOCS ‘79) and by a deterministic algorithm using space O(logg/ IN )
(Saks and Zhou, FOCS ‘95 and JCSS ‘99), both of which held for arbitrary directed graphs but
had not been improved even for undirected graphs. We also give improvements on the space
complexity of both of these previous algorithms for non-Eulerian directed graphs when the error
is negligible (e = 1/N“(1)), generalizing what Hoza and Zuckerman (FOCS ‘18) recently showed
for the special case of distinguishing whether a random walk probability is O or greater than e.

We achieve these results by giving new reductions between powering Eulerian random-walk
matrices and inverting Eulerian Laplacian matrices, providing a new notion of spectral approx-
imation for Eulerian graphs that is preserved under powering, and giving the first deterministic
O(log N)-space algorithm for inverting Eulerian Laplacian matrices. The latter algorithm builds
on the work of Murtagh et al. (FOCS ‘17) that gave a deterministic O(log N)-space algorithm
for inverting undirected Laplacian matrices, and the work of Cohen et al. (FOCS ‘19) that
gave a randomized O(N)-time algorithm for inverting Eulerian Laplacian matrices. A running
theme throughout these contributions is an analysis of “cycle-lifted graphs,” where we take a
graph and “lift” it to a new graph whose adjacency matrix is the tensor product of the original
adjacency matrix and a directed cycle (or variants of one).
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1 Introduction

In this paper, we give the first deterministic, nearly logarithmic-space algorithm for accurately
estimating random walk probabilities on undirected graphs. Our algorithm extends to Eulerian
digraphs, which are directed graphs where the indegree of a vertex v is equal to its outdegree for
every vertex v. (Note that a random walk on an undirected graph is equivalent to a random walk
on the associated Eulerian digraph obtained by replacing each undirected edge {u,v} with two
directed edges (u,v) and (v,u).) In more detail, our main result is as follows:

Theorem 1.1 (informally stated (see also Theorem §1))). There is a deterministic, O(log(k - N))-
space algorithm that given an Eulerian digraph G (or an undirected graph G), two vertices s,t, and
a positive integer k, outputs the probability that a k-step random walk in G started at s ends at t,
to within additive error of €, where N is the length of the input and ¢ = 1/poly(N) is any desired
polynomial accuracy parameter.

Estimating random walk probabilities to inverse polynomial accuracy, even in general digraphs,
can easily be done by randomized algorithms running in space O(log N). Since that much space
is sufficient to simulate random walks [AKL™]. In fact, estimating random walk probabilities in
general digraphs is complete for randomized logspace The best known deterministic algorithm
prior to our work was that of Saks and Zhou [SZ1], which runs in space O(log3/ 2 N), and works for
general digraphs. (See the excellent survey of Saks [Sak] for more discussion of the close connection
between randomized space-bounded computation and random walks, as well as the state-of-art in
derandomizing such computations up to the mid-1990’s.)

For undirected graphs, Murtagh et al. [MRSV?2] recently gave a deterministic O (log(k-N))-space
algorithm that computes a much weaker form of approximation for random walks: given any subset
S of vertices, the algorithm estimates, to within a multiplicative factor of (1 + 1/polylog(NN)), the
conductance of the set S, namely the probability that a k-step random walk started at a random
vertex of S (with probability proportional to vertex degrees) ends outside of S. Our result is
stronger because in undirected graphs, all nonzero conductances can be shown to be of magnitude
at least 1/poly(N) and can be expressed as a sum of at most N?/4 random walk probabilities.
Consequently, with the same space bound our algorithm can estimate the conductance of any set
S to within a multiplicative factor of (1 4+ 1/poly(V)).

Like [MRSV?2], our work is part of a larger project, initiated in [MRSV1], that seeks to make
progress on the derandomization of space-bounded computation by importing ideas from the lit-
erature on time-efficient randomized algorithms for solving graph Laplacian systems [ST1, [KMP1],
KMP2, [KOSZ, LS, [PS, ICKM™, [KLP™, [KS| ICKP™2, [CKP™1, ICKK™) [AJSS] . While we consider
Theorem [I.1] to be a natural derandomization result in its own right, it and our analogous result
for solving Eulerian Laplacian systems (Theorem below) can also be viewed as a step toward
handling general directed graphs and thereby having an almost-complete derandomization of ran-
domized logspace. Indeed, in recent years, nearly linear-time randomized algorithms for estimating
properties of random walks on general directed graphs (with polynomial mixing time, which also
yield complete problems for randomized logspace [RTV]) were obtained by reduction to solving
Eulerian Laplacian systems |[CKPT2, ICKP™1, ICKK™]. A deterministic and sufficiently space-
efficient analogue of such a reduction, combined with our results, would put randomized logspace
in deterministic space O(log N).

'Formally, given G, s,t,k, a threshold 7, and a unary accuracy parameter 1%, the problem of deciding whether
the k-step random walk probability from s to t is larger than 7 4+ 1/a or smaller than 7 is complete for the class
BPL of promise problems having randomized logspace algorithms with two-sided error. By binary search over the
threshold 7, this problem is log-space equivalent to estimating the same probability to within error 1/a.



To achieve our main result and prove Theorem [[LI, we provide several results that may be
of interest even outside of the space-bounded derandomization context, such as a new notion of
spectral approximation and new reductions between estimating random walk probabilities and
inverting Laplacian systems. Below we provide more details on how our work relates to both the
space-bounded derandomization and the Laplacian solving literature, and describe some of our
other contributions.

1.1 Derandomization of Space-Bounded Computation

It is widely conjectured that every problem solvable in randomized logarithmic space can also be
solved in deterministic logarithmic space (i.e. RL = L, BPL=L for the one-sided and two-sided error
versions, respectively) [Sak]. Though this is known to follow from mild assumptions in complexity
theory (e.g. that there is a Boolean function in DSPACE(n) that requires branching programs of
size 2" [KyM]), the best known unconditional derandomization is the aforementioned, quarter-
century-old result of Saks and Zhou [SZ1], which places randomized logspace in deterministic space
O(log®? N).

Most of the effort on derandomizing logspace computations over the past three decades has gone
towards the design of pseudorandom generators that fool ordered branching programs. An ordered
branching program of width w and length k is given by a directed graph on vertex set [k] x [w].
which we view as consisting of k layers of w vertices. All of the edges from the ith layer go to
the (i 4+ 1)’st layer (so there are no edges entering the first layer or exiting the last layer). We
call the first vertex of the first layer (i.e. vertex (1,1)) the start verter, and the first vertex of
the last layer (i.e. vertex (k,1)) the accept vertex t. Typically, every vertex in layers 1 to k — 1
has outdegree 2, with the two edges labelled by 0 and 1. Intuitively, the vertices in the ¢th layer
correspond to possible states of a space-bounded algorithm before it makes its ith coin toss, and
the two edges lead to its two possible states after that coin toss. The acceptance probability of an
ordered branching program is exactly the probability that a random walk from the start vertex s of
length k£ — 1 ends at accept vertex t. Generating such a truly random walk takes k — 1 random bits,
so the goal of a pseudorandom generator for ordered branching programs is to generate a walk of
length k£ — 1 using a much shorter random seed such that the acceptance probability is preserved up
to an additive e. Given such a pseudorandom generator, we can obtain a deterministic algorithm
for estimating the acceptance probability by enumerating all seeds of the pseudorandom generator.

A general O(log N)-space computation can have w = 2008 N) = poly(N) states and toss k =
poly(N) coins. The best known pseudorandom generator for such ordered branching programs is the
classic generator of Nisan [Nis], which has a seed length of O(log? N) (for any error € > 1/poly(N))
and thus does not directly yield a derandomization of space complexity better than O(log2 N)
(due to enumerating the seeds), which can be achieved more easily by recursively multiplying the
transition matrices between layers. (Multiplying & boolean w x w matrices to within a final accuracy
of € can be done recursively in space O((log k) - (log w + loglog(k/¢))).) Nisan’s generator is also a
crucial tool in the algorithm of Saks and Zhou [SZI].

Due to the long lack of progress in improving Nisan’s generator, effort has turned to restricted
classes of branching programs, such as those of constant width (w = O(1)), with there being
significant progress in recent years for the case of width w = 3. [SZ2, (GMR', [MRT]. Another
restriction that has been studied is that of regular branching programs, where every vertex in
layers 2,...,k in the branching program has indegree 2. For this case, Braverman, Rao, Raz,
and Yehudayoff [BRRY] give a pseudorandom generator with seed length O(log N) when w <
polylog(N) and € > 1/polylog(/N), which again does not yield a deterministic algorithm that
improves upon recursive matrix multiplications.



In contrast, our algorithm for Eulerian graphs can be used to estimate the acceptance probability
of a regular branching program in space O(log N) even when w = poly(N) and € = 1/poly(N).
Indeed, by adding edges from the kth layer back to the first layer, a regular branching program can
be made into an Eulerian graph, without changing the probability that a random walk of length
k —1 from s ends at ¢t. In addition, our techniques also yield an improved pseudorandom generator
for permutation branching programs (regular branching programs where the labelling is constrained
so that for each b € {0,1}, the edges labelled b form perfect matchings between the vertices in
consecutive layers). Specifically, [MPV] use our results to derive a pseudorandom generator with
seed length O(log N) for permutation branching programs (with a single accept vertex in layer
k) of width w = poly(N), albeit with error only ¢ = 1/polylog(N). Even for the special case
of permutation branching programs, seed length O(log N) was previously only achieved for width
w = polylog(N) [KNP] De, [Ste].

It is also worth comparing our result with Reingold’s Theorem, which gives a deterministic
logspace algorithm for deciding s-t connectivity in undirected graphs. Reingold, Trevisan, and
Vadhan [RTV] interpreted and generalized Reingold’s methods to obtain “pseudoconverging walk
generators” for regular digraphs where each edge label forms a permutation of the vertices, as in
the permutation branching programs described above. These generators provide a way to use a
seed of O(log N) random bits to generate walks of length poly(N) that converge to the uniform
distribution on the connected component of the start vertex (just like a truly random walk would).
Such generators turn out to suffice for deciding s-t connectivity on arbitrary Eulerian digraphs.
However, these generators are not guaranteed to closely approximate the behavior of a truly random
walk at shorter walk lengths. Indeed, even the length of the walks needed for mixing is polynomially
larger than with a truly random walk. Nevertheless, one of the techniques we use, the derandomized
square, originated from an effort to simplify Reingold’s algorithm and these pseudoconverging walk
generators [RV].

Our work builds on recent papers of Murtagh et al. [MRSV1,[IMRSV?2], which gave deterministic,
nearly logarithmic-space algorithms for estimating certain quantities associated with random walks
on undirected graphs. Specifically, the first of these papers [MRSVI] gave a “Laplacian solver”
(defined below) that implied accurate (to within 1/poly(N) error) estimates of escape probabilities
(the probability that a random walk from s visits ¢ before visiting another vertex v); these again
refer to the long-term behavior of random walks, rather than the behavior at a given time below
mixing. The second paper [MRSV2] dealt with random walks of a fixed length k, but as discussed
earlier; only gave a weak approximation to the conductance of subsets of vertices.

1.2 Inverting Laplacian Systems

We prove Theorem [I.1] by a novel reduction from estimating k-step random walk probabilities to
solving linear systems given by graph Laplacians, and giving a small-space algorithm for the latter
in the case of Eulerian graphs.

Let G be a digraph on n vertices, and let W be the n x n transition matrix for the random walk
on G. Then we will call L = I — W the random-walk Laplacian of GE Solving Laplacian systems
refers to the problem of given a vector b € R”, finding a vector x € R™ such that Lz = b (if one
exists). Since the matrix L is not invertible (a stationary distribution of the random walk on G is

2The standard Laplacian of G, which we simply refer to as the Laplacian of G is D — A, where D is the diagonal
matrix of outdegrees and A is the adjacency matrix (where we define (A);; to be the number of edges from j to i in
G). Notice that I— W = (D — A)D~'. For undirected graphs, it is common to use a symmetric normalization of the
Laplacian given by D™'/2(D — A)D~/2 = D~'/2(I — W)D'/2, but the I — W formulation will be more convenient
for us.



in the kernel), a Laplacian system can be solved by instead computing its pseudoinverse L™, which
acts as an inverse on Image(L), and is zero on the orthogonal complement of Image(L).

We show that we can compute the pseudoinverse of an Eulerian Laplacian in nearly logarithmic
space.

Theorem 1.2 (informally stated (see also Theorem [1))). There is a deterministic, O(log N)-
space algorithm that given an Eulerian digraph G with random-walk transition matrizx W, outputs
a matriz LT whose entries differ from L™ by at most an additive €, where N is the length of the
input and € = 1/poly(N) is any desired polynomial accuracy parameter.

Previously, Cohen et al. [CKP™1, ICKK™| showed how to solve Eulerian Laplacian systems
by randomized, nearly linear-time algorithms, and Murtagh et al. [MRSV1] showed how to solve
undirected Laplacian systems by deterministic, nearly logarithmic-space algorithms. Our proof of
Theorem draws on all of these works.

As explained below, the extension from undirected graphs (handled by [MRSVI]) to Eulerian
graphs (as in Theorem [[.2)) is crucial for obtaining our high-precision estimation of random walks
(Theorem [IT]) even for the case of undirected graphs. In addition, as discussed earlier, this exten-
sion can also be viewed as a step toward handling general directed graphs and thereby having an
almost-complete derandomization of randomized logspace. Recall that nearly linear-time random-
ized algorithms for estimating properties of random walks on general directed graphs were obtained
by reduction to solving Eulerian Laplacian systems |[CKPT2, [CKP™1, ICKK™|. A deterministic and
sufficiently space-efficient analogue of such a reduction, combined with Theorem [[.2, would put
randomized logspace in deterministic space O(log N), i.e. BPL C L.

We will describe the ideas in the proof of Theorem below in Section [[L3 Here we de-
scribe our reduction from powering (Theorem [[IT]) to computing the pseudoinverse of a Laplacian
(Theorem [L2)).

Let G be an n-vertex digraph with random-walk transition matrix W. Let P} be the adjacency
matrix of a k-vertex directed path. Note that Py is not stochastic, but rather substochastic (non-
negative with column sums at most 1), since there are no edges leaving the last vertex of the path
(i.e. random walks “die off” when leaving that vertex). Then the kn x kn matrix W = P, @ W,
i.e. the Kronecker product of Py and W, is a k x k block matrix consisting of n x n blocks that
equal W just below the diagonal and are zero elsewhere. For example, when k = 4, we have:

0 0 0 0
, W0 0 0
W=PaW=1, w 0o o
0 0 W 0

W' is also a substochastic matrix describing random walks on a graph with & layers of n vertices
each, where there is a bipartite version of G going from the ith layer to the (i + 1)’st layer for each
i=1,...,k — 1, and again there are no edges leaving the kth layer. We call this the path-lift of
G of length k, or the path-lifted graph when G and k are clear from context. (This construction is
inspired by the ordered branching programs that arise in space-bounded computation, as described
above.)

The “Laplacian” of this layered graph, L = Iy, — W', is invertible, and noting that (W’ )k =0,
we can calculate its inverse as:

L' =L+ WH (W2 (W =L, 0L, + P W+ PIo W2+ ... Pito WL (1)

Thinking of L=! as a block matrix, the term Pi ® WY places a copy of W/ in each of the blocks
that are in the jth diagonal below the main diagonal. (So on the main diagonal are blocks of I,,,



just below the main diagonal are blocks of W, below that W2, and so on.) For example, for k = 4,
we can write L' in block form as

I 0 0 0
-i_|W I 00
T IW2 W I 0
W3 W2 W I

Thus from an accurate estimate of L™!, we can read off accurate estimates of the powers of W.
For example, entry ((¢,t),(1,s)) of L™! is exactly the probability that a length £ — 1 random walk
in G started at s ends at t.

However, we can only apply Theorem [[.2] directly if L is the Laplacian of an Eulerian graph, and
the above W is not even stochastic. We can fix this by (a) starting with an Eulerian graph G' and
(b) considering a cycle-lifted graph instead of a path-lifted graph, i.e. considering transition matrix
Cir ® W. Additionally, it is convenient to collapse all of the vertices in layer k to a single vertex v.
Then it turns out from the Laplacian pseudoinverse LT, it is possible to read off escape probabilities
— the probability that a random walk from one vertex, say (1, s), visits another vertex, say (¢,t),
before visiting a third vertex, say v. The condition “before visiting v” allows us to not worry about
walks that traverse all the way around the cycle, and thus we get exactly the probability that a
length ¢ — 1 random walk in G started at s ends at ¢

Note that even if GG is undirected, this reduction requires inverting a Laplacian of a directed
layered graph. Thus, our extension of the small-space undirected Laplacian solver of [MRSVI]
to Eulerian graphs (Theorem [[.2)) seems essential for obtaining high-precision estimates of powers
even for undirected graphs (Theorem [LT]).

The reduction above from computing powers to inverting also allows us to obtain new algorithms
for general digraphs and Markov chains:

Theorem 1.3 (informally stated (see also Theorem B.6))). Given a Markov chain G specified by a
stochastic matriz W, two states s,t, and a positive integer k, we can compute the probability that
a k-step random walk in G started at s ends at t, to within an additive error of €:

1. In randomized space O((log Nk) -log(logy(1/€))), or
2. In deterministic space O(log®/?(Nk) + (log(Nk)) - log(logyk(1/€))).
where N is the length of the input.

This theorem generalizes one of the results from recent work of Hoza and Zuckerman [HZ] that
gave the same bounds for the 1-sided version of the problem, namely distinguishing probability
0 from probability greater than e. For the two-sided version of the problem that we consider, a
randomized algorithm using space O(log(Nk/e¢)) follows from performing poly(1/€) random walks
and counting how many end at t. For deterministic algorithms, the best previous algorithm is
from Saks and Zhou [SZI], which uses space O(log(Nk/¢) - log'/? k). Note that Theorem [[3] has a
doubly-logarithmic dependence on € rather than a singly-logarithmic one. In particular, Saks and
Zhou [SZ1] only achieves space O(log®? Nk) for € = 1/poly(Nk) whereas we achieve it for a much
smaller € = 1/ exp(exp(y/log NEk)).

The proof of Theorem [[3] begins with the observation that we can approximate L~! = (I, —
P, ® W)~! to within accuracy 1/poly(N, k) in randomized space O(log Nk) or deterministic space

3 Alternatively (and essentially equivalently), we could note that if D — A is the Laplacian of G, then Iy ® D —
Po®A =1 @D (Iny — P, ® W) is a “row-column diagonally dominant matrix” and apply the reduction from
inverting such matrices to pseudo-inverting Eulerian Laplacian systems [CKP™2|.



O(log?’/2 NEk). Indeed, by Equation (II), it suffices to estimate I, W, W2 ... , WF=L up to accuracy
+1/poly (N, k).

We then use the fact that matrix inversion has a very efficient error reduction procedure,
equivalent to what is commonly known as “preconditioned Richardson iterations”. Let L—1 denote
our approximation to L~! with error 1/poly(N, k). For an appropriate choice of the polynomial
error bound, it follows that the “error matrix” E = I, — L~!L has norm at most 1/Nk (in, say,
spectral norm). Then we can obtain a more accurate estimate of L~! by using the identity:

L' =4 —E) 'L'=,+E+E*+E+...)LL

Since E has norm at most 1/Nk, the series converges very quickly, and can be truncated at
O(logni(1/€)) terms to achieve an approximation to within +e. As noted earlier, from such an
accurate estimation of L=! = (L — Py ®W)_1, we can accurately estimate random walks of length
k—1.

This same error reduction procedure is also used in our proof of Theorem (and also through-
out the literature on time-efficient Laplacian solvers), and thus is also key to the high precision
estimates we obtain in Theorem [[LT1 Although we fixed error 1/poly(N) in the statement of the
theorem, we can also achieve smaller error € at a price of O((log N) - log(logy(1/€))) in the space
complexity.

Interestingly, early work on randomized space-bounded computation [Gil, [Sim, BCP [Jun] re-
duced the problem of ezactly computing hitting probabilities of Markov chains (the probability that
an infinite random walk from s ever hits ¢) to computing (I — W)~! for a substochastic matrix W,
and used this to show that unbounded-error and non-halting randomized logspace is contained in
deterministic space O(log2 N). As far as we know, ours is the first application of inverting Lapla-
cian systems to estimating finite-time random-walk probabilities to within polynomially small error,
and consequently it is also the first application of inverting Laplacian systems to the commonly
accepted formulation of randomized logspace (i.e. bounded error and halting).

1.3 Complex spectral approximation, cycle-lifted graphs, and powering

We now describe the techniques underlying our space-efficient Eulerian Laplacian inverter (The-
orem [[.2). Let W be the transition matrix for the random walk on an n-vertex Eulerian graph
G, for which we want to estimate (I — W)~!. Because of (a generalization of) the error-reduction
procedure described above, it suffices to compute a rough approximation to (I — W)~!. For sym-
metric matrices (as arising from undirected graphs), a sufficient notion of approximation is spectral
approzimation as introduced by Spielman and Teng [ST2]. Applying the Spielman—Teng notion
to symmetric Laplacians I — W and I — W, we say that W is an e-approzimation of W (written
W~ W) if

Vo e R" ’xT(W—W)x‘ <ez (I-W)zr=¢- (Htz—xTWa:) . (2)

Cohen et al. [CKP™1] introduced a generalization of spectral approximation for asymmetric matri-
ces and directed graphs:

n - €
Voy €R" [T (W= Wyy| < 3 (2l + lly]* — T Wa —y"Wy). (3)

In the case of symmetric matrices, their definition is equivalent to the Spielman-Teng notion, and
thus we use the same terminology e-approximation and notation W a. W for their notion.



In this paper, we introduce a stronger notion of spectral approximation. Specifically, we say A
is a unit-circle e-approzimation of W (written W ~3 W) if

Ve, y e C"

2 (W =W)y| < 2 (] + Iyl = la"Wa + 5" Wy]) (4)

where v* refers to the conjugate transpose of v. Note that we now allow the vectors to range over
C" rather than R™. As we show (see Section [3]) this in itself does not make the definition stronger as
the earlier notions of [ST1, I(CKP™1] have equivalent formulations using complex vectors. The more
important change is the introduction of the complex magnitude | -| in the term |z*Wzx + y*Wy].

The significance of this change can be seen by considering an eigenvector v of W whose eigen-
value A € C has magnitude 1. Consider what happens if we set x = y = v in both the Spielman—Teng
definition (2)) and our definition [ ). If A =1 (e.g. v is a stationary distribution of the random walk
specified by W), then the right-hand side of the inequality in both cases is zero, so we must have
exact equality on the left-hand side, i.e. v*Wwv = v*Ww. On the other hand, if A is some other root
of unity (e.g. an eigenvalue of the k-cycle Cy, or in any random walk with periodicity), then only
our definition requires exact equahty This also explalns our terminology unit-circle approximation.
It also can be shown that W ~, W if and only if *W =, W for all complex z of magnitude 1.
That is, our definition amounts to demanding that all unit-circle multiples of the matrices approx-
imate each other in the previous sense. In the case of symmetric matrices (undirected graphs), it
suffices to consider z = £1, corresponding to the fact that the eigenvalues are all real and the only
periodicity that can occur is 2.

The benefit of unit-circle approximation is that, unlike the previous notions of spectral approx-
imation, it is preserved under cycle-lifts and powers.

Lemma 1.4. Suppose A %E W. Then for all k € N, we have:
1. Ck®WéECk®W, and
2. WE= 0o WP,

~ We note that in previous work (|[CCL™, MRSV1]), it was observed that for symmetric matrices,
if W ~ ~. W and —W =, —W then we do get W2 ~ ~. W2, Lemma [[.4 holds even for asymmetric
matrices and handles all powers k.

Item [T is proven by observing that the diagonalization of Cy (using the discrete Fourier basis,
which are its eigenvectors) has all kth roots of unity along the diagonal, so approximation of the
cycle-lifted graphs Cp ® W and C;p ® W amounts to requiring that the approximation of W and
W is preserved under multiplication by k’th roots of unity. Item [ is derived from Item [ by
observing that the kth powers can be obtained by “shortcutting” random walks through all but
one layer of the cycle-lifted graphs. This shortcutting amounts to taking the Schur complements of
the corresponding Laplacians, and we show that taking Schur complements of Eulerian Laplacians
preserves spectral approximation (generalizing analogous results for undirected and symmetrized
Schur complements [MP (CKK™]).

Now we can sketch our algorithm that we use to prove Theorem Given an Eulerian digraph
G, we want to approximate the pseudoinverse of the Laplacian I,, — W. By standard reductions, we
may assume that G is regular, connected, and aperiodic, and therefore, it has polynomial mixing
time. Rather than directly approximating the inverse of the Laplacian I,, — W of the original graph,
we instead approximate the inverse of the Laplacian of the cycle-lifted graph, i.e. Iyx.,,—Cor@W, for
2F larger than the mixing time of W. Then the pseudoinverse of I,, — W can be well-approximated
by an appropriate n x n projection of the pseudoinverse of Ik, — Cor @ W.



To approximate the pseudoinverse of Iy, — Cor @ W, we follow the recent approach of [CKK™]
and recursively compute an LU factorization (i.e. a product of a lower-triangular and upper-
triangular matrix) that approximates Iyx.,, — Cor ® W, as LU factorizations can be easily inverted.
Each recursive step reduces the task to computing an LU factorization of the Laplacian of the
random-walk on a chosen subset S of the vertices, where we short-cut steps of the walk through
S¢. For our algorithm, we choose the set S to consist of every other layer of the cycle-lifted
graph, as opposed to using a randomly chosen and pruned set of vertices as in [CKK™]. Then
shortcutting walks through S¢ yields a graph on S whose transition matrix is equal to Cor—1 ® W?
— a cycle-lifted version of the two-step random walk, with a cycle of half the length! Unfortunately,
we can’t just directly recurse, because repeatedly squaring W k times takes space O((k - log N)).
Thus, following [MRSV1], we utilize the “derandomized square” of [RV], which produces an explicit
sparse e-approximation to W2 such that k iterated derandomized squares can be computed in space
O(log N +k-log(1/€)) = O(log N). (We take e = 1/O(k) so that we can tolerate incurring an e error
in approximation for each of the k levels of recursion.) To make the analysis work, we prove that for
regular digraphs, the derandomized square produces a graph W2 that is a unit-circle approximation
to W2, so that we can deduce that Cyr—1 ® W2 approximates Cor—1 @ W2 via Lemma[[4l Previous
work [MRSV1] only showed approximation for undirected graphs, and with respect to the original
Spielman-Teng notion of spectral approximation. (Rozenman and Vadhan [RV] showed that for
regular digraphs, the derandomized square improves spectral expansion nearly as much as the true
square, but that is weaker than spectral approximation, as it only refers to the 2nd singular value
rather than the entire spectrum.)

We remark that the n x n projection of the pseudoinverse of the approximate LU factorization
we obtain is exactly the matrix we would get if we applied the repeated-squaring-based Laplacian
inversion algorithm of Peng and Spielman [PS| (or, more accurately, its space-efficient implemen-
tation via derandomized squaring [MRSVI]) to the original Laplacian I — W. Thus, another
conceptual contribution of our paper is connecting the LU factorization approach of [CKK™| to
the squaring-based approach of [PS] via the cycle-lifted graph. (However, for technical reasons in
our analysis, we don’t do the n x n projection until after applying the error-reduction procedure to
obtain a highly accurate pseudoinverse of the cycle-lifted Laplacian.)

2 Preliminaries

In this section we introduce notation and facts we use through out the paper.

2.1 Notation

We denote by C the set of complex numbers. For w = x 4 yi € C, we use w* = x — yi to denote
the conjugate of w. We use |w| = /22 + y? to denote the magnitude of w.

Matrices and vectors. We use bold capital letters to denote matrices. We use I,, € R™*" to
denote the identity matrix. For a matrix A € C™*"™ we use A* to denote the conjugate transpose
of A and we write Up = % to denote its symmetrization. We use 1, € R¥ to denote the all
1’s vector or just 1 when k is clear from context. We denote the conjugate transpose of a vector
similarly. We use AT to denote the transpose of a real matrix.

Positive Semidefinite (PSD) matrices. For Hermitian matrices A,B € C"*" we say A is
PSD or write A = 0 if z*Az > 0 for all x € C™. If A is real the condition is equivalent to



xTAz > 0 for all z € R™. Further we use A = B to denote A — B > 0. We define <, <, and >
analogously.

Proposition 2.1. Given a PSD matriz A € C™*"™ and matriz B € C"™*™

B*AB - 0.

Pseudo-inverse and square root of matrices. For a matrix A, we use AT to denote the
(Moore-Penrose) pseudo-inverse of A. For a PSD matrix B, we let B'/2 to denote the square root
of B, which is the unique PSD matrix such that BY/2B'/2 = B. Furthermore, we let B*/2 denote
the pseudo-inverse of the square root of B.

Operator norms. For any vector norm || - || defined on C" we define the operator semi-norm it
induces on C™*" by ||A|| = max, g %. For a PSD matrix H and vector = we let ||z||g = vVa*Hz,
and define the operator semi-norm ||A|/g accordingly. We can relate the || - ||[gg and || - || operator
norms as follows. For a matrix A, we have |Allg = |[HY2AH*/2|,. We use the term spectral

norm to refer to the operator norm induced by || -||2. We write || Ay ||2 to denote the spectral norm
[Az]

restricted to a subspace V. That is, ||A|y |2 = max,ev, o0 T
Lemma 2.2. Let M: R" — R" be a linear operator and extend it to M: C* — C" by defining
M(u + iv) = Mu +iMv for all z =u+iv € C". Then |M|crocn = [|[M|rrRre.

Graphs Throughout this paper we work with unweighted directed multigraphs (digraphs). These
graphs can have parallel edges and self loops and can be viewed as digraphs with integer edge weighs.
We specify graphs by G = (V, E) where V is the set of vertices and E is the multiset of edges.

Adjacency and Random Walk Matrices. The adjacency matrix of a digraph G on n vertices
is the matrix A € R™*"™ where A;; is the number of edges from vertex j to vertex ¢ in G{i The
degree matrix D of a digraph G is the diagonal matrix containing the out-degrees of the vertices
in G. The random walk matrix or transition matrix of a digraph G is W = AD™. W;; is the
probability that a random step from vertex j leads to i in G. Note that 1' W = 1'. A matrix
W e RLG" is called substochastic if 1TW < 17 (the inequality is entry-wise).

Directed Laplacians. We follow the approach in [CKK™] to define graph Laplacians. A matrix
L € R™" is a directed Laplacian, if its off-diagonal entries are non-positive, i.e. L;; < 0 for
i # j, and 1L =0. Every digraph is associated with a directed Laplacian. Occasionally we write
L = D — A to express the decomposition of L into the degree matrix and adjacency matrix of
the corresponding digraph. The random-walk Laplacian of a digraph with Laplacian D — A is the
matrix (D — A)D~! =T — W, where W is the transition matrix of G. We will often write Cy, to
denote the adjacency matrix of the k-vertex uni-directional directed cycle.

Eulerian graphs and Eulerian Laplacians. A directed graph is Eulerian if the in-degree of
every node is equal to its out-degree. A directed Laplacian L is Eulerian if L1 = 0. A graph is
Eulerian if and only if its Laplacian is Eulerian.

1Often the adjacency matrix is defined to be AT but we find the current formulation more convenient for our
purposes.



2.2 Kronecker Product

Given matrices A € C"*™ B € CP*4, the Kronecker product or tensor product of A and B denoted
by A ® B € CP"*™ g

A3 B AB - AB

A@B=| i i i
A,B AB - A,.B

Proposition 2.3. Given four matrices A, B, C, and D, if the matrixz dimensions make AC and
BD well-defined, then
(A®B)(C®D)=(AC)® (BD).

2.3 Schur Complement

For a matrix A € C"*"™ and sets F,C C [n], let Apc denote the submatrix corresponding to the
rows in F and columns in C. Similarly, for a vector v € C" let vr € CI¥l be the restriction of v onto
coordinates in F. If F,C partition [n] and A pp is invertible, then we denote the Schur complement

of A onto the set C by

def

Sc(A,C) = Acc — AcrApLArc.

When it is clear from context we may reload this notation as follows to make the Schur complement
dimension consistent with A.

def |0pp Orc
Se(A,€) = Ocr Acc — AcrArpArc|

3 Spectral Approximation

Since its introduction by Spielman and Teng [ST2|, spectral approximation of graphs and their
associated matrices [ST2] has served as a powerful tool for graph-theoretic algorithm development.
Below we review the original definition and later generalizations to directed graphs and asymmetric
matrices [CKP™1], and then present our new, stronger definition of unit-circle approximation in
several equivalent formulations.

3.1 Definitions

Definition 3.1 (Undirected Spectral Approximation [ST2]). Let W, W € R™" be symmetric
matrices. We say that W is an undirected e-approximation of W (written W ~, W) if

Ve eR”, (1—¢€) 2" I-W)z<z I-W)z < (14¢) -z (I- W)z
or equivalently,
Vo € R", ‘xT(W - W):L"’ <e-x' (I-W)z=ce- (||3:H2 - l’TWZE) .

Typically Definition [31] is phrased in terms of Laplacian matrices of the form I — W and
approximation is denoted by I — W ~, I— W to indicate the multiplicative approximation between
the quadratic forms defined by I — Wand I—- W. However, in the more general definitions of this
paper it will be more convenient to think of spectral approximation as a measure of approximation
between W and W rather than between I — W and I — W. Note that the definition is asymmetric
in W and W but W ~, W for € < 1 implies W ~ /(1) W.
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Spectral approximation is a strong definition that guarantees the two matrices have similar
eigenvalues, and their corresponding graphs have similar cuts and random walk behavior [ST2|
BSST]. Below we show the generalization to directed graphs from |[CKP™1].

Definition 3.2 (Directed Spectral Approximation [CKP™1]). Let W, W e R™™ be (possibly
asymmetric) matrices. We say that W is a directed e-approzimation of W (written W ~, W) if

IN

Ve,y € R", ‘a:T(W - W)y‘ . (mT(I ~ W)z +y " (I W)y)
(el + Iyl =Wz -y TWy)

(2l + 1yl =2 TUwe -y Uwy).

NI AN AN ™

The main difference between the above and Definition [3.1] is the introduction of the y vector
instead of having y = z. Indeed, using the same vector on both sides would lose the asymmetric
information in the matrices W and W). However, note that the last inequality shows that the
right-hand side depends only on the symmetrization Uwy.

We are justified using the same notation for undirected and directed spectral approximation
because of the following lemma

Lemma 3.3 ([MRSV2] Lemma 2.9). Let W, W € R"™ " be symmetric matrices. Then W is a
directed e-approximation of W if and only if it is an undirected e-approximation of W.

It will be convenient for us to generalize Definition [3.2] to complex matrices. In that case, we
will quantify over x,y € C™ and replace the transposes with Hermitian transposes.

Definition 3.4 (Complex Spectral Approximation). Let W, W e C™ ™ be (possibly asymmetric)
matrices. We say that W is a complex e-approximation of W (written W ~, W) if

Va,y € C",

T (W-Wyy| < = (lle]? + Jy]? - " Uwa — y"Uwy)

(l]” + lly]* — Re (" Wa + y*Wy))

Nl AN ™

The equality in Definition B.4] comes from the observation that for all v € C™ and all matrices
A € C™™ we have

1 1
v*Upv = 3 (v*Av +v"A%) = 3 (v*Av + (v*Av)*) = Re(v*Aw)

because the average of a complex number and its conjugate is simply its real part. Notice that the
definitions of undirected, directed, and complex spectral approximation are only achievable when
the matrix W has the property that Re(z*Wz) < ||z|? for all vectors € C" (when W is real
and symmetric as in the case of undirected spectral approximation, this requirement is equivalent
to 2T Wz < ||z|? for all z € R"). When working with these types of approximation, we will often
implicitly restrain the matrices to have this property.

Again, we are justified in using the same notation for complex approximation that we use for
directed and undirected approximations because of the following lemma.

Lemma 3.5. Let W, W ¢ R"*" be (possibly asymmetric) matrices. Then W is a directed e-
approximation of W if and only if W is a complex e-approximation of W.

11



A proof of Lemma can be found in Appendix [Al Now we introduce our new stronger
definition, which we call unit-circle spectral approximation.

Definition 3.6 (Unit-circle Spectral Approximation). Let W, W € C"*" be (possibly asymmetric)
matrices. We say that W is a unit-circle e-approzimation of W (written W ée W) if

Va,y € C*,

7 (W= Wy| < o - (lall® + Iyl "W +y"Wy).

The change from Definition B.4] is that we have replaced the real part with the complex mag-
nitude | - | on the quadratic forms 2*Wz + y*Wy on the right-hand side. To understand what we
gain from this, suppose z = y is an eigenvector of W with eigenvalue A such that |A| = 1. Then
the right-hand side of the inequality equals zero and so we must have "Wy = 2*Wy. In other
words, W and W must behave identically on the entire unit circle of eigenvalues with magnitude
1. This is in contrast to the previous definitions, which only required exact preservation in the
case where A\ = 1. For example, can an undirected bipartite graph (which has a periodicity of 2
and an eigenvalue of —1) have a non-bipartite spectral approximation? Under previous definitions,
the answer is yes but under unit-circle approximation, the answer is no because we require exact
preservation on all eigenvalues of magnitude 1, not just A = 1.

Unit circle approximation applies to a smaller class of matrices than the previous definitions of
spectral approximation. While the previous definitions only required that Re(z*Wz) < ||z||? for
all x € C", unit circle approximation requires that |z*Wz| < ||z||? for all x € C*. Again, we will
often implicitly restrict our matrices to have this property. Note that all complex matrices W such
that |[W]||; <1 and ||[W]||s < 1 satisfy this property. In particular, if W is the transition matrix
of an Eulerian graph, then W satsifies the property as does z - W for all z € C such that |z| < 1.
__ We will see in the coming sections that unit-circle approximation is preserved under powering of
W and W and is useful for achieving spectral approximation of a class of graphs we call cycle-lifted
graphs, which are essential for the anlaysis of our Eulerian Laplacian solver.

3.2 Equivalent Formulations

There are many useful equivalent formulations of Definition First we look at what our definition
gives in the case of real and symmetric matrices.

Lemma 3.7 (Real, Symmetric Equivalence). Let W, W € R™"™ e symmetric matrices. Then the
following are equivalent:

1. W~ W.
2. W ~. W and -W ~. —W.
3. For all x € R™ we have

]:J(W - W)x‘ <e (lof? — |2 TWal) .

A proof of Lemma [3.7] can be found in Appendix[Al In the original [ST2] formulation of spectral
approximation as multiplicative approximation between quadratic forms, Lemma [3.7] says that in
the real, symmetric setting, unit-circle spectral approximation is equivalent to I-W approximating
I - W and I+ W approximating I + W. This makes intuitive sense because symmetric matrices
have real eigenvalues so the only eigenvalues that can lie on the unit circle are +1 and —1.

12



This “plus and minus” approximation has been studied before in |[CCL™, MRSV?2], where it
was found to be useful because spectral approximation is preserved under squaring when both the
“plus” and “minus” approximations hold. We will see in Section 4] that even in the general directed,
complex case, unit-circle approximation is preserved under all powering.

We now show some convenient equivalent formulations of unit-circle spectral approximation.

Lemma 3.8. Let W,W € C™™ be (possibly asymmetric) matrices. Then the following are equiv-
alent

1. Wx W
2. For all z € C such that |2| =1, z- W =~ z- W
3. For all z € C such that |z| =1,
o ker(Ur_..w) C ker(W — W) Nker((W = W)T) and
072 (W W)U 2 <

A proof of Lemma [3.§ can be found in Appendix [Al

4 Approximating Cycle-Lifted Graphs and Powers

In this section we discuss how unit-circle spectral approximation allows us to approximate powers
of random walk matrices of digraphs and a class of graphs we call cycle-lifted graphs, which play
an essential role in our Eulerian Laplacian solver. Preservation under powering is a useful property
for a definition of matrix approximation but even in the case of symmetric transition matrices, the
original definition of spectral approximation does not guarantee this, as is seen in the following
proposition.

Proposition 4.1. For all rational € € (0,1), there exist undirected graphs with transition matrices
W, W such that W ~, W but W2 %, W? for any finite ¢ > 0.

Proof. Let W be the transition matrix of a connected undirected bipartite graph and define W =
(1 —¢€)- W +¢€-1. Fix a vector = and observe

‘xT(W - W)az‘ =e€- ‘ZET(I - W)JE‘
=€ (HxH2 — xTWa:)
where we can drop the absolute value in the second line because I — W is PSD and hence has a
non-negative quadratic form. So W ~, W. However W? has 2 connected components (because
walks of length 2 must start and end at the same side of the bipartition) while W? is strongly
connected. This means that W? has eigenvalue A\ = 1 with multiplicity 2 while W2 has eigenvalue

A =1 with multiplicity 1. Hence, they cannot spectrally approximate one another (see Lemma
below). O

Lemma 4.2. Fiz W,W € C™ ™. For any matric M € C™" ", let V\(M) denote the eigenspace of
M of eigenvalue .

1. If W =, W for a finite ¢ > 0, then V1(W) C Vi(W). If ¢ < 1, then Vi(W) = V;(W).

13



2. If W=, W for a finite c >0, then for all A € C such that |A\| = 1, VA\(W) C VA(W) and if
c <1 then V)\(W) = VA(W)

A proof of Lemma&.2| can be found in Appendix[Bl In previous work (|CCL™, MRSVT]), it was
observed that for symmetric matrices, if W ~ ~e W and ~W =, —W then we do get W2 ~, W2
Furthermore, when W is PSD we have that W ~ ~. W implies ~W ~ ~. —W. Since W? is tr1v1ally
PSD, the above can be applied recursively to conclude that w2 = W2* for all positive integers
k. However, we observe that analogous approximation guarantees do not hold for Eulerian graphs
(or even regular digraphs).

Proposition 4.3. For all rational € € (0,1), there exist reqular digraphs with transition matrices
W W such that W ~ W and —W ~, —W but W4 %. W* for any finite c.

Proof. Let C4 be the transition matrix of the directed 4-cycle. Fix e € (0,1) and define C =

(1 —¢€/2) - Cq+ (¢/2) - CJ. In other words, C is the directed 4-cycle with an €/2 probability of

traversing backwards. We claim that C ~. C4 and -C ~. —Cy4 but C* does not approximate Cﬁ.
First, note that each of Ujtc, has a one-dimensional kernel, namely

ker(Ur_c,) = span(f)
ker(Ursc,) = span ([1,-1,1,-1]").

Furthermore we have,

(C—Ca) =(¢/2) - (Cs—CJ),
which has a two-dimensional kernel, span(1, [1, —1,1, —1]). Observe that UrLc , each has eigenval-
ues of 2, 1, 1, and 0. Hence HU;;%H = 1. Finally, we have that

ICs = C|| = (¢/2) - ||[Ca — CJ|| = €
Putting this together gives

[UF2,(Ca - OUF2, 1 < 10773, - 1Ca — € - U772, |

— €.

It follows that C a2, C4. A similar calculation lets us conclude that —C a2, —Cy4, as desired.
Notice that C} has 4 connected components (all of the vertices become isolated with self loops)

while C* has 2 connected components. So C} and C* have eigenvalues of 1 with different multi-

plicities and hence they fail to spectrally approximate of one another by Lemma O

Now we show that if a matrix is a unit-circle approximation of another, then all of their powers
are as well (with small loss in approximation quality). In fact, we show something stronger, namely
that their cycle-lifted graphs approximate each other.

Definition 4.4 (Cycle-Lifted Graph). Let Cj denote the transition matrix of the k-vertex directed
cycle. Given a graph G = (V, E) on n vertices with transition matrix W the cycle-lifted graph of
length k, Cr(G), is a layered graph with k layers (numbered 1 to k) of n vertices each, where for
every i € [k], there is an edge from vertex u in layer i to vertex v in layer (i + 1) mod k with
multiplicity ¢ if and only if (u,v) exists with multiplicity ¢ in G. That is, Cx(G) = (V', E') with
V' = [k] x V and E' = {((i,u), (i + 1 mod k,v): (u,v) € E}. The transition matrix of Cy(G) is
C.L®W.

14



Theorem 4.5. Fiz W, W € C™" and let Cy be the transition matmx for the directed cycle on k
vertices. Then Ck®W ~. C, @W if and only if for all z such that zF = 1, we have z- W =~ z-W.

Recall that unit-circle spectral approximation requires that for all z € C with [z| = 1 we
have z - W =, z - W. Theorem then tells us that unit-circle spectral approximation implies
approximations of the corresponding cycle-lifted graphs of every length.

Corollary 4.6. Fix W, W € Crxn, Ifwéew then for all positive integers k, Cy, ®W%E CLRW.

Proof. SinceNW ~. W, we have that for all w € C such that |w| = 1 and all z such that zF = 1, we
have z - w - W =, z - w - W. By Theorem 5] for all w € C such that |w| = 1, we have

w- (CLO@W)=Cr® (w- W)~ Cprp® (w- W) =w-(Cp®W).

Thus, C, ® W ~, C, @ W. O

To prove Theorem [.5] we use the following lemma, which simplifies calculating spectral norm
and hence spectral approximation using restrictions onto invariant subspaces.

Lemma 4.7. Let M: C" — C" be a linear operator and Vi,...,Vy C C" subspaces such that
1. V; LVy forall j # k
2. Vid...eV,=C"
3. MV; CV; for all j € [{].

i.e., M 1is block diagonal with respect to the subspaces Vi,...,Vy. Then,

M|| = My,
M} = max [|M]y; |

A proof of Lemma 7] can be found in Appendix[Bl Now we can prove Theorem

Proof of Theorem[4.J. The intuition behind the proof is to observe that the diagonalization of the
directed k-cycle Cy, using the discrete Fourier basis (which are its eigenvectors), has all kth roots of
unity along the diagonal. This means that approximation of cycle-lifted graphs Cy QW and CyQW
amounts to requiring that the approximation of W and W is preserved under multiplication by
k’th roots of unity.

For each z € C with z* = 1, define the Fourier basis vector x, = [1,2,22,...,2"71]T. Consider
the subspaces V,, = span(x, ®C™). These subspaces are orthogonal, span CF®C" and are invariant
under C, @ W, C, @ W, (C}, @ W)* = C; @ W*, (C, ® W)* = C; @ W*, and U;;f_cmw. So,
by Lemma [£.7] we have

[0 crow (Cro W - CLo W) UL ¢ ow =
max HUIk _CLeW (Ck QW —Cj® W) Ulk/ _Ck®w|vz

z: zk=1

Now observe that since Cjx» = 2~ 'x., we have that for any ¢ € C"

(Cr @ W)(x, ® 7) = Crx. @ W7
=x.® (7 Wd).
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Similarly we have,

%) =x.® (z7!- W)
0) = x: @ Uy, _.-1.wt.
It follows that

032 ow (CkoW-Craw) U2 ¢ w|

Ik:-n
— +/2 -1 -1 o) pr/2
s 05 (7 W W)U

So we get that Cp ® A ~. C, ® W if and only if for all z such that 2*¥ = 1, 2IW ~e 2 TW.
Since for all kth roots of unity z, 2! is also a kth root of unity, the result follows. O

Theorem allows us to reason about approximation under powering by observing that the
kth power of a matrix can be expressed in terms of the Schur complement of its cycle-lifted graph
of length k. In [MP], they showed that undirected spectral approximation is preserved under Schur
complements. Here we show that the same is true of directed spectral approximation (with a small
loss in approximation quality).

Theorem 4.8. Fiz W, W € C" and suppose that W ~. W for e € (0,2/3). Let F C [n] such that
(Iip) — Wgp) is invertible and let C = [n] \ F. Then

I\C’| - SC(In - W, C) %5/(1_35/2) I|C\ - SC(In - W, C)

A proof of Theorem E.8 can be found in Appendix [Bl The expression in Theorem E.8| has a
natural interpretation in terms of random walks. Indeed, notice that

I\C| —Sc(I, —W,C) =Wce + WCF(I\F| — WFF)_leC"

When W is the transition matrix for a random walk, the right-hand side above can be interpreted as
the transition matrix for the random walk induced by “short-cutting” walks that traverse through
the set of vertices in F'. In other words, walk behavior on C' remains the same (the W term)
and walks that go from C' to F' (via Wpe) can instantly take arbitrary length walks in F' (the
(Iip) — Wgp) ™! term) before returning to C' (via Wep). The theorem above says that spectral
approximation is preserved under such “short-cutting”.

Now we get the following corollary, which says that unit-circle approximation is preserved under
powering.

Corollary 4.9. Let W, W be the transition matrices of digraphs G,é. IfW %E W then for all
k € N we have WF %6/(1_36/2) Wk,

Proof. Fix k € N and z € C such that |z| = 1. Let w be such that w* = 2. Let M =C, @w - W

and M = C, @w- W. From Corollary we have that M A, M. We can think of M ancLlVI as the
transition matrices of the cycle-lifted graph of graphs with transition matrices W and W. Define
F' to be the set of vertices in the first layer of these cycle-lifted graphs. Notice that

Lp —Sc(I, —M,F) = (w- W)F = 2. WF
Ip —Sc(I, — ML F) = (w- W)~ = 2. WF.

It follows from Theorem ¥ that W* ée/(l_ge/g) Wk, O
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Interestingly, in the case of undirected graphs, Corollary says that if W~ W and —W =,
—W then all kth powers approximate one another (with small loss in approximation quality). This
was not known (to the best of our knowledge) for any k other than powers of 2.

5 Derandomized Square of Regular Digraphs

In order to achieve a space-efficient and deterministic implementation of our algorithm, we need a
way to efficiently approximate high powers of regular digraphs. To do this, we use the derandomized
square graph operation of Rozenman and Vadhan [RV], which uses expander graphs to give sparse
approximations to the graph square. We define expander graphs in terms of the measure below.

Definition 5.1 ([Mih]). Let G be a regular directed multigraph with transition matrix W. We
define

W
A(G) = max IWoll ¢ 0,1,
vii o]

where the maximum can be taken over either real or complex vectors v (equivalent by applying
Lemma 2.2 to the restriction of W to the subspace orthogonal to f) The spectral gap of G is
defined to be 7(G) = 1 — A(G) and when v(G) > ~, we say that G has spectral expansion . When
G is undirected, A\(G) equals the second largest eigenvalue of W in absolute value.

It is well known that the larger 7(G) is, the faster a random walk on G converges to the
stationary distribution. Families of graphs with A(G) < 1 — Q(1) are called ezxpanders.

A(G) also relates naturally to unit-circle approximation as shown in the following lemma, which
says that the smaller A\(G), the better G approximates the complete graph.

Lemma 5.2. Let G be a strongly connected, regular directed multigraph on n vertices with transition
matric W and let J € R™ "™ be a matriz with 1/n in every entry (i.e. J is the transition matrix of

the complete graph with a self loop on every vertex). Then A(G) < X if and only if W %,\ J.

A proof of Lemma can be found in Appendix [Cl Before defining the derandomized square
operation, we introduce two-way labelings and rotation maps.

Definition 5.3 ([RVW, RV]). A two-way labeling of a d-regular directed multigraph G is a labeling
of the edges in GG such that

1. Every edge (u,v) has two labels in [d], one as an edge incident to u and one as an edge
incident to v,

2. For every vertex v the labels of the edges incident to v are distinct.

In a two-way labeling, each vertex v has its own labeling from 1 to d for the d edges leaving it
and its own labeling from 1 to d for the d edges entering it. Since every edge is incident to two
vertices, each edge receives two labels, which may or may not be the same. It is convenient to
specify a multigraph with a two-way labeling by a rotation map:

Definition 5.4 (JRVW] [RTV]). Let G be a d-regular directed multigraph on n vertices with a two-
way labeling. The rotation map Rotg: [n] x [d] — [n] x [d] is defined as follows: Rotg(v,i) = (w, j)
if the ith edge leaving vertex v leads to vertex w and this edge is the jth edge entering w.

Now we can define the derandomized square. Recall that the square of a graph G? is a graph
on the same vertex set whose edges correspond to all walks of length 2 in G. The derandomized
square picks out a pseudorandom subset of the walks of length 2 by correlating the 2 steps via
edges on an expander graph.
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Definition 5.5 ([RV]). Let G be a d-regular multigraph on n vertices with a two-way labeling. Let
H be a c-regular undirected graph on d vertices. The derandomized square GE)H is a ¢ - d-regular
graph on n vertices with rotation map Rotggn defined as follows: For vy € [n],ip € [d], and

Jo € [c], we compute Rotgew(vo, (i0, jo)) as
1. Let (v1,i1) =Rotg(vo, o)
2. Let (iz,j1) =Rotg (i1, jo)
3. Let (ve,i3) =Rotg(v1,1i2)
4. Output (ve, (i3,71))

In the square of a directed graph, for each vertex v, there exists a complete, uni-directional
bipartite graph from the in-neighbors of v, to it’s out-neighbors. This corresponds to a directed
edge for every two-step walk that has v in the middle of it. A useful way to view the derandomized
square is that it replaces each of these complete bipartite graphs with a uni-directional bipartite
expander.

Definition 5.6. Let H = (V, E) be an undirected graph on d vertices. We define Bip(H) to be a
bipartite graph with d vertices on each side of the bipartition and an edge (u,v) from vertex u on
the left to vertex v on the right if and only if (u,v) € E.

Note that since we're working with multigraphs, the incoming or outgoing neighbors to/from a
vertex may form a multi-set rather than a set due to parallel edges. So when we say that a “copy”
of Bip(H) exists from the in-neighbors of v to its out-neighbors, we mean that if we were to split all
of the in-neighbors of v and out-neighbors of v into two sets of d distinct vertices, place the edges
from Bip(H) across the sets, and then re-merge vertices that correspond to a repeat neighbor of v,
then a copy of that resulting graph can be found across vertex v in GE)H. We formalize this view
of the derandomized square in the following lemma.

Lemma 5.7. Let G be a d-reqular directed multigraph on n vertices with a two-way labeling and
transition matricr W. Let H be a c-reqular undirected graph on d vertices with a two-way labeling
and transition matrix B. Let J be the d x d matriz with 1/d in every entry and let W be the
transition matriz of GE)H. Define the 2d x 2d matrices

.

m:[gg].

Furthermore, for each v € [n] define P, Q™. and T as follows

and

{1 if jth edge entering v in G comes from w

0 otherwise

{1 if jth edge leaving v in G goes to w

0 otherwise

18



Then we have

&Il—‘

Z ) TMT®)
vE[n

and

&Il—‘

Z ) TMT®)
vE[n

Proof of Lemma [57]. First we show that in GEH there exists a “copy” of Bip(H) from the in-
neighbors of each vertex to the out-neighbors. Fix a vertex v € G. Let uq,...,uq be the multi-set
of incoming neighbors of v and let wy, ..., wyg be the multiset of outgoing neighbors. Without loss
of generality suppose that for each i € [d], the edge from w; to v has label i™ as an edge incident
to v and the edge from v to w; has label i®®* as an edge incident to v in G. We claim that in the
graph G®H there exists a copy of Bip(H) from the w;’s to the w;’s such that for each i € [d], u;
is the ith vertex on the left side of Bip(H) and wj; is the ith vertex on the right side of Bip(H)
(where edge multiplicities correspond to merging vertices in Bip(H)).

To see this, suppose (a,b) is an edge in H with labels ¢, and £, respectively. Also, let j,, j» be
the labels of edges (uq,v) and (v, wp) as edges incident to u, and wy, respectively (recall that these
are labelled a and b from v’s perspective). We will show that there is an edge corresponding to
(a,b) in H from u, to wy, in GE)H, namely the one labeled (jq,¢,), which will complete the proof.
We compute the rotation map Roteen (ta, (Jasla)):

1. Rotg(uq,ja) = (v,a)
2. Roty(a,ly) = (b, ly)
3. Rotg(v,b) = (wp, jp)
4. Output (wy, (Jb, %))

So edge (ja, ) leaving vertex u, indeed leads to vertex wy in G®H.
Let

wo — (T(v))TMT(v)
w® = (T)TMT®)

From the way we have defined T, we have that W) is exactly the transition matrix of the
uni-directional bipartite complete graph from the in-neighbors of vertex v to its out-neighbors in
G? (with all vertices that are not neighbors of v isolated). Likewise W) is the transition matrix
of the uni-directional bipartite expander from the in-neighbors of vertex v to its out-neighbors in
G@®H (with non-neighbors of v isolated). It follows from the reasoning above that

1 v 2
' Z wb) —w
vE([n]
and likewise 1
vk Z] w® =W,
ve n
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Before showing that the derandomized square produces a unit-circle approximation of the true
square, we need a lemma about these uni-directional bipartite expanders. The following lemma
says that if we convert an expander H into a uni-directional bipartite graph, then it unit-circle
approximates the complete uni-directional bipartite expander, where the quality of approximation
depends on how good of an expander H is.

Lemma 5.8. Let W € R"™ ™ be the transition matriz of a reqular multigraph H with \(H) < e.
Let J be the n x n matriz with 1/n in every entry. Then we have

0 0| [0 O
W o[l °|lJ o0
Proof. We want to show that for all z,y € C*" we have

. 0 O € ) , |.[0 0 0 0
< Z. _
. [W_J O]y|_2 <u:c|| +llyl? | [J 0 ] 0]11) (5)

For a vector v € C?", we will write v; for the first n components of v and vy for the last n
components. Observe that if

z+y*

veV = {v eC™: vy € Span(f) and vy € Span(i)}

0 o] 0 o\' -
[(W—J) O]U_Q(W—J) OD v=0.

Notice that the right-hand side of Equation [l is always non-negative. Thus, by decomposing z and
y into vectors in V and V1, we see that it suffices to consider vectors in V+ = {v € C*": vy L
1,ve L i} Fix z,y € V*. Let x1, 29 be the first (respectively last) n-coordinates of = and define
Y1,y analogously. Since Jv = 0 for all v L 1 it follows that

then

= [£3 Wy |

. 0 0
W-J) oY
< e [lzall - [y
€
< 5 (lzal* + Il *)
where the second line uses that |[Wu||a < €-|jv||2 for all v L 1, and the last line uses the AM-GM

inequality. Again since Jv = 0 for all v L 1, we have that the right-hand side of Equation [ just
becomes

€
5 - Ul + 1yl
which is certainly at least § - ([|z2|? + [Jy1]?)- O

Now we show that the derandomized square of a regular digraph yields a unit-circle spectral
approximation to the true square.

Theorem 5.9. Let G = (V, E) be a d-reqular directed multigraph with random walk matriz W. Let
H be a c-regular expander with \(H) < € and let W be the random walk matriz of G&H. Then

° 2
W 9. W-.

20



Proof. Define M, M, T® W® WO a5 in Lemma 5.7 By Lemma [5.7] we have
1 2
Z. Z WwW®) — W2,

vE[n]

Also, by Lemma [5.8 we have that M ~, M, which means that for all z,y € C™ we can consider
' = TWgz and ¢y = T®y to conclude

Wz 4+ y*W(”)yD

$*(W(v) wW®))y ‘ (m*(T(”))TT(”)x+y*(T(”))TT(”)y

l\DIm

Summing both sides of the inequality over all vertices v € [n], gives

(WO — W )y‘

$+ (Zoepy (#7(TO)TTE g 44 (TC)TTE)y) —

WO g 4 y*W(”)yD (6)

Applying the triangle inequality to the left-hand side of Inequality [0l gives

3 (W) - W(”))y’ >3 2 (W) - W)y

vE[n] vE[n]

=d- x*(W — W2)y‘ .

Similarly, we can apply the triangle inequality to the sum of complex magnitudes on the right-hand
side of Inequality [6] to conclude

. ( Z (w*(T(”))TT(”)x + y*(T(”))TT(”)y) —92.d-

vE([n]

*W2z + y*W2y}) .

Finally, we show that
ST =2.4-1,. (7)

vE(n]

This will complete the proof, because our inequality will become

d. T*W2p + y*W2yD ,

* (AR7 €
2(W=W)y| <2-d- - (Jlal* + y]* -

o

which says that W ~.. W2. Now we prove Equation [7l Fix v,i,7 € [n]. We can write

<(T(”))TT(”)) = 3 (1)L

i kel2d)

_ZT T,w

ke(2d]

From the definition of T(*), there is exactly one 1 in every row of the matrix, so when i # j, the
above sum is 0. When ¢ = j, the sum contributes a 1 for each edge connecting v and 7 in the
graph (in either direction). Therefore 3, cpy (TOHTT® is always 0 off the diagonal and 2 - d on
the diagonal because every vertex has exactly 2 - d edges incident to it. This confirms Equation [7]
and completes the proof. O
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6 Approximate Pseudoinverse for Cycle-Lifted Graphs

Let I— W be the random-walk Laplacian of a strongly connected, aperiodic, regular digraph G. Our
goal is to compute an accurate approximation of (I — W)*. To do this we consider the Laplacian
of a cycle-lifted graph L = Iy, — Cor ® W for some positive integer k, and show how to compute
an accurate approximation of LT, namely L+. Then we show that under some conditions, an
n x n projection of LT (specifically, (Tox ® I )TL+(12k ®1,)) gives an accurate approximation for
(I - W)* (see Lemma [6.4)).

To estimate L+ we first show how to obtain a weak approximation to it. Then we show how
to get an accurate approximation using Richardson iteration (see Lemma [6.2]). The following is
the main theorem we prove in this section. In this theorem, we only give sufficient conditions
for having an approximate pseudo-inverse of the cycle-lifted graphs, and discuss an actual space-
efficient algorithm for computing such a matrix in Section [7l

Theorem 6.1. Let W be the transition matriz of a strongly connected regular digraph with n
vertices, € € (0,1/2) and suppose we have a sequence of matrices W = Wy, ..., Wy, such that

W= e/kW VO <@ <k

and each W is a transition matrix of a strongly connected reqular digraph. We use W, ’s to define a

sequence of 2°n by 28n matrices L as in Equation (IT). Then for L = I, —Cor@W and L ),

there exists a PSD matriz F such that |[Iy, —LTL|p < O(ke) and U, /O(k) <= F < O(2%n 2/’<:5)UL.

In the above theorem L is defined in a way so that it has a nice LU factorization. This lets us
efficiently compute L*. Below we describe how we use Theorem in our solver and then we prove
the theorem in Section 6.1l We give the characterization of Lt in Proposition 6.6l In Section [7]
for k = O(logn), we show how to space efficiently generate the W;’s and compute L.

The following lemma shows how we can obtain an accurate solver by boosting the precision
of an approximate pseudo-inverse through the well-known method of preconditioned Richardson
iteration |[CKP™1} [PS].

Lemma 6.2. Given matrices A,B,F € R"*"  such that F is PSD, and |I — BA||r < « for some
constant o > 0. Let P, = Y7 (I — BA)'B. Then

|T— P Allp < o™

Proof. We have I — P,,A = (I — BA)™*!, and then the proof follows by the submultiplicity of
|- e O

Since we can obtain a reasonably good approximate pseudo-inverse for L via Theorem [6.1] and
boost the quality of that approximation with Lemma [6.2] we can ultimately get a very accurate
approximate pseudo-inverse. This is stated rigorously in the following corollary.

Corollary 6.3. Given a transition matric W of a reqular digraph with n vertices, and § € (0,1/2).
Let L = Iy, — Cor @ W, and let Lt be the approzimate pseudo-inverse obtained from Theorem [6.1]
by setting ¢ = i for a large enough constant c. For m = O (k—i—logn—i—log(%)), and P, =
S o(I—LTL)'LT, we have

IT—=PnLlly, <0
Proof. Note that With the choice of ¢, we have ||[I — LTL||p < 3. Therefore, by Lemma [6.2] we get
II-P,,L|jr < W Since Ur,/O(k) = F = O(2%n2k5)Uy, this implies |[I-P,, L[y, <§. O
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In the lemma below, we show how to obtain an approximate pseudo-inverse of the original
Laplacian system, given an approximate pseudo-inverse for the cycle-lifted graph.

Lemma 6.4. Given a matriv W € RLF™ with |[W|| < 1 and an arbitrary integer £ > 0, let
Ly =1,— W, and Lo = I, — Co, @ W. Let Bo € R gych that

[Len — BoLelluy,, <0
Let By = 3(1,®1,) " Bo(1, ® 1,); then
T, - BwLw vy, <90
Proof. |[In, — BwLw|lu,,, <6 is equivalent to
(I, — By Ly) ' Uy, (I, — ByyLy) < 6*°Uy,,,

For the RHS we have 62 - %(i@ ®1,) " Ur.(1,®1,) = 6*°Uy,,. For the LHS, let IT = %(I@ QL) (1, ®
T 17T
L) = (lz%) ® I,,, then we get

1 - .
Z( ¢ ®1,)" (I, — BellLe) 'HUL (I, — BellLe) (1, @ 1) = (I, — By Lw) ' Ury, (I, — By Lyy).

Thus it is sufficient to show,

1 nd - 1 - —
Z( ¢ ®1,)" (I, — BollLe) ' TUL T(Ty, — BelILe) (1, @ 1) < 6% - — (1,9 1,) ' UL, (1, ® 1,,).

[

Note that II is an orthogonal projection, and IILs = L¢Il. Thus by the lemma assumption and
Lemma we have,

(In — BeLe) 'TTUL, (I, — BeLe) = (I — BoLe) UL, (I, — BeLe) =< 6°UL,..
Since IT? = II, and II commutes with Lo and UL, we get
(I, — BoTILe) 'TTUL I1(1, — BIILe) < 6%Ur,,.

Now by Proposition 2.1, we get

1= - - .
;e I,)" (I, — BollLe) 'TIUL T1(Ty, — BollLe) (T 1) <62 - 2(1, @ 1,) ' UL, (1, ® 1,,). (8)

|-

which completes the proof. O

6.1 Approximate Pseudoinverse of Cycle-Lifted Graphs

To get an approximate pseudo-inverse of L we first compute an approximate LU factorization of
it. For any matrix M € R"*" if F,C partition [n] and Mg is invertible we can write M as the
product of a lower triangular matrix, a block diagonal matrix, and an upper triangular matrix:

Mcr Mcee
_ I 0| | Mpr 0 I MppMpc )
MerMp; 1 0  Mco — MerMppMpc 0 I
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Note that Moo — Mg FM}};M re 18 the Schur complement of M onto the set C. For an invertible
matrix M, the above factorization gives a formula to compute M~

M-l o | T ~MepMec | | Mpp 0 I 0
0 I 0  Se(M,C)~' || ~McrMy} 1

The lower and upper triangular parts are easy to invert. Therefore, the above formula reduces
inverting M to inverting Mpp and Sc(M,C). This approach has been used in many recent
time efficient algorithms for solving both symmetric and asymmetric diagonally dominant sys-
tems |[CKK™, [KLPT]. We use the same approach of LU factorization to compute an approximate
pseudo-inverse of L.

Without loss of generality we use the following ordering of rows and columns for Cqr. Let
C; =[1], and for k > 0 let

_ O CQkfl
Cor = [12“ 0 ]

Let H be the set of coordinates {2F"1n+41,2¥"1n+2,...,2%n}, so that the cycle alternates between
H and H°. We get the following nice characterization for the Schur complement of Ik, — Cor @ W
on to set H.

Sc(Igk,, — Cor @ W, H) = Ii1,, — (Toi1 @ W)(Comt @ W) = Ini1,, — (Coror @ W),

Using the above relation, and (9) we can get the following factorization for L.

L — Lok-1, 0 Lok-1, 0 L1, —Cop1@W (10)
I @ W Ik, 0 Loi-1,, — Cor-1 ® w2 0 Lok,

Note that the lower right block of the middle matrix is the Laplacian of cycle-lifted graph with
cycle length 2~ and adjacency matrix W2. Applying this recursion one more time by short-
cutting every other layer in the smaller cycle-lifted graph leads to a cycle-lifted graph of length
2F=2 and adjacency matrix W#. To get an approximate LU factorization, we repeatedly apply this
recurrence and replace all occurrences of powers of W with appropriate approximations of them
(see Theorem [6.1)). For j € {1,...,k} let W;’s be defined as in Theorem With LO = L, we
denote by L@ the matrix obtained after applying i steps of recursion. For example, we have

L — Iok-1, 0 Lok, 0 Ii-1,, —Cor-1 @W
I @ W Ty, 0 Ipi-1, — Cor—1 @ Wy 0 Lok-1,

More generally, for 1 < i < k we get,

. Lok _or—i 0
L0 =X,...X, | #-2)n Y, Y 11
1 [ 0 I2k—in - C2k7i ® WZ 1 ( )

where X;’s and Y’s are lower and upper triangular matrices, respectively. Specifically, we have

I(2k_2k7j+1)n 0 0 I(2k_2k7j+1)n O O
Xj = 0 Lyiin 0 .Y = 0 Lyi-ip  —Cors @ Wy
0 —Izkfj ® Wj_l Izk—jn 0 0 Izkfjn

(12)
Given the above factorization for L) it is easy to get one for L®T. We use the following
lemma from |[CKK™]| to give a factorization of L
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Lemma 6.5 (CKKPPRS18 Lemma C.3). Consider real matrices A € R™*™ B € R™ " and
C € R™", where A and C are invertible. Let M = ABC, then Mt = PO !BTATIPy,7,
where Py defines the orthogonal projection into tmage of M.

The following proposition gives the characterization of L®" which we later use for computing
L®™ in small space. Note that inverting the X;’s, and Y;’s is easy as they are lower and upper

triangular matrices.

Proposition 6.6. Given L¥) defined by Equation (1)), we have

+
I 0
LB =Pyt Y l (2k()_1)n I, — Wk] Xp o Xy (13)
where
I(Qk_gk—jJrl)n O 0 I(Qk_2k7j+l)n O 0
Xt = 0 Lo i, 0 |.Y;'= 0 Ioi—j, Cory @ W;_4
0 Izkfj ® Wj_l Izk—jn 0 0 Izkfjn

To prove Theorem [6.1], we first show that L*) is a good approximation of L. For that, we build
a PSD matrix F such that L and L*) approximate each other with respect to the norm defined by
F. For 0 <j <k, let
0 0

sU) —
0 Igi—j,, — Cor—y @ Wj| 7

(14)

where the zeros are used as padding to make the dimension of SU)’s 26n x 2%n. Note that SU)’s
correspond to the approximate Schur complement blocks appear in our recursive algorithm (see
Equation [IT]). Using Lemma 2.3 from [CKKT], we show that the average of Ugw’s would be a
good choice for F. We defer the statement of the lemma from |[CKK™| and the proof of Lemma [6.7]
to the appendix (see Appendix [D)).

Lemma 6.7. Let S© SM . S®) 4nd LO LY ... LK) e defined as Equations (I) and ([II)
respectively. Then for,

9 kK
F = E Z Us(i)
i=0
we have:

1. for each 0 <1i < k,
2

2. The final matriz L% satisfies

1
WTp+p,k) = 1
LOTFL® = o F.

Informally, Item [ states that all of the L(®’s and in particular L*) are good approximations
of L with respect to F, or equivalently FT/2LOF*/2 is a good approximation of F+/2LF*/2 in
spectral norm. Item [ states that L) is not too small with respect to F, or equivalently that the
spectral norm of (FT/2LFF+/2)* = FI/2(L(*))+F1/2 is not too large. Together they are used to
show that for L = L(*), Lt is a good preconditioner for L in the F norm, i.e. Tk, — f:+L”F is
small (see Lemma [D.4]). Now we are ready to give a proof of Theorem [G.1]
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Proof of Theorem [6.1l. By Lemma [6.7], there exists matrix F such that,
[P/ - TYF2) < e

and 1
L'F'L> —_F.
~ 40k?
Therefore, by Lemma [D.4, we get ||Iyr, — LTL||p < v/40ke. Note that F > YL by construction.
To get the upper-bound on F, we have

F<O(F)L'F'L < O:")L'F'L < O(+°)LTU{ L

. . . . U
where the second inequality holds by Lemma [D.5], and the last inequality comes from F > =L. By
applying Lemma we get,

F < O(K°)L' UL < O(k°2%*n*)Uy,.

7 Space-Efficient Eulerian Laplacian Solver

In this section we show that the LU factorization approach to computing the pseudoinverse of an
Eulerian Laplacian described in Section [0l can be implemented space-efficiently. In particular, we
prove the following theorem.

Theorem 7.1. There is a deterministic algorithm that, given € € (0,1) and an Eulerian digraph
G with random-walk Laplacian L = 1 —W, computes a matriz L™ whose entries differ from LT by
at most €. The algorithm uses space O(log N - loglog(N/e€)) where N is the bitlength of the input.

7.1 Model of Space-Bounded Computation

We use a standard model of space bounded computation. The machine has a read-only input tape,
a constant number of read/write work tapes, and a write-only output tape. We say the machine
runs in space s if throughout the computation, it only uses s total tape cells on the work tapes. The
machine may write outputs to the output tape that are larger than s (in fact as large as 20(5)) but
the output tape is write-only. We use the following fact about the composition of space-bounded
algorithms.

Proposition 7.2 (Composition of Space-Bounded Algorithms). Let fi; and fo be functions that
can be computed in space s1(n),s2(n) > logn, respectively, and fi; has output of length ¢1(n) on
inputs of size n. Then fo o f1 can be computed in space

O(s2(f1(n)) + s1(n)).

7.2 Reduction to Regular, Aperiodic, Strongly Connected Case

It is convenient to work with regular, aperiodic, strongly connected digraphs. In this section, we
show that this is without loss of generality.

We can find the strongly connected components of an Eulerian graph by ignoring the direc-
tionality on the edges and running Reingold’s algorithm for UNDIRECTED S-T CONNECTIVITY on
each pair of vertices using O(log N) space. Then we can solve systems in a disconnected graph
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by solving systems on each of its strongly connected components separately. So without loss of
generality, our graph is strongly connected.

Given an Eulerian digraph G with maximum degree d . and Laplacian D — A, we can create a
d-regular, aperiodic graph of any degree d > dyax by adding d — degree(v) self loops to each vertex
v. Notice that self loops do not change the Laplacian D — A. Our solver works with random-walk
Laplacians and so is able to approximate ((D — A)/d)™ and now we want to show how to use this
to approximate ((D — A)D~H)*.

Let P be the orthogonal projection onto the column space of (D — A)D~! and let Q be the
orthogonal projection onto the column space of D™'(D — AT). By Lemma we have

(D-ADHY"=PDD -A)"Q.

Given an e-approximation to (D — A)/d)* = d- (D — A)*", we can divide this by d to get an
e-approximation to (D — A)*. Plugging this in to the formula above and making e sufficiently
small says that we just need to compute the matrices P and Q in order to get an approximation to
(D — A)D™H)*. If s is the stationary distribution of G, then P is the matrix I — ss' /||s||?. Since
G is Eulerian, the kernel of D=1(D — A T) is simply the all ones vector and so Q = I — 11" /n. The
stationary distribution of a strongly connected Eulerian graph is proprotional to its vertex degrees
and so is easy to compute in logspace. Thus P and Q can both be computed in deterministic
logspace and we can approximate ((D — A)D~H* from (D — A)™.

7.3 Proof of Theorem [7.1]

To prove Theorem [T.1], we follow the LU factorization approach discussed in Section 6.1l Just as in
Section [6.1] we first show that we can compute a weak approximation to the pseudoinverse space-
efficiently and then argue that we can afford to reduce the error using preconditioned Richardson
iteration. The analysis in this section is similar to the space complexity analysis from [MRSVI].

Proposition says that in order to compute a weak approximation to a pseudoinverse of a
random-walk Laplacian I— W it suffices to compute a particular polynomial p in the matrices I, W,
and approximations to W2 for k = {1,...,0(logn)}. To compute the approximations to W2k, we
will show that the kth derandomized square can be computed in space O(logn + k - log ¢), where
c is the degree of the expanders used. To bottom out the recursion, we replace the random-walk
Laplacian of the final derandomized power with (I—J) = (I—11" /n), the random-walk Laplacian
of the complete graph (with self loops), which is its own pseudoinverse ((I—J)* =1—J). Then to
compute p, we note that p has degree O(log n) and the product of O(log n) matrices can be computed
in space O(logn - loglogn). Finally, to boost the weak approximation, we use preconditioned
Richardson iteration (Lemma [6.2)).

The discussion above gives the following informal outline for proving Theorem [Tk

1. Show that the transition matrix of the kth derandomized square using c-regular expanders
can be computed in space O(logn + k - log c)

2. Show that the complete graph is a good approximation of the kth derandomized power for
sufficiently large k

3. Show that k arbitrary n x n matrices can be multiplied in space O(logn - log k)

4. Show that preconditioned Richardson can be used to boost a weak approximation to a pseu-
doinverse to an € approximation in space O(logn - loglog(n/e)).
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5. Show that an extremely good approximation to a pseudoinverse in a spectral sense is also a
good approximation in an entrywise sense.

To show that derandomized powers can be computed in small space, we follow the proof tech-
niques of [Reil [RV], [Vad]. First we note that neighbors in the sequence of expanders we use for the
iterated derandomized square can be explicitly computed space-efficiently.

Lemma 7.3. For everyt € N and > 0, there is a graph Hy, with a two-way labeling such that:
o H has 2 vertices and is c-regular for ¢ being a power of 2 bounded by poly(t,1/u).
e \MH)<u
e Roty can be evaluated in linear space in its input length, i.e. space O(t + log c).

A short proof sketch for Lemma [7.3] can be found in [MRSVI]. The following lemma says that
high derandomized powers can be computed space-efficiently.

Lemma 7.4. Let Gy be a d-regular, directed multigraph on n vertices with a two-way labeling and
Hy,...,Hy be c-reqular undirected graphs with two-way labelings where for each i € [k], H; has
d - =1 vertices. For each i € [k] let

Gi; = Gi-1H;.

Then given vy € [n],ig € [d- ¢, jo € [c], Rotg, (v, (i0,50)) can be computed in space O(log(n - d) +
k -logc) with oracle queries to Roty,,...,Rotm, .

Lemma [74] is stated and proven in [MRSVTI] for the case of undirected multigraphs, however
nothing in that proof required undirectedness. We include the proof in Appendix [El

Corollary 7.5. Let Wy, ..., Wy be the transition matrices of Gy, ...,Gy as defined in Lemma
[74 For all ¢ € [k]|, given coordinates i,j € [n], entry i,j of Wy can be computed in space
O(log(n-d) + k -logc).

Proof. Lemma [I.4] shows that we can compute neighbors in the graph Gy in space O(log(n - d) +
k -logc). Given coordinates i,j the algorithm initiates a tally ¢ at 0 and computes Rotg, (7, q)
for each ¢ from 1 to d - ¢~ !, the degree of Gy. If the vertex outputted by Rotg, is j, then t is
incremented by 1. After the loop finishes, ¢ contains the number of edges from ¢ to j and the
algorithm outputs t/d - ¢!~!, which is entry 4, of W,. This used space O(log(n - d) + k - log ¢) to
compute the rotation map of Gy plus space O(log(d - ¢/~1)) to store ¢ and t. So the total space
usage is O(log(n - d) + k -log c) + O(log(d - ¢!=1)) = O(log(n - d) + k - log c). O

Next we show that the complete graph is a good approximation of the kth derandomized power
for sufficiently large k. We do this by noting that the derandomized square of a graph G, reduces
A(G) and that, the smaller A\(G), the better approximation it is to the complete graph.

Lemma 7.6 ([RV]). Let G be a d-reqular digraph with a two-way labeling and A\(G) < X and let H
be a c-regular graph on d vertices with a two-way labeling and N(H) < p. Then we have

MGOH) <1—-(1=X)-(1-p) <N +p

Noting that a d-regular digraph G' on n vertices has A(G) < 1 —1/(2 - d? - n?) [RV], we get
that setting k& = O(logn) and setting © = O(1/polylog(n/e)) (and hence ¢ = polylog(n/e)) in the
recurrence from Lemma [7.6] yields that the kth derandomized square G has A(Gy) < e. By Lemma

this implies that the transition matrix W, of G}, is such that W, ée J.
Next we note the space complexity of multiplying arbitrary matrices.
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Lemma 7.7. Given n xn matrices My, ..., My, their product My -...- My can be computed using
O(log N -log k) space, where N s the size of the input (N = k-n? - (bitlength of matrix entries)).

Proof. This uses the natural divide and conquer algorithm and the fact that two matrices can be
multiplied in logarithmic space. A detailed proof can be found in [MRSV1]. O

Fourth, we show that we can boost a weak approximation to the pseudoinverse to a strong
approximation in small space.

Lemma 7.8. There is a deterministic algorithm that, given matrices A, B, F € R™" "™ such that F
is PSD, and |I-BA|r < « for some constant oo < 1, computes a matriz P such that |[I-PA|r < €.
The algorithm uses space O(log N -log(logy /o (1/€))), where N is the input size.

Proof. From Lemma we have that

O(logy /a,(1/€)) '
P= ) (I-BA)B
=0

has the desired property. Since the above polynomial has degree O(log(1/¢)), From Lemmal[.7], we
can compute P in space O(log N - log(logy /o (1/€))) as desired. O

Finally, we show any extremely good approximation of the pseudoinverse in the “spectral” sense
of the above Lemma [7.8is also a good entrywise approximation of the true pseudoinverse.

Lemma 7.9. Suppose |I — PAl||gp < € for conformable real square matrices P, A, F where F is
positive semidefinite. Suppose P, A, F all have the same left and right kernels, which are equal to
each other. Then every entry of P differs by at most £5 - (Apag(ATTFAT) + Ao (F)) additively
from the corresponding entry of A™T.

In particular, if for some parameter N, the matrices F, A have min and max nonzero singular
values between 1/poly(N) and poly(N), then every entry of P differs by at most +e-poly(N) from
the corresponding entry of A™T.

FEven more specifically, if A is a reqular Fulerian directed Laplacian matriz with integer edge
weights < N of a graph with v(G) > 1/poly(N) for some N > n and F is bounded polynomially in
Up or 1, then P differs by at most +e - poly(N) from the corresponding entry of A™.

Proof. The inequality in the lemma statement is equivalent to the statement that for all real
conformable vectors x, y,

y (AT —P)z < e\/(xTAT+FA+3:) (yTFty).
By the AM-GM inequality,
yT(A+ —Pz < % (:ETAT+FA+3: + yTF+y) .
Since multiplying x by a negative number changes the sign of the LHS but not the RHS,
ly (A — P)z| < % (zTATFFA 2 4y FTy).
Consider any entry (i,7) of PT. Set x,y to be the ith and jth standard basis vectors, respectively.

Then the inequality says that the (i,7) entries of PT and AT differ additvely by at most + the
RHS.
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Thus, we need only bound the RHS. We know that the x and y we have selected are unit vectors.
Thus, we may upper bound the RHS as

-

TAT+FA+ TF+
¢ (xTAT+FA+x + yTFy) < € [ max xT—x + max Y 4 .
2 2\ = T royy

The two terms inside the parentheses are the max eigenvalues of the symmetric matrices AT TFAT
and FT, respectively. The second part of the result follows from the fact that the operator norm is
submultiplicative.

For the final part of the result, we prove that the max and min nonzero singular values of A, F
under the additional assumptions stated are between 1/poly(/N) and poly(N).

Note first that if we have a directed Eulerian graph with integer edge weights between 0 and N
that the maximum singular value of its Laplacian is at most poly(n, N) < poly(NN) since all entries
in the matrix are at most poly(/N). It’s minimum nonzero singular value is at least 1/poly(N) by
the assumption that the spectral gap is at least 1/poly(/V) and the triangle inequality. Thus, the
max and min nonzero singular values of A are between 1/poly(/N) and poly(N).

For the maximum and minimum nonzero singular values of F, or equivalently, max and min
nonzero eigenvalues of F, it suffices to bound the min and max nonzero eigenvalues of Up. By
the integrality of the edge weights of P and the fact that they are at most N, we have that the
undirected Laplacian matrix Up has has nonzero eigenvalues between 1/poly(N) and poly(N). O

Now we can prove Theorem [7.1]

Proof of Theorem[71. Set k = O(log N). Let W = Wy, ..., Wy_1 be the transition matrices of
the repeated derandomized square graphs Gy, ..., Gr_1 as defined in Lemma [T4] using expanders
{H;} with degree ¢ = polylog(N) and hence A\(H;) < 1/polylog(N)). Let Wy = J = 11 /n. It
follows from Theorem [.9that for each i € {0, ..., k—2}, W, = /polylog(N) Wi? and from Lemmas
and that Wk—l él/polylog(N) Wk =J.

Theorem and Proposition say that the matrix

+
I
L<’“>+=PL<MY;1~'Y;1[@’“‘”” " ] Xyt X P

0 I,— W,
where
I(Qk_gk—jJrl)n 0 0 I(Qk_2k7j+1)n 0 0
Xj—l _ 0 L s, 0 ,Yj_1 = 0 Lyi—j, Cor— ® W,_4
0 Lyw—; @ W1 Igi—j, 0 0 Iok—,,

is such that there exists a PSD matrix F such that ||Iy, — LYL|lg < O(ke) and Ur/O(k) < F <
O(2%n?k%)Uy,.

Note that L*)™ matrix is the product of O(k) = O(log N) matrices, each of which can be
computed in space O(log N + k -logc) = O(log N - loglog N) by Corollary Multiplying them
together to compute LT adds an additional O(log N -log k) = O(log N -loglog N) space by Lemma
[[7] and the composition of space-bounded algorithms (Proposition [(.2]). Thus the total space for
s O(log N -loglog N).

Applying preconditioned Richardson to L(k)+, Lemma [7.8] says that we can compute a matrix
L* such that [ Tim(r) — LTL|p < € using an additional O(log N - log log(1/e) space.

)+

computing L
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Since F' is bounded polynomially by Uz, , we can adjust € in Lemma [Z.8 by a poly(V) factor
to get approximation guarantees in || - |y, (or spectral norm) in space O(log N - log log(N/e)).

Applying Lemma [6.4] to this approximate pseudoinverse yields an approximate pseudoinverse
P for I — Wy.

Applying Lemma [[.9] we get that if we redefine the value of ¢ we have been using to € +
¢/poly(N) from the very beginning, then P is a +¢ additive entrywise approximation of (I—Wjq)™T.
This only changes the space usage by at most a constant factor. O

8 Estimating Random Walk Probabilities

In this section we show that a space-efficient algorithm for Eulerian Laplacian systems can be used
to get strong approximations to k-step random walk probabilities on Eulerian digraphs, and more
generally, to approximate the product of potentially distinct Eulerian transition matrices. We then
give a new result for approximating random walk probabilities on arbitrary digraphs.

Theorem 8.1. Let W1q,..., Wy be the transition matrices of Eulerian digraphs Gi,...,Gr on
n vertices such that for verter v € [n], the degree of v is the same in Gy,...,Gg. There is a
deterministic algorithm that, when given u,v € [n] and € > 0, computes

(WiWy ... W)

to within +e. The algorithm uses space O(log(N) -loglog(N/e)), where N is the size (bitlength) of
the input.

An important special case of Theorem R1lis when W; = W5 = ... = Wy, in which case the
algorithm computes an additive e approximation to the probability that a random walk of length
k in the graph starting at v ends at u and uses space O(log(k - N) -loglog(k - N/e)) where N is the
bitlength of Wi.

To prove Theorem [B.1] we first define escape probabilities.

Definition 8.2. In a graph G = (V, E), for two vertices u and v, the escape probability p,,(u,v)
denotes the probability that a random walk starting at vertex w reaches u before first reaching v.

In [CKP™2], they give a useful characterization of escape probabilities on arbitrary digraphs in
terms of the pseudoinverse, which we restate below for Eulerian graphs.

Lemma 8.3 (|[CKP™2| (Restated for Eulerian Graphs)). Let W be a random walk matriz associated
with a strongly connected Eulerian graph G. Let s be the stationary distribution of G and let S be
the diagonal matriz with s on the diagonal. Let u,v be two vertices. Let p be the vector of escape

probabilities, where p,, represents the probability that a random walk starting at w reaches u before
v. Then

p=pF(a-s+ I~ W)+(eu —€y))
where
a=—e STHI-W)t(e, —e)

and
1

P e —e) TSI W)H(ew )
Futhermore, o = poly(N) and 1/8 = poly(N).
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It follows from the above lemma that we can use our algorithm to approximate escape proba-
bilities in Eulerian graphs. Now we can prove Theorem [B1] by reducing computing certain matrix
products to computing escape probabilities.

Proof of Theorem [81l. Note that (W1 Ws... W), equals the probability that a random walk
starting at vertex v ends at wu, if we take the first step on Gy, the second step on Gi_1 etc. and
the final step on G;.

We construct a layered graph with k + 2 layers and n vertices in layers 1,...,k + 1 each and a
single vertex in layer k + 2. All edges in the graph proceed from one layer to the subsequent one.
For each i € [k], we place edges from layer i to layer i + 1 according to the graph Gi_;1+1 (so layer
1 to 2 contains the edges from G} and layer k to k + 1 contains the edges from G7). All vertices
from layer k + 1 send edges to the sole vertex in layer k + 2 equal to their in-degree and the vertex
in layer k£ + 2 sends edges back to layer 1 equal to each vertex’s out-degree. This ensures that the
resulting graph is Eulerian.

Notice that the probability that a random walk starting at vertex v in layer 1 reaches vertex
u in layer k + 1 before reaching the vertex in layer k + 2 is exactly (W1 Wy ... Wy),, because all
walks of length greater than k pass through the vertex in layer k + 2 and no walks shorter than
k beginning in the first layer pass through it. Furthermore, this is an escape probability on an
Eulerian graph and so by Lemma [R.3] this can be computed by applying our Eulerian Laplacian
solver to the layered graph followed by some vector multiplications and arithmetic.

Applying the solver to the layered graph, uses space O(log(N) - loglog(N/e)) to apply the
pseudoinverse in the formula for escape probabilities given in Lemma B3] to error €¢/poly(N). Since
B is at most poly (V) we can compute § times the pseudoinverse term to € error in this same amount
of space. Since the stationary distribution of Fulerian graphs can be computed space efficiently,
the remaining operations of computing « times the stationary distribution only add logarithmic
space overhead. O

Using perspectives developed for our space-efficient Eulerian Laplacian solver, we also obtain
improved space-efficient algorithms for computing high-quality approximations to random walk
probabilities in arbitrary digraphs or Markov chains, improving both the best known randomized
algorithms and deterministic algorithms.

Aleliunas et. al. |[AKL™| observed that random walks can be easily simulated in randomized
logarithmic space, and this yields the following algorithm for estimating random walk probabilities:

Theorem 8.4. Suppose that W € R" " is a substochastic matriz, k is a positive integer, and
€ > 0. There is a randomized algorithm that, with high probability, computes a matric W such that
W —WF|| < e. The algorithm runs in space O(log(k-N/e)), where N is the bitlength of the input.

Proof sketch. For each entry (W¥),,, we simulate poly(n/¢) random walks of length k started at
v and count the fraction of them that end at u. O

Saks and Zhou gave the best known derandomization of Theorem [84] [SZ1].

Theorem 8.5 ([SZ1]). Suppose that W € R™ " is a substochastic matriz, k is a positive integer,
and € > 0. There is a deterministic algorithm that computes a matriz W such that |[W — WF|| < e.
The algorithm uses O(log(k - n/e) - log'/?(k)) spacel]

5Saks and Zhou state their result in terms of the Lo, matrix norm rather than the spectral norm. These are
equivalent up to polynomial changes in € (and hence constant factors in the space complexity).
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We strengthen Theorems 84 and 85 when ¢ = 1/(k - N)“(1). This range of parameters is useful
because k-step walk probabilities can be exponentially small in k, even on undirected graphs.

Theorem 8.6. Suppose that W € R™ " is a substochastic matriz, k is a positive integer, and
€ > 0. Then:

1. There is a randomized algorithm that computes a matriz W such that each entry of W is
with te of that of W* additively and runs in space O(log(k - N) - log(logy. y(1/€)))

2. There is a deterministic algorithm that computes a matrix W such that each entry of W
is with +e of that of W* additively and runs in space O(log(k - N) - log'/?(k) + log(k - n) -
log(logy. v (1/€)))

Proof. We obtain this result by applying preconditioned Richardson iteration (which is the same
technique that gets the doubly logarithmic dependence on € in Theorem B.1]) to a path-lifted (rather
than cycle-lifted) graph. Our plan is to use Theorem 8.4 or Theorem to compute an approxi-
mation to the inverse of a path-lifted graph with quality 1/poly(k-n). Then we use preconditioned
Richardson iteration to boost the error to € using only additive O(log(k-n)-log(log.n(1/€))) space
as in Lemma [7.8]

Let Py denote the adjacency matrix of the directed path of length k& (P is (k+ 1) x (k+ 1)
with all ones just below the diagonal and zeroes elsewhere). Let M = P, @ W. Note that M**! is
the all zeroes matrix and all eigenvalues of M are 0. Let I =I(;1).,. We will approximate I — M
using the following identity: for all A with eigenvalues less than 1 in magnitude, we have

I-A)"=> A"
i=0
This means that

I-M)!= zk: M’
=0
k
> (P oW

0

because all powers beyond the kth are zero. Note that this matrix has W* in the lower left block,
WFH=1 in the second diagonal from the bottom, etc.

From Theorem [RB4] there is a randomized algorithm that can compute matrices Wy, ..., Wy
such that for each i € [k], we have ||[W* — W;|| <1/(2-k- N) in space O(log(k - N)). Likewise, by
Theorem RA] there is a deterministic algorithm that can compute matrices Wy, ..., Wy such that
for each i € [k], we have |[Wi — W,|| < 1/(2-k- N) in space O(log(k - N) - log"/?(k)). We can then

approximate (I — M)~! as
k

N=I+) (Py) ©W,.
i=1

Note that for each i € [k] we have ||[P%|| = 1. Also, we have
[T—-M] =T-Pz o W]

< T + [Pl - [[W]]
<2
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because ||[W]| < 1. Putting this together gives

IT-NI-M)|| = [[(T-M)"" —=N)IT-M)]|
k
Z - W;)I- M)H
k
Z Ll [TW2 =W - [T — M|

- k
Z /(2-k-N)
=1/</<:_-N>

From Lemma [T.8, we can compute a matrix N such that [T — N(I — M) < ¢/||(I — M) using
an additional space

O(log(k - N) - log(logy, v ([ (T — M) [ /¢))) = O(log(k
= O(log(k

).
).

og(logy. n(N/e)))

-N)-1
- V) - log(log.n (1/€)))
for € sufficiently small.

This implies [N — (I — M)7!|| < e. Since the norm of a matrix is an upper bound on the
norm of its submatrices, we have that the lower left n x n block of N, is a matrix W satisfying
W — Wk <e.

To complete the proof, Lemma lets us convert this guarantee to entrywise approximation
with a blowup of poly(N) in e. If we reduce € to compensate for this, it only affects the stated

space complexity by a constant factor. O
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A Approximation Equivalences Proofs

Here we prove some lemmas from Section 3l We begin with some linear algebraic technical lemmas.

Lemma A.1 ([CKP"1] Lemma B.2). For all A € R"*" and symmetric PSD M,N € R"™™"  the
following are equivalent:

1. For all x,y € R™
€
2T Ay| < 3 (xTMx + yTNy)

2. For all x,y € C"

2T Ay| < e \/(zTMaz) - (yTNy)

3. |MT/2AN1/2||gn_gn < € and ker(M) C ker(A") and ker(N) C ker(A)
where the notation || - |gn—rn denotes the 2-norm on a linear operator that maps R™ to R™.

Lemma[A Tl was used in [CKP™1] to give equivalent formulations of directed spectral approxima-
tion. Below, we extend the lemma to complex space, which allows us to give even more equivalent
formulations of directed spectral approximation as well as unit-circle spectral approximation.

Lemma A.2 (Extension of [CKP™1| Lemma B.2). For all A € C"*" and Hermitian PSD M,N €
C™*™ the following are equivalent:

1. For all x,y € C™
[z Ay| < g - (2"Maz + y"Ny)

2. For all x,y € C"

2" Ay <e- \/(x*Mw) - (y*Ny)

3. |MT/2ANY/2||cn_cn < € and ker(M) C ker(A*) and ker(N) C ker(A)
where the notation || - ||cn—cn denotes the 2-norm on a linear operator that maps C™ to C™.

Proof. Let L = |[MT/2ANT/2||. Since ||z|]; = max|,|,—1 |y*z| we have that

L= B, [FMTPANT |
z||=|lyll=

Performing the mapping z: M1/2z and y: M1/2y we have
A
L= max |z*Ay| = max 2 Ayl .
r*Mar=y*Ny=1 xgker(M),yeker(N) /r*Mz - y*Ny
It follows that if L < e and ker(M) C ker(A*) and ker(IN) C ker(A) then

|7 Ay| < €/ (z*Mz) - (' Ny).

The kernel constraints guarantee that whenever the right-hand side is zero, the left-hand side must
also be zero. Finally, by the AM-GM inequality we get \/z*Muz - y*Ny < (z*Mz + y*Ny)/2 and
this inequality is tight when x*Mxz = y*Ny = 1, so for all x,y € C™ we have

€
lz* Ayl < 3 (z*Mz + y*Ny)
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If follows from Lemma [Z2]that in fact all six formulations in Lemmas[A.Tland are equivalent
because the spectral norm of a matrix is the same whether one defines it in terms of real or complex
vectors.

Now we can prove the equivalences from Section Bl

Lemma [3.5] restated. Let W, W ¢ R™ " be (possibly asymmetric) matrices. Then W is a
directed e-approximation of W if and only if W is a complex e-approximation of W.

Proof. Set A = (W — W) and M = N = Up_w. Note that Ur_w is PSD. Observe that for all
veCr
v*Ur_wv = |[v]|* — v* Uww.

Lemmas [ATJA2] and 2.2] tell us that the following are equivalent:

1. For all z,y € R”
€
2T Ay| < 3 (xTMx + yTNy)

2. For all z,y € C"

lz*Ay| < 5 - (2" Mz + y*Ny)

N ™

Plugging in our settings for A, M, and NN completes the proof. O

Lemma B.7 restated. Let W, W € R™" pe symmetric matrices. Then the following are equiva-
lent:

1. Wr W
2. W, W and —W ~, —W
3. For all x € R™ we have
‘xT(W - W)x] <e (Jl2)? - 2" Wal).

Proof. First we show that items 2 and 3 are equivalent. From Definition 3.1l we have W ~. W
and —W =, —W if and only if for all x € R" we have

‘xT(W - W)x] <e (|2l - =" W)
and for all z € R"™ we have
\;J(W - W)x‘ <e (22 +2"waz).
This is equivalent to: for all z € R”
2T (W = W)z| <min{e- (2| = 2TWa) e (o] +2TWz)}
= (lall? — 2 TWa)

which establishes the equivalence between items 2 and 3. Now we show that items 1 and 2 are
equivalent, which will complete the proof. From Lemma 5], we have that item 2 is equivalent to:
for all z,y € C"

* A7 € * *
(W= W)y| < 2 - (el + Ilyl” — =" Uwa — y"Uwy)
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and for all z,y € C"

* A7 € * *
(W= W)y| < 2 - (el + [yll” + 2" Uwa + 5 Uwy).

Since W is real and symmetric we have Uw = W and we have that for all v € C", v*Wu is real.
Therefore the above is equivalent to: for all z,y € C"

* — . € * * € * *
2" (W = Wyy| < min { - (Jo + Iyl = 2" W =y Wy) . 5 (el + 1] + "W + 5" W) |

€
5 (el + lyl? — "W + 5 W)
which is the requirement for unit-circle spectral approximation. O

Lemma [3.8 restated. Let W,W € C™™ be (possibly asymmetric) matrices. Then the following
are equivalent

1. WxW
2. For all z € C such that |2| =1, z- W =~ z- W
3. For all z € C such that |z| =1,
e ker(Ur_..w) C ker(W — W) Nker((W — W)T) and
072 (W W)U 2 <

Proof. Using the definition of directed spectral approximation (Definition [3.2]) and its extenstion
to complex space from Lemma lets us write item 2 as: for all z,y € C"

* A7 € * *
(2= W =2 W)y < 2« (el + Iyll” — «"Usowa — 5" Uswy) (15)
€

=5 (l2l® + Iyl = Re(e" (= - W) +4"(z- W)y)) . (16)
Lemma[A.2limmediately implies the equivalence between line[[5 and item 3 in the lemma statement
by setting A = (W — W) and M = N = Up_,.w.

Now we will show the equivalence between items 1 and 2. Since |z| = 1, it does not affect the
left-hand side of Inequality [I5] and we can drop it.

Item 2 in the lemma statement says that line [I6] holds for all z € C such that |z| = 1. This
is equivalent to it holding for the worst case z (for each pair of vectors, x,y). For every complex
number w, we have max., ;|- Re(zw) = |w| by setting Re(z) = Re(w)/|w| and Im(z) = —Im(w)/|w|.
Therefore the inequality becomes

(W — W)y‘ <

€ % *
< 5 (el + iyl = la"Wa — y*Wy])

which is exactly the condition we require for A %E W. U
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B Omitted Proofs from Section {4

Lemma restated. Fiz W, W € C"*". For any matriz M € C"" let V\(M) denote the
etgenspace of M of eigenvalue .

1. If W =, W for a finite ¢ > 0, then Vi(W) C Vi(W). If ¢ < 1, then V(W) = V;(W).

2. If W ~. W for a finite c >0, then for all X € C such that [\ =1, V(W) C VA(W) and if
¢ <1 then V(W) = V)\(W).

Proof. Suppose W ~. W for a finite c. Applying the equivalence of Lemma [A.2] this means that
for all x,y € C™,

" (W = W)y| < e /(a1 - W)z) - (y* (I - W)y).

Let v be an eigenvector of W with eigenvalue 1. Then setting y = v above makes the right-hand
side equal 0. Therefore we have that for all z € C™,

2" (W — W)o| = [#5(I — W)o| =0

which can only occur if (I — W)v = 0. Suppose now that ¢ < 1 and let v be an eigenvector of A\
with eigenvalue 1. Then we have

[0 (W = W)o| = 0" (I = W)o < = - (v* (I = W) +v*(I — W)v) = ¢ v*(I — W)o.

[NCR N

Since ¢ < 1 and Uj_w is PSD, the above inequality can only be true when both sides equal zero.
Applying the equivalence of Lemma [A.2] we have that for all z € C"

2" (W — W)o| = 2T — W)o| < c¢- \/(a:*(I - W)z) - (v*(I—W)v) =0.

The above can only happen for all vectors x if (I — W)v = 0.

For the second claim, suppose W =, W for finite ¢. Then for all z such that |z] =1 we have
z-W &, z- W. Let v be an eigenvector of W with eigenvalue A such that A =1. Set 2 = A~ ls
z-Wuv = v. From the first part of the lemma, we have Vi(z- W) C Vi (z- W) and hence z- Wv = v,
which implies Wu = \-v. A similar argument applies when ¢ < 1. O

Lemma restated. Let M: C" — C" be a linear operator and V1, ...,Vy; C C™ subspaces such
that

1. V; LV forall j #k
2 Vie...eV,=C"
3. MV; CV; for all j € [4].
L.E., M is block diagonal with respect to the subspaces Vi,...,Vy. Then,

M| = o [ M |
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Proof. For v € C", by property 2 we can write v = v + ...+ vy where v; € Vj} for all j € [¢]. Using
this as well as properties 1 and 3, we get

2
Mol? = || > Mu;
Jeld

= > [IMu;*

el
< D My 12 - g 12

J€l]
< M|y, |12 | - [Jv]|>.
< (Ij?é%“ al ) [[o]]

So [[M|| < maxcigm],. |- The other direction, |[M| > ||[M]y,|| for all j € [{] is immediate. O
J

Theorem A.8 restated. Fiz W, W € C" and suppose that W ~. W for e € (0,2/3). Let F C [n]
such that (Ip| — Wrp) is invertible and let C = [n] \ F. Then

I\C| - SC(In - W, C) %E/(1_3E/2) I|C\ - SC(In - W, C)
Proof. Let A =1, — W, B =1, — W. Note that since A ~. W, we have for all x,y € C"
* € * *
2" (B — A)y| < 5 (@"Usz +y"Usy), (17)

our goal is to show that I;c) — Sc(A, C) ~¢/1-3¢/2) Ijc) — Sc(B, C'), which is equivalent to

€

<
- 2—3c

2] Use@.cyz’ + [2"] Usew.oy 2] -

127" (Sc(A, C) = Se(B, C)) 2"

for all z¢, 2" e CICI,
Let 27, 2' € C% be arbitrary. Now define y" € C" by yo =" and yp = —A}};A rox”. Further,
define y* € C" by y& = 2%, y% = —[Byp] !B p)ab. Note that y™ and y° are defined so that

Ay = Arr Apc —ALLApca” _ OF
AC’F AC’C z" SC(A, C)x”
W]"B = ~[Bfp] ! [BEplat Brr Brc | _ OF
l‘e BCF BCC SC(B,C)*JJZ '

Consequently [y‘]*Ay" = [#]*Sc(A, C)2" and [y]*By" = [2%]*Sc(B, C)z". Therefore, by Equa-
tion (IT) we have that

and

2] Se(A, C)a” — [']"Se(B, C)a" [v']"Usy’ + T Usy’| . (18)

= |1 (A-B)y’

€
< =
-2

Now,
B + B*

2

W Usy’ = [y']" ( ) y = [ Usy(p 02
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and since we know that (1 —e)Ug < Ua =< (1 + €)Up we have that

YA ) =

[y']"Usly"] 2

al 2T Use(a,o "]

Substituting these into Equation [I§] gives

\[gf}*(sc(A, C) — Se(B, C))z"

< 5 [T Use oy’ + 2" Useia oy a1/ (1 = )] -

L

Plugging in z* = x" above,

@) (Useac) — Usem.oy) 2 < |[27]* (Se(A, ©) — Se(B, ©)) |

<5 [T Use.oye” + [0 Useqa o271/ (1 = )] -

€
2

and rearranging terms gives

1% T 1+€/2 1% r
[ Use(a,0)l2'] < 7= R 2" Uge(m o) 2],
which implies
1+¢/2 1
01 A _ B T < € |: Ak l . Psat r
" (Se(A,0) - Se(B.0) #'| < § ) Usmors’ + ==y Te ) Uscmole’
. € 1% Y 1+€/2 1% r
= 5 [T Us@or + 1t T Usmo e

By symmetry, i.e. repeating the above argument on the conjugate transposes of the matrices we
also have that

<

[2']" (S¢(A. C) — Se(B, 0)) 2" [ Usep.orr’ + [T Usep.oy 7] -

Taking the average of these two equations then yields that

01% r € 2—e¢ 01% V4 r* r
‘[95] (Sc(A,C) —Sc(B,0)) 2"| < 1182 {[95] Use,0)® + [ Uges, o)z ﬂ -
Since
€. 2 <1. €
11 -3¢/2°2 2 3¢

and z¢ and 2" were arbitrary, the result follows.
O

The loss of 1/(1 — 3¢/2) in the approximation quality in Theorem [£.8]is avoidable with a small
change to the notion of approximation.

Definition B.1 (Min Spectral Approximation). Let W,W € C™™ be (possibly asymmetric)
matrices. We say that W is a min e-approzimation of W (written A n%ne W) if for all z,y € C"

* A7 € . * * * *
(W — W)y‘ < 5 ' in {x Urwz +y'U, v,y Ur-wy + 2 UI_Wx}
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In min spectral approximation, the error on the right-hand side is measured with respect to both
matrices rather than just one of them. Min spectral approximation is equivalent to the original
notion of spectral approximation up to a small loss in approximation quality, as seen in the following
lemma.

Lemma B.2. Let W, W € C"™ " be (possibly asymmetric) matrices and suppose € € (0,1).
1. IfW rr"_léne W then W %e/(1—5/2) W
2 fFWa W then W& 1o W.

Proof. Suppose A Hfléng W and fix € C". Then we can write

z* (UI—W - UI_W) x = Re (:L"* (W — W):L’)
< |z" (W — W):p’
€ * *
< 3 (3: Urwz +2x UI_W:L') .
Rearranging the above gives
1+4¢€/2

z*U

LWt < T -2 Ur—wx

which implies

* A7 € * *
(W — W)y’ < 3 (y Urwy+z UI_WJJ)
€ 1+¢/2
< —-(y'Ur A O .
<3 (y IW?J+1_E/2 x IWHC>
A similar calculation gives
—~ e (1+¢/2
W -W)y| < - -y Uy *Ur_ .
" ( )?J‘_Q (1—5/2 y Vr-wytz IWHC>

Averaging these two inequalities and noting that

1 e 1+¢/2 €
5’5'(1+1—e/2>:2-(1—e/2)

gives

" ~ € * *
(W — W)y] < 2 (1—e2) (2" Ur-wz + 5" Ur-wy),

or equivalently A Re/(1—e/2) W.
Now suppose W ~, W. It follows that Uy ~c Uw and hence
(1-6 Uw 22U, % =2(1+¢) Urw,

which implies that Ur—w = (1/(1 —¢)) - U; . Now we can write that for all z,y € C"

I—

* W € * *
(W= Wyy| < 5 - (@ Ur-we + " Ur-wy)
<€ 1 ‘U ‘U
N G rw? Tty Vi-wy
€ * *
<5a—g (Uiwe+yUiw).
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A similar calculation shows

. (ﬂj*UI_WJE + y*UI_vay)

" (W — W)y‘ < m

and hence W rgle/(l_g) W. O

Now we show that min spectral approximation is preserved under schur complements with no
loss in approximation quality.

Theorem B.3. Let W, W € C" and suppose that W nlNiJne W for e € (0,1). Let F C [n] such that
(Iip) — Wgp) is invertible and let C = [n] \ F'. Then

Tc) — Se(l, — W,C) B I — Se(I, — W, C)
Proof. Let A =1, — W, B =1, — W. Note that since A n'l‘Ni*nE W, we have for all x,y € C"
|z*(B — A)y| < % min {z*Ugz + y* Uy, y*"Upy + 2*Uax}, (19)

min

Our goal is to show that I;c) — Sc(A,C) = Ij¢| — Sc(B, C), which is equivalent to

[z°]* (Sc(A, C) — Se(B, C)) z”

€ . * 7% 'S * T1* T
3 'mln{[l’g] Use(a,0)r’ + [2" T Use,o) [2'], [+ Usem )2 + (2] Usea,on [ ]}-
for all z¢, 2" e CIC,

Let 2", 2' € C% be arbitrary. Now define y" € C" by Yo = x" and yp = —AE};AFC.’L'T. Further,
define y* € C" by y& = 2%, y% = —[Bip] B p)o’. Note that y" and y* are defined so that

Ay = Arr Arc ~AppApca” _ OF
Acr Acc x" Sc(A, C)z"
W']"B = ~[Bhp] ! [BEpla’ Brr Brc | _ Or
l‘e BCF BCC SC(B,C)*JJZ ’

Consequently [y/]* Ay = [2]*Sc(A, C)2" and [y*]*By" = [x¢]*Sc(B, C)z". We also have [y]* Uy’ =
[l‘e]*USC(B7c)$£ and [y"]*Uay” = [2"]*Ugc(a,c)*". Therefore, by Equation (I9) we get

and

‘[xe]*Sc(A, C)a" — [2']*Se(B, C)x"

(W7 Usy + [y T"Uay’)
: ([mq*USC(B,C’)xZ + [‘TT]*USC(A,C)xr) :
Redefining y¢ and y”, we can get the analogous inequality

][xf]*sc(A, C)a" — [27*Sc(B, C)a"

<5 ([xz]*USc(A,C)xZ + [$T]*USC(B,C)$T) :

|

min

Therefore I;o) — Sc(A, C) = Ij¢| — Sc(B, C). O
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C Proof of Lemma

Lemma restated. Let G be a strongly connected, reqular directed multigraph on n wvertices
with transition matric W and let J € R™ "™ be a matriz with 1/n in every entry (i.e. J is the
transition matriz of the complete graph with a self loop on every vertex). Then NG) < X if and

only ifWé)\ J.

Proof. First we will show that if W ~, J then A(G) < A. By the equivalence of items 1 and 2 in
Lemma [A.1l we have that for all z,y € C"

(W =Ty <A yJer @ =Dz -y - T)y.
Note that we can write
uw*Wuo
max ——.
ullpld [Juf/[v]]

ANG) =

Let w and v be vectors that achieve the maximization above. Setting x = u and y = v, and noting
that Jv = Ju = 0 because uw and v are perpendicular to 1, our inequality becomes

WWT < X/ |al2- 1912 = |lal| - ||2].

Dividing by ||u|| - ||v|| completes the proof.
For the other direction, assume A\(G) < A and we will show that for all z,y € C" and all z € C
such that |z| =1,

" (W = )y < A y/le* (@ — 23)a| - |y* (1 — =)y (20)

Note that for all constant vectors v (i.e. v has the same entry in every coordinate) we have by
the regularity of W and J,
Wo=Wo=Jv=J"v=n0.

So when z or y is constant, the left-hand side of Inequality (20) is zero and the inequality is true
(because the right-hand side is always non-negative). Furthermore, orthogonality to 1 is preserved
under I, J, W, and W so it suffices to consider vectors z,y L 1. Fix two such vectors. For v L f,
we have Jv = 0. So Inequality (20) becomes

"Wy < X otz - yty

= A lz]] - [yl
Applying Cauchy-Schwarz, we have

.
2" Wy| <[l - [Wy]|
<Azl - flyl

where the last line follows from the assumption that \(G) < A. O

D Omitted Proofs from Section

Below is the statement of Lemma 2.3 from [CKKT]. we give a proof of Lemma [6.7] using this
lemma.

Lemma D.1 (CKKPPRSI18 Lemma 2.3). Consider a sequence of m-by-m matrices SO s
S(™) such that
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1. 8% has non-zero entries only on the indices [i + 1,m],

2. The left/right kernels of SO are equal, and after restricting S to the indices [i +1,m], the
kernel of the resulting matriz equals the coordinate restriction of the vectors in the kernel of

S. Formally, ker (Sgil’m}’[iﬂ’m}) = {b[z‘+1,m} = ker(S(O))}.

3. The symmetrization of each S®, Ugw = %(S(i) + (S(i))T), s positive semi-definite.
Let M = M© = SO gnd define matrices MO M@ M) iteratively by
1Y Cam =R Y, (Of (s<i+1> ~Sc (M@'), i + 1,m])) V0 <4< prax.

If for a subsequence of indices 1 = ig < 11 < @2 < ... < iy, associated scaling parameters

0<6o,01,...,0p...—1 <1/2 such that Zgiﬁx_l 0, =1, and some global error 0 < € < 1/2, we have
for every 0 < p < Prmax:
+/2 (ip) _ nplot) ) rt/?
[Ugts) (M =Ml ) UL < by

then for a matriz-norm defined from the symmetrization of the SU») matrices and the scaling pa-
rameters:
F= Z HPUs(ip)’

0<p<pmax
we have:

1. for each 0 < i < pyax,
[F+/2 (M- M@) P2 <
2

2. The final matriz M®Pmax) satisfies

M(pmax)TF+M(pmax) i 5 .
10pmax

Lemma D.2. Let L) ’s be 28n by 28n matrices defined as Equation (II), then

LG 0 — 0 0 10 0
0 Igr-i-1, — Cor—i-1 @ W, 0 Igr-i-1, — Cor—i1 ® VVZ2

Proof. From Equation (III), we have

. ok _on—i—1 0
LD — X, ... X, (2+-2 n Y. 1Y
1 i+l 0 I2k—i71n — CQkfifl ®@ Wi i b

applying X;4+1, and Y, 11 to the middle matrix we get,

I(Qk_Qkfi)n 0 0
L) = X, .- X; 0 I;_inl _ng‘iri ® Wit YooY
0 —I .k, W, Izk_n—Czkn ®Wi+1+02k_n®Wl2
2i+1 2i+1 2i+1 2i+1
Therefore,
0 0

L) 1O =X, ... X, Y, Y.

0 —Cor-i-1 @ Wip1 + Cor—ic1 @ W2

48



Note that the error only resides on the lower right block of the middle matrix. It is easy to verify
that hitting the middle matrix by X(@’s from left and Y®’s from right does not change the matrix
(as the non-zero part is only multiplied by identity blocks). Therefore,

G+1) _ 7.6 _ |9 0
L L 0 —Cor-i-1 @ W1 +Cor-im1 ® sz )

Now we are ready to give a proof of Lemma [6.7]

Proof of Lemma[67. From S®’s and L(®’s, we build a sequence of SU)’s and MU)’s that satisfy
the conditions of Lemma [D.I], and using that we derive the statement of Lemma[G.7l For 0 <i < k,

and 0 < j < 28771 let a; def (2k — 2k=1)p, Slar) = §(F) " and

§loets) _ [SY, ity =0
| Se(M%ti=1 [a; + j,2%n])  otherwise.

d
" 1Y (AR Y (O (S(h+1> —Sc (M(h>, [h 11, 2’%})) VO<h< (28— 1)n.

Note that S’s satisfy all the three premises in Lemma [D.1l First S has non-zero entries only
on the indices [i + 1,2¥n]. Further as all S(’s are random-walk Laplacian of Eulerian connected
aperiodic regular digraphs, the left and right kernels are the same, all have the same kernel up to
the restriction to non-zero entries, and all Ug(;)’s are PSD. Therefore all the three premises of the
lemma are satisfied.

Next we show that for all i’s LU+1) approximates L(® in the norm defined by Ugu). By

Lemma [D.2],

L+ _ g0 — |9 0
O Ckal@W 02k11®wz+1

Now, given W,+1 Re/k W2, by Theorem we get

”U+/2 (L(”l) _ L(i)) U+/2

Se(Si, Hy) simnll < €/k

Since Ug(s,, ;) = 2Ugw),
‘|U—S|—(/z)2 ( LG+ _ ()) U;F(/Z?H < 2¢/k.
By construction, we have S(ai) = §() and M(@) = L® for all 0 < i < k. Therefore, we get
g, (e - s g | <2
Thus by Lemma [D.1], for F = %Zfzo Uga,
[FH/2(L - LOYFH2| <e YVO<i<k
and

W Tk » L
L® FL® = oF.
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Lemma D.3. Given a PSD matriz U € R"™ ™ and an orthogonal projection 11 € R™ "™ such that
UII = ITU we have
Ull=<u

Proof. Let x € R™ be an arbitrary vector, and let z; denote the projection of x into im(II) and 9
be the projection to the subspace orthogonal to im(II), such that x = x1 4+ z2. Note that Iz = z1,
and ITxgs = 0. Therefore we have,

(a;l + xg)TU(azl + xg) = (le + xg)TU(Hazl + xg) = xIle + x;—UxQ,

and
(x1 + azg)TUH(xl + x9) = (1 + a:g)TUHazl = (21 + xg)THle = a:lTHUHxl = a:lTle.
Therefore,
z " Ullz = aleUznl < aleUznl + IIJ‘;—UZEQ =z ' Uz.
Since the choice of x was arbitrary this completes the proof. O

Lemma D.4 (Lemma 2.6 in |[CKK™]). Suppose we are given matrices L, L and a positive semi-
definite matriz F such that ker(F) C ker(L) = ker(L) = ker(L) = ker(LT) and

1. |[Ft2(L -L)Ft/2|| <e
2. LTF*L = ~F,
then ”Iim(L) — i—l—LHF < 6\/"}/_1.

Lemma D.5 (Lemma B.3 in [CKK™]). Let L, L, F be arbitrary matrices with ker(F) = ker(FT) =
ker(L) = ker(L") = ker(L) = ker(L"). If |[F+/2(L — L)F/2?|| < ¢ and LTFTL = +F, then

L'FfL~ . . LTF*L.
O( +7)

S

Lemma 13 in [CKPT2|). Let L be an Eulerian directed Laplacian, tr(UT/2LTUTLU/2) <

—~

Lemma D.6
2(n —1)2.

E Proof of Lemma [7.4]

Lemma [7.4] restated. Let Gy be a d-regular, directed multigraph on n vertices with a two-way
labeling and Hy, . .., Hy be c-reqular undirected graphs with two-way labelings where for each i € [k],
H; has d - ¢! wvertices. For each i € [k] let

Gi = Gi-1®H;.

Then given vy € [n],ig € [d- ¢, jo € [c], Rotg, (v, (i0,70)) can be computed in space O(log(n -d) +
k -logc) with oracle queries to Roty,,...,Rotm, .

Proof. When c is subpolynomial we are reasoning about sublogarithmic space complexity, which
can depend on the model. So we will be explicit about the model we are using. We compute the
rotation map of GG; on a multi-tape Turing machine with the following input/output conventions:

e Input Description:
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— Tape 1 (read-only): Contains the initial input graph Gy, with the head at the leftmost
position of the tape.

— Tape 2 (read-write): Contains the input triple (v, (i0,Jjo)), where vg is a vertex of Gj,
io € [d- 1] is an edge label in G;, and j € [c] is an edge label in H; on a read-write
tape, with the head at the rightmost position of jy. The rest of the tape may contain
additional data.

— Tapes 3+ (read-write): Blank worktapes with the head at the leftmost position.
e QOutput Description:

— Tape 1: The head should be returned to the leftmost position.

— Tape 2: In place of (v, (ig, jo)), it should contain the output (ve, (i3, j1)) = Rotg;, (vo, (Z0, jo))
as described in Definition The head should be at the rightmost position of j; and
the rest of the tape should remain unchanged from its state at the beginning of the
computation.

— Tapes 3+ (read-write): Are returned to the blank state with the heads at the leftmost
position.

Let Space(G;) be the amount of space required to compute the rotation map of graph G;. We will
show that for all i € [k], Space(G;) = Space(G;—1) + O(log ¢). Note that Space(Gp) = O(log(nd)).

Fix i € [k]. We begin with vy € [n],i € [d-c'~!] and jy € [c] on tape 2 with the head on the
rightmost position of jo and we want to compute Rotg, (vo, (70, jo)). We move the head left to the
rightmost position of i, recursively compute Rotg, , (vo,i0) so that tape 2 now contains (v1, 1, Jo)-
Then we move the head to the rightmost position of jy, and compute Rotg, (i1, jo) so that tape 2
now contains (vy,i9,j1). Finally, we move the head to the rightmost position of i, and compute
Rotg, , (v1,i2) so that tape 2 contains (vg, i3, j1).

This requires 2 evaluations of the rotation map of G;_1 and one evaluation of the rotation map
of H;. Note that we can reuse the same space for each of these evaluations because they happen
in succession. The space needed on top of Space(G;_1) is the space to store edge label jy, which
uses O(logc¢) space. So Space(G;) = Space(Gj—1) + O(logc). Since ¢ can be as large as k and
Space(Go) = O(log(n - d)) we get that for all ¢ € [k], Space(G;) = O(logn -d + k - log ¢). O
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