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Abstract

Probabilistic distributions over spanning trees
in directed graphs are a fundamental model of
dependency structure in natural language pro-
cessing, syntactic dependency trees. In NLP,
dependency trees often have an additional root
constraint: only one edge may emanate from
the root. However, no sampling algorithm has
been presented in the literature to account for
this additional constraint. In this paper, we
adapt two spanning tree sampling algorithms
to sample dependency trees from a graph sub-
ject to the root constraint. Wilson (1996)’s
sampling algorithm has a running time of
O(H) where H is the mean hitting time of the
graph. Colbourn et al. (1996)’s sampling al-
gorithm has a running time of O(N3), which
is often greater than the mean hitting time of
a directed graph. Additionally, we build upon
Colbourn’s algorithm and present a novel ex-
tension that can sample K trees without re-
placement in O(KN?3 + K2?N) time. To the
best of our knowledge, no algorithm has been
given for sampling spanning trees without re-
placement from a directed graph.!

1 Introduction

Spanning trees in directed graphs? are fundamental
combinatorial structures in natural language pro-
cessing where they are used to represent depen-
dency structures—especially syntactic dependency
structure (Kiibler et al., 2009). Additionally, prob-
abilistic models over spanning trees are common
in the NLP literature with applications primarily
in non-projective dependency parsing (Pei et al.,
2015; Wang and Chang, 2016; Dozat and Manning,
2017; Ma and Hovy, 2017), but also in recovering
phylogenic structures (Andrews et al., 2012), and
event extraction (McClosky et al., 2011).

!'Our implementation of these algorithms is publicly avail-
able at https://github.com/rycolab/treesample.

Directed spanning trees are known as arborescences in
the graph theory literature (Williamson, 1985). However, we
will simply refer to them as spanning trees.

Given the prevalence of such probabilistic mod-
els, efficient dependency tree sampling algorithms
deserve study. Indeed, some work has been done in
transition-based dependency parsing (Keith et al.,
2018) as well as graph-based dependency parsing
(Nakagawa, 2007; Marecek and Zabokrtsk}’/, 2011).
Sampling has also been utilized in an abundance
of NLP tasks, such as text generation (Clark et al.,
2018; Fedus et al., 2018), co-reference resolution
(Singh et al., 2012), and language modeling (Mnih
and Hinton, 2007; Logan IV et al., 2020).

The theoretical computer science literature has
several efficient algorithms for sampling directed
spanning trees. These algorithms come in two fla-
vors. First, random walks through Markov chains
have been used to sample spanning trees from both
undirected (Broder, 1989; Aldous, 1990) and di-
rected graphs (Wilson, 1996). The algorithm of
Wilson (1996) is linear in the mean hitting time of
the graph and is currently the fastest sampling algo-
rithm for directed spanning trees. It has been used
in dependency parsing inference by Zhang et al.
(2014a,b). Second, several algorithms have lever-
aged the matrix—tree theorem (MTT; Kirchhoff,
1847; Tutte, 1984). The MTT has been frequently
used to perform inference on non-projective graph-
based dependency parsers (Koo et al., 2007; Mc-
Donald and Satta, 2007; Smith and Smith, 2007;
Zmigrod et al., 2021). This theorem was first
used for sampling by Guénoche (1983) who gave
an O(N?) algorithm which was then improved
by Kulkarni (1990) and Colbourn et al. (1996).
Colbourn et al. (1996) give an O(N?) algorithm
to sample spanning trees from an unweighted di-
rected graph. We generalize their algorithm to the
weighted case.

While directed spanning tree sampling algo-
rithms exist, an important constraint of many de-
pendency tree schemes, such as the Universal De-
pendency (UD) scheme (Nivre et al., 2018), is that
a dependency tree may only have one edge em-
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anating from the designated root symbol. Algo-
rithms exists for enforcing this constraint in decod-
ing (Gabow and Tarjan, 1984; Zmigrod et al., 2020;
Stanojevi¢ and Cohen, 2021) and inference (Koo
et al., 2007; Zmigrod et al., 2021). However, to
the best of our knowledge, no sampling algorithm
exists which enforces the root constraint.

In this paper, we adapt the algorithms of Wilson
(1996) and Colbourn et al. (1996)° to efficiently
sample directed spanning trees subject to a root
constraint while maintaining the runtime of the
original algorithms. While our modification to Col-
bourn et al. (1996)’s algorithm faithfully samples
trees subject to the root constraint, our extension
to Wilson (1996)’s algorithm produces biased sam-
ples. Additionally, we provide a further extension
to Colbourn et al. (1996)’s algorithm that allows
us to sample trees without replacement. Sampling
without replacement (SWOR) algorithms are useful
when distributions are skewed, which is often the
case in a trained system. To the best of our knowl-
edge, no SWOR algorithm has been presented in
the literature for directed spanning trees, though
Shi et al. (2020) provides a general framework that
enables a SWOR algorithm to be adapted for par-
ticular kinds of sampling algorithms.

2 Distributions over Trees

We consider distributions over spanning trees in
rooted directed weighted graphs (graphs for
short). A graph is denoted by G = (p, N/, £) where
N is a set of N + 1 nodes including a designated
root node p and £ is a set of ordered pairs between
two nodes (7 — j). We note that the non-root nodes
N~{p} can be enumerated as [1, . .., N]. For each
edge (i —j) € &, we associate a non-negative
weight w; —j € Rzo. Note that Wi—j = 0 when
(i) € €.

A directed spanning tree, denoted by ¢, is a col-
lection of edges in a graph G such that each node
j € N~ {p} has exactly one incoming edge and ¢
contains no cycles. Moreover, we specifically ex-
amine distributions over dependency trees, which
are spanning trees with an additional constraint
that exactly one edge must emanate from the root

3Note that Colbourn et al. (1996) presents two algorithms
for sampling directed spanning trees. In this work, we focus
on their first algorithm, which runs in O(N®). While the
second algorithm is based on a reduction to fast matrix multi-
plication, which is typically impractical. We did not extend
this algorithm because it is not amendable to sampling without
replacement and it is generally slower than the algorithm of
Wilson (1996).

p. This additional constraint is common amongst
most dependency tree annotation schemes, e.g.,
Universal Dependencies.* When the type of tree
(spanning or dependency) is clear from context, we
will simply use trees. The set of all spanning trees
of a graph G is given by 7 (G) and the set of all
dependency trees of a graph G is given by D(G).
Note that D(G) C T(G). When the graph G is
clear from context, we will refer to these sets T
and D respectively.
The weight of a tree ¢ is the product of its edge
weights:
w(t) = [Jwis; 1)
(i—j)et

The probability of a spanning tree is then given by

OE “’Z(t) where ZE S w(t) ()

teT
The normalizing constant in the case of dependency
trees sums over D instead of 7.

3 Random Walk Sampling

In this section, we present the spanning tree sam-
pling algorithm of Wilson (1996) and adapt it to
sample dependency trees. The algorithm is based
on a random walk through the nodes of the graph
until a tree is formed. In order to do this, we require
a graph G to be stochastic. A stochastic graph is
such that the weights of all incoming edges to a
node sum to one. That is, for all non-root nodes
j € N~ {p} we have that

Y wisj=1 (3)

ieN

Wilson (1996) shows that any graph may be con-
verted into a stochastic graph, by adjusting the edge
weights to be locally normalized along all incom-
ing edges. Therefore, the edge (i — j) has a weight
w _, ; defined by

’ def Wi — 4§ (4)

wA T —
’l-}] ) )
D oireN Wit

We can also define this new weight over a tree
) & /
w'(t) = I e wiss 5

Lemma 1. Forany treet € T,

w'(t) o< w(t) )

“However, we note that there are exceptions that do not re-
quire the root constraint, such as the Prague Treebank (Bejcek
et al., 2013).
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(a) Random walk path from node (2) to ().

O—O—06—©

(b) Tree path from node (7) to ().

Figure 1:

Cycle erasure in a random walk of a graph. The associated graph of the above walk has six nodes

(including the root node (»)) and we start the walk at () with the tree only containing the root node. The random
walk includes a cycle with nodes (2), (3), and (3), this cycle is erased when we create the path from (z) back up to (.
Note that the arrows here mark the path upwards rather than the edges in the tree, the tree edges are reversed (e.g,

® — ®).
Proof.
I wiz; (62)
(i—j)€et
w; i
= 1 o (6b)
(i jyet “VEN T =]
= H H Wi — j
(i—7) etZI en® (i—j)et
am! le w) 6
(i—j)et —VEN TV 2]
conggant
ox w(t) (6d)

Note that the left-hand term in (6¢) is a con-
stant since every non-root node has in incoming
edge in the tree, and so the constant is equal to

~1
HieN\{p} (Zi’eN wi/ﬁj) : u

A stochastic graph then defines a Markov chain
that we can perform a random walk on. We begin
with a tree that is just composed of the root p. Then
while there exists a node connect to the tree, we
start a random walk where we add each edge used
to the tree, until we encounter a node that is con-
nected to the tree. When we have connected to the
tree, we can proceed to start a new random walk
from a node not in the tree.

Of course, during a random walk, we may go
through a cycle. Whenever we walk through a
cycle, we simply forget the cycle as part of the
walk. That is, if we find ourselves visiting node 7 in
our walk for a second time, we erase the cyclic path
formed at 7 and continue our walk. This can be seen
visually in Fig. 1. This type of walk is known as
a loop-erased random walk (Lawler, 1979). Given

. def wilson(G):

> Sample a spanning tree /1()111 a graph G; re-
quires O(H) time, O(N?) space.
t<+0

. visited < {p}

5 > The following for and while loops take O(H )
to execute. More specifically, line 9 is called
O(H) times.

6. forie N~ {p}:

8. while u ¢ visited :

9. Sample v € N with weight w/, _, ,,

10. ty <V

1 U <— v

12. U1

13 while u ¢ visited :

14, visited.add(u)

1s. u < v such that t,, = v

6. returnt

Figure 2: Wilson (1996)’s algorithm to sample span-
ning trees from a graph.

we sample a sequence of edges S in a random walk,
we can split the We can split the edges into those
corresponding to the loop-erased random walk, S,
and those that do not, S.

Lemma 2. For any sequence of edges S sampled
from a random walk, we have

p(S) = p(S) p(S) ()
Proof.
=[]wi-; (8a)
(i—j)eS
= H wz —J H w; —J
(i—17) GS (i—35)eS
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(8b)

Pseudocode for Wilson (1996)’s algorithm is
given in Fig. 2. Examining the pseudocode, one
can see it is possible to infinitely encounter cycles.
Fortunately, Wilson (1996) proves that this is not
the case and that the algorithm has a probabilistic
bound of O(H ) where H is the mean hitting time
of the graph. The mean hitting time of a Markov
chain is defined as

H =Y mm;h(i, §) )
2%

where 7 is the stationary distribution of the Markov
chain, and h(i, ) is the expected number of steps to
reach node j starting at node . Wilson (1996) and
Broder (1989) demonstrate that the mean hitting
time for directed graphs is usually small (some-
times as low as linear in N). We will compare
the empirical runtime of the algorithm against an
O(N?) algorithm in §4.2.

Theorem 1. For any graph G, wilson(G) samples
a directed spanning tree t € T with probability

p(t) H Wi j

(i—j)et

(10)

Furthermore, wilson runs in O(H) time.

Proof. 1t is clear that if wilson(G) terminates, ¢
will contain a directed spanning tree. Let S be the
set of edges sampled in line 9 of wilson. As we
sample ¢ using several independent random walks,
by Lemma 2, we sample the edges in ¢ indepen-
dently of the edges in S ~\ t. In particular, we
sample ¢ with probability

p(t) = H w;%j

(i—j)et

(11

By Lemma 1, ¢ is a sample from our desired distri-
bution over trees.

Wilson (1996, Theorem 3) proves that line 9 of
wilson executes O(H) times before the program
terminates with tree ¢. |

3.1 Root Constraint Modification

Wilson (1996)’s algorithm does not ensure that only
one edge emanates from the root. However, a sim-
ple modification to the algorithm allows us to do
this. The original algorithm samples a spanning

. def wilson_rc(G):
> Sample a dependency tree from a graph G;
requires O(H ) time, O(N?) space.
Sample j with weight w, _, ;
t< 0
5 tj —p
6. visited < {j}
7. D The following for and while loops take O(H )
to execute. More specifically, line 11 is called
O(H) times.
s forie N~ {p}:
9. U1
10. while u ¢ visited :

i, Sample v € N~\{p} with weight w) _, ,,

12. ty <V

13. U< v

14. U1

15 while u ¢ visited :

16. visited.add(u)

7. u < v such that ¢, = v
5. returnt

Figure 3: Modification of Wilson (1996)’s algorithm
to sample dependency trees from a biased distribution.
The lines that differ to wilson are highlighted.

tree rooted at p for a graph G. Suppose we know
we want the edge (p — j) to be the single edge
emanating from the root. Then we can run Wil-
son’s algorithm on the graph G’, which is G with
node p removed and node j defined as the new root.
By adding (p — j) to the newly sampled tree, we
clearly have a dependency tree in G. We can sam-
ple the root edge (p — j) from the root weights p
to sample an unbiased dependency tree from the
distribution. The pseudocode for this algorithm is
given as wilson_rc in Fig. 3

Theorem 2. For any graph G, wilson_rc(G)
samples a dependency tree from a biased distri-
bution.> Furthermore, wilson_rc runs in O(H)
time.

Proof. We note that executing lines line 6 to line 18
is equivalent to running wilson on the graph G’
that is rooted at j (and does not have p). By The-
orem 1, this results in a tree ' € T(G'). As we

5Note that this theorem has been corrected following Stano-
jevi¢ (2022), who showed that wilson_rc returns a biased
sample by counter-example. We have included their counter-
example into our proof. They additionally provide an alter-
native solution to extend wilson to use rejection sampling
in order to sample a dependency tree. They show that on
average wilson would be run three times to find a succesful
dependency tree sample, thus maintaining the O(H ) runtime.
We refer the reader to Stanojevié (2022, Section 4) for further
details.
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then sample an edge emanating from the root, we
sample a valid dependency tree t. We show that ¢
is sampled from a biased distribution through an
example. Consider a graph with two edges ema-
nating from the root, both with weight % Suppose
that there exist two dependency trees using one of
the edges, and only one dependency tree using the
other edge. Then we should sample the root edges
with their marginal probabilities % and % respec-
tively. However, we sample the root edges by their
edge weight % Therefore, ¢ is sampled from a bias
distribution.

Furthermore, as line 3 of wilson_rc takes
O(N) which is less than O(H), by Theorem 1,
wilson_rc has a runtime of O(H). |

4 Ancestral Sampling

In this section, we present an extension to the ances-
tral sampling algorithm of Colbourn et al. (1996)
to the weighted graph case. This algorithm re-
lies on the efficient computation of Z using the
MTT (Kirchhoff, 1847; Tutte, 1984), allows us to
compute Z in O(N3) by taking the determinant of
the Laplacian matrix, L € RY*Y . We use Koo
et al. (2007)’s adaptation of the MTT to depen-
dency trees.®

Theorem 3 (Proposition 1, Koo et al. (2007)). For
any graph G, the normalization constant 7, over

the distribution of dependency trees D is given by
Z = |L| where

Lij i’e/\/\{p,;} ! a2)
—W; s otherwise

We present the algorithm using the above Laplacian
matrix to sample dependency trees rather than span-
ning trees. However, one can easily modify this
algorithm to sample spanning trees.” The premise

Koo et al. (2007)’s adaptation constructs the Laplacian
matrix without considering edges emanating from the root.
They then arbitrarily replace the first row of the Laplacian ma-
trix with the root edge weights. One can see that the first row
is chosen for convenience by examining the proof of Proposi-
tion 1 in Koo et al. (2007). Indeed, the desired Laplacian can
be obtained by replacing any row by the root edge weights.

"The Laplacian matrix for spanning trees is given by

Lij = {ZHEN\“} wir 5 ifi=j

—Wi s § otherwise

of the algorithm is that we iteratively sample an
incoming edge to a non-root node of the graph until
we have a tree. Without loss of generality, we can
enumerate the edges of any sampled tree ¢ as e;
to ey. Therefore, at time step n of our sampling
algorithm, we will have a subset of our tree

t<n = [617"'7611—1] (13)

Note that -7 = @ and t-ny+1 = t. We can then
express the probability of a tree as

N
p(t) = [ plen | t<n) (14)
n=1

We sample the first edge e; with probability
p(e1). We can find its marginal probability by tak-
ing the derivative of the log partition function log Z
in Theorem 3 which Koo et al. (2007) show to be®

p(i—7j) (15)
_ wp*)jBlj ifi:p
Wi — 5 (5j7£1Bjj — 627&1]3”) otherwise

where B = L~ " (the transpose of the inverse of
L)and , = 1 <= =z is true, otherwise, J, =
0. Therefore, after computing B once, we can
compute each p(i — j) in O(1) time. Finding B
requires us to take a matrix inverse, and so runs in
O(N?) time.’

Each subsequent edge that we sample must
be conditioned by all previously sampled edges
(teyn). At the n® step, we have sampled ¢,
and so our final sampled tree ¢ will be such that
t<n C t. Therefore, sampling e,, from G is equiv-
alent to sampling e,, from the subgraph G > t.,,
which is defined as the largest graph such that
t € T(G>ten) = ten C t. Consequently,
if (i —j) € ten, then G > t-, does not contain
any other incoming edges to node j other than
(i—4).1°

A correct ancestral sampling algorithm will sam-
ple an edge e for each non-root node from the graph

8For spanning trees, the marginal probability can be sim-
ilarly derived as p(i — j) = wi - ; (Bj; — di%,Bi;) where
B is the transpose of the inverse of the Laplacian matrix in
footnote 7.

This runtime is also true by automatic differentiation
(Griewank and Walther, 2008) as finding Z takes O(N?®) time.

""When sampling dependency trees, one would think that if
(p—J) € t<n, we would need to remove all outgoing edges
from the root. However, by the construction of our Laplacian,
Z only accounts for dependency trees and so the marginals
already enforce this restriction. Therefore, we only need to
remove all other incoming edges to j.
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(a) G
Figure 4: Consider sampling a tree from the fully connected graph G given in (a). We do this by sampling an
incoming edge to each non-root node. We first sample an incoming edge to (), the possible edges are dashed in
(a). Suppose we sample e; with probability p(e; ), then we have t.o = {e1}. If we include e; in our graph as in
(b), and repeat the process, we will sample edge e; with probability p(es | t<2). We now have t.3 = {e,ea},
and we can sample an incoming edge e3 to (3) with probability p(es | t<3) as in (c). We can similarly find ¢4 in
d. Finally, in (e), we have t <5 = t = {e1, €2, e3, €4}, whichis a tree in T(G). Note T (G > t) = {t}.

b) G > tea

using (15), and then update graph to be G >~ e and
repeat. This algorithm will have to recompute B
O(N) times and so will have a runtime of O(N%).
We show a graphical example of the algorithm in
Fig. 4. We give pseudocode for this as colbourn in
Fig. 5. The function sample_edge samples from
the distribution defined in (15) and the function
condition updates B to contain the transpose of
the Laplacian inverse of the conditioned graph. We
describe an efficient procedure for this conditioning
step in the following section.

4.1 Efficiently Computing Marginals

Colbourn et al. (1996) show that we can update the
marginals in O(N?) rather than O(N3) by using
rank-one updates on L. Namely, Colbourn et al.
(1996)’s adds an outer-product uv ' to L for some
column vectors u, v € R for each conditioning
operation. We extend this to the weighted Lapla-
cian for dependency trees.

Lemma 3. For any graph G with Laplacian L and
any edge e = (i—j) € &, the ™ column of the
Laplacian L® of G > e is given by

- o -
e, . Wy 11 R . ifi=p
&l wi_>j(6j¢1 1; - (57;751 1;) otherwise
(16)

. .
where 1; is the one-hot vector such that the G ele-
ment is 1. Furthermore, the k™ column L®, where
k # j, is equivalent to the k™ column of L.

Proof. Consider the column L, 4.
Case k = j: Then the only incoming edge to j
inG > eis (i —7j).
Case i = p: Then element L®;; = w,_, j by
Koo et al. (2007)’s construction. As there are
no other incoming edges to kj, the remain-
der of the column is filled with zeros ans so
. —
L 9] = wp_>j11.

© G ~ts

A G > tea @G >t

Case i # p: Then L®;; = —w;_, j as long as
i # 0. Since 7 # p, we also have that L®;; =
w; — ; as long as j # 0. Therefore, we can

represent the jth column by w; _, j(5j7g11_;- —
bip11y).
Case k # j: Then all incoming edges to node k
are still in G = e and so L[, 31 = L. -
|

Lemma 3 shows that conditioning by an edge
(1 — j) is equivalent to a column replacement for L.
A column replacement is equivalent to a rank-one

— —

update where v =1; and u = w; -, ;(1; — 1;) —
L. ;) and L, ;) s the 4™ column of L. Performing
such a rank-one update speeds up the conditioning
of L from O(N?) to O(N). More importantly,
it lets us update B in O(N?) using the Sherman—
Morrison formula (Sherman and Morrison, 1950),

which states that for any matrix A € RV*" and
column vectors u, v € RV
(A+uv’)l=A"1_T (17)
where LT
A~ A~
_ A uva (18)
1+vIiA-lu

Recalling that B requirgs the inverse transpose,
and our choice of v = 1;, we can simplify the
expression for T to be

=T N
T = (LlUlJL1> (192)
T
1—1—1_; L-lu
L'uL;} ’
=| (19b)
1+L[Mu
LgHuTL*T
= 19¢
1+uTL§:T] (19¢)

""The Sherman—Morrison formula can be computed in
O(N?) due to the associativity of matrix multiplication.
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Global Variables: L, B
. def colbourn(G):

2. D Sample a dependency tree from a graph G;
requires O(N?) time, O(N?) space.

5 L < Laplacian(G)

i B+L7T

st H

o for je N~ {p}:

7 e < sample_edge(j)

8. t.append(e)

9 condition(e)

> O(N?)

0. returnt

1. def Laplacian(G):

12. > Construct the Laplacian of Koo et al. (2007)
for dependency trees as in (12); requires
O(N?) time, O(N?) space.

o L«0

v forje N~ {p}:

15, fori e N\ {p,j}:

16. Lij S Wiy

17. ij +=W;

18. Llj S~ Wp—j

19 > For spanning trees, we can construct the Lapla-
cian in footnote 7 by replacing line 18 with
Ljj +=w, - ;.

2. return L

o1 def sample_edge(j):

2. D Sample an incoming edge to j using global
variable B as in (15); requires O(N) time,
O(N) space.

o m+<+—0

24 mp+=wp_>jB1j

s forie N~ {p,j}:

26 m; +=w; — j (5j;£1Bjj — 51#1]3@')

27. D For spanning trees, we can construct the
marginals in footnote 8 by replacing line 24
with m, +=w, - ;B;; and line 26 with
m; +=w; — ;(Bj; — Bij).

. return sample from m

)

o. def condition(e):

30 > Condition the Laplacian and the transpose of
its inverse to always include e in any tree; re-
quires O(N?) time, O(N?) space.

5. Lete = (Z — j)

32 ifi = p:
_)
33. u < wp%j]-l - L[]]
1. else: N N
s u win (415 = 6ials) — Ly
o Lpj+=u
7 B-=(Byyu'B) /(1+u'Bj,)

Figure 5: Algorithm for sampling dependency trees us-
ing the method of Colbourn et al. (1996). We describe
the changes required to sample spanning trees in the
comments.

B[J’] UTB 19d
 L+uByy o
Therefore, we can update B in O(N?). We give
pseudocode for this efficient update as condition
in Fig. 5.
Theorem 4. For any graph G, colbourn(G) sam-
ples a dependency tree with probability

p(t)Z% [T wisy

(i—j)et

(20)

Furthermore, colbourn runs in O(N?3) time.

Proof. The probability of a tree p(¢) can equiva-
lently be written as the product of the conditional
edge marginals as in (14). To prove correctness,
we prove by induction that for all n < N, at the
n call to sample_edge, B contains the transpose
of the Laplacian inverse of G > t,, and an edge e
with probability p(e | t<y,).
Base case: Thenn = 1 and t.1 = &. B con-
tains the transpose of the Laplacian inverse of G
as expected and so sample_edge will sample an
edge e with probability p(e) as expected.

Inductive step: Then tp, = l[e1,...,ep—1].
At the (n — 1) call to sample_edge, B con-
tains the transpose of the Laplacian inverse of
G > t<p—1. We then call condition, which by
Lemma 3 and the Sherman—Morrison formula
updates B to be the transpose of the Laplacian
inverse of G > t.,. Therefore, at the n'" call
to sample_edge, B contains the correct values
and so sample_edge will sample an edge e with
probability p(e | t<y).
Therefore, colbourn samples a dependency tree
t with the correct probability. We have N iterations
of the main loop, each call to sample_edge takes
O(N) times and each call to condition takes
O(N?) time. These runtimes are easily observed
from the pseudocode. Therefore, colbourn has a
runtime of O(N3). [ ]

4.2 Runtime Experiment

We conduct a brief runtime experiment for
colbourn and wilson_rc (see §3) whose runtimes
are O(N3) and O(H) respectively. We artificially
generate random complete graphs of increasing
size and measure the average sample time of each
algorithm.'> The results of the experiment are

”The experiment was conducted using an Intel(R)
Core(TM) 17-7500U processor with 16GB RAM.
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colbourn

10-24 wilson rc

1073

Average sample time (seconds; log-scale)

N (log-scale)

Figure 6: Runtime experiment for sampling using
wilson_rc and colbourn. For each graph size, we
randomly generated 100 graphs and took 20 samples
from each graph. The best fit lines for colbourn and
wilson_rc have slopes of 1.42 and 1.14 respectively.

shown in Fig. 6. We note that despite colbourn be-
ing slower, the best-fit line for colbourn’s runtime
has a slope of 1.42, suggesting it is much faster in
practice than its complexity bound O(N3).1?

5 Sampling Without Replacement

In this section, we present a novel extension to
colbourn that can sample dependency trees with-
out replacement. SWOR algorithms are useful
when we must sample multiple trees from the same
graph. Specifically, when the distribution of trees
over the graph is skewed so that a normal sampling
algorithm frequently samples the same trees. This
is often the case when the edge weights have been
learned using a neural model (Dozat and Manning,
2017; Ma and Hovy, 2017). The SWOR algorithm
we present follows the scheme of Shi et al. (2020).

In order to use colbourn to sample without
replacement, we need an expression of the edge
marginals conditioned on the set of previously
sampled trees. If D is the set of previously sam-
pled trees, then we need to compute the following
marginal probability efficiently

p<ijD):Zi > w(t) @D

D tE'Dij ~D

where D;; is the set of all dependency trees that
contain edge (i — j) and

Zp= > wt)=Z-) w(t)

teD~\D teD

3We would expect the slope to be ~ 3 to match the com-
plexity bound.

(22)

Lemma 4. For any graph G, set of trees D, and
edge (i—j) € &,

1
p(i—j| D)= 7= |Zpli=j)= > w()
teD;;
(23)

where D;; C D is the set of trees in D that contain
the edge (i — j).

Proof.
p(i—j| D) (24a)
1
= — w(t) (24b)
= Zi > wt)— > wk) (24¢)
D | t€Dij teD;;
= Zi Zp(i—j)— > w(t) (24d)
D L teD;;
]

Lemma 4 then gives a new formula to use for sam-
pling edges by re-weighting the probability of an
edge.!* We can then compute the marginal distribu-
tion for an incoming edges to a node in O(N + K)
time. Note that (23) makes explicit use of Z which
is not needed for the original marginals in (15).
Consequently, as we sample an edge from the tree,
we must condition Z as well as B. Fortunately,
this can be done in O(N) using the matrix deter-
minant Lemma, which states that for any matrix
A € RV*N and column vectors u, v € RY

IA+uv'|=|A|1+v A ) (25)

Furthermore, at each conditioning step, we must
also update D (and Zp), to only include the sam-
pled trees containing the new sampled edge. These
can both be achieved in O(K) time where K is
the number of trees that we sample. The pseu-
docode for the sampling and conditioning steps are
given as sample_edge’ and condition’ in Fig. 7.
The sampling algorithm its self, swor is similar to
colbourn in Fig. 5. However, it samples K depen-
dency trees rather than a single dependency tree
and stores additional variables in order to cache
frequently used values such as the original Z, L,
and B values.

“Re-weighting has been recently used by Stanojevié¢ and

Cohen (2021) to speed-up algorithms for single-root tree de-
coding algorithms.
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Global Variables: L, B, D, 7Z, and Zp
.. def swor (G, K):

2. D Sample K dependency trees without replace-
ment from a graph G; requires O(/\f\"i +
K?2N) time, O(N? 4+ K N) space.

5 L' < Laplacian(QG)

o = U B LT

. / .7/ /

s D« [, 2+ Z

o forke{l,...,K}:

7 D + D,; 7+ 7

8. ZU — ZID

9. L+ L;B+B;t+]|]

10. for j € N~ {p} :

1, e < sample_edge’(j)

12. t.append(e)

13, condition’(e)

/ .71

14. D' append(t); Z', -=w(t)

5. return D’

1. def sample_edge’(j):

17. D Sample an incoming edge to j using global
variables B, 7, and Zp as in (23); requires
O(N) time, O(N) space.

18. m<+ 0

oo Mp+=Zwy i Bry =) er, w(t)

v forie N~ {p,j} : > O(N)

21. m; += 7 Wi — 5 ((5]'7&1]37"7' — (51‘751131‘]‘)

22. m; -= ZtEDij ’U)(t)

s return sample from Zim
D

> O(N?)

». def condition’(e):

25. D> Condition the Laplacian, the transpose of the
Laplacian inverse, the partition partition func-
tion, and the set of previously sampled trees
to always include e in any tree; requires
O(N? + K) time, O(N?) space.

w  Lete=(i— )

27. if: = P
28 u < ’Ujp_,jll — L[:,j}
0. else:

0 ue i EGa T - L) - Ly,
31 L[IJ] +=1u

n Zix=14+ uTB[j’:]

s B-=(Bjju'B)/(14+u'Bj,)

34 D <+ Dij
35. Z]_) %Z—ZteDw(t)

Figure 7: Algorithm for sampling dependency trees
without replacement.

Theorem 5. For any graph G and K > 0,
swor (G, K) samples K dependency trees without

replacement, where t is sampled with probability

0,
pt| D) =722 I winy  0)

(i—j)et

where D is the set of trees sampled prior to t. Fur-
thermore, swor runs in O(KN3 + K2N) time.

Proof. To prove correctness, we prove by induc-
tion that the K" sampled tree is sampled with the
probability in (26).
Base case: Then K = 1 and so D' = @& and
Z', = Z'. Therefore, swor executes colbourn
and samples tree ¢ with probability p(t) as ex-
pected.

Inductive step: Assume that D' contains K — 1

trees, which were each sampled with the correct

probability. Then Z’, = Z' — ", w(t)and so
by Lemma 4, sample_edge’ will sample the first
edge of the new tree with the correct probability.

We can then prove that all edges of the new tree

are sampled with the correct probability using an

inductive proof analogous to Theorem 4.

We require O(N?) to find Z' and B’. Then for
each of the K sampled trees, we have [V iterations
of the main loop. Each call to sample_edge’ takes
O(N+K) times and each call to condition’ takes
O(N? + K) time. These runtimes are easily ob-
served from the pseudocode. Therefore, swor has
aruntime of O(K N3 + K2N). [ |

6 Conclusion

We presented two efficient approaches to sample
spanning trees subject to a root constraint, which
were based on prior algorithms by Wilson (1996)
and Colbourn et al. (1996). While Wilson (1996)’s
O(H) algorithm was more rapid, Colbourn et al.
(1996)’s O(N?) algorithm is extendable to a novel
sampling without replacement algorithm. To the
best of our knowledge, not much work has been
done in graph-based dependency parsing to sample
dependency trees, and none has used sampling
without replacement. We hope that this paper
serves as a tutorial for how this can be done and
encourages the use of sampling in future work.
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