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1 Introduction

Bottleneck problems are optimization problems on directed or undirected graphs with
edge weights. They are related to problems that deal with finding structures that
minimize the sum of edge weights, such as the well studied Shortest Path (SP) and
Minimum Spanning Tree (MST) problems. Bottleneck problems deal with finding
structures that maximize the minimum edge weight. The minimum edge weight
is also called the limiting capacity. One can imagine a network where the edges
represent connections between points and the edge weights represent the bandwidth
of those connections. Our goal would be two find a path between a start and end point
such that the network flow through that path is maximum, meaning the minimum
bandwidth or bottleneck of that path is maximum.

Bottleneck problems have important applications in fields that deal with network
routing such as logistics and computer networking, and others like digital composit-
ing. The Bottleneck Path problem appears as a subproblem in the algorithm by Ed-
monds and Karp [7] for solving the Maximum Flow problem and in the k-splittable
flow algorithm [1].

We concentrate on three bottleneck problems, namely the Bottleneck Path (BP)
problem, the Bottleneck Spanning Tree (BST) problem and the Single-Source Bot-
tleneck Path (SSBP) problem. We explain several algorithms that solve these prob-
lems and analyze their runtime complexity. These algorithms are presented in order
of increasing complexity. In the first few sections we look at algorithms that are
relatively simple but have a comparatively worse runtime complexity. In the later
sections we look at algorithms that are more complex and improve on the runtime
complexity of the algorithms discussed in the preceding sections. We focus especially
on the algorithms by Chechik, Kaplan, Thorup, Zamir, and Zwick 2016 [3] and Duan,
Lyu, and Xie 2018 [5], that have been discovered within the last couple of years and
give the best running time for their problem currently known.

The algorithms are presented in such a way that the relationship between them
should become apparent. In particular one should notice how each subsequent algo-
rithm takes ideas from the previous algorithms and builds on them or modifies them
in order to achieve a better runtime bound. These connections are also pointed out
in the text. The descriptions for these algorithms in the original sources are given
here in shortened form to only contain the main ideas. Some additional explanations
are added and some arguments are made more explicit to help better understand-
ing. For each algorithm a pseudocode is presented. In some cases the pseudocode is
adopted from the original sources with little modification. This is true for Algorithm
6 in Section 7.1 and Algorithms 8, 9 and 10 in Section 8. Otherwise the pseudocode
is provided based on the description of the algorithms given in the sources. For
Algorithm 2 in Section 4 and Algorithm 3 in Section 5 no original sources exist. Al-
gorithms 2 and 3 are however mentioned in the literature and brief descriptions are
given for example in [3]. Algorithm 2 in Section 4 is explicitly stated in [10], which
gives a good discussion on the topic. For Algorithm 4 and Algorithm 5 in Section
6 descriptions are given in [3] and [9]. The description given here for Algorithm 4
follows [9] while the description for Algorithm 5 follows [3]. This is done simply for
ease of understanding.

The algorithms discussed work under the comparison-model, meaning the only oper-
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ations allowed on edge weights are pairwise comparisons. Faster algorithm exist for
the word-RAM model. These faster algorithm and the implications of the machine
model used on algorithms for bottleneck problems are not a topic of this thesis.
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2 Preliminaries

We consider a directed or undirected graph G = (V,E) with weighted edges, where
V denotes the set of nodes and E the set of edges. Let n = |V | and m = |E|.

2.1 General Definitions

Definition 1 (Path). Let s, t ∈ V be two distinct nodes. A path p from s to t is a
sequence of edges p = ⟨e1, e2, . . . , eℓ⟩, where ℓ is the length of p, such that ei and ei+1

are adjacent for i = 1, 2, . . . , ℓ−1 and eℓ is incident to s and eℓ is incident to t. In a
directed graph we require that the edges of a path are oriented in the same direction.

Definition 2 (Spanning Tree). Given an undirected graph G = (V,E), a spanning
tree T = (V ′, E′) of G is a tree with V ′ = V and E′ ⊆ E. Given a directed graph
G = (V,E) and a root node r ∈ V we call T = (V ′, E′) a spanning tree of G if
V ′ = V , E′ ⊆ E and there is exactly one directed path from r to every other node
v ∈ V ′ \ {r}.

The definition for spanning tree in the directed case in Definition 2 we would normally
associate with a spanning r-arborescence. However the term spanning tree is used in
the literature both in the undirected and in the directed case.

Definition 3 (connected). We call an undirected graph G connected if for every pair
u, v ∈ V there is a path from u to v.

Definition 4 (weakly-connected). We call a directed graph G weakly-connected if
changing every directed edge in G to be undirected results in a connected graph.

Definition 5 (strongly-connected). We call a directed graph G strongly-connected if
for every pair u, v ∈ V there is a directed path from u to v and a directed path from
v to u.

A connected (weakly-connected, strongly-connected) component is defined to be a
maximal connected (weakly-connected, strongly-connected) subgraph G′ of G, mean-
ing that there is no node that could be added to G′ such that G′ is still connected
(weakly-connected, strongly-connected).

Edge contraction is an operation that joins two connected nodes u, v ∈ V by removing
the connecting edge (u, v) and nodes u and v from G and introducing a new node
w that represents the joined node. The result of this operation is a new graph
G′ = (V ′, E′) where V ′ = V \ {u, v} ∪ {w} and E′ consists of all edges in E that
are not adjacent to (u, v) and edges (r, w) or (w, r) if there is an edge in E that is
incident to node r ∈ V ′ \ {w} and nodes u or v.
Contracting a connected (weakly-connected, strongly-connected) component involves
contracting the edges that are connecting the nodes of the component in any sequence
until only one node w remains. If there are multiple edges that are incident to nodes
r ∈ V ′ \ {w} and w in G′ as a result, for our purposes we keep only one of those
edges by either choosing the edge with the largest or smallest edge weight.
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Figure 1: Examples of edge contraction

(a) Contracting a single edge

(b) Contracting a strongly-connected compo-
nent

2.2 Bottleneck Problems

We call problems that deal with finding structures that minimize the sum of edge
weights MinSum problems and problems that deal with finding structures that max-
imize the minimum edge weight MaxMin problems. Note that Bottleneck problems
as described in the introduction are identical to MaxMin problems. Analogously
to MaxMin we define MinMax problems to mean problems that deal with finding
structures that minimize the maximum edge weight.

The MaxMin problem is equivalent to the MinMax problem. Given an algorithm that
solves the MaxMin problem we can solve MinMax by negating the edge weights of the
graph and then running the algorithm for MaxMin. One could alternatively define
Bottleneck problems to mean MinMax problems. The algorithms we are looking at
use both of these definitions. Be aware that a Bottleneck problem can refer to the
MaxMin or the MinMax problem depending on which algorithm is being discussed.

As a first example we give a formal definition of the Bottleneck Path problem and
the Shortest Path problem to see how they differ from one another. It should become
clear how Bottleneck problems differ in general from MinSum problems such as SP
and MST.

In the Bottleneck Path problem we are given a directed or undirected graph G =
(V,E), a weight function on the edges of that graph w : E → R and a source and
target node s, t ∈ V . Let P = {p1, p2, . . . , pk} be the set of all paths between the
nodes s and t in G. Let E(pi) = {e1, e2, . . . , eℓi} be the set of edges associated with
path pi, where ℓi is the length of pi for all i = 1, 2, . . . , k. Our goal is to find a
path pi ∈ P , such that the minimum edge weight of pi is greater or equal to the
minimum edge weight of every other path p ∈ P \ {pi}. More formally we are trying
to maximize the objective function MinWeight : P → R, where MinWeight is
defined as MinWeight(p) = mine∈E(p)w(e). This means finding the input pi ∈ P
such that MinWeight(pi) ≥MinWeight(p) for every p ∈ P \ {pi}.
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One thing to note is that the answer to this problem can be given in the form of a
bottleneck path pb or in the form of the bottleneck weight b, where b is the result
of applying MinWeight to the bottleneck path pb. Given the bottleneck weight b
we can find a bottleneck path in time O(m) by deleting all edges e with w(e) < b
from G and using Depth First Search (DFS) or Breadth First Search (BFS) on the
resulting graph G′ to find a path between nodes s and t. Given a bottleneck path
pb the bottleneck weight b can be found by simply taking the minimum of all the
edge weights in pb. The algorithms discussed return the bottleneck weight b as their
output. An additional O(m) time cost does not effect the running time of any any
of our algorithms. We write b(s, t) to denote the bottleneck weight for all paths
going from some source node s to a target node t. For simplicity we assume that the
edges of a given graph have distinct weights. This restriction can be easily lifted.
If the edge weights are not distinct, we can arbitrarily number all the edges of the
graph with ℓ : E → {1, 2, . . . ,m} and use ℓ to break ties in w, where w is the weight
function w : E → R on the edges of the graph.

The Shortest Path problem is a very well-known graph optimization problem with
many theoretical and practical applications. It can be defined similarly to the Bot-
tleneck Path Problem. The difference lies in the objective function being optimized.
Again we are given a directed or undirected graph G = (V,E), a weight function
on the edges of that graph w : E → R and a source and target node s, t ∈ V . Let
P = {p1, p2, . . . , pk} be the set of all paths between the nodes s and t in G. Let
E(pi) = {e1, e2, . . . , eℓi} be the set of edges associated with path pi, where ℓi is the
length of pi for all i = 1, 2, . . . , k. Here our goal is to find a path pi ∈ P , such that the
sum of edge weights of pi is less or equal to the sum of edge weights of every other path
p ∈ P \{pi}. We are trying to minimize the objective function SumWeight : P → R,
where SumWeight is defined as SumWeight(p) =

∑
e∈E(p)w(e). This means finding

the input pi ∈ P such that SumWeight(pi) ≤ SumWeight(p) for every p ∈ P \{pi}.

The Bottleneck Spanning Tree problem and Single Source Bottleneck Path problem
are closely related to the Bottleneck Path problem. As with the Bottleneck Path
problem the Bottleneck Spanning Tree problem and Single Source Bottleneck Path
problem are defined on directed and undirected graphs. In the Bottleneck Spanning
Tree problem we are asked to find a spanning tree of a given graph G such that the
minimum edge weight of that spanning tree is maximum among all possible spanning
trees of G. In the directed version of this problem we are additionally given a root
node s and expected to find a directed spanning tree rooted at s as defined in
Definition 2. The formal definition given for the Bottleneck Path problem can be
easily adapted to the Bottleneck Spanning Tree problem. Instead of considering
the set of all paths between two nodes s and t we consider the set of all spanning
trees and define MinWeight(T ) = mine∈E(T )w(e) where E(T ) is the set of edges
associated with spanning tree T . As with the Bottleneck Path problem it suffices
to find the bottleneck weight b. Given b we can delete all edges with weight smaller
than b and choose a spanning tree T in the resulting graph G′. Any spanning tree
T in G′ is a bottleneck spanning tree of G. This can be done in linear time using
BFS or DFS. We write b(G) in the undirected case and b(G, s) in the directed case
to denote the bottleneck weight for all spanning trees of G, where s is a given root
node. Whereas in the Bottleneck Path problem we try to find the bottleneck weight
b(s, t) for a single target node t given a source node s in the Single Source Bottleneck
Path problem we try to find the bottleneck weight b(s, v) for all nodes v in G given
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a source node s.

An overview of the problem definitions and algorithms for each problem is given
here.

Problem 1: BP in undirected graphs
Input: Undirected graph G = (V,E), weight function w : E → R and source and
target nodes s, t ∈ V .
Output: Bottleneck weight b(s, t).

Problem 2: BST in undirected graphs
Input: Undirected graph G = (V,E) and weight function w : E → R.
Output: Bottleneck weight b(G).

Problem 3: SSBP in undirected graphs
Input: Undirected graph G = (V,E), weight function w : E → R and source node
s ∈ V .
Output: Bottleneck weight b(s, v) for all v ∈ V .

Problem 4: BP in directed graphs
Input: Directed graph G = (V,E), weight function w : E → R and source and
target nodes s, t ∈ V .
Output: Bottleneck weight b(s, t).

Problem 5: BST in directed graphs
Input: Directed graph G = (V,E), weight function w : E → R and root node
s ∈ V .
Output: Bottleneck weight b(G, s).

Problem 6: SSBP in directed graphs
Input: Directed graph G = (V,E), weight function w : E → R and source node
s ∈ V .
Output: Bottleneck weight b(s, v) for all v ∈ V .

Undirected Directed

BP O(m) by Algorithm 2
O(m+ n log n) by Algorithm 1

O(mβ(m,n)) by Algorithm 7
O(m log∗ n) by Algorithm 5
O(m log n) by Algorithm 3
O(m+ n log n) by Algorithm 1

BST O(m) by Algorithm 2
O(m+ n log n) by Algorithm 1

O(mβ(m,n)) by Algorithm 7
O(m log∗ n) by Algorithm 5
O(m log n) by Algorithm 3
O(m+ n log n) by Algorithm 1

SSBP O(m) randomized by solving MST
O(m+ n log n) by Algorithm 1

O(
√
nm log n log logn+m

√
log n) by Algorithm 10

O(m+ n log n) by Algorithm 1
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2.3 Observations

Considering the similarities between Bottleneck problems and MinSum problems it
may not be surprising that there exist some relationships between solutions for both
sets of problems.

Given an undirected graph G finding the minimum spanning tree T of G gives us
a solution to the BP, SSBP and BST problems. In undirected graphs a minimum
spanning tree is also a bottleneck spanning tree. This is true because of the cut
property of minimum spanning trees. A cut C is defined as a partition of the nodes
of a graph G = (V,E) into two subsets S and V \ S. The cut-set of a cut C is the
set {(u, v) ∈ E | u ∈ S, v ∈ V \ S} of edges that cross that cut. The cut property
says that given any cut C of G the edge with minimum weight in the cut-set of
C must be included in every minimum spanning tree of G. Let T be a minimum
spanning tree of graph G. Suppose that T is not a bottleneck spanning tree. T must
contain an edge e = (u, v) whose weight is larger than the bottleneck weight b(G)
of a bottleneck spanning tree of G. If we remove e = (u, v) from T , we get a graph
that consists of two connected components such that u and v belong to different
components. Let V1 be the component that contains u and V2 be the component
that contains v. Now consider the cut C consisting of V1 and V2. Because T is a
minimum spanning tree it must contain the edge with minimum weight in the cut-set
of C. Therefore e must be the edge with minimum weight in the cut-set. However
since the bottleneck spanning tree must include an edge f that crosses C as well and
w(f) ≤ b(G) < w(e) it follows that e cannot be the edge with minimum weight in
the cut-set.

Although every minimum spanning tree is a bottleneck spanning tree the reverse is
not true. There can be two or more bottleneck spanning trees whose sum of edge
weights differ from one another. In Figure 2a we see that the spanning tree outlined
in red is a MST and BST. The spanning tree of the same graph outlined in Figure 2b
is a BST but not a MST. For a spanning tree to be a bottleneck spanning tree we
only require that the weights of its edges are less than or equal to b(G). For our
example in Figure 2 we have b(G) = 8.

Figure 2: Example showing that a BST must not be a MST

(a) MST and BST (b) BST

Given an undirected graph G = (V,E) for any nodes s, t ∈ V a bottleneck path
between s and t can be found in a minimum spanning tree T of G. This again
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follows from the cut property of minimum spanning trees. Suppose that there is
some edge e = (u, v) along the path from s to t in T for which w(e) > b(s, t). Let V1

and V2 be the connected components after removing e from T . We expect e to be the
edge with minimum weight that crosses the cut C consisting of V1 and V2. However
since a bottleneck path between s and t has to contain an edge f that crosses C as
well and w(f) ≤ b(s, t) < w(e) it follows that e cannot be the edge with minimum
weight in the cut-set of C.

We see that in undirected graphs by solving the MST problem we obtain a solution
to the SSBP, BP and BST problems. The current best time bound for solving MST
include expected O(m) given by a randomized algorithm by Karget et al. [11]. There
exists a deterministic O(mα(m,n)) time algorithm for solving MST due to Chazelle
[2] but no deterministic linear time algorithm for MST is known.

Note that the cut property does not hold for minimum spanning trees in directed
graphs. In the directed case a solution to the MST problem does not give us a
solution to the SSBP, BP or BST problems.

Given a directed or undirected graph G = (V,E) and a source node s ∈ V the
bottleneck paths found by an algorithm for SSBP form a bottleneck spanning tree.
Looking at the directed case we must have b(s, v) ≤ b(G, s) for all v ∈ V . This is
easily shown. Suppose that there is some node t ∈ V such that b(s, t) > b(G, s).
Let T be a bottleneck spanning tree of G rooted at s. Consider the path between
s and t in T . Let f be the edge with maximum weight along that path. Since
w(f) ≤ b(G, s) < b(s, t) it follows that b(s, t) cannot be the bottleneck weight. The
paths between a source node s and every other node v ∈ V contained in a bottleneck
spanning tree T however must not be bottleneck paths. We only require that the
edge f with maximum weight along a path between s and v in T has w(f) ≤ b(G, s).
It is possible however that b(s, v) < w(f) ≤ b(G, s), which would mean that the path
between s and v in T is not a bottleneck path. The argument is analogous in the
undirected case.

The BST problem is shown to be equivalent to the BP problem under polynomial-
time randomized reductions by Chechik et al. [3]. If there is a O(f(m,n)) time
algorithm for the BST problem, there is a O(f(m,n)) time algorithm for the BP
problem and vice versa. The algorithms for solving BP or BST discussed here can
be easily modified to solve either problem.

Lastly we want to introduce a basic threshold method for solving BST and BP in
directed or undirected graphs that is described by Edmonds and Fulkerson in [6]. It
is the basis for many of the algorithms that we are looking at. The BST and BP
problems have two interesting properties that algorithms solving these problems can
take advantage of. One property is that we know beforehand about the set of possible
solutions to our problem. We know that the solution is the weight of one of the edges
e ∈ E of our graph. The other property is that we can easily discard solutions to our
problem. If we wanted to know for example, given a graph G = (V,E) and source
and target nodes s, t ∈ V , if the weight w(e) of some edge e ∈ E is the bottleneck
weight b(s, t), we could delete all edges with weight larger than w(e) and check if
there is a path between s and t in the resulting graph G′. If there is no such path, we
know that the bottleneck weight has to be larger than w(e) and could discard w(e)
as a solution. If there is a path between s and t, we know that the bottleneck weight
has to be smaller than or equal to w(e). We say that w(e) is a feasible solution.
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The edge weight w(e) could be the solution but we do not know for certain since
there could be an edge f ∈ E with w(f) < w(e) such that w(f) is a feasible solution
as well. The bottleneck weight we are looking for is the smallest edge weight that
satisfies our feasibility test. For the BST problem the steps above are the same
except we would check if every node in G′ could be reached starting from a given
root node s or in the undirected case check that G′ is connected.
The threshold method consists of going through every edge ei ∈ E, i = 1, 2, . . . ,m
in ascending order of weight and checking for each edge ei if w(ei) is a feasible
solution to our problem. As soon as a feasible solution is found we stop. Let eu
be the final edge looked at. The bottleneck weight has to be w(eu). We know for
certain that there is not an edge f ∈ E with w(f) < w(eu) such that w(f) is the
bottleneck weight since we already checked every possible edge with weight smaller
than w(eu). To introduce some terminology we say that the edge weights looked at
in each iteration are thresholds where a threshold is denoted by λ. In this method we
follow a simple pattern for picking thresholds. In each iteration we choose λ = w(e)
where e is the edge with the smallest weight in E not already looked at. Note that
this method requires sorting the edges of our graph by weight, which is an O(m log n)
time operation. Checking a solution involves deleting edges from our graph and then
using BFS or DFS to search the resulting graph which has a runtime cost of O(m).
Since this is done for each edge in our graph our total runtime is O(m2). We see
Algorithm 2 and Algorithm 3 using a more sophisticated version of this method
where thresholds are picked following a binary search pattern. Here we avoid sorting
the edges of our graph and reduce the number of iterations to O(log n).
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3 Dijkstra’s algorithm for SSBP

Dijkstra’s algorithm for Single-Source Shortest Path (SSSP) [4] can be modified to
solve the SSBP problem in directed or undirected graphs. The runtime complexity
of the modified algorithm is O(m+n log n), the same as for SSSP. We know that the
bottleneck paths found by an algorithm for SSBP form a bottleneck spanning tree.
A solution to SSBP clearly gives us a solution to BP. Therefore Dijkstra’s algorithm
for SSBP also solves the BST and BP problems in both the directed and undirected
case.

The algorithm is shown here. It is almost identical to Dijkstra’s algorithm for SSSP.
Each node v ∈ V is in one of three states: unsearched, active, or scanned. We
maintain the invariant that for each node v ∈ V the label d(v) is equal to the
bottleneck weight b(s, v) for all paths between s an v that only visit scanned nodes
or v.

Algorithm 1 Modified Dijkstra’s Algorithm for SSBP
Input: Directed or undirected graph G = (V,E), weight function w : E → R and

source node s ∈ V .
Output: Bottleneck weight b(s, v) for all v ∈ V .
1: Mark all nodes as unsearched.
2: Label d(s)← −∞ and d(v)←∞ for all v ̸= s.
3: Mark s as active.
4: repeat
5: Extract an active node u with minimum label d(u) and mark u as scanned.
6: for all (u, v) ∈ E do
7: Update d(v)← min{d(v),max{d(u), w(u, v)}}.
8: Mark v as active if v is unsearched.
9: until all nodes are scanned

The labels d(v) for v ∈ V after the algorithm has terminated are the bottleneck
weights b(s, v) we are looking for.

The main difference between the modified algorithm for SSBP and the original al-
gorithm for SSSP lies in how we update the label d(v) for a node v in line 7. In the
original Dijkstra algorithm for SSSP we compare the existing label d(v) with the sum
d(u)+w(u, v) and update d(v) with the minimum d(v) = min{d(v), d(u)+w(u, v)}.

We achieve O(m+ n log n) by using a Fibonacci Heap to keep track of the order of
labels for active nodes. Each edge is looked at at most once in lines 6-8. In case
d(v) is updated with a new value for an active node v in line 7 we use a decrease-key
operation which runs in amortized constant time. The total time spent on decrease-
key operations is O(m). In line 5 we use a delete-min operation which runs in
time O(log n) and in line 8 we use an insert operation which runs in constant time.
Each operation is performed at most once on each node. The total time spent on
delete-min and insert operations is O(n log n).

If the edges of the graph are given to us in order of their weight, we can use Bucket
Queue as an implementation for the Priority Queue instead. We use the rank of
edges e ∈ E 1, 2, . . . ,m as the indices of our buckets. A bucket Bi, 1 ≤ i ≤ m,
stores the nodes v for which d(v) = w(e) such that the rank of e is i. The delete-min
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operation for extracting a node v with minimal label d(v) in line 5 takes constant time
because the buckets from which the nodes are extracted are looked at in monotonic
order allowing us to use a pointer to keep track of the bucket looked at in the last
delete-min operation. Thus we get a running time of O(m).

We could modify the algorithm to specifically solve BP by terminating in line 5 as
soon as our target node is scanned. To solve BST we could take the maximum of all
labels maxv∈V d(v) after termination.
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4 Linear Time Algorithm for BST and BP in Undirected
Graphs

For undirected graphs BST and BP can be solved in O(m) time.

In this algorithm we use edge contraction on connected components. If there are
multiple edges incident to the joined node w and incident to some other node r of
the graph as result of this operation, we keep the edge with the smallest weight.

The algorithm is shown here. We are using a more efficient version of the threshold
method described in Section 2.3. Instead of picking thresholds incrementally we
pick thresholds following a binary search pattern. In each iteration we choose the
threshold λ to be the median edge weight of all edges in E and check if there is a
path between s and t using only light edges e ∈ E with w(e) ≤ λ. If there is such a
path, we know that the bottleneck weight has to be the weight of some light edge.
If there is no such path, we know that the bottleneck weight has to be the weight of
some heavy edge e ∈ E with w(e) > λ. In either case we are able to cut the problem
size in half by either removing all light edges or all heavy edges from our graph. This
process is repeated until there is only one edge remaining in our graph.

Algorithm 2 BP Algorithm for Undirected Graphs
Input: Undirected graph G = (V,E), weight function w : E → R and source and

target nodes s, t ∈ V .
Output: Bottleneck weight b(s, t).
1: while |E| > 1 do
2: Let λ be the median edge weight among all edges in E.
3: Delete all edges e with w(e) > λ. Let G′ be the resulting graph.
4: if there is a path from s to t in G′ then
5: G← G′

6: else
7: Let V1, . . . , Vq be the connected components of G′.
8: Contract V1, . . . , Vq in G.

The weight of the last remaining edge is the bottleneck weight b(s, t).

Finding the median of a set of numbers can be done in linear time [12]. Checking
if there is a path between s and t in line 4 can be done using BFS or DFS in linear
time. All other operations of our algorithm are bounded by O(|E|). In each iteration
we eliminate half of the edges present in the graph. We either delete all heavy edges
(> λ) in line 3 or contract all light edges (≤ λ) in line 8. There are O(log n) iterations.
The runtime complexity is

∑logm
i=1 O(m/2i−1) = O(m) + O(m/2) + O(m/4) + · · · =

O(m)

To solve BST we can modify the above algorithm slightly. In line 4 instead of checking
if there is a path from nodes s to t in G′ we check whether or not the resulting graph
G′ is connected. The total running time remains the same.

The algorithm can be adapted to handle directed graphs as well. However we would
not get the same runtime guarantees. In a directed graph to guarantee correctness we
must only shrink strongly-connected components in lines 7-8. It must not be the case
however that all light edges are part of a strongly-connected component. Contract-
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ing the strongly-connected components in lines 7-8 therefore would not necessarily
eliminate half of the edges in the graph.
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5 Binary Search Algorithm for BST and BP in Directed
Graphs

We show an algorithm for solving BST and BP in directed graphs that runs in
O(m log n) time.

This algorithm is very similar to Algorithm 2 described in Section 4. We use a version
of the threshold method (see Section 2.3) where thresholds are chosen according to
a binary search pattern. Instead of picking thresholds from the set of edges E of
our graph however we maintain a search set F of edges from which thresholds are
chosen. The search set F is known to contain the bottleneck edge in each iteration.
The reason this is necessary is because in contrast to Algorithm 2 we are not able to
eliminate those edges from our graph that we have discarded as potential bottleneck
edges. In Algorithm 2 we could reduce the size of the set of edges E in each iteration
such that E always contains the bottleneck edge by making use of edge contraction.

In each iteration we let λ be the median edge weight of all edges in F and check
if there is a path between s and t using only light edges e ∈ E with w(e) ≤ λ. If
there is such a path, we know that the bottleneck weight has to be the weight of
one of the edges e ∈ F with w(e) ≤ λ. If there is no such path, we know that the
bottleneck weight has to be the weight of one of the edges e ∈ F with w(e) > λ. We
are able to cut the size of F in half by removing all edges e that have either w(e) ≤ λ
or w(e) > λ. This process is repeated until there is only one edge remaining in F .
Initially F is set to be equal to E.

Algorithm 3 BP Algorithm for Directed Graphs
Input: Directed graph G = (V,E), weight function w : E → R and source and

target nodes s, t ∈ V .
Output: Bottleneck weight b(s, t).
1: F ← E
2: while |F | > 1 do
3: Let λ be the median edge weight among all edges in F .
4: Delete all edges e with w(e) > λ. Let G′ be the resulting graph.
5: if there is a path from s to t in G′ then
6: F ← {e ∈ F | w(e) ≤ λ}.
7: else
8: F ← {e ∈ F | w(e) > λ}.

The weight of the remaining edge in F is the bottleneck weight b(s, t). All operations
in lines 3-8 are bounded by O(m). There are O(log n) iterations. The algorithm has
a total running time of O(m log n).

Again the above algorithm can be modified to solve BST by replacing line 5 to
instead check whether or not every node in G′ can be reached starting from a given
root node s.
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6 Algorithm by Gabow and Tarjan for BST and BP in
Directed Graphs

Algorithm 3 is the basis for an improved algorithm by Gabow and Tarjan [9] for
solving BST and BP in directed graphs that runs in time O(m log∗ n). The function
log∗ n is the iterated logarithm function which is defined as log∗ n = min{k ≥ 1 |
log(k) n ≤ 1}, where log(1) n = log n and log(k) n = log log(k−1) n, for k > 1. It is
interesting to note that log∗ n is an extremely slow growing function. For log∗ n to
be bigger than 5 we would need to have n > 265536.

The same approach as to the one of Algorithm 3 is used here. We are trying to
successively narrow down the set of edges within which the bottleneck edge can be
found. In Algorithm 3 we narrow down the set of potential bottleneck edges F
by half in each iteration. We choose a threshold λ which we use to partition our
search set F into two subsets F = E1 ∪ E2 where E1 = {e ∈ F | w(e) ≤ λ} and
E2 = {e ∈ F | w(e) > λ} and reassign F to be either E1 or E2. In the algorithm
by Gabow and Tarjan we are trying to speed up the process of narrowing down the
set of potential bottleneck edges by partitioning our search set F into k ≥ 2 subsets
F = E1 ∪ E2 ∪ · · · ∪ Ek instead of two. We do this by picking k − 1 thresholds
λ1, . . . , λk−1 that are found by repeatedly calculating median values in F .

In the algorithm by Gabow and Tarjan we consider the BST problem.

6.1 Incremental Search

To find out which of the k subsets contains the bottleneck edge an incremental search
algorithm is used, which runs in O(m) time. The pseudocode is shown here. Each
node v ∈ V is one of three states: labeled, unlabeled or scanned.
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Algorithm 4 Incremental Search Algorithm
Input: Directed graph G = (V,E), weight function w : E → R, source node

s ∈ V and k + 1 sets of edges E0, E1, . . . , Ek where if e ∈ Ei and f ∈ Ei+1

then w(e) < w(f) for i = 0, 1, . . . , k − 1. (F = E1 ∪ E2 ∪ · · · ∪ Ek contains
the bottleneck edge and E0 ⊆ E contains edges whose weights are known to be
below the bottleneck weight)

Output: ℓ such that Eℓ contains the bottleneck edge, 1 ≤ ℓ ≤ k.
1: A(v)← {w | (v, w) ∈ E0} for every v ∈ V .
2: ℓ← 0.
3: Mark s as labeled and v as unlabeled for every v ∈ V \ {s}.
4: while there are labeled nodes do
5: Let v be a labeled node.
6: Mark v as scanned.
7: for all w ∈ A(v) do
8: If w is unlabeled mark w as labeled.
9: if every node is scanned then

10: Terminate.
11: ℓ← ℓ+ 1.
12: for all (v, w) ∈ Eℓ do
13: if v is unlabeled then
14: A(v)← A(v) ∪ {w}.
15: else
16: If w is unlabeled mark w as labeled.
17: go to 4

We start with ℓ = 0. In each iteration we check if all nodes in G can be reached
using only edges in

⋃ℓ
i=1Ei. If not, we continue with ℓ← ℓ+1, where edges in Eℓ+1

are now considered in the search.

If the edges of the graph have small integer weights or are given in order of their
weight, we can use the incremental search algorithm to solve BST in linear time.
Instead of iterating over sets of edges Eℓ for ℓ = 0, 1, 2 . . . , k we iterate over the
the edges eℓ ∈ E for ℓ = 0, 1, 2, . . . ,m sorted by weight, w(ei) ≤ w(ei+1) for i =
0, 1, 2, . . . ,m − 1. We can use Bucket Sort to sort the edges in time O(m) if we
are given edges with small integer weights. In each new iteration i the edge ei gets
included in the search. After termination we get eℓ as our bottleneck edge.

6.2 Main Algorithm

The k subsets are found by repeated median finding. We let λ be the median edge
weight among all edges in F and split F into two subsets Fℓ = {e ∈ F | w(e) ≤ λ}
and Fr = {e ∈ F | w(e) > λ}. We then repeat that step recursively on Fℓ and
Fr. We stop when there are k subsets. We have log k levels of recursion. Since the
median finding algorithm runs in linear time splitting a set of edges into k subsets
takes O(|F | log k) time in total. Note that the sizes of the k subsets are roughly
equal |Ei| = ⌊|F |/k⌋ or ⌈|F |/k⌉ for i = 1, 2, . . . , k.

The main algorithm is shown here.
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Algorithm 5 BST Algorithm by Gabow and Tarjan
Input: Directed graph G = (V,E), weight function w : E → R and root node

s ∈ V .
Output: Bottleneck weight b(G, s).
1: E0 ← ∅.
2: F ← E.
3: while |F | > 1 do
4: Partition F into k subsets E1, E2, . . . , Ek using repeated median finding.
5: Use incremental search to find i such that Ei contains the bottleneck

edge.
6: E0 ← E0 ∪ E1 ∪ · · · ∪ Ei−1.
7: F ← Ei.

The weight of the remaining edge in F is the bottleneck weight b(G, s).

We get our running time of O(m log∗ n) by setting k appropriately in each iteration.
In the i-th iteration, where i > 1, we set ki = 2ki−1 . Initially we set k1 = 2.

Let F (i) be F in the i-th iteration. Then |F (i)| ≤ |F (i−1)|/ki−1 = O(m/ki−1).
Thus the running time of partitioning F (i) into k subsets in line 4 is bounded by
O(m/ki−1 · log ki) = O(m/ki−1 · ki−1) = O(m). The running time per iteration is
O(m). In each iteration we increment the number of times that we exponentiate 2
for setting k. After at most O(log∗ n) iterations we have |F |/k ≤ 1. Thus we get a
total running time of O(m log∗ n).

To solve BP we can modify incremental search to terminate when the target
node t is marked as labeled.
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7 Algorithm by Chechik et al. for BST and BP in Di-
rected Graphs

The algorithms discussed in this section and Section 8 are able to improve on the
running time of the algorithms looked at in previous sections through use of ran-
domization. We show an algorithm by Chechik et al. [3] for solving BST and BP
in directed graphs. A similar approach of narrowing down the interval in which the
bottleneck weight can be found is used here. The idea for improvement is to ran-
domly sample edges and use their weights as a way of partitioning the set of potential
bottleneck edges instead of using the repeated median finding approach of Gabow
and Tarjan in Section 6. Chechik et al. in [3] and Duan et al. in [5] (discussed in
Section 8) show that randomly sampling edge weights is likely to partition a set of
edges evenly in their case meaning that no subset of the partition is significantly
larger than another one. Based on that analysis they are able to derive an improved
runtime complexity for their algorithms.

The algorithm by Chechik et al. further refines Algorithm 5 by Gabow and Tarjan
achieving an expected running time of O(mβ(m,n)) which is a little bit better than
O(m log∗ n). β(m,n) is defined as β(m,n) = min{k ≥ 1 | log(k) n ≤ m/n}. We
have β(m,n) ≤ log∗ n − log∗(m/n) + 1. Since log∗ n is already an extremely slow
growing function this improved bound is of no practical importance. It is interesting
to observe however that we come even closer to an O(m) running time. In particular
if m ≥ n log(k) n for some constant k we have β(m,n) ≤ k and get a total expected
running time of O(m).

In Algorithm 5 we initially partitioned the set of edges F = E of the graph into
k subsets E1, E2, . . . , Ek such that all edges in Ei have weights smaller than all
edges in Ei+1 for i = 1, 2, . . . , k − 1 and the subsets are roughly of equal size.
Because of that we could make guarantees about the number of iterations needed
until the size of our search set F is reduced to one at which point our algorithm
terminates. A slightly different approach is used here. We take a random sample
of size k from the set of edges E in the graph. Let λ1, λ2, . . . , λk be k thresholds,
set to the weights of the k sampled edges in sorted order. Let λ0 = −∞ and
λk+1 = ∞. The thresholds naturally partition E into E = E0 ∪ E1 ∪ · · · ∪ Ek,
where Ei = {e ∈ E | λi ≤ w(e) < λi+1}. In Algorithm 5 the time needed for
partitioning E and finding the subset Ei such that Ei contains the bottleneck edge is
O(m log k). Chechik et al. show an algorithm for finding i such that the bottleneck
weight b(G, s) is located within [λi, λi+1) without explicitly computing the partition
E =

⋃k
i=0Ei that runs in O(m + nk) or even O(m + n log k) time. Computing

F = Ei = {e ∈ E | λi ≤ w(e) < λi+1} and E0 = {e ∈ E | w(e) < λi} takes O(m)
additional time.

7.1 Locate

The algorithm for finding i such that λi ≤ b(G, s) < λi+1 is shown next. The
algorithm goes through k + 1 phases i = 0, 1, 2, . . . , k. In each phase all nodes v for
which there is a path from source node s to v in G all whose weights are smaller
than λi+1 are identified. If by the i-th phase all vertices v ∈ V have been identified,
we output i. We maintain a label d(v) that keeps track of the smallest edge weight
found so far such that there is a path from s to v using only edges e with w(e) ≤ d(v).
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Algorithm 6 Locate Algorithm
Input: Directed graph G = (V,E), weight function w : E → R, source node s ∈ V

and k thresholds λ1, λ2, . . . , λk in sorted order.
Output: i such that λi ≤ b(G, s) < λi+1.
1: λ0 ← −∞, λk+1 ←∞.
2: d(s)← −∞ and d(v)←∞ for all v ̸= s.
3: A← ∅, B ← V .
4: for i in 0, 1, 2, . . . , k do
5: for all v ∈ B do
6: if d(v) < λi+1 then
7: Move v from B to A.
8: while |A| > 0 do
9: Extract a node v from A.

10: for all (u, v) ∈ E do
11: w̄ ← max{d(u), w(u, v)}.
12: if w̄ < d(v) then
13: d(v)← w̄.
14: if d(v) < λi+1 and v ∈ B then
15: Move v from B to A.
16: if |B| = 0 then
17: return i

Each node is looked at at most k times in lines 5-7 and each edge is looked at at
most once in lines 9-15. The overall time complexity is O(m+ nk).

7.2 Main Algorithm

The algorithm by Chechik et al. extends Algorithm 5 by Gabow and Tarjan. The
locate algorithm is used to initially narrow down the search set F . After that
Algorithm 5 is run until the the size of F is further reduced to O(m/ log n) at which
point sorting F and finding the bottleneck weight b(G, s) can be done in O(m) time
using the incremental search algorithm from Section 6 (Algorithm 4).

Algorithm 7 BST Algorithm by Chechik et al.
Input: Directed graph G = (V,E), weight function w : E → R and root node

s ∈ V .
Output: Bottleneck weight b(G, s).
1: Sample k edges e1, e2, . . . , ek from E uniformly randomly.
2: Sort the k edges by weight so that w(ei) < w(ei+1) for i = 1, 2, . . . , k − 1.
3: Set λ0 ← −∞, λk+1 ←∞ and λi ← w(ei) for i = 1, 2, . . . , k.
4: Use locate to find i such that λi ≤ b(G, s) < λi+1.
5: Compute F = Ei = {e ∈ E | λi ≤ w(e) < λi+1} and E0 = {e ∈ E | w(e) < λi}.
6: Run Algorithm 5 with F and E0 until |F | = O(m/ log n).
7: Sort F and use Algorithm 4 to find the bottleneck weight b(G, s).

Initially we choose k = log(r) n, r ≥ 1. Chechik et al. show that the expected size
of any one subset Ei obtained by partitioning the set of edges E using k uniformly
randomly sampled edge weights is E[|Ei|] ≤ 2m/k. Using Markov’s Inequality we
can say that the probability of |Ei| ≥ 4m/k is going to be at most 1/2. Therefore
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the expected size of F in line 5 is |F | = O(m/k) = O(m/ log(r) n). In line 6 we set
k = log(r−1) n and run one iteration of Algorithm 5. The running time is O(m +
|F | log k) = O(m+|F | log(r) n) = O(m). The size of F is reduced to O(m/ log(r−1) n).
Repeating this step with k = log(r−2) n will reduce the size of F to O(m/ log(r−2) n).
Thus running r iterations in total will give us |F | = O(m/ log n). Line 4 takes
O(m + n log(r) n) time. In line 6 repeating Algorithm 5 r times takes O(rm) time
and line 7 can be done in O(m) time. We have a total expected running time of
O(rm+n log(r) n). Setting r = β(m,n) we get O(mβ(m,n)+nm/n) = O(mβ(m,n)).

The BP problem can be solved by slight modification of the locate algorithm. We
stop as soon as d(t) < λi+1 is found where t is our target node. Additionally the
modified version of Algorithm 5 for solving BP is used.
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8 Algorithm by Duan et al. for SSBP in Directed Graphs

Lastly we take a closer look at the Single Source Bottleneck Path problem and the
algorithm by Duan et al. [5] which gives an improved running time of randomized
O(
√
nm log n log log n+m

√
log n) compared to Dijkstra’s algorithm for solving SSBP

in directed graphs that is discussed in Section 3.

The algorithm by Duan et al. [5] continues the approach of the algorithms discussed
in the previous sections of progressively narrowing down the interval within which
the bottleneck weight can be found. In contrast to the previous algorithms we are
concerned with finding more than one bottleneck weight at the same time. Duan
et al. propose a Divide-and-Conquer method in which each subproblem represents
a subgraph consisting of nodes v whose bottleneck weight b(s, v) can be found in a
certain interval. This is explained in more detail later. As with the algorithm by
Chechik et al. in Section 7 we rely on uniformly randomly sampling edge weights to
provide the intervals that are used to narrow down the search space. The weights of
k sampled edges are used to form k thresholds. The assumption is that randomly
picking edge weights partitions a set of edges evenly with high likelihood. This allows
us to make guarantees about the runtime of the algorithm.

8.1 Arbitrary-Source Bottleneck Path ASBPIC

The algorithm by Duan et al. first reduces the Single Source Bottleneck Path problem
to an instance of an equivalent problem called Arbitrary-Source Bottleneck Path with
Initial Capacity (ASBPIC). In ASBPIC an initial capacity function, defined on the
nodes of the graph, h : V → R ∪ {±∞} is introduced as part of the problem input
and the source node s that is part of SSBP is dropped. In SSBP the bottleneck path
for a target node t given a source node s is defined to be the path p = ⟨e1, e2, . . . , eℓ⟩
going from s to t such that the minimum edge weight min{w(e) | e ∈ E(p)} is
maximum. In ASBPIC for a path p starting form an arbitrary source node v we call
the minimum of all edge weights in p and the initial capacity h(v) of source node
v min{{w(e) | e ∈ E(p)} ∪ h(v)} the capacity of path p. The bottleneck path for
a target node t is redefined to be the path starting from an arbitrary source node
v and ending in t such that the capacity of that path is maximum. We use d(t)
to denote the capacity of a bottleneck path for a node t. The ASBPIC problem is
given a graph G = (V,E), weight function w : E → R ∪ {±∞} and initial capacity
function h : V → R ∪ {±∞} output d(v) for all v ∈ V .

The reduction from SSBP to ASBPIC is simple. Given an SSBP instance (G,w, s)
we assign h(s) = max{w(e) | e ∈ E} and h(v) = −∞ for all v ∈ V \ {s}. After
solving ASBPIC we get d(v) = b(s, v) for all v ∈ V .

We can use a variant of Dijkstra’s algorithm to solve ASBPIC. This differs only
slightly from Dijkstra’s algorithm for SSBP in Section 3. Initially all nodes v ∈ V
are marked as active and their labels get initialized to d′(v) ← h(v). We use d′(v)
to denote the label for a node v in Dijkstra’s algorithm to distinguish it from the
bottleneck capacity d(v).
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Algorithm 8 Modified Dijkstra’s Algorithm for ASBPIC
Input: Graph G = (V,E), weight function w : E → R∪{±∞} and initial capacity

function h : V → R ∪ {±∞}.
Output: Capacity d′(v) for all v ∈ V .
1: Mark all nodes as active.
2: Label d′(v)← h(v) for all v ∈ V .
3: repeat
4: Extract an active node u with maximum label d′(u) and mark u as scanned.
5: for all (u, v) ∈ E do
6: Update d′(v)← max{d′(v),min{d′(u), w(u, v)}}.
7: Mark v as active if v is unsearched.
8: until all nodes are scanned

After termination we have d(v) = d′(v) for all v ∈ V .

8.2 Overview of the Main Algorithm

We walk through the basic steps of the algorithm by Duan et al. It is a recursive
Divide-and-Conquer algorithm. Let us start at the point at which the algorithm is
first called. The input we receive is the ASBPIC instance we get as a result of the
reduction from SSBP to ASBPIC (see Section 8.1).

We are given a directed graph G = (V,E), weight function w : E → R∪{±∞} and an
initial capacity function h : V → R∪{±∞}. We define E(r) = {e ∈ E | w(e) < +∞}
and a parameter k ≥ 1. Initially we have E(r) = E. We sample ℓ = min{k, |E(r)|}
edges e1, e2, . . . , eℓ, w(ei) < w(ei + 1) for i = 1, 2, . . . , ℓ− 1, from E(r) and use their
weights to form ℓ thresholds λi = w(ei). Additionally we let λ0 = −∞ and λℓ+1 =∞.
The thresholds form ℓ+1 intervals [λ0, λ1), [λ1, λ2), . . . , [λℓ, λℓ+1). It is important for
us to know in which interval [λi, λi+1) some number x ∈ R is located. Let us define
a function I : R→ {0, 1, . . . , ℓ} such that if I(x) = i we have λi ≤ x < λi+1. We say
that I(x) is the index of x ∈ R. We now compute for every v ∈ V in which interval
the bottleneck capacity d(v) is located. Based on the result we partition V into ℓ+1
levels V = V0 ∪ V1 ∪ · · · ∪ Vℓ where Vi = {v ∈ V | I(d(v)) = i}. We construct a new
ASBPIC instance (Gi = (Vi, Ei), wi, hi) that consists of nodes in Vi and some of the
edges that connect those nodes for i = 0, 1, . . . , ℓ and solve each instance recursively.
The critical part of the algorithm is finding out for a node v the interval [λi, λi+1)
that d(v) belongs to. This can be done by using Dijkstra’s algorithm for ASBPIC.
For every node v and every edge e in the graph we map h(v) to I(h(v)) and w(e) to
I(w(e)) and use Dijkstra’s algorithm to compute d′(v). We then have d′(v) = I(d(v))
for every v ∈ V where I(d(v)) is the interval we are looking for and can continue
with partitioning V into ℓ+ 1 levels.

When constructing a new ASBPIC instance (Gi = (Vi, Ei), wi, hi) we reduce the size
of E to only contain edges that are needed for computing d(v) for nodes v ∈ Vi.
Additionally we reassign initial capacities and edge weights. For some of the edges
e ∈ Ei we let wi(e) = +∞. We call edges e that have w(e) = +∞ unrestricted.
Conversely we call edges e that have w(e) < +∞ restricted. We use E(r) to denote
the set of all restricted edges in our graph. When we have |E(r)| ≤ 1 in some call
of our algorithm we can directly solve d(v) for all nodes v present in the graph and
return. This represents the base case of our recursive algorithm. Additionally if the
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graph G we receive as input to our algorithm is not weakly-connected we make a
recursive call for each weakly-connected component. By doing this we can be sure
that our main algorithm operates on a weakly-connected graph. We use this fact
when we discuss the runtime of our algorithm in the later subsections.

8.3 Constructing a New ASBPIC Instance

Each new ASBPIC instance (Gi, wi, hi) has to be constructed in such a way that the
capacity di(v) for node v ∈ Vi in the subgraph equals d(v) in the original graph. We
explain how a new ASBPIC instance is created. This can be done in linear time by
scanning all nodes and edges in the graph. The following terminology is used:

• An edge (u, v) is called cross-level when nodes u and v belong to different levels
I(d(u)) ̸= I(d(v))

• An edge (u, v) is called below-level when nodes u and v belong to the same
level Vi and the weight of (u, v) falls below the i-th interval I(w(u, v)) < i =
I(d(u)) = I(d(v))

• An edge (u, v) is called above-level when nodes u and v belong to the same
level Vi and the weight of (u, v) falls above the i-th interval I(w(u, v)) > i =
I(d(u)) = I(d(v))

We give a small illustration in Figure 3.

Figure 3: Illustration of below-level, above-level and cross-level edges

During our construction of a new ASBPIC instance (Gi, wi, hi) for a particular i
we are only concerned with edges (u, v) for which at least one of u or v belongs to
level i. Therefore by cross-level edges we mean edges (u, v) for which one of u or
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v belongs to level i and the other belongs to a different level. By below-level and
above-level edges we mean edges (u, v) for which both u and v belong to level i but
I(w(u, v)) < i or I(w(u, v)) > i.

All nodes belonging to a level smaller than i can be dropped since a bottleneck path
ending in a node v ∈ Vi cannot traverse them. Since an edge (u, v) incident to nodes
u ∈ Vi+1∪Vi+2∪· · ·∪Vℓ and v ∈ Vi could have a weight w(u, v) = d(v) that determines
the capacity of a bottleneck path ending in v we let hi(v) = max{{h(v)}∪{w(u, v) |
u ∈ Vi+1 ∪ Vi+2 ∪ · · · ∪ Vℓ}} for every node v ∈ Vi in our new ASBPIC instance.
We effectively save potential bottleneck capacities using the initial capacity h(·). By
doing this we can now drop all nodes belonging to a level larger than i and all cross-
level edges. All below-level edges can be dropped since a bottleneck path ending
in v ∈ Vi cannot traverse them. Although above-level edges could be traversed by
bottleneck paths ending in v ∈ Vi their weights do not determine the capacity d(v)
of a bottleneck path. We keep above-level edges e but let wi(e) = +∞.

8.4 Algorithm for the Graph with at Most One Restricted Edge

Let us look at the algorithm for calculating d(v) for all v ∈ V if |E(r)| ≤ 1. If there
are no restricted edges |E(r)| = 0, the bottleneck capacity d(v) for a node v ∈ V
is determined only by the maximum initial capacity h(s) of possible source nodes s
from which v can be reached. If nodes u and v belong to the same strongly-connected
component, we have d(u) = d(v). We can therefore simplify our calculation in the
following way. We use Tarjan’s algorithm [13] to determine all strongly-connected
components and contract them to a single node each in linear time. For each new
node w we set h(w) to be the maximum h(u) for all nodes u in the component. The
resulting graph G′ = (V ′, E′) is acyclic. We use Dijkstra’s algorithm to compute
d′(w) for all w ∈ V ′. Because G′ is a DAG this can be done in linear time by
considering nodes in topological order. After running Dijsktra’s algorithm we set
d(v) = d′(w) for all v ∈ V where w is the node that results from contracting the
strongly-connected component in G that v belongs to. If there is one restricted edge
|E(r)| = 1, we let e0 = (u0, v0) be the only restricted edge. We remove e0 and use
the algorithm for |E(r)| = 0 above to get d(v) for all v ∈ V . Now all nodes v that
cannot be reached from v0 have the right d(v). For nodes v that can be reached from
v0 we set d(v) = max{d(v),min{d(u0), w(e0)}}.

8.5 Example of the Main Algorithm

We want to demonstrate how our main algorithm works on an example graph. This
should give us a clearer picture of the concepts discussed in the preceding subsections.
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8.6 Runtime of the Main Algorithm

The previous subsections give a complete account of all operations of our algorithm.
We now want to consider the runtime cost of these operations. We fill in some low
level details that are needed for understanding how we achieve our overall runtime
complexity. For analysis of the runtime it is important to observe that no cross-level
or below-level edges appear in any subsequent recursive call and above-level edges
become unrestricted. We let r = |E| −

∑ℓ
i=0 |Ei| be the number of edges that do

not appear in any subsequent Gi and let r′ = |E(r)| −
∑ℓ

i=0 |E
(r)
i | be the number of

restricted edges that become unrestricted or do not appear in any subsequent Gi. In
analyzing the runtime of our algorithm we try to describe the runtime of different
parts of our algorithm in terms of r or r′. This is because an operation that takes
O(r ·f(m,n)) or O(r′ ·f(m,n)) time per recursive call has a runtime that is bounded
by O(m ·f(m,n)) across all recursive calls. Constructing a new ABPIC instance and
computing d(v) if |E(r)| ≤ 1 takes O(m) time per level of recursion. Sampling and
sorting ℓ edges from E(r) runs in O((r+r′) log k) and Dijkstra’s algorithm for splitting
V into ℓ + 1 levels runs in O(m + n log log k + r log k) time per level of recursion.
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In Subsection 8.7 we discuss how O((r + r′) log k) is achieved for sorting the set of
sampled edges and in Subsection 8.8 we discuss the O(m+n log log k+ r log k) time
split algorithm.

8.7 Sorting the Set of Sampled Edges

Sorting the set of ℓ sampled edges can be done in O(ℓ log ℓ) = O((r + r′) log ℓ) =
O((r + r′) log k) time. For a sampled edge ei with rank i we can say that either Vi

is empty or Vi is not empty. Let ℓ1 be the number of edges ei for which Vi is empty
and ℓ2 be the number of edges ei for which Vi is not empty. We have ℓ = ℓ1 + ℓ2.
If Vi is empty, ei = (u, v) must be a cross-level, below-level or above-level edge. If
I(d(u)) = I(d(v)), we have I(ei) = i ̸= I(d(u)) = I(d(v)) meaning ei is below-level
or above-level and if I(d(u)) ̸= I(d(v)), ei is cross-level. This means that ℓ1 ≤ r′. If
there are ℓ2 edges ei for which Vi is not empty, there must be at least ℓ2−1 cross-level
edges that connect the nodes of these ℓ2 different levels. This is because our graph
is guaranteed to be weakly-connected. Remember that we recurse on each weakly-
connected component of G in case G is not weakly connected. We have ℓ2 ≤ r + 1.
Thus ℓ = ℓ1 + ℓ2 ≤ r + r′ + 1 and the time needed for sorting the set of sampled
edges is bounded by O((r + r′) log k).

8.8 Splitting Nodes into Levels

We explain the algorithm that is used to split all nodes v ∈ V into levels V0, V1, . . . , Vl

where Vi = {v ∈ V | I(d(v)) = i}. The problem with the straight forward approach
suggested in Section 8.2 of mapping initial capacities h(v) to I(h(v)) and edge weights
w(e) to I(w(e)) and using a simple linear time implementation of Dijkstra’s algorithm
is the runtime cost associated with evaluating the index I(·) of initial capacities and
edge weights. Duan et al. show that the number of recursive levels is O(log n/ log k)
with high probability. Using binary search to find I(x) = i for x ∈ R, such that
λi ≤ x < λi+1 takes O(log k) time. If we perform an index evaluation for every
edge and node in the graph, the time needed is O(m log k) per level of recursion and
O(m log k) · O(log n/ log k) = O(m log n) overall, which is worse than the O(m +
n log n) time needed for Dijkstra’s SSBP algorithm. In the split algorithm by Duan
et al. the number of index evaluations is bounded by O(r + n/ log k) and the time
spent on index evaluations per level of recursion is thus O(r + n/ log k) ·O(log k) =
O(r log k + n). The idea is to instead of performing all index evaluations upfront
delay an index evaluation until it becomes necessary. The split algorithm is an
implementation of Dijkstra’s algorithm in which we reduce the number of index
evaluations. We discuss how certain operations of Algorithm 8 can be efficiently
implemented and an overall time bound of O(m+ n log log k + r log k) is achieved.

8.8.1 Index Evaluations for Edge Weights

First we look at how we can reduce the number of index evaluations for edge
weights. During the update step of Dijkstra’s algorithm (Algorithm 8 on line 6)
we let d′(v) = max{d′(v),min{d′(u), I(w(u, v))}}. Here we can avoid calculating
I(w(u, v)) if min{d′(u), I(w(u, v))} = d′(u). We check if λd′(u) ≤ w(u, v) and only
calculate I(w(u, v)) if λd′(u) > w(u, v). If λd′(u) > w(u, v), (u, v) must be a cross-level
or below-level edge. If node v ends up with a final label value of d′(v) = d′(u) (u
and v belong to the same level), we have I(w(u, v)) < I(d(u)) = I(d(v)) and (u, v)
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is below-level. Otherwise (u, v) is cross-level. Thus the number of index evaluations
for edge weights is at most r.

8.8.2 Index Evaluations for Initial Capacities

We look at how we can reduce the number of index evaluations for initial capacities.
This is achieved by special construction of the priority queue that is used in Dijkstra’s
algorithm for maintaining the order of active nodes according to their label d′(·). We
outline how the priority queue is used in our implementation of the split algorithm
and derive from that an upper bound on the number of index evaluations for initial
capacities.

Let us recall some key points of the split algorithm in Subsection 8.2. The label values
d′(v) for v ∈ V are the indices 0, 1, . . . , ℓ of our edge weights and initial capacities.
Initially all nodes v ∈ V are active and the labels are set to d′(v) = I(h(v)). We
repeatedly extract active nodes v with maximum label d′(v). We can observe that
the nodes extracted in this way have monotonically decreasing label values d′(·). We
could therefore use an array of buckets that hold the nodes v ∈ V according to their
label d′(v) and extract each node by iteratively looking at the buckets in reversed
order. In the i-th iteration we look at the bucket with index i, where i = ℓ, ℓ−1, . . . , 0
and extract all active nodes v with maximum label d′(v) = i.

For an active node v we can differentiate between two cases. Either d′(v) has
been set in a previous iteration of the algorithm using the update step d′(v) =
max{d′(v),min{d′(u), I(w(u, v))}} or d′(v) has not been set in which case d′(v) =
I(h(v)). We call v an updated node in the former case and an initializing node in
the latter case. If v is an updated node, the value of d′(v) is known and no index
evaluation has to be performed. If v is an initializing node, we need to evaluate
I(h(v)) to get a value for d′(v). The general idea for reducing the number of index
evaluations is to evaluate I(h(v)) for a node v during the i-th iteration only if v is
an initializing node, meaning d′(v) is not set, and I(h(v)) = i.

We initialize two arrays of buckets Bi and Ci that are each used to maintain the
order of nodes according to their label d′(·), i = 0, 1, . . . , ℓ. B contains initializing
nodes and C contains updated nodes. Since we do not evaluate d′(v) = I(h(v)) for
all v ∈ V upfront a bucket Bi cannot directly store nodes v with I(h(v)) = i. A
bucket Bi stores groups U of nodes for which max{I(h(v)) | v ∈ U} = i. We have⋃

i Ui = V . We discuss shortly how these groups are constructed. For a group U we
find the node v ∈ U with maximum h(v) and evaluate I(h(v)). We can then put
that group into the correct bucket BI(h(v)). At the start of the i-th iteration we move
all nodes v with d′(v) = I(h(v)) = i from Bi into Ci. We repeatedly extract nodes u
from Ci until Ci is empty and for each u update the label d′(v) of adjacent nodes v.
If the label d′(v) of an adjacent node v is updated with a new value, we put v into
Cd′(v) and remove v from its previous location in one of the groups U in B or from
C. Before starting with the next iteration we need to reassign the groups U ∈ Bi to
their correct bucket. For every U ∈ Bi we evaluate I(h(v)) for the node v ∈ U with
maximum h(v) and put U into BI(h(v)).

To say more about the number of index evaluations for initial capacities we explain
how the groups U are constructed. In our graph G we change every directed edge
to be undirected. We find a spanning tree T in the resulting graph G′ and partition
that tree into b = O(n/s) edge-disjoint subtrees T1, T2, . . . , Tb each of size O(s). For
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each tree Ti we now form a group Ui of nodes that contains the nodes belonging to
Ti. To compute the node with maximum h(·) in a group we initialize for each Ui

a priority queue that maintains the order of nodes v ∈ Ui by their initial capacity
h(v).

We can now add some technical details to the description above. To move all nodes
v with d′(v) = I(h(v)) = i from Bi into Ci in the i-th iteration we consider all groups
U ∈ Bi. For each group U we can first set d′(v) = i for the node v with maximum
h(v) and move v into Ci. We now use the priority queue to get a new node u ∈ U with
maximum h(u). Instead of evaluating I(h(u)) explicitly we can check if h(u) ≥ λd′(v),
which can be done in constant time. If h(u) ≥ λd′(v), we have I(h(u)) = d′(v) and
can set d′(u) = d′(v) = i. We then move u into Ci and repeat this process with
the next maximum node. If h(u) < λd′(v), we have I(h(u)) < I(h(v)) = i and can
stop with that group. At the end of the i-th iteration we look at all groups U ∈ Bi

and for each group U evaluate I(h(u)) for the node u ∈ U with maximum h(u). For
the maximum node u in a group U ∈ Bi we can make the observation that u has a
final label value d′(u) < i = d′(v) where v is the last node that was removed from U
at the start of the i-th iteration. This is because at this point in the algorithm all
nodes with final label value d′(v) ≥ i have already been scanned. Therefore we can
say that an index evaluation has to be performed every time we have d′(u) < d′(v)
for a new maximum node u in one of the groups. If we perform c index evaluations
for a group Ui, this means that there are at least c different final label values d′(·)
in Ui. From that we can conclude that there must be at least c− 1 cross-level edges
in the subtree Ti corresponding to Ui that connect the nodes of these c different
levels. Thus the total number of index evaluations performed for initial capacities
is at most r + b, where b is the number of groups. We set s = min{log ℓ, n} and
get b = O(n/s) = O(n/ log k). The total number of index evaluations for both edge
weights and index evaluations can be bounded by 2r + b = O(r + n/ log k).

Wee see that by connecting the nodes in a group with the nodes of a spanning tree
we can identify for each index evaluation a cross-level edge in the tree. However this
argument would also work if we form a single group from the spanning tree T of G’
without partitioning into subtrees. The reason for partitioning into multiple subtrees
is that the operations on the corresponding priority queue for each group of nodes
become cheaper while the cost associated with partitioning does not negatively effect
our runtime complexity.

8.8.3 Split Algorithm

The pseudocode for the split algorithm is shown next.
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Algorithm 9 Split Algorithm
Input: Directed graph G = (V,E), weight function w : E → R ∪ {±∞},

initial capacity function h : V → R ∪ {±∞} and ℓ + 2 thresholds λ0 =
−∞, λ1, . . . , λℓ, λℓ+1 =∞ in sorted order.

Output: Partition of V into ℓ+1 levels V = V0 ∪V1 ∪ · · · ∪Vℓ where Vi = {v ∈ V |
λi ≤ d(v) < λi+1}.

1: Change every directed edge to be undirected in G to get G′. Find a spanning
tree T of G′. Find b = O(n/s) subtrees T1, . . . , Tb of T . Form b groups U1, . . . , Ub

where each Ui contains the nodes that are in Ti.
2: Initialize a priority queue implemented by binary heap for each group Ui by the

order of h(·).
3: Initialize ℓ+1 buckets B0, . . . , Bℓ. For each group Ui put Ui into bucket BI(h(vi))

where vi is the maximum node of Ui.
4: Initialize ℓ+ 1 buckets C0, . . . , Cℓ. Let Ci ← ∅ for each i = 0, 1, . . . , ℓ.
5: for i in ℓ, ℓ− 1, . . . , 0 do
6: for all U ∈ Bi do
7: while |U | > 0 and the maximum node u ∈ U has I(h(u)) = i do
8: Extract u from U and put u into Ci.
9: d′(u)← i.

10: while |Ci| > 0 do
11: Extract a node u from Ci.
12: for all (u, v) ∈ E do
13: w̄ ← min{d′(u), I(w(u, v))}.
14: if w̄ > d′(v) or λw̄ > h(v) if d′(v) does not exist then
15: Delete v from Cd′(v).
16: Delete v from its group U and put v into Cw̄.
17: d′(v)← w̄.
18: while |Bi| > 0 do
19: Extract a group U with |U | > 0 from Bi.
20: Evaluate I(h(u)) for the maximum node u ∈ U and put U into BI(h(u)).

21: for all v ∈ V do
22: Put v into Vd′(v).

All index evaluations for initial capacities are performed in lines 3 and 20. All index
evaluations for edge weights are performed in line 13. As discussed in Subsubsec-
tion 8.8.1 and 8.8.2 there are O(r + n/ log k) index evaluations in total each costing
O(log k) time which gives us a runtime of O(r+n/ log k)·O(log k) = O(r log k+n) for
all index evaluations performed. The delete operations on the binary heap for a group
U in lines 8, 16 and 20 run in O(log |U |) = O(log s) = O(log log k) time. There are at
most O(n) such operations. We get a runtime of O(n) ·O(log log k) = O(n log log k)
in total. Finding the subtrees T1, . . . , Tb of our spanning tree T can be done in O(n)
time using a slight variant of the topological partition algorithm in Frederickson’s
paper [8]. All other operations run in linear time. The overall time complexity for
the split algorithm is thus O(m+ n log log k + r log k).

8.9 Main Algorithm

We show the pseudocode for the complete SSBP algorithm.
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Algorithm 10 SSBP Algorithm by Duan et al.
Input: Directed graph G = (V,E), weight function w : E → R∪{±∞} and source

node s ∈ V .
Output: Bottleneck weight b(s, v) for all v ∈ V .
1: Reduce the SSBP instance (G,w, s) to an ASBPIC instance (G,w, h) by assigning

h(s) = max{e ∈ E | w(e)} and h(v) = −∞ for all v ̸= s.
2: Call Main(G,w, h).
3: function Main(G,w, h)
4: if G is not weakly-connected then
5: Call Main(Gs, w, h) for each weakly-connected component Gs of G.
6: Let E(r) = {e ∈ E | w(e) < +∞} be the set of restricted edges.
7: if |E(r)| ≤ 1 then
8: Compute d(v) for all v ∈ V and return.
9: Sample ℓ = min{k, |E(r)|} edges from E(r) uniformly randomly, sort them by

weight and form ℓ thresholds λi = w(ei) where ei is a sampled edge with rank i
for i = 1, 2, . . . , ℓ.

10: λ0 ← −∞ and λℓ+1 ←∞.
11: Use the split algorithm to partition V into ℓ + 1 levels V0, V1, . . . , Vℓ where

Vi = {v ∈ V | λi ≤ d(v) < λi+1}.
12: for i in 0, 1, . . . , ℓ do
13: Construct a new ASBPIC instance (Gi, wi, hi) that consists of nodes in

Vi and some of the edges that connect those nodes.
14: Call Main(Gi, wi, hi).

The labels d(v) for all v ∈ V are the bottleneck weights b(s, v) for our SSBP instance.

Computing d(v) for all v ∈ V in line 8 runs in O(m) time. Sampling and sorting k
edges in line 9 runs in O((r + r′) log k) time. The split algorithm in line 11 has a
runtime of O(m + n log log k + r log k). Constructing all new ASBPIC instances in
line 13 runs in O(m) time. Adding up the cost of our operations we get a runtime
of O(m+ n log log k + (r + r′) log k) per level of recursion.

The parameter k is set at the beginning and remains constant during the running of
our algorithm. We use k only to control the runtime of our algorithm. Duan et al.
show that the maximum number of recursive levels is O(log n/ log k) with probability
1 − nω(1) when setting k = 2Ω(

√
logn). Therefore we achieve a total running time of

O(m log n/ log k + n log n/ log k log log k + m log k). When m ≤ n log logn we set
k = 2Θ(

√
n logn log logn/m) which gives us a runtime of O(

√
nm log n log log n). When

m > n log logn we set k = 2Θ(
√
logn) which gives us a runtime of O(m

√
log n). As our

final result we can state that SSBP can be solved in O(
√
nm log n log log n+m

√
log n)

with high probability.
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9 Conclusion

We saw that in the undirected case simple solutions exist for our SSBP, BST and
BP problems. BST and BP can be solved in O(m) time by a binary search method
(Section 4) that makes use of edge contraction to shrink the graph by half in each
iteration. SSBP can be solved indirectly by solving the MST problem in randomized
O(m) time [11] or deterministically in O(mα(m,n)) time [2]. In the directed case
we saw solutions for BST and BP that come very close to a O(m) time bound. The
algorithm by Gabow and Tarjan [9] achieves a time bound of O(m log∗ n) where
log∗ n is an extremely slow growing function. For practical applications log∗ n is
unlikely to ever exceed 5 since this would require n to be bigger than 2655336, which
is much larger than any quantity found in the physical world. Chechik et al. [3]
still give a tiny improvement of randomized O(mβ(m,n)) on the result of Gabow
and Tarjan. For SSBP in directed graphs Duan et al. [5] present a randomized
O(
√
nm log n log log n +m

√
log n) time algorithm. Duan et al. are able to improve

on the traditional algorithm by Dijkstra for solving SSBP using Fibonacci Heap
(Section 3), which has a time bound of O(m+ n log n). Dijkstra’s algorithm can be
used to sort n numbers, so there is a sorting barrier which prevents a more efficient
implementation from being found. It was an open question whether or not there
existed a sorting barrier for SSBP. The algorithm by Duan et al. overcomes this
sorting barrier when m = σ(n

√
log n). There remains an open question whether the

algorithm by Duan et al. can further be improved to O(mβ(m,n)). For BP and BST
in directed graphs there remains the question whether a linear time algorithm can
be found. Furthermore, are there deterministic algorithms for solving BP, BST and
SSBP in directed graphs with equally good time bounds?
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