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Abstract

The density of a graph G = (V, E) with edge capacities {c(e) : e € E} is ¢(E)/|V|.
Finding dense components in graphs is a major topic in graph theory algorithms.
The most basic problem is the Densest Subgraph problem, that seeks a subgraph of
maximum density. This problem can be solved in polynomial time, and we will give a
systematic description of several polynomial time algorithms for this problem.

We then consider maximum density problems of the following type. Given a graph
G = (V,E) with edge capacities {c(e) : e € E} and a property II, find the densest
subgraph G’ C G that satisfies property II. Here the most famous example is the
Densest k-Subgraph problem, where the property II is “G’ has exactly k nodes”. The
Densest k-Subgraph problem is strongly NP-hard, and the best approximation ratio
known for it is O(n!/4+¢).

We consider two other density problems: the Densest Path problem where G’ is
required to be a path, and the Densest Tree problems where G’ is required to be a
tree. These problems are shown to be NP-hard. We describe a general framework to
attack some density problems based on decompositions of feasible solutions, and use it
to derive a PTAS for the the Densest Path and the Densest Tree problems.
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1 Introduction

1.1 Graph density problems

The density of a graph G = (V, E) with edge capacities {c(e) : e € E} is 0(G) = ¢(E)/|V].
Given a graph property II let II(G) denote the family of subgraphs of G that satisfy I1. We

consider the following type of problems:

Densest II-Subgraph:

Instance: A graph G = (V, E) with edge capacities {c(e) : e € E} and a family II(G) of
subgraphs of G.

Objective: Find a subgraph G’ € II(G) of maximum density.

The TI-Maximization problem is to maximize ¢(E’) over all G’ = (V' E’) € TI(G). The
family I1(G) may have size exponential in the size of GG; it does not have to be given explicitly,
but might be specified by some condition, and we may require that certain queries related to
I1(G) can be answered in polynomial time. E.g., II(G) can be the family of paths, or of trees,
giving the density problems Densest Path, or Densest Tree, respectively. The corresponding
maximization problems, where one search for the set with maximum edge’s total weight and
not for maximum edge/vertex ratio, are Longest Path, or Maximum Tree. In general, density
problems often arise in greedy methods in approximation algorithms, c.f., [10, 13]. The most
famous density problem is the Densest k-Subgraph problem. Here the property Il is “the
graph has k nodes” for a given integer k. This problem is NP-hard for unit capacities as it
includes the Maximum Clique problem. Indeed, given an instance GG of Maximum Clique, the
density of any k-subgraph is < (k—1)/2, and a k-subgraph has density (k—1)/2 if, and only
if, it is a clique. The best ratio known for this problem is O(n!/4*¢) [2] (see also the previous

O(n'/3)-approximation in [11]). We will mainly consider the following three problems:

Densest Subgraph: Here the family I1(G) consists of all subgraph of GG. Several polynomial

time algorithms for this problem are known, see Section 2.

Densest Path: Here the property II is “the graph is a path”. This problem is NP-hard as
it includes the Hamiltonian Path problem. Indeed, given an instance G' of Hamiltonian Path,
the density of any path is < (n — 1)/n, and a path has density (n — 1)/n if, and only if, it
is Hamiltonian. We will show that this problem admits a PTAS, see Section 3.



Densest Tree: Here property Il is “the graph is a tree”. We will show that this problem is
NP-hard and admits a PTAS, see Section 3.

1.2 This Thesis

In this thesis, we survey some algorithms for the Densest Subgraph problem. We then develop
a generic framework for approximating a certain type of “decomposable” problems. We apply

this approach for the Densest Path and Densest Tree problems to obtain the following result.

Theorem 1.1 Densest Path and Densest Tree admit a PTAS. Furthermore, these problems
are NP-hard.

1.3 Some previous work

There are several applications for finding dense components in a graph. Charikar [6] mentions
an application of the Densest Subgraph problem for finding dense components in the Internet.
There is an algorithm described in [15] called HI1TS which starts from a basic set of web
pages which are known to be authorative on a particular topic, and a set of web pages
which are known to contain resources about the topics (these are called authorities and
hubs respectively). Additional resources are recognized by number of links they have to
the authorities, additional authorities pages are recognized by the number of links they have
from the hubs. Dense components on the Internet are also useful in the context of link-farms.
Link-farms, or link-spams are websites that attempt to manipulate search engine rankings
through aggressive interlinking to simulate popular content. Those link-farms are being
dense subgraph in the big graph of the Internet. Gibson et al [16] describes an algorithm
for finding link-farms in the internet. Miles and Phoha [23] show how to utilize a bipartitie
clique to analyze a user search patterns. Looking at graph formed by the web pages the
user has viewed, one can find a bipartite-clique. The part of web pages with linking to
another set of web pages would be recognized as referers, and the other part would be
recognized as the request. Obviously, the densest bipartite subgraph is a relaxation of the
bipartite clique. Buehrer et al. [5] introduce a way to compress websites related graph data,
while still allowing random access to the compressed data. His solution is based on finding

communities in the web-graph, which are actually dense components.

The most studied density problem is the Densest k-Subgraph problem, which is strongly
NP-hard. The best known approximation for Densest k-Subgraph is Q(n'/4*¢) [2]. Further-

more, many well known problems can be reduced to Densest k-Subgraph, and this sometimes



serves as evidence that a polylogarithmic approximation for the problem may not exists, or
at least hard to obtain. Some other interesting result appear in [11]. The approximation
gap for Densest k-Subgraph is quite large, as the best hardness of approximation result for it
is ruling out PTAS by Khot [20]. The Densest k-Subgraph problem is known to be NP-hard,
even on special classes of graphs. These classes include bipartite graphs, planar graphs [19],
split graphs (graphs whose vertices can be partitioned into a clique and an independent set)
[8]. It is even hard for graphs with maximum degree of 3 [12]. For chordal graph Liazi et
al. [21] shows a 3-approximation. The Densest k-Subgraph problem also admits a PTAS for
dense graphs with 2(n?) edges [1]. For the capacitated version on a complete graph when

the capacities obey the triangle inequality, the problem admits a 2-approximation [17].

Huang and Kahng [18] studied the Densest Sub-hypergraph problem; here given a hyper-
graph H = (V, E), the density of the sub-hypergraph induced by a subset V' C V' of nodes
is the number of hyperedges in E that are completely contained in V', divided by |V'|. They

show that the Densest Sub-hypergraph problem can be solved in polynomial time.

Several papers considered problems of finding a subgraph of minimum density. The
problem of finding in a tree a minimum density subtree with exactly k edges can be solved
in polynomial time, see the works of Maffioli [22], Blum and Ehrgott [4], and Blum [3].
Chekuri and Korula [7] considered the problem of finding a minimum density 2-connected
subgraph, and gave an O(logn)-approximation algorithm for this problem. However, we are
not aware of any approximation results for the (maximization) Densest Tree or Densest Path

in general graphs.



2 Algorithms for the Densest Subgraph problem

2.1 The (f,p)-Densest Set problem

Density problems in general are tightly connected to the general fractional programming
problem. Generally speaking, given a set S, and two functions f,g : S — R, the frac-
tional programming minimization/maximization problem is to find z* € S which maxi-

mizes/minimizes the function
f(x)
hz) = =2 . (1)
g(x)
See [9] for a more elaborated introduction. The most efficient algorithm that solves a frac-
tional programming problem, depends on the type of the set S in the problem. There are

various algorithms for many types of sets.

The essence of the method we introduce here is described in Gallo et al. [14]. They
casted the problem of the densest subgraph to a fractional programming problem. Then,

they used maximum flow algorithms, in order to solve the fractional programming problem.

Here, we will cast the densest subgraph problem to a fractional programming program-
ming problem in the same way it was done in [14]. However we will show a more general
technique to maximize the linear program, a technique applicable to all density problems

whose weight function is supermodular.

Recall that the density of a graph G = (V, E) with edge capacities {c(e) : e € E} is
o0(G) = ¢(E)/|V|. In a more general setting, we might also be given node weights {w(v) :
v € V}; in this case 0(G’) = ¢(E") Jw (V).

Densest II-Subgraph is a particular case of the following generic fractional programming
problem. Let f,p be integral set functions on a groundset U given by an evaluation oracle
and bounded by a polynomial in |U|, so that p(X) > 0 if X # (. The (f,p)-density of
X CUis f(X)/p(X). The (f,p)-Densest Set problem is to find a nonempty set of maximum

(f,p)-density.

Example 1. The Densest Subgraph problem can be casted as (f, p)-Densest Set as follows.
The groundset is U = V. The function f is defined as f(V’) = |E(V')], that is, the number
of edges in the subgraph of G induced by V’. The function p is defined as p(V’) = |V”|.

Example 2. The Densest k-Subgraph problem can be casted as ( f, p)-Densest Set as follows.
The groundset is U = V. The function f is defined as f(V') = |E(V’)| if |V'| = k and
f(V') = 0 otherwise. The function p is defined as p(V’) = |V|.



Example 3. The Densest Tree problem can be casted as (f, p)-Densest Set as follows. The
groundset is U = V and p(V') = |V’| for all V/ C V. The function f is defined as follows: if
the subgraph G’ = (V’, E(V’)) induced by V' in G is connected then f(V’) is the maximum

capacity of a spanning tree in G’; otherwise, f(V’) = 0.

We have seen that solving the (f,p)-densest set would allow us to solve the Densest

Subgraph problem, we will thus devise a method to solve the (f, p)-densest set problem.

Theorem 2.1 (f,p)-Densest Set can be solved in polynomial time if maxp.xcy f(X) and

ming.xcy p(X) can be computed in polynomial time, and if for any rational number q we
can compute in polynomial time the mazximizer of the function

h(q) = X)—qp(X)) = X)[f(X)/p(X)—q] . 2

() = jmax (f(X) = gp(X)) = max p(X)[f(X)/p(X) —d (2)

Proof: Note that h is a monotone (strictly) decreasing function, since for any ) # X C U

and any € > 0 we have:

p(X) [F(X)/p(X) — q] > p(X) [f(X)/p(X) — (¢ —€)]
This is true since p is non-negative.

Let ¢* = maxpzxcy f(X)/p(X) and let M = maxg.xcy f(X) and p = ming.xcp p(X).
Then h(q) = 0 if and only if ¢ = ¢*, h(q) < 0 for ¢ < g%, h(q) > 0 for ¢ > ¢*x. Also,
0 < ¢* < M/u. As h(q) is monotone decreasing, we can apply binary search in the range
0 < g < M/u to compute ¢*, as well as the corresponding set X*. 0

Definition 2.1 A set function f is supermodular if f(X)+ f(YV) < f(XNY)+ f(XUY)
for all XY CU; f is submodular if —f is supermodular.

The problem of maximizing a supermodular function can be solved in polynomial time,
assuming that the function is given by a (polynomial time) evaluation oracle, see for example
[25]. Thus Theorem 2.1 implies:

Claim 2.2 (f,p)-Densest Set can be solved in polynomial time if the set function f — qp is

supermodular for any q > 0.

Corollary 2.3 Let f be supermodular and p a submodular functions defined over the same
groundset U. Then h(q) = f(X) — qp(X) is supermodular for all ¢ > 0. Thus (f,p)-Densest

Set can be solved in polynomial time in this case.

Proof: It is easy to see that since p is submodular, so is ¢qp for any ¢ > 0. Hence —qp is
supermodular. Therefore h is a sum of two supermodular functions, which easily implies

that h is also supermodular. The last statement follows from Claim 2.2. U
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Figure 1: (a) The flow network J. (b) The cut A(X).

It is well known that the function v(X) = |E(X)| is supermodular, c.f., [25]. As for
f(X) =|E(X)| and p(X) = |X| we get the Densest Subgraph problem, Corollary 2.3 implies

a polynomial time algorithm for Densest Subgraph.

2.2 Solving Densest Subgraph via flows

Here we will present a more efficient algorithm for the Densest Subgraph problem using max-
flows. The idea is again to show an algorithm for computing A(q), while finding an inclusion
maximal set X for which the maximum in (2) is attained. This is done by constructing a

flow-network J, and finding the max-flow/min-cut in this network.

The construction of the flow network J as follows, see Figure 1(a).

1. Let H = (Uy, Uy, F) be the adjacency graph of G(V, E), namely, H is a bipartite graph
with two parts Uy, Ug. For every vertex v in G, we will have a vertex u, in Uy, for
every edge e in GG, we will have a vertex w, in Ug. There’s an edge between u, to w,
if and only if v is an endpoint of e in G. Note that a simple way to obtain H from G

is to subdivide every edge of G by a node.
2. Let J be a flow network obtained from H as follows.

(a) Assign capacity 1 to the edges of H and direct them from Uy to Ug.
(b) Add a source s and an edge sv of capacity ¢ for every v € Uy .

(c) Add a sink t and an edge et of capacity 1 for every w € Ug.

Let A be a subset of nodes of J. Let §;(A) be the set of edges in J leaving A, namely,



with tail in A and head not in A. We say that A is an st-cut if s € A and t ¢ A. The
capacity of the cut A is the sum of the capacities of the edges in d;(A).

The algorithm for computing h(q) is as follows.

1. Constructs the network J as above.

2. Return the minimum cut of maximum cardinality in J.

It is known that step 2 can be implemented in O (|E|log |[V|(|E| + |V |log |E])) time, c.f.

[24]. Hence the algorithm can be implemented in polynomial time.

We will prove that the weight of the minimum cut of maximum cardinality in .J is h(q).

Claim 2.4 For X CV in G, let A(X) = {s}U Uy \ X)U (Ug\ E(X)). Then A(X) is an
st-cut of capacity |E| — (|E(X)] —q - |X]).

Proof: A(X) is an st-cut in J since s € A(X) and t ¢ A(X). To see that the capacity of
A(X) is as claimed, consider Figure 1(b). The main observation is that in J there is no edge
from Uy \ X to E[X], since in G an edge that is incident to a node in V'\ X is not in E[X].
Therefore the edges leaving A(X) are of three types:

e The edges from s to X; there are | X| such edges, of capacity ¢ each.
e The edges from F \ E[X] to t; there are |E| — | E[X]| such edges, of capacity 1 each.

e The edges from Uy \ X to |E|.

Consequently, the capacity of the cut A(X) is

c(A(X)) = ¢+ |X| + cut(X,V\ X) + |[E[V \ X]| =
gl X1+ (1B = [E[X]]) =
Bl = (1BIX]] = ¢~ [X])

as claimed. O

Claim 2.5 Let A be a minimum st-cut of mazimum cardinality in the network J mentioned
above. If v € A forv eV then e € A for every edge e incident to v.

Proof: In the network J, for every node e € E (namely, for the node corresponding to e)
the following holds:

10



e Exactly one edge leave e, which is et, and its capacity is 1.

e Exactly two edges enter e, which are ue, ve, where u, v are the endnodes of e in GG, and

their capacity is 1.

Thus if A is an st-cut in J, and if v € A for some v € V but e ¢ A for some edge e that is
incident to v in G, then AU {e} is an st-cut in J of capacity at most the capacity of A. The

statement now follows from the maximality of A. 0

Lemma 2.6 Let A be a minimum cut of maximum cardinality in network J as above, Let

Xy be the equivalent cut in the original graph G we have that

h(q) = [E[Xy]| — q- |X,]

Proof: From Claim 2.4 we have that e € E \ A if, and only if, in J the tails of the
two edge entering e are in X, = V \ A. This is equivalent to E\ A = E[X,], namely,
A={s}U(V\X,) U(E - E[X,]). Now observe that
— EIX —a-1X]) =
hq) = max (|E[X]| —q-|X])

Bl = min (|B] = (IEIX]] —q- |X])) =

E| — mi A(X)) .

|B| = min_c(A(X))
Thus the maximum of h(q) = maxgp.xcv (| E[X]|—¢-|X]|) and the minimum of ming, xcv ¢(A(X))
is attained for the same node set X. Since the cut A = A(X,) is a minimum st-cut, the min-
imum of mingxcy ¢(A(X)) is attained for X = X,. Consequently, h(q) = |E[X]| — ¢ - | X],

as claimed.

Note, that this lemma holds even if there are many minimal cuts of maximum cardinality

since the weight of all those cuts would still be equal to h(q). 0

The last claim implies a polynomial time algorithm for computing h(q) for any ¢ > 0. A

polynomial time algorithm for Densest Subgraph now follows from Theorem 2.1.

11



3 Densest Path and Densest Tree problems

3.1 General framework

Let us introduce a general method for approximating problems which are decomposable.
This method is applicable for both for the Densest Path and the Densest Tree problems. In

particular, we will deduce the first part of Theorem 1.1.

Lemma 3.1 Suppose that for an instance G,c,I1(G) of II-Densest Subgraph the following
holds. For every H = (U, F) € II(G) and any integer k there exists a non-empty family
F =AUy, Fy), (U, Fy),...} CII(H) so that:

1. Uil <k for every i.
2. U= 8- 351U

5. o(F) <7+ X, elF).

Then, if Densest TI-Subgraph (resp., if [I-Maximization ) admits a p-approzimation in T (n)
time, then Densest II-Subgraph can be approrimated within p - (5/v) in S(n, k) - T(k) =
O(n*) - T(k) time, where S(n, k) = (}) = O(n¥) (resp., S(n, k) = S (1))-

Proof: The algorithm computes a p-approximation for Densest II-Subgraph (resp., for II-
Maximization) on G[X]| for all {X C V' : |X| =k} (resp., for all {X C V : |X| < k}. Then,

among the subgraphs computed, it returns the densest one.

Clearly, the time complexity is as claimed. The solution returned is feasible, since there
exists X so that Densest II-Subgraph applied on G[X] has a feasible solution, and since for

every X we apply an algorithm that returns a feasible solution, if such exists.

It remains to prove the approximation ratio. This follows by a standard averaging argu-
ment. Let H = (U, F) be an optimal solution to the given Densest II-Subgraph instance, and
let H; = (U;, F;) be the decomposition of H as above. We have

oot = ) 1 SelF)
\ul = 8-> 1Ui
Hence there exists an index ¢ so that
F;
C( ) > é -opt .
Uil — v



The statement follows, as the algorithm returns a subgraph of density at least p-c(F;)/|U;].
U

Note that in the algorithm we can use as a subroutine a (possibly exponential) algorithm
for Densest II-Subgraph or for II-Maximization. II-Maximization is used if it is easier than
Densest I1-Subgraph, e.g., as in Densest Tree. Otherwise, we may use an exponential time
algorithm for Densest II-Subgraph to obtain an approximation scheme. Another possibility

i to use recursion.

We now show how to apply Lemma 3.1 on the problems Densest Tree and Densest Path.
For each of these problems we will prove that it is NP-hard.

3.2 Densest Path

PTAS for Densest Path: We will show that Densest Path admits a PTAS with running
time O (n'/¢- (1/e)!). Let H = (U, F) be a path. For any k, we can decompose H into at
most |U|/k paths {(Uy, F1), (Ua, F3), ...} of length < k each, so that their edge sets partition
F, and so that |U; N U;| is 1 if |¢ — j| = 1 and is 0 otherwise. Hence c¢(F) = >, c(F;)
and ) . |U;| < |U| + |U|/k; thus |U| > (1 —1/k) Y. |U;|. 1I-Maximization can be solved in
O(k!) time in this case. Consequently, we can substitute 5 =1—1/k, v =1,and p=11in
Lemma 3.1. Thus for any k& we have a (1 — 1/k)-approximation in O(n” - k!) time. Given

e >0, we set k = 1/¢, and obtain an approximation scheme as claimed.

NP-hardness of Densest Path: As was mentioned in the Introduction, Densest Path is
NP-hard as it includes the Hamiltonian Path problem: given an instance G of Hamiltonian
Path, the density of any path is < (n — 1)/n, and a path has density (n — 1)/n if, and only

if, it is Hamiltonian.

3.3 PTAS for Densest Tree

We will show that Densest Tree admits a PTAS with running time O (n'/#(1/¢)log(1/¢)).

Our algorithm is based on the following decomposition.

Lemma 3.2 Given an integer ¢ > 1, any tree T = (U, F) with at least ¢ edges can be
decomposed into a family T = {T4,..., Ty} of edge disjoint subtrees, T; = (U;, F;), so that
each subtree contains at least ¢ edges and at most 3¢ edges. In particular, every two subtrees
have at most one node in common, t < |U|/¢, and thus ), |U;| < |U|(1+1/¢).

13



Proof: We first prove directly that for n = 3¢ + 1 there exists a decomposition as in the
lemma into 2 subtrees, each with each with at least ¢ edges and at most 2¢ edges. For a node
r of T', the r-subtrees (of T') are the inclusion maximal subtrees of T' containing exactly one
edge incident to r. Here we claim that there exists a node r so that every r-subtree has at
most 2¢ edges. To see this, initially root T" at an arbitrary node r. If there is an r-subtree
with at least 2¢ + 1 edges, then set r <— the neighbor of r in this subtree. The maximum
number of edges in an r-subtree decreases by at least one, hence eventually we will find a
node r as required. Now, if there is an r-subtree with ¢ + 1 edges, then this r-subtree and
the union of all other r-subtrees is a decomposition into 2 parts as required. Else, every
r-subtree has at most ¢ edges. Then there exists a collection of r-subtrees so that the total
number of edges in them is between ¢ and 2¢. Thus the union of these subtrees, and the

union of other r-subtrees is a decomposition as required.

Now we prove the statement in the lemma by induction.on the number m of edges of T'.
If ¢ < m < 3¢ then the statement is trivial. Assume therefore that m > 3¢ + 1. Let v be a
leaf of T and let u be the neighbor of v in T'. By the induction hypothesis, 7" — {v} admits
a decomposition 7' as in the lemma. Let T; be the tree in this decomposition that contains
u, and let 7" be obtained from T; by adding the node v and the edge uv. As T; has at most
3¢ edges, T' has at most 3¢ + 1 edges. If 7" has at most 3¢ edges, then by replacing T; by 1"
in 7" we obtain a decomposition 7 as required. Otherwise, 7" has exactly 3¢ + 1 edges, and

thus can be decomposed into trees T}, T5 each with at least ¢ edges and at most 2¢ edges. [

Now, we can apply Lemma 3.1 with &k =3¢, = 1—1/({+ 1), and v = 1. The II-
maximization problem in this case is just the maximum spanning tree problem that can

be solved in O(*log?) time. Let ¢ = 1/¢. Then we have a (1 — ¢) approximation in
O(n3 - 1?logl) = O(n®* - (1/?)log1/¢) time.

Remark: The same algorithm applies for the Densest Forest problem.

3.4 NP-hardness of Densest Tree

We have already shown before that Densest Path is NP-hard by a simple reduction from
Hamiltonian Path. Here we will show that the Densest Tree problem is NP-hard by a more

involved reduction from the following known problem:

Steiner Tree:
Instance: A graph G = (V, E) and a subset U C V', |U| = k.

Objective: Find a subtree T of G with minimum number of edges that contains U.

14



Given an instance G, U of Steiner Tree, obtain an instance G, ¢ of Densest Tree as follows.
Add to G a copy U’ of U and connect every u' € U’ to the corresponding node u € U. The
capacities are: 1 for edges in F and a =1+ 1/k + 1/k? for the new edges.

Let T" be a subtree of G'. Suppose that 7" contains ¢ nodes from U, j nodes from V — U,
and ¢ < ¢ nodes from U’. Then the density of T is:

o(T) =

all +0+j—1
U+0+3j

(3)

A subtree T" of G’ is proper if u € T" implies u’ € T". For a subtree T of G let 7" denote
the minimal proper subtree of G’ that contains 7', namely, 7" is obtained from T by adding

for every u € T the node u’ and the edge uu’.
Lemma 3.3 Any optimal densest subtree T" of G’ is proper.

Proof: Otherwise, add to 7" one more node from U’. The density of the ”"added part” is a,
while 0(T') < a by (3). Hence we obtain a tree of larger density, contradicting the optimality
of T". O

Lemma 3.4 T is an optimal Steiner tree in G if, and only if, T" is the densest tree in G'.

Proof: Let T" be an optimal subtree of G'. Then ¢’ = ¢, by Claim 3.3. Thus by (3):

al+0+j—-1 +€(a—1)—1:1 1 <f l )

T =
o(T") 20+ 20+ 20+

We claim that ¢ = k. Indeed,

¢ 0 1
—+—=—1==if =k
ETR p =R
I 1.
Hence if 7" is an optimum tree, then ¢ = k and
(T =1+ !
o = _ .
k(2k + j)

Thus o(7") is maximum when j is minimum. Consequently, 7" is optimal, if, and only if, T’
contains U and 7 is minimum. But then 7T is an optimal Steiner tree in G, and the statement
follows. O

Lemma 3.4 implies that if we could solve the Densest Tree problem in polynomial time, we
could also solve the Steiner Tree problem in polynomial time. Since the Steiner Tree problem
is NP-hard, so is the Steiner Tree problem.
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4 Conclusions

In this Thesis we considered several “capacitated” max-density problems. We gave a sys-
tematic description of several polynomial time algorithms for the Densest Subgraph problem.
We have also formalized a general framework to attack some density problems based on
decompositions of feasible solutions, and used it to derive a PTAS for the the Densest Path
and the Densest Tree problems; these two problems were shown to be NP-hard. An open
question is to develop some generic approach to handle the case when there are weights on

the nodes.
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