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Abstract— In this paper, we propose ef�cient algorithms to
compute the upperbound of end to end throughput that are both
theoretically and practically tight in multihop wireless networks.
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I. I NTRODUCTION

We consider a multihop wireless network consisting a set of
nodes communicating with each other by radio broadcasting.
Problem THROUGHPUT is to �nd the maximum amount of
data that one node can successfully transmit to another in a
given period of time through one or more paths.

Understanding the throughput of multihop wireless net-
workes is crucial to understanding the natural limit of a
wide class of wireless networks, such as as sensor networks,
community networks, ad hoc networks and etc. Problem
THROUGHPUT in wired networks, frequently refered to as
the max�ow problem, is one of the best solved problem in
computer science. The situation in wireless networks, however,
is more complicated due to the effect of radio interference.In
recent years, this problem has attracted considerable research
attention. Jain et al �rst showed this problem is NP-hard in
general[1], thus making exact solution intractable assuming
P 6= NP. After that, many results came out[2], [3], [4], [5]
aiming at computing a reasonably good approximation of the
throughput. In this paper, we consider one side of the problem:
estimating the upperbound.

Our work is heavily in�uenced by [1] and [2] . Our main
contribution is twofold:

� We show how to “polynomialize” [1]'s clique based
upperbounding approach by proposing three classes of
“good” cliques. We show by simulation that the upper-
bounds computed based on these cliques are extremely
tight in practice.

� We derive a congestion based upperbound from the
results in [2], which is within constant factor of the exact
throughput. This approach can be combined with the
above clique based approach to compute both empirically
and theoretically tight upperbound.

We also develop an independence based upperbounding ap-
proach that generalizes the above two approaches. The con-
cepts of independent, congestion set and clique will become
clear in later sections.

The rest of this paper is organized as follows. In Section II,
we describe the network model consisting of two parts: topol-
ogy model and interference model. The formal speci�cation
of THROUGHPUT, and a closely related problem SCHEDULA-
BILITY , are given in Section III. In Section IV, we present
our independence, clique and congestion based upperbounds.
Section V evaluates the tightness of these upperbounds by
experiment, and the conclusion remarks are given in Section
VII.

II. N ETWORK MODEL

The wireless network under consideration is represented as
a four tuple(V; E; , ; c), where(V; E) is called the communi-
cation graph and(E; , ) the interference graph. Vectorc on E
speci�es the capacity of each linke 2 E.

The topology of a wireless network is speci�ed by commu-
nication graph(V; E). The communication graph considered
in this paper falls into the class of graphs called disk graphs,
where all the nodes reside in a two dimensional Euclidean
plane. Each node is equipped with an omnidirectional radio
with a �xed transmission power which de�nes a transmission
range. There is a linke from u to v if and only if v is within
u's transmission range,u is calledv's predecessor andv is
u's successor. Figure 1 shows the communication graph of an
example wireless network, where each double arrowed line
represents two one way links.

� � �

� �

� � �

Fig. 1. The communication graph of an example network

An interference model de�nes when a node can successfully
communicate with another. We adopt the protocol interference
model[6][7], where a transmission fromu to v is successful if
and only if all the otherv's predecessors are not transmitting.
This kind of constraint on communication is traditionally
referred to assecondary interferencein the literature. Another
type of constraint, calledprimary interference, says that a node
can not do more than one things at a time, for example, trans-
mit to two different receivers. There is an overlap between the
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notion of primary and secondary interference. The constraint
that a node cannot receive from two senders at the same time
will be counted as primary interference in this paper, although
it also a form of secondary interference by de�nition.

It is often more convenient to speak the notion of inter-
ference in terms of links instead of nodes, resulting in the
concept of interference graph(E; , ), , � E � E . The fact
that two links e and e0 interfere with each other is denoted
as e , e0(a convenient form ofee0 2, ). Mutually interfering
links cannot be active at the same time to avoid interference.
The structure of interference graph is de�ned by the above
interference model. Speci�cally, two links interfere witheach
other by primary interference if they share a common end
node in the communicaiton graph. For example,14 , 42 at
node 4 in Figure 1, and similarly,14 , 64, 41 , 46 both at
node 4. Also, two links(with no common end node) interfere
with each other by secondary interference if there is a link
from the sender of one link to the receiver of the other link in
the communicaiton graph. For example, see Figure 1,25 , 47
at node 5. The patterns of primary and secondary interference
are illustrated in Figure 2.

(a) Primary (b) Secondary

Fig. 2. Patterns of radio interference

We remark that communication graph(V; E) is directed,
while interference graph(E; , ) is undirected. It makes no
sense to saye interferes withe0 bute0 does not interfere withe.

III. PROBLEM FORMULATION

The end to end throughput is essentially the maximum
amount of data that can be successfully sent from one node to
another in unit time. The throughput is achieved by a schedule,
which speci�es the actions of every network link during one
time unit.

A scheduleof a network is a 0-1 vectorz indexed bye 2 E
and 0 � t � 1. If z(e; t) = 1 , we saye is scheduled to be
active att, otherwisez(e; t) = 0 and we saye is inactive at
t. Schedulez is feasibleif 8e; e0 2 E, 0 � t � 1, z(e; t) =
z(e0; t) = 1 implies e does not interfere withe0 . In other
words,z is interference free at any time.
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Fig. 3. schedule of a linke

A link �ow is a vectorx indexed bye 2 E. We say link
�ow x is schedulableif there exists a feasible schedulez
such thatx(e)=c(e) =

R1
0 z(e; t)dt; 8e 2 E, where c(e) is

the capacity of linke. Herex(e)=c(e) is called theutilization
of e, it speci�es the fraction of time thate is scheduled to be

active. The set of all schedulablex forms theschedulability
space.

Problem 1: Given wireless network(V; E; , ; c), SCHEDU-
LABILITY asks if a particular link �owx is schedulable.
An s� d �ow , s; d 2 V , is a link �ow x that satis�es the �ow
conservation constraints whereE in (v) andEout (v) denote the
set of incoming and outgoing links incident onv:

X

e2 E in (v)

x(e) =
X

e2 E out (v)

x(e); 8v 2 V nf s; dg; (1)

and the capacity constraints:

0 � x(e) � c(e); 8e 2 E: (2)

The valueof a s � d �ow x, denoted asjxj, is de�ned to be:

jxj =
X

e2 E out (s)

x(e) �
X

e2 E in (s)

x(e); (3)

that is, the net amount of data �ow out of sources, which
is known to be equal to the net amount of data �ow into
destinationd if (1) holds. The set of alls � d �ow forms the
�ow space. The value of the maximum schedulabes � d �ow
is called thes � d throughput, denoted by� sd , or simply �
whens andd are clear from the context.

Problem 2: Given wireless network(V; E; , ; c), and two
nodess; d 2 V , THROUGHPUT asks for thes � d through-
put � sd .

The difference between wired and wireless version of
THROUGHPUT is, the former has only �ow space as the
feasible solution space, while the latter has the intersection
of �ow space and schedulability space. Of the two of them,
�ow space is well-characterized, while schedulability space
depends on the interference model and has a more complicated
structure without apparent characterization. As noted in the
introduction, THROUGHPUT has been shown to be NP-hard
in [1].

IV. U PPERBOUNDINGEND TO END THROUGHPUT

In this section, we present three upperbound estimation
approaches based on the notion of independence, clique and
congestion respectively, where the latter two are special cases
of the �rst.

A. Independence based upperbound

An independent setof the interference graph is a set of
mutually non-interfering links. Theindependence number� of
the interference graph is the size of the maximum independent
set. The independence number of the induced interference
graph on F � E is denoted by� (F ). Notice that the
notion of independence, as well as the notion clique and
congestion to be presented shortly, is de�ned with regard to
the interference graph, instead of communication graph. The
independence based upperbound approach is based on the
following necessary schedulability theorem.

Theorem 1:If link �ow x is schedulable, then it must
satisfy the following independence constraint onF , whereF
is an arbitrary subset ofE :
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X

e2 F

x(e)
c(e)

� � (F ); F � E: (4)

Proof: Let z be a feasible schedule that realizesx. For
any e 2 F , x(e)=c(e) =

R1
0 z(e; t)dt. Thus,

X

e2 F

x(e)
c(e)

=
X

e2 F

Z 1

0
z(e; t)dt =

Z 1

0

X

e2 F

z(e; t)dt:

By the feasibility ofz, the set of active links at timet forms
a independent set. Since� (F ) is the size of the maximum
independent ofF ,

P
e2 F z(e; t) � � (F ). Plug it into the

above equation, we have (4).
Constraint (4) speci�es a superset of the schedulability space,
and thus it together with the �ow conservation constraints
(1) and link capacity constraints (2) speci�es a superset of
the feasible solution space ofTHROUGHPUT. Clearly, there
is a independence constraint associated with every subsetF
of E . A group of such constraints together with (1) and
(2) also de�nes a superset of the feasible solution space
of THROUGHPUT. Therefore, the following linear program,
hereafter refered to as LP(F ), gives an upper bound of� sd ,
whereF is a group of subsets ofE .

maximize
X

e2 E out (s)

x(e) �
X

e2 E in (s)

x(e)

subject to
X

e2 F

x(e)
c(e)

� � (F ); 8F 2 F � 2E

X

e2 E in (v)

x(e) =
X

e2 E out (v)

x(e); 8v 2 V nf s; dg

0 � x(e) � c(e); 8e 2 E

The optimal solution of LP(F ) is denoted as�� sd (F ), or
simply �� (F ) when s and d are clear from the context. In
general, the moreF we put in F , the tighter �� (F ) will be.
One may wonder if�� (F ) = � whenF contains all the subsets
of E , i.e., F = 2 E ? Unfortunately, this is true only when the
interference graph falls into the class of graphs called rank
perfect graph[polyhedra and ef�ciency]. It is not known if
the interference graph considered in this paper(de�ned by a
communication graph and a speci�c interference model) is
rank perfect. We do not further explore into this question.
Instead, we devote the rest of this paper to choosing a “good”
F out of all the subsets ofE . We redeem a groupF of
F � E as good if 1. the number of elements inF is small,
2. � (F ); 8F 2 F is easy to compute, and most importantly,
3. �� (F ) is reasonably tight.

Remark: it is assumed by the protocol interference model
that a transmission fromu to v is successful if and only if
all the otherv's predecessors are not transmitting. A even
more realistic model is the so called physical model, which
assumes that the transmission successful if the SINR(signal to
interference plus noise ratio) atv is above a certain threshold,
where the interference contains the all transmitters. Although
the physical interference model can not be represented by an
interference graph any more, we can still similarly de�ne the
notion of � (F ) as the maximum number of links inF that
can be active at the same time without causing any failure of

transmission. When a procedure to compute� (F ) is given, the
independence based approach can still be applied to compute
the throughput upperbound.

B. Clique based upperbound

A clique of the interference graph is a set of mutually
interfering links. It is shown in [1] that if a link �owx is
schedulable, then it must satisfy the following clique constraint
on Q, whereQ � E is a clique:

X

e2 Q

x(e)
c(e)

� 1; Q � E is a clique (5)

Clique constrait (5) is obviously a special case of the indepen-
dence constraint (4) in that� (Q) = 1 whenQ forms a clique.
One important issue of this approach is, the number of cliques
in a graph can be exponentially large and enumerating all of
them is prohibitively expensive. An immediate observationfor
reducing the computation cost is that it suf�ces to enuemrate
maximal cliques only, but the number of maximal cliques in
general could still be too large.

The key idea of our approach is to choose a class of strong
cliques by taking advantage of the special interference patterns
in wireless networks. A class of cliquesQ1 is stronger than
classQ2 if for every cliqueQ1 2 Q 1, there is a cliqueQ2 2
Q2, such thatQ1 � Q2. If Q1 is stronger thanQ2, then the
clique constraints onQ2 are implied by the clique constraints
on Q1, and as a result�� (Q1) is tighter than�� (Q2).

�

(a) star clique

� �

(b) bell clique

Fig. 4. illustration of star and bell clique

The simplest class of cliques is called pair cliques, de�ned
as follows:

Qp = ff e; e0g; 8e , e0g (6)

That is,Qp containts all pairs of mutually interfering links.Qp

is obviously fairly weak since the size of each clique in this
class is only two. Despite of this, the presence of independence
constraints onQp makes the capacity constraintsx(e) �
c(e); 8e 2 E redundent. To see this, consider an arbitrary link
e, and any linke0 interfereing withe, by the clique constraint,
x(e)=c(e) + x(e0)=c(e0) � 1, which obviously impliesx(e) �
c(e), given x(e); x(e0); c(e); c(e0) � 0. More importantly,
Qp serves as our starting point to search stronger clique
classes.Qp can be partitioned into two subclasses of cliques
Q1

p and Q2
p that contains all pairs of mutually interfereing

links by primary and secondary interference respectively.The
following class of cliques, call the star cliques, is obtained
by merging pair cliques ofQ1

p into larger cliques and thus is
stronger thanQ1

p :

Qs = f E in (v) [ Eout (v); 8v 2 V g: (7)
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For example, Figure 4(a) shows what the star clique on node
4 of Figure 1 looks like in communication graph(we are only
interested in the shape of a clique in communication graph, be-
cause a clique will always look like a fully connected subgraph
in the interference graph). Star cliques are actually used in [3]
to derive an approximate upperbound for wireless networks
free of secondary interference. Therefore, it of course does not
consider constraints caused by secondary interference. Another
class of cliques has the following form:

Qb = f Eout (u) [ E in (v); 8uv 2 Eg: (8)

We call them the bell cliques. For example the bell clique for
link 45Figure 1 is depicted in Figure 4(b). It is indeed a clique
if we notice that every link inEout (u) interferes with every
link in E in (v) at nodev. Qb is stronger thanQ2

p because it
is obtained by expanding cliques inQ2

p.
In the following, we propose three classes of cliques by

further expanding star and bell cliques. For convenience of
exposition, we introduce the following additional notations.
The set of predecessors and successors ofv are denoted as
Npred (v) and Nsucc (v). De�ne Npred [v] = Npred (v) [ f vg
and Nsucc [u] = Nsucc (u) [ f ug. Let U be a subset ofV ,
and v be a single node. The set of all linkse = uv such
that u 2 U is denoted asE(U ! v). Similarly, E (v ! U)
denotes the set of all linkse = vu such thatu 2 U. By
this notation,E in (v) = E(Npred (v) ! v) and Eout (v) =
E(v ! Nsucc (v)) . We sayE1 � E interferes withE2 � E ,
if 8e1 2 E1 and8e2 2 E2, e1 interferes withe2.

First, consider the following class of cliques called classI
cliques:

Q1 = f E in (u) [ Eout (u) [ E (Npred (u) ! v); 8uv 2 Eg (9)

Each member ofQ1 is indeed a clique because:E in (u) inter-
feres withE(Npred (u) ! v) either atu or v. E (Npred (u) !
v) interferes withEout (u) at v. For example, Figure 5(a)
shows the shape of the class I clique for node 4 and 5 in Figure
1. Q1 is obviously stronger thanQs since it is obtained by
augmenting each star cliqueE in (u) [ Eout (u); 8u 2 E with
E(Npred (u) ! v); uv 2 E.

Second, letu, v and w be three nodes such thatuv 2 E
anduw 2 E. Consider class II cliques as follows:

Q2 = f Eout (u) [ E in (v) [ E (Npred [v] ! w); 8uv; uw 2 Eg
(10)

For example, Figure 5(b) shows the class II clique on node 4,
5 and 2 in Figure 1. Notice that,E (Vpred [v] ! w) interferes
with Eout (u) at w, and it also interferes withE in (v) at v. We
already showedEout (u) [ E in (v) is a clique, soEout (u) [
E in (v) [ E (Npred [v] ! w) is indeed a clique.Q2 is stronger
than Qb since it is obtained by augmenting each bell clique
E in (u) [ Eout (v); 8uv 2 E with E(Npred [v] ! w); uw 2
E; 8v 2 Nsucc (u).

Finally, let u, v andw be three nodes such thatuv 2 E and
wv 2 E. And consider class III cliques as follows:

Q3 = f Eout (u) [ E in (v) [ E (w ! Nsucc [u]); 8uv; wv 2 Eg
(11)

For example, Figure 5(c) shows the class III clique on node 4,
5 and 7 of Figure 1. By similary analysis we can show that,
each member ofQ3 is indeed a clique too.

By de�nitions of Q1, Q2 and Q3, there are at mostjE j
cliques inQ1, andjE j � jV j cliques inQ2 andQ3 respectively.
Thus, Q1, Q2 and Q3 can all be enumerated ef�ciently in
polynomial time. It is not guaranteed that cliques inQ1, Q2

and Q3 will be maximal. In fact,Q1, Q2 and Q3 can be
used as starting point to search even stronger cliques for
tighter upperbound if more computation power is available.
However, as our experiment results show,Q1, Q2 and Q3

already give very tight upperbounds in many cases, making
further searching unnecessary.

Remark: the power of our clique based upperbound ap-
proach lies in the observation that there are certain speci�c
patterns in the interference model that can be taken advantage
of to �nd a set of strong cliques ef�ciently. Our previously
considered interference model needs to be modi�ed with the
introduction of new wireless technologies such as transmission
power control, directional antenna, etc. With the ability to
dynamically adjust transmission power, a sender can work
with the power that is just enough to reach the receiver. With
directional antenna, the signal of a sender is stronger in certain
directions and weaker in others. There are certainly a lot more
to consider about �nding strong cliques in the interference
graph with these interference reducing technologies whichwe
plan to study in the future work.

C. Congestion based upperbound

Although our experiments show later that class I, II and III
clique constraints give practically tight upperbound, thetight-
ness is not guaranteed. In this section, we discuss congestion
based upperbound, which is always within a constant factor
of the exact throughput.

De�ne I � (e) to be the set of links that interfere withe and
whose length is larger thane. De�ne I � [e] = I � (e) [ f eg.
Following the convension of [2],I � [e] is called the congestion
set ofe. We have the following result:

Theorem 2:Let C = f I � [e] : 8e 2 Eg, then �� sd (C)=� sd is
less than a constantq.

Proof: It is shown in [2] that if �ow x satis�es the
following condition, then it must be schedulable:

X

e02 I � [e]

x(e0)
c(e0)

� 1; 8e 2 E (12)

(12) together with �ow conservation constraints (1) and link
capacity constraints (2) gives a lowerbound of� sd , denoted by
� sd .

By Theorem 1, a schedulabe �owx must satisfy:
X

e02 I � [e]

x(e0)
c(e0)

� � (I � [e]); 8e 2 E (13)

which gives an upperbound�� sd . It is also shown in [2] that
� (I � [e]) is less than a constantq when the communication
graph is a disk graph, and as a result,�� sd=� sd � q.
We call this approach by lettingF = C = f I � [e] : 8e 2 Eg
the congestion based approach. Notice that, there are only
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(b) class II clique
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(c) class III clique

Fig. 5. illustration of class I, II and III cliques

jE j number of members inC, thus they can be ef�ciently
enumerated. As pointed out before,� (I � [e]), 8e 2 E may
require extensive computation. Fortunately, radio interference
is in nature a local phenomena, that is, two links do not
interfere with each other if they are far away. As a result,
I � [e] typically only contains links in a close neighborhood,
and � (I � [e]); 8e 2 E may be computed ef�ciently if the
network is reasonably sparse.

V. EXPERIMENTAL EVALUATION

In this section, we evaluate the performance of clique and
congestion based approach on grid networks and random
networks respectively. In our experiments, linear programs
are solved by Lp_solve[8], and the following simple recursive
algorithm is used to compute the independence number� .

Algorithm 1 Independence number�
Input: interference graph(E; , ), a set of linksF � E
Output: independence number� (F )

1) if jF j = 0 return 0
2) pick a link e 2 F
3) recursively compute� (F nf eg) and � (F nI (e))
4) returnmaxf � (F nf eg); � (F nI (e)) + 1 g

A. Grid network

We create an 7x7 grid network as shown in Figure 6. All
the nodes have the same transmission range. Each line in the
Figure represents two directionaly links. We do not claim
this grid network represent any real world wireless network
topology. blahblah. We assign to each link a random capacity
with uniform distribution from 0 to 100. We randomly pick
10 pairs of nodes, and compute theirs � d throughputs. The
upperbounds computed by lettingF to Q1, Q2, Q3 and C
are listed under column�� 1, �� 2, �� 3 and �� c in table I. Column
�� 123 and �� 123c are upperbounds computed by lettingF to be
Q1 [ Q 2 [ Q 3 andQ1 [ Q 2 [ Q 3 [ C respectively. Column�
lists the lowerbounds computed by the maximal independent
sets enumeration method in [1]. We spent 3000 units of effort
to compute each� .

From the results we can see that, �rst,�� c is consistently
higher than�� 1, �� 2 and�� 3. Furthermore,�� 123c always conincide
with �� 123 in this experiment. That is to say, adding congestion

Fig. 6. 7x7 grid network

�� 1 �� 2 �� 3 �� c �� 123 �� 123 c �
1 60.04 53.06 53.06 101.68 53.06 53.06 51.33
2 53.41 51.62 61.62 115.96 51.62 51.62 51.41
3 86.00 86.00 86.00 158.90 86.00 86.00 86.00
4 73.79 64.71 64.71 149.52 64.71 64.71 56.62
5 63.84 60.14 60.14 121.11 60.14 60.14 51.89
6 62.79 54.70 54.70 103.83 54.70 54.70 54.70
7 60.62 47.70 47.70 95.06 47.70 47.70 41.17
8 44.13 41.57 41.57 82.20 41.57 41.57 34.67
9 33.20 31.36 31.36 77.44 31.36 31.36 31.07
10 33.20 31.36 31.36 75.46 31.36 31.36 31.28

TABLE I

GRID NETWORK

constraints does not further lower the upperbound by clique
constraints. Second, the numbers in column�� 123 are very close
to the numbers in column� . Note that, not like�� 123c, �� 123

can be computed in purely polynomial time. These evidences
recommend�� 123 as a favorable upperbound. In this regards,
we computed�� 123 for all pairs of nodes in this network and
compare them with� . We found that more than 90% of the
time, �� 123 is within 1:05� , and never falls beyond1:25� , which
shows that�� 123 is a suf�ciently tight estimation of� .

B. Random network

We create a set of 40 nodes on a 500x500 Euclidean plane.
Each node is equipped with one radio unit with a random
transmission range of mean 120 and variance 20. Each link
in the network is assigned a random capacity with uniform
distribution from 0 to 100. We randomly pick 10 pairs of
nodes, and compute thes � d throughputs. The results are
listed in Table II, where the meaning of each column is the
same as that in grid network experiment.

From this table,�� c is still consistently higher than�� 1, �� 2 and
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Fig. 7. random network

�� 1 �� 2 �� 3 �� c �� 123 �� 123 c �
1 22.99 23.10 22.72 32.45 22.71 22.22 17.66
2 8.17 7.53 7.53 9.00 7.53 7.53 7.53
3 41.18 39.90 40.81 59.59 39.90 39.86 27.91
4 20.67 16.47 16.47 38.00 16.47 16.47 16.47
5 8.17 8.17 8.17 9.00 8.17 8.17 8.17
6 84.00 84.00 84.00 91.00 84.00 84.00 84.00
7 96.00 96.00 96.00 181.75 96.00 96.00 96.00
8 67.38 61.90 55.77 126.45 54.57 54.57 44.96
9 51.58 38.85 37.82 63.00 35.42 34.47 32.00
10 8.17 7.53 7.53 9.00 7.53 7.53 7.53

TABLE II

RANDOM NETWORK

�� 3. Most of the times except for the �rst and third run,�� 123c

coincides with �� 123 . Even though�� 123c is a little bit lower
than �� 123 for the �rst and third run, the gap between these
two values is small. Again, this suggests�� 123 as a favorable
upperbound given that it can be ef�ciently computed. After
that, we computed�� 123 and � for all pairs of nodes in this
network, and found that more than 90% of the time,�� 123 is
within 1:35� , and never falls beyond2� .

VI. RELATED WORK(UNDER CONSTRUCTION)

The problem of computing the end to end throughput
for multihop wireless networks has been considered back
in [9], which assumed a distance one interference model.
The author showed that the problem is polynomial time
solvable and give a matching based algorithm. Given the
unknown time complexity of [9]'s work, [3] proposed an
ef�cient approximation algorithm based on Shannon's coloring
theorem. Both [9] and [3] neglect the existence of secondary
interference. [1] proposed a maximal independent set based
lowerbound and a clique based upperbound technique. Their
approach is general enough to be applied to a large class
of networks, but on the other hand, it does not take fully
advantage of the special topology and interference pattern
of wireless networks. [2] established a lowerbound that is
within constant factor of the throughput. Based on their results,
we developed a complementary upperbound. We show by
experiment that the upperbound is more of theoretical interest
than of practical value. Finally, [4], [5] considered throughput
estimation in multi-radio multi-channel wireless networks.
Throughput estimation in the single-radio single-channelcase
is still fundamental.

VII. C ONCLUSIONS

In this paper, we propose new and ef�cient method to
compute the upperbound of wireless end to end throughput.
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