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Back-Pressure
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Abstract—This paper focuses on scheduling in multihop wireless
networks where flows are associated with fixed routes. The well-
known back-pressure scheduling algorithm is throughput-optimal,
but requires constant exchange of queue length information among
neighboring nodes for calculating the “back-pressure.” Moreover,
previous research shows that the total queue length along a route
increases quadratically as the route length under the back-pressure
algorithm, resulting in poor delay performance. In this paper, we
propose a self-regulated MaxWeight scheduling, which does not
require back-pressure calculation.We prove that the self-regulated
MaxWeight scheduling is throughput-optimal (an algorithm is said
to be throughput-optimal if it can stabilize any traffic that can be
stabilized by any other algorithm). In the simulation part, we show
that the self-regulated MaxWeight scheduling has a much better
delay performance than the back-pressure algorithm.

Index Terms—Back-pressure, scheduling, throughput-optimal,
wireless multihop networks.

I. INTRODUCTION

T HIS paper considers the scheduling problem in multihop
wireless networks. A widely used algorithm to stabilize

multihop flows in wireless networks is the back-pressure algo-
rithm proposed in [2], which can stabilize any traffic load that
can be supported by any other routing/scheduling algorithm.We
refer to [3] and [4] for a comprehensive survey on the back-pres-
sure algorithm and its variations. A key idea of the back-pres-
sure algorithm is to use the largest queue difference as link
weight and schedule the set of links with the largest aggregated
weights. Therefore, the back-pressure algorithm requires con-
stant exchange of queue length information among neighboring
nodes. Furthermore, under the back-pressure algorithm, the sum
of the queue lengths along a route increases quadratically as
the length of the route [5], which leads to poor delay perfor-
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mance. The delay performance of the back-pressure algorithm
has received much attention recently, and different approaches
have been developed to improve the delay performance of the
back-pressure [5]–[8]. These algorithms, however, still rely on
the back-pressure calculation for scheduling, so they still re-
quire a constant exchange of queue length information.
In this paper, we consider the following question:Can the net-

work be stabilized without using the back-pressure?We address
this question in a multihop wireless network with fixed routing.
We note that a multihop flow with a fixed route can be broken
into multiple single-hop flows, one for each link on the route.
A scheduling policy that stabilizes the collection of single-hop
flows also provides sufficient service rates for supporting the
set of multihop flows. Therefore, assuming each link knows the
aggregated rate it needs to carry, an alternative scheduling ap-
proach is to let each link generate virtual packets [5], [9] ac-
cording to the aggregated rate and then let the network schedule
the links according to the virtual queues. When a virtual queue
is scheduled, real packets are served according to the allocated
link rate. This approach is throughput-optimal under the fixed
routing assumption, but again requires information exchange
in the network. A source needs to estimate the arrival rate of
the associated flow and communicate the rate to all nodes along
the route of the flow. A directly following question is whether,
and under what conditions, it is possible to stabilize a network
without explicitly exchanging any information among nodes in
the network. In the following, we present an algorithm that can
achieve this goal for networks where: 1) the arrival processes
satisfy some statistical property; and 2) the routes of flows are
fixed.
We propose a self-regulated MaxWeight scheduling al-

gorithm where each node estimates the aggregated link rate
locally, i.e., by taking average over the past arrivals on that link.
We would like to emphasize that the accuracy of the link-rate
estimates relies on the stability of the network because if one
queue builds up, it blocks packets to downstream nodes so that
those nodes cannot accurately estimate the link rates. On the
other hand, the stability of the network relies on the accuracy
of the link-rate estimates. This is an interesting paradox that
makes the stability of the self-regulated MaxWeight scheduling
a nontrivial problem. In this paper, we prove that the self-reg-
ulated MaxWeight scheduling is throughput-optimal when the
traffic flows are associated with fixed routes and the packet
arrivals follow some statistical property. The self-regulated
MaxWeight scheduling combined with distributed scheduling
algorithms such as the CSMA-based scheduling [10]–[12]
provides a scheduling algorithm for multihop wireless net-
works, which does not require any information exchange in the
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network. Finally, we would like to comment that the proposed
algorithm is motivated by the idea of regulators, which was
first proposed for re-entrant lines in [13] and later used for
scheduling in wireless networks [14]. Our algorithm, however,
does not require any information exchange in network, while
the algorithm in [14] requires the mean arrival rates to be
communicated to the regulators in the network.

II. BASIC MODEL

We consider a network represented by a graph ,
where is the set of nodes and is the set of directed links.
Let and . Denote by the link from
node to node , which implies that node can communicate
with node . Furthermore, let denote a link-rate
vector such that is the transmission rate over link .
A link-rate vector is said to be admissible if the link-rates
specified by can be achieved simultaneously. Define to be
the set of all admissible link-rate vectors. It is easy to see that
depends on the choice of interference model and might not

be a convex set. Furthermore, is time-varying if channels are
time-varying.We further assume that there exists such that

for all and all admissible .
We consider multihop traffic flows with fixed routing in this

paper and assume each flow is associated with a single route.
Let denote a flow, and denote the route associated with
flow . Denote by the source node of flow , and the
destination node of flow . Furthermore, let denote the
rate at which packets of flow are served over link . We
use to denote the set of all flows in the network, and
. Assume that time is discretized, and let

denote the number of packets injected by flow at time . We
assume , which is the arrival rate of flow . We
further assume is upper-bounded, i.e.,
for all and . Denoting by which is
the aggregated arrival rate of flow at time , we assume that

satisfies the following property: Given any , there
exists such that for any

(1)

for all .
Note that if is independent and identically distributed

over time, since , according
to the Strong Law of Large Numbers,

. However, condition (1) requires
a uniform convergence of all sample paths and is stronger than
the sample path convergence of random variables guaranteed by
SLLN. We do not assume are i.i.d. across time because
condition (1) implies the arrival process is dependent.

III. NECESSARY CONDITIONS FOR STABILITY

In this section, we characterize the necessary conditions of
stability. We say a traffic load is supportable if there

exists such that the following two conditions

hold.
(i) For any flow and node

(2)

Fig. 1. Two-stage queue architecture.

where equals one if , and zero otherwise.
(ii)

(3)

where is the convex hull of .
Recall that each flow is associated with a fixed route. It is easy

to see the necessary condition (2) is equivalent to the following
statement: For any flow and , we have

(4)

IV. SELF-REGULATED MAXWEIGHT SCHEDULING FOR
MULTIHOP WIRELESS NETWORKS

In this section, we introduce the self-regulated MaxWeight
scheduling for multhop wireless networks, which will be proved
to be throughput-optimal later.
Two-Stage Queue Architecture: Each node maintains two

types of queues: per-flow queues and per-link queues as shown
in Fig. 1. An incoming packet is at first buffered at the corre-
sponding per-flow queue and then moved to the per-link queue
(the details will be described later). In this paper, we denote by

the length of the queue maintained at node for flow ,
and the length of the queue maintained at node for
link . Clearly, the queue for link is maintained only
at node , so we simplify to be without causing
any confusion.
Self-Regulated MaxWeight Scheduling:
• MaxWeight scheduling: Compute an admissible link-rate
vector such that

(5)

Note that here instead of using the back-pressures as link
weights, we use the queue lengths of per-link queues as
link weights to make scheduling decisions.

• Per-link queue transmission: Node transmits

packets to node over link . The packets are de-
posited into per-flow queues at node according to the
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flows to which they belong. We let denote the
number of packets of flow that are transmitted over
link at time . Note that

always holds.
• Per-flow queue transmission: Denote by the number
of packets deposited into queue at time-slot , i.e.,

if node is not the source node of flow , and

if node is the source node of flow .
For each flow , node maintains a rate estimate

(6)

where is the next hop from node on the route of
flow . If , then let

where is a positive constant we can set. At time-
slot , node moves

packets from queue to queue . We further de-
fine the packet arrivals of per-link queues

Remark: Note that we use weight instead
of in the rate estimate (6). In [1], we proved that the pro-
posed algorithm supports any such that is strictly
within the network throughput region. By replacing the con-
stant with the inverse of the queue length , the
algorithm can support any that is strictly within the throughput
region. Furthermore, in a light traffic regime, is ex-
pected to be small, so will not be very close
to one. With a large weight in the rate estimate, the algorithm
moves packets from per-flow queues to per-link queues quickly
so the per-flow queues will not become the bottlenecks, which
reduces end-to-end transmission delays.
The intuition of this two-stage queue architecture is that we

break each multihop flow into multiple single-hop flows, one
for each link on the route. A scheduling policy stabilizing the
collection of single-hop flows also provides sufficient service
rates for supporting the multihop flow. Therefore, if each link
knows the required rate for it to carry, it can simply generate
virtual packets [5], [9] according to the required rate and then let
the network make scheduling decisions according to the virtual

Fig. 2. Notations and the flows.

queues (per-link queues). When a virtual queue is scheduled,
real packets are served according to the allocated link rate. Note
that back-pressure scheduling becomes MaxWeight scheduling
here since all flows are single-hop flows. This method, however,
requires the source nodes to communicate the data rates to all the
links on the routes and thus requires additional communication
overhead. To totally remove the communication overhead, we
let each node estimate the required link rate locally by averaging
over the past arrivals as in (6).
The notations are illustrated in Fig. 2. From the definition of

the self-regulated MaxWeight scheduling algorithm, we can see
that the dynamics of queue and are

(7)

(8)

In the following, we will prove that the self-regulated
MaxWeight scheduling algorithm stabilizes any traffic within
the stability region of the network. The analysis consists of
two steps: We first show that the per-link queues are bounded
(Lemma 1), and then using induction to prove that the per-flow
queues are bounded as well (Lemma 2).
Lemma 1: Given a set of traffic flows such that

is supportable for some , there exists a positive constant
such that the lengths of any per-link queue is no more

than for all .
Proof: Since we study the stability of the system, we are

only concerned about the queue lengths when is large. From
(1) we know that for any given , we can find , such
that when

Therefore, for any node

which implies that

Since is supportable, according to the necessary
conditions for stability (refer to the condition), there exists
such that
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for any flow and link that is on the route of . Let
, then for any link ,

we can conclude that

(9)

The dynamic of per-link queues can be rewritten as

where is the unused service due to the lack of packets
in the queue. It is easy to see that when ,

, so .
Considering the following Lyapunov function:

We have

(10)

(11)

where .
From inequality (9), we can get

where .
Furthermore, from the MaxWeight scheduler (5) and neces-

sary condition (3), we have

where .
Therefore, we conclude that

It is easy to see that when ,
. Thus
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If we further choose such that , then

Now note that . Given
a positive constant , when

Thus, we have

From the above analysis, we can see when , if
, the drift of

the Lyapunov function is negative. Moreover, when ,
. Therefore, there exists a constant

such that for all . Hence,
for any and .
Next, based on Lemma 1, we will prove that all per-flow

queues are bounded as well.
Lemma 2: Given a set of traffic flows such that

is supportable for some , under the self-regulated
MaxWeight scheduling, there exists a constant such that the
lengths of the per-flow queues are upper-bounded by for all .

Proof: First consider the source node of flow . Sup-
pose is the second hop on the route of flow . For node ,
we have the rate estimate

From property (1), we know as .
Furthermore, according to Lemma 1, for all
. Combining these two facts, we can always find such that
when , .
We define a “super time-slot” for node , which consists

of time-slots, where is a positive number. We index
the super time-slot using . Denote by the number of
arrivals of flow at node during super time-slot . Due to
(1), when . In other words, for
a constant such that , we can always find
an such that . In other words

On the other hand, for , during super time-slot
, . In other words, the aggregated

service rate of during is at least .
Since , we have

From that above analysis, we can see that the packets arriving
at node during super time-slot can be completely served
during super time-slot , if . Since the number of
arrivals to node before time is at most , it is easy
to see that there exists a constant such that for
all .
Next, we use induction to prove all per-flow queues are

bounded by a constant. Denote by the th node on the route
of flow . Now assume that

for all and induction assumption

We next define

First consider the departures of the per-flow queue at
node . It is easy to see that

because is an upper bound on the number of packets be-
longing to flow and queued at nodes to node (the up-
streaming nodes of node ). Hence according to (1), we have

as . Moreover, based on Lemma 1,
for any . Therefore, there exists some , such that when

Next, consider the arrivals of the per-flow queue at
node . Similarly, we also define a “super time-slot” for
node , and each super time-slot consists of time-slots,
where is a positive number. We index the super time-slots
using . According to (1), for any , there exists some
large enough such that the total number of arrivals at source
node during super time-slot satisfies

Thus, the total number of arrivals at node during super
time-slot satisfies
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Now we consider the dynamic of . We select
large enough and small enough such that

. For the arrival part

For , during super time-slot , the rate estimate

In other words, the aggregated service rate of during
is at least . Thus, we have

From the above analysis, we know the available service rate

for the per-flow queue during super time-slot is al-
ways greater than the arrivals at super time-slot if .
In other words, under the proposed scheme, the arrival packets
at super time-slot can always be completely served by the end

of super time-slot . Since the arrival packets to be-
fore time are at most , there exists a value such

that for all . Then, the lemma follows from
the induction principle.
Based on Lemmas 1 and 2, we directly have the following

theorem.
Theorem 3: Given a set of flows with arrival rates such

that is supportable for some , all queues under
the self-regulated MaxWeight algorithm are bounded.

V. SIMULATIONS

In this section, we use simulations to evaluate the perfor-
mance of the self-regulated MaxWeight algorithm, compared to
the well-known back-pressure algorithm.

A. Simulation Settings

In this section, we introduce the simulation settings for
Sections V-B and V-C. The network we studied in the simu-
lations is shown in Fig. 3, which is a grid network with 8 8
nodes and some random links. The network topology and node
indexes are shown in the figure.
All links are bidirectional links, and each link has capacity 1,

i.e., in each time-slot, each link can transmit at most one packet.
There are 12 flows in the network, and each of the flows is as-
sociated with a fixed route. The routes are shown in Table I.
From the table, we can see multiple links are used by 2 or 3
flows. In the simulations, we varied the arrival rates of flows
to evaluate the performance of the two algorithms under dif-
ferent traffic loads. Each simulation was executed for 100 000
time-slots. Note that in the self-regulatedMaxWeight algorithm,
is set to be 500.
We studied two performance metrics, the total queue length

in the network and the average end-to-end delay. Reference [5]
points out that under the back-pressure algorithm, the sum of
the queue lengths along a route increases quadratically with the
route length, which leads to a poor delay performance. We were

Fig. 3. Network topology.

TABLE I
FLOWS IN THE NETWORK

interested in whether this phenomenon occurs under the self-
regulated MaxWeight algorithm.

B. Case Where Q-CSMA Is Used for Scheduling

Aswementioned in previous sections, if we combine the self-
regulated MaxWeight algorithm with CSMA-based scheduling
scheme, the information exchange in the network will be elimi-
nated. In this section, we simulated the case where Q-CSMA is
used as the scheduling scheme.
For the interference model, we assume at each time-slot, each

node is allowed to transmit to one of its neighbors at most. We
further assume the half-duplex interference constraint. In other
words, when a link is active, the following three conditions
must be satisfied: 1) the receiver of the link is not transmitting;
2) any neighbor of the receiver is not transmitting; 3) the
neighbors of the transmitter of the link may be transmitting
simultaneously, but cannot take the transmitter as the destina-
tion. To schedule the links without violating the interference
constraints, we used Q-CSMA as a distributed scheduling
scheme [10]–[12]. Fixing the queue lengths, Q-CSMA is a
distributed algorithm of finding the MaxWeight schedule.
Under Q-CSMA, each node adapts its scheduling decision
based on its own queue length and the transmission status of
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Fig. 4. Total queue lengths in the network under constant arrivals.

its interfering neighbors, which are learned via carrier sensing.
It has been proved that the schedules used under Q-CSMA
form a Markov chain, and at the steady state, the Markov
chain converges to the MaxWeight schedule. Note the self-reg-
ulated MaxWeight algorithm eliminates the communication
overhead of exchanging queue lengths among neighboring
nodes, and Q-CSMA eliminates the communication overhead
of exchanging scheduling decisions among neighboring nodes.
Therefore, the joint self-regulated MaxWeight and Q-CSMA
completely eliminates the communication overhead and is a
fully distributed scheduling algorithm for wireless networks
with multihop traffic flows.
We assume the 12 flows have the same packet arrival rate,

denoted by , i.e., for all . We varied from 0.01 to
0.07 to represent different traffic loads.
1) Case of Constant Arrivals: First, we considered the case

of constant arrivals. In other words, for all . Note
that under this constant arrival rate, property (1) is satisfied.
The overall queue lengths in the network are shown in Fig. 4.

As we can observe, when the traffic loads are low, i.e., ,
the total queue lengths under both algorithms are similar. How-
ever, undermedium or high traffic loads, the back-pressure algo-
rithm performs much worse than the self-regulated MaxWeight
algorithm.
The average end-to-end delays are shown in Fig. 5. The av-

erage end-to-end delay is defined to be the average amount of
time needed to transmit a packet from the source to the destina-
tion. From the figure, we can see that, similar to the total queue
lengths, two algorithms have similar performance under low
traffic loads, but with medium or high traffic loads, the self-reg-
ulated MaxWeight algorithm outperforms the back-pressure al-
gorithm significantly.
Fig. 6 depicts the cumulative queue lengths versus hops to

the destination. On the graph, the -axis denotes the distance to
the destination, and the -axis is the cumulative queue length
from the current node to the destination. We randomly picked
a flow that is flow 0 for this simulation and observed its queue
lengths under high traffic load, i.e., . Under the back-
pressure algorithm, the cumulative queue length increases al-
most quadratically as increases (e.g., the cumulative queue
length at the sixth hop is 6.5, which is close to four times of
the cumulative queue length at the third hop, which is 1.6),

Fig. 5. Average end-to-end delay under constant arrivals.

Fig. 6. Cumulative queue lengths versus hops under constant arrivals.

which is consistent with the observation in [5]. For the self-reg-
ulated MaxWeight algorithm, the cumulative queue length in-
creases almost linearly as . This is what we expected because
the algorithm does not need to build up positive “pressure” to
pushed the packets to their destinations under the self-regu-
lated MaxWeight algorithm. This is the reason our self-regu-
lated MaxWeight algorithm outperforms the back-pressure al-
gorithm in terms of queue lengths and delays.
2) Case of Poisson Arrivals: Next, we consider the case of

Poisson arrivals. We assume the number of arriving packets of
each flow follows a Poisson distribution with expectation .
The total queue lengths are shown in Fig. 7. We can observe

from the curves that our proposed algorithm has a much better
performance than the well-known back-pressure algorithm in
terms of total queue lengths, especially in the heavy traffic
regime. The reason is that under our algorithm, the network
does not need to build up positive queue difference to transmit
packets down to the destination, so the number of packets
queued in the network is less than that of the back-pressure
algorithm.
Furthermore, Fig. 8 shows that the self-regulated MaxWeight

algorithm results in a smaller end-to-end delay compared to the
back-pressure algorithm. This is a natural result following di-
rectly from the situation of total queue lengths and Little’s law.
Similar to the case of constant arrivals, Fig. 9 illustrates that

the queue length accumulates quadratically from the destination
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Fig. 7. Total queue lengths in the network under Poisson arrivals.

Fig. 8. Average end-to-end delay under Poisson arrivals.

Fig. 9. Cumulative queue lengths versus hops under Poisson arrivals.

to the source under the back-pressure algorithm, while under
the self-regulated MaxWeight algorithm, the cumulative queue
length increases linearly as .
3) Case of Pareto Arrivals: We further studied the scenario

where the arrivals follow a Pareto distribution with scale param-
eter and shape parameter . Note that here the arrival rate

Fig. 10. Total queue lengths in the network under Pareto arrivals.

Fig. 11. Average end-to-end delay under Pareto arrivals.

Fig. 12. Cumulative queue lengths versus hops under Pareto arrivals.

. We fixed , and correspond-
ingly, we have .
The total queued packets, average end-to-end delays, and

cumulative queue lengths along some routes are illustrated in
Figs. 10–12, respectively. From them, we can see that even with
Pareto arrivals, we can still observe similar phenomena as in
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Fig. 13. Total queue lengths in the network under Poisson arrivals.

Fig. 14. Average end-to-end delay under Poisson arrivals.

the case of Poisson arrivals. In other words, the self-regulated
MaxWeight algorithm still has much better performances than
the back-pressure algorithm.

C. Case of Interference-Free Wireless Networks

In this section, we compare the performance of our algorithm
to the original back-pressure algorithm without Q-CSMA. Note
that, in general, finding the max-weight independent set in a
general interference graph is an NP-hard problem. Therefore,
we simulated a wireless network where we assume neighboring
links use orthogonal frequencies so they do not interfere with
each other.
It is easy to see that in this network, the aggregated load on

each link should not exceed one since the link capacity is one.
We used this criteria to choose flow arrival rates to guarantee the
traffic is inside of the capacity region. In particular, for flows 0
and 4, we chose ; for flows 3, 7, 8, and 11, we chose

; and for all other flows, we chose . We
varied from 0.1 to 0.8 to evaluate the performance under dif-
ferent traffic loads. The arrivals follow Poisson distributions.
Figs. 13 and 14 illustrate the total queue lengths and average

end-to-end delay under the two algorithms. From the figures,
we can see that the self-regulated MaxWeight algorithm still
significantly outperforms the back-pressure algorithm. This is

Fig. 15. Cumulative queue lengths versus hops under Poisson arrivals.

Fig. 16. Random network 1.

because there is no need to build up positive queue differences
to push the packets to their destinations under our algorithm.

D. Random Networks With Random Flows

In the previous simulations, we compared the performance
of our algorithm and the back-pressure algorithm in a grid
network. In this section, we further validate the performance
our algorithm in three networks that are randomly generated
and have random flows. We used Q-CSMA as the scheduling
scheme in the simulations and the same interference model as
in Section V-B. Flow arrivals follow a Poisson distribution.
In the self-regulated MaxWeight algorithm, is set to be
500. Each simulation was executed for 100 000 iterations. For
each of the these three random networks, we compared the
performance of the self-regulated MaxWeight algorithm and
the original MaxWeight algorithm and evaluated both the total
queue lengths and the average end-to-end delays.
1) Random Network 1: The first random network is shown

in Fig. 16, which consists of 21 nodes. We randomly created six
traffic flows in the network, as listed in Table II. The arrival rate
of flows 0 and 1 is , the arrival rate of flows 2 and 3 is ,
and the arrival rate of flows 4 and 5 is . We varied from
0.007 to 0.056 in the simulations. The performance comparison
is in Figs. 17 and 18.
2) Random Network 2: The topology of the second random

network is shown in Fig. 19. It consists of 16 nodes. We created
six random traffic flows as listed in Table III. The arrival rate of
flows 0 and 1 is chosen to be , the arrival rate of flows 2
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Fig. 17. Total queue lengths in random network 1.

Fig. 18. Average end-to-end delays in random network 1.

TABLE II
FLOWS IN RANDOM NETWORK 1

and 3 is chosen to be , and the arrival rate of flows 4 and 5 is
chosen to be . The simulation results are in Figs. 20 and 21.
3) Random Network 3: Fig. 22 shows the topology of the

third random network, which contains 18 nodes. The traffic
flows are listed in Table IV. The arrival rate of flows 0 and
1 is , the arrival rate of flows 2 and 3 is , and the arrival
rate of the rest of the flows is . The simulation results are
summarized in Figs. 23 and 24.
As we can see from these simulation results, the self-regu-

lated MaxWeight algorithm significantly outperforms the back-
pressure algorithm, especially when traffic load is high.

VI. LIMITATIONS AND DISCUSSION

In this section, we discuss the limitations of our model and
possible extensions.

Fig. 19. Random network 2.

Fig. 20. Total queue lengths in random network 2.

Fig. 21. Average end-to-end delays in random network 2.

TABLE III
FLOWS IN RANDOM NETWORK 2

A. Elastic Flows and Fairness

In this paper, we focused on inelastic flows and the stability
of the network. An interesting open problem is to see whether
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Fig. 22. Random network 3.

Fig. 23. Total queue lengths in random network 3.

Fig. 24. Average end-to-end delays in random network 3.

TABLE IV
FLOWS IN RANDOM NETWORK 3

a similar algorithm can be derived for elastic flows. For elastic
flows, the aggregated load on each link varies over time and
is controlled by the congestion control algorithm. It has been
shown in [15]–[17] that joint congestion control and back-pres-
sure routing/scheduling can solve the network utility maximiza-
tion problem and achieves a fair resource allocation. One of our
future research problems is to extend the proposed algorithm
to elastic flows. Note that in the back-pressure algorithm, the
queue at a source node reflects the congestion level of the net-
work due to the back-pressure nature of the algorithm. There-
fore, the source rate should be chosen to be inversely propor-
tional to the queue length at the source. Under our algorithm,
the queue at the source does not reflect the network congestion,
so new congestion control algorithms need to be derived.

B. Routing

Our model assumes a single fixed route for each flow.
The celebrated back-pressure algorithm [2] simultaneously
tackles routing and scheduling and achieves throughput opti-
mality. While our result shows that it is possible to design a
throughput-optimal scheduling algorithm without exchanging
queue length information among neighboring nodes, it is yet
clear whether a similar approach works for multipath routing
or dynamic routing. In multipath routing or dynamic routing,
the aggregated load on a link depends on the routing decisions,
so it is not fixed. Therefore, estimating the required link rate
locally is not as easy. In [18], the authors proposed an approach
to generate routing probabilities based on historical data and
then to use this information in the back-pressure routing. The
approach, however, still requires queue information exchange
for computing the routing probabilities. It remains to be an
interesting research problem to see whether the communication
overhead can be completely eliminated in multipath routing or
when routes are not fixed.

C. Traffic

In this paper, we assume that arrivals satisfy condition (1).
We conjecture that the algorithm remains to be throughput-op-
timal for more general traffic types. Our simulation results con-
firmed that the algorithm performs well with Poisson arrivals
and Pareto arrivals. It is one of our future research problems to
prove the throughput optimality of the proposed algorithm for
general arrivals.

D. Queue Complexity

The two-stage queue architecture requires both per-flow
queues and per-link queues at each node. Thus, the number
of queues needed at each node can be very large when there
are many flows in the network. A recent paper [19] has shown
that a similar algorithm with per-hop queues can also achieve
throughput optimality.

VII. CONCLUSION

In this paper, we considered the scheduling problem in
multihop wireless networks and proposed the self-regulated
MaxWeight scheduling that does not require the exchange of
queue length information among neighboring nodes, hence
completely eliminating the communication overhead when
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combined with recent CSMA-based scheduling algorithms.
The new algorithm is proved to be throughput-optimal and
has a much better performance compared to the well-known
back-pressure algorithm.
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