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Dynamic Scheduling for
Wireless Data Center Networks
Yong Cui, Member, IEEE, Hongyi Wang, Xiuzhen Cheng, Member, IEEE, Dan Li, and Antti Ylä-Jääski
Abstract—Unbalanced trafﬁc demands of different data center applications is an important issue in designing Data center networks
(DCN). In this paper, we present our exploratory investigation on a hybrid DCN solution of utilizing wireless transmissions in DCNs.
Our work aims to solve the congestion problem caused by a few hot nodes to improve the global performance. We model the wireless
transmissions in DCN by considering both the wireless interference and the adaptive transmission rate. Besides, both throughput
and job completion time are considered to measure the impact of wireless transmissions on the global performance. Based on the
model, we formulate the problem of channel allocation as an optimization problem. We also design an approximation algorithm with
an approximation bound of 1/2 and a genetic algorithm to address the scheduling problem. A series of simulations are performed to
evaluate and demonstrate the effectiveness of our wireless DCN scheme.
Index Terms—Data Center Networks, wireless communication, dynamic scheduling, evolutionary computing and genetic algorithms
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I NTRODUCTION

With the development of cloud computing, more and
more data centers are built to provide various cloud
applications such as search, e-mail, and distributed ﬁle
systems. As the infrastructure of data centers, data center
networks (DCN) are constructed to provide a scalable
structure and an adequate network capacity to bear the
services.
However, current DCN, which evolves from Enterprise LAN networks, comes across more and more difﬁculties with the growth of cloud computing. To begin
with, the rapidly increasing size of data centers brings
new challenges. Nowadays, large-scale data centers usually consist of thousands of servers. For traditional
Ethernet solutions, expensive high-end switches and a
huge number of wires are necessary to support so many
servers, which leads to a lot of troubles in wiring and
maintaining.
On the other hand, data center applications with
unbalanced trafﬁc distributions suffer from inadequate
network capacity. Based on the trafﬁc statistics obtained
from a real-world data center, typical data center applications such as map-reduce [1] usually generate a
trafﬁc demand with only a few nodes being hot (i.e.,
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these nodes need to transmit a large volume of trafﬁc).
Figure 1 shows an example of trafﬁc demand matrix,
where darker points stand for higher trafﬁc demands.
Although the matrix is quite sparse, those hot nodes are
likely to cause loss on edge links and therefore put off the
completion of a job. Furthermore, the non-deterministic
distribution of hot nodes makes it impossible to set
up additional wired links in advance to relieve the
congestion. As a result, the network is prone to suffer
from hot spot congestion, which cannot be efﬁciently
relived by deterministic wired topology [2], [3], [4].
To solve these problems, we propose to utilize wireless
transmissions in DCNs. Compared with wired connections, wireless links have advantages in several aspects.
First, they are free of wiring and thus the maintenance
is much more convenient. Second, direct links between
servers are easy to achieve with wireless techniques
inside a data center, which can avoid the extra cost
in multi-hop transmissions. Third, dynamic wireless
connections can be set up on-demand. Therefore, it is
possible to adjust the topology dynamically to provide
more network capacity for hot nodes.
Moreover, the state-of-art high-frequency wireless
techniques [5] make it possible for wireless transmissions
to provide as enough bandwidth as Ethernet. In particular, IEEE 802 has been working on the standards of the
communications at 60GHz, named with IEEE 802.11ad.
Prototype devices have also been produced. In brief,
wireless transmissions offer an available solution for the
non-deterministic unbalanced trafﬁc distribution of data
center applications.
Nevertheless, due to limited channel resources and
their susceptibility to interference, it’s hard to build
large-scale data center networks with wireless alone.
Based on these observations mentioned above, we propose a hybrid DCN solution in which wireless networks
work as a supplementary of Ethernet structure to ad-
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dress the congestion problem. By shifting the workload
of hot nodes with wireless communications, the performance of the hybrid DCN can be signiﬁcantly improved.
There are some challenges in the design of hybrid
DCNs. To begin with, wireless links should be arranged
appropriately to improve the performance. A lot of
factors are involved in the wireless scheduling. For
example, wireless links should be set up to solve the
congestion of hot servers. Channels should be allocated
to avoid interference between wireless links.
Besides, the scheduling of wireless communications should coordinate with the ethernet transmissions.
In other words, the performance of wireless networks
(typically measured by throughput) and the global job
completion time should be jointly considered.
In this paper, we focus on the scheduling problem of
wireless transmissions in the hybrid DCN. To the best of
our knowledge, this is the ﬁrst work that gives detailed
technical approach of wireless DCN. Our contribution
mainly lies in the following aspects. First, we perform a
novel problem formulation for wireless DCN. A realistic
interference formalization and the adaptive transmission
rate are considered in the model. In addition, we also
pay attention to the coordination of the throughput of
wireless networks and the global job completion time.
Second, we design an approximation algorithm to tackle
the channel allocation problem and prove that the lower
bound of the algorithm performance is 1/2. Furthermore,
we propose another genetic-algorithm-based approach
to provide high efﬁciency in handling evolving trafﬁc demands. Elaborate simulations are conducted to evaluate
algorithms and demonstrate the performance enhancement resulted from exploiting wireless transmissions in
DCNs.
The rest of the paper is organized as follows. Section 2
discusses the most related work. Our system modeling is elaborated in Section 3. Section 4 describes the
centralized scheduling mechanism. The details of the
our scheduling algorithms are depicted in Section 5 and
Section 6. Simulation methods and results are presented
and analyzed in Section 7. Section 8 concludes the paper.

2

R ELATED W ORK

There has been a lot of research on the interconnection
architectures and the routing mechanisms of DCNs.

Fig. 1. Matrix of application demands between top of rack
switches [6]

Some of them extend existing tree-based topologies to
improve scalability and throughput. Fat-tree [7] groups
servers into pods and establishes multiple paths between
the core layer and the aggregation layer of a typical
tree-based data center architecture. Based on the fat-tree
topology, Portland [8] is proposed to support various
requirements of data center applications such as virtual
machine migration. VL2 [9] is based on Clos Networks,
in which new addressing and routing mechanisms are
designed to provide high capacity and performance
isolation between different services.
Moreover, researchers also try to develop new topologies rather than extend existing architectures. DCell [10]
takes a structure composed of one switch and k servers
as a basic unit and constructs high level topologies
recursively by connecting basic units together with direct
links between servers. FiConn [11] is an extension of
DCell but it only utilizes the backup port of each server
rather than add new NICs. BCube [12] introduces more
switches to improve the bottleneck problem of DCell and
develops a modularized data center solution. It achieves
load balancing and a graceful performance degradation
under various faulty conditions.
Besides the schemes based on Ethernet, work has also
been done to make use of other transmission media.
Ramachandran et al. propose to employ 60GHz communications in DCNs [13]. This work designs a cleanslate wireless-based DCN architecture and presents a
lot of relevant challenges. However, it does not provide detailed technical approaches. Flyway [6] is the
ﬁrst one that combines wireless networks with existent
Ethernet-based DCNs. Yet, it only performs an initial
problem formulation and many important factors, such
as interference, are not considered in the scheduling
mechanism. Our previous works [14] [15] investigate
the scheduling problem of wireless DCN by considering
both the limit of radios and the wireless interference.
However, only a node-exclusive interference model is
considered in the scheduling, which is far from a realworld interference pattern. Another work [16] addresses
these problems with a physical interference model and
a genetic scheduling algorithm. In this paper, we further
extend this work.
In addition to wireless, there are some literatures that
propose to utilize optical circuit switches for high-speed
direct communications between racks [17], [18], [19]. In
general, all the work on optical-based DCN exploits
scheduling mechanisms that adapts optical circuit to
trafﬁc demands to maximize the throughput. This idea
is similar to the scheduling schemes of wireless DCN.
Channel allocation is a well-known NP-hard problem
[20], and is usually handled by heuristic algorithms
[21]. Queue theory is used to analyze and design the
schedule policies for maximum throughput in multi
hop radio networks [22]. Approaches based on genetic
algorithm (GA) have also been proposed to handle the
channel allocation problem in various wireless networks.
Zomaya et al. [23] highlight the potential of using GA
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In this paper, we aim to propose a wireless DCN approach such that the adoption of wireless transmissions
should be independent of the implementation of a DCN.
Therefore, the basic unit of a wireless DCN should not be
restricted to be a server or a rack. Instead, we formalize
it as an abstract concept with the following deﬁnition.
Deﬁnition 1: A wireless transmission unit (WTU) refers
to a group of servers that use the same set of antennas
to transmit ﬂows to other servers outside the group.
Typically, a rack is taken as a unit. For solutions that
does not adopt traditional tree-based topologies, we can
map the notion of wireless transmission unit to a speciﬁc
structure in the corresponding solution. For example, the
BCube0 structure in BCube is an ideal candidate for a
wireless transmission unit.
Based on Deﬁnition 1, we divide the trafﬁc in the
network into two categories: one is the inter-unit trafﬁc
and the other is the intra-unit trafﬁc. Note that wireless
links are employed for transmitting the inter-unit trafﬁc.
Assume v1 and v2 are two units. Let t(v1 , v2 ) denote the
trafﬁc demand from v1 to v2 . The distribution of interunit trafﬁc can be illustrated with a wireless transmission
graph.
Deﬁnition 2: A wireless transmission graph is a directed
graph G = (V, E), where V denotes the set of units and
E denotes the set of ﬂows.
Each node v in the graph corresponds to a physical
unit with antennas. We use ω(v) to denote the number
of antennas belonging to v. An edge e = (v1 , v2 ) presents
in the graph if and only if there is a ﬂow from v1 to v2 .

If all the elements in a row of e are 0, it indicates that
no channel is allocated for e and we deﬁne e as an idle
edge. Otherwise, there is a channel assigned to e and we
deﬁne e as an active edge. Let Ea denote the set of active
edges. Note that a link can occupy at most one channel.
In other words, there is at most one non-zero element in
each row of S.
One important issue in channel allocation is the possible interference between wireless transmissions. We
employ the following deﬁnition to formulate the interference relationship.
Deﬁnition 3: The conﬂict edge of e in a wireless transmission graph is the edge whose transmission causes
interference on e.
The determination of a conﬂict edge involves the
physical position of the transmitting nodes and the
channel assigned to the ﬂows. With respect to physical
position, we adopt the interference range model, in
which a sender causes interference on the nodes inside
its interference range. Note that our model does not rely
on certain antenna techniques. The interference range
of the nodes with omni-directional antennas is usually
deﬁned as a unit disk while that of directional antennas
depends on the relative position of two endpoints and
the corresponding patterns. Whichever antenna technique is utilized, we can just adopt the corresponding
interference range model to ﬁnd the conﬂict edge set of
each edge.
Data transmissions in DCN should be reliable so acknowledgement is required. We transmit data packets
and acknowledgement packets at reversed edges. Thus,
the transmission on an edge e = (v1 , v2 ) is unidirectional,
i.e. packets are only sent from v1 to v2 . Based on the
interference range of a node, we can induce the interference range of an edge: An edge e = (v1 , v2 ) is in the
transmission range of edge ē = (v̄1 , v̄2 ) if v2 is in the
transmission range of v̄1 .
If e is in the transmission range of ē, we consider
ē as the potential conﬂict edge of e. If ē is the potential
conﬂict edge of e and there exists a channel c such than
Se,c = Sē,c = 1, then ē is the conﬂict edge of e. Let
Γ(e) denote the conﬂict edge set of e and Γ0 (e) be the
potential conﬂict edge set. Since all the nodes are static,
potential conﬂict edge sets can be precomputed for a
given wireless transmission graph.

3.2

3.3

to deal with wireless resource allocation and design a
GA method with an improved mutation operator to
address the problem efﬁciently. Patra et al. [24] improve
the algorithm by introducing a new pluck operator. Ding
et al. [25] utilize GA to assign partially overlapping
channels in WMN. Our approach is different from the
existing ones in that the channel allocation problem in
a wireless DCN is different from those in conventional
wireless networks as mentioned in Section 1. Moreover,
we design our own crossover and mutation operators to
improve the performance of GA.

3
3.1

S YSTEM M ODEL
Wireless Transmission

Channel Allocation and Interference

For a given wireless transmission graph, channels are
assigned to the edges to bear the wireless transmissions.
In this paper, we assume that only orthogonal channels
are employed, i.e., transmissions on different channels
would not interfere with each other. Let C denote the
set of orthogonal channels. A channel allocation scheme
can be expressed with a binary matrix S, in which rows
correspond to the set of ﬂows E and columns correspond
to the set of channels C. If a channel c is assigned to ﬂow
e, the value of Se,c is 1; otherwise, Se,c is 0.

SINR and Data Rate

In the research on wireless networks, the protocol interference model and the physical interference model
are often used to formulate the interference. In the
protocol interference model, the transmission of an edge
is blocked if one of its conﬂict edges is active. On the
other hand, simultaneous transmissions are admitted in
the physical interference model as long as the signal
to interference and noise ratio (SINR) at the receiver is
larger than a threshold. We adopt the later model in this
work. Therefore, the transmission on e can successfully
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performed if and only if:
SINR(e) = 

PS (e)
≥ TSINR
ē∈Γ(e) PI (ē) + N0

(1)

where PS (e) denotes the signal power received by v2 ,
N0 is the environment noise, and PI (ē) denotes the
interference power caused by ē and received by v2 . For
a given edge e, the edges in Γ(e) may cause interference
of different intensity on e. We deﬁne the intensity of
interference as follows.
Deﬁnition 4: If ē is in the potential conﬂict edge of e,
the interference factor between ē and e is the ratio between
the power input to the transmitting antenna of ē and the
power received by the receiving antenna of e on the same
channel.
The interference factor can be computed according to
Friis transmission equation as shown in (2), where PPrt is
the ratio of the power received by the receiving antenna
Pr and power input to the transmitting antenna Pt ; Gt
and Gr are the antenna gains of the transmitting and
receiving antennas, respectively; λ is the wavelength and
R is the distance; and the exponent α is typically in the
range of 2 to 5 as an estimation to the pass-loss effect.
Pr
λ α
= Gr Gt (
)
Pt
4πR

(2)

For simplicity, we assume that all the antennas have
the same gain. If ē = (v̄1 , v̄2 ) is the conﬂict edge of e, the
power of interference caused by ē is expressed with (3),
where R(e, ē) denotes R(v̄1 , v2 ).
PI (ē, e) =

Gt Gr λα Pt (ē)
(4π)α R(e, ē)α

(3)

Let CI = (Gt Gr λα )/(4π)α . The interference factor
between ē and e can be expressed with (4).
I(ē, e) =

CI
R(e, ē)α

(4)

Similar to the computation of the interference factor,
the signal power received by v2 can also be computed
with the Friis equation. In short, the SINR of e can be
expressed with (5), where R(e) denotes R(v1 , v2 ).
SINR(e) = 

CI Pt (e)/R(e)k
ē∈Γ(e) I(ē, e)Pt (ē) + N0

(5)

SINR is not only the necessary condition of a successful transmission but also the factor that has an impact
on the data rate of wireless links. For example in 802.11,
coding and modulation are selected based on SINR and
thus lead to different data rates. This mechanism is based
on Shannon theorem, as given in (6), where Capacity is
the upper bound of the data rate and B is the channel
bandwidth.
Capacity = B log2 (1 + SINR)

(6)

We assume that the data rate of e is proportional to
its capacity and that all the channels have the same

bandwidth B. The data rate can be calculated with (7),
where β is the ratio between capacity and data rate.

βB log2 (1 + SINR(e)) if SINR(e) ≥ TSINR
r(e) =
0
otherwise
(7)

4

S CHEDULING M ECHANISM

Based on the aforementioned modeling of wireless DCN,
we propose a centralized scheduling mechanism for
wireless transmissions. When acquiring information, we
adopt a popular management model of OpenFlow [26]
for our central controller to gather ﬂow statistics from all
the servers in a way similar to [27], [28], [29]. Openﬂow
can help achieve effective centralized scheduling for
large data centers with low overhead as shown in [27],
[29].
By implementing the OpenFlow protocol, switches in
DCN can both get statistics of ﬂows and open a secure
channel to the central controller. So injection of a new
ﬂow or completion of a transmission can be detected
and signalled to the central controller, and up-to-date
trafﬁc distributions can also be estimated and sent to
the central controller. Then a periodical or trigger-based
schedule mechanism can be used to tackle the congestion
problem. As we mainly focus on the distribution of hot
nodes, we can trigger scheduling when a new hot node
is observed (i.e. the aggregate ﬂow rate of a node grows
beyond a speciﬁed threshold). We call this mechanism
hot-node-based triggering. Periodical scheduling can help
balance the workload in DCN at a regular interval while
hot-node-based triggering can adapt to the dynamism of
the workload more effectively.
The scheduling mainly consists of two parts: the ﬁrst
step is to construct a wireless transmission graph based
on the trafﬁc information; and the second one is to
perform channel allocation in the wireless transmission
graph. We provide the details of the two steps in this
section.
4.1

Constructing a Wireless Transmission Graph

Selecting Transmissions to Construct the Edge Set: At
the beginning of each scheduling procedure, the central
controller converts the trafﬁc demands to a digraph for
latter scheduling. Efforts should be made to reduce the
size of the channel allocation problem as there are thousands of concurrent ﬂows in DCN. First, we select ﬂows
belonging to those hot nodes with a high priority. It is the
high trafﬁc of sparse hot nodes that causes congestion
and puts off the completion of a job. Therefore, limited
wireless channel resources should be used to serve these
hot spots to solve the congestion problem. Second, ﬂows
whose distance between the source and the destination
is beyond the valid range of the wireless transmissions
(about 10m for 60GHz communications) are removed. It
is impossible for the wireless antennas to perform the
transmission on these long edges, so we don’t need to
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consider the interference issue for them. Note that the
nodes on these long edges will remain in the graph if
they are involved in other short edges and the potential
interference on these nodes will still be considered by
setting up the conﬂict edge sets for those short edges.
Some ﬂows are precluded from scheduling while
others should be considered. For the requirement of
continuity, the on-going wireless transmissions should
not be interrupted so the corresponding edges should
be included in the graph.
Assigning Weight to the Edges The total throughput
of the network is usually taken as the metric of performance in scheduling schemes. However, it is not the
case for our problem. As discussed above, nodes with a
higher volume of trafﬁc usually ﬁnish their transmissions later due to the limit of bandwidth and consequently,
putting off the global job completion time. Another fact
is that some ﬂows are expected to experience much
longer delay than others via Ethernet because of the
static topology and the routing mechanisms. Under these
conditions, it is obvious that setting up wireless links for
some ﬂows is more proﬁtable than doing this for others.
We formalize this property as the utility of the ﬂow,
which reﬂects the contribution to the global performance
made by transmitting the trafﬁc via wireless links. In a
wireless transmission graph, each edge e is associated
with a weight u(e) that denotes the utility of the corresponding ﬂow.
In this work, we employ network delay to estimate
the utility of a transmission. Intuitively, a ﬂow with a
high network delay, caused by either congestion or a
long wired transmission path, is preferred in assigning
channel resources. Therefore, we deﬁne that the utility
is directly proportional to the network delay as (8),
where d(e) is the network delay of e and μ is a positive
coefﬁcient. Note that utility is non-dimensional.
u(e) = μd(e)

e∈E

s.t.
Se,c ∈ {0, 1}

Se,c ≤ 1

∀e ∈ E, ∀c ∈ C
∀e ∈ E

c∈C

∀v ∈ V
|{e|e ∈ (Es (v) ∪ Ed (v)) ∩ Ea }| ≤ ω(v)
Se,co (e) = 1
∀e ∈ Eo
SINR(e) ≥ TSINR
∀e ∈ Eo

Let f (S) = max e∈E u(e)r(e). We can further convert
(9) to (10) by expressing the constraints with S. It is clear
that all the constraints are linear.
max f (S)

(10)

s.t.
Se,c ∈ {0, 1}

Se,c ≤ 1
c∈C





∀e ∈ E, ∀c ∈ C
∀e ∈ E
Se,c ≤ ω(v)

∀v ∈ V

c∈C e∈Es (v)∪Ed (v)

Se,co (e) = 1

Sē,c I(ē, e) ≤
ē∈Γ0 (e)

∀e ∈ Eo
No
CI
−
R(e)k TSINR
Pt

∀e ∈ Eo

(8)

As long as each edge of the wireless transmission
graph is assigned with a weight, our approach can be
applied to generate a channel allocation scheme.
4.2

edges whose destination point is v. Based on the above
analysis, we derive the optimization problem of channel
allocation as (9). In (9), the ﬁrst constraint provides
the valid values for the elements in S; the second one
indicates that a transmission can occupy no more than 1
channel; the third one ensures that the number of active
edges belonging to a node do not exceed the number of
its antennas; the last two constraints keep the on-going
transmissions active.

max
u(e)r(e)
(9)

Channel Allocation Problem

After constructing the wireless transmission graph, the
controller needs to ﬁnd a proper channel allocation
scheme. We formalize channel allocation as an optimization problem whose variable is the allocation scheme.
In the optimization objective, we employ the weighted
throughput, deﬁned in Deﬁnition 5, to estimate the
impact of a wireless transmission on the global performance.
Deﬁnition 5: The weighted throughput of a transmission is the product of its throughput and its utility.
Let Eo denote the set of on-going wireless transmissions and co (e) denote the channel assigned to the
on-going transmission e. Let Es (v) denote the set of
edges whose source point is v, and Ed (v) be the set of

5

A PPROXIMATION A LGORITHM

To handle the channel allocation problem, we design an
approximation algorithm based on a relaxation-rounding
technique [30]. The main idea is to address the original
integer optimization problem by solving another relaxed
problem. More specially, we ﬁrst relax the 0 − 1 binary
variable with real number variables ranging from 0 to
1. The induced relaxed problem can be solved in polynomial time. With the solution of the relaxed problem,
we use a rounding procedure to generate the solution
to the original problem. The processes of relaxation and
rounding are depicted as follows.
5.1

Relaxation

To relax (10), we introduce relaxation variables Ŝ, which
satisfy Ŝe,c ∈ [0, 1] for any (e, c) in E ×C, to substitute for
the variables S in (10). The relaxed problem is expressed
as (11). Note that the ﬁrst constraint is different from
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that of (10), providing the valid range of the relaxation
variables.
max f (Ŝ)
s.t.
Ŝe,c ∈ [0, 1]

Ŝe,c ≤ 1
c∈C





(11)
∀e ∈ E, ∀c ∈ C
∀e ∈ E
Ŝe,c ≤ ω(v)

∀v ∈ V

c∈C e∈Es (v)∪Ed (v)

Ŝe,co (e) = 1

Ŝē,c I(ē, e) ≤
ē∈Γ0 (e)

∀e ∈ Eo
CI
No
−
R(e)k TSINR
Pt

∀e ∈ Eo

As all the constraints are linear equations, the optimal
solution of (11) can be found in polynomial time. Each
element in Ŝ denotes the tendency to assign a channel
to a certain edge.
5.2

Rounding

In this part, we derive the solution of (10) by rounding
Ŝ with the algorithm proposed in . A bipartite graph is
constructed based on the solution of (11) and then maximum weighted matching is performed on that graph to
generate the solution of (10).
Let G̈ = (Ü , V̈ , Ë, Ẅ (Ë)) denote the bipartite graph,
where Ü and V̈ are two groups of nonadjacent nodes
and Ë denotes the set of edges. Each edge ë ∈ Ë is
associated with a weight ẅ(ë) and Ẅ (Ë) denotes the
collection of ẅ(ë).
First, we construct Ü , which denotes the transmissions in the network. For each transmission e, we can
estimate the data rate of each transmission based on
(5) and (7). Let r̂(e) denote the estimated data rate of
transmission e. Note that in computing r̂(e), we assume
transmission e is assigned with channel c as long as
Ŝe,c > 0. Under this assumption, each transmission is
able to occupy multiple channels. Although it is not
the real case, the estimated results can be referred to
predict the contribution of each transmission to the
global weighted throughput. We arrange the elements in
E in the descending order of their estimated weighted
throughput. Let E  = (e1 , e2 , · · · , en ) denote the sorted
transmission sequence. For each element in E  , we add
a corresponding node to Ü sequentially. Let üe denote
the node corresponds to the transmission e.
Then,we create the nodes in V̈ based on C and Ŝ. Let
Δc =  e∈E Ŝ(e, c) . Each channel c corresponds to Δc
nodes in V̈ , denoted by V̈c = {v̈c,1 , v̈c,2 , · · · , v̈c,Δc }.
With Ü and V̈ , we can set up edges between them.
Let ëe,c,i denote the edge between üe and v̈c,i . For each
channel c, if Δc ≤ 1, there is only one node v̈c,1 in V̈c .
For each e satisfying Ŝ(e, c) > 0, add edge ëe,c,1 to Ë
and set ẅ(ëe,c,1 ) to Ŝ(e, c). Otherwise, if Δc > 1, there are
multiple nodes
ji in V̈c. Let ji denote the minimum number
satisfying
j=1 Ŝ(ej , c) ≥ i. For j ∈ {ji−1 + 1, ji−1 +

2, · · · , ji − 1}, add edge ëej ,c,i to Ë and set its weight
to Ŝ(ej , c); for eji , add edge ëej ,c,i and set its weight
i
 ji
ji −1
Ŝ(ej , c) > i,
ẅ(ëej ,c,i ). Specially, if j=1
to 1 − j=j
i−1 +1
ji
add edge ëej ,c,i+1 and set its weight to j=1 Ŝ(ej , c) − i.
After constructing G̈, we perform maximum weighted
matching on the bipartite graph. Let ËM denote the
results of matching. For each ëe,c,i ∈ Ë, set S(e, c) to
1; then, all the unmodiﬁed elements in S are set to 0.
Thus, we obtain the solution of (10). Let Sa denote the
solution attained by our approximation approach and S ∗
denote the optimal integer solution of (10). We have the
following theorem to estimate the lower bound of Sa .
Theorem 1: f (Sa ) ≥ 12 f (S ∗ ).
Proof: According to [30], the rounding result satisfying f (Sa ) + fmin ≥ f (Ŝ), in which fmin is the sum
of the minimum transmission weighted throughput of
each channel and Ŝ is the optimal fraction solution of
(11). It is obvious that f (Sa ) ≥ fmin . Therefore, we have
f (Sa ) ≥ 12 f (Ŝ) ≥ 12 f (S ∗ ).
Theorem 1 indicates that the weighted throughput
achieved by the channel allocation scheme acquired with
our approximation algorithm is at least 1/2 of that of the
theoretical optimal scheme.

6

G ENETIC A LGORITHM

In addition to the approximation approach, we employ
genetic algorithm (GA) to address the channel allocation.
The concept of genetic algorithm is to simulate the
process of natural evolution, in which the individuals
with a higher matching level are more likely to survive.
GA is widely used for optimization and has proved
to be better than some simple heuristic algorithms, such
as greedy search [23], [25]. It can reserve good local
optimum allocation schemes which are likely to be part
of the global allocation due to the limited interference
range of wireless transmission. On the other hand, GA
performs well in handling the trafﬁc demand evolution.
After the short interval between two scheduling operations, the trafﬁc between a certain node pair would
usually not experience great change unless bursty trafﬁc
happens. Since the ratio of bursty trafﬁc is low [2], [3],
for most node pairs, the trafﬁc of a period is strongly correlated with the previous period. Therefore, the
optimal scheme for the previous period is expected
to yield an ideal solution for the current period. The
convergence can be accelerated considerably by taking
the ﬁnal generation of previous period as the initial
generation of current period. We deﬁne this approach
as inheriting GA search.
Before presenting the detailed procedure, we ﬁrst describe the problem mapping and the design of the main
operators (selection, crossover and mutation) of GA.
In our channel allocation problem, we denote the
channel assigned to a wireless link as a DNA. A channel
allocation scheme is taken as an individual. A group of
channel allocation schemes forms a generation. Let X
denote an individual and X denote a generation.
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According to the problem mapping, the DNAs of
an individual can be encoded as an integer string. An
important issue in DNA encoding is whether it can coordinate with the crossover operator to reserve the merits
of the parent individuals. Usually, the merits of a scheme
involves the channels assigned to a group of interfering
transmissions. In this work, we adopt the single-point
crossover. Therefore, the DNAs corresponding to the
interfering transmissions should be put together so that
the channels of these edges are easily preserved during
crossover. A feasible approach is to perform depth-ﬁrstsearch in the conﬂict graph and number each transmission in order. The DNAs of the scheme can be encoded
in the ascending order of the number.
Selection The basic idea of selection is to evaluate the
ﬁtness of all the candidate individuals. In our channel
allocation problem, the ﬁtter individual stands for the
scheme that achieves a higher total weighted throughput. Therefore, we take the total weighted throughput
as the ﬁtness function f . The roulette wheel selection
is adopted as the selection operator, where the selection
probability of an individual X in a generation X is proportional to its ﬁtness value f (X). Each individual can
be selected multiple times. Thus, candidate individuals
with lower ﬁtness are more likely to be eliminated.
Crossover We adopt the single-point crossover in our
algorithm, in which two parent individuals are cut off
at the same point and the offsprings are produced by
combing different parts of the parent individuals together. In order to speed up convergence, we introduce a
greedy heuristic rule, which tends to select the point
that can generate offsprings with the highest ﬁtness.
Note that not all the offsprings generated by the singlepoint crossover are feasible solutions. The crosspoint is
acceptable only if both offsprings are feasible. For each
pair of parent individuals, it takes O(n) time to ﬁnd the
best crossover point.
Mutation In GA, each generated offspring mutates at
a certain probability to turn into a new individual. The
mutation usually involves changing part of the DNAs.
In this work, we take the optimal solution in the neighborhood of the original individual as the new individual
so that the mutation can encourage the convergence of
the iteration. The k-neighborhood (k ∈ {1, 2, · · · , n}) of
a solution scheme X is deﬁned as the set of solutions
in which each solution has at most k elements that are
unequal to the corresponding elements in X. We just
traverse the k-neighborhood of the original
  individual
and ﬁnd the best one, which takes O( nk |C|k ) time.
Similar to crossover, we should also ensure the feasibility
of the new solution in mutation.
Figure 2 shows the details of the overall procedure of
our GA. In the algorithm, m feasible schemes are taken
as the initial generation. Typically, these schemes can be
randomly generated. Taking the ﬁnal generation of the
previous period as the current initial generation is an
alternative optimization. For each generation, we ﬁrst
compute the selection probability of each individual in

Input: m individuals X = {X1 , X2 , · · · , Xm }; mutation
probability pM ; neighborhood size k; termination
threshold l
Output: the optimal solution Y
1: X ← {X1 , X2 , · · · , Xm }
2: repeat
3:
X1 ← Selection(X)
4:
Divide individuals X1 into pairs randomly; denote
the set of pairs as Xp
5:
X2 ← {Crossover(Xi , Xj )|(Xi , Xj ) ∈ Xp }
6:
X3 ← {M utation(X, pM , k)|X ∈ X2 }
7: until No evolution occurs for l generations
8: Y ← arg maxX∈X f itness(X)
9: return Y
Fig. 2. GA-Allocation Algorithm
the current generation based on their ﬁtness. After that,
selection is executed based on the selection probability
to get m new individuals. These selected individuals are
randomly paired and crossover is performed over each
pair. Each offspring individual experiences the mutation
at the probability of pM . Then, these offspring individuals are taken into the next iteration. The iteration is
terminated if no evolution occurs during the last l generations, where a generation is considered evolutionary
if the highest ﬁtness of its individuals is higher than that
of the previous generation. At last, the individual with
the highest ﬁtness in the ﬁnal generation is taken as the
solution.

7

P ERFORMANCE E VALUATION

In this section, we evaluate the performance of our
algorithm and the effectiveness of wireless transmissions
with a series of simulations. We ﬁrst describe the details
of the scenario and the methodologies, and then analyze
the experiment result.
7.1

Evaluation Setup and Methodologies

The experiments are performed in a simulating data center composed of 64 racks. Typically, each rack contains
20 servers, so there are more than 1000 servers in total.
The racks are connected to 8-port switches and form
a 3-tier tree structure. The racks are arranged in grid
with the distances between two racks being 2m. The data
rate of wired links is set to 1Gbps and the propagation
delay is set to 2μs. The maximum number of channels
is assumed to be 4 according to the speciﬁcations of
existing prototype devices of 60GHz communications
[31].
With regard to the input of the network, we generate
inter-rack TCP trafﬁc, whose distribution follows the
property that a small number of racks account for the
majority of the data, to mimic a real data center application. Speciﬁcally, we mainly refer to two trafﬁc demand
matrices. In the ﬁrst matrix (denoted by M1 ), the trafﬁc
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7.2

Simulation Results

Table 1 lists the performance of our GA-based scheduling
over different mutation probabilities. As the probability
increases, the convergence speed also increases while the
ﬁtness of the solutions falls. The phenomenon results
from the local optimal property of the mutation. In mutation, we traverse a small neighborhood to ﬁnd a better
scheme. Therefore, as the frequency of mutation grows,
the probability that the scheme becomes a local optimal
solution also increases. Consequently, although it speeds
TABLE 1
Performance of GA vs. Mutation Probability
Mutation Probability

0.1

0.3

0.5

0.7

Generation Count

7.6

5.9

6

5.2

0.9
4.1

Normalized Fitness

1.00

9.55

8.96

8.62

8.05

14

Inheriting
Normal
Normalized Fitness

No. of Generations

1.05

Inheriting
Normal

12
10
8
6
4

1

0.95

0.9

2
0

1

2

3
4
Period

5

0.85

6

1

(a) Convergence Time

2

3
4
Period

5

6

(b) Fitness

Fig. 3. Performance of GA in handling trafﬁc demand
evolution
12

12

x 10

AP
GA
GR

3

2

1

3.5
3
Weighted Throughput

4
Weighted Throughput

of hot nodes are dominant (10 racks with 95% of the
total trafﬁc); it is a typical unbalanced trafﬁc demand
matrix [6]. The distribution of another matrix (denoted
by M2 ) is a bit more balanced, with 20 racks generating
70% of the total data. Both the input trafﬁc matrices are
randomly generated according to the distributions. By
employing the two trafﬁc matrices, we aim to explore
the performance of our wireless DCN scheme under
different input trafﬁc.
Our experiment mainly consists of three parts. In the
ﬁrst part of the experiments, we study the performance
of GA in addressing the scheduling schemes. Since GA
cannot guarantee a performance bound, we investigate
its optimality and convergence speed by measuring the
ﬁtness of the optimal individual as well as the total
number of generations of the search. The algorithm
is run 20 times to acquire the average value of these
two metrics. The impact of mutation probabilities is
studied and inheriting search is evaluated by handling a
sequence of evolving input trafﬁc matrices. We assume
a low ratio (5%) of randomly selected node pair may
generate bursty trafﬁc in the trafﬁc evolution.
Furthermore, the weighted throughput achieved by
both GA and the approximation algorithms are evaluated under different network parameters (input trafﬁc,
number of channels and number of antennas). To further
investigate the performance of our scheduling algorithm, we select a representative scheduling algorithm
GreedyPhysical [32] as comparison. The GreedyPhysical
algorithm is also based on physical interference model
and it schedules channel resources in a greedy manner.
In the third part, we use the QualNet simulator to construct the simulating DCN and emulate the data transmissions in a real DCN to evaluate the effectiveness of
wireless DCN. In order to demonstrate the performance
enhancement caused by utilizing wireless transmissions,
we compare the simulating results of wireless DCN with
Ethernet-based DCN.

x 10

AP
GA
GR

2.5
2
1.5
1
0.5

0

(1,4)(2,4)(3,4)(4,4)(5,4)(6,4)(4,1)(4,2)(4,3)
(No. of Channels, No. of Antennas)

0

(1,4)(2,4)(3,4)(4,4)(5,4)(6,4)(4,1)(4,2)(4,3)
(No. of Channels, No. of Antennas)

(a) Weighted Throughput (b) Weighted Throughput
under M1
under M2
Fig. 4. Weighted throughput over channels and antennas;
GR, GA and AP corresponds to the GreedyPhysical algorithm, our genetic algorithm and approximation algorithm
respectively

up the convergence, converging to local optimal solution
rapidly probably leads to unsatisfactory solutions. As an
extreme example, if pm is 1, the algorithm degenerates to
a greedy heuristic. In short, selecting a proper mutation
probability is a trade-off between the convergence speed
and the optimality of the solution.
Figure 3 shows the performance of our algorithm
in handling trafﬁc demand evolution. Compared with
the normal GA search, inheriting GA search not only
takes a shorter convergence time but also achieves a
higher ﬁtness. Even if a few nodes randomly generate
outburst trafﬁc, the GA-based algorithm with inheriting
search can still maintain high performance. The results
indicate that inheriting search beneﬁts from the solutions
of the previous search because those solutions provide
optimized channel allocation schemes for evolving trafﬁc
demands. Therefore, inheriting GA search usually leads
to a higher ﬁtness and a shorter convergence time than
the normal GA search.
The comparison of the weighted throughput of the
GreedyPhysical algorithm as well as our scheduling
algorithm is illustrated in Figure 4. In general, both
the approximation algorithm and GA outperform the
greedy algorithm and the former achieves the highest
weighted throughput. These phenomena agree with the
results of the network simulations. Moreover, the gaps
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among different scheduling algorithms grow as channels
and antennas increase. An intuitive explanation is that
the scheduling problem gets more complex when more
available wireless transmission resources are provided.
Thus, simple heuristics such as greedy algorithms are
prone to converge to a local optimal solution and can
hardly achieve a high performance.
Figure 5a and Figure 5b illustrate the job completion
time of WTUs under different input trafﬁc demands.
All the WTUs are sorted in the descending order by
the individual job completion time and we only involve
the top 20 WTUs in the ﬁgures for the sake of visual
clarity. As shown in these ﬁgures, utilizing wireless
transmissions reduces the job completion time considerably; our scheduling algorithms lead to better results
than the GreedyPhysical algorithm and the approxima-

tion algorithm especially does well in accelerating the
transmissions.
With regard to different trafﬁc distributions, only a
small number of WTUs experience a long job completion
time under M1 while the other WTUs complete their jobs
rapidly because those hot servers generate the majority
of the trafﬁc. Thus, assigning wireless links to those
WTUs can signiﬁcantly reduce the completion time. Yet,
it is notable that the ﬂows that do not belong to hot
nodes can also beneﬁt from wireless transmissions even
if there is no wireless link assigned to them because
wireless transmissions decrease the trafﬁc load on the
Ethernet. That explains why the network can beneﬁt a
lot from wireless under a relatively balanced trafﬁc M2 .
Figure 5c and Figure 5d further demonstrate the reduction of job completion time at the ﬂow-level. We
select 50 ﬂows that experience the longest completion
time. These curves are similar to those in the previous
ﬁgures, in which wireless reduces the overall completion
time and our scheduling algorithms outperform the
GreedyPhysical algorithm.
In addition to the job completion time, we also take
throughput as another metric of performance. Since
different ﬂows have different transmission times, we
deﬁne the throughput of a ﬂow as the ratio between
its trafﬁc and job completion time. Figure 6 shows the
distributions of the throughput of all the test cases. We
only involve the 50 ﬂows with the highest trafﬁc in
the ﬁgures because the throughput of some small ﬂow
appear to be very high due to the short completion time
and appending the results of those small ﬂows to the
ﬁgure affects the visual clarity. The ﬂows are arranged
in the descending order by their throughput.
On the whole, the throughput of a large number of
ﬂows beneﬁts a lot from wireless transmissions. With
regard to different scheduling algorithms, a certain ﬂow
does not necessarily get a higher throughput in a better
scheduling because the data rate of wireless links varies
based on the interference. Thus, the throughputs of some
ﬂows under our GA appear to be lower than that under
the GreedyPhysical algorithm. Yet, as the approximation
algorithm achieves the highest weighted throughput and
it also leads to the highest throughput, we can still infer
that optimizing the weighted throughput has a signiﬁcant impact on the network throughput, especially for an
unbalanced trafﬁc distribution. Obviously, by considering the delay of different transmissions, our approaches
alleviate the congestion of hot nodes effectively.
Another notable phenomenon is that only a few large
ﬂows get relatively high throughput in Ethernet-based
DCN, which is reﬂected by a sudden fall of the curve
marked by None in both Figure 6a and Figure 6b. An
explanation for this trend is that the transmission paths
of these ﬂows are not congested by other large ones.
For example, these ﬂows could be between the WTUs
belonging to the same branches of the tree topology.
Thus, these large ﬂows can achieve a much higher
throughput than others. With the help of wireless, the
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throughput of other large ﬂows are highly enhanced.

8

C ONCLUSION

In this paper, we present an exploratory investigation
on utilizing wireless in DCNs. Different from existing
works, we take wireless interference and SINR-based
date rate into account to construct a generic model for
wireless DCNs. Besides, we consider the coordination
of the throughput of wireless networks and the global
performance. A new metric is proposed to measure the
contributions of wireless transmissions. Based on these
formulations, we study the channel allocation problem.
We design an approximation algorithm that provides a
performance bound of 1/2; we also explore a GA-based
approach to handle evolving trafﬁc demands efﬁciently.
A series of simulations are performed to evaluate our
wireless DCN scheme. According to the results, the global performance is improved considerably by wireless
transmissions in terms of both throughput and job completion time; in addition, our scheduling algorithms are
effective and efﬁcient in tackling the channel allocation
problem.
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