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Abstract—Dynamic spectrum access by non-licensed users has
emerged as a promising solution to address the bandwidth
scarcity challenge. In a secondary spectrum market, primary
users lease chunks of unused spectrum to secondary users.
Auctions perform as one of the natural mechanisms for allocating
the spectrum, generating an economic incentive for the licensed
user to relinquish channels. Existing spectrum auction designs,
while taking externality introduced by interference into account,
fail to consider the potential mobility of secondary users, which
leads to another dimension of externality: mobile communication
motivates a secondary user to exclusively occupy a channel,
i.e., forbidding channel reuse in its mobility region. In this
work, we design two expressive auctions for mobility support,
by introducing two-dimensional bids that reflect a secondary
user’s willingness to pay for exclusive and non-exclusive channel
usage, for the single-channel and multiple-channel scenarios,
respectively. In the outcome of our 2D auctions, a channel is
either monopolized or simultaneously reused without interfer-
ence, whereas a secondary user can be mobile or is regulated
to be static. We prove the existence of desirable equilibria in
both auctions, where 1

10
and c

7(1+c)
of optimal social welfare are

guaranteed to be recoverable, respectively (c is the number of
channels).

Index Terms—Exclusive Bidding, Two-Dimensional Spectrum
Auction, Mobile Secondary Users

I. INTRODUCTION

Due to the paradigm shift to smartphones and related mobile
Internet usage, wireless spectrum is now subject to heavy
congestion. At the same time, studies from regulatory bodies
such as the Federal Communications Commission (FCC) [1]
in the United States have recognized that traditional fixed
spectrum allocation schemes can be rather inefficient, in both
temporal and spatial domains. An apparent remedy to the
spectrum scarcity myth, introduced by the status quo static
allocation, is to have a spectrum licensee resell its idling
spectrum chunks (channels) to non-licenced users, with the
support of a well designed secondary spectrum market.
In such a secondary spectrum market, auctions are a natural

choice for the spectrum owner, or the primary user (PU), to
relinquish its unused channels to secondary users (SUs) for
monetary remuneration. A spectrum auction elicits bids for
channel access from SUs, computes a channel allocation and
the associated channel charges. An important goal in spectrum
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Fig. 1. An exclusivity-enabled secondary spectrum market with 4 SUs and
2 channels.

auction design is to maximize social welfare— the aggregated
‘happiness’ of everyone in the system. A ‘good’ auction tends
to allocate channels to SUs who value them the most.

As one of the most efficient allocation mechanisms, spec-
trum auctions have attracted strong research attention in recent
years. A salient feature of spectrum auctions, as compared
to classic auctions from the field of economics, is the need
to handle wireless interference among SUs properly. Most
existing spectrum auctions in the literature [2]–[5] are de-
signed to appropriately model the externality resulting from
such interference, for better channel reuse and hence a larger
social welfare. Unfortunately, to the best of our knowledge,
all existing spectrum auction designs are based on the implicit
assumption that SUs are static. Although the auction may be
held periodically [5], and the location of an SU may vary
from one round to another, generally all SUs are required to be
static — at least within one round of the auction. In practice, a
secondary network may indeed be heterogeneous. While some
SUs are content with static communication, others prefer not
to compromise their ability to communicate on the move —
after all, being mobile has been one of the original driving
forces behind wireless communication [6]. A highly mobile
SU incurs potential interference with all other SUs within
its mobility range. It would demand for exclusive usage of
a channel.

In the economy of a secondary spectrum market, whether
exclusivity is a desirable choice depends on the behaviour of
all SUs, particularly, on their submitted bids. Intuitively, if
an SU’s bid is high enough to exclude all the other users
from accessing a specific channel, it may own that channel
with the guarantee that no one else will reuse it in the entire
region. For example, in Fig. 1, there are 4 SUs (SU 1, 2, 3,
4) and two available channels (ch1, ch2) in the region. SUs
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whose transmission regions overlap interfere with one another.
Imagine SU 3 has the demand to move within the entire
region without communication conflict, and SU 3 submits
a dominantly high bid leading itself to the exclusive use of
channel 1. The other users, given their relatively uncompetitive
bids, can still share (reuse) the other channel available. One
possible scenario is that SU 1 and 2 share channel 2, while
SU 4 is not allocated with a channel due to interference and
its low bid.
To enable such exclusive channel access to support mobility,

we adopt a two-dimensional bidding language, assuming SUs
have two-dimensional valuations: one for exclusively access-
ing a channel, and another for reusing a channel. Let’s denote
a 2D bid as (b, b̄). If an SU prefers either exclusive channel
access or no access at all, it may submit a bid of zero for
reuse (b̄ = 0). An SU without mobility demand may submit
two identical values in its bid (b = b̄). More generally, an SU
may submit two non-zero values in its bid (b ≥ b̄ ≥ 0), a
higher value for exclusive, mobile channel access and a lower
value for non-exclusive, static channel access.
A traditional spectrum auction design essentially has the

second bid b̄ (for channel reuse) only, or can be viewed as
a special case of our 2D auction where SUs are required
to bid b = b̄. The additional dimension of information in b
helps our 2D spectrum auction decide whether channels are
to be allocated exclusively or reused. For each channel, we
have two possible allocations: S, where the channel is entitled
to a single SU in the region, and M, where the channel is
shared by multiple SUs. Designing a spectrum auction that
accommodates such 2D bids and judiciously decides between
the two possible channel allocation outcomes — for the goal
of optimal social welfare — becomes a new, intriguing subject
of study.
In this paper, we design two such auctions for auctioning

a single channel and multiple channels, respectively, with
provable constant approximation ratios in terms of the social
welfare achieved. When there is only one channel to be sold by
the PU in the region, we propose GR2D, a 2D channel auction
that refers to recent techniques due to Gopinathan et al. [4]
for channel allocation and payment calculation in outcome M,
with the classic Vickrey auction mechanism [7] to determine
the pricing rules. We design the rule for deciding whether the
outcome should be S or M, and tailor the pricing rule to elicit
good social welfare. We prove that, in all “good” equilibria
where losers bid at least their true valuations (a practical
assumption that ensures losers are envy-free; otherwise they
have the motivation to bid higher for a chance to win), the
social welfare is guaranteed to be at least 1

10 of the optimal.
Furthermore, we prove that such good equilibria always exist.
Our second auction, VCG2D, which adopts the technique

proposed by Al-Ayyoub and Gupta [8] to reduce allocation
complexity due to interference, is tailored for the multiple
channel setting. We partition the network region into hexagon
cells, and colour the cells. Each reusable channel is allocated
to hexagons with the same colour, and SUs in co-coloured
hexagons do not interfere with each other. The purpose
of such network partitioning is to simplify the interference
structure, preparing for the application of the canonical VCG
mechanism [7], [9], [10] towards channel allocation under both

outcome M (in each hexagon) and outcome S. The pricing
rule, bearing the idea of VCG, is carefully designed to control
the dependence between different channels, making sure that
good equilibria of the auction exist. Our multi-channel 2D
auction achieves similar properties as GR2D, with a c

7(1+c) -
optimal social welfare guarantee, where c is the number of
channels.
In the remainder of this paper, we review related literature

in Sec. II, present preliminary material in Sec. III, design and
analyze our 2D spectrum auction for the single channel case in
Sec. IV, and for the multiple channel case in Sec. V. Extensive
simulation results are presented in Sec. VI. Sec. VII concludes
the paper.

II. RELATED WORK

Dynamic spectrum access has been envisioned as a solution
to the spectrum sparsity problem. The cognitive approach
relies on spectrum sensing technologies, so that secondary
users are able to probe the holes of spectrum and ensure
that their transmissions do not interfere with those of the
primary user [11]. In the auction approach, the primary user
periodically leases idling channels to secondary users for
short time durations using spectrum auctions. This coordinated
scheme does not assume that the primary user is even unaware
of the existence of the secondary users as the uncoordinated
one. The primary user obtains extensive control over spectrum
from the spectrum regulator, and is able to resell channels in
a secondary spectrum market.
The large volume of work on spectrum auction designs dates

back to almost a decade ago. Huang et al. [12] propose two
auction-based mechanisms for sharing spectrum, highlighting
the unique challenge from wireless interference constraints.
Another early solution is due to Buddhikot and Ryan [13],
in which spectrum access is coordinated and controlled by a
spectrum broker. VERITAS [14] is the first spectrum auction
based on a monotonic channel allocation rule, and is thus
truthful. Zhou and Zheng propose TRUST [15], a truthful
double auction with multiple sellers (licensed users). To enable
more flexible requirements including the usage of time and
frequency, combinatorial auctions are considered recently [16].
Unfortunately, none of these auctions are expressive enough
to enable exclusive channel access, which is critical for the
support of mobile wireless users.
Not restricted to exclusivity, the issue of externality in

auctions has been considered more generally in economics.
Jehiel et al. [17] design multi-dimensional auctions where
winners not only care about just winning, but also who else
wins. While general and expressive enough, it does not take
computational challenges into account. A number of works
have introduced externalities into their designs for online
advertisement [18]–[21]. However, they cannot be directly
applied to spectrum auctions, as the externalities in spectrum
auctions are far more complicated when wireless interference
is considered.
Kash et al. [22] propose a spectrum auction enabling the

sharing of a channel within an SU’s interference range. By
introducing a binary variable into the valuation of each SU
to indicate the willingness to share, this auction primitively
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models exclusive/non-exclusive access of a channel for static
SUs of heterogeneous types, with different transmission power
and spectrum needs. However, their work is less expressive
than ours, and more importantly, is still limited to static SUs.
Deek et al. [23] design Topaz, an online spectrum auction that
adopts three-dimensional bids — including channel valuation
and the claimed arrival and departure time. Their goal is to
discourage bidders from misreporting both their valuations
and channel access time window. Our approach, as a two-
dimensional auction, is quite different from Topaz, since the
extra dimension(s) are from exclusive and mobility channel
access instead of from the temporal domain.

III. PRELIMINARIES

In this section, we present some background knowledge on
auction design in Sec. III-A, and then precisely define our
problem in Sec. III-B.

A. Auction Design

In an auction, agents compete over a set of items through
a bidding system. Generally, it can be described as the
following [24]:

1) A finite set O of allowed outcomes.
2) Each agent has a privately-known real value, called its
valuation, which quantifies the bidder’s benefit from the
outcome.

3) Bidders are required to submit/declare their valuations in
terms of bids. The bidders may lie about their valuations.
Thus the bid of an agent may not be equal to its valuation.

4) An auction chooses an outcome o based on some criteria
over the vector of declared bids.

5) In addition to determining an outcome, the auction also
charges each bidder a certain amount of currency.

6) The utility of each bidder is the difference between its
true valuation and its payment, based on the outcome.

7) The utility of the auctioneer is the revenue it gathers, i.e.,
the sum of the payments from all the bidders.

In this paper, we will focus on a natural and important goal
of auction design, social welfare maximization. Social welfare
is defined as the sum of all the winning agents’ valuations,
which can be viewed as the aggregated ‘happiness’ (utility)
of everyone in the system, including the auction holder (note
that the sum of the payments cancels the revenue of the
auctioneer when computing the total social welfare). Adopting
conventional assumptions in the literature, we assume that
each agent is selfish and rational. A selfish agent is one that
acts strategically to maximize its utility. An agent is said to be
rational when it always prefers the outcome that brings itself
a higher utility. Hence, an agent may lie about its valuation if
doing so yields a higher utility.
An auction is said to be truthful when bidders’ optimal

behaviour is to report their true valuations, regardless of
others’ bids, i.e., declaring their valuation truthfully can max-
imize their utilities in such an auction setting. In our paper,
considering truthful auctions is necessary because simplifying
bidder strategies in one dimension (without changing outcome
of the auction) is desirable.

The only general auction that aims at optimizing social
welfare and guarantees truthfulness is due to Vickrey, Clarke,
and Groves (VCG) [7], [9], [10]. Informally, the celebrated
VCG auction finds the optimal outcome o that maximizes
the social welfare, and charges each winning agent i an
amount equal to the total “damage” that it causes to the other
bidders, i.e., the difference between the social welfare of the
others with and without i’s participation [25]. However, it
requires optimal channel allocation, whose computation is NP-
complete [26], and hence real-time spectrum auctions rely on
other heuristic algorithms.

B. Problem Definition

We denote the set of secondary users (SUs) in the network
as N , where |N | = n. A primary user (PU) is referred to as
an auctioneer, who owns the set of all the available channels,
C, and |C| = c. The PU is responsible to run the auction in
multiple rounds repeatedly, in which secondary users perform
as bidders (or agents). Each bidder is interested in at most one
channel in each round. An SU is a wireless node equipped with
a single radio, capable of switching among channels. Denote
by d(i, j) the geographical distance between nodes i and j,
and by r the homogeneous service range of all the nodes. We
say i and j interfere if both are assigned the same channel, and
d(i, j) ≤ 2r. These interference constraints can be captured
by a conflict graph G [4]. A channel allocation is feasible if
no two agents interfere.
A bidder i’s valuation can be represented as a pair (vi, v̄i),

which is often private information known only to the bidder
itself. vi and v̄i are the largest monetary values that bidder i is
willing to pay. Here vi is bidder i’s valuation for exclusively
winning a channel, allowing its mobile access to the channel
in the entire network region without interference. v̄i is i’s
valuation for jointly winning a channel with other users, i.e., it
wins a channel under the condition that it (statically) shares the
channel with other SUs. A bidder (weakly) prefers exclusivity,
i.e., vi ≥ v̄i.
We consider the scenario in which all c channels are

identical and orthogonal. However, channels may experience
different levels of fading and path loss, for secondary users
who are geographically distributed in the region. To make the
problem tractable, we assume that all the channels are identical
for the same user at a specific location, i.e., all the channels
experience the same fading and path loss at the same location.
By employing a learning framework, an SU’s values at round
t can be formed into functions as in (1) and (2) [27], where sti
is user i’s status (on/off etc.), yti is the channel status for all the
channels viewed by i, xt

i is the interference experienced by i,
ot
i is the outcome vector for all the channels for i and p

t
i is i’s

payment, all of which are statistics to learn for SU i at round
t [27]. In this work, we will focus on a specific round of an
auction, so the superscript t will be omitted. However, values
can still be learned and computed from historical statistics.
They are monetary worth of a channel, which is the maximum
price a bidder is willing to pay.
An auction determines an item allocation to competitive

bidders, based on their submitted bids. In our case, each
bidder submits a two-dimensional bid denoted by (bi, b̄i), for



ZHU et al.: DESIGNING TWO-DIMENSIONAL SPECTRUM AUCTIONS FOR MOBILE SECONDARY USERS 607

vti = f(s0i , y
0
i , x

0
i ,o

0
i , p

0
i , . . . , s

t−1
i , yt−1

i , xt−1
i ,ot−1

i , pt−1
i , sti, y

t
i) (1)

v̄ti = f̄(s0i , y
0
i , x

0
i ,o

0
i , p

0
i , . . . , s

t−1
i , yt−1

i , xt−1
i ,ot−1

i , pt−1
i , sti, y

t
i) (2)

exclusive or non-exclusive access to a channel, respectively.
Again, let S (for exclusive access) and M (for reuse) represent
these two types of outcomes. Furthermore, the auction com-
putes payments for winning bidders, and charges them with
monetary amounts accordingly. We denote by pi the payment
of bidder i. Then the utility of i can be calculated as:

ui =

⎧⎪⎨
⎪⎩

vi − pi if i obtains a channel and its outcome is S

v̄i − pi if i obtains a channel and its outcome is M

0 if i loses

We refer to vi and bi as S-value and S-bid of agent i, and v̄i
and b̄i as its M-value and M-bid, respectively. We employ such
a quasi-linear utility assumption, which is almost universal in
the auction theory literature.
Note that we employ such a utility function in an economic

setting, where in some spectrum auction designs, vi and v̄i
are viewed as users’ utility. For example, f and f̄ can be in
logarithmic form, with respect to the channel quality [2]. A
user is asked to submit this utility in terms of bid (it may lie)
as a monetary value, the amount of which reflects an economic
benefit from channel bandwidth or transmission rate if it wins.
In an equilibrium of the spectrum auction game, no SU can

improve its utility by unilaterally changing its bid. We focus
on the equilibria where losers bid at least their true valuations,
which we refer to as “good” equilibria. A good equilibrium is
more stable in practice due to its ‘envy free’ property, i.e., a
losing SU clearly has no motivation to bid higher for a chance
to win a channel. A ‘bad’ equilibrium, on the other hand, is
not stable, especially in our 2D auction setting, where it is
possible for an SU to bid higher to change the allocation of
a channel from S to M.

IV. GR2D: A GREEDY AUCTION ENABLING EXCLUSIVITY
FOR THE SINGLE CHANNEL CASE

We start our 2D auction design for enabling exclusive
channel access, and hence SU mobility, with the simpler case
where a single channel is to be auctioned by the PU. We extend
our studies to the case of multiple channels in Sec. V. We
present the design of our auction, GR2D, explain the rationale
and technique behind its design, and analyze its properties. We
prove that good equilibria always exist under GR2D, under
which a constant fraction of optimal social welfare can be
achieved.

A. The design of GR2D
Our design of GR2D has been inspired by two previous

works: the classic Vickrey auction [7] and a recent greedy
spectrum auction due to Gopinathan et al. [4]. More specif-
ically, we are inspired by and adapt ideas in the former for
computing charges in outcome S, and the latter for outcome
M. The Vickrey auction is a simple yet truthful mechanism

Primary User

Interference
Agent 3

Agent 2

Secondary Users

Agent 1

Agent 4

Fig. 2. A simple illustration for Gopinathan’s auction.

suitable for allocating a single item to competing bidders. It
selects a bidder with the highest bid, and charges it the second-
highest bid. Outcome S in our 2D auction of a single channel
resembles the setting of a Vickrey auction. The auction of
Gopinathan et al., on the other hand, is specifically designed
for channel allocation in secondary spectrum markets, with
spatial reuse of the channel in mind. It is a greedy and
truthful auction that approximately optimizes social welfare.
The auction greedily allocates the channel to agents, as long
as the assignment is feasible, in non-increasing order of their
bids. The payment calculation is based on critical bids: Setting
some winning agent i’s bid to 0 and run the greedy allocation
algorithm based on the new vector of bids. The first agent j
that makes it infeasible to allocate the channel to i is said to
be the critical bidder of i, and the actual winning bidder i is
charged by j’s bid.
For example, in the single-channel secondary spectrum

market shown in Fig. 2, we assume SU 1, SU 2, SU 3, and
SU 4 bid 7, 8, 6 and 5, respectively. Then SU 2 and SU 4 will
win the channel with payments 7 and 0 respectively, while SU
1 and SU 3 lose. Note here that SU 1 is SU 2’s critical bidder
and there is no critical bidder for SU 4.
The auction of Gopinathan et al. achieves 5-approximate

social welfare [4]. We apply the same technique of greedy
channel allocation coupled with charging critical bids, to
ensure truthfulness for outcomeM in our 2D spectrum auction.
We are now ready to describe in detail GR2D, a greedy

auction enabling exclusive bidding. We order agents in non-
decreasing order of their M-bids, so that b̄1 ≥ b̄2 ≥ b̄3 ≥
· · · ≥ b̄n. Indices max and max2, in our case, are used to
represent the bidders with the highest S-value and second
highest S-value, i.e., vmax ≥ vi for every i, and vmax2 ≥ vi
for every i �= max. We will abuse notations to use bmax

and bmax2 to denote the bidders with the highest and second
highest S-bids, respectively. We use a vector of binary vari-
ables o = {o1, o2, · · · , on} to indicate whether an agent is
granted channel access or not in outcome M, by following the
greedy channel allocation rule. We denote by another vector of
binary variables o′ = {o′1, o′2, · · · , o′n} the assignment result
of running the algorithm with (b̄−max, 0), where b̄−max is
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the vector of M-bids except max. Note that oi = o′i for
i < max because the algorithm is greedy and the allocation
result of agents with larger M-bids than agent max is not
affected. To decide between outcome S and M, a criterion
is defined as follows. Assume max = j, i.e., the agent
with bmax has the j-th largest M-bid. Compare bmax with
Γ =

∑n
i=1 oib̄i +

∑
i∈I(j) b̄i, where I(j) = {j + 1, j +

2, · · · , j + 5}. The term ∑
i∈I(j) b̄i can be viewed as the

maximum possible “damage” introduced by agent j. Given
the underlying valuations, we decide whether the outcome is
efficient or not based on this criterion, i.e., based on whether
vmax >

∑n
i=1 oiv̄i +

∑
i∈I(j) v̄i.

The auction GR2D is summarized in Algorithm 1.

Algorithm 1 GR2D — A greedy auction enabling exclusive
bidding

1. Input: All two-dimensional bids (bi, b̄i), conflict graph G
2. Select the agent with bmax, and let j ⇐ max;
3. Run Gopinathan’s allocation algorithm on b̄ and (b̄−j , 0),
obtaining o and o′ respectively;

4. if bmax ≥ Γ then
5. The outcome is S with a single winner j;
6. pj ⇐ max(bmax2 ,

∑j−1
i=1 oib̄i +

∑n
i=j+1 o

′
ib̄i);

7. else
8. The outcome is M by running Gopinathan’s allocation

algorithm on b̄;
9. Let c(·) be the critical bidder of an agent;
10. pj ⇐ max(b̄c(j), bmax2 − Γ + b̄j), if j wins;
11. pi ⇐ max(b̄c(i), bmax − Γ + b̄i), for i �= j, i /∈ I(j);
12. pi ⇐ max(b̄c(i), bmax − Γ + 2b̄i), for i ∈ I(j);
13. end if

B. Analysis of GR2D
In the remainder of this section, we will analyze the

performance of GR2D, by (a) proving the existence of good
equilibria under this auction, and (b) proving its constant
approximation property in terms of social welfare, under any
good equilibrium.
We start by proving the following two lemmas, which

will assist us to prove the performance of GR2D in its good
equilibria.

Lemma 1. Assume agent max bids truthfully. If the outcome
of the auction for a given vector of bids is S, then the
winner max cannot benefit from any deviation that changes
the outcome to M.

Proof: We first assume max = j, i.e., the agent who has
bmax has the j-th largest M-bid. By the assumption that bidder
max bids truthfully, we have bmax = vmax and b̄j = v̄j . We
need to show that bidder max always prefers outcome S to
outcome M. That is, the utility of max in outcome S is always
no less than that in outcome M.
If bidder max loses in outcome M, then its utility in M is

0. In the computation of the price for outcome S, the second
term is smaller than Γ, and max will have nonnegative utility
in outcome S. In this case, it will not benefit from changing
the outcome to M.

If biddermax wins in outcome M, then we need to compare
its utility in the two outcomes, i.e., we need to show

vmax −max(bmax2 ,

j−1∑
i=1

oib̄i +
n∑

i=j+1

o′ib̄i)

≥ v̄j −max(b̄c(j), bmax2 − Γ + b̄j)

We then prove this lemma by considering two cases, based
on whether the dominant term for the payment of max in the
outcome is bmax2 or not.
(i). Assume the dominant term is not bmax2 , i.e.,

max(bmax2 ,
∑j−1

i=1 oib̄i +
∑n

i=j+1 o
′
ib̄i) =

∑j−1
i=1 oib̄i +∑n

i=j+1 o
′
ib̄i. Then, we have

vmax− (

j−1∑
i=1

oib̄i +
n∑

i=j+1

o′ib̄i) ≥ Γ−
j−1∑
i=1

oib̄i −
n∑

i=j+1

o′ib̄i

= v̄j −
n∑

i=j+1

(oi − o′i)b̄i

+
∑

i∈I(j)
b̄i

≥ v̄j

which implies

vmax −max(bmax2 ,

j−1∑
i=1

oib̄i +

n∑
i=j+1

o′ib̄i)

≥ v̄j −max(b̄c(j), bmax2 − Γ + b̄j)

(ii). Assume max(bmax2 ,
∑j−1

i=1 oib̄i +
∑n

i=j+1 o
′
ib̄i) =

bmax2 , we have

vmax − bmax2 ≥ Γ− bmax2 = v̄j − (bmax2 − Γ + b̄j)

which again implies

vmax −max(bmax2 ,

j−1∑
i=1

oib̄i +

n∑
i=j+1

o′ib̄i)

≥ v̄j −max(b̄c(j), bmax2 − Γ + b̄j)

Lemma 2. Overstating the M-value is weakly dominated in
GR2D. That is, for agent i who participates in the auction, any
strategy that sometimes overstates the M-value is dominated
by another strategy that never overstates the M-value.

Proof: Fix the vector of all the bids except i’s. First,
assume the outcome is S. In this case, from Lemma 1, bidder
max will not benefit from any deviations to outcome M, so
it will not overstate its M-value. For bidder i �= max, if
it changes the outcome to M by overstating its value, its
payment will be larger than its true value because of the
pricing policy. Next, assume the outcome is M. If bidder i
chooses to overstate its M-value, either its critical bidder does
not change or it wins with a negative utility. Therefore, it
cannot benefit from overstating its value in this case either.
We are now ready to present the following result:

Theorem 1. The social welfare in any good equilibrium of
GR2D is at least 1

10 of the optimal.
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Proof: We prove this theorem in two cases: the efficient
outcome is S, or M, based on the underlying valuations such
that vmax >

∑n
i=1 oiv̄i+

∑
i∈I(j) v̄i or vmax <=

∑n
i=1 oiv̄i+∑

i∈I(j) v̄i, respectively.
Efficient outcome is S: Suppose the efficient outcome of

our auction is S, i.e., vmax >
∑n

i=1 oiv̄i +
∑

i∈I(j) v̄i. We
show that all bidders except max = j bid truthfully, and max
bids (vmax, 0), is an equilibrium of the auction.
First, these bids lead to outcome S because

vmax >

n∑
i=1

oiv̄i +
∑

i∈I(j)
v̄i = Γ

Then we need to show that the outcome under this vector
of bids is such that no individual bidder has an incentive to
deviate from. If bidder i wishes to change the outcome to
M by raising its current bid to b̄i > v̄i, and change itself to
a winner, its utility will be negative: By the pricing rule we
have pi ≥ vmax −

∑n
l=1,l �=i olb̄l; since the initial outcome is

S, we have vmax − ∑n
l=1,l �=i olb̄l > v̄i. Therefore, pi > v̄i,

leading it to a negative utility. Now we need to show bidder
max has no incentive to deviate, i.e., it has no benefit from
any deviation that changes the outcome to M. This is directly
implied by Lemma 1. Hence, the vector of bids where every
bidder bids their true value except that max bids (vmax, 0) is
a good equilibrium of our auction.
Further, we have proved in Lemma 2 that bidding above

one’s M-value is a weakly dominated strategy in our auction.
Suppose all bidders are playing undominated strategies, then
no bidder is bidding higher than its M-value. Since the efficient
outcome is S, if max bids truthfully and every other bidder
bids less or equal to its M-value, the outcome will be S. We
know from Lemma 1 that bidder max always prefers this
outcome to outcomeM. Therefore, bidding truthfully is always
profitable for max.
Note that inefficient equilibria with outcome M can occur

when the efficient outcome is S. However, in all such equi-
libria, there must be some SU bidding above its true value,
which is a weakly dominated strategy in GR2D, by Lemma 2.
Therefore, when the efficient outcome is S, the social welfare
in its good equilibria would be vmax >

∑n
i=1 oiv̄i, which is

at least 1
5 optimal social welfare.

Efficient outcome is M: Then suppose the efficient outcome
is M. If the actual outcome is M as well, the agents in
equilibria would bid truthfully as in Gopinathan’s [4], and
the social welfare is at least 1

5 of the optimal. If the outcome
is S, then the winner would be max in equilibria; otherwise,
max would be a loser and it would bid at least its true S-
value, in which others are bidding at least their true values
as well, leading to max a negative utility. Hence it would be
a contradiction with the equilibrium assumption. Therefore,
the social welfare is vmax. Let max = j. In such kind of
equilibria, bidder max must lie about its M-value so that
b̄j < v̄j or raise its S-value to bmax > vmax, to make the
auction outcome to S.
Since the losers bid at least their true values, we have

2vmax ≥ v̄j +

j−1∑
i=1

oiv̄i +

n∑
i=j+1

o′iv̄i ≥
n∑

i=1

oiv̄i (3)

Since
∑n

i=1 oiv̄i achieves
1
5 optimal social welfare [4], the

social welfare in any good equilibrium of GR2D is at least 1
10

of the optimal.

Note that employing truthful auctions for outcome S and M
ensures that bidders have no incentives to lie if outcome does
not change. Therefore, the challenge of our auction design
is to eliminate the incentives of losers raising their bids so
as to change between the channel allocation results, which is
achieved by the design of our payment scheme.
Intuitively, the lower bound of social welfare tells how much

we will lose at most if we enable exclusive bidding, since
winning bidders may lie about their true values to change
the underlying outcome. Our simulation results in Sec. VI
show that GR2D can do much better than this lower bound on
average.

V. VCG2D: A VCG-BASED 2D AUCTION FOR THE
MULTIPLE CHANNEL CASE

A. GR2D Is Not Suitable for Auctioning Multiple Channels

When addressing the problem of designing auctions for
multiple channels, GR2D is no longer applicable. As explained
below, GR2D becomes highly complicated when there is more
than one channel.
In the single channel case, if the agent with bmax loses in

outcome S, it will either lose or win the channel in outcome
M, leading to a simple payment calculation. When multiple
channels are auctioned instead, we need to first run a specific
allocation algorithm to obtain an initial result for outcome M
for all the channels, which is represented by a c × n matrix
O = {o(1),o(2), · · · ,o(c)}, where channels are indexed by
1, 2, · · · , c. For every channel k ∈ C, o(k) is a vector of
binary variables {oi(k)}i∈N indicating whether an agent i is
allocated channel k. Afterwards, a mechanism needs to be
designed to decide which channel will be exclusively used ac-
cording to some agent’s S-bid and the initial allocation result.
When the allocation scheme of Gopinathan et al. is adopted
for outcome M, an agent winning channel c exclusively may
have incentives to deviate to outcome M, because it may win
another different channel c′, and by doing so, it may have a
higher utility. That is, with a similar payment scheme design
as in GR2D, it is difficult to compare the utilities of an agent
in outcome S and M winning two different channels, incurring
a possibility that it prefers outcome M to S.

B. Network Partitioning for Interference Control

The design difficulty explained above motivated us to em-
ploy another auction mechanism for outcome M, which aims
to reduce the complexity due to interference. Our approach
here is based on the classic idea of network partitioning,
which was also applied by Al-Ayyoub and Gupta [8] in their
spectrum auction design that tries to maximize revenue. We
next describe the partitioning process and its role in the auction
design.
Given a network with SUs remaining at their initial loca-

tions and the conflict graph under the unit disk model, we
compute a valid allocation with approximate social welfare as
the following:
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Fig. 3. Uniformly coloured hexagons, with 7 colours.

1) Divide the entire region into a set H of small regular
hexagons, each with side length r.

2) Uniformly colour the hexagons with seven colours, as
illustrated in Fig. 3.

3) Allocate channels to SUs in each hexagon independently
according to the VCG mechanism.

4) For each colour, sum up the valuations of all the winners
in hexagons of that colour.

5) Select the colour that has the maximum welfare, and
allocate the channels to the winners accordingly.

By dividing the region into hexagons of side length r, we
ensure that any two of SUs in the same hexagon interfere with
each other, i.e., the conflict graph in a hexagon is a complete
graph. After uniformly colouring the hexagons with 7 colours
as in Fig. 3, we further have the following property for SUs:

Property 1. SUs in different co-coloured hexagons do not
interfere with each other.

This property can be obtained directly from the following
observation: the distance between any two points in two co-
coloured hexagons is at least

√
7r > 2r, as shown in Fig. 4.

A channel cannot be reused within the same hexagon,
but can be reused across different hexagons of the same
colour. Therefore, in each hexagon, we can apply the VCG
mechanism to allocate channels, in which the welfare is opti-
mized. Since SUs do not interfere with each other in different
hexagons of the same colour, we can combine allocations of
co-coloured hexagons to form a network-side allocation. As a
result, we obtain 7 allocations, one for each colour [8]. Among
these allocations, we select the one with the highest social
welfare, which is guaranteed to have at least a 1/7-factor of
the optimal. We denote this algorithm as A.

C. Design of VCG2D for Multiple Channels

We now describe how to enable exclusivity for mobile
SUs based on the auction described above. We first run
the allocation process, obtaining matrix O. For each channel
k ∈ C, let Λ(k) = ∑n

i=1 oi(k)b̄i. Without loss of generality,
assume Λ(1) ≥ Λ(2) ≥ · · · ≥ Λ(c). Then we order agents
according to their M-bids so that b̄1 ≥ b̄2 ≥ · · · ≥ b̄n, and
order them by S-bids so that b(1) ≥ b(2) ≥ · · · ≥ b(n).
Select c agents with b(1), b(2), · · · , b(c), and compare their
S-bids with 1

c

∑c
k=1 Λ(k) + b̄1 in order. Once we have

b(l) > 1
c

∑c
k=1 Λ(k) + b̄1, a randomly selected channel will

be exclusively used by agent (l). Intuitively, in this criterion,

2
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4

1
5

6
7√

7r

Fig. 4. Minimum distance between two points in co-coloured hexagons.

social welfare is averaged over the number of channels to
make the payment calculation independent of channels, which
we will present later. Similar to GR2D, we use the criterion
to decide whether the outcome for a channel c is efficient or
not, i.e., whether v(l) >

1
c

∑c
k=1 Λ

′(k) + v̄1, where Λ′(k) =∑n
i=1 oi(k)v̄i. After the comparisons and assignments for

outcome S, the channels that can be reused will be assigned
to SUs according to the allocation for outcome M.
We then proceed to payment calculation. We assume that

in outcome S, the set of winners are Ws, and |Ws| = ws.
For a winner j = (l) and l ≤ c, we assume it is located in
hexagon hj ∈ H. We order agents in hj according to their M-
bids so that b̄hj

1 ≥ b̄
hj

2 · · · ≥ b̄
hj

n(hj)
, where b̄

hj

i is the M-bids
of agent i in hexagon hj and n(hj) is the number of agents
in hj . For simplicity, we assume that n(hj) > c, i.e., the
number of agents in each hexagon is larger than the number of
channels. When we run the VCG mechanism in each hexagon,
there are c − ws winners. If j wins a channel in outcome
S, then we charge j either the sum of averaged total social
welfare resulted from O (except j) and b̄hj

c−ws+2 (the payment
according to VCG auction without j in hj), or the (ws+1)-th
maximum S-bid, b(ws+1), whichever is larger, i.e.,

pj = max(b(ws+1),
1

c

c∑
k=1

Λ(k)− 1

c
I(j)b̄j + I(j)b̄

hj

c−ws+2)

where I(j) =
∑c

k=1 oj(k), a binary variable indicating
whether agent j is allocated a channel or not in initial outcome
O.
For other winners i in outcome M, which is located in

hexagon hi, we charge it with payment

pi = max(b̄hi
c−ws+1, b(ws+1) − 1

c

c∑
k=1

Λ(k) +
1

c
b̄i)

We can now summarize VCG2D in Algorithm 2.

D. Analysis of VCG2D for Multiple Channels

Similar to the case of GR2D, we show that good equilibria
exist under VCG2D, and analyze the social welfare achieved
under such a good equilibrium.

Theorem 2. The social welfare in any good equilibrium is at
least c

7(1+c) of the optimal, where c is the number of channels.

Proof: Suppose the underlying valuations are such that
the efficient outcomes for all the channels are S, i.e., v(1) >
1
c

∑c
k=1 Λ

′(k) + v̄1, v(2) > 1
c

∑c
k=1 Λ

′(k) + v̄1, · · · , v(c) >
1
c

∑c
k=1 Λ

′(k) + v̄1. We show that bidder (1), (2), · · · , (c)
bid (v(1), 0), (v(2), 0), · · · (v(c), 0) respectively and others
bid truthfully, is an equilibrium of the auction.
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Algorithm 2 VCG2D: A VCG-based auction enabling exclu-
sive bidding

1. Input: All the two-dimensional bids (bi, b̄i), conflict graph
G, a set of available channels C

2. Select the agents with b(1), b(2), · · · , b(c);
3. Let Ws ⇐ ∅, ws ⇐ 0;
4. Run algorithm A with the M-bids of all the agents,
obtaining Λ(k) for each channel k;

5. for each agent (l) with b(1), b(2), · · · , b(c) do
6. if b(l) >

∑c
k=1 Λ(k) + b̄1 then

7. Ws ⇐ Ws ∪ {(l)}, ws ⇐ |Ws|;
8. end if
9. end for
10. for each j = (l) ∈ Ws do
11. j wins a randomly selected and unused channel k ∈ C

exclusively;
12. pj ⇐ max(b(ws+1),

1
c

∑c
k=1 Λ(k) − 1

c I(j)b̄j +

I(j)b̄
hj

c−ws+2);
13. end for
14. For every other agent i, run algorithm A on their M-bids,

with the remaining channels;
15. pi ⇐ max(b̄hi

c−ws+1, b(ws+1) − 1
c

∑c
k=1 Λ(k) +

1
c b̄i);

First of all, these bids lead the auction to outcome S for all
the channels, because

v(l) >
1

c

c∑
k=1

Λ′(k) + v̄1, ∀l = 1, 2, · · · , c

Next we show that no individual bidder has incentive to
deviate from the current auction result. If a loser i wishes
to raise its S-bid to exclusively use a channel, its payment
will be pi ≥ v(ws+1), where ws = c. Note that agent
(ws + 1) is a winner before the change. Therefore we have
pi ≥ v(ws+1) ≥ vi. If agent i wants to raise its M-
bid to b̄i > v̄i, to change the outcome of a channel to
M, its payment will be pi ≥ v(ws) − 1

c

∑c
k=1 Λ(k) +

1
c b̄i.

However, the initial outcome of this channel is S, so we have
v(ws) − 1

c

∑c
k=1 Λ(k) +

1
c b̄i ≥ 1+c

c b̄i > v̄i, leading i to a
negative utility.
We then need to prove that winners have no incentive to

deviate. For a winning SU j = (l), there is no incentive for
it to raise or reduce its S-bid while still winning a channel
exclusively. We only need to prove that it has no incentive to
raise its M-bid to change the outcome for some channel(s) to
M. The proof is similar to that of Lemma 1, and is omitted
here.
Since

∑c
i=1 v(i) >

∑c
k=1 Λ

′(k), the social welfare in this
case is at least 1

7 of the optimal.
Suppose the efficient outcomes for some channels are S,

and those of the others are M. All the winners in outcome S
bid their S-values truthfully and their M-bids as 0, the other
winners bid truthfully and the losers bid at least their true
values, is a good equilibrium.
We assume that there are ws winners in Ws in the auction

if all the agents bid truthfully. Then apparently, these win-
ners have the incentive to (potentially) increase their utility
by reducing their M-bids to 0, thereby possibly reducing

1
c

∑c
k=1 Λ(k) and b(ws). Note that this is dependent on

I(j), ∀j ∈ Ws. If so, we assume that the set of winners who
can win a channel changes to W ′

s, and w′
s = |W ′

s|, where
w′

s ≥ ws.
On the other hand, the winners in outcome M or the

losers do not want to deviate from the current auction result.
Consider a winning SU i who wins channel k in outcome M.
If i raises its S-bid or lowers its M-bid to b′i > vi or b̄′i > v̄i
respectively and wins a channel exclusively, its payment will
be at least vw′

s
≥ vi. If i lowers its S-bid or raises its M-bid,

there is no benefit either. For a losing agent i, it bids at least its
true value, and it cannot benefit by raising its S-bid or M-bid,
which will not increase its utility due to the payment scheme.
Therefore, all the winners in outcome S bid their S-values

truthfully and their M-bids as 0, the other winners bid truth-
fully and the losers bid at least their true values, is a good
equilibrium.
The most inefficient case happens when the efficient out-

comes for all the channels are M and the actual outcomes in
the equilibrium are all S. In that case, for a winning agent
j ∈ Ws, we have

vj ≥ 1

c

c∑
k=1

Λ′(k)− 1

c
I(j)b̄j + I(j)b̄

hj

c−ws+2

≥ 1

c

c∑
k=1

Λ′(k)− 1

c
v̄j

Add 1
cvj on both sides, we obtain

1 + c

c
vj ≥ 1

c

c∑
k=1

Λ′(k)− 1

c
v̄j +

1

c
vj ≥ 1

c

c∑
k=1

Λ′(k)

since vj ≥ v̄j .
We arrive at the following result by adding up for all the

winning agents,

1 + c

c

c∑
k=1

vj ≥
c∑

k=1

Λ′(k)

Recall that
∑c

k=1 Λ
′(k) is the total social welfare achieved

by simply partitioning and colouring the network, using the
VCG mechanism for each hexagon, and selecting the colour
with maximum social welfare, which achieves 1

7 optimal social
welfare. Therefore, the social welfare collected by our auction
in any good equilibrium is at least c

7(1+c) of the optimal.
We notice that, the approximation ratio for the multi-

channel 2D auction improves as the number of channels
grows. This is because our design of the payment scheme
for outcome S is directly related to 1

c v̄j for a winner j, whose
negative influence on the computation of performance bound
is alleviated when c increases.

VI. SIMULATION STUDIES

We evaluate the performance of our auctions using MAT-
LAB simulations. We randomly and uniformly distribute
wireless nodes in a 1 × 1 geographical region. Two nodes
interfere with one another if their Euclidean distance is smaller
than 0.1. All M-bids follow a uniform distribution in (0, 1).
When setting S-bids, we need to make sure that outcomes
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Fig. 5. Performance evaluation of the 2D auctions.

change between S and M in different simulation instances. For
simplicity, we generate S-bids from normal distributions with
mean 1 and varying standard deviations for different settings.
For those S-bids that are less than 1, we simply change them
to 1, making sure that they are greater than corresponding
M-bids. All the simulation results are averaged over 100 runs.
We first vary the number of nodes in the region, and draw S-

bids from normal distributions with mean 1, standard deviation
0.25×number of nodes. We observe that the social welfare
achieved by our auction under equilibrium is quite close to
that of Gopinathan’s, as shown in Fig. 5(a). It is validated
that GR2D is guaranteed to achieve 1

10 optimal social welfare
(by the grey dashed line in Fig. 5(a)). However, although the
lower bound of Gopinathan’s is 1

5 , in our simulation, it can
actually achieve 0.8-0.9 optimal social welfare for all the cases
in outcome M (we do not show here for want of space). Hence,
as shown in Fig. 5(a), since on average GR2D can achieve a
ratio of more than 0.87 over Gopinathan’s, the social welfare
that it can collect on average is relatively high.

Fig. 5(b) and Fig. 5(c) show the performance of our second
auction, VCG2D , by varying the number of channels from 1
to 10 and drawing S-bids from normal distributions with mean
1, standard deviation 0.2×number of channels. We denote by
VCGonly the method introduced in Sec. V-B, where network
partitioning is performed and VCG auctions are conducted
within every single hexagon, with M-bids. We can see that
if the number of channels is less than 3, all the outcomes
will be M for every channel (for almost all the simulation
instances). However, when the number of channels is larger
than 6, all the outcomes are S, and these may be in equilibria in
the worst case regarding social welfare. We can observe from
Fig. 5(b) that, when the number of channels increases to 6,
the ratio of achieved social welfare by VCG2D drops to 0.166
and then continues to increase. This is due to the fact that
in some cases the bidders winning exclusive channels have
the incentive to lie about their M values and may hurt the
total social welfare that we may possibly achieve. However,
VCG2D can still outperform the one-dimensional auction in

terms of social welfare in most cases on average, shown in
Fig. 5(c).
Our analyses in this paper are independent of specific

mobility models, because we assume that if a secondary user is
allowed to move, it must have won a channel exclusively. That
is, it can move in the region freely without any interference.
In addition, we focus on a specific round of the auctions
in our analyses, so new conflict graphs and bids are always
obtained at the beginning of each round as inputs. These new
inputs may change the outcomes of our auctions (i.e., changes
between S and M), but the analyses still hold. Nonetheless, it is
conceivable that the movement of secondary users may affect
the social welfare due to the change of the conflict graph.
We investigate the role of mobility through simulations, by
examining the random walk model. If a user wins a channel
exclusively, it selects a direction from {θ|θ = 45◦ ×N, N =
0, 1, 2, 3, ..., 7} with the same probability and a step distance
0.1 for moving at this round (it stays on the edge of the 1× 1
region if it “moves out” of the region). We found no significant
difference from the i.i.d. model where mobile secondary users
are redistributed in an i.i.d. way at the beginning of each
auction round. Fig. 5(d) shows the result of simulating GR2D.
We omit the result of VCG2D here, which is basically the
same as Fig. 5(d). These results suggest the chances that a
small number of moving users influence Γ or Λ(k) are low,
especially when there are a large population of secondary users
in the region.

VII. CONCLUSION

Our main contribution in this work is to propose the first
spectrum auctions that enable exclusive channel bidding, and
therefore provide mobility support to secondary users. Our
auctions take 2D bids by nature, and allocate a channel either
exclusively or non-exclusively. We have combined recent
techniques in spectrum auction design and interference control
with classic tools from auction theory, and designed two
auctions that work in the single channel and multi-channel
scenarios, respectively. We have proved that good equilibria
always exist in our auctions, and further proved that a constant
fraction of optimal social welfare can always be achieved. A
particular challenge in our proofs is the possibility for an SU to
deviate from its current bid that changes a channel allocation
status between exclusive and non-exclusive outcomes. As in
multi-round auctions, rational bidders can learn from history
and estimate a suitable bid amount for itself, so a good
equilibrium can be reached. Investigating bidder behaviour in
such auctions can be interesting future work.

REFERENCES

[1] Federal Communications Commission, “Spectrum Policy Task Force
Report, ET Docket No. 03-125,” 2002.

[2] J. Huang, R. A. Berry, and M. L. Honig, “Auction Mechanisms for
Distributed Spectrum Sharing,” in Proc. Allerton 2004, September 2004.

[3] J. Jia, Q. Zhang, Q. Zhang, and M. Liu, “Revenue Generation for
Truthful Spectrum Auction in Dynamic Spectrum Access,” in Proc.
ACM MobiHoc 2009, May 2009.

[4] A. Gopinathan and Z. Li, “Strategyproof Wireless Spectrum Auctions
with Interference,” in Proc. IEEE GlobeCom 2010, December 2010.

[5] A. Gopinathan, Z. Li, and C. Wu, “Strategyproof Auctions for Balancing
Social Welfare and Fairness in Secondary Spectrum Markets,” in Proc.
IEEE INFOCOM 2011, April 2011.



ZHU et al.: DESIGNING TWO-DIMENSIONAL SPECTRUM AUCTIONS FOR MOBILE SECONDARY USERS 613

[6] Z. Damijanovic, “Mobility Management Strategies in Heterogeneous
Cognitive Radio Networks,” Journal of Network and Systems Manage-
ment, vol. 18, no. 1, pp. 4–22, 2010.

[7] W. Vickrey, “Counterspeculation, Auctions, and Competitive Sealed
Tenders,” Journal of Finance, vol. 16, no. 1, pp. 8–37, 1961.

[8] M. Al-Ayyoub and H. Gupta, “Truthful Spectrum Auctions with Ap-
proximate Revenue,” in Proc. IEEE INFOCOM 2011, April 2011.

[9] E. H. Clarke, “Multipart Pricing of Public Goods,” Public Choice,
vol. 11, no. 1, pp. 17–33, 1971.

[10] T. Groves, “Incentives in Teams,” Economietrica: Journal of the Econo-
metric Society, vol. 41, no. 4, pp. 617–631, 1973.

[11] I. F. Akyildiz, W.-Y. Lee, M. C. Vuran, and S. Mohanty, “NeXt Gen-
eration/Dynamic Spectrum Access/Cognitive Radio Wireless Networks:
A Survey,” Computer Networks, vol. 50, no. 13, pp. 2127–2159, 2006.

[12] J. Huang, R. Berry, and M. L. Honig, “Auction-Based Spectrum
Sharing,” Springer Mobile Networks and Applications, vol. 11, no. 3,
pp. 405–408, 2006.

[13] M. M. Buddhikot and K. RyanPhi, “Spectrum Management in Coor-
dinated Dynamic Spectrum Access Based Cellular Networks,” in Proc.
IEEE DySPAN 2005, November 2005.

[14] X. Zhou, S. Gandhi, S. Suri, and H. Zheng, “eBay in the Sky: Strategy-
Proof Wirelss Spectrum Auctions,” in Proc. ACM MobiCom 2005,
August 2005.

[15] X. Zhou and H. Zheng, “TRUST: A General Framework for Truthful
Double Spectrum Auctions,” in Proc. IEEE INFOCOM 2009, April
2009.

[16] M. Dong, G. Sun, X. Wang, and Q. Zhang, “Combinatorial Auction
with Time-Frequency Flexibility in Cognitive Radio Networks,” in Proc.
IEEE INFOCOM 2012, March 2012.

[17] P. Jehiel, B. Moldovanu, and E. Stacchetti, “Multidimensional Mech-
anism Design for Auctions with Externalities,” Journal of Economic
Theory, vol. 85, no. 2, pp. 258–293, 1999.

[18] F. Constantin, M. Rao, C.-C. Huang, and D. C. Parkes, “On Expressing
Value Externalities in Position Auctions,” in Proc. the 6th Ad Auctions
Workshop, June 2010.

[19] A. Gosh and M. Mahdian, “Externalities in Online Advertising,” in Proc.
WWW 2008, April 2008.

[20] R. Gomes, N. Immorlica, and E. Markakis, “Externalities in Keyword
Auctions: An Empirical and Theoretical Assessment,” in Proc. Workshop
on Internet and Network Economics, December 2009.

[21] A. Ghosh and A. Sayedi, “Expressive Auctions for Externalities in
Online Advertising,” in Proc. WWW 2010, April 2010.

[22] I. Kash, R. Murty, and D. C. Parkes, “Enabling Spectrum Sharing in
Secondary Market Auctions,” in Proc. Workshop on the Economics of
Networks, Systems and Computation, June 2011.

[23] L. Deek, X. Zhou, K. Almeroth, and H. Zheng, “To Preempt or Not:
Tackling Bid and Time-based Cheating in Online Spectrum Auctions,”
in Proc. IEEE INFOCOM 2011, April 2011.

[24] N. Nisan and A. Ronen, “Computationally Feasible VCG Mechanisms,”
Journal of Artificial Intelligence Research, vol. 29, pp. 19–47, 2007.

[25] N. Nisan, T. Roughgarden, E. Tardos, and V. V. Vazirani, Eds., Algo-
rithmic Game Theory. New York, NY: Cambridge University Press,
2007.

[26] K. Jain, J. Padhye, V. Padmanabhan, and L. Qiu, “Impact of Interference
on Multi-hop Wireless Network Performance,” in Proc. ACM MobiCom
2003, September 2003.

[27] F. Fu and M. van der Schaar, “Learning to Compete for Resources in
Wireless Stochastic Games,” IEEE Transactions on Vehicular Technol-
ogy, vol. 58, no. 4, pp. 1904–1919, 2009.

Yuefei Zhu received his B.Eng. degree from the
School of Electronic Information and electrical En-
gineering, Shanghai Jiao Tong University, Shanghai,
China, in 2010. Since September 2010, he has been
with the Department of Electrical and Computer
Engineering, at the University of Toronto, Toronto,
Canada, where he is currently an M.A.Sc. student.
His research interests are mainly in network opti-
mization and game theory.

Baochun Li received the B.Engr. degree from the
Department of Computer Science and Technology,
Tsinghua University, China, in 1995 and the M.S.
and Ph.D. degrees from the Department of Com-
puter Science, University of Illinois at Urbana-
Champaign, Urbana, in 1997 and 2000.
Since 2000, he has been with the Department of

Electrical and Computer Engineering at the Univer-
sity of Toronto, where he is currently a Professor. He
holds the Nortel Networks Junior Chair in Network
Architecture and Services from October 2003 to

June 2005, and the Bell Canada Endowed Chair in Computer Engineering
since August 2005. His research interests include large-scale distributed
systems, cloud computing, peer-to-peer networks, applications of network
coding, and wireless networks.
Dr. Li was the recipient of the IEEE Communications Society Leonard G.

Abraham Award in the Field of Communications Systems in 2000. In 2009,
he was a recipient of the Multimedia Communications Best Paper Award
from the IEEE Communications Society, and a recipient of the University of
Toronto McLean Award. He is a member of ACM and a senior member of
IEEE.

Zongpeng Li received his B.E. degree in Computer
Science and Technology from Tsinghua University
(Beijing) in 1999, his M.S. degree in Computer
Science from University of Toronto in 2001, and
his Ph.D. degree in Electrical and Computer Engi-
neering from University of Toronto in 2005. Since
August 2005, he has been with the Department of
Computer Science in the University of Calgary. In
2011-2012, Zongpeng was a visitor at the Institute of
Network Coding, Chinese University of Hong Kong.
His research interests are in computer networks,

particularly in network optimization, multicast algorithm design, network
game theory and network coding. Zongpeng was named an Edward S. Rogers
Sr. Scholar in 2004, won the Alberta Ingenuity New Faculty Award in 2007,
was nominated for the Alfred P. Sloan Research Fellow in 2007, and received
the Best Paper Award at PAM 2008 and at HotPOST 2012.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket true
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage false
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Cadmus MediaWorks settings for Acrobat Distiller 8)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


