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Abstract—We propose Trade & Cap (T&C), an economics- inter-AS traffic volume costs due to the 95/5 rule). Attempts
inspired mechanism that incentivizes users to voluntarily coor- py |SPs to deviate from flat pricing (including field-testestp
dinate their consumption of the bandwidth of a shared resource byte pricing [1]) have been widely rejected by customers [2]

(e.g, a DSLAM link) so as to converge on whatthey perceive . ; S
to be an equitable allocation, while ensuring efficient resource This is also reinforced by the prevalence of flat pricing ia th

utilization. Under T&C, rather than acting as an arbiter, an  telephony market [3].
Internet Service Provider (ISP) acts as an enforcer of what the  |n addition to the significant capital investments that ISPs
community of rational users sharing the resource decides is a must shoulder to ensure that their networks are well pro-

fair allocation of that resource. Our T&C mechanism proceeds . . d duri he f h f K d d th
in two phases. In the first, software agents acting on behalf of visione uring the few hours of peak demand, the new

users engage in a strategitrading game in which each user agent (Internet) world order of seemingly unbounded hunger for
selfishly chooses bandwidth slots to reserve in support of primary, bandwidth further complicates fundamental issues thae hav
interactive network usage activities. In the second phase, each confounded the networking community for decades, inclgdin
user is allowed to acquire additional bandwidth slots in support the adoption of an acceptable notion of faimess as it relate

of presumed open-ended need fofluid bandwidth, catering to . C . - del d
secondary applications. The acquisition of this fluid bandwidth to congestion management. Congestion increases delay an

is subject to the remaining “buying power” of each user and by losses, reducing the perceived Quality of Service (QoS) of
prevalent “market prices” — both of which are determined by interactive applications such as web browsing, VoIP, and
the results of the trading phase and a desirable aggregateapon  video streaming. Dealing with congestion requires tharsise
link utilization. We present analytical results that establish the (flows) “pay” for their share of the congestion they cause [4]

underpinnings of our T&C mechanism, including game-theoretic ST L . .
results pertaining to the trading phase, and pricing of fiuid 'esulting in a degradation in QoS (the congestion price}, Bu

bandwidth allocation pertaining to the capping phase. Using real When interactive applications are forced to compete with-no
network traces, we present extensive experimental results # interactive applications such as P2P filesharing, backgtou

demonstrate the benefits of our scheme, which we also show topackup services, or VoD downloads, the degradation in QoS
be practical by highlighting the salient features of an efficient becomes unacceptable

implementation architecture.
Under flat pricing, during periods of peak demand, current
|. INTRODUCTION congestion control practices could be seen as particulany
o ] ) . fair” to users of low-volume, mostly-interactive appliiats
Motivation: The ever increasing appetite for Peer-to-Pegfno would be effectively subsidizing “bandwidth hogs.” Fhi
(P2P), media streaming, and Video on Demand (VoD) contefiis prompted some ISPs to act as arbiters, proactivelyranapi
is forcing service providers to constantly upgrade thefias+  ,ser traffic by setting quot%,or by preferentially treating
tructures to keep-up with customers bandwidth demands. TRjfferent traffic payloads €.g, web browsing vs. bittorrent
state-of-affairs is significantly exacerbated by the plevee downloads) during periods of peak dem&ndihese efforts

of flat-pricing schemes and hence the lack of an incentiygye bhackfired, eliciting a public relations quagmire reigay
for users to moderate their hunger for network bandwidth,

especially around periods of peak network utilization, abhi  *incidentally, when demand is well below the provider's norhirepacity,
are the primary determinants of an Internet Service Provid@/Pporting bandwidth hogs is basically free, bringing tesfion the use of

. . traffic volume “quotas” [5].
(ISP) costs (both in terms of infrastructure upgrade cyolé a 2 Along these lines, there is a growing body of academic [6], 8], [9].

[10], [11] and industry [12], [13], [14], [15]! [16] work onalineating interac-
t Supported in part by the Universidad Pontificia Bolivariamad tive from non-interactive traffic in order to police/bal&nconsumption. Many
COLCIENCIAS—Instituto Colombiano para el Desarrollo de l@r@ia y la  of these systems depend on Deep Packet Inspection (DP)ideelsn raising
Tecnoloda “Francisco Jds de Caldas”. concerns about consumer privacy. Moreover, the scalalitity resilience of
¥ Supported in part by NSF awards CCF-0820138, CSR-07206BRI-E these techniques is also questionable as applicationg gdigkly to avoid
0735974, CNS-0524477, and CNS-0520166. detection,e.g. by using encryption and randomization of port numbers.
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violation of “Net Neutrality,” [17], [18] which is perceiwkas
the prime reason for the Internet being the cradle of inrnomat
it is [19]. Proactive ISP intervention based on traffic paglo
also raises concerns regarding monopolistic practiees,

L -l

PC BRA
blocking or taxing Video/VoIP services not provided by the = psLaN )
same ISP/ [19]. =
Scope and Contributions: Rather than having ISPs act as
arbiters who set the rules regarding what constitutes &dga Fig. 1. lllustration of the DSL “last-mile” architecture.

of a shared resource, in this paper, we propos@lantary,

market-based Trade & Cap (T&C) system in which uséBP. For example, allowing user agents to reposition baaitiwi
software agents converge on witlayperceive as an equitableallocations within relatively small windows of time enable
allocation of resources, irrespective of what these remsuare them to increase their share of fluid bandwidth (supporting
used to support (HTTP vs P2P traffic) and irrespective of ti@n-interactive applications) by 20% to 40% depending on
absolute resource allocation (traffic volume) per %seln our their flexibility. This benefits the ISP as well, resulting as
setting, the role of the ISP is that of providingmaechanism much as 16% to 31% reduction in the 95th percentile of the
that supports any privately-defined usenicy [21]. ISP’s 5-minute traffic volume, and (even more impressively)

Effectively, our proposed T&C mechanism sets up a maiesulting in smoothing traffic volume, reducing the 95th-

ketplace. Given the fixed (flat-rate) payment to the providdercentile/soth-percentile ratio from 1.58 to an almosfeum
customers enter this marketplace with equal buying powr, §atio of 1.004. We conclude the paper in Section Vil with a
their use of this fairly-allocated buying power dependshwirt "€view of the related literature.

ﬂexibil_it_y. This allgws customer_s to trgde “volumej'_ d_uring Il. T&C IN A DSLAM SETTING

low-utilization periods for “quality” during peak-utiletion ) _ _ ] o
periods (or vice versa). The direction of the trade (not tasmeWhile our T&C mechanism is applicable to any setting in
tion the user’s willingness to even engage in trading) ddpenWhiCh it is de;irable to .coordinate the fractipnal acq_'m'sit
entirely on user preferences and flexibiliy.g, tolerance for by @ set of rational parties of theharedcapacity of a single
delaying a scheduled network backup jéb)n addition to Fesource, in this paper, and without loss of generality, we
empowering customers to trade bandwidth allocations, T&EStrict ourselves to a specific setting — that of coordimati
has the desirable side effect of smoothing traffic utilaati the utilization of a shared DSLAM link.

over time, thus reducing the ISP’s cost which is determinedFigure|1 illustrates the basic architecture of Digital Sub-
primarily by the peak rate. scriber Line (DSL) access technology. In this setting, DSL
Outline and Summary of Results: We start this paper in Mmodems on the customer side connect hundreds to thousands

Sectior 1l by overviewing the T&C mechanism as it appliegf users to a single DSLAM server on the provider network.
to a Digital Subscriber Line Access Multiplexer (DSLAM)PSLAMs connect to a Broadband Remote Access Server

setting, and in Sectiorls 1l ard IV by presenting analyticéIBRAS) which relays trafflcl to/from the Internet. In .th|s
results pertaining to convergence and efficiency of the etarkSetting, the DSLAM-BRAS link poses the most significant
place underlying T&C. Formulating the problem as a game teaffic management pr_oblems for ISPs and is thus the shared
not only useful for purposes of modeling and understandif§SOurce managed using our T&C mecharfism.

the marketplace dynamics, but also it serves as the basis of\s we alluded before, we envision a marketplace where
a real mechanism that can be implemented and applied38L customers are empowered to trade capacity over time,
practice. Thus, in Section VI we discuss the salient featofe SO as to facilitate the exchange of traffic volume for QoS.
an implementation architecture for T&C in a DSLAM settingThis exchange is desirable given the different utility that
Our implementation allows the marketplace interactions wgrious applications attribute to traffic volume vs. Q@Sgy(

be carried out by software agents that run on behalf of tiuid-Traffic (FT) applications value traffic volume whesea
users and the ISP, and thus (with the exception of minimBeserved Traffic (RT) applications value Q6S)n the envi-
configuration and parametrization) is quite transparerthéo Sioned marketplace, the DSLAM server's role is to enforee th
end user. Next, in Section VII, we demonstrate the significag@pacity allocations agreed upon by the DSL customers. By
advantages of T&C by presenting results from extensivestragloing so the ISP will benefit as well, as the T&C marketplace
driven simulations. For instance, we show that introduangdynamics result in a more balanced load over time, improving
relatively small level of flexibility in the scheduling of es user satisfaction and alleviating the need for infrastrut
activities results in significant gains for both the userd e upgrades to accommodate peak demand.

5T&C is equally valuable and practical if the resource to be rgedds not
3 We note that recent polls [20] indicate that consumers woctét traffic  “physical” but rather “virtual” —e.g, the aggregate inter-ISP (transit) traffic
allocation mechanisms that ensure fairness as long as thedemigos do of a subnetwork. Our distributed implementation architextdiscussed in
not trample on net neutrality, privacgic. Section VI is particularly suited for managing such resosirce
4We use the term “user” liberally since in practice, custoside software 6 Our T&C mechanism ensures that resource allocations are loesgde
agents would make most decisions on behalf of the user. valuations by the users themselves (rather than assumed bgRHe



For our purposes, we assume that the marketplace vilkfinition 1. (Cost Function) The cost of the RT veciiris
operate over fixed, non-overlapping periods of time, whieh w
call epochs(e.g, days), and that the trading and allocation of 1 &
capacity will occur withinT" subdivisions of an epoch, which G = Z‘TWUP
we calltime-slots e.g, 288 5-minute slots per day to match a p=1

de factoindustry standard of 5 minutes for traffic accounting ..o /7 _ S &, is the aggregate reservation on sl
and pricing. P =

and C' is a constant.

At the beginning of each epoch, the operator assigns each
agenti = 1,2,...n an allowance obudgetB; in accordance ~ The above cost function (which is proportional to the
with the user’s Service Level Agreement (SLA).g, “Busi- product of the current utilization and the demand of the agen
ness” versus “Residential” plans). Under flat pricing, whige ~over all time slots) can be interpreted asast-sharingscheme
assume in this paper, all customers receive an equal budgéiere each agent pays its fair share of the price of each time

)

Ql

Our T&C mechanism proceeds in two phases: slot, which depends on ttsgjuareof the time-slot’s utilization
(1) The Bandwidth Trading Phasé&his phase proceeds as a T

pure-strategies, non-cooperative game among agents, igho a ¢ = 1 Z U2 (wip>

allowed to rationally and selfishly decidehento schedule ¢ p=1 P\ Up

bandwidth allocations in support of their BEssionsAn RT

session is a consecutive set of time-slots during which a par The motivation for the cost function in Equation 1 is two-
ticular RT application — one with fixed demands per time-sl@b|d. First, in schemes where cost is constant or propoatitm

—is active. For example, a user may have a browsing and anfg user’'s demand, there is no incentive for an agent to avoid
mail RT session from 7-8pm and another video-streaming Rbngested time-slots — a given level of resource (bandyidth
session from 10-11pm. Although not necessary for analytiagsage costs the same in either case. Our cost function sreate
purposes, in our experiments as well as in our implememtatithe desired incentive of steering agents away from condeste
architecture, we enforce the practical requirement thegieas time slots (if they possess the flexibility to do so). Secand,

be atomic —.e,, a video-streaming session cannot be brokejpst function is fair in the sense that users sharing the same
up or interrupted. The scheduling of RT sessions is subfecttime slot pay the same unit-price. Non-linear cost function
preset user preferences and constraints. The outcomesof {Bf which ours is an instance) have been used before [22] to
game is a Nash-Equilibrium (NE) of RT bandwidth allocationgontrol congestion and achieve “proportional fairess.”

to all participating agents, along with the correspondiogtc 1,4 strategy spacs? for agenti is the set of permutations

incurred by each agent. of its request vector. As such, the strategy space is finite
(2) The Bandwidth Capping Phasghis phase proceeds aswith cardinality |S;| = P. The game’s strategy space is
a market-clearing phase, in which the operator distribates the Cartesian product of the strategy spaces of all agents:
remaining capacity among agents. The amount of “remaining’ — x ;. Initially, we will assume that all the points in the

capacity distributed in this phase is set based on a desirablrategy space are feasible, and later we will incorpordte R
nominal utilization of the link €.g, determined by the 95/5 sessions and capacity/budget constraints.

rule threshold). The allocation of bandwidth in the cappin ) _ .
phase rewards agents who were able to preserve more of tJdfforem 1. The pure strategies game in which agents adopt

budgets in the trading phase (due to a low RT volume Yetter/best responses to allocate atomic units of traffipen
due to flexibility in scheduling such traffic), ensuring a ketr US€r mutually-exclusive time-slots converges to a NE.

equilibrium of the resulting allocations. Proof: We define the following potential function:

n 1 T

e=) =50
Each agent represents its RT demand as a vector of requested i=1 p=1
bandwidth allocationsT; = (t;1,...,ty,). An assignment .
of an agent's demand is a mapping that pins each one Vgpen an agent makes a cost-reducing mave; < 0,
the components of the vector to a different time slot. A set 1 .
of such assignments (one per agent) comprises a potential 52 (xz‘pUp —a:ipU,,) < 0 )
configuration, orscheduleof RT utilization at the DSLAM. p

Let k = m;(j) be the time slot assigned to thi€& compo- Notice that for any other ageht+ 4, its utilization of interval
nent of agent’s request vector. We denote by, the actual , does not change, but the change in the total utilizatiorcsfe
allocation for agent in time-slotk, wherex;, = t; ,,(;)- The its cost as follows
x; notation implicitly represents the mapping;(), noting
that for time-slots that are not used in the mapping, we assum Acy, = 1 Z xkp(U,'; - U,)
that z;;, = 0. Thus,z;; is defined for all time-slots. ¢ >

IIl. THE BANDWIDTH TRADING PHASE



Adding the changes of the agents other thame get the strategy space; = (a1j,,.-.,an;, ), Wherea;; denotes
) thejh act!o_n of agent. There is anq edge,, € E for any
Z Ac,, = Z ( Zxkp(sz) _ U,,)) valid transitiod on the strategy spacke. the cost associated
Py [y c » with agenti at vertexp is larger than the cost at vertex
cp(i) > ¢q(i) anda—_; , = a_; 4, Meaning that the actions of
_ 1 U U )ZI all agents other tham are the same ip and ¢q. Let us call
P e G the transition graph of the game. Then, if the game always
converges to a NE in the unconstrained cases a Directed
1 , Acyclic Graph (DAG). Any path (sequence of actions) the
- C Z (@ip — Tip) Zxkp ®) agents traverse when following their rational-selfish geil
P ki always reach a vertex with no outgoing edges corresponding
where in the last step we used the fact thigt-U), = z;,—x;, to a NE (of possibly many) of the game. The addition of
because agents other thardid not change their allocations.constraints to the agents actions, corresponds to removing
Since the components af , are the same as thoseof, (but unfeasible vertices fron¥” as well as the edges coming into
in different positions), we observe thaf a2 = > =7, oroutof these vertices. L&’ be the residual transition graph
With this, we can reorganize expression (2) as follows after removing unfeasible vertices and edges. Supposeethie n
game with constraints does not always converge to a NE. Then,
1 ’ o 1 / there exists at least one cycle in the residual transiti@plyr
C D (@ —waly) = C > | @y =) ZII‘”’ <0 o Being  a subgraph ofG this implies the same cycle
P P h must exist in the original grapt¥, contradicting the fact that
which is exactly the same ds (3)e. Zk,#i Acr, = Ac; < 0. @ is a DAG. ]

As the sum of negative quantities is negative, we get Figure 2 illustrates the construction used in the proof. In

ZACZ' =A® <0 (a) it shows the DAG corresponding to the transitions of some
Z hypothetical game, where stateg and vg are the NE. In

i.e. the potential is monotonically decreasing and is lowefP) v+ andvs have been removed with their respective edges

bounded by some constant greater than zero. This lets qﬁbcause they are unfeasible. The NE in the residual graph

conclude that the game converges to a Nash Equilibriumn. are v and vg. Notice that the set of NE vertices after the
. addition of constraints need not to be the same as those of the
As we alluded before, it may be the case that an agent

o . L constrained game. In particular, feasible vertices wexe
have additional c;onstralnts Fhat limit 'ts. strategy SPaeTa i o NE wil k?ecome apNE if all their outgoing edges are
2-hour-long RT fixed bandwidth allocation must be assigmned lemoved
consecutive time-slots, and be scheduled to start between 6r o ) ) o .
and 8pm. Such constraints are easily captured by defining thé\N important consideration when considering equilibria of
agent’s strategy space as a subse$,of S*. Three practical Non-cooperative games is the Price of Anarchy (PoA) — the
examples of such constraints are: @] sessionso enforce ratio of the soual_cost at the worst-case equmbrlu_m compa_
the atomicity of reservations for application sessionst th{ the best possible. In the case of the Bandwidth Trading
span several consecutive time-slots, @pacity constraints 9ame, the social cost (understood in our case of study as
to ensure that the shared link capacity is never exceedf§ SyStem metric we want to optimize) is the maximum slot
by the aggregate allocation ¥p : 2" x;, < C, and (3) Utilization.

Budget constraintso ensure that no agent is able to reserveheorem 3. (Price of Anarchy for Bandwidth Trading)hen
resources beyond his “fair” share, which is upper-bounded Pser sessions are described as finite sequences of fixed size

, . T . . .
the agent's allowance ¥i : & > _, #;,U, < Bi. Notice gjiocations, the PoA on the per-slot loadis

that these sets of constraints correspond to the elimmatio

infeasible points in the strategy spageThis removal can be Proof: A loose bound on the PoA for the trading game
easily accomplished by setting to the cost for the agent atis trivial: Given a maximum allocation per agemnt,, .., it
unfeasible points. may be the case that all the agents have an equally-large
demand, and there exists a NE where these demands coincide

Theorem 2. (Convergence to NE under constrainGjzen a in the same time slot. On the other hand, there is always going

pure straiegies game, such that each agent's action Spacetolsne a slot with utilization of at least,,,,., therefore this is
finite, and that converges under better/best response dgsam

to a NE, then after adding constraints to the action spacze lower-bound on the slot utilization. Therefore we have the
. . qunds

of one or more agents, the game still converges, given thal

there exists feasible configurations after the addition haf t Xmar < max{Up} < nXpmax

constraints.

Proof: Consider the following directed grapi =< 7opserve that the set of edges in not limited to best-respobsemcludes
V,E >: There is a vertex; € V' for every possible point in any feasible move



Fig. 2. Transition graphs for a pure strategies game. a) Withonstraints, b) With constraints

These loose bounds immediately imply that the tasks of the agents. Finally, shuffle around the tasks
of the agents to get a problem instance.

2) For different number of agents (this defines the game
size) and of time-slots we create multiple problem

instances. In our case we creatdél) instances for each

worst — case max{U,}

PoA <

optimal max{U,}
To show that this bound is tight, we present in Fig. 3 an in-

stance that realizes it. In this example thereraagents, each

one having a session of lengtht kn, and the total number of

time-slots isn+ kn+n—1 = n(k+2) — 1. Fig.[3a shows the
optimal allocation which yields amax{U,} = X4, and
part (b) shows a NE whoseiax{U,} = nX,,.,. Part (b) is

game size.

Run the game by letting the agents take turns and play
their best response until the game reaches a NE. Take
the maximum among all the instances of the same size,
and then compute the ratio with respect to the known

a NE because any unilateral deviation by any agent, gives an  optimum. This gives the empirical ratio of the worst-case
higher cost. In fact the agent cost at NE is to the optimal.

1 nX2,. +k The results of these simulations are illustrated in Figure 4
“=0 ZmiPUP - with 5 slots (a) andl0 slots (b). In practice, the PoA for the

P trading phase (game) is almost always belyvand tends to
And the cost for a agent if he moves any integral number bé insignificant as the number of agents (size of the game)
positions (within the allowed time-slots) is increases, which bodes well for our setting.

1 U — Xpae +2k IV. THE BANDWIDTH CAPPING PHASE
G = C me p= C

P The Capping Phase computes a market-clearing solution that
allocates the left-over budget of the agents in such a way tha
maximizes the aggregate FT allocation for each userlilet
o . o (wi1, ..., w;r) be the vector of FT allocations, whets, €
It is important to notice that realizing the above PoA boun@+ is the allocation of FT for agent in time-slot p. We
requires a carefully crafted problem instance. In practice 5gjyst the definition of the cost function to take into acdoun
is very unlikely to find instances with these characterssticine gllocation of FT as follows:
In fact, to evaluate the practical behavior of the PoA we . _
conducted a series of simulations following this procedure Definition 2. The cost to agent for the combined allocation

. . .of RT (z;,) and FT (w;,) IS
1) Create a problem instance whose optimal allocation (wip) (wip)

is known. The load-balancing problem itself is NP- 1 <&

Complete? . On the other hand, constructing an instance ci(Wi) = C Z(xip +wip)Up (4)
with a known optimal solution is simple: Take the slots, p=1

assume they are all equally filled say withunit. Split whereU, = >, (x4 +wdm) is the aggregate reservation on
the content of each slot in several fractions and thestot p, and C is a constan®.

take sequences of elements from different slots to be L . . .
The implicit assumption of the Capping Phase is that RT
81t is easy to see this by reduction to the 2rRiTION[23] problem. If ~allocations have priority, and are fixed once determinedhiy t
we had a polynomial algorithm that solves the load-balangraplem, we
1T

could run this algorithm on an instance of the partition peab with two
slots. If the sum of the elements in the two slots is equal, tievar to the form c;(W;) = & > _; (zip +wip) f(Up), Where f() is a continuous and

- S ; ) . O Lup= .
PARTITION problem is “yes”, otherwise is “no” twice d|fferent|agle convex function. See [24].

andc; > ¢; wheneverk > (n — 1) X2

max*

9The results in this section can be generalized for cost fomstof the
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Trading Phase. FT allocations have no scheduling constraimrheorem 4. (Existence of Nash-Equilibrium for FT Band-
the value accrued by FT applications is strictly increasiity  width Allocation) There exists a set of per-user allocation
the aggregate allocation of FT bandwidth. Thus, self-egtd vectors that, when feasible for each user, maximizes tla tot

agents select allocations so as to: per-user allocation and is a NE.
Maximize _ , .
T In order to prove this theorem, we need first the following
bi(W;) = Zwip (5) lemmas:
p=1 Lemma 1. (Existence of the per-user solutiowhen the per-
subject to user FT maximization problem is feasible, there is a glgball
optimal solution (for a given set of allocations by the other
e(W;) < B 6) agents).
wyp > 0 for p=1,...,T (7) Proof: (Sketch)if the costc;(W;) < B; whenw;; = 0,

then there are feasible allocations of the fluid components
A fundamental question that arises is the existence of fftice also, that the feasible space defined as

equilibrium solution for the FT marketplace. The following
theorem shows that an equilibrium always exists. D={W,; € RT|w,-j >0 for j=1,...,T and ¢;(W;) < B;}



is convex. This follows from the fact that the constraints fubject to
equations 7 and 6 are concave functions. Then, by the Khun o
and Tucker (KT) theorem under conveXfly there is vector ci(Wi) B;  for T 1....m (11)
W; that maximizes the objective functidn() with associated Wip 0 for i=1,...,n and p=1,...,712)
Lagrange multipliers\; ,~;, such that the Kuhn-Tucker first-l-he Lagrangean of this problem is

order conditions

<
2

T n T T
Dby(W) + Y NuDWi+4;De(Wy) = 0 (8  LWA =) ( wip + Y Nipip + %-cAWz-)) 7
— i=1 \p=1 p=1
. (13)
. » . ity whereW = (Wh,...,W,,) is the concatenation of the per-
Al 2 0.7 2 O’Z;Aiqw”q i) =0 O yser allocation vectors, and, y are the concatenations of
o q: the per-user Lagrange multipliers. Observe that eq. 13ds th
are satisfied atV; = W; o ® sum of the corresponding Lagrangeans for the user prob-
The Lagrangean of the per-agent optimization problem isems, therefore a feasible’* that maximizes 10, is also a
T global maximum for the per-user problems (all the terms in
L(Wi, Aiyvi) = bi(Ws) + Z NigWiq + vici(W;) DL(W, A7) =31, DL(W;, \;,7;) = 0 have to be zero, as
q=1 none can be negative). Being the per-user allocations aglob
and eq| 8 can be succinctly written as maximum, no agent can improve by unilaterally deviatingrfro
DLW, A, i) = 0 this allocation vector, hencd’* is a NE. [ ]
Lemma 2. (Unigueness of the per-user solutiohie user's V. OTHER APPLICATION SCENARIOS
optimal solution is unique Load balancing problems arise in multitude of situations of

which the DSLAM scenario we have considered so far is just
one example. The model we have presented is general and can
be applied in other scenarios where the customer tasks can be
modeled as a combination of atomic and fluid processes and
all the customers compete to complete their tasks with the
bi(Z) = abi(X)+(1—a)b(Y) lowest cost.

= bi(X) One example of this necessity is given by Greenberg et al

the second step because beiligy” global maximizers, it is [26] in provisioning datacenter resources, more spediﬁ_cal
the case thab;(X) = b;(Y). This means that all the points€N€rgy and network capacity. Both resources are typically

Z in the hyperline segment defined b, Y are also global charged based on the 95/5 rule, and for the case of the
maximizers. datacenter this is a direct cost, making the incentive fer th

reduction of peak utilization more direct, but without chary
the fundamental characteristics of the resource marlepla

Proof: Suppose it is not. LeX andY be two distinct
global maximizers ob;(). Let Z = aX + (1 — )Y for a €
(0,1). By the convexity ofD, it is always the case that € D.
By the linearity ofb;()

Define the left-over budget at poiat as

UZ)=B; — Z(:pip + 2ip) U, we have present@ In particular, energy requirements of
P different tasks can be describe as vectors of power consump-
Then,¢(X) = ((Y) = 0, otherwise if there is a positive left-tion per time-slot,7; = (ti1,...,ty,). Tasks may also be

over budget and the agent could increase its benefit¥grid constrained to be executed within some time-interval aed th
would not be maximizers. It is also the case th{#) is strictly charge associated with the execution of the tasks is dateri
concave (this follows fromD2/(Z) being a negative definite by the total energy consumption according to eq. (4). Then,
matrix), therefore the customers can schedule the execution of their tasks by
using the trading mechanism as already describedllin

UZ) > ob(X) + (1 - a)(Y) Similarly, there are fluid tasks, that may use all the capacit
This contradicts the previous observation tkatis a global available to them, and that run forever. Examples of sudtstas
maximizer, because whenever there is a positive left-ovare the crawling, indexing and ranking processes on a web
budget, the agent can increase the allocation in at least sogearch engine. We can think of these tasks as fluid-tasks and

time-slot thus increasing its total benefit. B assign them a variable amount of resources per time-slat as t
Proof: of Theorem 4Define the following global fluid maximize the total amount of work they can perform at the

maximization problem: lowest cost. In addition, the possibility of assigning bet$gto

Maximize different tasks permits adjusting the fraction of the reses

n I they get. In fact Greenberg et al suggest using pricing and
>3 u (10
i=1 p=1 111n the DSLAM case with flat-rate payments, the incentive comemf
exchanging flexibility on interactive applications withlvme for fluid appli-
105ee theorem 7.16 [25] cations.
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NIC

shaper ensures that the customer does not exceed its total
allocated bandwidth? The routing of packets to each one
Fig. 5. Overall T&C Architecture of these queues could be implemented in a number of ways,

including using manual configuration on a per application
basis, using an automatic traffic classifier ([6], [7], [.1]),

“urgency of execution” as parameters to reduce the peak-f-Using special APIs that allow applications to bind to sfiec

valley ratio on the utilization of these resources, prdgitee Virtual interfaces.

notions captured by our mechanism. The entire system operates on the local domain defined by
the DSLAM and the finite (customer) population attached.to it

VI. IMPLEMENTATION OF AT&C DSLAM M ARKETPLACE For accounting and policing purposes, the system would need

to uniquely identify each customer. Authentication — in gnan

Architecture: We describe a distributed implementation of th%ases already in place at the physical o link layers, dépgnd
T&C marketplace, where there is one provider agent (runni%g] the underlying technologye(g, xDSL) — is neéded to

at the DSLAM for example), and a client-side agent runn'”grotect against “identity theft’ whereby a customer would

ohn the custpmﬁ: r's IOC‘ZI .i‘Ol'J:t.el’.gl' hse Iger;‘(—.:‘ral aLthtecture oof the MAC address of another in the same DSLAM to
the system s Illustrated in Figu . In this architecture avoid having its traffic counted against its own budget. d&oti

client-side agent is responsible for: (1) profiling the ons¢r's hat to account for traffic durin :
o . . . g each epoch, the providenag
RT demand, (2) bidding for allocations during the bandwid nly needs the total allocation per customer. This inforomat

trading phase, and (3).shaping applic_ation; traffic adogq is enough to ensure that the customer is adhering to the
to the reserved allocations. The provider-side agent gesvi outcomes of the T&C mechanism for each time slot. Erom

two functionalities: (1) it runs the marketplace phases the providers perspective it is irrelevant if the customer i

bandwidth trading and bandwidth capping — just before thLFsing a bandwidth allotment for RT or FT bandwidth. In fact,

start of ea_ch epoch; and (2) once the epoch starts, enf_orﬁﬁg assures that the provider’'s policing mechanism isedde
the allocations settled by the marketplace agents by usin &utral with regard to the customer’s traffic

traffic shaper for each customer line. The traffic shaper en t o iah ) h | .
provider side enforces the total allocation determinedtey t _Friority/weighted queueing systems have long been used in

T&C marketplace, but does not need to classify traffic, th(j@€ Q0S literature. An implicit assumption in that litenatu
overhead is minimal. is that priorities/weights are assigned consistently &y ¢hd

The traffic sh both on the client-side and thy
.S ra_d|c s ap%rs _t ¢ Ob otn_ ¢ € C|ent_—S| i and %F. me resource, their choice would be to assign themselves
provider-side — need not 1o be strict reservation based. il highest priority, unless there is a cost associated thith

?rst%Ck ?[f a St?(f[th ressrt\(att_lonl syslttc_ar? ISchatblttdoes rt]c%oice. Our T&C mechanism incorporates such a cost, thus
ake advantage ot e statistical muitiplexation betw providing the needed incentive for agents to act truthfully
flows sharing the link. To avoid this limitation, we use a work

conserving scheduler, namely a derivative of the hieraathi Al90rithmic Complexity and Efficient Distributed Imple-
link-sharing scheduler [27] — the Hierarchical Token Buckdnentation: A scheme like ours would not be practical if
(HTB) — which is currently available in the Linux kernel@SSociated processes are not efficient to compute.
[28]. When using a work conserving scheduler, if some To compute the best-response in the trading phase, we
of the sources are idle, the unused capacity is distributééveloped a dynamic programming solution which is pseudo-
between the other sources. As a consequence, the resesvafi@lynomial (complexity depends on the product of the number
established in the T&C marketplace are minimum guarante®$,sessions per user and the number of time slots) and which
but the aggregate utilization can always reach the totafvesl runs in a few seconds on current hardware for instances of
capacity. practical sizes of hundreds of users and hundreds of tinte slo

Handling traffic on the customer side requires the implé108 and 288, respectively in our simulations). The dynamic
mentation of a two-level priority queuing system, with thgth
priority assigned to RT demand and the low priority assignedle future extension would allow for a distributed implemeruatiof the

. . . . hierarchical scheduler, such that the capacity of the shegsource can be

to FT demand. This way, packets belonging to RT applicatio

: - Qp%tistically multiplexed among the customers sharing the [ithis way, the
preempt any pending packets in the FT queue. The root traffistem would not have a per-customer cap due to the hard atieeis:

[

stems. However, when self-interested agents compethador



programming solution, when finding the best response far use Tot;e’;'ggkets 2009-03-31 00:00 — 20102'50136%% 5233:559
1 proceeds as follows: TCP packets 1,194,409,653
. . UDP packets 4,321,852
1) Let k£ be number of sessions of ageitand 7' the Total TCP bytes (payload 924,540,189,060
number of time-slots
2) Initialize the matrixA of dimensionk x T'. Each element TABLE |

ajp of A will represent the cumulative cost of sessions CHARACTERISTICS OF THEWAN TRACE USED IN OUR EVALUATION.

1...j <k, when thej*" session is allocated in slgt
All the matrix elements are initialized to infinity. 200 ‘ ‘ ‘ T
3) The first row is computed by assuming sessiotis | FA’ |

placed in slotp and computing the resulting cost. iiﬁ I
4) Subsequent rowsj (= 2...k) are computed according 120 | ‘
to eqn. [(14). Hereg(j, p) represents the cost of session 100 ﬁ‘\ ]%s@ :
j at slotp (from eq.[1). Observe also that, is the " | I
minimum cost at which all the sessions up focan 40 Mbhx %}&1

be allocated in the time-slots up f@ Therefore, the 20

Downstream traffic (MB)

optimal cost for the entire set of sessions of the user. Time (Hours)
o . . . Fig. 7. Downstream trace for a subnet of broadband users
The feasibility condition in egn[ (14) refers to the conistts

of the problem. Basically, different sessions do not oyerla ) o .
all the components of the session fall within the allowedetim SNOWs the main characteristics of these WAN traces. Caygfuri
slots (... T), and the cumulative cost is less or equal to th Slice (portion) of the customer network’s traffic resuttseiss
budget. In particular, in the case of the user going over tiRgonounced diurnal peak-to-valley ratios, which limite fer-
budget, we adopted the policy of dropping arbitrary sessiofprmance_galn_s reallz_ed by T&C. Thu_s, the performance gains
until the budget constraint is satisfied. In our experimenf§POrted in this section should be viewed as “conservative
we did not implement the capacity constraint, although figure 7 shows the traffic aggregated o¥erin time-slots for
could be easily incorporated into the procedure. In doing 8 Subnetwork we selected for our evaluation.

we allow for the utilization to grow as much as demanded, To extract traffic associated with a customer access net-
which gives even more conservative estimates of the worstork, we applied the following pre-processing steps. First
case performance metrics. we identified subnets most likely associated with broadband

As for the fluid allocation computation in the capping phas&Sers, based on the upstream/downstream ratios, thetyctivi
the solution using Lagrange multipliers presented in $actiPer port number, and diurnal activity patterns. Next, assgm
V] constitutes a straightforward distributed implemeiatag that each IP address is a single user/household, we cldssifie
whereby at the Customer Premises Equipment (CPE) edBf traffic per user as either RT or FT. This was done

agent computes its best response iteratively until it gletsec Pased on association of traffic activity with privileged or
enough to the global optimum. numbers. Finally, we identified the various RT sessions per

{Hsen with their corresponding demands per time-slot. iSess

. . X . . Identification was done by setting a threshold on the lenfjith o
PEi nsistent with a network-neutral implementatidee T~ . . . . -
C S consistent with a network-neutral implementat Penods of high activity. We call this threshol§},,.,. and it is

only support needed from the DSLAM would be to offe . .
iven as a number of time-slots. For most of our experiments

a blackboard service where all the participants are able 9y

register their (RT and FT) allocations and query the totafs considered the valueSma, = 6 and Spee = 12

(Up) per time-slot. Once the market reaches an equilibriunc*norres’pondingl 0 h"_ilf an hour and one hour respectively. If
the posted schedule is committed for the next epoch. ahy sequence of t|me-s|gt§ has Iength_ gfeater tHan.,
then we subtracted the minimum from this interval under the

assumption that it was due FT. By repeating this process on
any subinterval of length greater th&h, .. we obtained a set
In this section we use trace-driven simulations to (1) hgiitl of disjoint RT sessions for the user.

the benefits that a user in our system begets by exhibitingTgC operates by letting user agents express their flexybilit
some flexibility in scheduling its RT sessions under T&C, (2r willingness to move IT components (forward or backward
demonstrate the gains that an ISP stands to realize as & rqgu{ime) some number of time slots. We define a session’s
of the overall smoother traffic profile of T&C, and (3) illuate  sjackto be the number of time slots that an agent is willing
how various parameters affect the performance of T&C. o shift its session (back or forth in time). A slack of 0
Traces and Trace Pre-ProcessingAs an alternative to direct implies no flexibility. A slack of 1 implies a willingness to
DSLAM traces (which unfortunately are not available), wshift sessions by 5 minutes (our time slot) back or forth, if
used publicly available WAN traces [29] to extract a sliceuch a shift is advantageous. Notice tmabving a session
of traffic associated with a customer access network. Tablenkans a shift of the traffic attributed to that sessiorafbtime

Running both the trading and capping processes at

VIl. EXPERIMENTAL EVALUATION
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ht

00 if sessionj is unfeasible at sl
Gip = { J op (14)

min{a;_1,1..p—1} +¢(4,p) otherwise

slots spanned by that sessidre( traffic in all time slots of a equal to the total traffic originally in the trace. We intregua
single session is shifted equally to preserve session atiyjni control parameter (for resistance) which allows the provider
In our simulation we also enforced the condition that nto adjust the resulting traffic on the shared link. By setting
shifting sessions could overlap. This is consistent witersis C = V/R (this is theC of the cost function in equatidnl 4),
not doing more activities on the same time-slot. Similanhg, and the budget per customer 8, = CT/n, the expected
also enforced the condition of preserving the session mrgler utilization (without RT) is preciselyC. In our traces (as
Although not required by our model, it implies less effort ombserved generally on the Internet) the FT component is much
the part of the agent, and any results thus obtained are elanger than the RT component, therefore the RT stage isyrarel
more conservative. affected by the budget constralt.

How Does T&C Impact the ISP’s Bottom Line? Our Figure 9 shows the outcome of the two phases of T&C
first experiment aims to evaluate how the 95th percentile tifr a value of R = 1.0 and various slack values. The y-axis
the ISP’s 5-minute traffic volume (th@5% traffic envelop) is normalized with respect t& (the nominal volume under
changes as a result of letting users schedule their RT ssssiperfectly balanced conditions, with no RT components). Due
according to the trading phase of T&C. For brevity, we assunt@ the presence of RT components, this quantity is always
that all agents adopt the sarslackvalue for all their sessions. (slightly) larger thanl.0. The session identification process
Figure[ 8 shows two examples of the outcome after the markdso capture a much larger peak in the casesgf, = 12.
reaches an equilibrium. On the left is the traffic per timat;sl Table [ 11l shows the95% and 50% (median) of the time-
and on the right is the CDF of traffic per time-slot. Top row islot utilizations, as well as the ratio between them. These
for session length threshold 6%, = 6, and the bottom row results suggest that with T&C in place, the ratio is nearty,

is for S,,. = 12 time-slots. Clearly, the session thresholdingesulting in a perfect flattening of traffic over time slotisus
process has little effect on the trace, being the most rattiee eliminating cost problems derived from spikes when usirgy th
effect the larger peak (from30MB to 150MB). Tablé Il shows 95/5 rule.

the values of th®5% traffic envelop. These results underscore 95% Median Ratio

that selfishly scheduling RT sessions yields an equilibrium Original 19715 12456 1583
with significantreduction in the95% traffic envelop — up to T&C Smaz =6 13652  135.93  1.004
31% reduction when slack i$ hours. Even for a small slack T&C Smas =12 138.05  137.33  1.005
of 15 minutes, the savings amount 16%. TABLE IIl

. : . i TRAFFIC VOLUME STATISTICS(IN MB) WITH AND WITHOUT T&C
We emphasize that the benefit from bandwidth trading quan-

tified in the results in Tablelll (and elsewhere in this paper) .
rather conservative given the nature of the WAN traces U$ed.|_|i| ow Does T&C Enable an ISP to Cap its Aggregate
our evaluation, in which the peak-to-valley ratio is mucivéo
than those observed in most characterization studigs[30].
With workloads exhibiting typical variability, the benefitre

likely to be even more significant.

raffic Volume? The ISP is able to specify a target total
traffic volume on the managed link through its choice of the
resistance paramete® (which directly affects the constant
C and hence the budge®; allocated to each agent). Figure
10a shows the total allocation per time-slot as a function of

P s 1o R, whenslack=0 (which is the worst-case in the sense that

Slack | 95%(MB) Savings%| 95%(MB) Savings% under this scenario, the budgets are constrained the nigst).
0 36.3 0.0 477 0.0 expected,R effectively controls the aggregate traffic volume
3 30.6 156 421 1.7 resulting from T&C. This volume is almost flat due to the
6 27.4 24.4 33.6 29.6 o . : o
12 249 314 309 352 fluid” nature of FT bandwidth allocation. The exception is
TABLE Il due to spikes underscoring the presence of large RT sessions
95% UTILIZATION RESULTING FROM BANDWIDTH TRADING. that could not be smoothed out under the chosen slack value.

Naturally, these spikes dissipate when larger slack vadwes

We now consider experiments in which both phases of T&gsed (see Figure 9).
are carried out. In particular, after completing the tragdinHow Does ISP Resistance Impact the Allocation of FT
phase — thus scheduling all RT sessions in the trace — agéefigffic Relative to RT Traffic? Figure[10b compares the
allocate as much fluid traffic as possible in accordance wiger-user bandwidth allocations for different values of the
their remaining budgets. Thus, an important consideration resistancefz. As before, the general trend is that the more RT
setting-up these experiments is the budget assignment. Ip, . , .
For large values of?, the budget constraint may impact RT allocations.

parti.CUIar' we used _the following policy: Ldf denote the |, he rare event when this happens, the policy we adoptecdtaveandomly
nominal traffic per time-slot that results in a total volum@rop user sessions in case the user runs out of budget inatiiedrphase.



11

140

" Slack=0 —— Slack=0 — —
120 Slack=3 J Slack=3
Slack=6 +——— Slack=6 —— 1
100 Slack=12 +— | Slack=12 ——
o <
2 807 4
L =
£ £
= a
I a0 L g v 0 L L L L L L
0 50 100 150 200 250 0 20 40 60 80 100 120 140
Time-Slot Slot Traffic (MB)
Smaz = 6 (1/2 an hour)
160 ; ; ; ; " 1 . .
Slack=0 —— Slack=0 ——
140 ¢ Slack=3 1 Slack=3
Slack=6 +—— 0.8 Slack=6 —— 1
. 120 Slack=12 +—— Slack=12 ——
3 100¢ 306
= L
&) =
= ©
I S o4
[ o
02
il L bl v“ ralcal zacll L O L L L L L L L
0 50 100 150 200 250 0 20 40 60 80 100 120 140 160
Time-Slot Slot Traffic (MB)
Smaz = 12 (0ne hour)
Fig. 8. Utilization over time for RT sessions with variousciavalues.
; ; ; : ; 1.14 ; ; ; : ;
1.04 | Slack=0 ——— | Slack=0 ——
g ) Slack=3 ‘ g Slack=3
5 Slack=6 5 li1z¢ Slack=6 +—— 1
s 1038y Slack=12 S Slack=12 +——
Q L 1.1 ¢
5 1036 | 1 T
T 1.034 RS 3 08y
-
[ < 1.06
E ~ “‘\N b A | M | M 5 {fpeihesh
Z 103 ll‘ M “‘ N al il ‘A I “ﬂ 2 1.04 et LISTET
0 50 100 150 200 250 0 50 100 150 200 250
Time-Slot Time-Slot
(a) Smaw =6 (b) Smaz =12

Fig. 9. Total Traffic (RT+FT) for various slack values.

bandwidth requested by an agent during the trading phase, BT sessions. The results in Table IV expose this tradeoff for
less FT allocation the agent is able to secure during theimgppselected levels of RT demand and resistances. For example,
phase. Increasing the values Bfresults in a correspondingwhen R = 4, an agent with a nominal 100MB of RT
reduction in the aggregate allocation of FT bandwidth, withandwidth is able to capture 32% more FT traffic by accepting
large RT bandwidth consumers impacted the most. a minimal slack of3 for its RT sessions. A rather surprising

, . (and also desirable) finding — evident from Figure 11 anddabl
How Does T&C Impact the Users Bottom Line? To W is that the user begetrnostof the benefit by introducing

evaluate T&C on a per-user basis, we compare how RT
a_minimal amount of slack. Increasing the slack much beyond
FT allocations vary across users. Figlré 11 (left) shows a
t results in only marginal increases in FT allocationthia

clear negative corelation between the allotment of FT and L :
bandwidth. The relationship is not monotonic or deterniois ab?ve example, b?’ d(g/ublmg |t:TsIachF fro_la::o 6, the user |s|
because it depends on the outcomes from the trading ph afﬁe to capture only 3% more FT traffic. The message is clear:
which affect the left-over budget for each agent. It is alsvay bays” to be flexible, even if minimally so.
the case though that the larger the slack, the larger the FTFigure 11 (right) shows the same results on a semi-log scale
allocation for any given user (points along the same vdrtice® expose the outcome for users with negligible demand for
line in the plot). An agent with fixed RT demand increases iRT bandwidth. In this case, the capping phase assigns to all
allocation of FT bandwidth when it adds more flexibility te it such users almost equal share of the capacity (as expeltted).
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R=4.0 R=2.0 R=1.0
Slack 100MB  200MB _ 400M B giving users “higher-than-purchased” access rate durifig o
3 1.3190 1.2836 11931 ; e ; :
5 13497 13338 12329 peak. hours as a reward for time-shifting their FT trafﬂc. As.a
12 1.4079 1.3769 1.2520 solution to the second problem, they propose the introdncti
TABLE IV of a store-and-forward service to handle the network temsf
FT BANDWIDTH GAIN FOR VARIOUS VALUES OF R AND RT DEMAND. of bulk FT data during off-peak hours.

Fairness is a very controversial issue with no universally-

] ) accepted definition. The most commonly used definition is tha
is only the heavy RT bandwidth hogs who are unable to claig} max-min fairnesswhereby no user can increase its rate at

much FT bandwidth, which is precisely the premise of T&Gye expense of other users with lower rates. Max-min faines
Convergence to Equilibrium and Scalability: Back in §VI|  deals with instantaneous rates, and thus is useless owgr lon
we discussed the algorithmic complexity of computing besime scales under time-varying demands. In many contexts,
responses during the trading phase, and gave a pseud@mess is a property established across floag),( TCP’s
polynomial algorithm for its solution. It was also showrmax-min fairness). Clearly, this definition breaks whermasi
that the computation of market bids for the capping phasgtity (user) is able to open multiple concurrent flows, as it
is polynomial. To evaluate the convergence speed, and hignndeed the case in many applications. Briscoe [34] gives a
well the marketplace scaled for large numbers of partigigat very thorough discussion of the issues involved. He adescat
agents, we conducted a series of simulations where we varotion of cost fairnessbetween economic entities, thus
the number of agents and register the number of trials umil tayoiding both the per-flow and the instantaneous connaisitio
market reaches equilibrium. A trial is a single agent iierat This is consistent with T&C'’s assignment of budgets to user
and includes both, computing and submitting the bid to thgents as the primary mean for ensuring fairness.
marketplace. Taking a given number of agents/e conducted  pacently, Briscoe et al [35] proposed an architecture that

100 different experiments and counted the aggregated numbgf aie at the network edges and realizesctist fairmness

of trials of all the agents. The worst-case among thtS& el without directly charging users (hence, compatitite w
experiments is registered in the Figure 12. The experimenfts yricing). This work introducese-feedbacka mechanism
show that the total number of trials until convergence 080 14t allows measurement of downstream path metrics, such
a linear trend, and timing measurements show that the markel ye|ay and congestion. This information can then be used
clearing allocations can be computed in less than few s&coRg gjice the compliance of end-users with a predetermined
(less thanl0 sec in a 2.4Ghz P4 system). policy (e.g. backoff the sending rate in case of congestion).
The network itself can perform the policing function reduiy

only a shaper at the ingress point and a dropper at the egress
While the application of game-theoretic and micro-economjoint. When doing so, it is the dominant strategy for end-
approaches to networking problems is not novel [31], [24], [ points to report the correct metrics. This is a congestiarirod

[32], [33], our approach of strategically trading-off aliion mechanism that provides the necessary feedback for flows to
slots based on desirable properties for different traffissbs adjust their rates, and for the network to police response to
is new and quite promising. congestion. It is strictly a best-effort scheme, and unligeC

Laoutaris and Rodriguez [5] recognized that the problenfisdoes not provide the means for applications with specific
associated with rampant FT traffic are due to the lack &0S goals to make trade-offs that satisfy their requirement
incentives for end-users to properly schedule their FTfitraf Approaches forcongestion-pricingwith explicit payments
and the lack of network mechanisms to identify and handi@ve been considered in a humber of studies. Hendatsah
such traffic. As a solution to the first problem, they suggep36] present a review of the benefits and limitations of these

VIIl. RELATED WORK
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proposals. Examples includemart Markets[32], [37] and [40], the authors consider the assignment of service dasse
Split-Edge Pricing[38]. Of particular interest is the schemeto each user’s traffic at each one of the routers in a path.
proposed by Ganegdt al [22], which assigns costs to packetdn this analysis, each user provides a QoS vector and ayutilit
depending on congestion. Under a family of non-linear cofitnction, and the user actions are the choices of servieseta
functions that depend on the utilization of the congesteld li at each router, such that his traffic will meet the QoS goals
and the flow's demand, they showed convergence to steadg§th minimum cost. This model is limited to thensplittable
state equilibrium. While our mechanism and system model azase meaning that all the traffic from a user is assigned the
entirely different, our cost function has similar charaistiics. same service class. The incentive for the users is imptichie
price-by-class scheme, where users requesting higheitprio
Several works have also studied the [33], [39], [40] prigiasses pay more. In addition, payment has to be made to all
ority queueing systems (a la Diffserv) under game-theorefjtermediary nodes on a route. Chen et al[41] also provide
frameworks. So for example, Marback [33] analyzes a pyiorig efficient distributed implementation and evaluationhrt
queueing scheme where packets get charged based on thgjfij-switch QoS assignment game, where agents running
priority, and selfish users compete for bandwidth. Among the routers and end-points compute the game outcome
other things, he shows that such a scheme leads to a Wardsgpehalf of the users. The performance evaluation shows a

equilibrium and that allocation does not depend on the pricgjgnificant improvement on the per-application QoS metrics

that T&C enables different valuations for different classé

traffic, and uses these valuations to leverage the tradistgisy A fundamental distinction between T&C and the various
Park et al/[39] consider a QoS class assignment game wheoagestion pricing schemes considered in the literat8%],([
users share a single Generalized Processor Sharing (GP), [36], [22]) is that none of these schemes takes into
gueue and they can assign the class for the traffic. Usersatmount the dual nature (RT vs. FT) of applications. Theesfo
so, to meet the QoS requirements of their application at th# these schemes impose penaltiegy(larger cost, increase
minimum possible costs (as higher priority also means lighdrop rates) to all the traffic from a user during congestion
cost). In this work, they consider both, the case where trafferiods. Because they operate over short-time-scalegettar
may be arbitrarily split between the many service classés ang an instantaneous response to congestion), none of these
the unsplittablecase where all the traffic is assigned to thapproaches exploits the extra degree of freedom offered by
same class. In the splittable case, NE need not exists, buthi possibility of time-shifting the execution of RT tasks,

is proven that in the unsplittable case NE always exists. &ujusting the rate of FT tasks.



Trade & Cap is an effective bandwidth management mech-
anism that enables self-interested user agents to cobdcti

IX. CONCLUSION [13]

14]

converge on whathey perceive to be an equitable allocationjis]
based on their individual, private valuation of networkityti

(e.g, raw volume vs. QoS over time). T&C not only benefit$t®!
users by allowing them to extract better utility from the-net
work, but also benefits the ISP by yielding smoother aggeegat?]
traffic volumes, which lowers traffic transit costs and rezhic
the currently unsustainable pressure on ISPs to upgrade the
networks in order to keep up with peak demand. Under T&@8]

rather than acting as an arbiter, an ISP acts as an enforcer
of what the community of rational users sharing the resourte

decides is a fair allocation of that resource. This is a weko

departure from current practices that force ISPs to usfczati

(20]

notions of fairness to police shared bandwidth use, with

negative implications to privacy and network neutrality.
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