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ABSTRACT
The routing game models congestion in transportation
networks, communication networks, and other cyber phys-
ical systems in which agents compete for shared re-
sources. We consider an online learning model of player
dynamics: at each iteration, every player chooses a route
(or a probability distribution over routes, which corre-
sponds to a flow allocation over the physical network),
then the joint decision of all players determines the costs
of each path, which are then revealed to the players.

We pose the following estimation problem: given a se-
quence of player decisions and the corresponding costs,
we would like to estimate the learning model param-
eters. We consider in particular entropic mirror de-
scent dynamics and reduce the problem to estimating
the learning rates of each player.

We demonstrate this method using data collected from
a routing game experiment, played by human partici-
pants on a web application that we developed. When
players log in, they are assigned an origin and destina-
tion on the graph. They can choose, at each iteration, a
distribution over their available routes, and each player
seeks to minimize her own cost. We collect a data set
using this interface, then apply the proposed method
to estimate the learning model parameters. We observe
in particular that after an exploration phase, the joint
decision of the players remains within a small distance
of the Nash equilibrium. We also use the estimated
model parameters to predict the flow distribution over
routes, and compare these predictions to the actual dis-
tribution. Finally, we discuss some of the qualitative
implications of the experiments, and give directions for
future research.

1. INTRODUCTION
The routing game is a non-cooperative game that mod-

els congestion in many cyber physical systems (CPS)
in which non-cooperative agents compete for shared re-
sources, such as transportation networks (the resources
being roads) and communication networks (the resources
being communication links) [5, 30, 28]. The game is
played on a directed graph that represents the network,
and each player has a source node and destination node,
and seeks to send traffic (either packets in a communi-
cation setting, or cars in a transportation setting) while
minimizing the total delay of that traffic. The delay is
determined by the joint decision of all players, such that
whenever an edge has high load, it becomes congested
and any traffic using that edge incurs additional delay,
defined by a congestion function that models the un-
derlying physical process. This model of congestion is
simple yet powerful, and routing games have been stud-
ied extensively since the seminal work of Beckman [5].

1.1 Learning models and convergence to Nash
equilibria

The Nash equilibria of the game are simple to charac-
terize, and have been used to quantify the inefficiency
of the network, using the price of anarchy [30]. How-
ever, the Nash equilibrium concept may not offer a good
descriptive model of actual behavior of players. Be-
sides the assumption of rationality, which can be ques-
tioned [32], the Nash equilibrium assumes that players
have a complete description of the structure of the game,
their own cost functions, and those of other players.
This model is arguably not very realistic for the routing
game, as one does not expect users of a network to have
an accurate representation of the cost function on every
edge, or of the other users of the network. One alter-
native model of players is a model of repeated play [25,
13, 26], sometimes called learning models [11] or adjust-
ment models [15]. In such models, one assumes that
each player makes decisions iteratively (instead of play-
ing a one-shot game), and uses the outcome of each

iteration to adjust their next decision. Formally, if 𝑥
(𝑡)
𝑘
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is the decision of player 𝑘 at iteration 𝑡 (in this case a

flow distribution over available routes), and ℓ
(𝑡)
𝑘 is the

vector of costs (delays), then player 𝑘 faces a sequential

decision problem in which she iteratively chooses 𝑥
(𝑡)
𝑘

then observes ℓ
(𝑡)
𝑘 . These sequential decision problems

are coupled through the cost functions, since ℓ
(𝑡)
𝑘 de-

pends not only on 𝑥
(𝑡)
𝑘 but also on 𝑥

(𝑡)
𝑘′ for 𝑘′ ∕= 𝑘. Such

models have a long history in game theory, and date
back to the work of Hannan [16] and Blackwell [6]. In
recent years, there has been a resurgence of research on
the topic of learning in games using sequential decision
problems, see for example [11] and references therein.

When designing a model of player decisions, many
properties are desirable. Perhaps the most important
property is that the dynamics should be consistent with
the equilibrium of the game, in the following sense:
Asymptotically, the learning dynamics should converge
to the equilibrium of the one-shot game (be it Nash equi-
librium or other, more general equilibrium concepts).
In this sense, players “learn” the equilibrium asymptot-
ically. Much progress has been made in recent years
in characterizing classes of learning dynamics which are
guaranteed to converge to an equilibrium set [14, 18, 17,
13, 26, 1]. In particular for the routing game, different
models of learning have been studied for example in [12,
7, 20, 22, 21], with different convergence guarantees.

1.2 A mirror descent model of learning
We will focus in particular on the mirror descent model

used in [23], since it offers a large family of models that
have strong convergence guarantees to Nash equilibria.
This model describes the learning dynamics as solving,
at each step, a simple minimization problem parame-
terized by a learning rate 𝜂. It is described in detail
in Section 2.2, but at a high level, the learning model
can be thought of as an update algorithm that spec-

ifies 𝑥
(𝑡+1)
𝑘 as a function of 𝑥

(𝑡)
𝑘 , ℓ

(𝑡)
𝑘 and a learning

rate 𝜂
(𝑡)
𝑘 . The learning rate intuitively trades-off two

terms: The first term encourages allocating the flow to
the best routes of the previous iteration, and the sec-

ond term penalizes large deviations between 𝑥
(𝑡)
𝑘 and

𝑥
(𝑡+1)
𝑘 (thus encourages stationarity of the sequence of

decisions). Therefore the learning rate describes how
aggressive the update is: A small learning rate results
in a small change in strategy, while a large learning rate
results in a significant change.

1.3 Estimating the learning rates
Motivated by this interpretation of the learning dy-

namics, we propose the following estimation problem:

Given a sequence of observed player decisions (�̄�
(𝑡)
𝑘 ),

and the sequence of corresponding costs (ℓ̄
(𝑡)
𝑘 ), can we

estimate the learning model parameters to fit these ob-
servations? These quantities are effectively measured in
our experimental setting using the routing interface, and
can be measured on transportation networks using ex-
isting traffic monitoring and forecasting systems, such
as the Mobile Millennium system [3] or the Grenoble
Traffic Lab [9].

More precisely, we assume that the player is using a
given learning algorithm with an unknown sequence of

learning rates (𝜂
(𝑡)
𝑘 ), and we estimate the learning rates

given the observations (�̄�
(𝑡+1)
𝑘 ), (ℓ̄

(𝑡)
𝑘 ). One way to pose

the estimation problem is to minimize, at each itera-
tion, the distance between the prediction of the model

𝑥
(𝑡+1)
𝑘 (𝜂), and the actual decision �̄�

(𝑡+1)
𝑘 . We show in

particular that for a careful choice of the distance func-
tion, this problem is convex in 𝜂 and can be solved ef-
ficiently. This method allows us to estimate one pa-

rameter 𝜂
(𝑡)
𝑘 per iteration 𝑡 and per player 𝑘. When we

have a sequence of observations available, it can be de-
sirable to control the complexity of the model by assum-
ing a parameterized sequence of learning rates, instead
of estimating each term separately. Thus, we propose a
second method which assumes that the learning rate is

of the form 𝜂
(𝑡)
𝑘 = 𝜂

(0)
𝑘 𝑡−𝛼𝑘 , with parameters 𝜂

(0)
𝑘 > 0

and 𝛼𝑘 ∈ (0, 1). The resulting estimation problem is
non-convex in general, but since it is a two dimensional
problem (only two parameters to estimate), it can be
minimized efficiently.

1.4 Summary of contributions and organiza-
tion of the article

Our main contributions are to

1. Pose the learning rate estimation problem, and
show that it is convex for an appropriate choice of the
distance function. We also give an example application
of the estimated model: It can be used to predict the
decision of the players over the next few iterations, by
propagating the model forward with the estimated val-
ues of the parameters.

2. Develop a routing game system in order to collect
data on routing decisions. We developed a web inter-
face in which a master user can create an instance of the
routing game by defining a graph and cost functions on
edges of the graph. Then other users can connect to the
interface as players. The game then proceeds similarly
to our learning model: At each iteration, every player
chooses a flow distribution on their available routes (us-
ing a graphical user interface with sliders), then their
decisions are sent to a backend server, which computes
the total cost of each route, and sends this information
back to the players.

3. Apply the proposed methods to the data collected
from the routing game system, and give quantitative



and qualitative insights into the decision dynamics of
human players. In particular, we observed that in the
first few iterations, the flow distributions oscillate, which
corresponds to a high value of estimated learning rates.
For later iterations, the flow distributions remain close
to equilibrium, and the learning rates are lower, al-
though some players may occasionally move the system
away from equilibrium by performing an aggressive up-
date (high learning rate). It was also interesting to ob-
serve that in some rare cases, the best fit is obtained for
a negative learning rate, which means that the player
updated her strategy by assigning more traffic to routes
with higher cost, a counter-intuitive behavior which is
hard to model (we comment on this in Section 5). Fi-
nally, we comment on the performance of the prediction
over a short horizon, which seems to indicate that the
mirror descent model is a good descriptive model for
player behavior in this setting.

The remainder of the article is organized as follows:
In Section 2, we formally define the routing game and
the mirror descent dynamics and review its convergence
guarantees. In Section 3, we pose the learning rate es-
timation problem in the entropy case, then extend it to
the generalized entropy case. We also briefly discuss the
traffic prediction problem. In Section 4, we describe the
experimental setting, some implementation details, and
the nature of the collected data. We then use this data
to run the estimation and prediction tasks in Section 5,
comment on the quality of the prediction, and give some
qualitative and quantitative insights into the decision
dynamics. We conclude in Section 6 by summarizing
our results and giving directions for future research.

2. THE ROUTING GAME AND THE LEARN-
ING MODEL

In this section, we give the definition of the (one-shot)
routing game, and the model of learning dynamics.

2.1 The routing game
The routing game is played on a directed graph 𝒢 =

(𝑉,𝐸), where 𝑉 is a vertex set and 𝐸 ⊂ 𝑉 ×𝑉 is an edge
set. The players will be indexed by 𝑘 ∈ {1, . . . ,𝐾}, and
each player is associated with an origin vertex 𝑜𝑘 ∈ 𝑉 ,
a destination vertex 𝑑𝑘 ∈ 𝑉 , and a traffic mass 𝑚𝑘 ≥ 0
that represents the total traffic that the player needs
to send from 𝑜𝑘 to 𝑑𝑘. The set of available paths con-
necting 𝑜𝑘 to 𝑑𝑘 will be denoted by 𝒫𝑘, and the action
set of player 𝑘 is simply how to allocate the total mass
𝑚𝑘 along paths in 𝒫𝑘. This action set can be described
simply by the probability simplex over 𝒫𝑘, which we de-

note by Δ𝒫𝑘 = {𝑥𝑘 ∈ ℝ
∣𝒫𝑘∣
+ :

∑
𝑝∈𝒫𝑘

𝑥𝑘,𝑝 = 1}. In other

words, each player 𝑘 chooses a distribution 𝑥𝑘 ∈ Δ𝒫𝑘

over their available paths, so her total flow contribution

to a path 𝑝 is 𝑚𝑘𝑥𝑘,𝑝. The joint decision of all players is
denoted by 𝑥 = (𝑥1, . . . , 𝑥𝐾). The costs of the players
are then determined as follows:

a) The cost on an edge 𝑒 is 𝑐𝑒(𝜙𝑒(𝑥)), where 𝑐𝑒(⋅)
is a given, increasing function (this models the actual
cost due to the physical process, for example delay on
a road segment due to accumulation of cars), and 𝜙𝑒(𝑥)
is the total traffic flow on edge 𝑒 induced by 𝑥, obtained
simply by summing all the path flows that go through
that edge, i.e. 𝜙𝑒(𝑥) =

∑
𝑘

∑
𝑝∈𝒫𝑘:𝑒∈𝑝𝑚𝑘𝑥𝑘,𝑝.

b) The cost on a path 𝑝 ∈ 𝒫𝑘 is denoted by ℓ𝑘,𝑝(𝑥),
and is the sum of edge costs along the path, i.e. ℓ𝑘,𝑝(𝑥) =∑
𝑒∈𝑝 𝑐𝑒(𝜙𝑒(𝑥)).

c) The cost for player 𝑘 is the total path cost for all
the traffic sent by player 𝑘, i.e.

∑
𝑝∈𝒫𝑘

𝑚𝑘𝑥𝑘,𝑝ℓ𝑘,𝑝(𝑥).
This is simply the inner product between the flow vector
𝑚𝑘𝑥𝑘 and the cost vector ℓ𝑘(𝑥), which we denote by
⟨ℓ𝑘(𝑥), 𝑥𝑘⟩.
Remark 1 (A note on the player model) Some for-
mulations of the routing game, e.g. [31, 22], define the
game in terms of populations of players, such that each
population is an infinite set of players with the same ori-
gin and destination. This assumes that each player con-
tributes an infinitesimal amount of flow, so each player
can play a single path. In our model, each player is
macroscopic, and can split its traffic across multiple routes.
Both models are equivalent in terms of analysis, the only
difference is the interpretation of the model. We choose
the finite player interpretation because it is more consis-
tent with the experimental section of the article, where
we run the game with finitely many players.

Definition 1 (Nash equilibrium) A distribution 𝑥★ =
(𝑥★1, . . . , 𝑥

★
𝐾) is a Nash equilibrium (also called Wardrop

equilibrium in the traffic literature) if it satisfies the
following condition: For all other feasible distributions
𝑥 = (𝑥1, . . . , 𝑥𝐾) and for all 𝑘, ⟨ℓ𝑘(𝑥★), 𝑥𝑘 − 𝑥★𝑘⟩ ≥ 0.

In words, 𝑥★ is a Nash equilibrium if for every player 𝑘,
the expected cost under 𝑥★𝑘 is lower than the expected
cost under any other distribution 𝑥𝑘 (thus player 𝑘 has
no incentive to unilaterally change her distribution 𝑥𝑘).
If we define the inner product ⟨𝑥, ℓ⟩ =

∑
𝑘 ⟨𝑥𝑘, ℓ𝑘⟩, then

this is equivalent to: 𝑥★ is an equilibrium if and only if
⟨ℓ(𝑥★), 𝑥 − 𝑥★⟩ ≥ 0 for all feasible 𝑥. This variational
inequality is, in fact, equivalent to the first-order op-
timality condition of the following potential function,
usually referred to as the Rosenthal potential, in refer-
ence to [29]:

Proposition 1 (Existence of a convex potential)
Consider a routing game and define the following func-

tion 𝑓(𝑥) =
∑
𝑒∈𝐸

∫ 𝜙𝑒(𝑥)

0
𝑐𝑒(𝑢)𝑑𝑢. Then 𝑓 is convex its

gradient is ∇𝑓(𝑥) = ℓ(𝑥).



This result can be found for example in [30]. Due to the
fact that the delay function ℓ(⋅) coincides with the gra-
dient field ∇𝑓(⋅) of the Rosenthal potential, the Nash
condition can be rewritten as ⟨∇𝑓(𝑥★), 𝑥 − 𝑥★⟩ ≥ 0 for
all feasible 𝑥, and since 𝑓 is convex, this is a neces-
sary and sufficient condition for optimality of 𝑥★ (see
e.g. Section 4.2.3 in [8]). Therefore the set of Nash
equilibria is exactly the set of minimizers of the convex
potential 𝑓 . This is important both for computation
(computing a Nash equilibrium can be done by mini-
mizing a convex function), and for modeling: One can
model player dynamics as performing a distributed min-
imization of the potential function. More precisely, if we
adopt the point of view presented in the introduction,
in which each player faces a sequential decision prob-

lem, and plays 𝑥
(𝑡)
𝑘 then observes ℓ𝑘(𝑥

(𝑡)), then this cor-
responds to a first-order distributed optimization of the
function 𝑓 , where each player is responsible for updating

the variables 𝑥
(𝑡)
𝑘 , and observes, at each iteration, the

partial gradient ℓ𝑘(𝑥
(𝑡)) = ∇𝑥𝑘

𝑓(𝑥(𝑡)). Using this con-
nection to distributed optimization, a model of player
dynamics was proposed in [23]. We review the model in
the next Section.

2.2 The learning model: Mirror descent dy-
namics

Each player is assumed to perform a mirror descent
update given by the following algorithm:

Algorithm 1 Distributed mirror descent dynamics with DGF

𝜓𝑘 and learning rates (𝜂
(𝑡)
𝑘 ).

1: for each iteration 𝑡 ∈ {1, 2, . . . } do
2: for each player 𝑘 ∈ {1, . . . ,𝐾} do

3: Play 𝑥
(𝑡)
𝑘 ,

4: Observe ℓ
(𝑡)
𝑘 = ∇𝑥𝑘𝑓(𝑥(𝑡)),

5: Update distribution by solving the problem

𝑥
(𝑡+1)
𝑘 = argmin

𝑥𝑘∈Δ𝒫𝑘

[
𝜂
(𝑡)
𝑘

〈
ℓ𝑘(𝑥

(𝑡)), 𝑥𝑘

〉
+𝐷𝜓𝑘

(𝑥𝑘, 𝑥
(𝑡)
𝑘 )

]
(1)

In the update equation (1), 𝐷𝜓𝑘
(𝑥𝑘, 𝑥

(𝑡)
𝑘 ) is the Breg-

man divergence between the distributions 𝑥𝑘 and 𝑥
(𝑡)
𝑘 ,

defined as 𝐷𝜓(𝑥, 𝑦) = 𝜓(𝑥)−𝜓(𝑦)−⟨∇𝜓(𝑦), 𝑥 − 𝑦⟩, for
a strongly convex function 𝜓, called the distance gen-
erating function (DGF). In particular, 𝐷𝜓(𝑥, 𝑦) is non-
negative, and it is zero if and only if 𝑥 = 𝑦 (by strong
convexity of 𝜓). For a review of Bregman divergences
and their uses in optimization, see for example [10, 2].
Some special cases include:

a) The Euclidean case: If 𝜓(𝑥) =
∥𝑥∥2

2

2 , then 𝐷𝜓(𝑥, 𝑦) =
∥𝑥−𝑦∥2

2

2 . In this case, mirror descent reduces to the pro-
jected gradient descent algorithm.

b) The entropy case: If 𝜓(𝑥) = −𝐻(𝑥) where 𝐻(𝑥) =

−∑
𝑝 𝑥𝑝 ln𝑥𝑝 is the negative entropy, then 𝐷𝜓(𝑥, 𝑦) =∑

𝑝 𝑥𝑝 ln
𝑥𝑝

𝑦𝑝
is the Kullback-Leibler (KL) divergence from

𝑥 to 𝑦. In this case, the mirror descent algorithm is
sometimes called the entropic descent [4], or exponenti-
ated gradient descent [19].

Mirror descent is a general method for convex optimiza-
tion proposed in [27]. The model in Algorithm 1 is a
distributed version of mirror descent, applied to the po-
tential function 𝑓 (defined in Proposition 1). To give

some intuition of the method, the first term
〈
ℓ
(𝑡)
𝑘 , 𝑥𝑘

〉
in the minimization problem (1) can be thought of as
a linear approximation of the potential function (since

ℓ(𝑥) = ∇𝑓(𝑥)), and the second term 𝐷𝜓(𝑥𝑘, 𝑥
(𝑡)
𝑘 ) pe-

nalizes deviations from the previous iterate 𝑥
(𝑡)
𝑘 . The

learning rate 𝜂
(𝑡)
𝑘 determines the tradeoff between the

two terms, and can be thought of as a generalized step

size: A smaller 𝜂
(𝑡)
𝑘 results in a distribution which is

closer to the current 𝑥
(𝑡)
𝑘 . Thus, from the potential func-

tion point of view, the player minimizes a linearization
of the potential plus a Bregman divergence term that

keeps 𝑥𝑘 close to 𝑥
(𝑡)
𝑘 . From the routing game point

of view, minimizing the first term
〈
ℓ
(𝑡)
𝑘 , 𝑥𝑘

〉
encourages

putting weight on the paths that have smaller cost dur-
ing the previous iteration, and the second term keeps the
distribution close to its current value; the learning rate

parameter 𝜂
(𝑡)
𝑘 determines how aggressive the player is

in shifting traffic to the paths which appear to be the
best during the previous iteration.

The convergence of this distributed learning model is
discussed in [23]. The learning dynamics given in Algo-
rithm 1 is guaranteed to converge under the following
assumptions:

Theorem 1 (Theorem 3 in [23]) Consider the rout-
ing game with mirror descent dynamics defined in Al-

gorithm 1, and suppose that for all 𝑘, 𝜂
(𝑡)
𝑘 is decreasing

to 0. Then 𝑓(𝑥(𝑡))−𝑓(𝑥★) = 𝒪
(∑

𝑘
1

𝑡𝜂
(𝑡)
𝑘

+
∑𝑡

𝜏=1 𝜂
(𝜏)
𝑘

𝑡

)
.

In particular, if 𝜂
(𝑡)
𝑘 = 𝜂

(0)
𝑘 𝑡−𝛼𝑘 , with 𝛼𝑘 ∈ (0, 1), then

one can bound the sum
∑𝑡
𝜏=1 𝜂

(𝑡)
𝑘 = 𝜂

(0)
𝑘

∑𝑡
𝜏=1 𝜏−𝛼𝑘 ≤

𝜂
(0)
𝑘

∫ 𝑡
0

𝜏−𝛼𝑘𝑑𝜏 =
𝜂
(0)
𝑘

1−𝛼𝑘
𝑡1−𝛼𝑘 . Therefore, 𝑓(𝑥(𝑡))−𝑓(𝑥★) =

𝒪(𝑡𝛼𝑘−1) + 𝒪(𝑡−𝛼𝑘) = 𝒪(𝑡−min(𝛼𝑘,1−𝛼𝑘)), which con-
verges to 0. While this specific convergence rate does
not matter for the purposes of the estimation problem,
this convergence guaranteemotivates the modeling as-
sumptions made in the next section.

3. LEARNING MODEL ESTIMATION
In this section, we assume that we have access to a se-

quence of observations of traffic distributions (�̄�
(𝑡)
𝑘 ), and



a sequence of delay vectors (ℓ̄
(𝑡)
𝑘 ), for a given player 𝑘.

The over bar is used to make a clear distinction between
quantities which are observed (e.g. �̄�

(𝑡)
𝑘 ) and quantities

which are estimated or predicted (e.g. 𝑥
(𝑡)
𝑘 ). Given this

sequence of observations, we would like to fit a model
of learning dynamics. From the previous section, the
learning model in Algorithm 1 is naturally parameter-
ized by the DGF 𝜓𝑘 and the learning rate sequence

(𝜂
(𝑡)
𝑘 ). We will assume that the DGF is given, and dis-

cuss how one can estimate the learning rates.

3.1 Estimating a single term of the learning
rates sequence

Given the current flow distribution �̄�
(𝑡)
𝑘 and the cur-

rent delay vector ℓ̄
(𝑡)
𝑘 , the mirror descent model pre-

scribes that the next distribution is given by

𝑥
(𝑡+1)
𝑘 (𝜂) := argmin

𝑥𝑘∈Δ𝒫𝑘

𝜂
〈
ℓ̄
(𝑡)
𝑘 , 𝑥𝑘

〉
+𝐷𝜓𝑘

(𝑥𝑘, �̄�
(𝑡)
𝑘 ), (2)

where 𝜓𝑘 is given. Therefore, 𝑥
(𝑡+1)
𝑘 can be viewed as a

function of 𝜂, (hence the notation 𝑥
(𝑡+1)
𝑘 (𝜂)) and to es-

timate 𝜂, one can minimize the deviation between what
the model predicts and what is observed, as measured
by the Bregman divergence; i.e. minimize

𝑑
(𝑡)
𝑘 (𝜂) := 𝐷𝜓𝑘

(�̄�
(𝑡+1)
𝑘 , 𝑥

(𝑡+1)
𝑘 (𝜂)).

The estimate of the learning rate is then

𝜂
(𝑡)
𝑘 = argmin

𝜂≥0
𝑑
(𝑡)
𝑘 (𝜂). (3)

In the next theorem, we show that this problem is con-
vex when the DGF is the negative entropy. In fact,
one can explicitly compute the gradient of 𝑑𝑘(𝜂) in this
case, which makes it possible to solve Problem (3) effi-
ciently using gradient descent for example. The negative
entropy is a natural choice of DGF for many reasons,
both theoretical (it yields an optimal dependence of the
convergence rate on the dimension of the problem) and
practical (it yields a closed form solution of the update
equation (1)), see [4] for a more detailed discussion.

Theorem 2 If 𝜓𝑘 is the negative entropy, then 𝑑
(𝑡)
𝑘 (𝜂) :=

𝐷𝜓𝑘
(�̄�

(𝑡+1)
𝑘 , 𝑥

(𝑡+1)
𝑘 (𝜂)) is a convex function of 𝜂, and its

gradient with respect to 𝜂 is given by

𝑑

𝑑𝜂
𝑑
(𝑡)
𝑘 (𝜂) =

〈
ℓ̄
(𝑡)
𝑘 , �̄�

(𝑡+1)
𝑘 − 𝑥

(𝑡+1)
𝑘 (𝜂)

〉
.

Proof. When 𝜓𝑘 is the negative entropy, the solu-
tion of the mirror descent update (2) is given by

𝑥
(𝑡+1)
𝑘,𝑝 (𝜂) =

�̄�
(𝑡)
𝑘,𝑝𝑒

−𝜂ℓ̄(𝑡)
𝑘,𝑝

𝑍
(𝑡)
𝑘 (𝜂)

(4)

where 𝑍
(𝑡)
𝑘 (𝜂) is the appropriate normalization con-

stant, given by 𝑍
(𝑡)
𝑘 (𝜂) =

∑
𝑝 �̄�

(𝑡)
𝑘,𝑝𝑒

−𝜂ℓ̄(𝑡)𝑘,𝑝 , see for ex-

ample [4]. Given this expression of 𝑥
(𝑡+1)
𝑘 (𝜂), we can

explicitly compute the Bregman divergence (which, in
this case, is the KL divergence):

𝑑𝑘(𝜂) = 𝐷𝐾𝐿(�̄�
(𝑡+1)
𝑘 , 𝑥

(𝑡+1)
𝑘 (𝜂))

=
∑
𝑝∈𝒫𝑘

�̄�
(𝑡+1)
𝑘,𝑝 ln

�̄�
(𝑡+1)
𝑘,𝑝

𝑥
(𝑡+1)
𝑘,𝑝 (𝜂)

=
∑
𝑝∈𝒫𝑘

�̄�
(𝑡+1)
𝑘,𝑝

⎛
⎝ln

�̄�
(𝑡+1)
𝑘,𝑝

�̄�
(𝑡)
𝑘,𝑝

+ 𝜂ℓ̄
(𝑡)
𝑘,𝑝 + ln𝑍

(𝑡)
𝑘 (𝜂)

⎞
⎠

= 𝐷𝐾𝐿(�̄�
(𝑡+1)
𝑘 , �̄�

(𝑡)
𝑘 ) + 𝜂

〈
ℓ̄
(𝑡)
𝑘 , �̄�

(𝑡+1)
𝑘

〉
+ ln𝑍

(𝑡)
𝑘 (𝜂),

where we used the explicit form (4) of 𝑥
(𝑡+1)
𝑘 (𝜂) in the

third equality, and the fact that
∑
𝑝 �̄�

(𝑡+1)
𝑘,𝑝 = 1 in the

last equality. In this expression, the first term does not
depend on 𝜂, the second term is linear in 𝜂, and the last

term is the function 𝜂 �→ ln𝑍
(𝑡)
𝑘 (𝜂) = ln

∑
𝑝 �̄�

(𝑡)
𝑘,𝑝𝑒

−𝜂ℓ̄(𝑡)𝑘,𝑝 ,

which is known to be convex in 𝜂 (see for example Sec-

tion 3.1.5 in [8]). Therefore 𝑑
(𝑡)
𝑘 (𝜂) is convex, and its

gradient can be obtained by differentiating each term

𝑑

𝑑𝜂
𝑑
(𝑡)
𝑘 (𝜂) =

〈
ℓ̄
(𝑡)
𝑘 , �̄�

(𝑡+1)
𝑘

〉
+

𝑑
𝑑𝜂
𝑍

(𝑡)
𝑘 (𝜂)

𝑍
(𝑡)
𝑘 (𝜂)

=
〈
ℓ̄
(𝑡)
𝑘 , �̄�

(𝑡+1)
𝑘

〉
+

∑
𝑝−ℓ̄(𝑡)𝑘,𝑝�̄�

(𝑡)
𝑘,𝑝𝑒

−𝜂ℓ̄(𝑡)
𝑘,𝑝

𝑍
(𝑡)
𝑘 (𝜂)

=
〈
ℓ̄
(𝑡)
𝑘 , �̄�

(𝑡+1)
𝑘

〉
−

〈
ℓ̄
(𝑡)
𝑘 , 𝑥

(𝑡+1)
𝑘 (𝜂)

〉
,

which proves the claim.

3.2 Generalized negative entropy
In this section, we propose to use a generalization of

the entropy DGF, motivated by the following observa-
tion: according to the entropy update and its explicit

solution (5), the support of 𝑥
(𝑡+1)
𝑘 (𝜂) always coincides

with the support of �̄�
(𝑡)
𝑘 (due to the multiplicative form

of the solution). As a consequence, if we observe two

consecutive terms �̄�
(𝑡)
𝑘 , �̄�

(𝑡+1)
𝑘 such that some 𝑝 is in the

support of �̄�
(𝑡+1)
𝑘 but not in the support of �̄�

(𝑡)
𝑘 , the KL

divergence 𝐷𝐾𝐿(�̄�
(𝑡+1)
𝑘 , 𝑥

(𝑡+1)
𝑘 (𝜂)) is infinite for all 𝜂,

since support(�̄�(𝑡+1)) ∕⊂ support(𝑥
(𝑡+1)
𝑘 (𝜂)) (in measure

theoretic terms, �̄�(𝑡+1) is not absolutely continuous with

respect to 𝑥
(𝑡+1)
𝑘 (𝜂)). This is problematic, as the estima-

tion problem is ill-posed in such cases (which do occur
in the data set used in Section 5). To solve this prob-
lem, we consider the following DGF introduced in [24]:
For 𝜖 > 0, let

𝜓𝜖(𝑥𝑘) = −𝐻(𝑥 + 𝜖) =
∑
𝑝

(𝑥𝑘,𝑝 + 𝜖) ln(𝑥𝑘,𝑝 + 𝜖).

The corresponding Bregman divergence is

𝐷𝜓𝜖
(𝑥𝑘, 𝑦𝑘) =

∑
𝑝

(𝑥𝑘,𝑝 + 𝜖) ln
𝑥𝑘,𝑝 + 𝜖

𝑦𝑘,𝑝 + 𝜖
,



and can be interpreted as a generalized KL divergence.
In particular, for any 𝜖 > 0, this Bregman divergence is
finite for any 𝑥𝑘, 𝑦𝑘 ∈ Δ𝒫𝑘 , unlike the KL divergence.
Additionally, the support is not necessarily preserved.
Finally, it is worth observing that when 𝜖 > 0, the up-
date equation (1) does not have a closed-form expression
as in (4); however, the solution can be computed effi-
ciently using the algorithm of [24]. In our numerical
simulations in Section 5, we use the generalized entropy
DGF proposed here.

3.3 Estimating the decay rate of the learning
rate sequence

In the previous section, we proposed a method to es-
timate a single term of the learning rate sequence. One
can of course repeat this procedure at every iteration,
thus generating a sequence of estimated learning rates.
However, the resulting sequence may not be decreas-
ing. In order to be consistent with the assumptions
of the model, we can assume a parameterized sequence
of learning rates (which is by construction decreasing),
then estimate the parameters of the sequence, given the
observations. Motivated by Theorem 1, we will assume,

in this section, that 𝜂
(𝑡)
𝑘 = 𝜂

(0)
𝑘 𝑡−𝛼𝑘 with parameters

𝜂
(0)
𝑘 > 0 and 𝛼𝑘 ∈ (0, 1).

Given the observations (�̄�
(𝑡)
𝑘 ) and (ℓ̄

(𝑡)
𝑘 ), we can define

a cumulative cost, 𝐷
(𝑡)
𝑘 (𝛼𝑘, 𝜂

(0)
𝑘 ) :=

∑𝑡
𝜏=1 𝑑

(𝜏)
𝑘 (𝜂

(0)
𝑘 𝜏−𝛼𝑘),

where each term of the sum is as defined in the previous

section, then estimate (𝛼𝑘, 𝜂
(0)
𝑘 ) by solving the problem

(𝛼𝑘, 𝜂
(0)
𝑘 ) = argmin

𝛼𝑘∈(0,1),𝜂
(0)
𝑘 ≥0

𝐷
(𝑡)
𝑘 (𝛼𝑘, 𝜂

(0)
𝑘 ). (5)

Note that this problem is non-convex in general, how-
ever, since it is low-dimensional (two parameters to esti-
mate), it can also be solved efficiently using non-convex
optimization techniques.

3.4 Traffic flow prediction
We discuss one important application of the proposed

estimation problem. Once we have estimated the learn-
ing rates, we can propagate the model forward in order
to predict the distributions of the players for the next
time step. More precisely, if at iteration 𝑡, we have
observed �̄�(𝑡), ℓ̄(𝑡), and we have estimated the terms

(𝜂
(1)
𝑘 , . . . , 𝜂

(𝑡−1)
𝑘 ) for a player 𝑘, then we can use these

terms to estimate 𝜂
(𝑡)
𝑘 , and predict the next distribution

by solving

𝑥
(𝑡+1)
𝑘 = argmin𝑥𝑘 ∈ Δ𝒫𝑘

〈
𝜂
(𝑡)
𝑘 , ℓ(�̄�

(𝑡)
𝑘 )

〉
+ 𝐷𝜓𝑘

(𝑥𝑘, �̄�
(𝑡)
𝑘 )

= 𝑔(�̄�
(𝑡)
𝑘 , 𝜂

(𝑡)
𝑘 ),

where we defined the function 𝑔, which takes a distri-
bution and a learning rate and propagates the model

forward one step. We can inductively estimate the next
terms by propagating the model further over a hori-

zon ℎ: let 𝑥
(𝑡)
𝑘 = �̄�

(𝑡)
𝑘 and for 𝑖 ∈ {0, . . . , ℎ − 1},

𝑥
(𝑡+𝑖+1)
𝑘 = 𝑔(𝑥

(𝑡+𝑖)
𝑘 , 𝜂

(𝑡+𝑖)
𝑘 ). (6)

Here, we assume that we can extrapolate the learning

rate sequence to estimate the terms 𝜂
(𝑡+𝑖)
𝑘 . If we assume

a particular form of the sequence, 𝜂
(𝑡)
𝑘 = 𝜂

(0)
𝑘 𝑡−𝛼𝑘 , then

this can be done readily once we have an estimate of

𝜂
(0)
𝑘 and 𝛼𝑘. However, if each term of the sequence is

estimated separately, we need to use a model to predict
the next terms. We propose these simple methods that
are evaluated in Section 5:

1. First, as a baseline method, we simply set 𝜂
(𝑡+𝑖)
𝑘 =

𝜂
(𝑡−1)
𝑘 for all 𝑖 (we use the last estimated value).

2. Second, we use a moving average, and set 𝜂
(𝑡+𝑖)
𝑘 =

1
𝑁

∑𝑁
𝑛=1 𝜂

(𝑡−𝑛)
𝑘 for all 𝑖 (for a fixed parameter 𝑁).

3. Third, we perform a linear regression on (ln 𝜏, ln 𝜂
(𝜏)
𝑘 ),

1 ≤ 𝜏 ≤ 𝑡 (this corresponds to estimating a polynomial
decay rate of the sequence).

We conclude this section by observing that while we
chose to apply the model to a simple prediction task, the
estimated model can be used, more generally, in any a
receding-horizon optimal control problem, by using the
current estimate of the model as a plant in the control
problem.

4. THE ROUTING GAME WEB APPLICA-
TION

We developed a web application that implements the
repeated routing game described in Section 2. The gen-
eral architecture of the system is summarized in Fig-
ure 2. It consists of a client interface that is used by
human participants, shown in Figure 1, and a backend
server that is responsible for collecting inputs from the
clients, updating the state of the game, then broadcast-
ing current information to each player.

A master user can set up the game by creating a graph
and defining the cost functions on each edge. Then
once a game is set up, players can log in to the client
interface, and each player is assigned an arbitrary ori-
gin node and destination node on the graph. Once the
game starts, it is played in iterations, such that each
iteration lasts a specified period of time shown by the
timer on top of the client interface (each iteration lasts
30 seconds in our experiments). Each player 𝑘 can use

the sliders to set her flow distribution 𝑥
(𝑡)
𝑘 during it-

eration 𝑡. At the end of the iteration, the server uses

the values of 𝑥
(𝑡)
𝑘 for all players 𝑘 ∈ {1, . . . ,𝐾} to com-

pute the costs ℓ
(𝑡)
𝑘 , then sends this information to the

client side, which then updates the charts and the ta-
ble with the last value of the cost. Note that client



Figure 1: Screenshot of the client side of the routing game application. The table is the main interface on

the client side, and can be used by the player to set weights on the different paths, using the sliders. The

weights determine the flow distribution �̄�
(𝑡+1)
𝑘 . The table also show the previous flows (𝑥

(𝑡)
𝑘 ), the previous costs

(ℓ̄
(𝑡)
𝑘 ), and the cumulative costs �̄�

(𝑡)
𝑘 =

∑
𝜏≤𝑡 ℓ̄

(𝜏)
𝑘 . Clicking a path will also highlight the path on the graph. The

bottom charts show the full history of flows, costs, and cumulative losses.

Figure 2: General architecture of the system. Dur-

ing iteration 𝑡, the clients input the current values

of the distributions �̄�
(𝑡)
𝑘 and send them to the server.

At the end of the iteration, the server uses these

values to compute the cost functions ℓ̄
(𝑡)
𝑘 and sends

them back to the clients.

𝑘 only has access to the information about player 𝑘,
so in this sense, the learning is completely distributed,
as players do not observe the decision or the costs of

other players. The decisions of the players (�̄�
(𝑡)
𝑘 ) and

the costs (ℓ̄
(𝑡)
𝑘 ) are logged by the server, with no identi-

fiable information about the players. The code for the
web application is available on Github at the following
url: github.com/kietdlam/routing. To illustrate the
methods proposed in this article, we ran the experiment
on a small network (shown in the interface in Figure 1),
with 5 anonymous players. The numerical results are

discussed in the next section.

5. EXPERIMENTAL RESULTS
We use the data set collected by the experiment to

illustrate the estimation and prediction problems pro-
posed in Section 3, and give some comments on the de-
cision dynamics of the players.

5.1 Distance to equilibrium
First, we evaluate whether the (distributed) decisions

of the players converge to the Nash equilibrium of the
game. The distance to equilibrium can be measured
simply by the Rosenthal potential defined in Proposi-
tion 1. Figure 3 shows the potential 𝑓(𝑥(𝑡)) − 𝑓(𝑥★) as
a function of iteration 𝑡, as well as the corresponding

player costs
〈
ℓ
(𝑡)
𝑘 , 𝑥

(𝑡)
𝑘

〉
of the players. We can observe

that at the beginning of the game, there is a clear explo-
ration phase in which players tend to make aggressive
adjustments in their distributions, while during later
turns, the adjustments become less aggressive and the
joint distribution 𝑥(𝑡) remains close to equilibrium (as
measured by the potential function 𝑓). The system does
move away from equilibrium at some later turns (due to
a player performing an aggressive update, see for exam-
ple turn 22 in Figure 3), but it quickly recovers.

5.2 Estimation and prediction
We now apply the method proposed in Section 3 to

estimate the learning rates of each player, then use the
estimated rates to predict the decision of the players
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Figure 4: Comparison of the distributions 𝑥
(𝑡)
𝑘 of

the estimated model to the actual distributions
�̄�
(𝑡)
𝑘 , for player 𝑘 = 2. Each subplot corresponds

to a path.

over a short horizon. In this section, we take the Breg-
man divergence to be the generalized entropy defined in
Section 3.2, with 𝜖 = 10−3.

First, we solve Problem (3) to estimate the learning
rate sequence one term at a time. Figure 4 compares
the estimated distributions by the model, to the actual

distributions. This shows that choosing one value of 𝜂
(𝑡)
𝑘

per turn makes it possible to closely fit the observations.

Then, we use the parameterized form 𝜂
(𝑡)
𝑘 = 𝜂

(0)
𝑘 𝑡−𝛼𝑘 ,

and estimate 𝜂
(0)
𝑘 and 𝛼𝑘 by solving problem (5). The

results of both methods are shown in Figure 5 When
we estimate one term at a time, the resulting sequences
have very large variations, and to better visualize them,
we plot a moving average (over a window of 5 iterations).

Irrational updates.
It was interesting and perhaps surprising to observe

that when estimating learning rates one term at a time,

in some rare instances, the objective 𝑑
(𝑡)
𝑘 (𝜂

(𝑡)
𝑘 ), as de-

fined in equation (3), is minimal at a negative 𝜂
(𝑡)
𝑘 (if

we ignore the constraint 𝜂 ≥ 0), which means that the
player shifted the probability mass towards paths with

higher costs. One such example is given in Table 1.
Such behavior is hard to interpret or justify (at least
within our framework which models players as sequen-
tial decision makers). A negative learning rate does not
make sense in our model, since the minimization prob-
lem (1), which defines the mirror descent update, would
encourage shifting mass towards paths with higher cost.
Thus we add the constraint 𝜂 ≥ 0 when solving the es-
timation problem (3). Note that this problem does not
occur when we estimate the entire sequence in its pa-
rameterized form, as discussed in Section 3.3.

Path �̄�(𝑡) ℓ̄(𝑡) �̄�(𝑡+1)

𝑝1 .198 6.455 .213
𝑝2 .218 6.037 .240
𝑝3 .280 5.933 .301
𝑝4 .304 6.055 .246

Table 1: Example of an irrational update (corre-

sponding to iteration 𝑡 = 12 for player P2) which is

hard to predict by the model. The inner product〈
ℓ̄
(𝑡)
𝑘 , �̄�

(𝑡+1)
𝑘 − �̄�

(𝑡)
𝑘

〉
> 0, which means that the player

shifts probability mass to paths with higher costs (in

particular, the flow on path 𝑝1 increased even though

this is the worst path).

Next, we use the estimated learning rates to predict
the distributions of the players over a short horizon
ℎ ∈ {1, . . . , 8}. More precisely, given a horizon ℎ, we
compute, at each iteration 𝑡, the estimated learning
rates up to 𝑡, then propagate the model forward from 𝑡
to 𝑡 + ℎ, by iteratively applying the function 𝑔 defined
in (6). We evaluate each method by computing the av-
erage Bregman divergence (per player and per iteration)

between the predicted distribution 𝑥
(𝑡+ℎ)
𝑘 and the actual

distribution �̄�
(𝑡+ℎ)
𝑘 , i.e.

1

𝐾

𝐾∑
𝑘=1

1

𝑡max − 𝑡min

𝑡max−1∑
𝑡=𝑡min

𝐷𝜓𝑘
(�̄�

(𝑡+ℎ)
ℎ , 𝑥

(𝑡+ℎ)
𝑘 ),
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Figure 5: Estimated sequences of learning rates in

logarithmic scale. In the top figure, we estimate one

term of the sequence at a time then plot a moving

average with a window length equal to 5. In the

bottom figure, we estimate for each player the initial

term 𝜂
(0)
𝑘 and the decay rate 𝛼𝑘.

where 𝑡min is taken to be equal to 5 (so that there is al-
ways a minimal history of observations to estimate the
parameters). The results are given in Figure 6. One can
observe that for all methods, as the horizon ℎ increases,
the average divergence increases, since the modeling er-
rors propagate and the quality of our predictions de-
grade. The best overall performance is obtained with

the parameterized model 𝜂
(𝑡)
𝑘 = 𝜂

(0)
𝑘 𝑡−𝛼𝑘 , although for

ℎ = 1, the best prediction is achieved using the per-

iteration estimate of 𝜂
(𝑡)
𝑘 (since this model has as many

parameters as time steps, it allows for a much better fit
of the observed data, but has poor generalization per-
formance, i.e. its prediction quickly degrades beyond
the first iteration).

6. CONCLUSION
We proposed a problem of model estimation in the

routing game, to fit a distributed learning model to se-
quential observations of player decisions. The estimated
model can then be used to predict the decisions at fu-
ture iterations, or, more generally, as a plant model in
an optimal control problem.

We considered in particular a model based on the mir-
ror descent algorithm, parameterized by a sequence of
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Figure 6: Average Bregman divergence per player

and per iteration, between the predicted distribu-

tions and the actual distributions, as a function of

the prediction horizon.

learning rates (𝜂
(𝑡)
𝑘 ), and gave an intuitive interpreta-

tion of how this model can describe player behavior.
We showed that the problem of estimating one term of
the learning rate sequence is convex in the case of the
KL divergence (it remains open to prove this result for
other Bregman divergences). To control the complexity
of the model and to make the estimation consistent with
the theoretical assumptions (decreasing learning rates),
we proposed to parameterize the sequence with an ini-

tial term 𝜂
(0)
𝑘 and a decay rate 𝛼𝑘 ∈ (0, 1). When we

tested these methods on data collected from our routing
game interface, the parameterized sequence estimation
outperformed the other methods on the prediction task.
Our test results suggest that the mirror descent model
can be a good descriptive model of player behavior, al-
though in some rare cases, a player decision can be hard
to model (e.g. when a player increase traffic assignment
on previously bad routes).

This estimation problem can be extended to estimate
the DGF in addition to the learning rates. One way to
pose the problem is to consider a finite collection of dis-
tance generating functions {𝜓𝑖}𝑖∈ℐ , then to assume that
each player 𝑘 uses a DGF that is a linear combination
𝜓 =

∑
𝑖 𝜃𝑘,𝑖𝜓𝑖, then estimate the parameter vector 𝜃𝑘.
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[12] S. Fischer and B. Vöcking. On the evolution of
selfish routing. In Algorithms–ESA 2004, pages
323–334. Springer, 2004.

[13] M. J. Fox and J. S. Shamma. Population games,
stable games, and passivity. Games, 4(4):561–583,
2013.

[14] Y. Freund and R. E. Schapire. Adaptive game
playing using multiplicative weights. Games and
Economic Behavior, 29(1):79–103, 1999.

[15] D. Fudenberg and D. K. Levine. The theory of
learning in games, volume 2. MIT press, 1998.

[16] J. Hannan. Approximation to Bayes risk in
repeated plays. Contributions to the Theory of
Games, 3:97–139, 1957.

[17] S. Hart. Adaptive heuristics. Econometrica,
73(5):1401–1430, 2005.

[18] S. Hart and A. Mas-Colell. A general class of
adaptive strategies. Journal of Economic Theory,
98(1):26 – 54, 2001.

[19] J. Kivinen and M. K. Warmuth. Exponentiated
gradient versus gradient descent for linear
predictors. Information and Computation,

132(1):1 – 63, 1997.

[20] R. Kleinberg, G. Piliouras, and E. Tardos.
Multiplicative updates outperform generic
no-regret learning in congestion games. In
Proceedings of the 41st annual ACM symposium
on Theory of computing, pages 533–542. ACM,
2009.

[21] S. Krichene, W. Krichene, R. Dong, and
A. Bayen. Convergence of heterogeneous
distributed learning in stochastic routing games.
In 53rd Allerton Conference on Communication,
Control and Computing, 2015.

[22] W. Krichene, B. Drighès, and A. Bayen. Learning
nash equilibria in congestion games. SIAM
Journal on Control and Optimization (SICON),
2015.

[23] W. Krichene, S. Krichene, and A. Bayen.
Convergence of mirror descent dynamics in the
routing game. In European Control Conference
(ECC), 2015.

[24] W. Krichene, S. Krichene, and A. Bayen. Efficient
bregman projections onto the simplex. In IEEE
Conference on Decision and Control, in review,
2015.

[25] J. Marden and J. Shamma. Game theory and
distributed control. In H. Young and S. Zamir,
editors, Handbook of Game Theory Vol. 4.
Elsevier Science, 2013.

[26] J. R. Marden, S. D. Ruben, and L. Y. Pao. A
model-free approach to wind farm control using
game theoretic methods. Control Systems
Technology, IEEE Transactions on,
21(4):1207–1214, 2013.

[27] A. S. Nemirovsky and D. B. Yudin. Problem
complexity and method efficiency in optimization.
Wiley-Interscience series in discrete mathematics.
Wiley, 1983.

[28] A. Ozdaglar and R. Srikant. Incentives and
pricing in communication networks. Algorithmic
Game Theory, pages 571–591, 2007.

[29] R. W. Rosenthal. A class of games possessing
pure-strategy nash equilibria. International
Journal of Game Theory, 2(1):65–67, 1973.

[30] T. Roughgarden. Routing games. In Algorithmic
game theory, chapter 18, pages 461–486.
Cambridge University Press, 2007.

[31] W. H. Sandholm. Potential games with continuous
player sets. Journal of Economic Theory,
97(1):81–108, 2001.

[32] H. A. Simon. A behavioral model of rational
choice. The Quarterly Journal of Economics,
69(1):pp. 99–118, 1955.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /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 true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /AbadiMT-CondensedLight
    /ACaslon-Italic
    /ACaslon-Regular
    /ACaslon-Semibold
    /ACaslon-SemiboldItalic
    /AdobeArabic-Bold
    /AdobeArabic-BoldItalic
    /AdobeArabic-Italic
    /AdobeArabic-Regular
    /AdobeHebrew-Bold
    /AdobeHebrew-BoldItalic
    /AdobeHebrew-Italic
    /AdobeHebrew-Regular
    /AdobeHeitiStd-Regular
    /AdobeMingStd-Light
    /AdobeMyungjoStd-Medium
    /AdobePiStd
    /AdobeSongStd-Light
    /AdobeThai-Bold
    /AdobeThai-BoldItalic
    /AdobeThai-Italic
    /AdobeThai-Regular
    /AGaramond-Bold
    /AGaramond-BoldItalic
    /AGaramond-Italic
    /AGaramond-Regular
    /AGaramond-Semibold
    /AGaramond-SemiboldItalic
    /AgencyFB-Bold
    /AgencyFB-Reg
    /AGOldFace-Outline
    /AharoniBold
    /Algerian
    /Americana
    /Americana-ExtraBold
    /AndaleMono
    /AndaleMonoIPA
    /AngsanaNew
    /AngsanaNew-Bold
    /AngsanaNew-BoldItalic
    /AngsanaNew-Italic
    /AngsanaUPC
    /AngsanaUPC-Bold
    /AngsanaUPC-BoldItalic
    /AngsanaUPC-Italic
    /Anna
    /ArialAlternative
    /ArialAlternativeSymbol
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialMT-Black
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /ArrusBT-Bold
    /ArrusBT-BoldItalic
    /ArrusBT-Italic
    /ArrusBT-Roman
    /AvantGarde-Book
    /AvantGarde-BookOblique
    /AvantGarde-Demi
    /AvantGarde-DemiOblique
    /AvantGardeITCbyBT-Book
    /AvantGardeITCbyBT-BookOblique
    /BakerSignet
    /BankGothicBT-Medium
    /Barmeno-Bold
    /Barmeno-ExtraBold
    /Barmeno-Medium
    /Barmeno-Regular
    /Baskerville
    /BaskervilleBE-Italic
    /BaskervilleBE-Medium
    /BaskervilleBE-MediumItalic
    /BaskervilleBE-Regular
    /Baskerville-Bold
    /Baskerville-BoldItalic
    /Baskerville-Italic
    /BaskOldFace
    /Batang
    /BatangChe
    /Bauhaus93
    /Bellevue
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlingAntiqua-Bold
    /BerlingAntiqua-BoldItalic
    /BerlingAntiqua-Italic
    /BerlingAntiqua-Roman
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BernhardModernBT-Bold
    /BernhardModernBT-BoldItalic
    /BernhardModernBT-Italic
    /BernhardModernBT-Roman
    /BiffoMT
    /BinnerD
    /BinnerGothic
    /BlackadderITC-Regular
    /Blackoak
    /blex
    /blsy
    /Bodoni
    /Bodoni-Bold
    /Bodoni-BoldItalic
    /Bodoni-Italic
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /Bodoni-Poster
    /Bodoni-PosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /Bookman-Demi
    /Bookman-DemiItalic
    /Bookman-Light
    /Bookman-LightItalic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolOne-Regular
    /BookshelfSymbolSeven
    /BookshelfSymbolThree-Regular
    /BookshelfSymbolTwo-Regular
    /Botanical
    /Boton-Italic
    /Boton-Medium
    /Boton-MediumItalic
    /Boton-Regular
    /Boulevard
    /BradleyHandITC
    /Braggadocio
    /BritannicBold
    /Broadway
    /BrowalliaNew
    /BrowalliaNew-Bold
    /BrowalliaNew-BoldItalic
    /BrowalliaNew-Italic
    /BrowalliaUPC
    /BrowalliaUPC-Bold
    /BrowalliaUPC-BoldItalic
    /BrowalliaUPC-Italic
    /BrushScript
    /BrushScriptMT
    /CaflischScript-Bold
    /CaflischScript-Regular
    /Calibri
    /Calibri-Bold
    /Calibri-BoldItalic
    /Calibri-Italic
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Cambria
    /Cambria-Bold
    /Cambria-BoldItalic
    /Cambria-Italic
    /CambriaMath
    /Candara
    /Candara-Bold
    /Candara-BoldItalic
    /Candara-Italic
    /Carta
    /CaslonOpenfaceBT-Regular
    /Castellar
    /CastellarMT
    /Centaur
    /Centaur-Italic
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchL-Bold
    /CenturySchL-BoldItal
    /CenturySchL-Ital
    /CenturySchL-Roma
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /CGTimes-Bold
    /CGTimes-BoldItalic
    /CGTimes-Italic
    /CGTimes-Regular
    /CharterBT-Bold
    /CharterBT-BoldItalic
    /CharterBT-Italic
    /CharterBT-Roman
    /CheltenhamITCbyBT-Bold
    /CheltenhamITCbyBT-BoldItalic
    /CheltenhamITCbyBT-Book
    /CheltenhamITCbyBT-BookItalic
    /Chiller-Regular
    /Cmb10
    /CMB10
    /Cmbsy10
    /CMBSY10
    /CMBSY5
    /CMBSY6
    /CMBSY7
    /CMBSY8
    /CMBSY9
    /Cmbx10
    /CMBX10
    /Cmbx12
    /CMBX12
    /Cmbx5
    /CMBX5
    /Cmbx6
    /CMBX6
    /Cmbx7
    /CMBX7
    /Cmbx8
    /CMBX8
    /Cmbx9
    /CMBX9
    /Cmbxsl10
    /CMBXSL10
    /Cmbxti10
    /CMBXTI10
    /Cmcsc10
    /CMCSC10
    /Cmcsc8
    /CMCSC8
    /Cmcsc9
    /CMCSC9
    /Cmdunh10
    /CMDUNH10
    /Cmex10
    /CMEX10
    /CMEX7
    /CMEX8
    /CMEX9
    /Cmff10
    /CMFF10
    /Cmfi10
    /CMFI10
    /Cmfib8
    /CMFIB8
    /Cminch
    /CMINCH
    /Cmitt10
    /CMITT10
    /Cmmi10
    /CMMI10
    /Cmmi12
    /CMMI12
    /Cmmi5
    /CMMI5
    /Cmmi6
    /CMMI6
    /Cmmi7
    /CMMI7
    /Cmmi8
    /CMMI8
    /Cmmi9
    /CMMI9
    /Cmmib10
    /CMMIB10
    /CMMIB5
    /CMMIB6
    /CMMIB7
    /CMMIB8
    /CMMIB9
    /Cmr10
    /CMR10
    /Cmr12
    /CMR12
    /Cmr17
    /CMR17
    /Cmr5
    /CMR5
    /Cmr6
    /CMR6
    /Cmr7
    /CMR7
    /Cmr8
    /CMR8
    /Cmr9
    /CMR9
    /Cmsl10
    /CMSL10
    /Cmsl12
    /CMSL12
    /Cmsl8
    /CMSL8
    /Cmsl9
    /CMSL9
    /Cmsltt10
    /CMSLTT10
    /Cmss10
    /CMSS10
    /Cmss12
    /CMSS12
    /Cmss17
    /CMSS17
    /Cmss8
    /CMSS8
    /Cmss9
    /CMSS9
    /Cmssbx10
    /CMSSBX10
    /Cmssdc10
    /CMSSDC10
    /Cmssi10
    /CMSSI10
    /Cmssi12
    /CMSSI12
    /Cmssi17
    /CMSSI17
    /Cmssi8
    /CMSSI8
    /Cmssi9
    /CMSSI9
    /Cmssq8
    /CMSSQ8
    /Cmssqi8
    /CMSSQI8
    /Cmsy10
    /CMSY10
    /Cmsy5
    /CMSY5
    /Cmsy6
    /CMSY6
    /Cmsy7
    /CMSY7
    /Cmsy8
    /CMSY8
    /Cmsy9
    /CMSY9
    /Cmtcsc10
    /CMTCSC10
    /Cmtex10
    /CMTEX10
    /Cmtex8
    /CMTEX8
    /Cmtex9
    /CMTEX9
    /Cmti10
    /CMTI10
    /Cmti12
    /CMTI12
    /Cmti7
    /CMTI7
    /Cmti8
    /CMTI8
    /Cmti9
    /CMTI9
    /Cmtt10
    /CMTT10
    /Cmtt12
    /CMTT12
    /Cmtt8
    /CMTT8
    /Cmtt9
    /CMTT9
    /Cmu10
    /CMU10
    /Cmvtt10
    /CMVTT10
    /ColonnaMT
    /Colossalis-Bold
    /ComicSansMS
    /ComicSansMS-Bold
    /Consolas
    /Consolas-Bold
    /Consolas-BoldItalic
    /Consolas-Italic
    /Constantia
    /Constantia-Bold
    /Constantia-BoldItalic
    /Constantia-Italic
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /Copperplate-ThirtyThreeBC
    /Corbel
    /Corbel-Bold
    /Corbel-BoldItalic
    /Corbel-Italic
    /CordiaNew
    /CordiaNew-Bold
    /CordiaNew-BoldItalic
    /CordiaNew-Italic
    /CordiaUPC
    /CordiaUPC-Bold
    /CordiaUPC-BoldItalic
    /CordiaUPC-Italic
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Courier-Oblique
    /CourierStd
    /CourierStd-Bold
    /CourierStd-BoldOblique
    /CourierStd-Oblique
    /CourierX-Bold
    /CourierX-BoldOblique
    /CourierX-Oblique
    /CourierX-Regular
    /CreepyRegular
    /CurlzMT
    /David-Bold
    /David-Reg
    /DavidTransparent
    /Dcb10
    /Dcbx10
    /Dcbxsl10
    /Dcbxti10
    /Dccsc10
    /Dcitt10
    /Dcr10
    /Desdemona
    /DilleniaUPC
    /DilleniaUPCBold
    /DilleniaUPCBoldItalic
    /DilleniaUPCItalic
    /Dingbats
    /DomCasual
    /Dotum
    /DotumChe
    /DoulosSIL
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversGothicBT-Regular
    /EngraversMT
    /EraserDust
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /ErieBlackPSMT
    /ErieLightPSMT
    /EriePSMT
    /EstrangeloEdessa
    /Euclid
    /Euclid-Bold
    /Euclid-BoldItalic
    /EuclidExtra
    /EuclidExtra-Bold
    /EuclidFraktur
    /EuclidFraktur-Bold
    /Euclid-Italic
    /EuclidMathOne
    /EuclidMathOne-Bold
    /EuclidMathTwo
    /EuclidMathTwo-Bold
    /EuclidSymbol
    /EuclidSymbol-Bold
    /EuclidSymbol-BoldItalic
    /EuclidSymbol-Italic
    /EucrosiaUPC
    /EucrosiaUPCBold
    /EucrosiaUPCBoldItalic
    /EucrosiaUPCItalic
    /EUEX10
    /EUEX7
    /EUEX8
    /EUEX9
    /EUFB10
    /EUFB5
    /EUFB7
    /EUFM10
    /EUFM5
    /EUFM7
    /EURB10
    /EURB5
    /EURB7
    /EURM10
    /EURM5
    /EURM7
    /EuroMono-Bold
    /EuroMono-BoldItalic
    /EuroMono-Italic
    /EuroMono-Regular
    /EuroSans-Bold
    /EuroSans-BoldItalic
    /EuroSans-Italic
    /EuroSans-Regular
    /EuroSerif-Bold
    /EuroSerif-BoldItalic
    /EuroSerif-Italic
    /EuroSerif-Regular
    /EUSB10
    /EUSB5
    /EUSB7
    /EUSM10
    /EUSM5
    /EUSM7
    /FelixTitlingMT
    /Fences
    /FencesPlain
    /FigaroMT
    /FixedMiriamTransparent
    /FootlightMTLight
    /Formata-Italic
    /Formata-Medium
    /Formata-MediumItalic
    /Formata-Regular
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothicITCbyBT-Book
    /FranklinGothicITCbyBT-BookItal
    /FranklinGothicITCbyBT-Demi
    /FranklinGothicITCbyBT-DemiItal
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FrankRuehl
    /FreesiaUPC
    /FreesiaUPCBold
    /FreesiaUPCBoldItalic
    /FreesiaUPCItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Frutiger-Black
    /Frutiger-BlackCn
    /Frutiger-BlackItalic
    /Frutiger-Bold
    /Frutiger-BoldCn
    /Frutiger-BoldItalic
    /Frutiger-Cn
    /Frutiger-ExtraBlackCn
    /Frutiger-Italic
    /Frutiger-Light
    /Frutiger-LightCn
    /Frutiger-LightItalic
    /Frutiger-Roman
    /Frutiger-UltraBlack
    /Futura-Bold
    /Futura-BoldOblique
    /Futura-Book
    /Futura-BookOblique
    /FuturaBT-Bold
    /FuturaBT-BoldItalic
    /FuturaBT-Book
    /FuturaBT-BookItalic
    /FuturaBT-Medium
    /FuturaBT-MediumItalic
    /Futura-Light
    /Futura-LightOblique
    /GalliardITCbyBT-Bold
    /GalliardITCbyBT-BoldItalic
    /GalliardITCbyBT-Italic
    /GalliardITCbyBT-Roman
    /Garamond
    /Garamond-Bold
    /Garamond-BoldCondensed
    /Garamond-BoldCondensedItalic
    /Garamond-BoldItalic
    /Garamond-BookCondensed
    /Garamond-BookCondensedItalic
    /Garamond-Italic
    /Garamond-LightCondensed
    /Garamond-LightCondensedItalic
    /Gautami
    /GeometricSlab703BT-Light
    /GeometricSlab703BT-LightItalic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /GeorgiaRef
    /Giddyup
    /Giddyup-Thangs
    /Gigi-Regular
    /GillSans
    /GillSans-Bold
    /GillSans-BoldItalic
    /GillSans-Condensed
    /GillSans-CondensedBold
    /GillSans-Italic
    /GillSans-Light
    /GillSans-LightItalic
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GloucesterMT-ExtraCondensed
    /Gothic-Thirteen
    /GoudyOldStyleBT-Bold
    /GoudyOldStyleBT-BoldItalic
    /GoudyOldStyleBT-Italic
    /GoudyOldStyleBT-Roman
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /GoudyTextMT-LombardicCapitals
    /GSIDefaultSymbols
    /Gulim
    /GulimChe
    /Gungsuh
    /GungsuhChe
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /Helvetica
    /Helvetica-Black
    /Helvetica-BlackOblique
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Condensed
    /Helvetica-Condensed-Black
    /Helvetica-Condensed-BlackObl
    /Helvetica-Condensed-Bold
    /Helvetica-Condensed-BoldObl
    /Helvetica-Condensed-Light
    /Helvetica-Condensed-LightObl
    /Helvetica-Condensed-Oblique
    /Helvetica-Fraction
    /Helvetica-Narrow
    /Helvetica-Narrow-Bold
    /Helvetica-Narrow-BoldOblique
    /Helvetica-Narrow-Oblique
    /Helvetica-Oblique
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Humanist521BT-BoldCondensed
    /Humanist521BT-Light
    /Humanist521BT-LightItalic
    /Humanist521BT-RomanCondensed
    /Imago-ExtraBold
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /IrisUPC
    /IrisUPCBold
    /IrisUPCBoldItalic
    /IrisUPCItalic
    /Ironwood
    /ItcEras-Medium
    /ItcKabel-Bold
    /ItcKabel-Book
    /ItcKabel-Demi
    /ItcKabel-Medium
    /ItcKabel-Ultra
    /JasmineUPC
    /JasmineUPC-Bold
    /JasmineUPC-BoldItalic
    /JasmineUPC-Italic
    /JoannaMT
    /JoannaMT-Italic
    /Jokerman-Regular
    /JuiceITC-Regular
    /Kartika
    /Kaufmann
    /KaufmannBT-Bold
    /KaufmannBT-Regular
    /KidTYPEPaint
    /KinoMT
    /KodchiangUPC
    /KodchiangUPC-Bold
    /KodchiangUPC-BoldItalic
    /KodchiangUPC-Italic
    /KorinnaITCbyBT-Regular
    /KristenITC-Regular
    /KrutiDev040Bold
    /KrutiDev040BoldItalic
    /KrutiDev040Condensed
    /KrutiDev040Italic
    /KrutiDev040Thin
    /KrutiDev040Wide
    /KrutiDev060
    /KrutiDev060Bold
    /KrutiDev060BoldItalic
    /KrutiDev060Condensed
    /KrutiDev060Italic
    /KrutiDev060Thin
    /KrutiDev060Wide
    /KrutiDev070
    /KrutiDev070Condensed
    /KrutiDev070Italic
    /KrutiDev070Thin
    /KrutiDev070Wide
    /KrutiDev080
    /KrutiDev080Condensed
    /KrutiDev080Italic
    /KrutiDev080Wide
    /KrutiDev090
    /KrutiDev090Bold
    /KrutiDev090BoldItalic
    /KrutiDev090Condensed
    /KrutiDev090Italic
    /KrutiDev090Thin
    /KrutiDev090Wide
    /KrutiDev100
    /KrutiDev100Bold
    /KrutiDev100BoldItalic
    /KrutiDev100Condensed
    /KrutiDev100Italic
    /KrutiDev100Thin
    /KrutiDev100Wide
    /KrutiDev120
    /KrutiDev120Condensed
    /KrutiDev120Thin
    /KrutiDev120Wide
    /KrutiDev130
    /KrutiDev130Condensed
    /KrutiDev130Thin
    /KrutiDev130Wide
    /KunstlerScript
    /Latha
    /LatinWide
    /LetterGothic
    /LetterGothic-Bold
    /LetterGothic-BoldOblique
    /LetterGothic-BoldSlanted
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LetterGothic-Slanted
    /LevenimMT
    /LevenimMTBold
    /LilyUPC
    /LilyUPCBold
    /LilyUPCBoldItalic
    /LilyUPCItalic
    /Lithos-Black
    /Lithos-Regular
    /LotusWPBox-Roman
    /LotusWPIcon-Roman
    /LotusWPIntA-Roman
    /LotusWPIntB-Roman
    /LotusWPType-Roman
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Lydian
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /Map-Symbols
    /MathA
    /MathB
    /MathC
    /Mathematica1
    /Mathematica1-Bold
    /Mathematica1Mono
    /Mathematica1Mono-Bold
    /Mathematica2
    /Mathematica2-Bold
    /Mathematica2Mono
    /Mathematica2Mono-Bold
    /Mathematica3
    /Mathematica3-Bold
    /Mathematica3Mono
    /Mathematica3Mono-Bold
    /Mathematica4
    /Mathematica4-Bold
    /Mathematica4Mono
    /Mathematica4Mono-Bold
    /Mathematica5
    /Mathematica5-Bold
    /Mathematica5Mono
    /Mathematica5Mono-Bold
    /Mathematica6
    /Mathematica6Bold
    /Mathematica6Mono
    /Mathematica6MonoBold
    /Mathematica7
    /Mathematica7Bold
    /Mathematica7Mono
    /Mathematica7MonoBold
    /MatisseITC-Regular
    /MaturaMTScriptCapitals
    /Mesquite
    /Mezz-Black
    /Mezz-Regular
    /MICR
    /MicrosoftSansSerif
    /MingLiU
    /Minion-BoldCondensed
    /Minion-BoldCondensedItalic
    /Minion-Condensed
    /Minion-CondensedItalic
    /Minion-Ornaments
    /MinionPro-Bold
    /MinionPro-BoldIt
    /MinionPro-It
    /MinionPro-Regular
    /Miriam
    /MiriamFixed
    /MiriamTransparent
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MonotypeSorts
    /MSAM10
    /MSAM5
    /MSAM6
    /MSAM7
    /MSAM8
    /MSAM9
    /MSBM10
    /MSBM5
    /MSBM6
    /MSBM7
    /MSBM8
    /MSBM9
    /MS-Gothic
    /MSHei
    /MSLineDrawPSMT
    /MS-Mincho
    /MSOutlook
    /MS-PGothic
    /MS-PMincho
    /MSReference1
    /MSReference2
    /MSReferenceSansSerif
    /MSReferenceSansSerif-Bold
    /MSReferenceSansSerif-BoldItalic
    /MSReferenceSansSerif-Italic
    /MSReferenceSerif
    /MSReferenceSerif-Bold
    /MSReferenceSerif-BoldItalic
    /MSReferenceSerif-Italic
    /MSReferenceSpecialty
    /MSSong
    /MS-UIGothic
    /MT-Extra
    /MTExtraTiger
    /MT-Symbol
    /MT-Symbol-Italic
    /MVBoli
    /Myriad-Bold
    /Myriad-BoldItalic
    /Myriad-Italic
    /Myriad-Roman
    /Narkisim
    /NewCenturySchlbk-Bold
    /NewCenturySchlbk-BoldItalic
    /NewCenturySchlbk-Italic
    /NewCenturySchlbk-Roman
    /NewMilleniumSchlbk-BoldItalicSH
    /NewsGothic
    /NewsGothic-Bold
    /NewsGothicBT-Bold
    /NewsGothicBT-BoldItalic
    /NewsGothicBT-Italic
    /NewsGothicBT-Roman
    /NewsGothic-Condensed
    /NewsGothic-Italic
    /NewsGothicMT
    /NewsGothicMT-Bold
    /NewsGothicMT-Italic
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NimbusMonL-Bold
    /NimbusMonL-BoldObli
    /NimbusMonL-Regu
    /NimbusMonL-ReguObli
    /NimbusRomNo9L-Medi
    /NimbusRomNo9L-MediItal
    /NimbusRomNo9L-Regu
    /NimbusRomNo9L-ReguItal
    /NimbusSanL-Bold
    /NimbusSanL-BoldCond
    /NimbusSanL-BoldCondItal
    /NimbusSanL-BoldItal
    /NimbusSanL-Regu
    /NimbusSanL-ReguCond
    /NimbusSanL-ReguCondItal
    /NimbusSanL-ReguItal
    /Nimrod
    /Nimrod-Bold
    /Nimrod-BoldItalic
    /Nimrod-Italic
    /NSimSun
    /Nueva-BoldExtended
    /Nueva-BoldExtendedItalic
    /Nueva-Italic
    /Nueva-Roman
    /NuptialScript
    /OCRA
    /OCRA-Alternate
    /OCRAExtended
    /OCRB
    /OCRB-Alternate
    /OfficinaSans-Bold
    /OfficinaSans-BoldItalic
    /OfficinaSans-Book
    /OfficinaSans-BookItalic
    /OfficinaSerif-Bold
    /OfficinaSerif-BoldItalic
    /OfficinaSerif-Book
    /OfficinaSerif-BookItalic
    /OldEnglishTextMT
    /Onyx
    /OnyxBT-Regular
    /OzHandicraftBT-Roman
    /PalaceScriptMT
    /Palatino-Bold
    /Palatino-BoldItalic
    /Palatino-Italic
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Palatino-Roman
    /PapyrusPlain
    /Papyrus-Regular
    /Parchment-Regular
    /Parisian
    /ParkAvenue
    /Penumbra-SemiboldFlare
    /Penumbra-SemiboldSans
    /Penumbra-SemiboldSerif
    /PepitaMT
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /PhotinaCasualBlack
    /Playbill
    /PMingLiU
    /Poetica-SuppOrnaments
    /PoorRichard-Regular
    /PopplLaudatio-Italic
    /PopplLaudatio-Medium
    /PopplLaudatio-MediumItalic
    /PopplLaudatio-Regular
    /PrestigeElite
    /Pristina-Regular
    /PTBarnumBT-Regular
    /Raavi
    /RageItalic
    /Ravie
    /RefSpecialty
    /Ribbon131BT-Bold
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /Rockwell-Light
    /Rockwell-LightItalic
    /Rod
    /RodTransparent
    /RunicMT-Condensed
    /Sanvito-Light
    /Sanvito-Roman
    /ScriptC
    /ScriptMTBold
    /SegoeUI
    /SegoeUI-Bold
    /SegoeUI-BoldItalic
    /SegoeUI-Italic
    /Serpentine-BoldOblique
    /ShelleyVolanteBT-Regular
    /ShowcardGothic-Reg
    /Shruti
    /SILDoulosIPA
    /SimHei
    /SimSun
    /SimSun-PUA
    /SnapITC-Regular
    /StandardSymL
    /Stencil
    /StoneSans
    /StoneSans-Bold
    /StoneSans-BoldItalic
    /StoneSans-Italic
    /StoneSans-Semibold
    /StoneSans-SemiboldItalic
    /Stop
    /Swiss721BT-BlackExtended
    /Sylfaen
    /Symbol
    /SymbolMT
    /SymbolTiger
    /SymbolTigerExpert
    /Tahoma
    /Tahoma-Bold
    /Tci1
    /Tci1Bold
    /Tci1BoldItalic
    /Tci1Italic
    /Tci2
    /Tci2Bold
    /Tci2BoldItalic
    /Tci2Italic
    /Tci3
    /Tci3Bold
    /Tci3BoldItalic
    /Tci3Italic
    /Tci4
    /Tci4Bold
    /Tci4BoldItalic
    /Tci4Italic
    /TechnicalItalic
    /TechnicalPlain
    /Tekton
    /Tekton-Bold
    /TektonMM
    /Tempo-HeavyCondensed
    /Tempo-HeavyCondensedItalic
    /TempusSansITC
    /Tiger
    /TigerExpert
    /Times-Bold
    /Times-BoldItalic
    /Times-BoldItalicOsF
    /Times-BoldSC
    /Times-ExtraBold
    /Times-Italic
    /Times-ItalicOsF
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Times-RomanSC
    /Trajan-Bold
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-CondensedMedium
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Univers-Bold
    /Univers-BoldItalic
    /UniversCondensed-Bold
    /UniversCondensed-BoldItalic
    /UniversCondensed-Medium
    /UniversCondensed-MediumItalic
    /Univers-Medium
    /Univers-MediumItalic
    /URWBookmanL-DemiBold
    /URWBookmanL-DemiBoldItal
    /URWBookmanL-Ligh
    /URWBookmanL-LighItal
    /URWChanceryL-MediItal
    /URWGothicL-Book
    /URWGothicL-BookObli
    /URWGothicL-Demi
    /URWGothicL-DemiObli
    /URWPalladioL-Bold
    /URWPalladioL-BoldItal
    /URWPalladioL-Ital
    /URWPalladioL-Roma
    /USPSBarCode
    /VAGRounded-Black
    /VAGRounded-Bold
    /VAGRounded-Light
    /VAGRounded-Thin
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VerdanaRef
    /VinerHandITC
    /Viva-BoldExtraExtended
    /Vivaldii
    /Viva-LightCondensed
    /Viva-Regular
    /VladimirScript
    /Vrinda
    /Webdings
    /Westminster
    /Willow
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /WNCYB10
    /WNCYI10
    /WNCYR10
    /WNCYSC10
    /WNCYSS10
    /WoodtypeOrnaments-One
    /WoodtypeOrnaments-Two
    /WP-ArabicScriptSihafa
    /WP-ArabicSihafa
    /WP-BoxDrawing
    /WP-CyrillicA
    /WP-CyrillicB
    /WP-GreekCentury
    /WP-GreekCourier
    /WP-GreekHelve
    /WP-HebrewDavid
    /WP-IconicSymbolsA
    /WP-IconicSymbolsB
    /WP-Japanese
    /WP-MathA
    /WP-MathB
    /WP-MathExtendedA
    /WP-MathExtendedB
    /WP-MultinationalAHelve
    /WP-MultinationalARoman
    /WP-MultinationalBCourier
    /WP-MultinationalBHelve
    /WP-MultinationalBRoman
    /WP-MultinationalCourier
    /WP-Phonetic
    /WPTypographicSymbols
    /XYATIP10
    /XYBSQL10
    /XYBTIP10
    /XYCIRC10
    /XYCMAT10
    /XYCMBT10
    /XYDASH10
    /XYEUAT10
    /XYEUBT10
    /ZapfChancery-MediumItalic
    /ZapfDingbats
    /ZapfHumanist601BT-Bold
    /ZapfHumanist601BT-BoldItalic
    /ZapfHumanist601BT-Demi
    /ZapfHumanist601BT-DemiItalic
    /ZapfHumanist601BT-Italic
    /ZapfHumanist601BT-Roman
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /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 <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata pogodnih za pouzdani prikaz i ispis poslovnih dokumenata koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


