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When Information Freshness Meets Service
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Abstract—For several industrial applications, a sole data
owner may lack sufficient training samples to train effective
machine learning based models. As such, we propose a
federated learning (FL) based approach to promote privacy-
preserving collaborative machine learning for applications
in smart industries. In our system model, a model owner
initiates an FL task involving a group of workers, i.e., data
owners, to perform model training on their locally stored
data before transmitting the model updates for aggregation.
There exists a tradeoff between service latency, i.e., the
time taken for the training request to be completed, and
age of information (AoI), i.e., the time elapsed between data
aggregation from the deployed industrial Internet of Things
devices to completion of the FL-based training. On one
hand, if the data are collected only upon the model owner’s
request, the AoI is low. On the other hand, the service la-
tency incurred is more significant. Furthermore, given that
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different training tasks may have varying AoI requirements,
we propose a contract-theoretic task-aware incentive
scheme that can be calibrated based on the weighted
preferences of the model owner toward AoI and service
latency. The performance evaluation validates the incentive
compatibility of our contract amid information asymmetry,
and shows the flexibility of our proposed scheme toward
satisfying varying preferences of AoI and service latency.

Index Terms—Age of information (AoI), contract the-
ory, federated learning (FL), incentive mechanism, service
latency.

I. INTRODUCTION

IN RECENT years, the enhanced sensing and communication
capabilities of modern Internet of Things (IoT) devices have

promoted a growing interest in the deployment of the Industrial
IoT (IIoT) [1] for various applications, e.g., in smart agriculture
[2], supply chain [3], healthcare [4], and logistics [5].

The wealth of data collected by the IIoT devices enables
effective artificial intelligence (AI) [6] based models to raise
the productivity of labor-intensive industries such as agriculture
[7]. In smart agriculture, the wireless sensor network can be
deployed in crop fields [8] to capture humidity and temperature
readings, as well as images for model training, e.g., for rapid
identification of insect infestation [9]. This contributes to food
security for consumers and income stability for producers.

However, the state-of-the-art representation-learning based
models, e.g., deep learning, typically require large quantities of
training data to outperform conventional hand-crafted analytical
methods. An IIoT network deployed by a single data owner
may not be able to capture sufficient training samples across all
classes to build effective models that can generalize well [9].
For example, a single farm may lack sufficient X-ray images
of damaged wheat kernels [10] for model training to effectively
identify grains affected by granary weevils. Moreover, the data
owners may be reluctant to share their private raw data with
industrial competitors. In face of these challenges, we propose
the adoption of a federated learning (FL) [11] based approach
to enable collaborative model training across a federation of
industrial data owners.

Our system model (see Fig. 1) consists of multiple data own-
ers, hereinafter workers, and a model owner, e.g., a company that
develops smart agriculture applications. Whenever the model
owner requires model training, the model owner designs a set
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Fig. 1. System model.

of contracts for the workers to select from. The contract stipu-
lates the frequency of data update, of which the details will be
further specified in Section III. Then, an initialized set of model
parameters are transmitted to the worker (Step 1). Following
the contractual requirement, each worker collects the data, e.g.,
temperature readings or crop images, with their deployed IIoT
devices for transmission to a personal data aggregator, e.g., the
IoT gateway, where the model parameters are updated through
model training using locally stored data (Step 2). Thereafter, the
model parameters are transmitted to the server for aggregation
(Step 3).

In conventional FL studies, it is usually assumed that the
worker has the data ready for model training. As such, the
tradeoff between service latency and age of information (AoI)
is underexplored. In particular, the AoI is defined as the time
elapsed between data collection, i.e., collection or aggregation
of data from the distributed IIoT devices, to completion of the
FL-based training and, thus, captures information freshness [12],
whereas the service latency is defined as the time elapsed be-
tween the initiation of the FL training request to the completion
of the FL-based training. On one hand, if the data are aggregated
only upon request, the information is at its freshest, i.e., the AoI
is low. On the other hand, the service latency incurred during
data collection can be intolerable especially if the model owner
prefers faster task completion. For certain tasks, e.g., automated
grain quality evaluation [9], ensuring a low AoI is less crucial
given that the training and test data remains structurally similar
across time. However, for other tasks, e.g., the identification of
rapidly mutating virus strains in crops [13], a low AoI is more
crucial.

In addition, there exists an incentive mismatch between the
workers and model owner in managing this tradeoff. For ex-
ample, while the model owner may prefer more frequent data
updating to ensure a low AoI, the update expense, e.g., in terms
of energy consumption incurred in data collection and model
training, can be prohibitive for the worker. Moreover, the model
owners are unaware of the worker types, i.e., data update cost,
due to information asymmetry. Without this information, an
incentive scheme will result in suboptimal outcomes in terms
of model owner profits, e.g., when all workers are allocated a
uniform reward rather than by their specific types.

To this end, we propose a contract-theoretic task-aware incen-
tive mechanism to motivate workers to update the data accord-
ingly in consideration of the different preferences of the model
owner toward AoI and service latency. For example, if a low
AoI is more crucial to the model owner, the contract bundles
will be designed such that the workers update the data more
frequently. Otherwise, if a low service latency is more crucial,
the workers update the data less frequently. The self-revealing
property of the contract-theoretic mechanism design ensures that
the workers can be appropriately rewarded based on their types,
which is otherwise a hidden information. The main contributions
of this article are summarized as follows.

1) We introduce the AoI and service latency tradeoff in a
system model involving the FL-based model training.

2) We leverage on the self-revealing properties of the
contract-theoretic incentive mechanism design to appro-
priately reward workers based on their data updating cost,
amid information asymmetry. In addition to the distinct
worker types, our contract also holds when it is applied to
the continuous worker types, thus validating its feasibility
for practical applications.

3) We show that our incentive mechanism design can be
calibrated to suit the varying preferences of the model
owner for AoI and service latency.

The rest of this article is organized as follows. Section II
discusses the related works. Section III presents the system
model. Section IV formulates the contract design. Section V
discusses the performance evaluation. Section VI concludes this
article.

II. RELATED WORK

The application of IIoT and data analytics toward fostering
smarter industries is well-explored in the literature, for areas
such as in agriculture [2], [3] and logistics [5], [14]. This group
of studies explores the use of IIoT to perform labor-intensive
tasks more efficiently. For example, the study in [2] proposes
the use of unmanned aerial vehicles (UAVs) to monitor the
yellow rust disease in wheat fields, whereas the study in [14]
proposes a cloud-IoT integration toward providing real-time
decision making in smart cloud manufacturing.

The aforementioned group of studies usually assume that
there are sufficient data samples for model training toward the
development of AI-based models. However, this assumption
often does not hold when multiple data owners of IIoT networks
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who are unwilling to share their raw training data are involved,
or when the training samples are rare in nature. In particular,
the study in [9] finds that smart agriculture models trained on
an insufficient number of training samples perform poorly. As
such, it is of paramount importance to study privacy-preserving
collaborative learning schemes, e.g., FL, for industrial applica-
tions, to enable the collaborative training of an AI model without
the sharing of raw data across workers.

FL has gained visible traction recently with successful appli-
cations centering around mobile users, e.g., in mobile keyboard
prediction [15], UAV applications [16], and recommender sys-
tems [17]. For these applications, the training data, e.g., text
messages and search queries, is consistently stored on local
devices and can be trained immediately on-demand. Moreover,
existing incentive schemes [18] in FL also typically assume that
the workers already have the data stored locally, or that the
workers have to collect the data from scratch upon request. In
general, this group of studies focuses on motivating workers
to provide higher data quantity and quality [19], as well as
computation resource [20] for efficient FL, without focusing
on the information freshness in FL.

Following the work of [12], there has been increasing attention
toward optimizing the AoI in wireless networks, e.g., through
queue system optimization [21], multihop network implemen-
tation [22], and scheduling policies [23]. In addition, the study
in [24] also suggests that reducing the AoI can come at the
expense of incurring higher service latency. As such, the cache-
assisted lazy update and delivery scheme is proposed to manage
this tradeoff through selecting the appropriate content update
frequency. However, the content updating requires expenses
to be incurred by the workers, whereas the worker types are
hidden from the model owner due to information asymmetry.
This motivates us to propose a task-aware incentive scheme that
appropriately incentivizes workers to meet the varying AoI and
service latency requirements for different tasks.

III. SYSTEM MODEL AND PROBLEM FORMULATION

The model owner initiates a synchronous FL task involving
a set I = {1, . . . , i, . . . , I} of I workers that lasts for a fixed
duration T . During the FL task, there can be more than one
instance of model training request initiated by the model owner,
e.g., to ensure that the global model is kept up-to-date, through
model training with updated data. We assume that each instance
of request arrival follows the Poisson process [24]. An FL-based
model training is first initiated through the request of the model
owner. Each model training takes place over K iterations to
minimize the global loss FK(w) where K is stipulated by the
model owner and K = {1, . . . , k, . . . ,K}. Each kth iteration in
turn consists of the following three steps [11] namely:

1) Local computation: The worker trains the received global
model w(k) locally using the processed data;

2) Wireless transmission: The worker transmits the model
parameter update to the model owner;

3) Global model parameter update: All parameter updates
received from the I workers are aggregated to derive an
updated global model w(k+1), which is then transmitted
back to the worker for the (k + 1)th iteration.

Fig. 2. AoI model of FL training (a) without and (b) with caching.

Following [24], we denote the time taken to complete K
iterations of local computation and wireless transmission, i.e.,
one instance of model training, as t, i.e., period. Note that t
applies across all workers given that in the synchronous FL
scheme, model training duration is constrained by the slowest
worker, i.e., a worker has to wait for others to complete the
training before the model can be aggregated [19]. Moreover,
each durationT can be represented in terms of instances of t (see
Fig. 2), and the time taken for worker i to collect and process
the data for model training is denoted by a constant cit, ci ∈ N.
Without loss of generality, a model training request arrives at
the beginning of each period. In the following, we consider the
AoI and service latency of the conventional FL scheme and the
FL with caching scheme.

A. AoI and Service Latency Model

In the conventional FL studies, the worker is considered to
collect and process the data on-demand upon the request of
the model owner [see Fig. 2(a)]. As such, there is a constant
minimum AoI regardless of the period in which the request
arrives since data is collected only when it is required. The AoI
is the time taken to complete FL training where

Āc
i = t. (1)

Moreover, the service latency of the conventional FL scheme is
given by the summation of periods taken for data collection and
model training where

Dc
i = cit+ t. (2)

In contrast, with caching, the worker updates the cached data
periodically every θi interval [see Fig. 2(b)], independent of the
period in which the request arrives, where

θi = cit+ ait, ai ∈ N (3)

and responds to the arriving request through local model training
on the cached data. Note that ai refers to the duration from after
data collection to the beginning of the next data collection phase
in terms of number of time periods (see Fig. 2). Moreover, we
assume the ideal cache, i.e., each data owner is able to cache
and update all the data, and leave the design of specific caching
schemes for our future works. For each worker i, the T duration
spans across Ji = T

θi
update cycles.

Following the characteristics of the Poisson process, the
probability of a request arrival is identical across periods and is
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given by 1
T . If a request arrives at the nth period during the data

collection, the service latency is cit+ t− (n− 1)t. Otherwise,
if the request arrives at any of the remaining period within an
update cycle, the service latency is t. As such, the average service
latency D̄s of the FL scheme with caching is

D̄s =

[
ci

ci + ai

(
(cit+ t) + · · ·+ (cit+ t− (ci − 1)t)

)

+
ai

ci + ai
t

]

=
ci

ci + ai

[
ci(cit+ t)− t

ci−1∑
q=1

q

]
+

ai
ci + ai

t

=
ci

ci + ai

[
cit

2
(ci + 3)

]
+

ai
ci + ai

t. (4)

For content caching, the AoI of the data is at the minimum
t only if the request comes during the data collection phase,
or at the beginning of phase (ci + 1)t. Otherwise, the AoI for
a request that arrives at period lt will be [l − (ci + 1) + 1]t,
where l ≥ (ci + 2)t, i.e., the periods after data collection has
been completed. As such, the average AoI is given by

Ās =
(ci + 1)
ci + ai

t+

ai+ci∑
l=ci+2

1
ci + ai

· (l − ci)t

=
t

ci + ai

(
ci + 1 +

(ai − 1)(ai + 2)
2

)
. (5)

In comparison with the conventional FL scheme, the FL
with caching is a flexible system model that enables the model
owner’s management of the AoI and service latency tradeoffs.
From (4) and (5), we also observe the tradeoff between service
latency and AoI for our choice of cycle length θi. Intuitively, a
lower θi, i.e., shorter cycle length or more update cycles Ji over
T , enables lower average AoI given that data are more frequently
updated. However, the service latency increases as well since the
updating takes time.

Given that the choice of θi involves a variation in resource
expense of the workers, e.g, a lower θi represents higher data
collection and caching cost incurred for worker i, an appropriate
incentive mechanism design is required to motivate the workers
toward a choice of θi that benefits the model owner. In the
following, we model the profit functions of the workers and
model owner, respectively.

B. Worker and Model Owner Profit Function

The data update cost ηi incurred for worker i per update cycle
is given as follows:

ηi = αi

(
ET

i + EC
i

)
+ βi (6)

where αi refers to the unit cost of energy, ET
i refers to energy

consumed for transmission from the IIoT network to the gate-
way, EC

i represents energy consumption for caching of the data
[25], and βi refers to data collection cost.

With statistical information, the workers can be categorized
into a setN = {ηm : 1 ≤ m ≤ M} ofM data update cost types
by data mining tools, e.g., k-means. The worker types ηm can

be characterized by a probability mass function p(ηm), where
the cost types are indexed in a nondecreasing order 0 < η1 ≤
· · · ≤ ηm ≤ · · · ≤ ηM . Therefore, the utility um of the worker
type m is given as follows:

um(ωm) = Rm − ηmJm (7)

whereωm indicates the contract pair that consists of the rewards-
update cycles bundle (Rm, Jm) designed for the type m worker,
Rm refers to the contract rewards, and Jm refers to the number
of update cycles.

To model the tradeoff between preferences for service latency
and AoI, the model owner profit function can be expressed by

Π =
M∑

m=1

Ip(ηm)

(
σ

(
waΥ

(
1 +

μ

Ām(Jm)

)

+ wdΓ

(
φ

D̄m(Jm)

))
−Rm

)
(8)

where wa and wd represent the weighted preferences for in-
formation freshness, i.e., the inverse of AoI, and faster task
completion, i.e., the inverse of service latency, respectively.
Both the inverse of AoI and service latency are functions of Ji.
Moreover, wa + wd = 1 and wd, wa ∈ [0, 1]. As an illustration,
wa > wd represents a model owner that values fresh information
over faster task completion. In this regard, the model owner
requires workers to have a higher Jm, i.e., more frequent data
updating or a shorter cycle length θm equivalently. Υ(·) is an
increasing concave function with respect to the inverse of AoI
to indicate the diminishing returns from information freshness,
whereas Γ(·) is a linear function with respect to the inverse
of service latency following [26], [27]. In addition, σ refers to
the profit conversion parameter from AoI and service latency,
whereas μ and φ are system model parameters.

IV. CONTRACT DESIGN

In this section, we discuss the conditions for contract feasibil-
ity. Then, we relax the constraints to derive the optimal contract
Ω(N ) = {ωm, 1 ≤ m ≤ M}.

A. Feasibility Conditions

A feasible contract must satisfy the following constraints.
Definition 1: Individual Rationality (IR): Each typemworker

achieves nonnegative utility if it chooses the contract item de-
signed for its type, i.e., contract item ωm

um(ωm) ≥ 0, 1 ≤ m ≤ M. (9)

Definition 2: Incentive Compatibility (IC): Each type m
worker achieves the maximum utility if it chooses the contract
item designed for its type, i.e., ωm. As such, it has no incentive
to choose contracts designed for other types

um(ωm) ≥ um(ωm′),m �= m′, 1 ≤ m ≤ M. (10)

The contract formulation is shown as follows:

max
Ω

Π(Ω(N ))

s.t. (9), (10). (11)
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However, the optimization problem in (11) involves M IR
constraints and M(M − 1) IC constraints, all of which are non-
convex. As such, we proceed to reduce and relax the conditions
that guarantee a feasible contract.

Lemma 1: For any feasible contract Ω(N ), we have
Jm < Jm′ if and only if Rm < Rm′ , m �= m′.

Proof: We first prove the sufficiency, i.e., if Rm < Rm′ ⇒
Jm < Jm′ . Rearranging the IC constraint

ηmJm′ − ηmJm ≥ Rm′ −Rm > 0 (12)

which implies ηmJm′ > ηmJm and, hence,Jm′ > Jm. Next, we
prove the necessity, i.e., Jm < Jm′ ⇒ Rm < Rm′ . We consider
the IC constraint of the type m′ worker and rearrange the terms
to have

ηm(Jm − Jm′) ≥ Rm −Rm′ ⇒ Rm −Rm′ < 0. (13)

Hence, it follows that Rm < Rm′ . �
Lemma 2: Monotonicity: For any feasible contract Ω(N ), if

ηm > ηm′ , it follows that Jm ≤ Jm′ .
Proof: We adopt the proof by contradiction, i.e., the lemma

is incorrect if there exists Jm > Jm′ such that ηm > ηm′ .
We consider the IC constraints for type m and m′ worker

Rm − ηmJm ≥ Rm′ − ηmJm′

Rm′ − ηm′Jm′ ≥ Rm − ηm′Jm.

Then, we add the constraints together and rearrange the terms
to obtain

−ηmJm − ηm′Jm′ ≥ −ηmJm′ − ηm′Jm

(ηm − ηm′)︸ ︷︷ ︸
>0

(Jm − Jm′)︸ ︷︷ ︸
>0

≤ 0. (14)

Given Jm > Jm′ and ηm > ηm′ , (ηm − ηm′)(Jm − Jm′) >
0, which contradicts with (14). As such, there does not exist
Jm > Jm′ such that ηm > ηm′ for the feasible contract, which
confirms that the lemma is correct. �

From Lemma 1, we show the intuitive result that the IC
contract offers higher rewards to workers, which update the
data more frequently, whereas Lemma 2 indicates that workers
with lower cost of updating are willing to update the data more
frequently. This gives us the necessary constraints.

Theorem 1: A feasible contract must meet the following
conditions:

{
J1 ≥ J2 ≥ · · · ≥ Jm ≥ · · · ≥ JM
R1 ≥ R2 ≥ · · · ≥ Rm ≥ · · · ≥ RM

. (15)

Next, we further relax the IR and IC constraints. Intuitively,
the minimum utility worker is the worker that incurs the highest
cost of data update, i.e., the type M worker.

Lemma 3: If the IR constraint of the minimum utility worker,
i.e., type M , is satisfied, the other IR constraints will also hold.

Proof: From the IC constraint and ηm ≥ ηM , we have

Rm − ηmJm ≥ RM − ηmJM ≥ RM − ηMJM ≥ 0.

As such, as long as the IR constraint of the type M worker is
satisfied, the IR constraints of other workers will hold. �

Lemma 4: (Reduce IC Constraints): The IC constraints can be
reduced into the local downward incentive constraints (LDIC).

Proof: Consider three worker types ηm−1 < ηm < ηm+1.
The two LDICs [28], i.e., constraints between type m and type
m− 1 workers, are provided as follows:

Rm+1 − ηm+1Jm+1 ≥ Rm − ηm+1Jm, and

Rm − ηmJm ≥ Rm−1 − ηmJm−1.

From Lemma 1, we haveRm ≥ Rm+1 when Jm ≥ Jm+1. As
such, we can rewrite the LDICs as follows:

ηm+1(Jm−1 − Jm) ≥ ηm(Jm−1 − Jm) ≥ Rm−1 −Rm

⇒ Rm+1 − ηm+1Jm+1 ≥ Rm

− ηm+1Jm ≥ Rm−1 − ηm+1Jm−1.

As such, we have

Rm+1 − ηm+1Jm+1 ≥ Rm−1 − ηm+1Jm−1.

Hence, if the LDIC constraint holds for type-m worker, it will
also hold for type m− 1 worker. This process can be extended
downward from type m− 1 to type 1 worker, i.e., all DICs hold,
as follows:

Rm+1 − ηm+1Jm+1 ≥ Rm−1 − ηm+1Jm−1

≥ · · ·
≥ R1 − ηm+1J1.

A similar procedure can be taken to show that if the local
upward incentive constraint (LUIC) holds, all UICs are also
satisfied. Given the monotonicity condition in Theorem 1, the
LDIC also implies the LUIC as follows:

Rm − ηm−1Jm ≤ Rm−1 − ηm−1Jm−1.

Therefore, the IC constraints can be reduced to the LDIC
constraint, which ensures that all UIC and DIC constraints
hold. �

With Lemma 3, we reduce M IR constraints into a single
constraint, i.e., as long as the minimum utility worker has a
nonnegative utility, the other IR constraints hold. With Lemma
4, we reduce M(M − 1) IC constraints into M − 1 constraints,
i.e., as long as the LDICs hold, it follows that the other IC
constraints hold. We are, thus, able to derive a tractable set of
sufficient conditions for the feasible contract.

Theorem 2: A feasible contract must meet the following
sufficient conditions:

1) R1 − η1J1 ≥ 0;
2) Rm+1 − ηm+1Jm+1 + ηmJm ≥ Rm ≥ Rm+1

− ηmJm+1 + ηmJm.

B. Contract Optimality

To solve the optimal contract rewards R∗
m, we first establish

the dependence of optimal contract rewards R on the number of
updates J . Thereafter, we solve the problem in (11) with J only.
Specifically, we obtain the optimal rewards R∗(J) given a set of
feasible number of updates for each worker, which satisfies the
monotonicity constraint J1 ≥ J2 ≥ · · · ≥ Jm ≥ · · · ≥ JM .



462 IEEE TRANSACTIONS ON INDUSTRIAL INFORMATICS, VOL. 18, NO. 1, JANUARY 2022

Theorem 3: For a known set of number of update cycles J
satisfyingJ1 ≥ · · · ≥ Jm ≥ · · · ≥ JM in a feasible contract, the
optimal reward is given by

R∗
m =

{
ηmJm, if m = M

Rm+1 − ηmJm+1 + ηmJm, otherwise
. (16)

Proof: We first assume there exists some R† that yields
greater profit for the model owner, meaning that the theorem
is incorrect, i.e., Π(R†) > Π(R∗). This implies there exists at
least a t ∈ {1, 2, . . . ,M} that satisfies the inequality R†

t < R∗
t .

According to the LDIC constraint of Lemma 4

Rt ≥ Rt−1 − ηtJt−1 + ηtJt. (17)

In contrast from Theorem 3

R∗
t = Rt+1 − ηtJt+1 + ηtJt. (18)

From (17) and (18), we can deduce that R†
t+1 < R∗

t+1. Contin-

uing the process up to t = M , we obtain R†
M ≤ R∗

M = ηmJm,
which violates the IR constraint. As such, there does not exist the
rewards R† that yields greater profit for the model owner. Intu-
itively, the lowest reward that satisfies the IR and IC constraints
is chosen for profit maximization. �

Following (16), we can re-express the optimal rewards as

R∗
m = ηMJM +

M∑
m=i

Δt (19)

where ΔM = 0, Δt = −ηmJm+1 + ηmJm, and t = 1, 2,
. . . ,M − 1. By substituting the optimal rewards in (19) into
the profit function of the model owner in (8) to derive Gm(Jm),
we obtain the following optimization problem:

max
(R∗

m,J∗
m)

Π(Ω (N )) =

M∑
m=1

Gm(Jm)

s.t. J1 ≥ J2 ≥ · · · ≥ Jm ≥ · · · ≥ JM . (20)

As such, J∗
m can be derived by separately optimizing each

Gm(Jm), e.g., through convex optimization tools, as follows:

J∗
m = argmax

Jm

p(ηm)

(
σ

(
waΥ

(
1 +

μ

Ām(Jm)

)

+ wdΓ

(
φ

D̄m(Jm)

))
+ ηm−1Jm

m−1∑
t=1

p(ηt)

− ηmJm

m∑
t=1

p(ηt). (21)

The derived solutions are feasible if and only if they satisfy the
monotonicity constraint. Otherwise, we adopt the “bunching and
ironing” algorithm [29] to adjust the solutions iteratively. Given
the concavity of Gm(Jm), the adjusted solutions are globally
optimal.

C. Continuum Worker Types

We have only considered discrete worker types so far, i.e.,
workers with a fixed M types. In practice, there may be a con-
tinuum of worker types [28] with probability density function
f(η) and cumulative distribution function F (η) bounded by
[η, η̄]. The optimization problem can be rewritten as

max
{J(η),R(η)}

∫ θ̄

θ

[R(η)− ηJ(η)]f(η)dη

s.t.

IR: R(η)− ηJ(η) ≥ 0

IC: R(η)− ηJ(η) ≥ R(η′)− ηJ(η′), η′ �= η, η′ ∈ [η, η̄].

(22)

Similarly, the IR constraint can be reduced to a single
constraint involving the lowest utility worker, i.e., u(η̄) ≥ 0,
whereas the IC constraints can be reduced following [30].

Lemma 5: The IC constraints can be reduced into the mono-
tonicity and local IC (LIC) constraints as follows:

1) monotonicity: dJ(η)
dη ≥ 0;

2) LIC: R′(η) = ηJ ′(η)dJ(η)dη .
Proof: The monotonicity constraint can be derived following

the procedures in Section IV-A. The LIC constraint [28] can be
proven by contradiction, i.e., we assume there exists at least one
η′, which violates the IC constraint where

R(η)− ηJ(η) < R(η′)− ηJ(η′)

which implies∫ η′

η

[
R′(x)− ηJ ′(x)

dJ(x)

dx

]
dx > 0. (23)

From the LIC, we have
∫ η′

η [R′(x)− xJ ′(x)dJ(x)dx ]dx = 0. For

η < x < η′, the monotonicity condition implies ηJ ′(η)dJ(η)dη ≤
xJ ′(η)dJ(η)dη . As such, it follows that

∫ η′

η

[
R′(x)− ηJ ′(x)

dJ(x)

dx

]
dx < 0 (24)

which contradicts with (23). Therefore, there does not exist a η′

that violates the IC constraint, i.e., the lemma is correct. �
With the constraints relaxed, the optimization problem in (22)

can be solved to derive the contract pairs (J∗(η), R∗(η)) using a
similar approach for (20). This validates that our solution holds
even in the case of continuum types.

V. PERFORMANCE EVALUATION

In this section, we first compare between the AoI and service
latency for the FL with caching and the conventional FL scheme.
Then, we evaluate the optimality of our designed contract,
with the additional consideration of how the contract bundle
is calibrated across different weight preferences.

Unless otherwise stated, the key simulation parameters are
provided in Table I. We assume that there are 50 workers in
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TABLE I
TABLE OF KEY SIMULATION PARAMETERS

Fig. 3. AoI and Service Latency for the FL schemes.

our system model, with varying update costs ηi modeled by
the normal distribution. Then, the k-means is adopted to obtain
m = 5 worker types for contract design. Note that we keep c
constant, i.e., ci = c, ∀i ∈ I to enable a focused discussion on
data update frequencies. In other words, the workers vary ai,
i.e., periods between data collection, to respond to the stipulated
Jm in a contract bundle. Moreover, following (8), we use the
logarithmic and linear function to model returns to the inverse
of AoI and service latency, respectively.

A. Comparison Between the FL Schemes

To compare the FL schemes, we first set the designed contract
aside for further discussion and do not factor in incentive expense
for now. We consider a set of update cycles from J = [10, 50],
with increments of 5. Note that a higher J implies more frequent
data collection and updating.

Fig. 3 illustrates the AoI and service latency of the two
schemes across a range of J values. Note that the AoI and
service latency of the conventional FL scheme is independent
of the update cycles given that the data are only updated when a
request arrives. In contrast, more frequent updates lead to lower
AoI and higher service latency for the caching scheme.

In particular, we observe that the AoI of the caching scheme
approaches that of the conventional scheme when J is large
enough, at the expense of incurring greater service latency.
Similarly, the service latency is lower when updates are less
frequent, at the expense of having a higher AoI. The FL with
caching enables the advantage of flexibility in managing the
tradeoffs between service latency and AoI. For example, the

Fig. 4. Number of update cycles versus worker types.

Fig. 5. Total rewards versus worker types.

delay-sensitive tasks with less consideration for information
freshness can be performed with fewer update cycles, whereas
tasks that require information freshness can be performed with
more frequent updates.

B. Feasibility of the Contract

To study the contract feasibility, we set wa = wd = 0.5, i.e.,
both AoI and service latency are of equal importance to the
model owner.

The simulation results in Figs. 4 and 5 validate the monotonic
condition of the contract. In particular, a contract bundle has
higher contractual rewards if and only if it requires the worker
to update the data more frequently, which is consistent with
Lemma 1. In addition, the higher rewards are distributed to
worker types that incur lower marginal cost of data updating,
which is consistent with Lemma 2.

The IC of our contract is also demonstrated in Fig. 6. In Fig. 6,
the utilities of each worker type are computed with the assump-
tion that it takes on each of the contract items 1 − 5. Clearly,
each worker only derives the maximum utility when it takes
on the contract item designed for its type. For example, type 5
worker, i.e., the minimum utility worker, derives negative utility
if it takes on the contract items designed for other types. This
also validates the IR constraint, i.e., workers have nonnegative
utilities.
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Fig. 6. Utility for each worker type versus contract items.

Fig. 7. Model owner profit under different incentive schemes.

We further compare the proposed incentive scheme with the
uniform and discriminatory pricing scheme. In the uniform
scheme, workers are offered the same contract bundle regardless
of their types, i.e., the contract bundle for the minimum utility
worker type to ensure participation across all types. This is
similar to the case of complete information asymmetry in which
the same reward is offered to all workers, regardless of their
types. In the discriminatory scheme, we assume a hypothetical
situation in which all worker types are known to the model
owner, i.e., information asymmetry does not exist. Then, we
set the discriminatory scheme as the benchmark to compare the
model owner profits among the three schemes in Fig. 7. We
observe that our proposed contract design allows a model owner
to derive greater profits as compared to the uniform scheme,
given that the self-revealing mechanism of our incentive scheme
distinguishes between the worker types. In addition, the contract
scheme is able to derive profits that are close to the perfect
information case, thus validating that the adverse effects of
information asymmetry is reduced.

C. Managing the AoI-Service Latency Tradeoff

In practice, a model owner may have different preferences for
varying tasks. We vary the weights wa and wd within the range
[0.2,1] to study the changes in AoI, service latency, and update
cycles when the model owner preferences vary.

In Fig. 8, the AoI and service latency across varying prefer-
ences toward the AoI is plotted. For example, the first AoI value
represents the AoI when wa = 0.2 and wd = 0.8. Similarly, the

Fig. 8. AoI and service latency for different preferences.

Fig. 9. Number of update cycles for different preferences.

first value of service latency corresponds to the aforementioned
weight values. Intuitively, a model owner that does not value
information freshness but values that the request is met with
lower latency will have a high AoI and low service latency.
Fig. 9 depicts the changes in the number of update cycles as the
preference toward AoI varies. As expected, when the preference
toward AoI is high, e.g., wa = 1, the number of update cycles
is the highest and the corresponding AoI is close to t.

In summary, the FL incentive scheme, we have proposed
features the following benefits. First, Figs. 4–7 highlight the
incentive compatibility of the contract in playing a role toward
mitigating the adverse effects of information asymmetry. In
other words, the profits derived are close to the perfect infor-
mation case, i.e., the hypothetical scenario in which the model
owner knows the exact worker types, due to the self-revelation
mechanism. Second, Figs. 8 and 9 show the flexibility of our
FL scheme. The model owner is able to cater toward different
requirements for different tasks, through varying the number of
requested update cycles accordingly for profit maximization.

VI. CONCLUSION

In this article, we have proposed the FL with caching and
studied its tradeoff between AoI and service latency. We have
also designed the contract-theoretic incentive mechanism for
both the discrete and continuous workers. The performance
evaluation has shown the IC and the flexibility toward varying
AoI and service latency requirements of our incentive scheme.
For our future works, we will consider the deviation from an
ideal cache and design the caching schemes to better manage
the AoI-service latency tradeoff.
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[11] J. Konečnỳ, H. B. McMahan, D. Ramage, and P. Richtárik, “Federated
optimization: Distributed machine learning for on-device intelligence,”
2016, arXiv:1610.02527. [Online]. Available: https://arxiv.org/abs/1811.
09904

[12] I. Kadota, E. Uysal-Biyikoglu, R. Singh, and E. Modiano, “Minimizing
the age of information in broadcast wireless networks,” in Proc. 54th IEEE
Annu. Allerton Conf. Commun., Control, Comput., 2016, pp. 844–851.

[13] A. Antonacci, F. Arduini, D. Moscone, G. Palleschi, and V. Scognamiglio,
“Nanostructured (bio) sensors for smart agriculture,” TrAC Trends Anal.
Chem., vol. 98, pp. 95–103, 2018.

[14] T. Qu, S. Lei, Z. Wang, D. Nie, X. Chen, and G. Q. Huang, “IoT-based
real-time production logistics synchronization system under smart cloud
manufacturing,” Int. J. Adv. Manuf. Technol., vol. 84, no. 1–4, pp. 147–164,
2016.

[15] A. Hard et al., “Federated learning for mobile keyboard prediction,” 2018,
arXiv:1811.03604. [Online]. Available: https://arxiv.org/abs/1811.03604

[16] W. Y. B. Lim et al., “Towards federated learning in UAV-enabled Internet
of Vehicles: A multi-dimensional contract-matching approach,” 2020,
arXiv:2004.03877. [Online]. Available: https://arxiv.org/abs/2004.03877.

[17] F. Chen, Z. Dong, Z. Li, and X. He, “Federated meta-learning for
recommendation,” 2018, arXiv:1802.07876. [Online]. Available: https:
//arxiv.org/abs/1802.07876

[18] W. Y. B. Lim et al., “Federated learning in mobile edge networks:
A comprehensive survey,” IEEE Commun. Surv. Tut., vol. 22, no. 3,
pp. 2031–2063, 2020.

[19] W. Y. B. Lim et al., “Hierarchical incentive mechanism design for federated
machine learning in mobile networks,” IEEE Internet Things J., vol. 7,
no. 10, pp. 9575–9588, Oct. 2020.

[20] J. Kang, Z. Xiong, D. Niyato, H. Yu, Y.-C. Liang, and D. I. Kim, “Incentive
design for efficient federated learning in mobile networks: A contract
theory approach,” in Proc. IEEE VTS Asia Pac. Wireless Commun. Symp.,
2019, pp. 1–5.

[21] L. Huang and E. Modiano, “Optimizing age-of-information in a multi-
class queueing system,” in Proc. IEEE Int. Symp. Inf. Theory, 2015,
pp. 1681–1685.

[22] R. Talak, S. Karaman, and E. Modiano, “Minimizing age-of-information
in multi-hop wireless networks,” in Proc. 55th IEEE Annu. Allerton Conf.
Commun., Control, Comput., 2017, pp. 486–493.

[23] R. Talak, S. Karaman, and E. Modiano, “Distributed scheduling algorithms
for optimizing information freshness in wireless networks,” in Proc. IEEE
19th Int. Workshop Signal Process. Adv. Wireless Commun., 2018, pp. 1–5.

[24] S. Zhang, J. Li, H. Luo, J. Gao, L. Zhao, and X. S. Shen, “Towards fresh
and low-latency content delivery in vehicular networks: An edge caching
aspect,” in Proc. 10th Int. Conf. Wireless Commun. Signal Process., 2018,
pp. 1–6.

[25] F. Gabry, V. Bioglio, and I. Land, “On energy-efficient edge caching in
heterogeneous networks,” IEEE J. Sel. Areas Commun., vol. 34, no. 12,
pp. 3288–3298, Dec. 2016.

[26] M. Zeng, Y. Li, K. Zhang, M. Waqas, and D. Jin, “Incentive mecha-
nism design for computation offloading in heterogeneous fog computing:
A contract-based approach,” in Proc. IEEE Int. Conf. Commun., 2018,
pp. 1–6.

[27] D. Wu, J. Yan, H. Wang, D. Wu, and R. Wang, “Social attribute aware
incentive mechanism for device-to-device video distribution,” IEEE Trans.
Multimedia, vol. 19, no. 8, pp. 1908–1920, Aug. 2017.

[28] Y. Zhang, L. Song, W. Saad, Z. Dawy, and Z. Han, “Contract-based
incentive mechanisms for device-to-device communications in cellular
networks,” IEEE J. Sel. Areas Commun., vol. 33, no. 10, pp. 2144–2155,
Oct. 2015.

[29] L. Gao, X. Wang, Y. Xu, and Q. Zhang, “Spectrum trading in cognitive
radio networks: A contract-theoretic modeling approach,” IEEE J. Sel.
Areas Commun., vol. 29, no. 4, pp. 843–855, 2011.

[30] P. Bolton et al., Contract Theory. Cambridge, MA, USA: MIT Press, 2005.

Wei Yang Bryan Lim received the Gradu-
ate degree (double First Class Hons.) in eco-
nomics and business administration (finance) in
2018 from the National University of Singapore
(NUS), Singapore, where he is currently work-
ing toward the Alibaba Ph.D. degree in inter-
disciplinary studies with the Alibaba Group and
Alibaba-NTU Joint Research Institute.

His research interests include federated
learning and edge intelligence.

Zehui Xiong (Member, IEEE) received the
B.Eng. degree (highest Hons.) in telecommuni-
cation engineering from the Huazhong Univer-
sity of Science and Technology, Wuhan, China,
in July 2016, and the Ph.D. degree in computer
science and engineering from the School of
Computer Science and Engineering, Nanyang
Technological University, Singapore, in April
2020.

Since November 2019, he has been with the
Alibaba-NTU Singapore Joint Research Insti-

tute, Singapore. He was a Visiting Scholar with the Department of
Electrical Engineering, Princeton University, Princeton, NJ, USA, from
July to August 2019. He was also a Visiting Scholar with the BBCR
lab, Department of Electrical and Computer Engineering, University
of Waterloo, Waterloo, ON, Canada, from December 2019 to January
2020. His research interests include resource allocation in wireless
communications, network games and economics, blockchain, and edge
intelligence.

Jiawen Kang received the M.S. degree in con-
trol engineering and Ph.D. degree in control
science and engineering from the Guangdong
University of Technology, Guangzhou, China, in
2015 and 2018, respectively.

He is currently a Postdoctoral Researcher
with Nanyang Technological University, Singa-
pore. His research interests include blockchain,
security and privacy protection in wireless com-
munications and networking.

https://arxiv.org/abs/1811.09904
https://arxiv.org/abs/1811.03604
https://arxiv.org/abs/2004.03877
https://arxiv.org/abs/1802.07876


466 IEEE TRANSACTIONS ON INDUSTRIAL INFORMATICS, VOL. 18, NO. 1, JANUARY 2022

Dusit Niyato (Fellow, IEEE) received the B.E.
degree in computer engineering from the King
Mongkuk’s Institute of Technology Ladkrabang
(KMITL), Bangkok, Thailand, in 1999 and the
Ph.D. degree in electrical and computer engi-
neering from the University of Manitoba, Win-
nipeg, MB, Canada, in 2008.

He is currently a Professor with the School
of Computer Science and Engineering and, by
courtesy, School of Physical and Mathemati-
cal Sciences, Nanyang Technological Univer-

sity, Singapore. He has authored or coauthored more than 380 technical
papers in the area of wireless and mobile networking, and is an inventor
of four U.S. and German patents. He has authored four books including
Game Theory in Wireless and Communication Networks: Theory, Mod-
els, and Applications (Cambridge University Press, 2012).

Dr. Niyato was the recipient of the Best Young Researcher Award of
IEEE Communications Society (ComSoc) Asia Pacific (AP) and The
2011 IEEE Communications Society Fred W. Ellersick Prize Paper
Award. He is currently serving as a Senior Editor for the IEEE WIRELESS
COMMUNICATIONS LETTER, an Area Editor for the IEEE TRANSACTIONS ON
WIRELESS COMMUNICATIONS (Radio Management and Multiple Access),
an Area Editor for the IEEE COMMUNICATIONS SURVEYS AND TUTORIALS
(Network and Service Management and Green Communication), an Edi-
tor for the IEEE TRANSACTIONS ON COMMUNICATIONS, an Associate Editor
for the IEEE TRANSACTIONS ON MOBILE COMPUTING, IEEE TRANSACTIONS
ON VEHICULAR TECHNOLOGY, and IEEE TRANSACTIONS ON COGNITIVE
COMMUNICATIONS AND NETWORKING. He was a Guest Editor for the IEEE
JOURNAL ON SELECTED AREAS ON COMMUNICATIONS. He was a Distin-
guished Lecturer of the IEEE Communications Society for 2016–2017.
He was named the 2017, 2018, 2019 highly cited researcher in computer
science.

Cyril Leung received the B.Sc. degree (Hons.)
from Imperial College, University of London,
London, U.K., in 1973 and the M.S. and Ph.D.
degrees from Stanford University, Stanford, CA,
in 1974 and 1976, respectively, in electrical en-
gineering.

He has been an Assistant Professor with
the Department of Electrical Engineering and
Computer Science, Massachusetts Institute of
Technology, and the Department of Systems
Engineering and Computing Science, Carleton

University, Ottawa, ON, Canada. Since 1980, he has been with the De-
partment of Electrical and Computer Engineering, University of British
Columbia (UBC), Vancouver, BC, Canada, where he is currently a Pro-
fessor and currently holds the PMC-Sierra Professorship in Networking
and Communications. He was an Associate Dean of Research and
Graduate Studies with the Faculty of Applied Science, UBC, from 2008
to 2011. His research interests include wireless communication sys-
tems, data security and technologies to support ageless aging for the
elderly.

Dr. Leung is a member of the Association of Professional Engineers
and Geoscientists of British Columbia, Canada.

Chunyan Miao (Senior Member, IEEE) re-
ceived the B.S. degree in computer science
from Shandong University, Jinan, China, in 1988
and the M.Eng. and Ph.D. degrees in computer
engineering from Nanyang Technological Uni-
versity (NTU), Singapore, in 1996 and 2001,
respectively.

She is currently a Professor with the School of
Computer Science and Engineering, NTU, and
the Director of the Joint NTU-UBC Research
Centre of Excellence in Active Living for the

Elderly (LILY). Her research interests include infusing intelligent agents
into interactive new media (virtual, mixed, mobile, and pervasive media)
to create novel experiences and dimensions in game design, interactive
narrative, and other real world agent systems.

Xuemin Shen (Fellow, IEEE) received the B.Sc.
degree in electrical engineering from Dalian
Maritime University, Dalian, China, in 1982, and
the M.Sc. and Ph.D. degrees in electrical engi-
neering from Rutgers University, Camden, NJ,
USA, in 1987 and 1990, respectively.

He is currently a University Professor from
the Department of Electrical and Computer
Engineering, University of Waterloo, Waterloo,
ON, Canada. His research interests include
resource management in interconnected wire-

less/wired networks, wireless network security, social networks, smart
grid, and vehicular ad hoc and sensor networks.

Dr. Shen was a recipient of the Excellent Graduate Supervision Award
in 2006, the Outstanding Performance Award from the University of
Waterloo, in 2004, 2007, 2010, and 2014, the Premier’s Research
Excellence Award from the Province of Ontario, Canada, in 2003, the
Distinguished Performance Award from the Faculty of Engineering, Uni-
versity of Waterloo, in 2002 and 2007, and the Joseph LoCicero Award
from the IEEE Communications Society. He served as the Technical
Program Committee Chair/Co-Chair for the IEEE GLOBECOM (Globe-
com’16) 2016 and IEEE International Conference on Computer Com-
munications, 2014, the IEEE Vehicular Technology Conference (VTC),
2010, and Globecom’07, the Symposia Chair for the IEEE International
Conference on Communications (ICC), 2010, the Tutorial Chair for the
IEEE VTC’11 Spring and the IEEE ICC’08, the General Co-Chair for
International Symposium on Mobile Ad-Hoc Networking and Computing,
2015, International Conference on Communications and Networking in
China, 2007, and International ICST Conference on Quality of Service
in Heterogeneous Wired/Wireless Networks, 2006, and the Chair for
the IEEE Communications Society Technical Committee on Wireless
Communications, and P2P Communications and Networking. He also
serves/served as the Editor-in-Chief for the IEEE INTERNET OF THINGS
JOURNAL, the IEEE NETWORK, Peer-to-Peer Networking and Application,
and IET Communications, a Founding Area Editor for the IEEE TRANS-
ACTIONS ON WIRELESS COMMUNICATIONS, and an Associate Editor for the
IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, Computer Networks,
and ACM/Wireless Networks. He is a Registered Professional Engineer
of ON, Canada, an Engineering Institute of Canada Fellow, a Canadian
Academy of Engineering Fellow, a Royal Society of Canada Fellow, and
a Distinguished Lecturer of the IEEE Vehicular Technology Society and
Communications Society.



<<
  /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 /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /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
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /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>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /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 <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


