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Abstract - In this paper, we present a design methodology
for automatic platform generation of future heterogeneous
systems where communication happens via the Network-on-
Chip (NoC) approach. As a novel contribution, we consider
explicitly the information about the user experience into a
design flow which aims at minimizing the workload variance;
this allows the system to better adapt to different types of user
needs and workload variations. More specifically, we first col-
lect various user traces from various applications and gener-
ate specific clusters using machine learning techniques. For
each cluster of such user traces, depending on the architec-
tural parameters extracted from high-level specifications, we
propose an optimization method to generate the NoC system
architecture. Finally, we validate the user-centric design space
exploration using realistic traces and compare it to the tradi-
tional NoC design methodology.

I. INTRODUCTION

 Future multiprocessor systems-on-chip (MPSoCs) will likely
consist of heterogeneous computational cores, memories, periph-
erals, etc., all integrated in a single die and connected via complex
networks-on-chip (NoCs) [1]. In addition, the shortening time-to-
market forces designers to heavily reuse pre-designed modules in
the form of intellectual properties (IP) in order to cope with the
increasingly complex design space. 

With industry shifting to platform-based design, much prog-
ress in the traditional design space exploration (DSE) techniques
has been made via task-level [3][21], resource-level [4], and even
system-level analysis [5]. Overall, these techniques target system
optimization with the goal of improving the system performance.
However, nowadays and more so for the future, it is clear that per-
formance, while still important, is not anymore the dominant met-
ric for the platform-based design. In other words, “just-enough
performance” is often perfectly acceptable and more attention
needs to be paid to user experience and energy efficiency issues
(i.e., “user experience per unit energy”) which are directly related
to the system workload variation [7]. Therefore, as opposed to the
traditional design flow considering the task-, resource-, or sys-
tem-level optimization, our proposed methodology targets one
level above, namely, the application-/user-level design. By ana-
lyzing the user interaction with the system, we are able to provide
more robust platforms for applications characterized by high
workload variation.

The traditional flow for application-specific MPSoC design
follows the Y-chart in Fig. 1(a). Given the architecture template

(i.e., computation and communication components, network
topology, etc.) and application-specific parameters (i.e., power
constraints, maximum latency, etc.), the customized architecture
(or system platform) is automatically generated using static tech-
niques like task mapping and scheduling; this architecture auto-
mation step takes place offline. Afterwards, the system is
manufactured and deployed for use by different users as shown
in Fig. 1(b). However, due to differences in users behavior, the
platform will likely not satisfy all the users equally well. In other
words, some users may find the system difficult or inefficient to
use even though it may be highly recommended by other users.
Such issues are typically the cause for significant losses in prod-
uct sales and revenues. Therefore, good resource management
techniques, such as those based on adaptive mapping and sched-
uling, are needed to better satisfy a wider range of customer
needs [9][10].

Not surprisingly, complex MPSoCs running multiple applica-
tions concurrently should rely on a variety of system configura-
tions which are challenging to design. Although prior work for
evaluating and covering the design space exists [8], the traditional
design flow still can generate only one or a few platform configu-
rations, the so-called application scenarios [21], belonging to the
same Pareto curve trading off multiple objectives [13]. Therefore,
even assuming perfect techniques for run-time optimization, such
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Fig. 1. (a) Traditional design flow for application-specific MPSoC
platforms. (b) Online optimization to determine users satisfaction.
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a platform can hardly meet all user needs (Fig. 1(b)). This moti-
vates us to redefine the DSE methodology for future systems by
considering an extra degree of freedom, namely, the user experi-
ence; this encompasses all aspects of end-user interaction with the
platform and the associated power/performance costs. Based on
this new vision, we aim at designing systems from user perspec-
tive with the goal of satisfying different types of user needs and
design constraints. 

Our user-centric design methodology relies on collecting user
traces from existing systems or prototypes. To get useful traces
for building the next generation systems, we monitor the user
behavior independently of the actual platform; that is, the infor-
mation collected for each user (i.e., user trace) shows what appli-
cations are running, at what times, in the system. The novel
contributions of our proposed DSE methodology are as follows: 
• First, we apply machine learning techniques to cluster the

traces from various users such that the differences in user
behavior for each class are minimized.

• Then, for each cluster, we propose an offline algorithm for
automated architecture generation of heterogeneous NoC plat-
forms that deal explicitly with computation and communication
components and satisfy various design constraints, while facing
significant workload variations. 
We note that by taking the user experience into consideration

into the DSE methodology, the generated system platforms
exhibit less variation among the users behavior; this implies that
each system is highly suitable for a particular user cluster and
therefore the overhead of later applying various online optimiza-
tion techniques can be reduced as well [22][23]. In this paper,
however, we restrict ourselves to the offline optimization part of
platform generation, while follow up work will consider the run-
time optimization aspects.

The remaining of this paper is organized as follows. In
Section II, we review some relevant work. Section III discusses
the proposed DSE methodology and provides detailed algorithms
for the entire design flow. Experimental results are presented in
Section IV. Finally, we summarize our contribution in Section V.

II. RELATED WORK

In an early attempt, Dick and Jha propose a multiobjective
genetic search algorithm for co-synthesis of hardware/software
embedded systems which trades off price and power consumption
[13]. Some design methodologies for automatic generation of
architecture for heterogeneous embedded MPSoCs were later
studied in [11][12]. Different from the heuristics used to handle a
large design space, Ozisikyilmaz et al. propose a predictive mod-
eling technique to estimate the system performance by looking at
information from past systems [14]. More recently, Shojaei et al.
propose a BDD-based approach to efficiently obtain Pareto
points which help multi-dimensional optimization [15].
Instead of using the bus-based communication, Chatha et al.
address the automated synthesis of an application-specific NoC
architecture with optimized topology [16]. However, their
approach targets single application characteristics (i.e., the
communication trace graph is fixed) which is not realistic to
use for different users. Murali et al. consider multiple use-
cases during the NoC design process [24]. However, they opti-
mize the NoC using only worst case constraints. In reality, the
distribution of use-cases for various users are very different.

The differences in users behavior have been also considered.
For instance, Kang et al. in [6] observe the differences between
younger and middle-aged adults in the use of complicated elec-
tronic devices. Rabaey et al. in [7] discuss the wide range of
workloads of the future and advocate for new metrics to guide the
exploration and optimization of future systems, such as the user
functionality, reliability, composability.

III. NOC DESIGN SPACE EXPLORATION METHODOLOGY 
CONSIDERING USER EXPERIENCE

A.   User-centric Design Flow
The proposed user-centric DSE methodology is shown in

Fig. 2. In order to take the user behavior into consideration, the
inputs of our design flow are:
• Architecture template, which consists of computation resources

(e.g. FPGA, DSP, ASIC), communication resources (e.g.
router, FIFO, segmented bus), and the communication protocol
(e.g. routing/switching scheme). Of note, we focus only on 2-D
mesh topology and XY routing, but the communication archi-
tecture may be more general.

• Applications specification which captures the task graph char-
acteristics (e.g. number of tasks and communication rate
between them), inter-application synchronization, computation
profile (e.g. power consumption, application deadlines).

• User traces which record the relevant user behavior over time.
The entire user-centric design flow involves a number of criti-

cal steps with the goal of generating systems that meet the user
needs. Towards this end, we first explore the problem of cluster-
ing the user traces such that all users belonging to the same clus-
ter have a similar behavior while interacting with the target
system (more details are given in Section III.B). At the same time,
we store the user behavior characteristics, namely the identifica-
tion content (ID), for testing purposes. During the second step, an
NoC platform is automatically generated for the user traces in
each cluster (as discussed in Section III.C) such that multiple
design constraints are satisfied. Last but not least, to show the

Fig. 2. User-centric design flow for heterogeneous NoCs.
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potential of the user-centric design flow, a validation process is
presented in Section III.D. To formulate these problems, some
terminology is needed:
• ri : a resource of type i. Assume there exist n different types of

resources, r1, r2,..., rn R, N(ri) represents the number of
resource ri in the platform, while W(ri) represents the price of
resource ri.

• qi : an application with a set of tasks. Assume there exist m dif-
ferent applications which can run on the platform, i.e., q1, q2,...,
qm Q.  represents the task graph of the
application qi. represents a task tj in application qi,
while  represents the communication between  and

, and M( ) represents the communication rate between 
and .

• Λ = (A, Ω(A)) characterizes the NoC platform, where A repre-
sents a set of resources, and Ω(A) represents the precise location
of each resource ri A (i.e. resource mapping). More precisely,
A = (r1,r1,..., r1, r2,r2,..., r2,..., rn,rn,..., rn|N(r1), N(r2),..., N(rn))
captures the number and type of resources of the NoC platform.

•  represents the computation energy consump-
tion while running α onto {β}, where α can be a task ti, an
application qi, or a trace of a set of applications, and {β}
stands for a resource set with one or multiple number of
available resources able to run α on an NoC platform. Simi-
larly,  represents the communication
energy consumption (based on bit energy model in [17]) of
running α onto an NoC platform with the resource set {β},
where the XY routing mechanism is applied for data commu-
nication in such a platform.

• User trace : the collected sequences from user i,
while logging the system. Each element = {q1, q2, ...} repre-
sents a set of applications running on the system at discrete
time t.

B.   User Behavior Clustering Problem
In order to generate different platforms that satisfy the user

needs, building a model for users behavior is critical. Here, we
define some terms specifically for the clustering problem; the
steps of user behavior clustering process are shown in Fig. 3.
• Inter-application similarity: Two applications requiring similar

resources have a higher inter-application similarity.
• Application-usage similarity: Two user traces reflecting a simi-

lar frequency of application appearance have a higher applica-
tion-usage similarity.

• Application resource demand (L): The degree of resource
demands for an application. The application qi which demands
a larger number of resource of type rn has a higher  value.

• Application sets appearance probability ( ): The proba-
bility of observing a set of applications, v, in the user trace

.
• Subset function (S): If A is a subset of (or is included in) B,

then S(A, B) = 1; otherwise it is 0.
• Cluster mapping (C): C(i) = j indicates that i has been clus-

tered into the jth group, where i:C(i) = j represents all the
elements in the jth group.

• k-MEAN clustering: An algorithm [18] groups the objects (or
data points) based on attributes/features into k different groups,
where k is positive integer. The grouping here is done by mini-
mizing the sum of squares of distances between data and the
corresponding cluster centroid.

As shown in Fig. 3, the clustering is achieved by first grouping
together similar applications (i.e. applications in the same cluster
vi have a high inter-application similarity, see Steps 1-4), and then
clustering the traces that use these application groups in a similar
way (i.e. traces in the same cluster Si have a high application-
usage similarity, see Steps 5-7).

C.   NoC Platform Automation Problem
From the algorithm in Section III.B, we obtain a set of user

traces which have a similar interaction with the system. Here, for
each cluster of traces, our goal is to generate a suitable NoC plat-
form, while minimizing the given design constraints. In this
paper, an NoC platform describes a number of resources con-
nected using a mesh-like on-chip network. Therefore, the design
automation process of our NoC platform involves two critical
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Fig. 3. Main steps of user behavior clustering.

Input: task graph characteristics of each application qi
, and the task-level computing cost,

)
Output: user behavior cluster S
• Step 1: Derive the Pareto curve trading off the resources

and computation power consumption for each application
qi (similar to the solution proposed in [13]). Each Pareto
point  gives the mini-
mum power consumption for application qi.

• Step 2: Given all Pareto points, calculate
, i.e. the resource demand  for

application qi to each resource type rj for j = 1,..., n, where

• Step 3: Normalize  for each application qi.

    where

• Step 4: Set each application  as a data point di and apply
k-MEAN clustering to group all data points di into z clusters.
Assign the center of each cluster, μr where r=1, ..., z, to the
identification content (IDr) which will be utilized in the test-
ing stage and define an z-dimensional application vector V =
(v1,v2,...,vz) = (di:C(di)=1, di:C(di)=2,..., di:C(di) = z) cap-
turing the applications within the corresponding cluster.

• Step 5: Calculate  for each user
trace , i.e. the application sets appearance probability
with corresponding application set vi for i = 1,..., z, where

               
 

• Step 6: Set  from each user trace as a data point di and
apply k-MEAN clustering to group data points di into k clusters.
Assign the center of each cluster, μr’, where r’=1, ..., k, to the
identification content (IDr’) and generate a k-dimensional
trace cluster vector S = (S1, S2,...,Sk) = (di:C(di)=1,
di:C(di)=2,..., di:C(di) = k), where Si is a group of user
traces with high correlation application-usage similarity.

• Step 7: Assign μr’ to the identification content (IDr’). Then,
generate a k-dimensional trace cluster vector S = (S1,
S2,...,Sk) = (di:C(di)=1, di:C(di)=2,..., di:C(di) = k) cap-
turing the user traces within the corresponding cluster.
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steps: i) Computational resource selection, which decides the
number and the type of resources needed to build the platform,
and ii) Resource location assignment, which provides the tile
location for each resource in the 2-D tile-based NoC. The prob-
lem formulations and solutions of these steps are described in
Section III.C.1 and Section III.C.2, respectively.

Of note, while running a user trace on platform Λ, it can be
observed that applications enter and leave the system dynami-
cally. Here, we apply the greedy approach for task mapping prob-
lem; that is, assign tasks ti to the currently available resources rj,
while optimizing the design metrics of interest (e.g., minimal
computation energy consumption). The task mapping function is
denoted as map( ), i.e., map(ti) = rj.

C.1.   Computational resource selection
The resource selection problem is formulated as follows: 
Given all user traces in a cluster S, i.e., S and

the price constraint Φ.
Find a resource set A which
       
min                                          , such that: Φ

The steps for the computational resource selection problem are
summarized in Fig. 4.

We start out with a resource set, while minimizing our
objective without considering the price constraint (Step 1).
The price constraints can later be met by replacing the more
expensive resources with the cheaper ones. Since there are at
most n(n-1) pairs of possible replacements for a platform with
n types of resources, n(n-1) evaluations are performed. Then,
the replacement that results in largest price reduction and smallest
computation energy consumption overhead is updated (Step 2).
We continue this step until the price of the updated resource set
satisfies the price constraint.

C.2.   Resource location assignment
After obtaining the number and type of computational

resources from Section III.C.1, our task here is to allocate each
resource to the tile-based NoC platform with the goal of minimiz-
ing the communication energy consumption when all user traces
belonging to a certain cluster are running in the system. The
resource location assignment problem is formulated as follows: 

Given all user traces in a cluster S, i.e., S and
a W×H 2-D tile-based NoC with a resource set A that satisfies 

, (W×H).

Find a one-to-one resource location assignment Ω( ) from any
resource ri in A to a specific tile location, Ω(ri)=(xi, yi), which 

 min 

     such that: 1 xi W, 1 yi H.
To solve this problem, we need the following notation:

• B(xi, yi): The neighbors of tile (xi, yi), i.e., (xi+1, yi), (xi, yi+1),
(xi-1, yi), (xi, yi-1), where 1 xi+1, xi-1 W and 1 yi+1, yi-
1 H.

• Empty/Filled tile: The tile (xi, yi) without/with a computational
resource ri already assigned to it.

• Transmission matrix ψ: Each entry ψ uv stores the aggregate
communication rate from resource ru to rv.
The steps for the resource location assignment problem are

summarized in Fig. 5.

We start out calculating and normalizing the transmission
matrix ψ (Steps 1-2). Then, by allocating two resources, ru and rv,
with highest ψ uv values as close as possible, we are able to mini-
mize the communication energy consumption while running
applications onto the system (Steps 3-5). More precisely, the
neighboring resources of ru are assigned based on the ratio ψui,
for i = 1, ..., n, as shown in Step 4.

D.   Design Flow Validation
Here, we validate the potential and robustness of our user-cen-

tric design flow (see Fig. 6). Generally speaking, we are given the
training and the testing datasets. The training dataset is used to
generate platforms under the user-centric design flow, while the
testing dataset is used to determine whether or not this design
flow produces robust platforms for different types of users. Theo-
retically, the user traces (see Fig. 2) observed from the former
platform, Dbefore, can be set as the training dataset to generate the
new generation platform. Then, we should take the user traces
running on the new platform, Dafter, as the testing dataset to vali-
date the design flow. However, in practice, we cannot have the
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Fig. 4. Computational resource selection.
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Fig. 5. Resource location assignment.

Step 1: generate an n×n transmission matrix ψ  with each entry 
    ψ(u, v) = ψ uv =

             where map(tj) = ru  and map(tk) = rv
Step 2: normalize the transition matrix ψ, i.e.,

             i.e., ψ uv

Step 3: get u with largest ψ uv or ψ vu value, then set the location 
            of ru , i.e. Ω(ru) = (xu, yu), to the center of the platform.
Step 4: decide B(xu, yu) such that ri with greater ψ ui has a higher 
            possibility to be assigned to B(xu, yu).
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                                                        where r1, r2,..., rn B(xu, yu)
Step 5: get a filled tile (xu, yu) with the greatest empty neigh-
            boring tiles.
Step 6: repeat Steps 4 and 5, until all resources get assigned to 
           the corresponding tile locations in the NoC platform.
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latter traces, Dafter, in advance. Therefore, if we have a reasonable
amount of dataset Dbefore, then this is usually split into two parts,
namely the training and testing datasets, that are used to build and
evaluate the design flow. If we have too little data, then the boot-
strap method [18] is used for generating enough data.

As seen in Fig. 6, we are given the user traces in the testing
dataset with size Ntesting. For each user trace , we do the
cluster identification check. More precisely, with the informa-
tion of the identification content (ID) obtained from the train-
ing process (see Fig. 2 and Steps 4 and 7), we report which
cluster the user trace belongs to; that is,  has higher
inter-application and application-usage similarities with other
traces belonging to the same cluster (say cluster k). Ideally, the
user trace which is identified to be in the kth cluster during the
testing stage should report the best performance while exe-
cuted on NoC platform k generated from the training stage.
Therefore, to validate the accuracy of our user-centric design
flow, we evaluate whether or not the NoC platform n = (A,
Ω(A)) is the most suitable platform for user i, i.e., the total energy
consumption of running the user trace  on
it,  , is smaller than all

other generated platforms. If yes, we denote it as a match.
Finally, the accuracy rate for our user-centric design flow, i.e.,
(Nok/Ntesting)×100%, is reported.

IV. EXPERIMENTAL RESULTS

To evaluate the user behavior model and the associated design
flow, we apply our proposed methodology to real applications
with realistic user traces. Our environment and design inputs are
as follows: 
• Five different types of computational resources ri are available

in the architecture template; the corresponding processor model
and its price (in U.S. dollars), M(ri) are listed in Table I.

• Seven applications are executed on the system platform,
including two synthetic applications generated by TGFF
package [19], Automotive/Industrial, Consumer, Network-
ing, Office automation, and Telecom from the embedded sys-
tem benchmark suite (E3S) [20]. Some pre-processing (such
as task biding, scheduling) is done for these seven applica-
tions where task graphs with task size being 7, 7, 8, 6, 5, 4,
and 6, respectively. Each task is going to execute on one
resource later. In addition, the task profile, the power con-
sumption of running task ti on each processor type, are ana-
lyzed beforehand under specified performance constraints.

• Hundreds of user traces (i.e., both training and testing datasets)
are used to validate the accuracy of the design flow. We use

realistic traces collecting the behavior of the Windows XP
environment from twenty users; the bootstrap method [18] is
later applied to generate even more traces. The length of each
user trace is set to 500.
TABLE I: ARCHITECTURE TEMPLATE FOR THE NOC PLATFORM.

Assume that, due to their incompatibility, at most four applica-
tions can execute on the platform at the same time. In addition,
from market survey or previous design experience, our goal is to
generate three different platforms (i.e., parameter k is set to 3) in
order to satisfy different types of users. And the price constraint
for each platform is set to 1500 (i.e., Φ = 1500).

A.   Evaluation of User Behavior Clustering
The clustering of user behavior is the most critical step in this

design flow. Indeed, if the user traces in the same cluster have a
high variance in terms of the resource requirements, the corre-
sponding platform may not fit well most users in this cluster. 

Fig. 7 shows the clustering results. All feasible Pareto
points are derived trading off the price of the platform and the
computation energy consumption. We randomly select two
users in each trace cluster and plot the corresponding Pareto
curves. As shown in Fig. 7, the variation of users within the
same cluster is quite small. We also come out with three
resource sets (A1, A2, and A3) for these three trace clusters,
while meeting the price constraint (Φ = 1500). For example,
for cluster 1, the resource set A1 consists of 3 resources r1, 6 r2,
6 r3, 6 r4, and 7 r5, with the total price being equal to 1479. As
seen, these three resource sets (A1, A2, and A3) are quite different
although their prices are close to 1500.

Table II shows the normalized computation energy consump-
tion of applying these three resource sets to each user trace clus-
ter. For example, for the second entry in second column, the
value 1.22 gives the computation energy consumption ratio of
running all traces in cluster 1 onto A1 and A2; that is,

ℜi

ℜi ℜi

ℜi
Ecomp ℜi A,( ) Ecomm ℜi Ω A( ),( )+[ ]

ℜi∀ S∈
∑

Fig. 6. Design flow of the validation process.

Ntesting Testing User Traces

Cluster Identification Check

Yes

Test if NoC Platform k
the most suitable?

Matched, Nok Nok+1

No

Identification
Content (ID)

(cluster k)
Resource Type, ri Part Number Price, M(ri)

r1: DSP 300MHz TI TMS320C6203 112
r2: RISC 266MHz IBM PowerPC 405GP 65
r3: DSP 60MHz Analog Devices 21065L 10
r4: x86 μprocessor 400MHz AMD K6-2E 77
r5: μcontroller 133MHz AMD ElanSC520 33

1250 1300 1350 1400 1450 1500 1550
0

2

4

6

8

10 x 109

one user in cluster 1
one user in cluster 1
one user in cluster 2
one user in cluster 2
one user in cluster 3
one user in cluster 3

Fig. 7. Pareto points showing the tradeoffs between price and com-
putation energy consumption. For each cluster, two users are ran-
domly selected and their Pareto curves are plotted.
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Of note, from Fig. 7 and Table II, we can conclude that even
if the workload variation from different types of users is high,
our user behavior clustering process can separate them quite
effectively.

Finally, we compare our proposed methodology against the tra-
ditional design flow which generates only one platform, A’ (see
the last row of Table II), while optimizing the computation energy
consumption for the entire set of user traces, given the price con-
straint Φ = 1500. As observed, we achieve about 30% computa-
tion energy consumption savings, on average, compared to the
unique platform, A’, derived from the traditional design flow. 

B.   Evaluation of NoC platform 
We first evaluate the solution quality of the computational

resource selection algorithm in Section III.C.1 for user traces in
the training dataset (Dbefore), against the best solution which
can be derived from the Pareto curve in Fig. 7. The experi-
ments are performed on an AMD Athlon™ 64 Processor
3000+ running at 2.04GHz. Compared to the optimal solution,
our method consumes 5% more energy in computation, on
average, for all these three clusters. However, it requires more
than 10 hours to get the optimal resource sets for one cluster
while our algorithm takes only about 10 minutes.

Next, we evaluate the solution quality of the resource location
assignment algorithm (Section III.C.2) against the optimal solu-
tion, given a fixed set of resources running the user traces. We
observe that our method consumes 7% more energy in communi-
cation, on average, compared to the optimal resource assignment.

C.   Evaluation of Entire Design Methodology
Finally, we apply the validation process in Fig. 6 to show the

potential of the user-centric design methodology. The size of
training dataset ranges from 100 to 700, while the size of the test-
ing dataset is fixed to 500. We observe that the accuracy rate,
(Nok/Ntesting)×100%, increases as the size of the training data
increases (for training dataset size of 100, 300 and 500, the
accuracy rate is 73%, 84%, and 87%, respectively). By apply-
ing 700 training data for building these three platforms, we can
have more information for user behavior clustering and therefore,
come up with a higher accuracy rate (around 90%) at the end.

V. CONCLUSION

In this paper, we have addressed the user-centric design prob-
lem for heterogeneous NoC platforms. Efficient algorithms have
been proposed for clustering the users behavior and automatically
generate 2-D NoC platforms such that the values of the total com-
putation and communication energy consumption are minimized.

We have also proposed a validation process for the proposed user-
centric design flow. 

Our experimental results using real applications show that by
designing a system from users perspective, we are able to mini-
mize the workload variance; this allows the system to better adapt
to different types of user needs and workload variations. Future
work will consider the run-time optimization aspects for these
newly generated NoC platforms.
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TABLE II: COMPUTATION ENERGY CONSUMPTION COMPARISON FOR 
THREE TRACE CLUSTERS AND DIFFERENT RESOURCE SETS DERIVED BY 

THE PROPOSED AND TRADITIONAL DESIGN FLOW.

Resources          Traces Cluster 1 Cluster 2 Cluster 3
Set  A1 1 1.47 1.35
Set  A2 1.22 1 1.33
Set  A3 1.33 1.28 1
Set  A’ 1.50 1.18 1.31
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