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Abstract

3D integration has become one of the most promising techniques for the development of future multi-core processors,

since it improves performance and reduces power consumption by decreasing global wire length. However, 3D

integration causes serious thermal problems because the closer proximity of heat generating dies makes existing

thermal hotspots more severe. Thermal-aware floorplanners can play an important role to improve the thermal profile,

but they have failed in considering the dynamic power profiles of the applications. This paper proposes a novel thermal-

aware floorplanner guided by the power profiling of a set of benchmarks that are representative of the application

scope. The results show how our approach outperforms the thermal metrics as compared with the worst-case scenario

usually considered in “traditional” thermal-aware floorplanners.

I. INTRODUCTION

In the last years, the semiconductor industry has seen an innumerable number of engineering advances that have

permitted a logarithmic growth in the complexity of integrated circuits (ICs). The power density of microprocessors

is also increasing with every new process generation since feature size and frequency are scaling faster than the

operating voltage [7]. As a result, there has been an increase in maximum chip temperatures because power density

directly translates into heat. For example, under high workload conditions, the single layer Intel Core i7 processor

needs the fan to be constantly working at the highest possible speed to maintain the temperature below 39.5 ◦C

[23]. In the field of Multi-Processor Systems-on-Chip (MPSoCs), the 3D IC is gaining a lot of interest as a viable

solution to help maintain the pace of system demands on scaling, performance, and functionality. The benefits include

system-size reduction, performance enhancement due to shorter wire length, power reduction and the potential for

hetero-integration. For complex systems with a large number of cores, only 3D technology is able to provide the

required integration area while minimizing the inter-core communication delay [14].

Thermal aware floorplanning looks for an optimum floorplan by optimizing the cost function consisting of area,

wire length, and temperature. The objective of the problem is to minimize the chip area, minimize the wire length,

and minimize the maximum temperature of the chip. Thermal aware floorplanning can be used as one of the

methods for decreasing the maximum temperature of the chip. Cooling of the blocks in a floorplan arises due to

lateral spreading of heat through silicon blocks [30]. If a hot block is placed besides cooler blocks, lateral spreading

of heat takes place. As a result, the temperature of the hot block is reduced.
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A common limitation of the previous methods of 3D floorplanning is that they are focused on area and/or

wire length minimization with or without thermal considerations. This can be a serious limitation as modern

floorplanners often have to work with a fixed die size constraint, or with a fixed outline constraint in low-level design

of hierarchical floorplanning flow [1]. However, all recently developed thermal-aware tools deploy temperature

estimation techniques only on a single power profile that represents the power response of all inputs and all

applications (e.g. using average or peak power values). Different applications lead to different dynamic power

profiles of the blocks. Most of the existing work use either average power or peak power per block of the applications

for simulating temperature, without analyzing the impact of this assumption.

This work continues the proposal [3] where an efficient thermal-aware 3D floorplanner for heterogeneous archi-

tectures of MPSoCs is presented. The algorithm uses as input the power traces obtained during an application power

profiling phase. The design of this floorplanner is based on a evolutionary algorithm capable of obtaining optimal

solutions, in a short time, for a large number of integrated processors and layers and with minimal overhead.

II. RELATED WORK

Some initial works on thermal aware floorplanning [9] propose a combinatorial optimization to model our problem.

However, the simplification of the considered floorplan and the lack of a real experimental framework motivated

the further research on the area. Thermal placement for standard cell ASICs is a well researched area in the VLSI

CAD community, where we can find works as [8].

In the area of floorplanning for microprocessor-based systems, some authors consider the problem at the microar-

chitectural level [30], showing that a significant peak temperature reduction can be achieved by managing lateral

heat spreading through floorplanning. Other works [20] use genetic algorithms to demonstrate how to decrease the

peak temperature while generating floorplans with area comparable to that achieved by traditional techniques. [17]

uses a simulated annealing algorithm and an interconnect model to achieve thermal optimization. These works have

a major restriction since they do not consider multiple objective factors in the optimization problem, as opposed

to our work. In fact, we propose a Multi-Objective Evolutionary Algorithm (MOEA) capable of simultaneously

reducing the wire length and several thermal metrics. Other works [26] have tackled the problem of thermal-aware

floorplanning with geometric programming but, in this case, the area of the chip is not considered constant.

Thermal-aware floorplanning for 3D stacked systems has also been investigated. Cong [11] proposed a thermal-

driven floorplanning algorithm for 3D ICs, which is a natural extension of his previous work in 2D. In [18], Healy

et al. implemented a multi-objective floorplanning algorithm for 2D and 3D ICs, combining linear programming

and simulated annealing. Recent works as [12] also propose combinatorial techniques to tackle the problem of

thermal-aware floorplanning in 3D multi-processor architectures.

In our work, we propose to use application profiling techniques to guide the floorplanner. A work by [27] shows

that the power profile does not have major effect on the leakage power as long as the total power remains the same.

However, they do not consider the effect of power profile on temperature variation across different applications,

especially the peak temperature of the blocks. Only a recent work [31] incorporates multiple power profiles in a
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thermal-aware floorplanner. However, this work is not devoted to MPSoC and could not be easily extended to 3D

multi-processor stacks, where most traditional thermal-floorplanners fail to find an optimal solution.

III. METHODOLOGY

This work approaches the thermal-guided floorplanning problem for manycore heterogeneous architectures. The

temperature of a given chip depends on physical factors such as the power dissipation of the processors, the size

of the memories etc. but it also depends on the dynamic profile of the applications. One of our contributions is

to consider energy profiles based on the simulation of real world applications. In fact, this problem is generally

approached considering only the worst case scenario in terms of power dissipation. The power profiles are obtained

with OVPsim [22], which is a high level multiprocessor simulator for architectural exploration.

A. Thermal Analysis

Proposed architectures: We study different architectures corresponding to the current and the nearly future state-

of-the-art in 3D many-core integration. The main elements composing our architectures are memories and SPARC,

ARM CORTEX-A9 and POWERPC 440 9SF processors. We study three scenarios that differ from each other in the

number and percentual distribution of cores. In the first architecture there are 30 cores with a small proportion of

low-power processors: 20 SPARC, 5 CORTEX-A9 and 5 PPC440. The second platform is composed of a medium

number of cores with an homogeneous distribution: 22 SPARC, 22 CORTEX-A9 and 22 PPC440 adding up to a

total of 66 cores. Finally, in the last scenario, there are 129 cores: 43 SPARC, 43 ARM and 43 PPC. This case

corresponds to a scaled up version of the 66 processors architecture. In all cases, there is a shared memory common

to all the processors (used for the inter-processor communication) and a local memory for every core. The size of

the local memories must be small, as manycore architectures with big local memories are not easy to fabricate.

Benchmarks: We work with ParMiBench [24] which is composed of parallel versions of typical applications.

We select 11 applications grouped into six different categories: Calculus, Network, Security, Office, Multimedia

and Mixed. Therefore we have 6 different benchmarks corresponding to several applications that will exhibit very

different execution profiles. As a result, the power profiles obtained are different from one benchmark to another.

These benchmarks are simulated on bare machines. When an operating system is considered, the power consumption,

and hence the temperature tends to be homogeneous due to the execution of the kernel. Therefore, we decide to

avoid this overhead in our power profiles. The benchmarks need to be adapted for execution with OVPsim (mapping

the compiled code into specific memory regions, replacing the system calls etc.). To obtain the profiling statistics

for a given benchmark, we assign a parallel application and a shared memory region to each of the groups of

processors working together. Figure 1 shows a task distribution example where 7 groups of six processors compute

a Dijkstra shortest path algorithm and two groups of 12 processors compute a Patricia algorithm. The IDs in this

table correspond to processor IDs. The processors in the same row form a group that will execute a given parallel

application. With these task distributions, we aim to simulate scenarios that could happen on a real platform. Further

details of the task distributions used to obtain the profiles of the different applications are given in [4].

To compute the power dissipated by each of the processors and memories of the studied architectures, we perform

simulations of the 3 platforms and 6 benchmarks (18 simulations). We split the simulation of a given benchmark
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Application SPARC ID CORTEX-A9 ID PPC440 ID

pat1 0,1,2,3 22,23,24,25 44,45,46,47

pat2 4,5,6,7 26,27,28,29 48,49,50,51

dijk1 8,9 30,31 52,53

dijk2 10,11 32,33 54,55

dijk3 12,13 34,35 56,57

dijk4 14,15 36,37 58,59

dijk5 16,17 38,39 60,61

dijk6 18,19 40,41 62,63

dijk7 20,21 42,43 64,65

Fig. 1. Task distribution of the Network benchmark for the 66 core architecture and a common power consumption pattern caused by synchronization

in time slices called windows and study the evolution of the dissipated power versus time for every element. For

each of these windows we count the executed instructions and the idle cycles per processor, as well as the read

and write accesses per memory (local and shared). The simulations have to be long enough to reach a stationary

state. Therefore, we obtain at least the statistical data of 100 windows. We fix the window period to 128ms. This

value is chosen to be long enough to reduce the impact on performance of the profiling phase, but short enough to

capture the dynamic behavior with the required accuracy.

Memories: We fix the size of the local memories to 512KB and the size of the shared memory to 4MB, 8MB

and 16MB for the 30, 66 and 129 cores platforms respectively. We consider both the local and shared memories

to be direct mapped SRAM memories, with a block size of 64 bytes and a transistor size of 45 nm. We obtain

the energy consumption and area values with the CACTI software [19]. The energy per write access Ew value is

approximated by Ew = Er ∗ 1.5, where Er is the energy per read access (see [19]).

Processors: To obtain realistic power profiles of heterogeneous platforms, we have chosen three processor

architectures with a different computing power. In fact, we are specially interested in understanding the effect

of synchronization and communication in the temperature of the chip. Figure 1 shows a typical power dissipation

pattern of three different processors working together. We can see clearly how the activity of the SPARC core changes

periodically over time, waiting for slower processors. We assume that the energy consumption of a given processor

depends on its working frequency and its state. We consider two states: active or idle. To compute the power densities

of the processors, we need their areas and a power consumption value for both the active and idle states. In [28] we

find that the power consumption of the SPARC is 4W at 1.4GHz. In the case of the CORTEX-A9, we find that 0.4W

is the estimated power dissipation working at 830 MHz while the PPC440 9SF dissipates 1.1W at 667MHz (see [2]

and [21]). As in [5], we approximate the power dissipated in the idle state with Pidle = Pactive/10. We consider

the following areas: 3.24mm2, 1.5mm2 and 6.2mm2 for the SPARC, CORTEX-A9 and PPC440 respectively (see

[28], [2] and [21]).

B. Multi-Objective Evolutionary Algorithm

Introduction to MOEA: Most of the algorithms presented for the 3D thermal aware floorplanning problem are

based on a Mixed Integer Linear Program (MILP) [18], [25], Simulated Annealing (SA) [11], [18] or Genetic

Algorithms (GA) [33]. MILP has proven to be an efficient solution. However, when MILP is used for thermal
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aware floorplanning, the linearized thermal model must be added to the topological relations and the resultant

algorithm becomes too complex [16], specially as the problem size (number of cores and memories, in our case)

increases. Regarding SA and GA, the main issue is based on the representation of the solution. Some common

representations are polish notation [6], combined bucket array [11] and O-tree [33]. Most of these representations

do not perform well, because they were initially developed to reduce area. In the thermal aware floorplanning

problem, the hottest elements must be placed as far as possible in the 3D IC. In this work, the optimization process

is achieved with the Multi-Objective Evolutionary Algorithm presented in [3]. The algorithm is based on Non-

Dominated Sorting Genetic Algorithm II (NSGA-II) [15] and tries to minimize the maximum temperature and the

total wire length while fulfilling all the topological constraints. In this work, as opposed to traditional floorplanning

problems in 2D, the area of the chip is not initially targeted as we consider a fixed die size.

Block placement problem: All the blocks that model the different components of the many-core system must be

placed in the 3D stack, which imposes the physical boundaries of maximum length L, width W , and height H .

Every block i in the model Bi(i = 1, 2, . . . , n) is characterized by a width wi, a height hi and a length li. We

define the vector (xi, yi, zi) as the geometrical location of block Bi, where 0 ≤ xi ≤ L − li, 0 ≤ yi ≤ W − wi,

0 ≤ zi ≤ H − hi. We use (xi, yi, zi) to denote the left-bottom-back coordinate of block Bi while we assume that

the coordinate of left-bottom-back corner of the resultant IC is (0, 0, 0).

In order to apply MOEAs to our problem, a suitable representation of each individual has first to be found.

Furthermore, an initial population has to be created, as well as defining a cost function to measure the fitness of

each solution. For an overview of MOEAs the reader is referred to [10].

Representation and operators: We must guarantee that all the chromosomes represent real and feasible solutions

to the problem and ensure that the search space is covered in a continuous and optimal way. To this end, we use

a permutation encoding [10], where every chromosome is a string of labels, that represents the block placement

sequence. Figure 2 depicts the different operators used in our MOEA, the example shows a platform composed of

6 blocks: 3 processors Ci(i = 1, 2, 3) and 3 memories Li(i = 1, 2, 3).

(a) Cycle crossover (b) Swap mutation (c) Rotation

Fig. 2. MOEA operators: Cycle crossover and two mutation operators (swap or rotate).

The selection operator implements a binary tournament strategy: random couples of individuals are formed and

the best solution of each pair is selected. As Figure 2(a) depicts, we apply the cycle crossover: starting with the

first allele of chromosome 1 (C1), we look at the allele at the same position in chromosome 2 (L3). Next, we move
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to the position containing that same allele in the first chromosome, and add this allele to the cycle. The previous

step is repeated until the first allele of the first individual (C1) is selected for a second time. Finally, the alleles

of the cycle are placed in the first child respecting the positions occupied in the first parent, and the next cycle is

obtained from the second parent. Mutation can be executed in two different ways, both with the same probability

(see Figure 2(b) and 2(c)). As a result, some blocks are chosen and swapped, and others are rotated 90 degrees.

Fitness function: Each chromosome represents the order in which blocks are being placed in the design area.

Every block Bi is placed taking into account all the topological constraints, the total wire length, and the maximum

temperature in the chip with respect to all the previously placed blocks Bj : j < i. In order to place a block i,

we take the best point (xi, yi, zi) in the remaining free positions. To select the best point we stablish a dominance

relation that takes into account the m following objectives in our multi-objective evaluation.

The first objective is determined by the topological relations among placed blocks. It represents the number

of topological constraints violated (no overlapping between placed blocks and current volume less or equal than

maximum volume). The second objective is the wire length. The wire length is approximated as the Manhattan

distance between interconnected blocks. The following objectives (3, 4, . . . ,m) are a measure of the thermal impact,

each one based on a profile of power consumption. To compute the thermal impact of every profile of power

consumption we cannot use an accurate thermal model, which includes non-linear and differential equations. In

a classical thermal model, the temperature of a unitary cell of the chip, depends not only on the power density

dissipated by the cell, but also on the power density of its neighbors. The first factor refers to the increase of the

thermal energy due to the activity of the element, while the second one is related to the diffusion process of heat

[29]. We use the simplified thermal model presented by Cuesta et. al. [13] in which both the power densities of

the different blocks and the contribution of their neighbors are considered. Thus, our remaining objectives can be

formulated as:

Jk∈3..m =
∑

i<j∈1..n
(dpk−2i ∗ dpk−2j )/(dij) (1)

where dppi is the power density of block i for power consumption p, and dij is the Euclidean distance between

blocks i and j.

In our case, we obtain up to 600 different power consumptions (100 time windows × 6 applications). Obviously,

600 objectives is too high for a MOEA, since it will converge too slow. Therefore, we discuss how to reduce this

number of objectives in the next section.

IV. EXPERIMENTAL SETUP

The experimental work will analyze the thermal optimization achieved by the floorplanner in the three different

scenarios presented in section 3.1 (30, 66 and 129 cores architectures). The floorplanner will place the processors,

the local and shared memories of the 3D manycore platforms in 3, 4 and 5 layers respectively. For each of the

three scenarios, we obtain four different floorplans:

1) As we do not have any original configuration to compare with, we propose as baseline a performance

optimized floorplan targeting only the feasibility and the wire length. From now on, this configuration



7

will be called BAS.

In order to obtain the thermally optimized floorplans, it is not possible to take directly into account all the data

retrieved from our simulations. In fact, if the power dissipation of every element for every benchmark and time

window was considered, the floorplanner would target 600 objectives and would hardly converge. Therefore, to

obtain the other three floorplans, we consider different power metrics computed with the data retrieved from the

simulation of 100 time windows for the 6 different execution profiles.

2) The first one of the remaining configurations is obtained considering the mean power dissipation for each

element and profile (AVG). Then, the floorplanner looks for feasible solutions that minimize six thermal

objectives (one per profile) and the wire length.

3) Another configuration is obtained considering only the highest power consumption per element (WOR).

Hence, three objectives are targeted: feasibility, a thermal objective and the wire length. This case corre-

sponds to the strategy followed by other thermal-aware floorplanners.

4) Finally, a weighted sum of the power consumptions of the different profiles (all weights are equal) is

considered for each element (WSM). In this case, the algorithm targets feasibility, a thermal objective and

the wire length.

We run the evolutionary algorithm with a population of 100 individuals and 500 generations. These parameters are

fixed according to previous research. The crossover probability pc is fixed to 0.90 and the mutation probability pm

to 1/#blocks (see [15]). We consider a fixed area equal to the total sum of the areas of the different elements.

This value is increased in a 15% corresponding to the minimal area overhead necessary for wire routing. The

configurations obtained are chosen among a front of non-dominated solutions returned by the floorplanner. In all

the studied cases, we select the configuration that minimizes the wire length. In fact, finding the best solution of

the non-dominated front is out of the scope of this paper and is postponed to a future work.

V. RESULTS

As explained in the previous section, we obtain four different floorplans (BAS, AVG, WOR and WSM) for each

of the three considered scenarios (30, 66 and 129 cores platforms). In this section, we compare the thermal profiles

of these different configurations. To evaluate them, we propose two experiments. The temperatures presented in

this work are given in degrees Kelvin and obtained with the thermal simulator 3D-ICE presented in [32].

A. Thermal response in the worst case

In the first experiment, the obtained floorplans are evaluated with the highest power dissipation per element. This

case corresponds to the worst scenario. The metrics considered for the analysis of the experimental results are the

mean and maximum temperature of the chip and the maximum thermal gradient. These metrics are usually found

in thermal-related analysis. In Table I, we present the thermal profiles of the four different configurations.

The results show that our power profiling-guided floorplanner produces thermally optimized configurations.

The hotspots found in the performance optimized floorplans (reaching 443.15K) justify the thermal optimization

presented in this work. Compared to the baseline, we can see that in all the cases our floorplanner reduces the peak
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#cores 30 66 129

Tmax Tmean GrMax Tmax Tmean GrMax Tmax Tmean GrMax

BAS 416.30 355.22 108.44 440.24 357.35 136.10 443.15 361.56 137.57

AVG 394.80 350.10 84.93 410.187 352.41 101.92 396.33 355.32 87.06

WOR 388.42 349.03 73.46 401.27 349.55 91.22 414.45 355.98 104.59

WSM 387.68 349.73 74.12 403.34 349.40 91.742 400.44 354.63 91.75

TABLE I

WORST CASE

and mean temperatures and the thermal gradient. Therefore, not only the temperature of the chip is reduced but

it is also more evenly distributed. For example, we can appreciate that the dramatic peak temperature of 416.30K

found in the baseline is reduced to 387.68K in the WSM configuration of the 30 core platform. We illustrate this

example in Figure 3 where we show the thermal maps of the first layer of the BAS and WSM configurations.

In the baseline configuration, the floorplanner tends to place the processors near their local memories ignoring

the presence of hotspots. In the other, the hottest elements (the SPARC cores) are separated as much as possible,

generally placed in the borders of the chip. As a consequence, we observe a much better thermal response of the

WSM configuration. Vertical heat spread is also taken into account. Hence, the floorplanner avoids placing cores

above the others. In both cases the shared memory is placed in the second layer to minimize the wire length.

Fig. 3. Thermal map of the first layer of the 30 cores BAS(left) and WSM(right) configurations

The baseline configuration (BAS) is not an acceptable solution, in fact it reaches peaks of 443.15K in the 129

cores configuration. Moreover, the peak temperature increases with the number of cores in all of the cases. Therefore,

from now on we will use the baseline to compare the wire length of the thermally optimized floorplans, but we will

not study its thermal response. Choosing a configuration among the thermally optimized floorplans is not immediate.

It is due to the fact that some of these configurations present a better performance (wire length) while others have

a better thermal behavior. We propose a selection criterion in section V-C.

B. Thermal response for the different benchmarks

In the second experiment, we evaluate the same floorplans in a more realistic way. The thermal behavior of the

different configurations is simulated for 100 time windows with the power dissipation values obtained from our

execution profiles. Three metrics are considered in this case to compare the different configurations. The mean of
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the maximum temperatures of the different time windows is computed as well as its standard deviation. This metric

is a good indicator of the existence of hotspots in the studied chip. We also compute the overall mean temperature

of the chip and the mean of the maximum thermal gradients as well as their respective standard deviations. Table II

shows the metrics retrieved for the six studied benchmarks in the 30, 66 and 129 cores scenarios. We now comment

the results obtained in the three different scenarios.

1) 30 cores scenario: The results obtained for the peak temperatures are not conclusive as none of the configu-

rations clearly outperforms the others. The highest difference is obtained in the case of the first Benchmark where

the temperature reached by the WSM is 2.8K and 5.02K lower than the one obtained with the WOR and AVG

configurations respectively. The mean temperatures are very similar for all the configurations. In fact there is a

maximum difference of 1.12K between the different configurations (Benchmark 5). As for the peak temperatures, a

first analysis of the maximum thermal gradients does not lead to an immediate selection of the best configuration.

2) 66 cores scenario: The peak temperatures obtained in the WSM are lower than those obtained in the AVG

configuration saving up to 7.22K. Only in the case of the Benchmark 1 the peak temperature of the WOR

configuration is the lowest one, with a difference of 1.63K over the WSM. On the other hand, selecting WSM

leads to a maximum reduction of 2.63K in the peak temperature for the Benchmark 3. Once again, there are no

significant differences between the mean temperatures of the studied configurations. In the case of the maximum

thermal gradients, the results are similar to those obtained for the peak temperature: the WSM outperforms the other

configurations in five out of six cases, reducing up to 10.05K the gradient of the AVG (Benchmark 5) and 3.09K

the gradient of the WOR (Benchmark 3). In the case of the Benchmark 1, the best thermal gradient is obtained for

the WOR configuration, with a difference of 1.27K and 4.75K with the WSM and AVG configurations respectively.

3) 129 cores scenario: The best peak temperature is obtained for the AVG configuration in four out of six

benchmarks saving up to 17.12K and 6.71K comparing with the WOR (Bench 5) and WSM (Bench 1) configurations

respectively. The WSM outperforms the others in the remaining two cases, reducing up to 10.80K the maximum

temperature of the WOR configuration and 2.98K the one of the AVG. The mean temperatures obtained are again

homogeneous. The results for the thermal gradients are similar to the ones obtained for the peak temperature.

Globally, the WOR configuration shows a worst thermal behavior than the WSM or AVG. Nevertheless, it is the

configuration that presents the best performance (wire overhead), therefore it can not be discarded.

Further analysis is required to obtain the best overall solutions as the achieved temperatures seem to show a

random behaviour. In the next section, we perform a deeper analysis of the quality of the solutions in terms of wire

length and thermal behaviour in each of the three scenarios. The proposed method shows that there is an optimal

metric to guide the floorplanning of the studied architectures.

C. Performance/temperature tradeoff

As showed in the previous section, there is a tradeoff between performance (translated into the extra wiring)

and temperature. We propose a method to evaluate the different solutions and select the one with the best overall

behavior. To this end, we consider 21 different experiments: 3 architectures × (worst case + 6 benchmarks). For
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30

Tmax

BENCH1 BENCH2 BENCH3 BENCH4 BENCH5 BENCH6

AVG 340.956.58 342.554.56 340.227.80 310.353.15 348.332.68 343.753.38

WOR 338.737.44 345.512.66 341.1211.09 311.432.82 347.482.60 340.293.22

WSM 335.936.30 345.563.79 340.8010.02 309.372.89 346.652.56 341.382.63

Tmean

BENCH1 BENCH2 BENCH3 BENCH4 BENCH5 BENCH6

AVG 322.436.14 320.112.26 324.705.59 306.281.95 331.411.65 325.562.86

WOR 322.195.79 319.822.19 324.335.49 306.241.91 330.291.58 324.802.70

WSM 322.506.07 319.962.36 324.645.65 306.211.98 331.371.64 325.492.95

Tgrad

BENCH1 BENCH2 BENCH3 BENCH4 BENCH5 BENCH6

AVG 35.885.83 39.454.58 34.406.32 8.472.63 42.702.43 38.733.60

WOR 31.856.25 40.662.65 32.257.97 9.541.95 36.522.08 31.574.45

WSM 29.364.44 41.993.99 34.058.39 7.032.24 36.592.10 34.182.83

66

Tmax

BENCH1 BENCH2 BENCH3 BENCH4 BENCH5 BENCH6

AVG 334.179.35 365.437.36 386.493.14 369.641.64 349.523.12 369.164.64

WOR 329.775.60 366.916.16 385.905.75 369.601.94 342.912.63 368.725.68

WSM 331.406.28 364.667.52 383.271.96 369.331.62 342.302.62 367.965.62

Tmean

BENCH1 BENCH2 BENCH3 BENCH4 BENCH5 BENCH6

AVG 319.615.22 325.631.06 338.793.43 324.900.60 328.271.51 324.630.62

WOR 318.364.16 325.910.92 337.963.81 324.770.54 325.231.36 324.510.71

WSM 318.574.40 325.270.96 337.293.18 324.330.55 325.401.36 323.830.65

Tgrad

BENCH1 BENCH2 BENCH3 BENCH4 BENCH5 BENCH6

AVG 29.508.42 62.357.65 80.752.22 66.991.87 44.483.04 66.254.98

WOR 24.753.95 64.356.60 79.995.51 67.352.24 35.352.56 66.426.43

WSM 26.024.93 61.417.94 76.901.23 66.912.02 34.432.38 65.456.59

129

Tmax

BENCH1 BENCH2 BENCH3 BENCH4 BENCH5 BENCH6

AVG 342.317.94 357.950.78 373.184.97 352.951.50 370.424.13 331.632.46

WOR 354.088.90 363.765.07 382.009.27 352.402.51 387.545.19 338.282.93

WSM 349.024.73 363.990.87 371.204.10 351.141.54 373.874.34 336.102.68

Tmean

BENCH1 BENCH2 BENCH3 BENCH4 BENCH5 BENCH6

AVG 327.325.80 328.681.34 338.784.53 321.701.86 344.242.36 322.201.57

WOR 328.255.95 329.191.49 339.014.77 321.571.89 344.872.40 322.571.61

WSM 327.995.52 328.521.43 338.204.99 320.561.98 344.122.35 322.551.59

Tgrad

BENCH1 BENCH2 BENCH3 BENCH4 BENCH5 BENCH6

AVG 36.086.31 54.771.00 66.813.52 51.021.07 62.043.77 25.862.14

WOR 47.757.79 60.064.79 75.958.28 50.701.97 78.824.80 32.122.56

WSM 43.713.80 61.040.91 65.843.22 49.451.14 66.283.98 31.902.49

TABLE II

THERMAL METRICS RETRIEVED IN THE 30, 66, AND 129 CORES SCENARIOS
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each of the scenarios and thermal metrics studied (TMax, Tmean and GradMax) we establish a confidence interval.

In a second step we see whether or not the retrieved metrics fall into these ranges of acceptable values.

We observe that the thermal metrics retrieved fit to a normal distribution. The intervals are obtained by adding

and subtracting the standard deviation to the mean of the considered metric, resulting in 68% confidence intervals.

We apply this procedure in all the studied scenarios to obtain the confidence intervals. However, we only show the

intervals obtained in the case of Benchmark 4 in the 30 cores platform as a motivational example:

• TMax: The confidence interval is obtained by adding and subtracting the standard deviation σTmax to the

mean of the peak temperature of the different configurations called µTmax. The resultant interval is:

[µTmax − σTmax;µTmax + σTmax] ' [310.38− 1.03; 310.38 + 1.03] ' [309.35; 311.41]

• Tmean: The same method is used to obtain the confidence interval for the mean temperatures:

[µTmean − σTmean;µTmean + σTmean] ' [306.24− 0.035; 306.24 + 0.035] ' [306.205; 306.275]

• GradMax: In a similar way, we obtain the range of acceptable values for the maximum thermal gradient:

[µMaxGr − σMaxGr;µMaxGr + σMaxGr] ' [8.35− 1.26; 8.35 + 1.26] ' [7.09; 9.61]

These intervals allow to group similar values into the same thermal level. In fact a difference of 1K might not

be relevant to decide which configuration is better. On the other hand, stepping from a 15% of wire overhead to

25% would result in a dramatic decrease of the chip performance. Once we have these intervals, we see which

metrics fall into these intervals (marked as
√

in the following example) and which ones do not (X). There is a

third possibility where the metric considered is even below the confidence interval (marked as
√√

), which is the

most desirable situation as the goal is to minimize the wire length and the different thermal metrics. We perform

the analysis of the worst case scenario and the 6 benchmarks for the three considered architectures (30, 66 and 129

cores). Based on the obtained confidence intervals, we decide which is the best configuration for each of the 21

considered cases. Table III shows the result of this analysis for the Benchmark 4 in the 30 cores scenario. In this

example, only the WSM configuration satisfies all the constraints.

30 Tmax Tmean GradMax

AVG
√

X
√

WOR X
√ √

WSM
√ √ √√

TABLE III

BENCHMARK 4

#cores 30 66 129

AVG 36.88% 16.19% 24.81%

WOR 23.24% 26.68% 17.69%

WSM 13.15% 17.25% 22.31%

TABLE IV

WIRE OVERHEAD OF THE DIFFERENT CONFIGURATIONS

In order to select the configuration with the best overall behavior, we take into account the thermal response and

the wire length of the different configurations (see Table IV). We now summarize the results of this analysis.

1) 30 cores scenario: In this scenario, the AVG configuration only presents acceptable values in one of the

seven scenarios. The WSM and WOR configurations satisfy all the constraints in six out of seven benchmarks.

They offer a satisfactory performance while respecting the different thermal metrics studied in this work. However

the WSM offers a better performance as it presents 10.09% less of wire overhead. Therefore the WSM is the best

configuration for the 30 cores scenario.
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2) 66 cores scenario: The WOR configuration offers a poor performance. The AVG presents the best performance

but it does not satisfy the thermal constraints in four out of seven benchmarks, including the worst case scenario.

Therefore it offers a poor response in extreme situations, leading to hotspots. Only the WSM configuration satisfies

all the constraints in all the cases. It presents the best overall thermal behavior while only the AVG presents a

slightly better performance (1.06%). Hence, the WSM is also chosen in this scenario as the best configuration.

3) 129 cores: The selection of the best configuration is not as immediate as in the previous scenarios. Even

though the WOR configuration presents the best performance, it is discarded as the metrics retrieved do not fall in

the acceptance intervals for four out of seven benchmarks, reaching 414.45K in the worst case scenario. Both AVG

and WSM satisfy all the constraints in all the cases. While the AVG offers a better overall thermal response, the

WSM configuration presents a shorter wire length increasing the performance in 2.5%. Therefore, in this scenario,

there is a tie between these two configurations.

Globally, the WSM configuration always presents an acceptable performance. In addition, the thermal constraints

are satisfied in 20 out of 21 cases. The AVG and WOR configurations only present an acceptable thermal response

in 10 and 14 cases respectively. Moreover, these two configurations do not offer acceptable performances: the wire

overhead of the AVG reaches 36.88% in the 30 cores scenario while in the 66 cores scenario the WOR configuration

presents a 26.68% of extra wire. Furthermore, the convergence analysis shows that using the WSM metric leads to

an average convergence time reduction of 43.1% and 36.2% as compared to the WOR and AVG metrics respectively.

Therefore, the WSM presents the best overall behavior, outperforming AVG and the traditionally used WOR metric.

VI. CONCLUSION

This work has proposed an efficient approach that incorporates power-profiling information to guide a thermal-

aware floorplanner for 3D multi-processor architectures. The implementation of the tool with evolutionary algorithms

has provided thermal-optimized floorplans as compared with a baseline heterogenous system. The proposed analysis

of the tradeoff between thermal behavior and performance shows that considering the worst power consumption

does not lead to optimal floorplans. In fact, the configurations targeting a weighted sum of the power consumption

of the different benchmarks present a better overall behavior. Such configuration offers a better thermal response

in extreme conditions reducing in 14.01K and 12.84K the peak temperature and the thermal gradient of the chip

respectively.
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