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Abstract—Model predictive control (MPC) based dynamic
thermal management (DTM) is effective in managing temper-
ature and power of multi-core systems at runtime. However, due
to its centralized structure, such method has poor scalability. In
this work, we propose a distributed MPC based DTM method, by
dividing the full chip thermal model into submodels and decou-
pling the interactions among submodels with novel techniques.
Experiments show that the proposed method performs well in
thermal management with fully distributed structure.

I. INTRODUCTION

As technology advances, high power density of the chip
leads to serious thermal related problems which harm the
reliability and performance of the system. Many dynamic ther-
mal management (DTM) methods have been used to alleviate
such problem [1]. DTM methods regulate the temperature
by changing the power values and/or power distribution of
the chip through methods like Dynamic Voltage Frequency
Scaling (DVES) and task migration methods. Knowing how
should power be adjust at current time is the core of a DTM
algorithm. Simple DTM methods, which make ad hoc or
heuristic power adjustment decisions, lead to poor control
accuracy and smoothness in temperature and sub-optimal chip
performance [2]. As a result, model predictive control (MPC)
is proposed to assist the power adjustment decision in DTM
methods. By predicting the future temperature, MPC method
is able to calculate the optimal power needed which leads to
accurate and smooth temperature control [3], [4], [2], [5].

One major drawback of MPC based DTM is its inability to
handle systems with large number of cores. This is because
large core number leads to large thermal model, which is
used in MPC for predicting the future temperature. In this
work, we propose a distributed MPC method for DTM of
multi-core systems to solve this scalability problem. The new
method divides the thermal model of the chip into multiple
sub-models. In order to consider the lateral heat exchange
of adjacent cores at the sub-model boundaries, redundant
overlapping areas are kept for boundaries of each submodel,
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and the coupling effects from the package is compensated
by introducing the edge package convection resistance model.
Then, distributed MPC is performed using each submodel in
parallel. Experiments show good thermal management quality
of the new method with distributed structure.

II. BASICS OF MPC BASED DTM

In this section, we introduce the MPC based DTM method.
The thermal model of a system with [ cores can be expressed
as difference equations in discrete time domain as

T(k+1) = AT(k) + B4P(k),
Y (k) = LT(k),

where T'(t) € R™ is the thermal vector representing temper-
atures of n blocks of the chip, which includes [ cores (with
| < n) and also boundary condition nodes and nodes for pack-
age components; A € R"*™ and B; € R™*! contains thermal
dynamic information determined by the thermal conductance,
thermal capacitance of the chip; P(k) € R! is the power vector
with power dissipations of [ cores at time k as input; Y (k) is
the thermal vector with temperature information of the [ cores
as output; L € RY™™ is the output selection matrix, which
selects the | core temperatures from 7'(k).

By using the system model in (1), MPC is able to calculate
the power input adjustment needed in order to track a user
defined output. In order to maximize the performance of the
system under thermal constraint, we use highest temperatures
(called ceiling temperatures) allowed for the [ cores, Y4 €
R*1 as the user defined output. Please note that such user
defined output can be easily changed according to different
goals and applications. Next, we show how to obtain the power
input adjustment to track the output Y;,qz-

Assume the ceiling temperatures of cores over several time
steps into the future are given, and written in a vector form as

Yceil = [YT YT YT

mazx’ max’ T max

)]

|7 ¢ RN X1

N, stands for a time frame from current to the N, steps into
the future, and is called the prediction horizon. Also, the future
control trajectory at the power input side (which is actually
unknown and needs to be computed) is introduced as

AP, = [AP(k),AP(k+1),...,AP(k+ N, — 1)]T,
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Fig. 1. A 16-core chip example showing 4-core submodel (in blue dashed
frame) and the extended 4-core submodel (in red dash-dot frame). Only one
extended submodel out of four is shown here for simplicity.
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Fig. 2. Structure of the distributed MPC on the 16-core chip with 4-core
model as the submodel. The interactions among submodels as in the red
dashed circle need to be eliminated for the fully distributed structure.

where N, is called the control horizon. The prediction of core
temperatures is defined as

Vi = [Y(k+ 1k, Y (k+2)k)7, ..., Y(k+ Ny k)T,

where Y (k + j|k) is the predicted core temperatures at time
k+ j using information of current time k. Y}, can be calculated
assuming APy is known, using

Yi = VI(k) + ®AP;, )

where V. € RNX(n+) and @ ¢ RN»XNel are known
matrices formed by thermal model matrices in (1), and their
detailed structures are not given here due to page limitation.

Finally, MPC is able to calculate the optimal APy to track
the user defined output as

AP, = ((I)be + R)flbe(Yceu — VT(k)>7 (3)

where R is just a tuning matrix added.
At each MPC time k, we only use the first computed control
signal AP(k) from (3) and update the power distribution as

P(k) + P(k)+ AP(k), “)

Then, the resulting temperature Y (k) would track the desired
ceiling temperature with the updated power input.

III. NEwW DISTRIBUTED MPC BASED DTM

One major drawback of the previously presented MPC based
DTM method is that the computing time grows fast with model
size. One evidence is that the sizes of V' and ® matrices in

(2), which are used to computing AP, in (3), grow with
the core number [ and thermal node number n. In order to
enable parallel computing to solve the scalability problem, we
propose a distributed MPC method.

The basic idea of distributed MPC is to use multiple
controller instead of only one (as in the centralized case), with
each controller taking care of a submodel of the original full
model. One example with 16-core chip is given by dividing its
16-core thermal model into four 4-core submodel, as shown
in Fig. 1 with blue dashed frame boxes. Then, each submodel
is controlled by one MPC controller as shown in Fig. 2.

However, such simple scheme above does not work well
practically. The problem comes from the interactions among
the submodels. It is obvious that the 4-core submodels in the
example exchange heat with each other through boundaries
and through package. Such heat exchange among submodels is
very hard to be considered efficiently in a distributed system.
Here we introduce a solution without modelling the sophis-
ticated heat exchange but still keeping reasonable submodel
accuracy with two novel techniques working together.

First, we decouple the interaction through boundaries of
submodels by introducing the extended submodel, which con-
tains the original submodel together with its adjacent cores.
The example of the extended 4-core submodel is shown in
Fig. 1 as the red dash-dot frame box. It is noted that there are
five cores in the extended model which do not belong to the
original 4-core submodel, these cores are called overlapping
cores. The overlapping cores work as the heat exchange buffer
at the boundaries, and their temperatures are not directly used
in MPC (i.e., they are in 7" only, but not in Y of (1)). With
the overlapping cores, we simply assume the boundaries of
the extended submodel do not have any heat exchange.

Second, the iteration between submodel and package should
also be considered. For IC chip, package parts are much larger
in area than the chip itself, and we call the package just vertical
of the chip with the same area as the center package, and the
other parts as edge package. In order to consider both center
package and edge package effects for the extended submodel,
we assume each submodel also has a package with larger area.
The heat dissipation of the package is modeled by convection
resistors from package thermal nodes to the ground. Then,
we need to determine the convection resistances for center
package and edge package of the extended submodel. For the
center package, we can simply use the original convection
resistance value since center structure is not changed at all.
For the four edge package convection resistances R, at four
directions, we propose a simple model to calculate their values:

R fo 1,0 1 5

,efm, <zr<L0<m< (\)
where R, is the full chip edge package convection resistance
at the corresponding direction, m is the normalized length of
the extended submodel boundary, x is the normalized distance
of the boundary to the full chip edge. This model has good
accuracy as will be shown in the experiment, and it can also be
simply verified with two extreme boundary position cases by
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(a) Temperature traces with
centralized MPC based DTM.

(b) Temperature traces with
distributed MPC based DTM.

Fig. 3.  Transient temperature traces of 16-core CPU. Both methods are
activated at 200 second.
TABLE I
ACCURACY COMPARISON OF THREE KINDS OF SUBMODELS.
Temp Error (°C)
Convec. Res. | Overlap. Cores max avg
Yes No 7.17 448
No Yes 3146 29.68
Yes Yes 1.31 0.67

varying south and east boundaries of the extended submodel in
Fig. 1. One extreme case assumes two boundaries of extended
submodel is at the center of the chip (line 3 in Fig. 1), then
there will be zero package heat dissipation at the south and east
edge packages because of the symmetry geometry. Another
extreme case assumes boundary of extended model is just the
edge of the chip (line 5 in Fig. 1), then the extended model is
the full chip itself, which means south and east edge package
convection resistances are the same as the full chip.

Now, each MPC in Fig. 2 is able to control the submodel just
like in the traditional centralized case since the interactions in
red dashed circle are eliminated by introducing the extended
submodel and its edge package convection resistance model.

IV. EXPERIMENTAL RESULTS

In the experiment, the new method is implemented using
MATLAB, and HotSpot [6] is used to build the thermal
model of a 16-core chip. The extended submodel is just as
shown in Fig. 1. The power and instruction information is
obtained using Wattch [7] running SPEC benchmarks [8]. The
ambient temperature and ceiling temperature are set as 20°C
and 105°C, respectively.

First, we verify the accuracy of the new extended submodel
with edge package convection resistance model. In order
to show the effects of introducing the overlapping cores
and edge package convection resistance model, we compare
thermal simulation errors of three scenarios: Case 1, with
convection resistor but without overlapping cores; Case 2,
without convection resistors but with overlapping cores; Case
3, with both. The results are collected in Table I, showing
the best accuracy is achieved with both overlapping cores
and convection resistors. This result means both convection
resistance model and overlapping cores play key roles in
decoupling the extended submodels from each other to achieve
a fully distributed system.

TABLE II
MANAGEMENT QUALITY COMPARISON OF THE NEW DISTRIBUTED
METHOD (DIST.) WITH TRADITIONAL CENTRALIZED METHOD (CENT.).

Method Vtiangs MIPS
max avg
No DTM | 6618 | 4364 | 3526
Cent. | 856 | 360 | 518
Dist. | 4013 | 2649 | 513

Then we compare the performance of the distributed MPC
based DTM with the centralized one. For MPC assisted DTM
method, there are two quality indeces. The first one is the
variance of temperatures of cores. A good MPC based DTM
method should make temperatures of all cores to track the
provided temperature ceiling, leading to a small variance. The
second index is the Million Instructions executed Per Second
(MIPS). If the DTM performs well, the MIPS of the chip
should be high with few temperature violations. The transient
temperature simulation results are shown in Fig. 3, and the
variance and MIPS results are collected in Table II. It is clear
that the new method successfully managed temperature of the
multi-core system, although the management quality is not as
good as the centralized method (larger average variance and
lower MIPS). But this is well expected as the trade-off of the
decoupling error and MPC performance.

V. CONCLUSION

In this paper, we have presented a novel distributed MPC
based DTM method for multi-core systems. The new method
divides the full chip thermal model into submodels, and
decouples the interactions among submodels by introducing
overlapping cores and edge package convection resistance
model. Experiments show that the new method performs well
in thermal management with fully distributed structure.
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