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Abstract—The performance of 3-D processors is constrained by
the power budget, defined as the maximum power consumption
to guarantee the system’s thermal safety. In this work, we
present a dynamic power budgeting method for homogeneous
3-D processors in dark silicon. The new method provides a
power budget that leads to higher system potential performance
over the existing methods with two new techniques. First, a
sub-optimal active core distribution in 3-D space is computed
on the fly which increases the total power budget. Second, we
introduce an intelligent power assignment strategy across die
layers with optimal power ratios computed offline, which further
increases the potential system performance. Experiments on two
homogeneous 3-D processors with different architectures show
that the new method leads to a higher system performance,
compared with the existing techniques.

Index Terms—Power budget, homogeneous system, multi-core,
3-D IC, dark silicon.

I. INTRODUCTION

3-D integration has been invented to increase the integra-
tion density of integrated circuits (ICs) by stacking multiple
silicon layers in the vertical direction [1]. Compared with the
traditional 2-D ICs, 3-D ICs have many advantages including
higher memory bandwidth, higher computing density, and
shorter interconnection delay [2].

3-D processors were invented to utilize the advantages of
3-D ICs [3] and some prototypes have been developed such as
the 3D-MAPS CPU [4]. Architecturally, 3-D processors can be
classified into two categories: the heterogeneous ones and the
homogeneous ones. A heterogeneous 3-D processor is com-
posed of layers with different architectures, such as the core
(logic) layers and memory layers. Whereas a homogeneous 3-
D processor has an identical floorplan in all layers or mirrored
floorplans in adjacent layers, with mixed core and memory
parts in each layer. In this work, we call the homogeneous
3-D processors with the former architecture as the identical
processors and the ones with the latter architecture as the
mirrored processors, with examples given in Fig. 1. Specially,
for a mirrored processor, we treat its two adjacent mirrored
layers as one layer logically as shown in Fig. 1b, to keep a
consistent expression with the identical 3-D processors.

Although having many advantages, 3-D processors experi-
ence severe thermal induced dark silicon problem because their
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3-D stacking structure makes heat dissipation more difficult
than the 2-D processors [5]. With limited heat dissipation
ability, not all parts of the 3-D processor can be powered on
at the same time in order to satisfy the thermal constraint. The
inactive part of the processor is called dark silicon [6], [7].

To improve the system performance under thermal con-
straint, many thermal/power management methods were first
proposed for traditional 2-D processors, which adjust the
temperature of the chip at runtime through techniques like
dynamic voltage/frequency scaling (DVFS) and task migra-
tion [8]–[13]. Recently, machine learning based dynamic ther-
mal management and performance optimization have been
researched to improve the management quality. For example,
echo state networks have been used as the nonlinear thermal
model to improve temperature prediction accuracy [14]. Huang
et al. used reinforcement learning to improve the control opti-
mality considering environmental effects [15]. Multi-agent re-
inforcement learning has been introduced to optimize the per-
formance of many-core systems under thermal constraint [16].
Decentralized control with centralized training scheme has
been proposed for multi-core performance optimization [17].
For the heterogeneous 3-D processors, thermal management
schemes [18]–[21] were proposed by adjusting the tempera-
ture distribution within the 3-D space. Runtime performance
optimization technique for dark silicon heterogeneous 3-D
processors [22] was proposed through co-optimization of the
active core/memory’s locations and settings. For the homoge-
neous 3-D processors, a task scheduling method was intro-
duced in [23] which considers the vertical thermal coupling
effects. Later, Wang et al. proposed a thermal and reliability
management method [24], which improves the performance
of the 3-D processors through fast lifetime estimation and
lifetime banking. There are also methods that work for both
the heterogeneous and homogeneous architectures, such as the
task scheduling method introduced in [25] and the thermal
management scheme proposed in [26].

Besides the thermal/power management techniques, deter-
mining the power budget, which is the maximum power
allowed to be consumed under thermal constraint, is also
important to enhance the system performance and reliability.
However, to the best of our knowledge, there is no existing
power budgeting method specially designed for the homo-
geneous 3-D processors in dark silicon, where the existing
multi/many-core dark silicon power budgeting methods (in-
cluding TSP [27], GDP [7], and DBP [28]) are only designed
for the traditional 2-D processors. The challenge of designing
a power budgeting method for homogeneous 3-D processors
is two-fold. First, it is difficult to develop a runtime algorithm
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(a) Identical processor, which has the
same floorplan in all layers.

(b) Mirrored processor, which has
mirrored floorplans in adjacent phys-
ical layers.

Fig. 1: The structures of two types of homogeneous 3-D
processors. Cij and Mij denote for the jth core and the jth
cache block in the ith layer, respectively. The grey strips in
the layers are through silicon via (TSV) regions.

to find the optimal active core distribution and obtain the
corresponding power budget in 3-D space with the goal of
maximizing the potential system performance.1 Second, we
discover that the power budget ratios among the active cores
in different layers have a significant impact on the total power
budget of the homogeneous 3-D processors. As a result, proper
power budget ratios among layers need to be determined to
maximize the potential system performance. This is ignored in
all previous methods, which simply assume the power budget
to be the same in all layers. These challenges will be discussed
in detail later in Section III-B.

By overcoming the challenges above, in this work, we
propose a power budgeting method for homogeneous 3-D pro-
cessors in dark silicon, with the following two new techniques:

• First, we propose a technique which finds a sub-optimal
active core distribution in 3-D space at runtime by solving
a performance optimization problem approximately in a
greedy manner.

• Second, we have analyzed the problem of power assign-
ment across the homogeneous 3-D layers for the first
time, and found the layer wise power assignment has a
significant impact on the system performance. Based on
this analysis, we propose to compute the optimal power
ratios among layers by solving a series of nonlinear opti-
mization problems offline. Then, the optimal power ratios
are integrated into the runtime optimization framework to
obtain the power budget for each active core.

With the new techniques above, the new method has the
following advantages over the existing methods:

• The new method provides a higher power budget than
the existing methods because a sub-optimal active core
distribution is determined at runtime.

• The performance of the 3-D system is higher by following
the power budget provided by the new method, because
the optimal power ratios among layers are followed in
the power budgeting process.

1Although some task scheduling methods were proposed to work with the
homogeneous 3-D processors without dark silicon [23], [25], [26], [29], they
do not guarantee optimality for the dark silicon 3-D processors.

• In the experiments, we verify that the new method leads
to a higher system performance on two homogeneous 3-D
processors with multithreaded tasks, compared with the
existing techniques.

II. BACKGROUND

In this section, the power and thermal models used in this
work are briefly presented.

A. Power model

The power of integrated circuits is composed of dynamic
power and static (leakage) power.

The dynamic power, caused by the switching activity of the
circuits, is modeled as

pdi
= α · Ce · V 2

i · fi, (1)

where α is the active factor of the core, Ce is the effective
switching capacitance, Vi, pdi

, and fi are the voltage, dy-
namic power, and frequency of the ith core, respectively. The
frequency and voltage of the ith core are further connected as

fi = kf ·
(Vi − Vth)

2

Vth
, (2)

where Vth is the threshold voltage and kf is a fitting fac-
tor [30].

Leakage power, denoted as ps, mainly depends on the
temperature and is written as

ps = V Ileak(Tp), (3)

where Tp is the temperature in scalar form, Ileak is the leakage
current, which is a monotonic increasing nonlinear function
of temperature Tp. For the details of leakage power modeling,
please refer to [31], [32].

B. Thermal model

The thermal model of the homogeneous 3-D system is built
by exploiting the well-known duality between the thermal
system and the electrical circuit system.

Assume we have a 3-D system with nc cores, nm cache
blocks, nl layers, and ne cores in each layer (nc = ne · nl).
Then, we can build a thermal model for this 3-D system with
n thermal nodes, including the nodes for cores, cache blocks,
and package parts. There are also nc+nm power inputs in the
thermal model, representing the powers of the nc cores and
nm cache blocks. This thermal model can be written as

GT (t) + C
dT (t)

dt
=

[
Bc Bm

]︸ ︷︷ ︸
B

[
Pc(t)
Pm(t)

]
︸ ︷︷ ︸

P (t)

,

 Y1(t)
...

Ynl
(t)


︸ ︷︷ ︸

Y (t)

=

L1

...
Lnl


︸ ︷︷ ︸

L

T (t),

(4)

where T (t) ∈ Rn is the temperature vector, representing
the temperatures of all n thermal nodes; G ∈ Rn×n and



IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN OF INTEGRATED CIRCUITS AND SYSTEMS 3

C ∈ Rn×n contain thermal resistance and thermal capaci-
tance information, respectively; B ∈ Rn×(nc+nm) stores the
topology information of how the powers are injected into the
thermal nodes; Tc(t) ∈ Rnc stores the temperature rises of
the nc cores; L ∈ Rnc×n is the output selection matrix which
selects the temperatures of the nc cores from T (t) to form
Y (t). P (t) ∈ Rnc+nm contains the power consumptions of
the nc cores (Pc(t)) and nm cache blocks (Pm(t)) at time t.
Y (t) ∈ Rnc is the output, containing the core temperatures.

We can further divide Bc and Pc into block matrices as

Bc =
[
Bc1 · · · Bcnl

]
, Pc =

 Pc1
...

Pcnl

 , (5)

where Bci and Pci are matrices for the cores in the ith layer.

III. POWER BUDGETING OF DARK SILICON
HOMOGENEOUS 3-D PROCESSORS

A. Problem formulation

The goal of power budgeting is to determine the power
consumption under thermal constraint which leads to the
highest potential system performance. We can formulate power
budgeting as the following optimization problem:

maximize ∥F∥1

subject to

{
card(F ) = na,

Ynl
(P (F )) ⪯ Yth,

(6)

where Yth ∈ Rne is the temperature threshold vector. The
optimization goal is to maximize the system total potential
performance ∥F∥1. The constraint card(F ) = na means the
number of active cores is na, where card is defined as the
number of nonzero components in a vector. Ynl

(P (F )) ⪯ Yth

is the thermal constraint, which means the maximum tem-
perature2 of the 3-D system should not exceed the threshold.
Ynl

(P (F )) contains both the thermal model (Ynl
(P )) and the

power model (P (F )) presented in Section II.
The solution to the optimization problem is the optimal Pc,

which is the power budget of the cores that leads to the best
potential system performance ∥F∥1.

B. Power budgeting challenges of homogeneous 3-D proces-
sors in dark silicon

There are two major challenges for the power budgeting of
homogeneous 3-D processors in dark silicon.

First, solving the combinational optimization problem in (6)
at runtime is difficult because there are many possible active
core distributions (each active core distribution is a combina-
tion) for a given active core number na.3 If we directly solve
the problem by testing all the combinations and choosing the
best solution (which leads to the largest ∥F∥1) among all the
combinations, the computational delay will be unacceptable
even for a system with a moderate number of cores.

2Please note that the lth layer has the highest temperature (Ynl ) because
it is at the end of the heat dissipation path in the 3-D system.

3For example, there are
(16
3

)
= 560 active core distributions/combinations

for a 16-core system with 3 active cores.
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Fig. 2: The power (in dotted line with unit W) and perfor-
mance (IPS in solid line) of the two-layer identical processor
with different power budget ratios between the two layers. All
cores are active and are running the swaptions bechmark.

Second, even for a fixed active core distribution, it is
difficult to find the power budget that leads to the optimal
potential total system performance ∥F∥1. Please note that to
reach the same thermal constraint, power can be assigned
with different ratios among layers. Since different power ratios
among layers lead to different total system performances with
the same thermal constraint, we need to find the optimal ratios
that lead to the best total system performance.

For example, assume we have an identical two-layer 3-
D processor (the 3-D processor in Fig. 1a with two layers)
with all cores active. There are many choices to assign power
between the two layers which satisfy the thermal constraint
in (6): we can put all power in only one of the two layers,
assign power equally, or divide power according to a ratio.

In Fig. 2, we plot the results of an experiment on this identi-
cal two-layer 3-D processor with all cores active by changing
the power ratio between the two layers r = Pc2 [i]/Pc1 [i]
(i = 1, 2, . . . , 8) from 0 to 2. We can see that the best total
system performance is achieved at around the ratio r = 0.5,
i.e., when the power budgets of the second layer cores are
half of the first layer cores. It is interesting to see that the
maximum total power of the 3-D system is reached at the
power ratio r = 0, i.e., when all power is assigned to the first
layer cores, simply because the first layer has a better heat
dissipation condition. However, this ratio (r = 0) leads to
poor system performance because power grows cubically with
the frequency (performance), as shown in the power model
(1) and (2). It is also undesirable to divide the power budget
equally (r = 1) as in most existing methods, because it will
overly suppress the total power budget as shown in Fig. 2.

In addition, we remark that each layer has its own optimal
power ratio against the first layer (when there are more than
two layers) and the optimal power ratios are also different with
different active core numbers (different na).

C. Overview of the new power budgeting method

To overcome the challenges above, we propose a new power
budgeting method which mainly contains two parts: the online
active core locating and power budgeting part, and the offline
power ratio computation part.

In the online part, to overcome the first challenge, a greedy
based algorithm will locate the active cores one by one with
the goal of maximizing system performance, which avoids the
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costly exhaustive search. The power budgets of the located
active cores will be determined by solving a thermal constraint
problem, with the power budget ratios computed in the offline
part.

In the offline part, to overcome the second challenge, the
optimal power ratios among the active cores in different layers
are computed by solving a series of nonlinear optimization
problems. The ratios are then stored in a look-up table (LUT)
for online usage.

In the following, we will first present the online part
in Sections III-D and III-E, by assuming the power ratios
computed offline are available. Then, the offline part, which
serves the online part, will be presented in Section III-F.

D. Locating active cores to maximize system performance

We first present the active core locating flow by assuming
that we already have a power ratio matrix R computed offline
and stored in a LUT. Here R is a matrix whose element
R[na][l] is defined as the optimal power ratio of an active
core in the lth layer against its overlapping first layer core,
when there are totally na active cores in the 3-D processor.
Mathematically, an element in R, take R[na][l] for example,
means the following power ratio constraint

Pcl [i]

Pc1 [i]
= R[na][l] (7)

should be satisfied for all i = 1, 2, . . . , ne, l ≥ 2, and Pcl [i] ̸=
0, when the active core number is na. The power ratios are
computed using the procedure presented in Section III-F, such
that the power budget determined by following these ratios will
lead to the best total system performance.

With the power ratios available, we are now ready to solve
the optimization problem in (6) by looking for the optimal
active core distribution.

As discussed in Section III-B, traditionally we need to try
all possible active core distributions to find the best one. To
avoid the exhaustive search, we look for a sub-optimal solution
by extending the strategy used in the greedy dynamic power
(GDP) [7] to the 3-D space as shown in the following. The
basic idea is to look for the local best solution one by one in
a greedy manner.

Similar to [7], we first transform the original optimization
problem (6) equivalently into an easier solving temperature
optimization problem

minimize ∥Yth − Ynl
∥2

subject to


card(Pc) = na
Pcl

[i]

Pc1
[i] = R[na][l],∀i, l ≥ 2, Pcl [i] ̸= 0

Ynl
(P ) ⪯ Yth,

(8)

where the power ratio constraint Pcl
[i]

Pc1
[i] = R[na][l] is added

to guarantee the equivalence between the new temperature
optimization and the performance optimization in (6).

Since there is

Ynl
= Lnl

G−1BP = Lnl
G−1(BmPm +BcPc) (9)

Fig. 3: Illustration of locating the 19-th active core in a 32-
core 3-D processor with 4 layers (ne = 8). The white cores
are active, the black cores are off, and the grey cores are the
candidates for the 19-th active core.

according to the thermal model (4) in steady state, we can
further simplify (8) into

minimize ∥Yc −AcPc∥2

subject to


card(Pc) = na
Pcl

[i]

Pc1
[i] = R[na][l],∀i, l ≥ 2, Pcl [i] ̸= 0

AcPc ⪯ Yc,

(10)

where Ac = Lnl
G−1Bc ∈ Rne×nc and Yc = Yth −

Lnl
G−1BmPm ∈ Rne .

To solve the optimization problem above approximately, we
are going to locate the active cores one by one in a greedy
manner. However, to locate na active cores, we only need
to perform (na mod ne) iterations instead of na iterations as
explained here. Please note that generally, any core in a lower
layer is “better” than any core in a higher layer because a
lower layer, being closer to the heat sink, has a better heat
dissipation condition. In other words, we only activate a core
in the i-th layer when all the cores in the lower layers (layer
1, 2, . . . , i−1) are already fully activated. As a result, we only
need to pick the active cores in the (⌈na

ne
⌉)-th layer because

all the cores in the lower layers should be active and all the
cores in the upper layers should be off. In this case, only
(na mod ne) active cores need to be located. Take the 32-core
3-D processor with 4 layers (ne = 8) in Fig. 3 as an example.
If the active core number is 20 (na = 20), we only need to
locate the active cores in the third layer (⌈na

ne
⌉ = ⌈ 208 ⌉ = 3),

because all the cores in the first and second layers should be
active. Only 4 iterations (na mod ne = 20 mod 8 = 4) are
needed to find the optimal locations for the 4 active cores in
the third layer.

To describe this iterative algorithm, we present the search
for the ith active core (ne⌊na

ne
⌋ < i ≤ na). In this iteration, to

find the best ith core to activate when i− 1 active cores have
already been picked, we need to test the unpicked cores (called
candidates) and choose the candidate that leads to the largest
system performance (with all i picked cores active, including
the candidate). Note that the ith active core will be searched
only in the (⌈ i

ne
⌉)-th layer, because all lower layer cores have

already been activated and all higher layer cores are worse.
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The example in Fig. 3 demonstrates the iteration to locate the
19-th active core with 18 active cores already located (C11

to C28, C32 and C35). In this example, the 19-th active core
will be searched only in the third layer, with the 6 candidates
shown in the grey color.

To test the remaining cores (candidates) within the (⌈ i
ne
⌉)-

th layer, we first subtract the thermal effects of the i − 1
existing active cores from the temperature threshold and form
the residual

Yr = Yc − ĀcP̄c, (11)

where Āc ∈ Rne×(i−1) is a sub-matrix of Ac in the previous
iteration, which is composed of the i − 1 columns in Ac

corresponding to the i− 1 existing active cores. P̄c ∈ Ri−1 is
the power budgets of the existing i− 1 active cores computed
in the previous iteration (the (i− 1)-th iteration).

The physical meaning of Yr is the thermal headroom (with
temperature threshold as the ceiling) left after activating the
i−1 existing cores. As a result, the “best” candidate to activate
is the one which complements the thermal headroom best. For
each candidate (take the core with index j as an example) in
the (⌈ i

ne
⌉)-th layer, we simply compute the inner product of its

corresponding column in Ac (denote as aj) and Yr as ⟨aj , Yr⟩,
and pick the candidate with the largest inner product as the
ith active core, and store its index in a vector idx as idx[i].
In case that the thermal headrooms above all candidates are
zero, we can add a small perturbation (in our experiment, we
find 0.1 works well) to Yr to proceed.

When the ith active core is picked, the power budgets P̄c

will be updated for the i active cores using the procedure
shown in Section III-E, which completes the ith iteration.

The greedy iteration will terminate when na active cores
have been located, i.e., after the na-th iteration.

Note that the greedy algorithm does not guarantee to find
an optimal solution. Fortunately, what we require is not the
optimal solution, but a practically good solution that can be
found in runtime speed. According to our analysis, the solution
given by the greedy algorithm is acceptable: sometimes it will
even find the optimal solution, usually when the first greedy
active core is in the optimal mapping. Even when it finds a
sub-optimal solution, the maximum power budget difference
against the optimal is only around 1%.

E. Power budget computation for the active cores

In the greedy iteration presented in Section III-D, we need
to update the power budgets P̄c ∈ Ri for the i active cores.

We first update Āc by adding the column of Ac correspond-
ing to the newly picked ith active core as

Āc =
[
Āc aidx[i]

]
. (12)

Then, the power budgets of active cores are connected to the
thermal constraint by the following equation

MvYc = MvĀcP̄c, (13)

where Mv ∈ Rnv×ne is a mapping matrix which chooses
the nv top layer cores with at least one overlapping active
core (including itself), out of all ne top layer cores. Since
the active cores are located in the lower layers first, there is

nv = min(i, ne). Specially, when i ≥ ne, all first layer cores
are active, making Mv an ne × ne identity matrix.

By introducing the ratio matrix R̄ ∈ Ri×nv for the ith
iteration, which consists of elements in R to connect the power
budgets of all active cores P̄c ∈ Ri with the first layer active
core power budgets P̄c1 ∈ Rnv as

P̄c = R̄P̄c1 , (14)

we readily have

MvYc = MvĀcR̄P̄c1 . (15)

Since MvĀcR̄ ∈ Rnv×nv is a square matrix, P̄c1 can be solved
uniquely from (15). Finally, the power budgets of all active
cores P̄c are simply recovered using (14).

The runtime algorithm of the new method is summarized in
Algorithm 1. Please note that it is only necessary to perform
the full algorithm when the active core number changes (i.e.,
when threads are scheduled to some new active cores or when
the threads on some active cores terminate). If there is no
change in the active core number, we may skip the active core
locating process and just update the power budget by executing
only lines 15 and 18 of Algorithm 1.

Algorithm 1 The runtime power budgeting algorithm for
homogeneous 3-D processors in dark silicon

Input: Ac, Yc, R, na, ne

Output: power budget vector Pc

1: Form Āc, Mv , R̄ with ne⌊na

ne
⌋ active cores in lower layers

2: P̄c = R̄(MvĀcR̄)−1MvYc

3: Yr = Yc − ĀcP̄c

4: for i← ne⌊na

ne
⌋+ 1, na do

▷ Find the i-th active core within the (⌈ i
ne
⌉)-th layer

5: k = (⌈ i
ne
⌉−1) ·ne+1▷ Index of the 1st core in layer

6: idx[i] = k ▷ Index of the i-th active core
7: for j ← k + 1, k + ne − 1 do
8: if ⟨aj , Yr⟩ > ⟨aidx[i], Yr⟩ then
9: idx[i] = j

10: end if
11: end for

▷ Update power budgets for i active cores
12: Āc =

[
Āc aidx[i]

]
13: Update Mv according to idx[i]
14: Update R̄ according to idx[i], R[i][l], l = 2, . . . , ⌈ i

ne
⌉

15: P̄c = R̄(MvĀcR̄)−1MvYc

16: Yr = Yc − ĀcP̄c

17: end for
18: Formulate Pc using P̄c

F. Computing optimal power ratios among layers

To perform the greedy based performance optimization of
the homogeneous 3-D system, we need to first determine
the optimal power ratios among layers, which maximize the
performance of the homogenous 3-D system, and store them
in a lookup table (LUT).

For each active core number, the number of possible active
core distributions can be extremely large, so it is infeasible
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to compute and maintain a large LUT indexed by each
distribution. To solve this problem, we only compute and store
the average optimal power ratio in each greedy iteration. In this
way, the LUT size and computation can be reduced to a small
size without losing generality: now the LUT is not indexed by
each distribution, but only by each active core number na.

For the active core number na that is smaller than or equal
to the core number in a layer (na ≤ ne), we do not need any
power ratios because all active cores are located in the first
layer to gain power/performance.

For each active core number na that is larger than the core
number of a layer (na > ne), we need to compute ⌈na

ne
⌉ − 1

power ratios R[na][l], l = 2, 3, . . . , ⌈na

ne
⌉, where R[na][l] was

defined previously in (7).
To obtain the power ratios which match the runtime algo-

rithm without losing generality, we utilize a similar greedy
iterative strategy in the power ratio computation. Specifically,
to compute the power ratios for na active cores (R[na, l]),
we fix the na − 1 active core locations found in the previous
iterations, and obtain the distributions of na active cores by
changing the location of the na-th active core in its search
layer.4 For each distribution, an optimal power ratio will be
computed as described in the following paragraphs. The final
power ratio R[na, l] is the average of the optimal power ratios
for the distributions of na active cores.

To get the optimal power ratio for each active core distribu-
tion, we solve the following nonlinear optimization problem,
which is just the original performance optimization prob-
lem (6) with the specified active core distribution:

maximize ∥Fa∥1

subject to

{
F = MaFa,

Yl(P (F )) ⪯ Yth,

(16)

where Ma ∈ Rnc×na is a mapping matrix which specifies the
distribution of the na active cores.

The optimization problem above can be solved offline,
which gives us the optimal frequencies Fa and power budgets
Pc of the active cores. Then, the optimal power ratio of this
distribution (assume it is the kth distribution) is computed and
stored in a temporary matrix Rtmp as

Rtmp[l][k] =
1

card(Pcl)

ne∑
i=1

Pcl [i]/Pc1 [i], (17)

where card(Pcl) is the number of active cores in the lth
layer. The total system frequency of the kth distribution is
also recorded in a vector Ftot as Ftot[k] = ∥Fa∥1.

Next, to be consistent with the runtime procedure, the core
that leads to the best performance (largest Ftot[k]) is activated
as the na-th active core, whose location will be fixed for the
next iteration.

Finally, we obtain the power ratios for each active core
number na by taking the average of all ratios tested. Specifi-
cally, the power ratio for the lth layer with na active cores is

4Remind that an active core is searched only in one layer, because the
active cores are located in order from the lower layer to the higher layer.

computed as

R[na][l] =
1

ne − j + 1

ne−j+1∑
k=1

Rtmp[l][k], (18)

which will be stored in the LUT for runtime use.
The offline optimal power ratio computation algorithm is

summarized in Algorithm 2.

Algorithm 2 Computing optimal power ratios among layers
Input: Thermal & power models, Yth, ne, nl

Output: Ratio LUT R

1: Sa = [1, 2, . . . , ne] ▷ Indices of active cores
2: for i← 2, nl do ▷ Inter layer iteration
3: Sr = [1, 2, . . . , ne] ▷ Local inactive indices in layer
4: for j ← 1, ne do ▷ Intra layer iteration
5: na = ne(i− 1) + j ▷ Current active core number

▷ Compute power ratio of activating one more core in
layer

6: for k ← 1, ne − j + 1 do
7: St = [Sa, ne(i− 1) + Sr[k]]
8: Formulate Ma with active core indices in St

9: Solve nonlinear optimization problem (16)
10: Compute Rtmp[l][k] for l = 2, 3, . . . , ⌈na

ne
⌉

11: Obtain Ftot[k] ▷ Performance of the k-th test
12: end for

▷ Activate the core that leads to the best performance
13: idx = max(Ftot)
14: Sa = [Sa, ne(i− 1) + Sr[idx]]
15: Delete Sr[idx] from Sr

▷ Compute the power ratio as the average of the ratios
tested

16: for l← 2, ⌈na

ne
⌉ do

17: R[na][l] =
1

ne−j+1

ne−j+1∑
k=1

Rtmp[l][k]

18: Store R[na][l] in the ratio LUT R
19: end for
20: end for
21: end for

IV. EXPERIMENTAL RESULTS

To show the advantage of the new method, we would like
to compare it with existing power budgeting schemes for
homogeneous 3-D processors. Through extensive studies, we
find most of the existing power budgeting and dynamic ther-
mal management related techniques for 3-D processors only
work for the heterogeneous 3-D architecture (such as [18]–
[22]). The important methods that are compatible with the
homogeneous 3-D architecture include [23], [25], [26], [29].
Among these candidates, we choose TPAVA (full name of
the algorithm is TPAVA+VGVS) [23] and 3D-DNaPE [29],
to be compared with the new method. TPAVA is a classical
method which was reported to be superior to the previous
methods (with system throughput improvement of 6.50% and
32.06% compared with [25] and [26], respectively). 3D-
DNaPE represents a recent approach which improves from the
classical ones by sensing the neighbor cores’ temperatures.
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In order to analyze the new method thoroughly, we
perform the experiment using the PARSEC [33] and
SPLASH2 [34] benchmarks, where the 3-D processor runs
a PARSEC/SPLASH2 multithreaded task, with the active core
number equal to the thread number of the task. In this way,
we can analyze the system performance with the multithreaded
tasks, which are widely used in multi-core processors today.

In this part, we will first present the general experimental
settings that are shared by all tests in Section IV-A. From
Section IV-B to Section IV-D, we compare the new method
with the existing methods [23], [29] using the multithreaded
PARSEC/SPLASH2 benchmarks. Then, in Section IV-E, the
impact of different TIM thicknesses is analyzed. Finally, the
computing overhead results and behavior on many-core system
are presented in Section IV-F.

A. General experimental settings

We built two homogeneous 3-D processor models using
HotSpot [35] with 3-D extension [36] to test the new method.
The first one is a two-layer identical 3-D processor (as in
Fig. 1a), with 8 cores in each layer, making a total of 16 cores.
We call this processor the identical processor in short. The
second processor is a mirrored 3-D processor (as in Fig. 1b),
with four physical die layers (two layers logically) and 4 cores
in each physical layer, also making a total of 16 cores. We call
this processor the mirrored processor in short.

The areas of the identical processor and the mirrored proces-
sor are 10mm×10mm and 7.07mm×7.07mm, respectively.
The thickness of each die layer is 0.15mm, and the thickness
of each TIM is 0.02mm. The rest parameters are default in
HotSpot for 3D MCPs.

All simulations are performed using HotSniper [37] by
running the PARSEC/SPLASH2 benchmarks with X86 archi-
tecture. Some parameters are modified to simulate a practical
running environment: a typical 3-D processor installed in a
personal computer. Since the default power scaling parameter
in HotSniper will lead to low power consumptions that require
no thermal management, we adjusted it to 4 in order to
achieve a reasonable power consumption with the V/f level
ranging from (1.0GHz, 0.8V) to (5.0GHz, 1.6V). We also
set the power consumption of the inactive cores to zero in
HotSniper to model the power gated inactive cores in the
dark silicon system. The frequency increase constraint in
the original HotSniper, which limits the maximum frequency
increase in each DVFS action to be 1GHz, is removed. The
other settings in HotSniper are kept as default, including
the ambient temperature and the threshold temperature set as
45 ◦C and 80 ◦C, respectively. In this test, the power budgeting
cycle is 10ms. Thread migration is performed every 100ms
or at the next 10ms when the active core number changes.

The experiments are performed on a server with Intel i9-
13900K CPU and 128GB memory.

B. Comparison of active core distributions and power budgets

First, we analyze the behavior of the new method,
TPAVA [23] and 3D-DNaPE [29] on the identical processor.
The identical processor’s active core distribution and power
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active cores.
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(b) The new method (left), TPAVA (middle), and 3D-DNaPE (right) with 8
active cores.
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Fig. 4: The power (with unit W) and temperature (with unit
◦C) distribution of the 16-core identical processor determined
by the new method, TPAVA, and 3D-DNaPE with different
number of active cores. The benchmark used here is swaptions.
In each subfigure, the numbers in the active cores are their
power values, and the cores without any number are inactive.

budget results with the three methods for different active core
number are given in Fig. 4.

When the active core number is less than 8 (na < 8), all
methods activate only the first layer cores to gain more power
and higher performance, as shown in Fig. 4a. The difference
is that our method and 3D-DNaPE achieve a better active core
distribution in the first layer without forming any active core
cluster.

When the active core number is 8, the new method and the
existing methods lead to similar results, as shown in Fig. 4b.
All methods activate cores in the first layer because this layer
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(a) Transient results of TPAVA [23].
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(b) Transient results of 3D-DNaPE [29].
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(c) Transient results of the new method.

Fig. 5: Transient temperature, power and throughput (IPS) comparison of the new method and the existing methods [23], [29]
on the identical processor running swaptions on 15 active cores. Temperature threshold is 80 ◦C.

has the best heat dissipation condition.
When the active core number is larger than 8, the new

method shows significant advantage, as observed from Fig. 4c
to Fig. 4d. The advantage comes from two aspects. First, with
the new method, active core clusters in the second layer are
avoided, leading to a better heat dissipation condition. Second,
the new method assigns the power budgets between two layers
according to the optimal power ratio computed offline. As
shown in Fig. 4d, with the new method, all the overlapping
active core pairs have a power ratio around 1 : 2. On the other
hand, for the existing methods, the recent 3D-DNaPE method
performs a little better than the classical TPAVA, because it
avoids active core clusters by sensing the neighbor cores’
temperatures dynamically. However, both existing methods
adjust the V/f levels of the overlapping active cores with
an equal ratio, resulting in a similar power budget in the
overlapping cores. Such optimized power budget assignment in
the new method eventually leads to higher system performance
as shown next.

C. Transient temperature, power, IPS comparison

The transient temperature, power, and throughput (measured
as instructions per second (IPS)) comparison results of the

new method and the two existing methods [23], [29] on the
identical processor are plotted in Fig. 5. In this test, benchmark
swaptions is used with 15 threads (running on 15 active cores).

From the figures, we can see that with all methods, the
maximum temperatures of the processors follow the threshold
(80 ◦C) tightly, indicating that all methods can keep the
processor thermally safe.

For the throughput (IPS) and power traces in Fig. 5, let
us focus on the parallel running part (from the beginning
to around 200 ns) of the benchmark. With TPAVA as shown
in Fig. 5a, the active cores are generally divided into two
categories: the active cores in category one have IPS of around
6 × 109, corresponding to the ones with no other active core
stacked vertically. The active cores in category two have IPS
of around 4 × 109, corresponding to the ones with another
active core vertically stacked. Note that in category two, the
active cores in different layers have similar IPS because the
power budget is evenly divided across layers, as shown in
the power trace figure of Fig. 5a. For 3D-DNaPE shown in
Fig. 5b, although the active cores are still divided into two
categories similar to TPAVA, there are significant temperature
fluctuations of the active cores. These temperature fluctuations
are caused by the task migrations of moving the threads
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(b) Performance improvement of the mirrored processor.

Fig. 6: Performance improvement results of the multithreaded PARSEC/SPLASH2 benchmarks running on the two 3-D
processors (identical and mirrored) with the new method and two existing methods.

from the high temperature cores to their low temperature
neighbors, resulting in a slightly higher system performance
than TPAVA. In contrast, with the new method as shown in
Fig. 5c, there are three kinds of active cores: the first kind
with around 6 × 109 IPS is the same as the first category of
the existing method. The remaining two kinds of active cores
have IPS of around 4.8×109 and 3.7×109, respectively. These
are the ones with another vertically stacked active core, but
divided into two kinds because they are in two different layers
with different power budget assigned according to the optimal
power ratio as shown in the power trace figure of Fig. 5c. Since
4.8×109+3.7×109 is larger than 2×4×109, the throughput
(total IPS) of the processor with the new method is clearly
higher than the one with TPAVA, showing the advantage of
the intelligent power assignment strategy of the new method.

Another important observation is that the average temper-
ature of the processor’s bottom/first layer is much higher
with the new method than with the existing methods. This
observation explains the power/performance advantage brings
by the new method: with a similar maximum temperature
compared with the existing methods, the new method explores
the power budget/performance potential of the 3-D system
by assigning power across layers intelligently according to
the optimal power ratios, which rises the lower layers’ (the
bottom/first layer in this example) temperatures.

D. Test on different PARSEC/SPLASH2 benchmarks

The performance improvement results of different PAR-
SEC/SPLASH2 benchmarks running on the two 3-D proces-
sors (identical and mirrored) with the new method and the
existing methods are shown in Fig. 6. In this test, the thread

number of benchmarks is set to 13, except for the follow-
ing set to the largest supported value: 9 for “fluidanimate”
and “x264”, 8 for “ocean.count” and “ocean.ncount”. All
benchmarks execute the simlarge dataset, except for “canneal”,
“dedup”, and “x264”: “canneal” and “dedup” run simsmall due
to their excessive simulation time with simlarge, and “x264”
executes simmedium because of the inability to run simlarge.

In general, the new method outperforms both existing meth-
ods. Specifically, it has a greater performance lead over TPAVA
than 3D-DNaPE on most benchmarks, because 3D-DNaPE
improves from TPAVA with a better active core distribution
by sensing the neighbor cores’ temperatures.

It is noted that the new method performs similarly to the
existing methods on some benchmarks like “canneal”. This
is simply because “canneal” is not a computing-intensive
benchmark, whose power consumption is low. Thus, the pro-
cessors will remain cool by running “canneal” even at the
maximum frequency, and no dynamic thermal management
will be triggered to throttle the processor performance, leading
to a similar performance.

The only exception is on “streamcluster” that the exist-
ing methods actually perform better. After investigation, we
discovered that the active cores running the “streamcluster”
benchmark in parallel have large diversity in utilization ratio
(i.e., activity factor) with the new method as shown in Fig. 7a.
This diversity in utilization ratio is caused jointly by the diver-
sity in power budget provided by the new method and the one
core one thread scheduling. Specifically, in “streamcluster” the
fast threads tend to wait for the slow threads, so the high
power budget cores will run into a low efficiency state with
the one core one thread scheduling: they will raise frequency
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(a) Transient results of the new method, with the one core one thread scheduling.
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(b) Transient results of the new method, by scheduling one more thread to the high power budget cores (the ones with over 25W) using SMT.

0 100 200 300 400 500 600
Time (ms)

0

5

10

15

20

25

30

Po
we

r (
W

)

C0
C1
C2
C3
C4
C5
C6
C7
C8
C9
C10
C11
C12
C13
C14
C15

0 100 200 300 400 500 600
Time

0.0

0.1

0.2

0.3

0.4

0.5

0.6

ut
iliz

at
io
n

C0
C1
C2
C3
C4
C5
C6
C7
C8
C9
C10
C11
C12
C13
C14
C15

0 100 200 300 400 500 600
Time (ms)

0

1

2

3

4

IP
S

1e9
C0
C1
C2
C3
C4
C5
C6
C7
C8
C9
C10
C11
C12
C13
C14
C15

(c) Transient results of the new method with power reallocation, which reallocates power from the layers with underutilized cores to layers with more active
cores until the utilization difference falls below 10%.

Fig. 7: Results of two policies (scheduling improvement and power reallocation) to mitigate the uneven utilization of the new
method. In this test, streamcluster benchmark is running on 13 active cores of the identical processor.

trying to consume the high power budget, but at the same
time wait for the slow threads on the low power budget cores,
leading to low utilization. This problem is more serious with
the new method where the power budget difference among
cores is larger than the existing methods. This is because the
new method optimizes the potential system performance, with
the assumption that the utilization is the same for all cores,
which breaks down in this case.

This problem can be alleviated by either scheduling im-
provement or power reallocation. Scheduling improvement
removes the one core one thread restriction to utilize the power
budget more efficiently. For example, with the same power
budget provided by the new method, if we just schedule one
more thread to the cores with the high power budget (the
ones with over 25W) by enabling simultaneous multithread-
ing (SMT) in HotSniper, the processor performance can be
significantly boosted (although still not fully optimized), as
shown in Fig. 7b.

For power reallocation, if the utilization of the l-th layer
is significantly higher than that of the first layer, we iter-
atively increase the power ratio R[na][l] =

Pcl

Pc1
toward 1.

This systematically reallocates power from the layers with
underutilized cores to layers with more active cores until the

utilization difference falls below a preset threshold. Results of
this mechanism with the 10% utilization difference threshold
are presented in Fig. 7c. We observe that the power realloca-
tion successfully mitigates the uneven utilization problem of
the proposed method. It should be noted, however, that this
approach yields slightly lower performance compared to the
scheduling improvement (Fig. 7b). This occurs because power
reallocation shifts the power ratio away from its theoretical
optimal point in order to balance utilization. We conclude
that power reallocation serves as an excellent supplementary
technique in scenarios where an advanced scheduling scheme
is unavailable.

With the two schemes above, the new method now leads to
a similar or even better system performance compared with
the existing methods on the “streamcluster” benchmark, as
shown in Fig. 6 with labels “Parsec-streamcluster (schedule
improved)” and “Parsec-streamcluster (power reallocation)”.

E. System performance improvement with different TIM thick-
nesses

The thickness of the TIM between the 3-D layers has a
significant impact on the power/performance advantage brings
by the intelligent power budget assignment across layers. The
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Fig. 8: The power and performance (IPS) improvements with
the new method over TPAVA on the identical processor with
different TIM thicknesses and different active core number
running swaptions benchmark.

performance and power improvements with the new method
against the existing method with different TIM thicknesses are
plotted in Fig. 8, with different active core number.

We observe that the improvement is more significant with
a thicker TIM: when 16 cores are active, the new method
achieves over 10% performance improvement with 80 µm
thick TIM, whereas the improvement is less than 3% with
20 µm thick TIM. This indicates that the 3-D processor with a
worse vertical heat conduction actually has a higher demand
for the intelligent power assignment across layers.

F. Computing overhead analysis and behavior on many-core
system

The computing overhead results of the new method are
collected in Table I, where “mapping time” is the overhead
of executing the full algorithm in Algorithm 1 including the
active core locating process and “budgeting time” is the power
budget updating overhead without changing the active core
distribution.

We can see that the “mapping time” grows with the active
core number because the greedy iteration number equals
the active core number. Overall, this overhead is acceptable
with one ms delay considering the extra power budget and
performance the new method brings.

The “budgeting time” is extremely small because only lines
15 and 18 of Algorithm 1 are executed without any iteration
to locate the active cores. This overhead also increases with
the active core number because the sizes of the matrices in
line 15 are related to the active core number.

From this test, we see the way to run the new power
budgeting method efficiently is to perform the full algorithm
only when the active core number changes (i.e., when threads

are scheduled to some new active cores or when the threads
on some active cores terminate) in order to find the optimal
active core distribution. In the other cases, just update the
power budget with the existing active core distribution.

We also test the performance of the new method on many-
core systems, by building a 2-layer 64-core identical 3-D
processor, with 32 cores in each layer. The behavior of the
new method compared against TPAVA and 3D-DNaPE is given
in Fig. 9, which looks similar to that of the 16-core 3-D
processor tested before. In this test, the average performance
improvement of the new method is 16% against TPAVA and
12% against 3D-DNaPE.

The computing overhead of the new method on the 64-
core 3-D processor is given in Table II. As expected, we see
that “mapping time” on the 64-core processor becomes larger
than that on the 16-core processor shown before in Table I,
because there are now 32 cores in each layer. However, note
that the “mapping time” overhead of the new method is mainly
sensitive to the core number in each layer, but not to the total
core count. So for the many-core 3-D processors with many
layers but few cores per layer, the new method’s computing
overhead will not increase significantly.

On the other hand, the “budgeting time” is generally the
same for both the 16-core and 64-core processors, with the
same active core number. By analyzing the equation for power
budget computing (Eq. (15) or Line 15 of Algorithm 1), we
know this is because the power budgeting process is mainly
governed by nv , and is irrelevant to the total core number.

Finally, we also tested the computational cost of the offline
optimal power ratio computation algorithm (Algorithm 2)
presented in Section III-F. In our experiment, the nonlinear
optimization problem always converges by using the “fmin-
con” function with “active-set” algorithm in MATLAB. As
an offline step, the computational cost of this algorithm is
moderate: it takes around 5 to 10 minutes to complete in our
test cases.

V. LIMITATIONS AND FUTURE WORK

The new power budgeting method for homogeneous 3-D
processors in dark silicon is not perfect. Here we list its
major known limitations and the future research directions to
overcome these limitations.

• Although the new method optimizes processor’s po-
tential performance, using the new method alone does
not always guarantee good performance under different
runtime operating conditions, unless it is accompanied
by a good scheduling scheme. Specifically, it implicitly
assumes equal activity factor in the potential performance
optimization, which may break down if threads are not
scheduled properly. Next, we plan to develop an advanced
scheduling method which utilizes the provided power
budget efficiently, to fully release the performance po-
tential brought by the new method.

• The new method is currently verified only by simulation.
In the future, we would like to test it on some real pro-
cessors. We expect to improve the power model using a
machine learning based model and integrate an advanced
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TABLE I: The computing overheads of the new method on the 16-core identical and mirrored processors. In this table and
also Table II, “Mapping time” means the overhead of executing the full algorithm in Algorithm 1 including the active core
locating process. “Budgeting time” is the power budget updating overhead without changing the active core distribution.

Active core # 1 3 5 7 9 11 13 15

identical budgeting time (µs) 0.63 3.5 3.8 5.0 5.9 6.2 6.3 6.4
mapping time (µs) 3.0 13 26 40 20 64 109 158

mirrored budgeting time (µs) 0.62 3.4 3.9 4.5 4.9 6.2 6.3 7.1
mapping time (µs) 5.0 23 43 59 156 298 426 530

TABLE II: The computing overheads of the new method on the 64-core identical processor.

Active core # 1 6 11 16 21 26 31 36 41 46 51 56 61
budgeting time (µs) 0.56 4.0 4.7 5.5 8.5 9.5 12 15 15 16 16 17 17
mapping time (µs) 3.8 33 65 99 133 173 212 116 284 348 478 609 746

Heat Sink

Layer 1

Layer 2

6.78

7.10

7.18

7.38

7.29

7.19

6.79

7.20

7.30

6.70

7.39

7.56

7.25

7.46

7.12

6.73

4.30

5.07

4.98

6.51

4.98

5.07

5.37

5.80

5.72

4.74
4.81

5.79
5.75

6.25

4.24

5.43

6.34

6.85

6.33

6.45

6.32

7.03

6.47

6.94

6.97

6.97

6.91

7.06

7.02

6.99

6.45

6.83

64

66

68

70

72

74

76

78

80

82

84

(a) The new method (left), TPAVA (middle), and 3D-DNaPE (right) with 16 active cores.
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Fig. 9: The power (with unit W) and temperature (with unit ◦C) distribution of the 64-core identical processor determined by
the new method, TPAVA, and 3D-DNaPE with different number of active cores. The benchmark used here is swaptions. In
each subfigure, the numbers in the active cores are their power values, and the cores without any number are inactive.

scheduler to enhance the performance/power prediction
accuracy in real running environment.

• Although the computing overhead of the new method is
low on the multi-core 3-D processors, the scalability of its
mapping process is not very good for some many-core 3-
D processors, because the mapping overhead grows with
the active core number and the core number in each
layer. Developing a distributed version of the mapping
algorithm is a way to solve this problem in the future.

VI. CONCLUSION

In this article, we have presented a power budgeting method
for homogeneous 3-D processors in dark silicon. A greedy iter-
ative algorithm in the new method finds the optimal 3-D active

core distribution and power budget at runtime. In addition, the
impact of power assignment across 3-D layers is investigated,
and an intelligent power assignment method with optimal
power ratios computed offline is proposed. Experiments on two
3-D processors with different homogenous architectures using
multi threaded tasks show that the new method outperforms
the existing methods in system performance.
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