shared memory, and global memory, we have designed micro-benchmarks such as
memory copy with coalesced memory and with noncoalesced memory. For the floating
point benchmark derived from a Taylor series, we run 1 million operations with
measure power of 14 blocks and each block running 1024 threads. We used enough
threads to cover the arithmetic latency of the SMs (Streaming Multiprocessors), which
means that on a Compute Capability 2.0 GPU, we need about 10 warps (groups of
32 threads) per SM. So that means, for example, on a Fermi C2075 GPU with 14
SMs, we would need at least 4480 threads, divided into at least 14 blocks. The way to
manage the number of active SMs is changing the number of active blocks [8]. We use
14 blocks to run each benchmark since the C2075 has 14 SMs that run simultaneously.
If more than 14 blocks are assigned, the next blocks waits for one of the blocks to
finish working and then starts working. Energy consumption varies with the number
of SMs because of the low activity factors, as idle SMs do not consume as much energy
as active SMs.
A Unit is defined as an architectural component such as a floating point unit
(FPU), shared memory, or global memory. We construct our model as
Total power consumption = Idle Power + Runtime Power

Runtime Power =

e
X

(NSM × Pu,i × Uu,i ) + Bu,i × Uu,i

i=1

NSM Number of units
Pu,i Power consumption of active unit
e number of architectural component types
Bu,i Base power of unit
Uu,i Utilization
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(4.1)

(4.2)

Table 4.1: Power consumption of various units
Pu,i Values for different Units
Floating Point Unit
Shared Memory
Global Memory

Value
2.2
1
3.0

Table 4.2: Base power for various units
Bu,i Values for different Units
Floating Point Unit
Shared Memory
Global Memory

4.2.1

Value
6
3.85
10

Floating Point Operations

The intent of this benchmark is to create kernels that use the floating point units,
but with little or no other parts of SPs used. The benchmark scales from 1 to 14
SMs, with each of their floating point ALUs heavily used. The power contribution
of floating point units is to fit a line parameterized by the number of SMs that are
busy. We designed our floating point benchmark based on a Taylor series in such
a way that each thread computes the Taylor series of an element. We iterate each
calculation 16000 times to make the kernel run long enough so that we can get stable
power readings. During this process of measuring floating point instructions, we only
use registers for storage. The memory usage reported by cudaMemGetInfo is found
to be 80 MB mainly because that is the memory that is set apart by the compiler for
the GPU usage. We expect the memory usage to be much lower than that since most
of the variables are reused in an iterative way by each thread. We use cublasSasum
to add the thread’s results together so that the compiler will not be able to optimize.
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Figure 5.10: Dgetrf and Dgehrd comparison between GPU and CPU
the case of LU, this translates into having all matrix-matrix (GEMM) multiplication
done on the GPU, and the panel factorizations on CPU. The design of the algorithm
allows for big enough matrices to totally overlap the CPU work with the large matrixmatrix multiplications on the GPU. As a result, the performance of the MAGMA LU
algorithm runs at the speed of performing GEMMs on the GPU. Our experiments
have shown that the use of MAGMA GEMM operations on GPU completely utilize
it thus maximize power consumption, which, combined with the description above,
explains why the hybrid LU factorization also maximizes the GPU power consumption
which reduces time taken so the overall energy consumption is minimized. Figure 5.10
shows us the theoretical performance of MAGMA DGETRF, which is an astounding
515 GFlops/s. Figure 5.12 shows power consumption analysis of DGETRF which
is actually close to DGEMM power consumption since 100% of the flops are from
DGEMM.
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Figure 5.11: Dgetrf

46

Figure 5.12: MAGMA Dgetrf power consumption for a 10k matrix
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5.2.1

Reducing Noise in Power measurements

For Figure 5.12, a signal averaging technique is used over 24 sets of data. The skew
is very little as we start the thread, which is running NVML just before the MAGMA
kernel call using a volatile variable. Signal averaging is a signal processing technique
applied in the time domain, intended to increase the strength of a signal relative to
noise that is obscuring it [33]. By averaging a set of replicate measurements, the
signal-to-noise ratio, S/N, will be increased, ideally in proportion to the square root
of the number of measurements.
We chose our bandwidth according to Nyquist theorem which states that a
bandlimited analog signal can be perfectly reconstructed from an infinite sequence of
samples if the sampling rate exceeds 2B samples per second, where B is the highest
frequency of the original signal [32]. The measuring frequency is 125 Hz because the
maximum frequency is 62.5 Hz.
The other technique that was used to reduce noise was to measure the number
of DGEMM and DGEMV calls from the algorithm to measurements but NVML has
a very low frequency of 62.5 Hz compared to the clock rate of NVIDIA C2075 GPU
which is 1.15 GHz so cannot observe all the peaks.
According to the MAGMA DGETRF algorithm

 1 small DGEMM
∀panel =
 1 large DGEMM
.
Table 5.3: DGEMM calls in MAGMA LU
Source
Number of DGEMMs
Algorithm 78
NVML
75
Table 5.3 shows the number of DGEMM calls MAGMA DGETRF makes. From
the MAGMA algorithm, we can infer that there are 39 small DGEMMs and 39 large
48

DGEMMs. For measurement we would consider a spike greater than 175 W as a
DGEMM call, since power consumed by a DGEMM kernel is 180 W.

5.2.2

MAGMA Hessenberg

The Hessenberg reduction algorithm is of the form QT AQ = H. In contrast to the
LU factorization, the other algorithm that we have studied, namely the Hessenberg
Reduction, cannot be entirely expressed in terms of GEMMs. Proper task splitting
on hybrid architectures using the Hessenberg principle, have been to known to give
enormous performance benefits [30]. According to [30] the operation count to reduce
an N by N matrix is (10/3)n3 and this makes Hessenberg reduction a suitable
candidate for acceleration. But 20% of the total flops of the algorithm, which take
70% of time, are in level 2 BLAS. This makes the algorithm memory bound and
we observe it for an energy consumption that is close to the power consumption for
matrix-vector operations. Figure 5.13 shows us the power consumption for MAGMA
DGEHRD which is also signal averaged over 24 data samples.

Figure 5.13: MAGMA Dgehrd power consumption for a 10k matrix
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According to the MAGMA DGETRF algorithm

 64 small DGEMV
∀panel =
 6 large DGEMM
.
Table 5.4: DGEMM and DGEMV calls in MAGMA Hessenberg for a matrix of size
10 K
Source
Number of DGEMM calls Number of DGEMV calls
Algorithm 936
9984
NVML
367
1457
Table 5.4 shows the number of DGEMM and DGEMV calls in MAGMA
Hessenberg. There is a large difference between the number of DGEMM and DGEMV
calls measured and observed because the frequency of the NVML sensor is on the order
of 62.5 Hz whereas the clock frequency of the GPU is of the order of 1.15 GHz.
Table 5.5: Average power consumption for a matrix size 10 K
MAGMA Kernel Name
DGETRF
DGEHRD

5.3

Average power consumed (W) of matrix size 8K
165
150

Predictions for MAGMA kernels for matrix of
size 10K based on AMG

From our AMG model 4.1
Total power consumption = Idle Power + Runtime Power

Runtime Power =

e
X

(NSM × Pu,i × Uu,i ) + Bu,i × Uu,i

i=1
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(5.3)

(5.4)

5.3.1

Power prediction for MAGMA DGEMM

MAGMA Double precision General Matrix Matrix multiply uses the GPU completely.
Power is predicted using our AMG model. Even though MAGMA kernels do a
very good job of hiding data latencies with computations utilization rates for shared
memory and global memory is 100%.
Power consumed by floating point unit = 14 ∗ 2.2 × 0.58 + 6 × 0.58 = 17.864 W
Power consumed by shared memory = 14 × 1 × 1 + 3 × 1 = 17 W
Power consumed by global memory = 14 × 3 × 1 + 10 × 1 = 52 W
Total runtime power = 86.864 W
Idle power = 80
Total power Predicted = 166.864 W
Total power measured = 180 W
error = 7.3%
MAGMA DGEMM achieves 58% of the theoretical peak that is the reason utilization
for floating point is .58.

5.3.2

Power prediction for MAGMA DGEMV

MAGMA Double precision General Matrix Vector does not utilize the GPU fully
as the matrix-vector operations get stalled by memory since the memory reads and
writes to global memory are not as fast as floating point operations on shared memory
or registers.
Power consumed by floating point unit 14 × 2.2 × 0.4 + 6 × 0.4 = 14.72
Power consumed by shared memory 1 × 14 × 0.2 + 3 × 0.2 = 3.4 W
Power consumed by Global memory 3 × 14 × 0.8 + 10 × 0.8 = 41.6W
Total runtime power = 63.4 W
Idle power = 80 W
Total power Predicted = 143.4 W
Total power measured = 135 W
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error = 6.2%
The total power predicted is close to the measured power consumption. One of the
difficulties was finding the execution time of each unit. Floating point units are busy
only half of the time as memory needs to be fetched. Shared memory is used for
1/5th of the time and global memory is used the rest of the time, that is the reason
performance of DGEMV is only 30 GFLOPS; it is a memory bound kernel.

5.3.3

Power prediction for MAGMA DGETRF

MAGMA LU factorization’s power consumption is close to DGEMM power consumption because 100% of flops in MAGMA LU are from MAGMA DGEMM.
Power consumed by floating point unit 14 ∗ 2.2 × .48 + 6 × .48 = 17.64
Power consumed by shared memory 1 × 14 × 1 + 3 × 1 = 17
Power consumed by global memory 3 × 14 × 0.6 + 10 × 0.6 = 31.2
Total runtime power = 65.2
Idle power = 80
Total power predicted = 144.64 W
Total power measured = 165 W
error = 12%
The MAGMA DGETRF achieves 48% of the peak that is why utilization for floating
point unit is .48 and all the available shared memory is used.

5.3.4

Power prediction for MAGMA DGEHRD

MAGMA Hessenberg’s power consumption is close to MAGMA DGEMV power
consumption as 20% of the total flops of the algorithm, which take 70% of time,
are in level 2 BLAS.
Power consumed by floating point unit 14 × 2.2 × 0.5 + 6 × 0.5 = 18.4
Power consumed by shared memory 1 × 14 × 0.2 + 3 × 0.2 = 3.4 W
Power consumed by Global memory 3 × 14 × 0.8 + 10 × 0.8 = 41.6W
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Total runtime power = 63.4 W
Idle power = 80 W
Total power Predicted = 143.4 W
Total power measured = 150 W
error = 4.6%

5.3.5

Analysis of predictions for MAGMA kernels using
AMG

Texture memory is used heavily for MAGMA kernels, and since texture cache was not
included in our model, the total power prediction is affected by this. We also find that
it fails to yield accurate estimates for kernels with constant cache accesses because
of the lack of constant memory model for monitoring constant memory accesses,
resulting in significant underestimation for such kernels. The NVML sensor readings
are accurate with ± 5 W so we can safely say that our model predicts power accurately.

5.4

Summary

In this chapter we have analyzed power consumption of MAGMA BLAS 2, BLAS3,
LU, and Hessenberg kernels. BLAS 3 kernels utilize the GPU completely, that is the
reason we observe power consumption of power consumption of these kernels close
to the maximum. BLAS 2 kernels are memory bound kernels, i.e. they are limited
by memory latencies which are large compared to the fast floating point operations
within registers or shared memory. GPU running MAGMA is compared with a CPU
running LAPACK and GPU uses as little as 1/50 of energy. Predictions for MAGMA
kernels power consumption using AMG are also noted. The maximum error is found
to be 12% mainly because we do not have a model for texture cache and texture
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cache is heavily used in MAGMA kernels. In the next chapter we are going to discuss
power measurments through PAPI.
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Chapter 6
Performance Application
Programming Interface
PAPI is an acronym for Performance Application Programming Interface. The PAPI
Project is being developed at the University of Tennessees Innovative Computing
Laboratory.

This project was created to design, standardize, and implement

a portable and efficient API (Application Programming Interface) to access the
hardware performance counters found on most CPUs and other components such
as GPUs, sensors, and others.
Many microprocessors such as Intel’s Sandy Bridge, Nvidia C2075 offer performance counter support. We develop the API so that application programmers can
improve their performance based on the information provided by counters.
Some of the important features of PAPI are:
• Platform independent comparison and analysis.
• Presents standard definitions for cross platform development.
• Standardize API among users, vendors.
• Open software, user support, well documented and structured.
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6.1

PAPI NVML Component

The PAPI Nvidia Management Library Component offers to provide an interface to
measure power and temperature on devices that support offer to support the NVM
library fully. Power consumption is instantaneous so we report power from Nvidia
cards at that instance.

1

PAPI event name to code ( ”NVML. TeslaC2075 . D ev i ce 0 .
Device Get Power Usage ” , &(Events [ 0 ] ) )

2 PAPI event name to code ( ”NVML. TeslaC2075 . D ev i ce 0 . D ev ic e G et Te mp er at ure
” , &(Events [ 1 ] ) )
3 P A P I c r e a t e e v e n t s e t (& EventSet )
4 PAPI add events ( EventSet , ( int ∗ ) Events , NUM EVENTS )
5 P A P I s t a r t ( EventSet )
6 invoke the k e r n e l
7 PAPI stop ( EventSet , v a l u e s )
8 p r i n t f ( ”Power u s a g e i s

%l l d \n” , v a l u e s [ 0 ] )

9 p r i n t f ( ” Temperature i s

%l l d \n” , v a l u e s [ 1 ] )

Listing 6.1: PAPI source code
Listing 6.1 shows the the name of the event. The name of the event is split
into different parts that are defined as name of component, name of device, device
number, and capability of event. PAPI event name to code converts the name of the
event into a PAPI event code. Since multiple events are added we have to create an
event set. PAPI start starts PAPI counters; PAPI stop would stop the counting.
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1 PAPI VERSION

:

4

2

1

2 Name NVML. TeslaC2075 . D ev ic e 0 . D ev ice Ge t Te mp er at ure −−− Code : 44000001
3 Name NVML. TeslaC2075 . D ev ic e 0 . Device Get Power Usage −−− Code : 44000000
4 END: H e l l o World !
5
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−−> NVML. TeslaC2075 . De v ic e 0 . D evi ce Ge t Te mp er at ure

6

32365

−−> NVML. TeslaC2075 . De v ic e 0 . Device Get Power Usage

Listing 6.2: PAPI output

6.2
6.2.1

Other Power Monitoring Components
PowerMon 2

A component is being developed for PowerMon 2 [1]. PowerMon is a device that can
is inserted between a system’s power supply and motherboard to monitor the current
and voltage of all 8 rails. Devices such as Kill-A-Watt have a very low frequency
of measurement, on the order of once a second, and since power is instantaneous,
measuring power with such a low frequency devices inhibits the observation of fine
changes in power. PowerMon offers us a chance to observe changes in power as it has
a very high frequency of 1024 Hz. Use of PowerMon has many advantages over other
measurement tools. PowerMon can be connected to host systems via USB which
can monitor power for the device. A microcontroller is used so that various tasks
performed by PowerMon such as scheduling, logging, and timestamping do not add
overhead to the system. The AMD1191 digital power monitor IC on each power rail
is used to detect voltage and current. The software used in PowerMon is a modified
version of Till Harbaums i2c-tiny-usb [28]. PowerMon2 is capable of reading 3000
readings per second.
The advantages of using PowerMon are
1. GPU power consumption can be measured
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2. Isolation of various components’ power consumption
3. Finer measurement since the frequency is 1024 Hz
4. Timestamping and log based analysis
5. Compact
6. Self monitoring device
7. Synchronization on separate targets

6.2.2

Running Average Power Limit component

PAPI supports the Running Average Power Limit component (RAPL) on SandyBridge by using the x86-msr driver [31]. RAPL provides a standard interface for
limiting power used by memory. Some of the essential parameters of RAPL are
power limit and time window. RAPL considers energy credits rather than setting
instantaneous limits.

Once the limits are established by RAPL, it uses control

mechanisms to maintain that limit.
1
2 Trying a l l RAPL e v e n t s
3 Found r a p l component a t c i d 2
4
5 S t a r t i n g measurements . . .
6
7 Doing a n a i v e 1024 x1024 MMM. . .
8 Matrix m u l t i p l y sum : s =1016404871450364.375000
9
10 S t o p p i n g measurements , took 4 . 1 1 0 s , g a t h e r i n g r e s u l t s . . .
11
12 Energy measurements :
13 PACKAGE ENERGY:PACKAGE0

176.450363 J

( Average Power 4 2 . 9W)

14 PACKAGE ENERGY:PACKAGE1

75.812454 J

( Average Power 1 8 . 4W)

15 DRAM ENERGY:PACKAGE0

11.899246 J

( Average Power 2 . 9W)
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16 DRAM ENERGY:PACKAGE1

8.341141 J

17 PP0 ENERGY :PACKAGE0

118.029236 J

18 PP0 ENERGY :PACKAGE1

16.759064 J

( Average Power 2 . 0W)
( Average Power 2 8 . 7W)
( Average Power 4 . 1W)

19
20 Fixed v a l u e s :
21 THERMAL SPEC:PACKAGE0

1 3 5 . 0 0 0W

22 THERMAL SPEC:PACKAGE1

1 3 5 . 0 0 0W

23 MINIMUM POWER:PACKAGE0

5 1 . 0 0 0W

24 MINIMUM POWER:PACKAGE1

5 1 . 0 0 0W

25 MAXIMUMPOWER:PACKAGE0

2 1 5 . 0 0 0W

26 MAXIMUMPOWER:PACKAGE1

2 1 5 . 0 0 0W

27 MAXIMUM TIME WINDOW:PACKAGE0

0.046 s

28 MAXIMUM TIME WINDOW:PACKAGE1

0.046 s

29 r a p l b a s i c . c

PASSED

Listing 6.3: RAPL output

Figure 6.1: Graphical representation of RAPL
Listing 6.3 shows the output from the graphical tool [31], that needs to be compiled
against PAPI and built with ”–with-components = rapl”
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6.3

Summary

In this chapter we have presented PAPI components to measure power on various
devices. PAPI NVML component measures power and temperature on GPUs which
support NVML fully. In the next chapter we are going to present a comprehensive
analysis of our work.

60

Chapter 7
Conclusions
There is a huge potential of research in this field of energy-aware high performance
computing with GPUs. The power consumed by the Japanese K computer is 12 MW.
To address the challenges of estimating per-structure power in hardware, we proposed
a new analytical model, called Activity-based Model for GPUs (AMG), to estimate
activity factors and power for micro-architectural structures on GPUs. The power
model using AMG predicts the power consumption and the execution time with an
average of 3% error for the evaluated GPGPU kernels. Live measurements using
Nvidia Management Library (NVML) is of particular interest to users, so we have
measured power on Nvidia C2075 GPU using NVML. We have also analyzed power
consumption of various MAGMA kernels, level 2 and level 3 BLAS kernels. We have
also analyzed power consumption of arithmetic intensive MAGMA LU factorization
and a memory bound MAGMA Hessenberg kernel.
This research differs from previous power estimation work in several aspects. Our
model targets towards the new Fermi with fine micro-architectural details and highly
variable power behavior. Our power measurement technique is non-disruptive, and
the AMG-based implementation is highly-portable. The component breakdowns we
produce are based on physical entities. As a result, these component breakdowns can
offer a foundation for future thermal modeling research. The fact that detailed power
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data can be collected in real-time is also important for thermal research, since the
large thermal time constants mandate long simulation runs. Using NVML, power can
be measured on Nvidia GPUs.
There are several key contributions of this work. The measurement technique
itself is portable, and can offer a viable alternative to many of the power simulations
currently guiding research evaluations. The component breakdowns offer sufficient
detail to be useful on their own, and their properties as a power signature for power
aware phase analysis seem to be even more promising. In conclusion, this work offers
both a measurement technique, as well as a characterization of a GPU’s various
components. We feel it offers a promising alternative to purely estimation-based
power research. We have developed a PAPI NVML component so that users can
access power and temperature measurements through more familiar PAPI.

7.1

Future Work

Our model can also be used by compilers or programmers to optimize program
configurations as we have demonstrated in the thesis. In our future work, we will build
a multi CPU GPU model, that will give us a complete picture of power consumption
for a system like Keenland [14], which has 120 nodes with 240 CPUs and 750 GPUs.
Power consumption for older GPUs is reported in Power states (P0-P15), where
P0 is the power state under maximum load, and P15 is idle power consumption.
We would like to deduce power numbers in Watts for those states so that users
can understand the meaning of power states. With ARM-based CPU/GPU hybrid
systems being deployed to reduce energy consumption, issues for modelling such
hybrid systems will be of special interest to us. The Barcelona Supercomputing
Center is developing a new ARM based machine to achieve 4 to 10 times the energy
efficiency of today’s supercomputers [15].
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