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Abstract—CPUs have since the last years come equipped
with integrated GPUs. Such coupling has the potential to offer
performance improvements if said GPUs are used as accelerators.
However, integrated GPUs can hardly reach the performance
levels obtained with discrete GPUs due to having lower core
counts. Nevertheless, their proximity to the CPU allows for
sharing of data with less overhead. Furthermore, the advantages
of sharing the same memory hierarchy and the lower power
consumption at the cost of performance, allows for high energy
efficiency gains. This thesis aims to characterize the Intel GPU
micro-architecture and to benchmark its performance upper-
bounds to study the limits of its energy efficiency.

Through exposing the Intel GPU’s performance counters,
greater insights can be gleamed about how to extract peak
performance from the architecture and how to best exploit the
shared memory hierarchy.

I. INTRODUCTION

The emergence of General Purpose Graphics Processing
Unit (GPGPU) computing followed the trend when GPUs
shifted from mere fixed function accelerators limited to matrix
algebra workloads, to more programmable processors capable
of addressing the demand for more general purpose compu-
tation to the graphics pipeline. In turn, and coupled with the
increasing parallel capabilities of GPUs, the first efforts to
address the GPU’s parallel performance started surging. These
first attempts were set back by having to rely on graphics
libraries and working with shaders, instead of abstracting and
generalizing the type of data being worked with. This sparked
the effort to develop programming environments targeting
the GPU while allowing the programmer to abstract away
from the conventional graphical programming environment.
The most commonly used GPGPU computing environments in
use today are Compute Unified Device Architecture (CUDA),
targeting NVidia’s GPUs and OpenCL, a standard for hetero-
geneous computing targeting different brands of GPU, Field
Programmable Gate Arrays (FPGA) and Central Processing
Unit (CPU) manufacturers.

With the ability to perform general purpose computing on
the massively parallel processors that are GPUs, these started
to be integrated into supercomputing servers, being mainly
used for scientific computing and simulation. Nevertheless,
these novel workloads for GPUs started to raise concerns over
power consumption, and so this became increasingly more
important as time passed.

By this point, manufacturers started to group GPU and
CPU in the same die, opening up feasibility for heterogeneous
systems. These integrated GPUs, with their proximity to the
CPU hold greater energy efficiency potential than their discrete

counterparts, at the expense of lower theoretical performance
roofs. Notwithstanding, integrated GPUs have now taken flight
and research work in their feasibility is in demand.

The paper is organized as follows. Section II introduces the
Intel integrated GPU architecture, focusing on the GPGPU
hierarchy. In Section III, the performance counters are intro-
duced. Section IV describes the developed tool that is used to
read the performance counters. Section V explains the Intel
GEN assembly syntax. Section VI goes into detail about the
OpenCL kernels and the benchmarking of the architecture.
Section VIII draws conclusions regarding the results and
insights gained from the previous section. Finally, Section VII
briefly describes related works.

II. INTEL INTEGRATED GPU ARCHITECTURE

The Intel Gen9.5 graphics architecture follows closely after
Gen9 with a myriad of light improvements, the most notable
being the switch to 14 nm process fabrication technology,
providing lower power consumption than its predecessor. The
architecture is divided into 3 main components, the Slice, the
Unslice and the Display components (subdomains). This thesis
focuses on the Slice since it is where GPGPU computations
take place. The Unslice is where the 3D and Media pipelines
are located, while the Display manages the transfer of pixels
to the screen.

The Slice contains the general purpose computation units
that take care of all the calculations requested by the other
pipelines and by GPGPU kernels. It is divided into Subslices,
which in turn, have multiple EUs, or Execution Units that
are responsible for computations. The Unslice requests use
of the EUs whenever the 3D or Media pipelines require
general computations to be performed. For this end, the 3D
and Media pipelines send messages to the Global Thread
Dispatcher to request thread initiation. It is the job of the
Global Thread Dispatcher to assign requested computations
to hardware threads and to allocate register space in the EUs.

A. Intel GPU Slice Architecture

Slices are arrangements of subslices. The GPU used in this
work contains 3 subslices of 8 EUs each, totaling 24 EUs.
In addition to the subslices, a slice also contains a banked
L3 cache and respective Shared Local Memory [1]. The Slice
general architecture is shown in Figure 1, where the subslices
and EUs are also visible, as well as the L3 cache.

The L3 data cache present in the GPU, not to be confused
with the CPU’s L3 Cache, which is referred to as the LLC in
regards to the GPU (functioning as an L4 cache, if counting
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Fig. 1: Architectural overview of the Slice [1]. Fig. 2: Architectural overview of the Execution Unit [1].

with the Sampler caches), has a capacity of 768 KB per slice,
with cachelines of 64 B. Each subslice has its own L3 partition,
and these partitions are aggregated together and function as a
single cache for the slice. For configurations with a higher
number of slices, all the L3 partitions of each subslice in each
slice are also aggregated together to form a unique, GPU wide
L3 cache. All Samplers and Data Port units have their own
individual interface to the L3 cache, capable of supporting
read and write bandwidths of 64 B per cycle. Thus, this is
linearly expanded by the amount of subslices in the GPU. For
a GPU with 3 subslices in a single slice, as is the case, the total
theoretical bandwidth is 64 B/cy × 3 Subslices = 192 B/cy.
However, not all workloads will be able to reach this upper-
bound, for which careful partitioning of the problem size
throughout the slices is required. Data to and from the L3
can only be transferred in 64 B wide packets, i.e., a cacheline.
Therefore a read instruction from a thread in a EU of a single
precision floating point value (4 B) always translates into a
64 B data traffic. The OpenCL JIT compiler is known to
optimize this procedure, grouping data fetches to avoid wasted
bandwidth [1].

The SLM is situated in the L3 cache and serves as a
programmer managed scratchpad memory for sharing data
across different EUs located in the same subslice. There
are many workloads that take advantage of sharing of data
between threads, namely 2D image processing and FDTD
computation (in essence any workload that is not massively
parallel and exhibits constraints at the border). Each subslice
has access to 64 KB of SLM. As SLM resides in the L3,
access times do not benefit from lower latency. However, due
to it being more highly banked, it allows full throughput even
for access patterns that are not 64 B aligned or for data not
contiguously adjacent in memory. Contrary to the L3 cache,
SLM is not coherent with other memory structures.

B. Intel GPU Sublice Architecture

A subslice aggregates a number of EUs which are responsi-
ble for computations. As previously mentioned, the subslices

contain 8 EUS in the GPU used in this work. Besides the EUs,
a subslice is composed of a Local Thread Dispatcher (LTD),
an Instruction Cache, the Data Port unit and a Sampler unit.
Their general architecture is shown in Figure 1, where a slice
with 3 subslices is shown.

The LTD is responsible for sharing the workload throughout
the EUs in the subslice. It works in tandem with the GTD
located in the Unslice in order to provide optimal thread
coverage. The LTD does not communicate with the GTD. As
a result, the LTD attempts to assure a uniform distribution of
the threads given by the GTD to the EUs.

The Sampler is composed of L1 and L2 read-only caches
and it is used solely for texture and image surfaces, there-
fore not being exposed by common GPGPU frameworks. It
also provides fixed function hardware for conversion between
address and image coordinates, various clamping modes com-
monly seen in image processing algorithms, such as mirror,
wrap, border and clamp, as well as sampling filtering modes
such as point, bilinear, trilinear and anisotropic. There opera-
tions are not commonly used in GPGPU, thus they are reserved
for 3D workloads. The Sampler supports a read throughput
from the L3 cache of 64 B per cycle.

The Data Port unit is connected to the L3 fabric in the
slice and it is responsible for serving memory load and store
request. It supports read and write throughputs of 64 B per
cycle. Hence, all memory requests from the EUs have to pass
through the Data Port unit [1].

C. Intel GPu Execution Unit Architecture

The EUs are composed of a register file of 128 general
purpose 256 bit registers per thread. These compose the
General Register File (GRF). A set of architecture-specific
registers are also present in each EU, called the Architectural
Register File (ARF). These registers mainly serve for resource
management such as keeping track of the instruction pointer
per thread and managing dependencies. They are mainly used
by the hardware and driver. Each EU contains four distinct
functional units: the Send unit, the Branch unit and two
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Floating Point Units (FPU). These allow one EU to co-
issue up to four instructions per cycle, albeit they must come
from different threads. To assure that each EU has enough
workload to maintain this throughput, each EU supports up
to seven hardware threads. In total, the GRF amounts to
128 × 256 bits / 8 / 1024 * 7 threads = 28 KB for a single
EU, with 4 KB per thread [1]. The general architecture of an
EU can be viewed in Figure 2, which offers a closeup of an
EU from Figure 1.

Memory operations are compiled into GEN Assembly
”send” instructions, which are dispatched to the Send unit.
Each send instruction includes a pointer to the message
payload that the Send unit uses to correctly format messages
to send to the Data Port unit in the subslice. The Data Port
unit, in turn, forwards the memory access requests and delivers
the data back to the GRF (in case of a load).

Branch instructions are handled by the Branch unit. Branch-
ing takes up an important role in maximizing performance,
with some aspects of the EU’s Instruction Set Architecture
(ISA) having mechanisms specifically for dealing with branch
prediction and to avoid thread divergence. Thread divergence
is a common performance pitfall where a given workload has
two possible paths that depend on the outcome of a compari-
son. If the threads being executed in the EU follow the same
path, then no branching overhead is endured. However, if they
diverge, then all threads affected are set to execute both paths
to avoid staling the pipelines, introducing overheads in the
computation. This development is common with conditional
instructions and in loop control.

The two FPUs in each EU are capable of both single
precision and half precision floating point and integer com-
putations. One of the FPUs can also perform double precision
floating point computation and transcendental math operations.
Although the EU’s ISA allows logical instructions of 1, 2, 4, 8,
16 or even 32 wide 32 bit data types, the FPUs are physically
only 4-wide, allowing for four simultaneous executions of
single precision floating point operations per FPU. However,
for wider vector types, these units are fully pipelined, which
allows reaching maximum throughout independent of specified
SIMD width by reusing the same units of execution. Each
FPU has the ability to perform one single precision MAD
operation (add and multiply in a single instruction) in one
cycle. The EU can therefore achieve a theoretical throughput
of 16 single precision floating point operations per cycle:
2 (MAD) × 2 FPUs × SIMD-4 = 16 FLOP/cy. Given that
only one of the FPUs support double precision and that double
precision operations offer only half of the single precision
throughput, double precision throughput rests at 8 FLOP/cy.

III. INTEL GPU PERFORMANCE COUNTERS

The available counters in Intel Gen GPUs are divided into
three categories: the Aggregated or A counters, the Boolean
or B counters and the C counters. The A counters contain 3D
graphics metrics, such as the number of threads dispatched in
each stage of the 3D pipeline, as well as some GPGPU metrics,
for instance the number of total barrier messages or SLM reads

and writes. The A counters also contain the programmable
counters that offer more flexibility for an end-user and that are
exposed by the tool developed in this thesis. The B counters
are counters that count binary signals, apply programmable
logic to them and propagate them to other B counters that
allow for further programmable logic. This allows for complex
boolean filtering of events. The B and C counters suffer from
lack of documentation, and although they can be collected by
the developed tool, they are not subjected to analysis in this
work.

The Intel GPU comes with its own performance counter
architecture, which is referred as the Observation Architecture
(OA) [2]. The OA exposes counters A0 to A35, B0 to B7 and
C0 to C7. Counters A7 to A20 and B counters are especially
noteworthy for their configurability. All A counters are 40 bit
wide, with the exception of A32 to A35 and B and C counters
that are 32 bit wide. The counters are by default disabled
and they require a configuration step to be performed. Only
counters A4, A6, A19 and A20 are free running, functioning
continuously without requiring configuration.

The OA currently allows two different ways of accessing the
performance counters. For one hand, it exposes all its counter
registers through Memory Mapped Input/Output (MMIO).
On the other hand, by receiving a specific message, i.e.,
MI REPORT PERF COUNT, the GPU writes a snaptshot of
the counters to a predefined memory position. The snapshot
can take one of four different formats. Counter format 000
mainly offers a small set of A counters, while counter format
111 on the other hand offers B and C counters. Counter format
010 allocates more memory than the previous two formats,
but aggregates A, B and C counters. Nonetheless, it is counter
format 101 that offers the full set of counters. It is also the one
that offers the full width of the counter registers, aggregating
the last bytes from the A counters into 32 bit values each
containing 4 high bytes from 4 distinct counters. The formats
are specified through the Counter Select bits, i.e., a set of
control bits in the OACONTROL register. For 40 bit wide
counters, there exists one 32 bit register for the lower 32 bits
and another 32 bit register for the remaining 8 bits.

All counter formats include four non-counter registers:
GPU TICKS, CTX ID, TIME STAMP and RPT ID. The
GPU TICKS register acts as a clock counter, which content
is incremented every GPU clock cycle. This property makes
it dependent on frequency, so it should only be relied on if
the GPU frequency has been previously fixed. TIME STAMP
refers to the TIME STAMP counter that is configured in
tandem with the performance counters. The CTX ID refers
to the context ID of the currently active context in the render
engine. Finally, the RPT ID offers a set of control bits that
contain various information about the current performance
monitoring in different fields.

IV. TOOL FOR FINE-GRAIN BENCHMARKING OF THE
INTEL GPU ARCHITECTURE

The need to configure and access the available counters
to perform application characterization and experimentally
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evaluate the upper-bound capabilities of an Intel integrated
GPU architecture, led to the development of a tool with the
intent of aggregating the launching of a set of specifically
developed OpenCL benchmarks and the configuration and
reading of the counters. The developed tool relies on a set
of API structures inherited from Intel GPU Tools [3] in order
to provide th elow-level access to the necessary registers to
configure the counters through MMIO and sending commands
to the GPU using the Message Interface. The tool also makes
use of PAPI to acquire energy consumption (and consequently
power) through the RAPL interface.

Although the tool is developed mainly for the Gen9.5 micro-
architecture, given the similarities across different Intel Gen
GPU architectures, in particular Gen9.5 and Gen9, the tool ex-
poses counter acquisition framework, which is general enough
to be used even for different Intel GPU micro-architectures.
Furthermore, future micro-architectures can be supported if
no significant changes to the counter configuration are made.
A common trope of subsequent micro-architectures is the
changing of register addresses, which can be solved with
patches that update the hard coded register addresses to make
the tool compatible.

A set of OpenCL kernels come integrated with the tool.
These kernels are divided in groups according to what micro-
architectural aspect of the GPU they aim to exploit. They can
be used for evaluation of floating point performance, memory
bandwidth or power/energy consumption upper-bounds for a
given Intel GPU architecture. The tool’s general layout is
presented in Figure 3. It starts by parsing the arguments and
decoding the type of kernel to run. The type of kernel is
important for memory initialization and correct argument setup
for the launching of the OpenCL kernel. Subsequently, as is
the case for all OpenCL applications, device and platform
identification takes place, as well as the compilation of the
kernel itself.

Kernel parameters such as SIMD length and floating point
precision are taken directly from the kernel’s name. In order
to correctly identify kernel parameters, memory allocated
variable names are given a high degree of verbosity, as can be
seen in Algorithm 1, which indicates the process of memory
initialization. The greater verbosity facilitates debugging. The
same treatment is done to GPU buffer creation. For a given
memory region to be available to the GPU using OpenCL
without using shared virtual memory space, one has to create
and write buffer objects using the API calls clCreateBuffer()
and clEnqueueWriteBuffer(), respectively. These API calls are
common in every OpenCL application, as is clSetKernelArg()
to specify the kernel arguments.

The OpenCL preliminary code, i.e., device and platform
identification, context creation and kernel compilation, is
done via the API calls clGetPlatformIDs(), clGetDeviceIDs(),
clCreateContext() and either clCreateProgramWithBinary() or
clCreateProgramWithSource(), depending on which is avail-
able, the source or the pre-compiled binaries.These are essen-
tial for every OpenCL application and denote the common
workflow of building OpenCL programs.

Algorithm 1 Memory initialization.

1: if scalar ∈ kernel name ∧ sp ∈ kernel name then
2: allocate scalar sp A
3: allocate scalar sp B
4: else if vect2 ∈ kernel name∧ sp ∈ kernel name then
5: allocate vect2 sp A
6: allocate vect2 sp B
7: else if vect4 ∈ kernel name∧ sp ∈ kernel name then
8: (...)
9: end if

One of the arguments to the tool selects counter access
procedure. There are two distinct access types, the mmio
and the rpc type. The RPC type makes use of sending an
MI REPORT PERF COUNT message to the GPU to instruct
it to write the counters in a previously allocated memory buffer
accessible by both the GPU and the CPU. The other method
employs the use of Intel GPU Tools’ MMIO API to read the
registers of the counters through MMIO. Regardless of the
access type, the Intel GPU Tools’ MMIO API is still needed
to write to the specific registers pertaining to the counter
configuration. The option to select the type of counter access
mode delivers flexibility to the end-user. The rpc method is
more direct in that it communicates with the graphics driver,
while mmio interacts with an API before reaching the driver.
No performance impacted overheads were detected with either
access method.

The process of sending a message to the GPU is handled by
the driver, and Intel GPU Tools provides an interface for easy
message submission. The following are C macros provided by
Intel GPU Tools to send messages to the GPU:

• BEGIN BATCH
• OUT BATCH
• OUT RELOC
• ADVANCE BATCH

BEGIN BATCH sets up a batch (allocates a structure),
while OUT BATCH sends a double word into the batch.
OUT RELOC sends relocations into the batch, a necessary
procedure for batches to be submitted to the validation
list, which is a list of buffer objects kept by the driver.
ADVANCE BATCH issues the message created in the
batch by the previous macros into the GPU, completing
the command submission sequence. The issue of an
MI REPORT PERF COUNT message entails the code
in Listing 1. Of note is the creation of a batch with
three double words and one relocation. One of the double
words required is the actual message ID of the message
to be sent. Intel GPU Tools provides a list of macros
with most of the available messages. There exist two
different message IDs for MI REPORT PERF COUNT,
the GEN6 MI REPORT PERF COUNT and
GEN8 MI REPORT PERF COUNT. Caution is advised
to issue the one corresponding to the architecture
in play. For Gen8 and subsequent architectures,
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Fig. 3: Developed tool general layout.

GEN8 MI REPORT PERF COUNT is used, while
GEN6 MI REPORT PERF COUNT is used for
previous architectures that support the OA unit. The
first OUT BATCH contains the message ID of an
MI REPORT PERF COUNT message in the form of
the macro GEN8 MI REPORT PERF COUNT. The
OUT RELLOC call specifies the target buffer and the
read and write domains. These are information pertaining
to the driver and go out of scope of this thesis. The last
OUT BATCH takes as argument a pointer to the memory
location where the counters will be written to. Finally,
ADVANCE BATCH terminates the command submission
and sends the batch with the message to the GPU.

Listing 1: Submission of MI REPORT PERF COUNT.
BEGIN BATCH( 3 , 1 ) ;
OUT BATCH(GEN8 MI REPORT PERF COUNT ) ;
OUT RELLOC( ds t bo ,

I915 GEM DOMAIN INSTRUCTION ,
I915 GEM DOMAIN INSTRUCTION , d s t o f f s e t ) ;
OUT BATCH( r e p o r t i d ) ;
ADVANCE BATCH ( ) ;

The MMIO API used by Intel GPU Tools exploits the
aperture in the graphics card’s onboard memory. This has been
been mapped via a Base Address Register (BAR) to allow
direct access from the CPU. The BAR can be retrieved via
the PCI configuration space. The PCI configuration space is
a set of registers that are mapped to memory locations, i.e.,
a certain set of memory addresses are used to access these
registers via the CPU. The GPU is regarded as a PCI device,
so it has its own place in the PCI configuration space. PCI
devices are addressed via Bus, Device and Function, known
as the BDF or B/D/F. The Intel Integrated GPU is typically
located in bus 0, device 2, function 0. By reading the PCI
configuration space of BDF 0:2.0, one can retrieve the BAR
that is to be added to the GPU’s MMIO registers’ addresses
in order to access them.

The next step resides in the actual readings and kernel
launch. The counters are read before and after the launching
of the kernel. The difference between the two readings gives
the correct values for the kernel. If the kernel is a power
measurement kernel and the argument ”–power-smoothing” is
received, the tool will repeat this procedure a certain number
of times to allow the power readings to stabilize. For kernels
other than the power ones, this process would be necessary
for the power readings to be trustworthy, for RAPL only
updates every 50 ms [4]. This process repeats the kernel launch
until the total time of kernel computation surpasses than 50
ms, in order to provide correct power values. However, this
procedure is not necessary for power kernels since these have
been coded specifically to take enough time to have several
RAPL increments. The feasibility of this option relates to the
fact that power readings are sensible and prone to noise, so
by relaunching the kernels several times and calculating the
median of all the readings eliminates noise and offers more
repeatable results.

The final process rests with the reporting of the counter
values, power, and various useful timing data. Timing data
can be used to identify faulty kernel launches and errors in
the power readings. Several timing sources are used due to
the different clock domains where readings are being done.
The counters themselves adheres to the GPU clock frequency
while the power readings are done in the CPU side.

V. INTEL GEN ASSEMBLY

In order to fully grasp what was being executed on the
GPU, it was necessary to decode the exact instructions pro-
duced by the OpenCL JIT compiler. The Eclipse plugin from
Intel OpenCL SDK allowed the visualization of the OpenCL
kernels’ GEN Assembly.

The ISA of the Execution Units differ greatly from the
CPU’s x86 ISA. A GEN instruction follows the form
[(pred)] opcode (exec-size | exec-offset) dst src0 [src1] [src2]
where pred reports the Predicate Enable bits of the instruction;
exec-size corresponds to the SIMD width of the instruction,
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i.e., the number of data elements processed by the instruc-
tion, which are called channels; , exec-offset to the Channel
Select bits of the instruction that, together with the Predicate
Enable bits, possess key roles in lowering branch prediction
overheads; dst to the destination operand and src{0-2} to the
source operands. Sources 1 and 2 are optional. The channel
select bits select which channels are active when reading the
ARF, while the predicate bits enables or disables specific
channels in a single instruction. Together they are used to
disable channels functioning as a commit stage by not allowing
specific channels to write their results to the GRF. This is
mostly used when the effective data width is less than that of
the functional units (available FPUs are 4-way SIMD) or as
a branch control mechanism, disabling channels that diverge
from the rest of the workflow.

Source and destination operands conform to a register region
syntax that follows the form:

RegNum . SubRegNum < VertStride; Width, HorzStride > :type
where RegNum correspond to the region number, SubRegNum
to the subregion number, VertStride to the vertical stride,
which is the distance between two rows, in units of the data
type, Width to the width, that corresponds to the number of
units of the data type to be fetched per row, HorzStride to
the horizontal stride, which is the distance between units of
the data type in the same row, and type to the data type. The
region and subregion numbers together define the origin of
the data, while data type will provide the size of each unit of
data. Figure 4 contains the general layout of the GRF. In the
top rigt corner of the image there are expressed the possible
subregion distributions according to the data type. For a byte
(:b) data type, a subregion is one byte wide, for a word data
type (:w) , a subregion is 2 bytes wide, for a double word
(:dw) or float data type (:f) a subregion is 4 bytes wide. This
subregion dependency on the data type offers a high degree
of flexibility in register addressing. The rest of the figure
provides two full examples of register addressing via regions
1 and 2. Region 1 is obtained via the following addressing:
r5.1<16;8,2>:w . The region number is 5, meaning addressing

starts in register 5. The type being word means the addressing
unit is 2 bytes, therefore, subregion 0 corresponds to the 0th
and first bytes, subregion 1 to the second and third bytes,
and so on. An horizontal stride of 2 means to target every
second unit in the register. A width of 8 means 8 units in
a row, and a vertical stride of 16 will make the addressing
fetch the second row, reaching into r6, for the subregion that
is 16 units apart from the first subregion will be in the next
row. The second example, region 2, comes from the following
register addressing: r8.0<1;8,2>:w . By following the same
logic as in region 1, with the region number being 8 and
subregion number being 0, addressing starts in register 8 in
th every first unit. Units are words, therefore, the first two
bytes of the register compose subregion 0. With the horizontal
stride being 2, every second unit will be fetched, up until 8,
the width. The vertical stride being 1, which is less that the
horizontal stride, means that, unlike the first example, where
the rows were spaced 16 units, so the fetch spilled into the
next register, in this example the fetched units will be the
interleaved units not yet touched in the same row, since the
subregion 1 unit apart from the i-th subregion will be subregion
(i+1)-th, which stands on the same row. The register addressing
is, therefore, extremely flexible, allowing for complex data
fetching patterns.

VI. MICRO-BENCHMARKS AND EXPERIMENTAL
EVALUATION

The micro-benchmarks consist of simple OpenCL kernels
designed to fully exploit the capabilities of the architecture. In
order to do so, and taking into account its SIMD capabilities,
each benchmark has five different versions explicitly specify-
ing the SIMD data type being exercised. These versions are
scalar, vect2, vect4, vect8 and vect16. There are also versions
for each operation available, i.e., ADD, SUB, MUL, DIV and
MAD. With a total of 5 SIMD types and 5 operations each
kernel has 5 × 5 = 25 versions.

All benchmarks were run on the same platform, an Intel
Core i7-7500U with 8 GB DDR4 DRAM. The CPU is made
up of 2 cores and 4 threads through hyperthreading, and has a
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stock frequency of 2.7 GHz. To run the results the hardware
prefetch, hyperthreading and turbo boost were turned off, and
the GPU frequency set to 1050 MHz. These are summarized
in Tables I and II.

TABLE I: iGPU hardware features.

Features HD Graphics 620

EUs 24
Threads / EU 7

SIMD FPU / EU 2
Max Frequency 1050 MHz

Slices 1
Subslices 3
L3 Cache 768 KB

L3 Cacheline 64 B
SLM / Subslice 64 KB

TABLE II: CPU hardware features.

Features i7-7500U (KBL)

Cores 2
Threads 4

Max Frequency 3.50 GHz
L1 Data Cache 32 KB

L2 Cache 256 KB
L3 Cache 4 MB

Cacheline (all levels) 64 B
DRAM 8192 MB

The FPU benchmark kernels are divided into 4 types:
single instruction, loop, loop with unroll and loop with private
memory. The single instruction kernels are mostly used to
observe overheads and to debug OpenCL related events. The
loop and loop with unroll were the first attempts at achieving
high performance. The loop with unroll variant differs from the
loop one by having an explicit unrolling of 64 instructions. The
automatic unrolling employed by the OpenCL JIT compiler
varies in depth across SIMD lengths, raging from 32, 64 and
128. The loop with private memory achieves the best per-
formance out of all FLOP type kernels. Contrary to the other
types, the use of private memory, i.e., GRF, minimizes not only
the memory operations but also the data packing/unpacking
and address calculation, allowing for higher throughput of
compute instructions and reducing the impact of memory
latency.

The peak floating point performance of the architecture,
given its characteristics presented earlier in Table I, can be
calculated via the following equation,

FPmax = EU × FPU/EU × FLOP/cycle/FPU × f, (1)

where EU stands for the total number of EUs (24 for the
current configuration), FPU/EU stands for the number of FPU
units in each EU (2 in this case), FLOP/cycle/FPU stands
for the floating point operations per cycle per FPU, which
is reported to be 4 [1] and f to the operating frequency in
Hertz (1050 MHz), which amounts to 201.6 GFLOP/s for
normal floating point operations. For MAD operations, this
is two-fold given the architecture’s ability to execute a MAD
operation in one cycle, corresponding to 403.6 GFLOP/s.
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As can be seen in Figure 5, the usage of SIMD data types
has an impact in the overall performance, although their impact
is lessened as the number of work groups rises, converging to
98% of the maximum theoretical performance for the kernels
with private memory. Their impact is therefore only perceived
with a low number of threads.
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Fig. 7: Work group to subslice matching with the number of
work groups not being a multiple of 3.

Memory benchmarks are constructed much the same way
as the FLOP benchmarks, only lacking the compute operation.
Contrary to what is observed in the FLOP benchmarks, the
SIMD data types heavily influence the attainable bandwidth
for the memory kernels. Figure 8 shows the bandwidth ob-
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tained with the various SIMD data types. Due to overheads
in the address calculation and data packing/unpacking, higher
SIMD data types such as vect16 and vect8 fail to deliver
acceptable performance, with vect16 falling behind scalar. The
best performant of the SIMD data types is vect4 reaching close
to the theoretical maximum bandwidth.
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Fig. 8: Attainable bandwidth with the standard memory kernel
for different SIMD lengths.

The same serrated effect perceived in the flop kernels are
visible in the bandwidth curves. The peaks occur at work group
sizes multiples of the number of subslices.

Power measuring in the tool is supported through PAPI,
the Performance API. PAPI is used to read the RAPL system
registers. RAPL is a system implemented in recent Intel
processor architectures to provide energy readings. RAPL does
not directly measure energy consumption, instead it supports
a predictive model that outputs energy consumption based on
other activity metrics collected internally [5].

RAPL allows reading energy consumption from three
planes: Package, Power Plane 0 (PP0) and DRAM. The
Package plane corresponds to the entire processor and includes
PP0 and DRAM. PP0 corresponds to the cores. Measures for
the iGPU were calculated from the other planes using the
following equation:

PiGPU = PPKG − PPP0 − PDRAM . (2)

The power kernels mainly consist of modified FLOP ker-
nels. They have an inner loop that makes up the workload, and
an outer loop that functions as a coarse way of maintaining
similar execution times between SIMD lengths. The outer loop
is required to provide enough execution time for an update of
the RAPL counters. In order to better control the duration
of the kernels, the number of iterations of the outer loop is
dependent on the SIMD length. With the rise of the SIMD
length, there comes associated a rise of the data set size,
which corresponds to a rise in the execution time for the same
number of total threads. By lowering the outer loop iterations
in accordance to the SIMD length, the execution time remains
roughly independent of the SIMD length.

As mentioned previously, the power benchmarks have a
performance curve similar to the FPU benchmarks, due to
the similarities between their algorithms. This same trend is
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Fig. 9: Comparison of the different timers available.

noticed in the power curves, with maximum power being
displayed for work groups of a size multiple of the number
of subslices. Figure 9 illustrates this phenomenon. According
to Figures 10 and 10, vect2 is the most power hungry SIMD
length, with vect4 drawing the least amount of power. For
single precision, the difference in power across the different
SIMD lengths is less pronounced than for double precision,
even though they share the same tendencies.
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Fig. 10: Maximum power values achieved by the different
SIMD lengths for single precision.
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Proper use of the GPU as an accelerator rely not only on
the performance gains of offloading computation to the GPU,
but on energy efficiency as well. This becomes increasingly
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important on battery powered platforms such as smartphones.
Thus, if a workload does not benefit of a reduction in com-
putation time when offloaded to the GPU, but of a power
savings instead, then the offloading is viable for the purpose
of preserving battery power. In this regard, a study on the
different SIMD data types’ energy efficiency was conducted.

Folowing after the performance and power analyses, the
energy efficiency curves retain the serrated curve. For low
work group usage, vect16 demonstrates the highest energy
efficiency only due to the higher number of computations
performed. When the GPU is fully exercised, Figures 13 and
14 show the other SIMD lengths reaching higher efficiency
than vect16. As with power and performance, the highest
efficiency occurs at work group numbers multiple of the
number of subslices.

Figure 12 shows the maximum energy efficiency attained
by each SIMD length. vect4 achieves the highest energy
efficiency, which is expected due to the FPUs physically being
4-wide. vect16, on the other hand, possesses the least energy
efficiency of the SIMD data types, followed by vect2.

When compared to CPU, the GPU achieves far higher
energy efficiency values.
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VII. RELATED WORK

Research works on integrated GPUs are very scarse, and
they have been highly in favor of exploring the micro-
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Fig. 14: Energy efficiency of the different SIMD data types
under the operation mad for double precision.

architectures and developing models or simulators, as pre-
sented in [6]. Other studies, such as [7] and [8], adopt machine
learning techniques to estimate performance and propose such
models as a high level substitute for lengthy architectural
simulators, laying claim to the speed of the prediction. Fast and
accurate predictions are paramount during the design phase for
architects, a fact that sparks interest in the research of such
models.

There have been some efforts in parallelizing specific sort-
ing algorithms thought to take advantage of the parallelization
potential of GPUs. These tend to be harder to implement than
their CPU counterparts due to constraints on data sharing in
GPUs. However, there have been success cases in achieving
better performance than the CPU algorithms. One study in
particular, [9], makes use of the locality of the integrated
GPU, i.e. being on the same die as the processor and not
having to go through PICe interfaces to move the data between
CPU and GPU, to avoid the higher latencies involved when
accelerating problems using discrete GPUs. This technique
has major weight in the usefulness of integrated GPUs versus
discrete GPUs, as is discussed in [10].

Another type of research interest lies in the CPU and GPU
collaboration and the heterogeneity of such systems. In [11],
the difference in memory access patterns between CPU and
GPU is shown, proposing that top level caches (L1 and L2)
have a lessened impact in maximizing performance in GPU
workloads, contrasting with the CPU, where the presence of
a cache hierarchy is critical for performance. This happens
due to the highly bursty nature of GPU memory accesses and
low data reuse, benefiting more from a highly banked memory
system than a latency hiding cache hierarchy.

There are few works that directly target Intel integrated
GPUs. Of mention is the work proposed in [12], that evaluates
the performance of work-group broadcast in Intel’s iGPUs.
Being a very architecture dependent workload, the broadcast
implementation suffers from slight variations on work-group
size.

These works tend to rely in state of the art simulators to test
new algorithms or to micro-benchmark a given architecture.
Works that study integrated GPUs and use real hardware are
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surprisingly quite rare. Hence, the research work condicted
in this thesis aims to bridge the gap between the existing
literature in discrete GPUs and the lessened amount of research
work in integrated GPUs and by performing extensive perfor-
mance evaluation and benchmark real hardware (as opposed
to using simulators).

VIII. CONCLUSIONS

In order to evaluate the benefits of integrated GPUs along-
side the better performant discrete GPUs, a micro-architectural
characterization was performed on the Intel Gen GPU ar-
chitecture in this thesis. Furthermore, the development of a
software tool capable of exposing the GPU’s performance
counters was conducted. This work laid the foundation for
an in-depth benchmarking aiming to exploit the architecture’s
upper-bounds. In turn, a study that hinged on performance and
energy efficiency gleamed several insights in how to employ
the GPU in energy efficient domains. From the other side of
the spectrum, ways to efficiently program performance critical
workloads on integrated GPUs arose.

The main contribution of this thesis are the tool that can
be used to aid further research and the insights brought
by the performance and energy efficiency analysis. The 35
GFLOPS/W of the Intel GPU surpasses that of the CPU and
rivals current discrete GPUs. The experimental results open
the door to further research in better workload distribution in
heterogeneous systems in order to maximize energy efficiency.

Future work falls on performing energy efficiency analyses
for other integrated GPUs and of energy aware scheduling
in heterogeneous systems. By knowing beforehand the most
energy efficient SIMD data type, compilers can gain a new
dimension besides performance and executable space in which
to explore. New models can be proposed that offer a bigger
focus in energy aware computing.
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