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In this work we present an emulation framework for hardware platforms provided with approxi-
mate memory units, called AppropinQuo. The specific characteristic of AppropinQuo is to reveal
the effects, on the hardware platform and on software, of errors introduced by approximate memory
circuits and architectures. The emulator allows to execute software code without any modifica-
tion with respect to the target physical board, since it includes the CPU, the memory hierarchy
and the peripherals, capturing as well software–hardware interactions and faults due to approxi-
mate memory units. The final scope is reproducing the effects of errors generated by approximate
memory circuits, allowing to evaluate the impact (quality degradation) on the output produced by
the software. In fact, output quality is related to error rate, but their relationship strongly depends
on the application, the implementation and its data representation on physical memory. The idea
behind approximate memory circuits and approximate computing in general is to trade off energy
consumption at the expense of computational accuracy and degradation of output quality. Mem-
ory is accounted for a large part of total power consumption in advanced architectures and it is
supposed to increase as new memory hungry applications migrate toward the implementation on
embedded systems (embedded machine learning, high definition video codecs, etc.). By relaxing
design constraints regarding error probability on bit cells, researchers have proposed techniques
that significantly reduce memory energy consumption. These techniques, which can be accounted
in the general topic of approximate memory design, are implemented at circuit or architecture level,
and are specific to the memory technology (i.e., SRAM or DRAM memories). However, the level of
acceptable output degradation is the final metric that must be used to assess if, and to what extent,
an approximate memory technique can be introduced. Our emulator allows to run actual applica-
tions as on the physical platform, to expose the effects of specific approximate memory circuits and
architectures on output quality and to vary their parameters (e.g., error rate, number of affected
bits, etc.). By exploring the approximate memory design space and its effects on the output of a
software application, it is possible to characterize the application behavior, as a step toward the
determination of the trade-off between saved energy and output quality (energy-quality tradeoff).
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1. INTRODUCTION
In modern digital systems memory represents a signifi-
cant contribution to overall system consumption.1 This is
mainly going in parallel with the increasing performance
of computing platforms, which put under stress mem-
ory bandwidth and capacity. Applications as deep learn-
ing, high definition multimedia, 3D graphic, contribute to
the demand for such systems, with added constraints on
energy consumption.

∗Author to whom correspondence should be addressed.
Email: g.stazi@uniroma1.it

Techniques for reducing energy consumption in SRAM
and DRAM memories have been proposed in many works.
A class of very promising approaches, generally called
approximate memory techniques, is based on allowing
controlled occurrence of errors in memory cells.2

The effective introduction of approximate memory units
in a hardware platform relies on the possibility of using
them for allocating selected data structures in software
applications. Although memory errors may degrade the
quality of output results, the effects can be tolerated by
applications known as ETAs (error tolerant applications).
The output degradation can be measured in different ways,
depending on the specific output (e.g., SNR in case of
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a digital signal processing application), however its rela-
tionship with respect to approximate memory parame-
ters (i.e., architectures, error rate, number and weight of
affected bits) is not straightforward since it depends on
many factors as the kind of application, the implementa-
tion details and how data are represented in memory by the
compiler. The result is that it is possible to characterize the
behavior of a complex, real world application with respect
to the presence of errors introduced by approximate mem-
ories only by executing it on the target hardware platform
(including approximate memories), or on an emulator that
can model the complete platform.

1.1. Approximate Memories
Approximate memories are memory circuits where cells
are subject to hardware errors (bit flips) with controlled
probability. In a wide sense the behavior of these circuits
is not different from standard memories, since both are
affected by errors. However, in approximate memories the
occurrence of errors is allowed by design and traded off
to reduce power consumption. The important difference
between approximate and standard memory reside in the
order of magnitude of error rate and its consequences: in
approximate memories errors become frequent and are not
negligible to software applications.

1.2. Error Tolerant Applications
Error Tolerant Applications (ETAs) are defined as appli-
cations that can accept a certain amount of errors dur-
ing computation without impacting the validity of their
output. Multimedia applications are an important class
of ETAs: they process data that are already affected by
errors/noise and, due to limitations of human senses, can
introduce approximations on their outputs (e.g., lossy com-
pression algorithms). Moreover, they tend to require large
amounts of memory for storing their buffers and data struc-
tures. Another example of ETAs is represented by closed
loop control applications; again, they process data that are
affected by noise (sensor reading) and produce outputs to
actuators affected by physical tolerances and inaccuracies.

2. RELATED WORKS AND CONTRIBUTION
2.1. Approximate Memory Circuits and Architectures
Approximate memory circuits have been proposed in
research papers since some years. By relaxing require-
ments on data retention and faults, many circuits and archi-
tectures have demonstrated to significantly reduce power
consumption, for both SRAM and DRAM technologies.

Considering SRAMs, in Refs. [3, 4] the authors pro-
pose memory circuits where voltage scaling is applied to
bit cells. Along with voltage scaling, multiple bit-level
techniques are proposed that enable dynamic manage-
ment of the energy-quality tradeoff. Examples of this tech-
niques are multiple VDD, bit-dropping, selective negative

bitline boosting. Results on some application (i.e., H.264
hardware video decoder) were produced by modeling the
architecture in Matlab and the SRAM bitcell failures
were injected according to the measures on test chips.
In Ref. [5] a dynamically reconfigurable SRAM array
is suggested. The proposed solution uses a dual voltage
architecture where nominal voltage is applied to cells stor-
ing higher order bits while a reduced voltage is applied
to cells storing low-order bits. The number of bits with
under voltage power supply is reconfigurable at run-time
to change the error characteristic. Results are produced by
storing static images in the array of cells and measuring
the quality degradation induced by injected bit-flips.
In Ref. [6] SRAM approximate caches are explored.

The work focuses on relaxing the guard-bands required
for masking the effects of manufacturing variations as a
way of reducing leakage energy of SRAM caches. Errors
are allowed by exploiting the tolerance of specific applica-
tions and energy savings up to 74% are claimed. Results
where produced using the gem5 simulator7 by modifying
the cache architecture, however the details of the models
are not given.
As regards DRAMs, different techniques to reduce

refresh rate have been proposed.1,8–11 In fact, in exact
DRAMs refresh time interval is set according to the worst
case access-statistics of the most leaky cells. Commercial
DRAM modules, for example, have a worst case retention
time of 64 ms determined by the leakiest cells in the entire
array. This high refresh rate, which guarantees a storage
without errors at the expense of power consumption, could
not be required in some applications.
In Ref. [1] the authors propose to partition DRAM

rows and apply different refresh rates; rows containing
leaky cells are refreshed at normal rate, while most rows
are refreshed with reduced rate. In Ref. [8] the idea of
partitioning critical and non-critical data is explored; an
application-level technique named Flikker enables soft-
ware developers to specify critical and non-critical data
in programs, that are then allocated in separate parts of
memory. Again, regular refresh rate is applied to the por-
tion of memory containing critical data, while the portion
containing non-critical data is refreshed at lower rates.
In Ref. [9] the authors abandon the worst case design

paradigm, showing the benefits that can be achieved by
relaxing refresh time interval at the expense of increasing
error rates. In particular, tests on 8 chips of GC-eDRAMS
show that, admitting an error rate of 10−3 and relaxing
refresh rate from 11 ms (worst case retention time) to
24 ms, 55% of energy can be saved; while an error rate of
10−2 guarantees energy savings up to 75%. In Ref. [10],
after an experimental characterization of memory errors
as a function of the DRAM refresh-rate, the authors pro-
pose a methodology for constructing a quality configurable
approximate DRAM system. Experiments were performed
on a FPGA board where a soft-processor (Nios II) and
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a DDR3 memory controller (UniPHY) are programmed;
they revealed a reduction in DRAM refresh power of up
to 73% on average.
The specific use of approximate DRAM architectures is

studied in Ref. [11] for deep learning applications, since
they are tolerant to the presence of data errors. In particu-
lar, DRAM organization is modified to support the control
of the refresh rate according to the significance of stored
data. Simulations were performed injecting errors at algo-
rithm level, using random bit flips with uniform distribu-
tion, without reference to the internal structure of DRAM
cells (see Section 3.1).

2.2. Simulation Environments for Digital Platforms
Simulation environments for embedded system platforms
are considered fundamental tools to support the design and
optimization flow, because the typical hardware/software
interactions that are present in this field of application
make the debug process, the characterization of perfor-
mances and the optimization difficult. These tools allow
a complete emulation of the physical platform, including
instruction set architecture (ISA) emulation and hardware
units emulation (e.g., memory, I/O units, timers, etc.).
They are needed, among others, during the first design

phases since they provide the ability to explore dif-
ferent architectures and ideas, allowing to collect data
regarding functionality, performance, energy consump-
tion, with reduced costs and time compared to physical
prototypes. This is true for functional and performance
emulators,7,12–14 energy consumption emulators,15,16 faults
emulators.17,18

In Ref. [19] a simulation environment for the investi-
gation on approximate DRAMs is presented. The simu-
lator uses the gem57 framework as functional simulator
and includes DRAMSys and DRAMPower.13,16 Thanks to
the addition of DRAMSys and DRAMPower, the emu-
lation environment is capable of modeling data retention
starting from memory physical parameters and produc-
ing at run-time power consumption data. Presented results
demonstrate that, for the two cases taken as case study,
refresh rate can be completely disabled with a negligible
degradation on output quality. However, the tool is focused
on technology parameters and variations, it is limited to
DRAM models and no details are added with respect to
the support for approximate techniques that rely on bit-
weights or in general on architectural level techniques.
The contribution of the work described in this paper

is to fill the gap in hardware platform emulators, adding
specific support for approximate memories, showing the
valuable information that can be obtained. Even if emu-
lators including faults in memory units have already been
developed, the fault models are not specific to the area
of approximate memories and many effects of approxi-
mate memory circuits and architectures cannot be emu-
lated using general fault models. Our models include the

ability of emulating the effects of different approximate
designs and implementations, which depend on the inter-
nal structure and organization of memory cells.
As discussed in Section 2.1, previous works on approx-

imate memory tend to use ad-hoc or limited solutions
when results are produced, injecting bit flips at algorithmic
level (without emulating the actual hardware platform) or
using restricted modifications on existing emulators. While
injecting bit flips at algorithmic level can be quite effi-
cient in terms of emulation speed, if the hardware plat-
form is not emulated all results that depend on the actual
data allocation and implementation can be lost. This is
particularly true for relatively advanced approximate mem-
ory strategies, as those using bit-weights to calibrate fault
rates. Moreover, faults that depend on memory accesses
(as typical for SRAMs, see Section 3.2) cannot be cor-
rectly emulated if the real memory access patterns are not
reproduced.
Our emulator, based on QEmu12 and supporting ×86

and ARM based platforms, allows to run real applications
and operating system, to analyze application behavior and
to expose the effects on output quality of different mem-
ory error rates and approximate techniques. By exploring
the design space and its effects on output, a complete
characterization of the application is possible, allowing the
determination of the trade-off between the level of approx-
imation and output quality. With respect to the work pre-
sented in Ref. [20] this paper extends the implementation
in different directions: (a) a complete implementation for
modeling approximate SRAM is presented; (b) DRAM
models for approximate memories are added; (c) bit drop-
ping models for SRAM and DRAM are added.

3. ERROR INJECTION MODELS FOR
APPROXIMATE MEMORIES

AppropinQuo is an extension of QEmu,12 which is a
generic and open source emulator of complete hardware
architectures capable of running different operating sys-
tems. In AppropinQuo we developed specific units to
model approximate memories inside the architecture; in
particular the approximate memory units are implemented
as QEmu MemoryRegions, mapped in the I/O memory
space, that receive faults according to the error injection
models.
The target memory subsystem is emulated as an acyclic

graph of QEmu MemoryRegion objects; in particular the
address space of the guest memory is represented by the
system_memory MemoryRegion, from which SRAM and
DRAM memories are allocated as single MemoryRegion
objects. To emulate approximate memory inside the target
platform we implemented a new MemoryRegion object,
called approx_mem, and added it to the system_memory
container. Every time the approx_mem object is allocated,
a specific init function is called in order to initialize the
approximate memory region. In this phase the configurable

32 J. Low Power Electron. 15, 30–39, 2019



IP: 2.227.146.22 On: Fri, 21 Jun 2019 22:36:17
Copyright: American Scientific Publishers

Delivered by Ingenta

Stazi et al. Full System Emulation of Approximate Memory Platforms with AppropinQuo

parameters of the error injection models, such as the kind
of faults, fault rates, errors on access and other that will
be described in the following sections, are parsed from
a configuration file, passed to the emulator and used to
define the memory map layout, which depends on the
target architecture. Effectively, the approx_mem region is
mapped in the I/O memory space and at run time all read-
write accesses are intercepted. This is required since some
faults are generated during memory access operations (see,
for example, Section 3.2).

The fault injection models the we currently implemented
take into account the techniques and the circuit implemen-
tations proposed in present research literature for approx-
imate DRAMs and SRAMs. As an example, reducing
refresh rate in DRAMs and allowing errors due to cell
leakage is a strategy for reducing power consumption that
has produced many research works in the field of approxi-
mate memories.1,10,19 The effects of these techniques at bit
level can vary depending on DRAM architectures and will
be discussed in Section 3.1. As regards SRAMs, the tech-
niques are more varied and applied at circuit level.3,4,21

In general, energy reduction is obtained by scaling supply
voltage, but the effects at bit level can be different, depend-
ing on circuit design. They are described in Section 3.2.

Along with technology dependent approximate memory
circuits, some techniques specifically proposed for approx-
imate memories work at architectural or logic level and can
be applied, to some extent, regardless of the technology.
They will be discussed in Section 3.3 and Section 3.4.

3.1. DRAM Orientation Dependent Models
DRAM memory cells use a single transistor and a sin-
gle capacitor to store a bit, represented as charge on the
capacitor. Lowering the refresh rate of DRAMs deter-
mines that the charge loss induced by leakage current will
proceed until discharge. The effects on bit value depend
on the DRAM circuit architecture, and will be discussed
briefly.

In DRAM, single cells are organized in arrays (mem-
ory banks) and are connected to an equalizer and a sense
amplifier (Fig. 1). Being differential, every sense amplifier

Fig. 1. DRAM true cell and anti cell.
Data Source: Ref. [34].

is connected to two bitlines in order to determine whether
the charge of one of them should be interpreted as log-
ical 0 or 1: when a bitline is activated, the other holds
the reference precharge voltage (VDD/2). The sense ampli-
fier architecture, which is a specific manufacturer design
choice, determines the DRAM cells orientation. In partic-
ular the following implementations exist:
• true-cells: cells store a logical value of ‘1’ as VDD and
a logical value of ‘0’ as 0 V;
• anti-cells: cells store a logical value of ‘0’ as VDD and
a logical value of ‘1’ as 0 V;
• mixed-cells: a combination of both true-cells and
anti-cells.

When lowering refresh rate, the corresponding charge
loss appears, at logic level, as a bit flip, whose orientation
depends on the internal DRAM array structure. In particu-
lar, the following errors can emerge and are implemented
in our model:
• true-cell error model: when a cell loses charge, a ‘1’ to
‘0’ bit flip is observed;
• anti-cell error model: when a cell loses charge, a ‘0’ to
‘1’ bit flip is observed;
• mixed-cell error model: both ‘1’ to ‘0’ and ‘0’ to ‘1’ bit
flip occurs.

The orientation of DRAM cells is specific of the ven-
dor array architecture. The capability of emulating DRAM
faults according to its internal structure becomes indeed
fundamental to correctly reproduce the effects on the
bit cell and consequently on data at software level. In
our model, each bit flip direction is characterized by
an error probability (fault rates p_01, p_10 are defined,
respectively, for the emulation of true-cell and anti-cell
error effects). The probability distribution is assumed
uniform in the array of cells, as showed in many
works (e.g., Ref. [22]), and expressed as an error rate
(errors/�bit× s�).
Faults are implemented to occur with a uniform dis-

tribution. In particular, after a time interval has elapsed
(implemented as a QEmu internal timer and determined
by the corresponding error probability), a callback is
invoked. Depending on which model is enabled (true-cell

J. Low Power Electron. 15, 30–39, 2019 33



IP: 2.227.146.22 On: Fri, 21 Jun 2019 22:36:17
Copyright: American Scientific Publishers

Delivered by Ingenta

Full System Emulation of Approximate Memory Platforms with AppropinQuo Stazi et al.

or anti-cell), the callback generating the corresponding
fault is executed, while, in case of a mixed cells architec-
ture, both callbacks are invoked. Since the model is inte-
grated with the looseness level model, faults occur only if
the bit selected to be flipped has a ‘1’ in the corresponding
bit position of the looseness mask (see Section 3.4).

3.2. SRAM Models
SRAM approximate memories are designed with aggres-
sive supply voltage scaling. In SRAM bitcells, read and
write errors are caused by low read margin (RM) and write
margin (WM).23 Since process variations affect RM and
WM in opposite directions, the corner defines which is the
critical margin (i.e., the slowfast (SF) corner makes the
bitcell write critical, the fastslow corner makes it read crit-
ical). Under voltage scaling, WM and RM are degraded,
increasing read and write bit error rates (BERs). The
degradation is in general abrupt (BER increases exponen-
tially at lower voltages), but techniques have been pro-
posed to make such degradation graceful.24

Given this behavior, our fault injection model imple-
ments an error on access mechanism, which happens when
a cell is activated to perform a read or write operation.
Depending on the access we distinguish three kind of
errors:
• Error on write: introduced during a write operation, the
bit stored in the cell is flipped with respect to the bit com-
ing from the data bus;
• Destructive error on read: introduced during a read
operation, the bit stored in the cell is flipped and passed
to the data bus (both cell and data bus contain the cor-
rupted bit);
• Non-destructive error on read: introduced during a read
operation, the bit stored in the cell is not corrupted dur-
ing the operation, but it is flipped when passed to the
data bus.

For each one of these access errors, a uniform probability
distribution in the array of cells is assumed, expressed as
errors/access.
This fault mechanism is implemented inside the

approx_mem memory region access callbacks, described in
the corresponding QEmu MemoryRegionOps. This struc-
ture provides two function pointers, read and write, which
process the IO operations on the emulated memory: every
time a read or a write operation from the approximate
memory region is required, the corresponding callback is
invoked. In particular, the fault mechanism related to the
destructive and non-destructive error on read is imple-
mented in the read callback while the fault injection mech-
anism related to error on write is implemented in the write
callback. As for the DRAM error orientation models, due
to the integration with the looseness level model, faults
occur only if the bit selected to be flipped has a ‘1’ in
the corresponding bit position of the looseness mask (see
Section 3.4).

3.3. Bit Dropping Fault Model
Bit dropping is a bit-level technique which consists in
completely disabling some memory bitlines. The approach
showed to be interesting since cells can be completely
powered off or even omitted.4,25,26 The dropped bitlines
correspond to a certain number of LSBs in each word,
since the impact of errors is exponentially lower for
smaller bit weights. This can be paired with the consider-
ation that in many applications, such as machine learning,
big data and multimedia, the quality is defined essentially
by the MSBs. The technique is independent of technology
and can be applied to both SRAM and DRAM memory
circuits.25

For SRAM memory cells the precharge circuit of the
selected LSBs is disabled during read and write operations.
This approach is quite different from the traditional dual
VDD scheme where the supply voltage of both precharge
circuits and bitcells of the selected columns is reduced to
a lower value. In Refs. [4, 26] the implementation of a bit
dropping precharge circuit is proposed: the drop signal,
(corresponding to transistors M1 and M2 in Fig. 2), con-
nects the bitline of the approximated cell to the ground,
eliminating the dynamic energy.
In DRAM memory instead, the refresh operation is com-

pletely disabled on the dropped bitlines. In Ref. [27] the
authors demonstrate that, for dedicated applications, the
refresh operation can be switched off with a negligible
impact on the application performance.
In our model, bit dropping is implemented as follows:

• in SRAMs, when a word in memory is read or written
and the bit dropping is enabled, a given subset of bits is
always set to ‘0’.

Fig. 2. SRAM precharge circuit for bit-dropping technique.
Data Source: Ref. [26].
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• in DRAMs, when a word in memory is read or written
and the bit dropping is enabled, a given subset of bits is
set to ‘0’ or ‘1’ depending on memory cell orientation
distribution.

This fault injection mechanism is implemented in
the callbacks provided by the approx_mem MemoryRe-
gionOps: every time a read or write operation is per-
formed in the approximate memory, if the bit dropping
error model is enabled, a specified number of bits is always
set to ‘0’ or ‘1’, depending on the memory technology.
The number of dropped bits is defined by the looseness
mask, a configurable parameter described in the following
section.

3.4. Memory Looseness Level and Fault Models
Bit level approximate techniques have been introduced
in order to exploit the exponential weight that bits
assume in data words. Effectively, the approach intro-
duces a new level of freedom in the approximate mem-
ory design space, that can be explored in search of better
trade-offs.

As said in the previous section, a fault in a cell that
stores one of the most significant bits (MSBs) has a larger
impact on the value, with respect to a fault occurring in
one of the least significant bits (LSBs). In Ref. [4] selective
voltage scaling is proposed in order to modulate error rate,
at the cost of an increase in circuit complexity; in Ref. [28]
DRAM banks are reorganized and refresh rate modulated
in order to obtain a similar effect. From the results, the
technique appears effective but the actual implementation
is dependent on the microprocessor ISA and its data rep-
resentation and organization in memory.

In order to support the emulation of bit level techniques,
we have inserted the concept of looseness level and loose-
ness mask in AppropinQuo. The looseness level (i.e., the
number of bit that are affected by errors in a data word) is
supported by introducing a 32-bit configurable mask (con-
stant for the whole memory array) that is applied to every
32-bit word in memory (Fig. 3). Its scope is the selection
of bits affected by faults (i.e., the MSBs). Bits within a
word are not affected by faults when the corresponding bit
in the looseness mask is set to zero (i.e., with a looseness
mask set to 0× 0FFFFFFF, the 4 MSBs are exact, while
the 28 LSBs are affected by faults). The structure of the
looseness mask allows to effectively tune approximation
at bit level for 32-bit, 16-bit and 8-bit data.

Fig. 3. Example of looseness mask on big Endian architecture.

We underline the fact that having a single looseness
mask defined for the whole approximate memory array
means having a single looseness level for the array. This
is mainly due to the consideration that practical imple-
mentations are limited to this configuration, since it is has
a large impact in the design of the whole memory lay-
out. Another consideration specific to this model is that
MSBs and LSBs in memory are not uniquely defined but
depend on microprocessor ISA (i.e., data endianess) and
also data size (i.e., in a 32 bit memory word 8 bit data
can be packed in groups of four). The choice of defining
the memory looseness level using a 32 bit looseness mask
provide the flexibility required by the above mentioned
cases.

4. EXPERIMENTAL RESULTS
In order to investigate the impact of approximate mem-
ory architectures and configurations and to demonstrate
the data that can be obtained with AppropinQuo, in this
Section we present two different case studies based on
error resilient applications: a digital FIR filter of and audio
signal and a H.264 video encoder. They are both imple-
mented in C and executed on a ×86 based system, emu-
lated in AppropinQuo as target architecture.

4.1. Digital FIR Filtering
As first case study, we show the impact of different
approximate memory configurations on an audio signal
processing application (digital FIR filter). The digital FIR
filter consists of 100 taps implemented using 32-bit integer
arithmetic. The input buffer, output buffer and internal tap
registers have been allocated in approximate memory, for
a total of about 200 KByte of memory space.
As quality metric for this application we used out-

put SNR, measured considering noise as the difference
between the output of the exact filter and the output of

Fig. 4. FIR, output SNR [dB] for approximate DRAM (anti cells).
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Table I. FIR, output SNR [dB] for SRAM.

Fault rate
[errors/access]

Looseness level 10−1 10−2 10−3 10−4

EOW 0×0000FFFF 94�6 107�3 117�6 127�3
EOR 90�6 104�2 114�9 125�0
EORnd 94�5 107�2 117�5 127�5
EOW 0×000FFFFF 70�5 83�4 93�5 104�2
EOR 66�4 80�3 90�9 101�4
EORnd 74�2 84�0 94�1 103�7
EOW 0×00FFFFFF 46�5 59�6 69�3 80�3
EOR 42�6 56�3 66�8 77�5
EORnd 45�9 59�8 69�9 79�9
EOW 0×0FFFFFFF 22�6 35�3 45�5 56�4
EOR 18�9 32�9 42�8 53�4
EORnd 25�2 33�0 45�8 56�0
EOW 0×7FFFFFFF 4�6 17�2 27�6 38�2
EOR 1�0 14�8 24�9 35�5
EORnd 6�2 17�5 27�8 37�8

the approximated filter. As a common consideration on the
value of minimum required SNR, this strictly depend on
application. Since, in this case, the filtering is applied to
an audio signal, a value from 60 dB to 90dB could be
considered of interest by most applications.

4.1.1. Impact on Output Using Approximate DRAM
Figure 4 shows the output SNR, with respect to the
exact case, for an hardware platform using approximate
DRAM memory. In the hypothesis of a circuit consist-
ing of anti-cells, different error rates and looseness levels
are explored. As reference, an error rate of about 10−3 is
obtained in case of a 60× increase in refresh period.10 The
figure also shows that the looseness level can be used in
order to rise SNR orthogonally to error rate, at the cost of
keeping some bits exact. As expected in this application,
each exact bit as an impact of +6 dB on SNR.

4.1.2. Impact on Output Using Approximate SRAM
Table I reports the output SNR in case of an approxi-
mate SRAM memory. The SRAM parameters are explored
in the corners, i.e., cells affected only by (1) error on
write (EOW) (2) destructive error on read (EOR) (3) non
destructive error (EORnd). In this case, due to the access
pattern of the application, it is possible to note that the
EOW and the EORnd cases produce higher SNR than
the EOR case. Again, by modulating looseness level,
higher SNR values can be obtained for the same error
rate.

Table II. FIR, SNR [dB] for SRAM bit dropping.

# of dropped LSBs

4 bits 8 bits 12 bits 16 bits 20 bits 24 bits 28 bits

134.7 122.4 106.1 82.2 52.9 28.2 4.0

Table III. ×264 heap memory usage.

Video ×264 Peak Peak
resolution option (preset) heap [MB] usefulheap [MB]

176×144 Medium 15�6 15�4
1920×1080 Veryfast 269�0 238�6

4.1.3. Impact on Output Using Approximate
SRAM with Bit Dropping

Table II reports the output SNR in case of the bit dropping
technique applied to an approximate SRAM. The first col-
umn lists the value of the SNR obtained by keeping 24 bits
exact and dropping the first four LSBs. Further columns
were obtained by increasing the number of dropped bits
four at a time. The results confirm that LSB dropping is
a valid approach in case of high BER (as can happen in
case of VDD scaling at voltages below the minimum oper-
ating voltage4), since it completely eliminates the energy
associated with dropped bitlines.

4.2. H.264 Video Encoder
The ×264 encoder is a free software library and appli-
cation for encoding video streams into H.264 standard.29

This application has been modified in order to allocate
selected data buffers in approximate memory30 and was
executed in the AppropinQuo emulator, running a Linux
kernel with support for approximate memory manage-
ment.31 The total amount of memory allocated by ×264
during the encoding process depends on video resolution
and encoding options, Table III summarizes the results
obtained for the cases under study. After the modification,
about one third of memory formerly allocated on heap
space was moved to approximate heap space (heap mem-
ory space mapped on approximate physical memory by the
operating system).
Considering that, in this application, pixel values stored

by approximated buffers have 8-bit size and are packed in
32-bit locations by the compiler, we set the looseness level
as a repetition of an 8-bit submask (e.g., 0× 0F0F0F0F).
In order to produce reference values for the output, we
first run the original ×264 encoder with buffers allocated

Table IV. ×264, video output PSNR [dB] for approximate DRAM (true
cells).

Fault rate [errors/�bit× s�]
Looseness
mask 10−2 10−3 10−4 10−5 10−6 Bit dropping

0×FFFFFFFF 10.87 16.02 22.98 27.99 29.41 –
0×7F7F7F7F 15.30 20.34 26.90 29.25 29.60 –
0×3F3F3F3F 19.97 25.18 28.84 29.56 29.63 –
0×1F1F1F1F 24.47 28.01 29.43 29.62 29.65 –
0×0F0F0F0F 27.35 29.13 29.59 29.64 29.65 24.14
0×07070707 28.96 29.52 29.63 29.65 29.65 26.30
0×03030303 29.47 29.61 29.64 29.65 29.65 28.32
0×01010101 29.61 29.64 29.64 29.65 29.65 29.34
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(a) Exact frame (b) Looseness Mask 0x0F0F0F0F

(c) Looseness Mask 0x1F1F1F1F (d) Looseness Mask 0x3F3F3F3F

Fig. 5. ×264, output frame with different looseness levels and fault rate
10−4 [errors/�bit× s�].

in exact memory. As quality metric, we used peak signal-
to-noise ratio (PSNR), defined as the ratio between the
maximum pixel value and rms of corrupting noise that
affects the fidelity of its representation.32

4.2.1. Impact on Output Using Approximate DRAM
The results illustrated in this subsection are referred to HD
videos (1980×1080 resolution) selected from the Xiph.org
Video Test Media (derf’s collection).33 In this case the
global PSNR value obtained on output videos for exact
compression is 29.69 dB and this should be considered
an upper bound to evaluate the ×264 performances with
the present settings. Tests were executed considering an
approximate DRAM composed by true-cells, varying fault
rate and bit level error masking (looseness level).

Table IV shows the results of the same encoding
using approximate memory. Global PSNR values are
reported for each fault rate/looseness level combina-
tion. Figures 5 and 6 provide a visual result of user
perceived video quality, comparing the original frame
(Figs. 5(a) and 6(a)) and the same frame using differ-
ent approximate memory error rates and looseness levels.

(a) Exact frame (b) Looseness Mask 0x0F0F0F0F

(c) Looseness Mask 0x1F1F1F1F (d) Looseness Mask 0x3F3F3F3F

Fig. 6. ×264, output frame with different looseness levels and fault rate
10−3 [errors/�bit× s�].

Table V. ×264, video output PSNR [dB] for approximate SRAM (error
on access).

Fault rate [errors/access]
Looseness
mask 10−3 10−4 10−5 10−6 10−7

0×FFFFFFFF 38.65 47.58 56.75 63.48 64.41
0×7F7F7F7F 44.17 53.92 61.70 64.41 64.41
0×3F3F3F3F 50.14 59.58 63.92 64.41 64.42
0×1F1F1F1F 56.09 62.67 64.34 64.42 64.42
0×0F0F0F0F 61.79 64.11 64.41 64.43 64.44

In particular Figure 5 refers to an error rate of 10−4

and three different looseness levels (0× 0F0F0F0F, 0×
1F1F1F1F, 0× 3F3F3F3F). For this fault rate, a loose-
ness level set to 0× 3F3F3F3F (Fig. 5(d)), which allows
errors on the six LSBs of each pixel, still produces an
output visually very close to the original frame. Lower-
ing the looseness level does not have a significant impact
on output while implying a larger number of exact bit
cells. Figure 6 is obtained for a fault rate set to 10−3; in
this case we can see that, for higher looseness levels (i.e.,
0×3F3F3F3F, Fig. 6(d)), differences in output quality are
starting to be noticeable.

4.2.2. Impact on Output Using Approximate SRAM
The results illustrated in this subsection are referred to low
resolution videos (176× 144 resolution), selected again
from the Xiph.org Video Test Media (derf’s collection).33

Tests were executed considering an approximate SRAM,
where errors occurs both on read (destructive and non-
destructive) and write accesses. As for the previous case,
we first run the original ×264 encoding obtaining a global
PSNR value of 64.46 dB for the exact compression.
Table V shows the global PSNR for several fault

rate/looseness level combinations; in particular simula-

Fig. 7. ×264, output frame coded with exact (top left) and approximate
SRAM (0×FFFFFFFF looseness mask), fault rate 10−6 (top right), 10−4

(bottom left) and 10−2 (bottom right) [errors/access].
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tions were performed setting the fault rates (EOW, EOR,
EORnd) to the same value just to reduce the number of
cases presented in the table.
These global PSNR values can be compared visually

to effective output frames: Figure 7 illustrates the same
frame obtained with exact compression (top left), and with
three different fault rates using the higher looseness level
(i.e., all bits cells are affected by errors). As expected,
the output quality for 10−6 (top right) is not much dif-
ferent from the exact one. This consideration can also be
extended to the case of 10−4 (bottom left), which presents
only minor artifacts despite it is more than 15 dB under
the exact PSNR. Finally the output frame obtained with a
fault rate of 10−2 (bottom right) is the only one that clearly
exhibits artifacts due to approximate memory.

5. CONCLUSION
In this paper we presented an emulation framework
for embedded platforms with approximate memory, that
includes error injections models derived from approximate
memory circuits proposed in literature for DRAMs and
SRAMs. Given an application, it is possible to explore
the impact of memory errors and approximate memory
techniques on its output, discovering the relation between
memory errors and output quality. The fault models have
been introduced in a modular way in the emulator, in order
to allow extensions as new techniques and circuits for
approximate memories will be proposed.
We showed the impact of approximation techniques on

two real case applications, producing a figure of output
degradation dependent on memory technology, error rates,
looseness level. Results show the importance of explor-
ing the relation between these parameters and output qual-
ity, since the grade of approximation (and hence power
savings) is dependent on the amount of errors that the
application can tolerate. The exploration allows indeed to
select the point of work of approximate memory tech-
niques, dependent on accepted output quality.
As future work, the introduction of energy consump-

tion models for approximate memories in the emulator will
allow to explore and directly determine the energy-quality
trade off of a given combination of application and hard-
ware platform.
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