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Abstract—Information and coding-theoretic tools have had a
significant impact on communications and data storage systems.
Recently, a number of works in this area have begun a study of
algorithms and systems operating on faulty or noisy hardware.
These efforts have unknowingly paralleled research from other
communities in the context of approximate computing. We
introduce and discuss a number of relevant papers from the
information-theoretic world with the goal of opening a discourse
with other communities interested in new computing paradigms.

I. I NTRODUCTION
The information theory (IT) and coding theory communities
have been fundamental in establishing the underlying mathematical tools used for communications and data storage systems. Traditionally, these tools have been developed under the
assumption that noise occurs only in the transmission channel,
not in the peripheral system components. However, due to the
relentless shrinking of electronic components, such noise can
no longer be ignored and computing under uncertainty has
experienced a surge of interest in these communities.
We provide a survey of recent works related to approximate
computing, but performed from the information- and codingtheoretic perspectives. Many of these works do not even mention their relevance to approximate computing. Despite this,
we believe that a number of ideas introduced in these research
efforts can offer a valuable viewpoint to other communities
interested in approximate computing. Our goal is to open up
an interdisciplinary dialogue; in particular, we wish to ask how
the powerful tools developed in information theory can best
contribute to novel research in approximate computing.
II. FAULT-T OLERANT S YSTEMS
Most information-theoretic works related to approximate
computing study noisy computing, e.g., fault-tolerant systems
built from unreliable components. The connection to approximate computing is natural: we relax accuracy or reliability
constraints, but allow for operation in an imperfect world.
In this section, we discuss a number of system and algorithm
analyses; afterwards we focus on low-density parity-check
(LDPC) code decoders. An early work with this flavor is
[1], where Hadjicostis and Verghese study fault tolerance for
discrete-time dynamic systems, and develop a bound on the
computational capacity of linear finite-state machines.
A. Memories
A broad area of interest for coding theorists is memories
built from faulty components. When we refer to faulty memories, we not only consider that the memory cells themselves

may experience errors (leading to the natural and popular use
of error-correcting codes for improved reliability), but also
that the encoding and decoding circuitry may itself be faulty
as well. Therefore, direct application of error-correcting codes
is insufficient, and novel paradigms must be introduced.
Early works include those of Taylor [2] and Kuznetsov
[3], introducing mathematical abstractions for faulty components (selecting between, for example, transient or permanent
faults, independent or correlated noise, etc...) and deriving the
fundamental limits of systems built from these components
analogously to the noiseless cases in information theory.
A more explicit application to approximate computing is
found in the recent work of Huang, Li, and Dolecek [4].
Practical solutions offered here are based on the idea of
introducing an encoding scheme based on the magnitude of
the stored data; data of low magnitude can be protected with
an error-correcting code by taking advantage of unused bits,
while data of large magnitude can be compressed (with the
resulting distortion acceptable in the approximate computing
scenario) and the resulting saved bits used for code redundancy
bits. Huang et al. considered machine learning and graphbased inference systems and proved the effectiveness of the
adaptive coding framework through image denoising and naı̈ve
Bayesian classification examples.
B. Capacity
Another area of interest for information and coding theorists is channel capacity (the maximal data transmission rate
allowing for arbitrarily reliable communication.) Traditionally,
capacity calculations only consider noise affecting messages
transmitted over the channel, and not encoders or decoders.
Recently, works have studied capacity in the case of systems
with faulty components. In [5], Grover showed that, under
certain assumptions, providing equivalently reliable communication in noisy systems (i.e., non-zero Shannon capacity)
requires infinite energy. On the other hand, as shown in [6] by
Yang et al., if only the encoder is noisy, reliable communication is still possible at non-zero rate. Such analyses are closely
related to energy/power considerations. Here too, we note the
connection to approximate computing: is it possible to derive
similar capacities in approximate computing systems? We
observe that attempts in the opposite direction have been made,
the goal being to transfer fundamental limits from approximate
computing into information and coding theory. Two examples
include [7] (in the context of statistical information processing)

and [8] (deriving bounds on error magnitudes in different data
representation schemes).
III. N OISY D ECODERS
A significant portion of the research literature of the last
twenty years has focused on low-density parity-check (LDPC)
codes. This popularity is a result of the fact that LDPC codes
are capacity approaching and their decoders offer manageable
complexity [9], [10], [11], [12]. Although message-passing
decoders are sub-optimal, they have much lower complexity
compared to maximum-likelihood (ML) decoders. The performance of these decoders in the asymptotic regime of very long
codes is done through a process known as density evolution.
A. Fundamental Performance Limits with Noisy Components
Recently, numerous works have performed a noisy version of density evolution, yielding fundamental performance
bounds for decoders built from faulty components. The earliest
papers in this topic studied the Gallager B decoder, a messagepassing iterative decoder involving a threshold for when the
binary message should be modified at variable nodes [13],
[14], [15], [16]. These works performed density evolution
under various models of component errors. In particular, [13]
solves an optimization problem, determining how to best
allocate decoding resources in order to optimize the final error
probability. In [14], Huang et al. derived the approximate
density evolution allowing for transient and permanent errors.
There has been substantial research analyzing the performance of LDPC codes through density evolution of noisy
min-sum decoders [17], [18]. One surprising result from [18]
shows that in certain situations, the noise from the device
components can assist the min-sum decoder in escaping certain
combinatorial objects that would have resulted in an error
during noise-free decoding. Tarighati et al. analyzed the effects
of noisy message-passing under the sum-product algorithm
[19], [20]. In particular, they performed a two-dimensional
density evolution analysis and designed LDPC codes based
on an EXIT chart analysis [20].
Varshney has conducted comprehensive research on the
fundamental performance limits of LDPC codes under a
variety of noisy decoders [21], [22]. In [22], Varshney used
IT techniques such as entropy dissipation and sphere-packing
arguments to calculate upper and lower bounds on storage
capacity in memories with unreliable components. These are
fundamental, Shannon-type bounds on the code size that are
agnostic to the specific code or decoder used.
B. Relevance of Noisy Decoding to Approximate Computing
The research in the previous subsection was performed in
reaction to increasing errors in ever-shrinking components.
However, by establishing the fundamental limits on decoding with noisy components, the IT and coding researchers
were unwittingly also creating mathematical analysis tools for
approximate computing. Since LDPC decoders are inherently
robust to noise and corruption, they are a prime candidate for
approximate computing.
Using the previous ideas, recent work has intentionally
introduced noise at the component level-by lowering the

voltages-with the goal of saving energy. In [23], Schläfer et al.
designed a theory-guided unequal error protection technique
that achieves up to a 40% energy efficiency increase over
currently used techniques. By using dynamic voltage scaling,
error probabilities can be controlled on a per iteration basis.
A low complexity greedy algorithm solves the optimization
problem formulated via the density evolution analysis. The
work in [23] is an exact parallel of approximate computing for
the IT community: locate a sub-system in which errors can be
tolerated, calculate the effect of errors, and establish an energy
saving mechanism. An important remaining task is to establish
upper bounds on the energy savings that can be attained while
still performing reliable computation. Such a task, perhaps,
will require the application of ideas from thermodynamics.
Another type of component-error that LDPC decoders are
resilient to is timing violations. In [24], Leduc-Primeau et
al. minimized energy consumption by designing a framework
which allows timing faults by taking a quasi-synchronous
approach to designing the LDPC decoder processing circuit.
By allowing these timing violations within their framework,
they were able to reduce energy consumption by up to 28%.
The study of belief-propagation algorithms operating on
noisy hardware is not limited to LDPC decoding. A variety of
novel algorithms have been created, in conjunction with the
inherent error-resiliency in general graph-based decoding, to
reduce the energy required for successful decoding. Huang,
Li, and Dolecek studied this problem in the general setting
of inference in graphical models in [25], with applications to
machine learning. In this work, two belief propagation (BP)
schemes, called censoring BP and averaging BP, that are robust
to computation noise were introduced. Additionally, in [26],
Li analyzes the performance of orthogonal matching pursuit
on faulty circuits, showing the potential of iterative inference
algorithms beyond LDPC decoders.
IV. C ONCLUSION AND F UTURE W ORK
In this work, we briefly surveyed some of the major themes
and research works on approximate computing from the point
of view of the information theory community. We predominantly focused on fault-tolerant systems and noisy decoding.
We note that other information-theoretic ideas relevant to
approximate computing also exist; consider, for example, ratedistortion theory, which can be applied to machine learning
tasks such as subspace classification [27], [28].
We wish to bridge the gap between the information-theoretic
world and other communities by having the following questions answered:
•
•
•
•

What are the right models for approximate computing?
What are reasonable – and unreasonable – assumptions?
What kind of results from the IT community would be
most useful?
How can we best integrate theory and practice?

We hope our survey will clarify our field’s ideas and
approaches towards noisy computation to other communities
and will inspire many future collaborative works.
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