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Abstract

1

When extremely low-energy processing is required, the choice
of data representation makes a tremendous difference. Each
representation (e.g. frequency domain, residue coded, logscale) comes with a unique set of trade-offs — some operations are easier in that domain while others are harder.
We demonstrate that race logic, in which temporally coded
signals are getting processed in a dataflow fashion, provides
interesting new capabilities for in-sensor processing applications. Specifically, with an extended set of race logic operations, we show that tree-based classifiers can be naturally
encoded, and that common classification tasks can be implemented efficiently as a programmable accelerator in this
class of logic. To verify this hypothesis, we design several
race logic implementations of ensemble learners, compare
them against state-of-the-art classifiers, and conduct an architectural design space exploration. Our proof-of-concept
architecture, consisting of 1,000 reconfigurable Race Trees
of depth 6, will process 15.2M frames/s, dissipating 613mW
in 14nm CMOS.

There is little need to provide motivation for hardware support for machine learning today. In recent years, we have
seen an explosion of activity in everything, from vision and
speech processing to control and medical diagnostics. All of
this is driven, in part, by an excitement that machine learning
has the potential to unlock new insights in applications from
the largest data center to the smallest embedded system. If
machine learning is the engine, then raw data is the fuel,
and most approaches consume a great deal of it. However,
in embedded applications, where the learning and sensing
are close in both time and space, the exact type of data to be
consumed is something that needs to be considered carefully.
Typically, a sensor gathers analog information from the
physical world and then converts it into a conventional digital signal. For example, a camera captures incident photons
and, through the photoelectric effect, uses their energy to
guide the charging of a cell. The voltage on the cell is read
out to an Analog-to-Digital Converter that converts the measured voltage into a stream of zeros and ones, which is then
stored into a memory. While this binary-represented integer
is perfectly efficient for storage as bits in a memory and for
typical general purpose computing operations, it is unclear
that this is the most efficient solution. We posit that there
are other encodings that, while still capturing the relative
values of the data to be encoded, are more efficient for our
target application.
One such possible representation is pure analog signalling.
There is a long history of machine-learning-like computing
with analog devices. While pure analog design is always an
option, there are at least two important reasons to consider
alternatives. First, well-understood analog design rules always lag far behind digital rules in technology node. High
density, high performance, low energy CMOS parts can be
hard to achieve because of this gap. Second, while analog
design in these aggressive technology nodes is certainly possible, noise concerns often drive analog designs to use larger
gates than their digital counterparts. If we can get the analoglike efficient behavior, where the computation matches the
capabilities of the underlying devices, while keeping the
noise tolerance and layout simplicity of digital designs, we
would be well-served.
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