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Abstract

This article presents an energy-efficient IC architecture implementation of an analog image-
processing ML system, where the primary issue is analog architecture development for
existing energy-efficient analog computing devices. An architecture is developed for image
classification, transforming a typical imager input into a classified result using a particular
NN algorithm, a convolutional NN (ConvNN). These efforts show the need to continue
to develop energy-efficient analog architectures alongside efficient analog circuits to fully
exploit the opportunities of analog computing for system application.

Keywords: analog architectures; analog; analog computation; analog image processing

1. Image Classification Requires Analog Architecture Innovations

Our technical approach builds on FG-enabled circuits and analog computation
(e.g., [1]), with a particular focus on analog architectures [2] for the NN classification
of images for efficient analog computation. This effort both addresses the image-processing
classifier architecture coming from a standard imager with a serially scanned input stream
of pixels and creates a new paradigm for considering analog architectures based on a
synthesizable analog framework, similar to decades-long efforts in digital computation.

Analog computation enables more efficient computation compared to digital computa-
tion, as originally hypothesized by Mead (1990) [3]. He predicted that analog computational
energy efficiency would improve by 1000x compared to the digital IC design because
digital computation requires >1000 transistors, compared to 1 to 2 transistors for basic
operations like multiplication or Multiply-Accumulate (MAC) operations. This hypothesis
was experimentally proven through Vector-Matrix Multiplication (VMM) in 2004 [4] and
continued to be demonstrated over the following two decades (e.g., [1,5]). Computational
energy efficiency, the analog equivalent of the power-delay product, balances speed and
energy efficiency, where doubling the computation rate requires twice the amount of energy.

Highly energy-efficient computation is a necessary, although not sufficient, condition
for developing energy-efficient computations, as one must contend with the architecture
that enables these computations, particularly the cost of communication. Analog architec-
tures [2] focuses on the cost of communication and the connected cost of off-chip memory.
The more efficient the computing elements, the higher the relative cost of signal communi-
cation and memory [6]. One wants the computation to operate at the speed of incoming
and outgoing data to minimize the significant cost of intermediate memory stages [2,6].
Applications not respecting these end-to-end computational architecture issues, such as an
IC only focusing on building a VMM mesh without the resulting analog system architecture

J. Low Power Electron. Appl. 2025, 15, 37

https:/ /doi.org/10.3390/jlpeal5030037


https://doi.org/10.3390/jlpea15030037
https://doi.org/10.3390/jlpea15030037
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/jlpea
https://www.mdpi.com
https://orcid.org/0000-0002-6866-3156
https://doi.org/10.3390/jlpea15030037
https://www.mdpi.com/article/10.3390/jlpea15030037?type=check_update&version=2

J. Low Power Electron. Appl. 2025, 15, 37 2 0f29

(e.g., Mythic [7]), often struggle to become disruptive market applications. The original de-
velopment of analog mesh architectures [8], the foundation for synapse crossbar arrays [9],
led to one particularly efficient architecture for Neural Network (NN) analog computing,
not a universal architecture for all analog applications.

Image processing and image convolutions require significant analog architecture
efforts to rearrange data trajectories for image convolutions (Figure 1) when the output
of a typical commercial sensor scans each output in a serial stream, one row at a time.
Digital approaches deposit the incoming image into a large memory bank due to the ease of
downloading an image to memory. Digital computation is far more energetically expensive
than analog computation, obscuring the need for minimizing the cost of communication
and memory. The 1000 x-improved analog computational energy efficiency means that
computation is nearly free, where communication and memory access costs make up the
system architecture cost. The costs of data communication and memory are always the
primary system architecture concerns, moving away from the typical large-processor model
in digital architectures [2]. Energy-efficient computational systems require energy-efficient
computation with minimized signal communication and short-term memory.
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Figure 1. Image processing using typical available image ICs, where the output scans the output
sensors one at a time and one column at a time. Digital computation for image processing typically
directly transfers each pixel into memory that is later used for other digital computation blocks. This
approach assumes that the cost of communication with a large memory bank is nearly zero (large
processor model), even though this communication dominates every measure of system costs. Analog
computation both requires and provides an opportunity for different data flow architectures with
minimal short-term memory and primarily local communication. Developing this architecture for a
Convolutional Neural Network (ConvNN) requires developing different architectures at each layer
to minimize these two metrics, thereby retaining system-level high analog energy efficiency.

Analog programmability makes these computations practical. Floating-Gate (FG)
transistors, having been the leading analog programmable technology arising from the
first crossbar techniques [9], led to the creation and development of the field of Compute
in Memory (2001) [10], techniques developed entirely in standard CMOS (transistors and
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capacitors) with no additional process layers or process modification. An FG device
provides a free parameter, either as a variable threshold voltage or as a multiplicative
weight in subthreshold operation. FG circuits have demonstrated long-term stability
(<100 pV change over 10years) and precise, near-single-electron programming (e.g., 14bits
in FPAAs [1]), and some FG circuits are only very weakly a function of temperature [11-14].
FG devices, circuits, and systems have been demonstrated in standard CMOS processes,
from 2 um CMOS [9] through 350nm CMOS [1] to 130nm, 65nm, 40nm [15-17], and smaller
(e.g., 28nm and 16nm) CMOS nodes [18]. Scaling these systems to smaller CMOS nodes
increases the computational energy efficiency compared to digital computation in custom,
configurable (e.g., large-scale Field-Programmable Analog Arrays (FPAAs)) [1,19], and
neuromorphic [6] areas. Analog FG devices provide FPAA memory elements and routing
elements, including computing in routing, achieved by enabling the programming of
FG nodes outside of the operating power supply, that are long-term stable and enable
programmable circuits with minimal temperature dependence [1]. Analog architecture
studies are now beneficial because analog computation is no longer a highly imprecise,
noisy, environmentally sensitive, and mismatch-heavy system but has become a robust,
programmable, and configurable system often limited by the incoming sensor accuracy.

2. Analog Architecture for Convolutional Neural Networks: Minimizing
the Cost of Moving Data and Parameters

The cost of moving digital data on- and off-chip to store intermediate products easily
increases the system cost by another 1W or more in power (Figure 2). Assuming that a
memory chip has zero energy cost, moving data just once, where 1Mpixel at a 10-bit value
at a frame rate of 30fps is 300Mbit/s, requires 5uW /Mbit for a very minimal 5pF load (near
wirebond level) with a 1V supply (near-minimum chip-to-chip voltage). Moving an image
once requires 1.5mW of power. The outputs of the first convolution might require moving
96 images that are subsampled by 4 in width and height 4, resulting in 9mW going into
memory (once) and then 9mW coming out of memory (once). Moving partial computations
into memory requires even more energy, easily exceeding 1 W for a multilayer architecture.
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Figure 2. Unlike many digital and analog approaches that require a memory and digital control chips
for demonstrating an image convolution NN IC, this architecture concept demonstrates an entire
convolutional NN on a single IC, with locally stored on-chip parameters minimizing the energy
required. An on-chip microprocessor (1P) assists with the system integration and FG programming.
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This article presents the first important example of an analog system that requires
considerable analog architecture for image classification (Figure 1), transforming a typical
imager input into a classified result using a particular NN algorithm (Figure 3), a convo-
lutional NN (ConvNN). The roots of these algorithms come from the modeling of visual
attention [20-33], Hubel and Weisel’s early primate visual cortex measurements and mod-
eling [34-45], and the resulting work on the development of spatial receptive fields [46-48].
These pyramid structures are similar to the local image correlations developed in visual
attention algorithms [27,30]. Often, the first layers of a ConvNN are similar to the adapted
solutions (e.g., Principal Component Analysis (PCA) [48]) for the LGN, V1, V2, and next
levels in the visual cortex. This creates a number of subsampled image features through lo-
cal convolutions with the same filter weights. The parameters are small and are not directly
dependent on the image size. An image convolution might be for line orientation, edge
enhancement, and higher-level features. It is common to see discussions of the receptive
fields for the first layer, similar to earlier developments looking at the formation of input
receptive fields (e.g., [46—48]). Successive subsampling of the structure enables some wider
form of position invariance for different image blocks. The ConvNN [49-51] has shown
significant capabilities over a range of datasets (e.g., CiFAR10 [52], BDD100k [53-55]).
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Figure 3. An analog architecture for the computation of a ConvNN with minimal intermediate storage
elements and communication. The input image is a scan of the pixels on the input sensor. Each layer
creates multiple additional images (e.g., line orientation) in that processing layer. The architecture
requires four different processing types. The first layer creates a number of new images from the input
image, resulting from different image convolutions. Most additional convolutional layers require
convolving multiple input images into a number of output images. One layer performs a convolution
that flattens multiple input images into a single vector. The last output layers are typical mesh-based
NN layers for converging to a desired output vector. For this 1Mpixel computation, the first layer
has a step of 4, and the 2nd—4th layers have a step of 2. The input clock frequency decreases with
increasing layers and a proportionally lower AWG programmed current, minimizing the energy
required. FG MOS transistor bias currents can be programmed from below 10pA to beyond 10pA.
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A ConvNN typically has two parts to the network (Figure 3). The first part builds
up multiple layers of multiple local receptive field computations (also called features),
typically arranged as parallel images. The second part is a set of fully connected layers with
traditional training of a multiple-layer NN. ConvNN algorithms often optimize the number
of network parameters (weights) while allowing the number of computations (MAC opera-
tions) to grow quite large. A typical ConvNN algorithm for a 1Mpixel imager (Figure 3)
requires 23GMAC. for an image, so running things at 30fps is a 0.7TMAC/s/W operation,
with the analog computation conservatively at 1I0TMAC/(s)/(W) or so. Algorithms of this
size typically require between 10M and 50M parameters (10.6M in Figure 3). The critical
tradeoff is between increasing the effective size of the receptive field by increasing the
number of layers [56] and increasing the per-layer size of the receptive field by decreasing
the number of layers. Biological networks have extremely large receptive fields in a single
layer, including the first layer of the visual cortex [57].

This single-chip FG-enabled ConvNN architecture (Figures 3 and 4) on a 28nm or
smaller CMOS IC benefits from a stable analog circuit capability that, once programmed,
will operate with minimal change over the entire IC lifetime. The architecture is based on
image-processing algorithms initially developed for FPAA devices and generalized for any
analog structure [2,58]. This application is an excellent analog architecture development
example (Figure 3), as the primary issue is the architecture and not analog numerics [59], as
image convolution applications (e.g., visual attention [27,30], ConvNN [50]) are known to
not require significant precision for their calculations, even with a time-sampled algorithm,
and therefore, these classes of problems are part of the analog benchmark formulation [60].
Many problems already consider analog numerics (e.g., linear equation solutions [61]).
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Figure 4. The process for a 36 x 36 input image with a 6 x 6 receptive field (kernel), resulting
in a subsampled 6 x 6 image that is streamed out, assuming no overlap between receptive fields.
If one computes multiple image convolutions with separate parameters, one will have multiple such
image convolutions.

The recent development of analog synthesis [62] and associated programmable analog
standard cells [15,16,18,63], coupled with the long history of FPAA development, makes
image classification architecture exploration a relevant technical approach. We expect that
a full IC design and measurements for this architecture will be described in the near future,
but a final design is beyond the scope of this discussion. These FG standard cells are
developed and experimentally measured across many IC processes (350nm, 180nm, 130nm,
65nm, 28nm, 16nm) [15,16,18,63]. Measured programmable analog standard cells for design
synthesis significantly reduces the risk of moving between a high-level analog architecture
built from multiple analog algorithms, as is typically expected when building large analog
computing ICs. Characterization data for standard cell libraries helps the designer decide
on the area and performance for a particular architecture design. High-Level Synthesis
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(HLS) tools that can start from our Python framework have been generalized to target
an existing FPAA device and develop the layout file (GDSII) for a custom IC using the
standard cell components. These tools improve the design of analog computing systems,
significantly reducing human resources and domain expertise due to the lack of automation
tools. This article will look at architecture questions that arise when building these ICs in
28nm and 350nm CMOS standard cells [18] and consider particular architectural tradeoffs.

This article focuses on the analog architecture (Figure 3) development required to take
an imager sensor output and compute a classified output, eliminating the need for any
intermediate data converters and minimizing the need for intermediate memory states.
The full architecture discussion starts with moving the data to locally stored parameters
(Figures 4 and 5) and enabling core architecture layer (Figure 1) development before dis-
cussing the entire architecture opportunity. The following discussion starts with developing
the first layer of image convolutions (Figure 4), which sets the foundation for later layers
(Section 3), followed by the next level of convolution of multiple images transformed into
the next level of images (Section 4), the transformation from multiple images through the
first fully connected layer (Section 5), and the final fully connected layers (Section 6).
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Figure 5. As an input image comes from a serial scan of a CMOS imager, the resulting computation
requires moving the computational elements of the input weights and the resulting multiplication
to match the incoming data to minimize the amount of stored intermediate data. Certain weight
coefficients would appear in the correlation with a subregion of an image. This effectively requires
supplying multiple programmable input waveforms with multiple pauses at just the right times.
Controlling an FG-enabled Arbitrary Waveform Generator (AWB) in a bank of integrating elements
(also short-term memory elements) computes the transform over a row of blocks. Selecting these
outputs at the right time creates matrices (P1, P») in the same scanned form as the incoming image,
allowing the same structure to be used over multiple convolutional layers. If the input scanned image
is a 3-color image, one would have three copies of these transformations, as seen in the next layers.

3. First ConvNN Convolutional Layer

Our architecture (Figure 5) moves the incoming image waveform near the memory
for processing. The image convolutions require the data to be moved to locally stored
parameters based on a row-by-row scan of an image (Figure 4). The output of an equivalent
image stream enables additional convolutions while minimizing the required overhead
and communication. The first-layer ConvNN algorithm is the foundation for the remaining
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ConvNN layers (Figure 5). The first convolutional layer creates multiple images from the
local convolution with spatial filter kernels, followed by nonlinear functions. The design
must minimize the memory and the distance from the memory to computation. One should
not have off-chip memory or even a large bank of on-chip memory. The system block has
three primary components: the Arbitrary Waveform Generator (AWG), the input switches
and differential-pair modulators, and switches into and out of the integrator blocks.

3.1. Arbitrary Waveform Generator (AWG)

A Floating-Gate (FG) Arbitrary Waveform Generator (AWG) enables the dense and
direct playback of a stored sampled analog waveform (e.g., [1]) that allows for presenting
the weight value when the input signal is present. The AWG allows a local waveform to be
applied right at a multiplying block, minimizing energy requirements due to the small ca-
pacitive load. One only needs to sequence a particular AWG (D = 0 for all clocking schemes)
when it is being used for a particular computation. The FG programming of the AWG
follows similar FG array programming techniques [1,64]. All FG cells should use direct
programming to minimize any V7o mismatch from indirect programming approaches.

Given a typical frame rate (e.g., 30fps) for a typical imager (e.g., 1 Megapixel, 30MSPS),
the digital computation operates nearly ideally compared to the rest of the circuit. Increas-
ing this sample rate by 10x results in the same conclusion. The shift register effectively
has digital gates driving nearly minimum capacitive loads; one could model the resulting
delay as a first-order response, where the time constant would be less than 100 ps for a
65 nm or smaller CMOS node. These D-FF elements can be dynamic latches instead of
larger static latches, as static hold is not required given the input clocking rate for these
blocks. A dynamic clocking scheme is more likely to be in pitch (Figure 6). These blocks
process continually (e.g., scanner), so a 1 output from the shift register should recycle back
into the shift register. The same infrastructure can be used for FG programming selection.
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Figure 6. A Floating-Gate (FG)-enabled Arbitrary Waveform Generator (AWG) enabling n parallel
output signals. (a) An FG AWG with a vector of available current outputs. (b) A shift register block
controls the AWG using a clock-controllable, shift register data input that is auto-regenerating in
a loop (always a single one in the register at a time), with an 1 output when the signal has passed
through the entire shift register. The shift register block uses either static or dynamic logic.

Digital computation is effectively ideal for this level of circuit modeling (Figure 7).
The speed required for digital computation does not need to be faster than the input data
clock rate. For this article’s examples, 30MSPS for a 1IMPixel imager results in the fastest
clock rate of 30 MSPS (30MHz). For a 350nm CMOS process, a 30 MHz clock rate for a
shift register, particularly a dynamic shift register, is quite easy to achieve, particularly as
we have built entire microprocessors (open-source MSP430) in this 350nm CMOS process
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that clock up to 50MHz [1]. For smaller CMOS processes, these frequencies get easier to
achieve. A higher sample rate or a larger image size (>1 MPixel) might eventually strain
the digital IC design, although these issues will likely not be the largest issues to consider.
The transmission of analog signals at higher clock rates will be a bigger question.

The FG input gate lines during computation are set by a digital multiplexor to the
global gate voltage (V;) or to V4, having a similar transient to the earlier digital switching
along this gate line. This line is typically short when built with FG-enabled standard
cells. The gate line drivers operate at digital speeds converging to V;, which goes to an
FG bootstrap current source to minimize temperature fluctuations (setting a ratio versus
setting a transistor gate voltage). The time constant for this line is small, given the digital
switching conductance. The AWG output line has a parasitic capacitance, primarily due to
the drain—source diffusion capacitance (C;; m-output shift register is mC;); the dynamics
of this line entirely depend on the output line circuits, as each transistor is effectively a
voltage-controlled current source with few additional dynamics or modeling concerns.
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Figure 7. A detailed block diagram and timing diagram of the image convolution process for a
single-image convolution. This system inputs an image that is communicated one pixel at a time like
an imager output and outputs the resulting convoluted image one pixel at a time. This transformation
enables multiple layers of similar processing, similar to a ConvNN. The drawing shows a network
with no overlap for image convolution (one output per window size) for clarity; additional window
outputs for overlapping windows require additional integrator stages and multiple AWG outputs and
differential pairs. Three shift registers (one in the AWG) select the right weight data to be processed
at the right output (integrator module) for the image computation, minimizing the amount of data
storage (the number of integrator elements). Nonlinear elements, such as WTA, sigmoidal, and ReLU
blocks, can be added before the multiplexing of a single output.

3.2. The Full System for the First Layer

The core system correlates the input signal with the desired weight value encoded
as a waveform (AWG block), first pixel by pixel and then on a slower timescale, row by
row. Although the AWG block and resulting outputs are straightforward, the remaining
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computation requires some consideration. The weights are reused for each subblock of
the original image, effectively repeating the played correlating waveform of the weights
(Figure 4). The AWG waveform output current goes through a source-coupled transistor
pair (Figure 7), enabling the modulation of the scanned input image signal. Clocking
schemes (Figure 7) should be as local as possible to minimize communication and minimize
clocking complexity. The shift registers can be dynamic shift registers, as the signals are
always moving during computation, significantly reducing the circuit complexity. The
“pause” and “Sel” are line-dependent clock-switching operations that roll the data in the
right direction. The output of these integrator elements can be followed by a Sigmoid, Relu,
or other nonlinear function (WTA, max pool) (e.g., [62]).

The detailed circuit (Figure 8) for the system picture (Figure 7) provides enough detail
to model the resulting circuit components, enabling system-level macromodeling.

D Out >
> Shift Register Image Stream Out
> Ck
Vaa Vg Vaa Vg v Vaa Vg
0 1 01 coe @
Ve Vaa Ve Vaa Vem Vaa —
‘|—A —|—‘ f - Integrate |
HooH —
¢ —‘ —‘ —‘ . L~ Integrate —
Vi Vi Vi
.
i g i :
i}—e —‘ ﬁ}—g —‘ o ‘“ﬁ —‘ | : Balanced
] I Integrate | bias # Differental
. . . — Amplifier
. .« o .
* ° . E— . GND A
Vaa Vi Vad i AN .
il 1l g/ Vimagein\ P
‘“4 4}4 o ‘“4 | j—%ﬁ J\ Integrate —
c 1 | 1] N )
el oL B e Bl ey N
AT 4T T Ca \. Va B ‘ o
GND GND GND Vref] A
A P S 4 VT Vout
image-in image-in ' =
e T = | Tl
GND GND -
Vv - vV "
il Vimage-in I - ou
— T—a\p —— [—GND I’?
7 C 8
Single-Ended Diff-Pair Balanced Diff-Pair v !
refl GND_GND

Figure 8. Detailed circuit development for the single-image-flow computing algorithm. The modeling
of the shift register follows a nearly ideal clocked digital system given the short interconnects
(capacitances), and the gate line drivers tend to be near digital speeds, converging to the global
gate line (V;), which goes to an FG bootstrap current source to minimize temperature fluctuations.
The multiplexor block is designed to drive the FG input capacitors; the small capacitances allow
near-minimum-size devices. The AWG selection switches include a current shunt to GND, so a
current is always flowing through the node to reduce additional state variables. The input voltage V,
into either the single-ended or balanced-ended differential pair is effectively a first-order low-pass
equation. The differential output current is then directed into one of multiple single or differential
current integrators, with the output signal buffered to the next computation layer. The amplifiers use
two integrating capacitors (C;) with corresponding reset switches. Amplifier B enables single-ended
signaling, and A and C enable balanced differential-pair signaling.

Differential-pair modulator: This circuit component finds the time constant to the
source (V) of the differential pair and the output of this differential pair. The AWG selection
switches (typically T-gates) connect to either the source node (Figure 8) or to a cascode
node connected to the reference (V,.r1) node (shunted to GND); therefore, the current is
always flowing and flowing near the same potential. Effectively, V, is an approximately
first-order system of the signal current (I) along the entire row capacitance (mCy) and the
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subthreshold source conductance of the differential pair or cascode (Ur/I) with a time
constant and/or required bias current:

mcd% ~I(t) — [th,pe(K(Vdd*mel)*(Vdd*Va))/UT

dt
av, I(t)  Av,
Tar dt UT ( Ibias —¢

o mCdUT - mCdUT

= —5 s dbias =
Ibias T

1)

where ;s is the normalized current for the AWG current outputs and is a function of
the bias voltages. V; needs to be 100mV or more below Vdd. For C; = 0.5fF (typical of
larger-linewidth CMOS processes) for a 20-stage AWG, setting T = 10ns for a 30MSPS
signal results in I = 25 nA. The resulting value for V, sets the signal modulation (Figure 8)
into differential output currents (I, I7) for the next stage. The sampled current source
from the AWG goes directly into a differential pair for modulation from the incoming
image. The differential-pair modulation can be a single input voltage or a balanced input
voltage around V,fy; the input can be an FG input if a larger input signal range (larger
linear range) is desired for the computation. Having an FG differential pair enables a large
linear range and potential offset control. Differential signaling results in a wider linear
range, although it requires additional signal handling. The signal comes from a waveform
generated by stored input currents, requiring one FG per storage parameter. An additional
offset current can enable some signal representations, such as four-quadrant weight times
input signal formulations (Figure 9).

o _Lvimage
g Te » " |Integrator
< . | 7 . .
g ref . :
S /
o Vaa (a) __»~ | Integrator
e ref*H
g "« »~ |Integrator
é 1mage : E
S A
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Figure 9. Comparison of two-quadrant and four-quadrant (signed weights) computation. The circuit
complexity between the approaches is small. (a) The modulating structure used in Figure 7 enables
two-quadrant computation with positive weights with unsigned input currents. (b) Four-quadrant
convolution behavior requires the small addition of a another differential-pair modulator and a single
FG current source. Other related topologies are possible depending on the designer’s preference.

The macromodeling of this computation considers the edge signal settling for a discrete
sample of the image or subimage rate. Analytically solving and predicting the solution
at the sample edge boundaries is sufficient and simplifies the modeling. The switching
going into the V,; node is an LPF that is under control on these timescales. Typically less
than 3% of the previous signal for aggressive sampling (3 T) shows up in the new signal, so
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one could macromodel it as an LPF on a sequence of coefficients. Slightly higher biases
eliminate the issue almost entirely, resulting in a smaller T for the image sample rate.

Selecting the integrator block: The differential output current is then directed into
one of multiple single or differential current integrators, with the output signal buffered to
the next computation layer (Figure 8). The differential current is integrated for part of the
cycle. An amplifier will be required to drive the output voltage of the integrator block, as
well as diminish the effect of some parasitic capacitances and match the desired capacitors.
Modeling the integrator output voltage (V,,t) through an amplifier (single-ended, Case B
in Figure 8) after a reset results in

v+ dlV- -V,
Cq T :1+,C1%:I*,VoutzAv(V+—V7)
d(V+ — V_Vout) . 1 dVou o+ —
Cl T, __C1(1+A71;) at =I"-1, (2)

This approach can extend to a balanced differential output (Case C in Figure 8). Additional
transformations are possible after these nodes, such as a tanh, Relu, WTA, subsampling,
or other pooling. After the target subframe has been completed, the integrating amplifier
outputs are sampled in sequence. The integrator only drives through the switch at the
end of the computation and does not affect the integration computation. An output buffer
minimizes the impact of the switches in driving to the next image transform layers. The
amplifiers would have FG biases.

These integration windows set the required bias currents, and that sets the average
current level for the AWG block. The bias current (I;,5) is a function (Figure 10) of the
imager size, frame rate, and receptive field overlap (K x K). The required currents will be
subthreshold currents (less than 1pA), simplifying the FG programming of these elements
and allowing the FG measurements to focus on this narrower range of computation [13].

0.6V integrating range / 120fps frame rate 1.5V integrating range / 60fps frame rate

Image Samples / Bias Image Samples /

Size K integrator Cy Current Size K integrator Cy Current

M 11  660kSPS  31fF  30.7nA ™M 11  1320kSPS  31fF  24.6nA
100fF  90.8nA 100fF  79.2nA
310fF  307nA 310fF  246nA

64k 5 76.8kSPS  31fF 3.57nA 64k 5 154 kSPS 31fF  2.86nA
100fF  11.5nA 100fF  9.22nA
310fF  35.7nA 310fF  28.6nA

16k 5 384kSPS  31F 1.79nA 16k 5 768kSPS  31fF  143nA
100fF  5.76nA 100fF  4.61nA
310fF  17.9nA 310fF  14.3nA

Figure 10. Bias currents as a function of architecture parameters, including the integrator capacitor size (C;).

The front-end switches going into the integrator clear the integrator. Eliminating
Charge injection adds additional complexity to the timing diagram. One side of the
capacitor switches is released early to have a constant charge injection voltages. The nearly
zero differential charge injection effect reducing the need for any modeling in that part of
the macromodeling process. The experimentally measured accuracy for sampled signals
is better than one would expect from SPICE simulations [65]. The integrating capacitor
mismatch (C;) affects both the integration results and the timing mismatches. The <0.1-1%
Cj mismatch between capacitors is well within the 8-10-bit range for the image convolutions
before the nonlinear element. This modeling moves the transistor model from a level = 2
into a single level = 1 model for the full modulator block to the integrator.
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4. Additional Convolutional Layers
Implementing additional layers of convolutional NN blocks (Figures 11 and 12)

requires the combination of input image streams from previous convolutions and cre-
ating, through convolutions and nonlinear operations, a set of output image streams.
A two-dimensional array of image stream convolutional blocks enables this computation,
where signal aggregation occurs over a row of blocks instead of a single block.

LN input image flows (e.g. 96, 256 x 256 images) |

\ \
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m input image flows (e.g. 256, 128 x 128 images)
Figure 11. Convolving multiple input image metrics in a scanned form together to form a number
of output images, also in a scanned form. After the first convolutional layer in a ConvNN, multiple
image metrics need to be convolved together. The computation uses the first image output (Figure 5)
at multiple differential-pair modulators, summing their weighting currents to aggregate each of the
input metrics in forming each of the output metrics. Each output is the flow of a separate image.

This architecture directly scales as a mesh of image convolution architectures that map
well in a two-dimensional architecture (Figure 12). The core blocks created in the first layer
continue to be reused for each additional layer and effectively become standard blocks
derived from programmable analog standard cells. Local clocking control further enables
these multi-dimensional convolution expansions.

Input
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Figure 12. The block diagram for the physical implementation of multiple layers of image streams be-
ing processed. The resulting architecture using these image streams is effectively a mesh architecture,
minimizing data communication through the processing of the ConvNN implementation, as well as
showing that the implementation easily fits into a two-dimensional architecture.
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5. Convolution to First Fully Connected Layer

The first fully connected layer must take in multiple small images to be correlated with
weight parameters into a single vector output (Figure 13). The weights required effectively
create a fully connected network with many AWGs for each input image. The output vector
will be computed at the frame rate of the input image (30fps — 30SPS). The programmed
AWG currents will be significantly smaller than previous stages to match the lower process-
ing speed. These blocks follow classic Neural Network (NN) layer formulations, greatly
simplifying the architecture into a meta-level mesh architecture.

N input image flows (e.g. 1024, 16 x 16 imag&)“

Imageln, Imageln, Imageln, !
| | | |
Correlating Correlating Correlating !
Module *‘ Module *** | Module *‘ \ée(t:tort o | E'
| | g h -
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Correlating Correlating Correlating i 2
Module *‘ Module ***| Module *‘ gﬁf;?]rt ) y 3 S
‘ f I . v, |
. . . . . Integration o 7
: [ : ) ’ [ . A  output
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Module *‘ Module **"| Module *‘ (\)/ﬁ(t:t%rt . [+ Output | > ,g] (;a\%e
| | } I ntegrgti on|" Yoy Integration | 5
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length-p vector (e.g. 4096)
Figure 13. The transformation and computation of multiple input image scan flows to compute
the initial block transformation for each image into a flattened single vector for the final or last few

classification layers. The output vector sampling corresponds to the sampling of the original image
(e.g., 30fps becomes 30 Samples Per Second (SPS)).

6. Fully Connected Layers

Additional fully connected layers are typical VMM computations followed by a nonlin-
ear termination, as these mesh architectures are the optimal design for these computations.
Computation will be at the image frame rate.

7. Analog ConvNN System Analysis

Given the entire architecture approach, one can evaluate the expected complexities
(Figure 3) for a single analog IC architecture (1M input, six layers) to compute a ConvINN
with minimal intermediate storage elements and communication. The input image is a
scan of pixels on the input sensor. Each layer creates multiple additional images that
provide metrics (e.g., line orientation) in that processing layer. The architecture requires
four different processing types. The first layer creates a number of new images from the
input image, resulting from different image convolutions. Most additional convolutional
layers require convolving multiple input images into a number of output images. One
layer performs a convolution that flattens multiple input images into a single vector.
The following remaining output layers are typical mesh-based NN layers for converging
to a desired output vector. For this 1 Mpixel computation, the first layer has a step of 4,
and the 2nd—4th layers have a step of 2. The input clock frequency decreases with the layer,
corresponding to a proportionally lower AWG programmed current to minimize energy
requirements. FG MOS transistors can be programmed with over 8 magnitudes of bias
currents [13]. This energy estimate would extrapolate to many deep ConvNN networks (50
to 100 layers) using <1W of power.

Given the architecture opportunities, tradeoffs in the neural networks should be
considered, given the on-chip analog computation. The programmable high-precision
(>8 bits) analog weights and the resulting computation go in a different direction from



J. Low Power Electron. Appl. 2025, 15, 37 14 of 29

many of the digital components” (e.g., GPU) precision towards 8-, 4-, and even 2-bit
operations. The architecture does not require any ADCs or DACs, unless users want to
data-log intermediate measurement results, typically a rare operation used when debugging
an algorithm. One tradeoff is between the length of the AWG and the number of integrators
in a single block; a longer-length AWG and the resulting 2-D receptive field result in fewer
integrator blocks. The integrator blocks typically require more area than the AWG for
typical implementations. This larger 2-D receptive field also entails tradeoffs between
increasing the AWG and reducing the number of required NN layers.

7.1. Intractable System-Level SPICE Simulations

The cost of a full-system simulation to understand image behavior translates to a
nearly intractable simulation for 1Mpixel and larger imagers, therefore requiring macro-
modeling for full-system understanding. The cost of performing a SPICE-level simulation
of this system for a 1Mpixel, seven-layer, 50M-parameter-level ConvNN image classifier at
30fps with 20 x oversampling for a second of image data requires roughly 400T (4 x10'%)
transistor evaluations. Assuming a very high-performance digital computing engine,
one expects 10 us per transistor evaluation, resulting in 400Ms (4 x10%s), or 127 years.
Even 2000 multi-processor nodes with memory and perfect communication would require
23 physical days for one single computation. Simulating a small system typically misses
most of the architecture-level issues, and given that architecture issues are a critical concern,
a typical SPICE-level simulation is essential. The ability to perform a fast, high-level analog
simulation is an open problem that will hopefully be solved in the near future [66].

7.2. Robust Analog Computation in the Presence of Environmental Conditions

Analog computation can have long-term stability and be weakly affected by environ-
mental factors. The wide use of SoC FPAAs requires a robust analog circuit infrastructure [1]
that would be shared for this FPAA structure. The FG-device- and circuit-enabled Neural
Network and related concepts have been stable from their inception [9], through adaptive
NN [67], through VMM + WTA classifiers [1], and beyond.

The elimination of mismatches through precise programming is an essential part of
any analog computational architecture. FG circuits have experimentally demonstrated
long-term stability and long-term (industrial maximum standard of 10 years) < 100V
precise, near-single-electron programming (e.g., 14 bits in FPAAs [1,13]). FG devices have
been experimentally demonstrated in standard CMOSs in every CMOS process, from 16nm
CMOS (FinFETs) through 2 p CMOS devices. This FG-enabled implementation has no
stochastic conductance fluctuations, typical of RRAM and other nonvolatile devices.

After eliminating transistor mismatch through precise programming, potential envi-
ronmental issues can be addressed. Some FG circuits are only a weak function of temper-
ature [11-14]; a programmable bootstrap current source would have 200 ppm [12], and
offsets under 1 mV are compensated over a wide temperature range (>100K range) [11].
VMM computations had 8-10-bit accuracy over a wide temperature range (>50K range) [5].
FG programming can eliminate mismatch, and this has the side benefit of further reducing
any V;; variation effects. Although some physical implementations are highly temperature-
sensitive (e.g., only operating over a 1-2 C range [68]), these are the circuit design choices
when there are alternative circuits with weak temperature dependence [14]. This architec-
ture tends to be insensitive to power supply voltage changes. Besides the careful FG-enabled
bootstrap current sources setting the core circuitry, all pFET FG devices and terminals
(e.g., source and well) are referenced to the operating V;;. As the supply moves, so does
the FG, with no overall circuit effect, as seen in multiple FG implementations (e.g., [69]).
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In practice, many mismatched-removed analog circuits (e.g., FG programming) rou-
tinely have 50-80 dB (8-12-bit) SNR (e.g., [1]). In transistor-based circuits, noise is effectively
a combination of thermal noise and Flicker (1/f) noise [70] and will often practically depend
on capacitance sizes (kT/C noise). Flicker noise is typically seen at lower frequencies and
is only an issue in the integrator blocks. Analog numerics [59] and multiple circuits have
been measured with SNRs of 10 bits or higher for many years (BPF, VMM [5], etc.).

Multiple demonstrations of these programmable capabilities across multiple IC mea-
surements are not only essential for analog computation but are the way to perform a careful
analog architecture study without having full-system-level IC fabrication measurements.
An important goal of these efforts is to enable similar well-founded architecture studies
going forward. The system macromodeling becomes like an idealized approach as the
analog IC programming and techniques for good temperature behavior are well controlled.

7.3. Detailed System Analysis for a Convolutional Network Layer

The detailed architecture can be modeled for different image sizes, frame rates, recep-
tive fields, and resulting overlaps. The process from a single image input convolutional
block to a single convolutional block output with a given imager sampling time (T), im-
age size (width (W) x height (H)), receptive field (kernel) size (K), and receptive field
spatial sampling overlap (K,,)/outputs per receptive field (M) results in a single-stage
delay of W x K x T, while the pipelined delay is negligible. Typically, one has many input
subimages (S) for the convolution. The convolution block requires
e K, of K x K AWG blocks;

e (D/K)M? integrators;

e MZ?K,y Diff-pair;

2R + (W/K) M shift register blocks.

For a layer with R =12, W x H = 1000 x 1000 running at 30fps, and T = 33ns (30MPS input
rate), the resulting single-sample delay would be roughly 0.3 ms. If there are multiple

images, the results are output in parallel, so just one delay value for the layer. The delay
from the pipelined computation is nearly zero.

The required area is primarily a combination of the AWG system, which has an R x R
weight size; the FG multipliers; the controlling shift registers; and the integrator modules.
The resulting convolutional area (A¢pv) becomes

Aconv = AdirectK2/8 + AmodMZKov + Ainteg(W/K)Mz + Ashift<2K + (W/K)M) ©)

given the area of the programmable analog standard cell (e.g., 130 nm and 65 nm [15,16]),
the direct 4 x 2 SWC cell (Agjrect), the modulator as a modified FG input differential pair
(Apod), the integrator cell (Ajyeq), and the shift register cell (Agp;f;). We will look at these
examples for 28nm and 350nm CMOS standard cells, and the results will be published in
the near future. Assuming a typical 28nm CMOS process, one can estimate the resulting
architecture size for this technology node; by using standard cells for another technology
node, one can equally predict the resulting die area (Figure 14).

The required energy for this convolutional structure depends on the programmed
currents that charge and discharge from the required capacitors. The energy does not
include the energy for the single-output buffer, as that structure is dependent on the routing
for the output load. The power for the AWG computation is

IK*C,;V Ur

Py = IyigsVag = pm
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which requires current from all AWG rows because the circuit switches between active
rows. The source-drain capacitance (C;) for a single stage sets the response. The differential
amplifier modulator power is already included in this total power. The integrator power
models the amplifier, addressing the output capacitance as well as the feedback capacitance,

(C1 4 Cp)Vyg2Ur

P, = IhiasVdd = KT

modeling the integrator capacitance (C;) and load capacitance (Cy). The switch resistance
would be smaller than the driving current, so it is negligible in this analysis. The power
required for the shift register with the resulting small capacitors is negligible compared to
these other computations. The total consumed power would be

C+ CL)VddZUT
KTy

2

P =KP; 4+ (W/K)M?P,; P =
and assuming T and 71 due to the same clock, we get

1% 2
P = %UT <R2Cd + (W/K)M?(Cy + CL)K>,

showing the total capacitive load for the computation. FG elements are minimally pro-
grammed for the resulting delay. This model allows tradeoffs in terms of R (Figure 14).
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Figure 14. The tradeoff of the estimated area and power with the receptive field size (R). The plots
show area and power, as well as the inverse of area and power. Showing the inverse of area and power
shows the breakpoint for trading off R for improvements in area and power. A larger R tends to also
decrease the number of layers in the ConvNN structure. The input image was W x H = 1000 x 1000
with the following parameters: S =1, M = 2, T = 10ns for 30MSPS, C; = 1fF (changing the capacitance
to 0.25fF had a nearly negligible effect), C; = 50fF, C; = 50fF, and xp = 0.75. Vjz; is 1V. Area and 1/area
computational estimates as well as power and 1/power computational estimates show the strong
impact of integrator elements and demonstrate that increasing the receptive field size significantly
decreases the required integrator area and power.

The tradeoff with K for area and power leans strongly towards larger R for an indi-
vidual correlation (Figure 14), not to mention that it likely reduces the number of required
layers for the implementation. The last layers, which are flattened NN layers, have a
straightforward tradeoff in terms of size and power. Ideally, one does not want a long se-
quence of minimal-size (3 x 3 receptive field) convolutions, and the experience from visual



J. Low Power Electron. Appl. 2025, 15, 37 17 of 29

attention networks shows that networks can have fewer layers when using larger receptive
fields. These discussions were clear in the earliest of NN implementations, where multiple
layers were used with small receptive fields to build layers with larger receptive fields,
trading off the receptive field depth and weight complexity (and number of levels) with
the number of layers (e.g., [50]). Early approaches like edge detection still work when only
spanning part of the image for a robust kernel, enabling similar translational invariance.

This model enables the modeling of an entire network in terms of its area, power cost,
and non-pipelined delay given a target ConvNN architecture (Figure 15). Images are often
subsampled for each increasing layer, resulting in a lower sample rate and typically lower
power for each resulting layer. A 1M image that decreases to a 512 x 512 image goes from
30MSPS (30fps frame rate) to 7.5MSPS (same input frame rate). The first layers would cost
the most in energy because they have the highest initial frame rate, etc.

(a) First three layers
Input Image Size  InputImages OutputImages Receptive Field Field Overlap

Layer 1 1000% 1000 1 96 8 2
Layer 2 256 %256 96 256 8 2
Layer 3 6464 256 384 8 2

(b) First-three-layer computed performance

Area (mm?) Power (mW) Parameters (M) MACs (GMAC(/s))

Layer 1 2.683 17.61 0.0062 11.52

Layer 2 8.848 12.04 1.57 193.27

Layer 3 28.638 4.54 6.29 48.32

Sum 40.17 34.19 787 253.11

(c) Modified last-layer parameters
Layers 4and 5 Area (mm?) Power (mW) Parameters (M) MACs (GMAC (/s))
Wand H R/M I Layers 5, 6,7 Layers 5, 6,7 Layers 5, 6,7 Layers 5, 6,7

Case 1 16, 4 8/2,4/1 192,2048 21.02,28.15,7.77 0.58,0.79,2.75 4.72,6.29,2.2 2.265,0.189, 0.066
Case 2 16,8 4/2,8/1 192,2048 8.53,95.55,7.77 1.1,0.9,2.75 1.18,25.17,2.2 22.6,7.5,0.66
Case 3 16,8 4/2,8/1 512,4096  22.7,506.1,30.4 3.1, 1.6, 3.15,134.2, 8.59 1.61,

(d) 7-layer network summary

Area (mm2) Power (mW) Parameters (M) MACs (GMAC(/s))

Case 1 97.1 38.3 21.1 255.6
Case 2 152 39 36.4 256.2
Case 3 599.4 49.8 153.8 263.4

Figure 15. Architecture tradeoffs for a 7-layer ConvNN with significant receptive fields for each
layer using 28nm CMOS standard cells. For these and other 28nm computations, C; = 5fF, C; =
0.5fF, C; = 50fF, x,, = 0.75. (a) Parameters for the first three layers. (b) First-three-layer computed
performance (area, power, computations, and parameters). (c) Modified last-layer parameters.
(d) Seven-layer network summary.

From this modeling process, one can see the effects of different architectures on
area, power, network parameters, and computations (Figure 15); the primary effect is the
need to minimize the number of integrating stages, where more parameters with fewer
integrating stages result in a more efficient (area and power) implementation. One can
start by considering a seven-layer ConvNN implementation with a wide receptive field
with common first-three-layer implementations (Figure 15), typically corresponding to the
particular system’s LGN, V1, and V2 layers. The cost of the first layer and the resulting
number of integrator blocks operating at the full sample rate can be seen by the high energy
cost of Layer 1 (17.61mW) with 96 outputs vs. the cost of Layer 2 (12.04mW), which has
256 outputs; the integrators and the number of outputs set the implementation cost. The
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resulting higher energy results in a lower overall energy efficiency for the first layer due to
the integrator cost. Changing the receptive field width or increasing the number of output
images in the fifth layer can cause significant increases in energy and area, sometimes
enough to make a full ConvNN impractical on a single IC. A simple shift in the receptive
fields in the fourth and fifth layers (Case 1 to Case 2) resulted in a 1.73 X parameter increase
and a 1.57x area increase. Increasing the number of layer-5 output lines with this change
resulted in a 4.22 x parameter increase and a 3.9429 x area increase.

Many ConvNN implementations use 25-50 layers or more, such as what one sees in
ResNet networks [71]. These ConvNNs use small receptive fields (3x3) to parallel efficient
digital pyramid computations (e.g., [71]) to create groups of receptive fields similar to
attention processing, as subsampling only occurs in groups of layers, as seen previously.
The attention networks originally used these pyramid computations to computing spatial
receptive fields (difference of Gaussians) for efficient low-bit precision FPGA implemen-
tation [30-32]. As many operations are considered convolutional layers, a more careful
definition would be that a layer performs a spatial convolution and spatial compression
before a set of nonlinear operations (ReLU, Softmax) that can extend over multiple pixels.

How does modifying the receptive field change the resulting network size? The human
visual system, which is far more capable than any ConvNN implementation, has fewer
than 50 layers. A careful study of this approach would require training multiple networks,
and that would be beyond the scope of this discussion at this time. The resulting architecture
significantly increases in area and power when moving towards smaller receptive fields
and many layers (Figure 16), typical of performing a pyramid computation to build up
a desired receptive field. When changing our networks from wider receptive fields to
many layers of narrow receptive fields (Figure 16), one does not have a large change in the
number of parameters, but the number of layers changes significantly. The larger receptive
fields require higher-resolution computations, both in the weight multiplication to build
more complex receptive fields and in the intermediate computations before the nonlinear
functions (ReLU, SoftMax). The analog computation described in this discussion enables
both higher stored precision as well as higher computation precision, resulting in a lower
number of layers, and potentially resulting in more manageable training requirements, as
well as reducing the required network complexity (as in ResNet architectures).

AverageR /M | Area (mm?) Power (mW) Parameters (M) MACs (GMAC(/s))
7-layer network 8/2 97.11 38.3 21.08 255.6
11-layer network 4 /2 259.96 98.49 35.8 534.64
19-layer network 3/1,3 397.1 168.61 35.2 630.71

Figure 16. Comparison of different ConvNNs varying in the size of the receptive fields and inversely
modifying the number of ConvNN layers. The 7-layer network is the Case 1 network (Figure 15).
Area and power rapidly increase or decrease with a smaller layer footprint, with only a moderate
change in the number of parameters; some increase in GMAC (/s) with a higher increase.

Using a different programmable standard cell process (350nm compared with 28nm
CMOS) illustrates further tradeoffs between these structures. As a 350nm CMOS imple-
mentation would not realistically handle a 1MPixel model, one might look at a smaller
ConvNN input, such as a 32 x 32 Cifar model (10 outputs). This circuit model can fit in a
5.7mm x 5.7mm die (Figure 17). If one uses 28nm CMOS standard cells, the area (33x) and
power (4x) decrease. Further tradeoffs for a (Figure 18) 350nm CMOS mode are possible to
build a classifier that can reach a wide range of projected die sizes, including the tradeoff
on the number of convolutional layers.
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Layer1 Layer2 Layer3 | Layer4
Image 32x32 16x16 8x8 4x4
Receptive Field Size 8 8 8 4
Overlap 2 2 2 1
Input Images 1 32 32 32
(a)
Layer1 Layer2 Layer3 Layer4 Layers5and6 Total
Area (mm?) 1.84 10.5 10.2 10.2 0.59 33.33
Power mW)  0.73 0.37 0.19 0.2 0.2 1.89
Parameters 2048 66k 66k 66k 53k 252k
MMAC(/s) 3.93 31.46 7.86 1.97 1.19 46.41
(b)
Layer1 Layer2 Layer3 Layer4 Layers5and6 Total
Area (mm?) 0.051 0.32 0.31 0.31 0.02 1.01
Power (mW)  0.19 0.096  0.0495  0.052 0.048 0.44
(c)

Figure 17. Modeling a 6-layer ConvNN for 32 x 32 input images, such as Cifar10, with 10 output
signals for two IC process nodes, showing the architectural comparison between two process nodes.
(a) Network parameters for the two cases. (b) Modeling for a commonly available 350 nm CMOS
process. (c) Modeling for a commonly available 28nm CMOS process.

8. Summary and Discussion

Architecture design is essential, as energy-efficient analog computational elements are
not sufficient for all analog problems. All weights are stored on-chip and locally near the
components as part of the Arbitrary Waveform Generator (AWG). No data is loaded from
anywhere else. No intermediate ADCs are required for any of the intermediate data. Data
converter components are large; the resulting memory would be costly, and the resulting
accumulation in digital form would make the accuracy even lower. Analog programma-
bility is both necessary and achievable in an analog CMOS. The approach minimizes data
movement throughout the chip. This original architecture approach originally appeared as
an FPAA concept and an is important analog benchmark problem [60].

Conv  Image Subimage Receptive =~ Area  Power Params MACs
Layers Size (WxW) Sizes Field Size (mmz) (mW) ™M) (MMAC(/s))
4 [3216 84] [13232321024384] [8884] 106 5.8 0.67 72

3 [3284] [132 321024 384] [884] 95.4 55 0.61 40

3 [328 4] [13232384256 ] [884] 434 2.26 0.27 21

2 [328] [132 384 256] [88] 106 2.2 0.79 31

2 [328] [132 128 256] [88] 36.6 1.23 0.27 14

2 [32 8] [132 96 256] [88] 28 1.11 0.20 11

2 [328] [132 64 256] [88] 194 0.99 0.14 9

Figure 18. Potential network tradeoffs for a 350 nm CMOS ConvNN. Networks are all assumed to
run at 30fps when implementing a Cifar10 problem with single-input intensity (grayscale) images
with a 32 x 32 input image and classification into 10 categories. The last item would fit within an
area smaller than 20mm? (4.3mm x 4.3mm).

The following subsections discuss multiple topics resulting from this architectural
work, including a summary of the opportunities for on-chip learning (Section 8.1) as well
as a comparison of these architectures with architectures heavily relying on external digital
memory (Section 8.2) and a comparison with other analog architectures (Section 8.3).

8.1. Opportunities for On-Chip ConvNN Learning

Although this discussion does not focus on learning for these networks, this architec-
ture discussion invites the question of how to design efficient on-chip learning algorithms,
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enabling the local, personalized training of these networks and reducing the energy re-
quired for training and decreasing the high energy load of commercial servers [72]. A full
ConvNN learning architecture is beyond the scope of this article, but an overview of what
is possible sets the table for future discussions.

The straightforward part of this architecture is the learning in the last two layers, as
those flattened vector layers could be trained using continuous-time LMS (and backprop)
FG learning (e.g., [2,67]). Continuous-time adaptations, starting from early adaptive sys-
tems with discrete components (e.g., [73]), have superior convergence compared to discrete
adaptations with fewer constraints for convergence [74] and can have adaptations continue
without worrying about numerical instabilities for any adaptation time [59].

The initial training for the first layers would use local PCA or Independent Component
Analysis (ICA) to find the weights for early convolutional layers, as demonstrated previ-
ously [48]. The first layer would use PCA/ICA, say, over the 11x11 receptive field images
that are expanded into a 121-length vector, and the initial weights would be the largest
or most relevant 96 cases (of 121). The next layer would take the resulting 96 subimages,
which are broken up into 5 x 5 images and expanded into a 25-length vector with all
96 subimages, resulting in a 2400-length vector. One would perform a PCA of these subim-
ages and take the most significant 256 of them, where one has the resulting 5 x 5 block for
each subimage, again relating to the subimage formation seen in multiple cases ([48,75]).
The intermediate layer is similar to the output of the last two layers, but the input would
be more typical of the LMS layers. The approach for these layers might be to have a custom
analog IC PCA/ICA computing engine for this computation (e.g., [76-82]) or a parallel
digital computation, evolving the weights starting from the first layer to the last convo-
lutional layer, as is typical for theoretical formulations [48]. The resulting eigenvectors
give the starting receptive fields and are likely sufficient for most ConvNN algorithms,
particularly as the specifics of early layers that project to a high-dimensional basis can have
high variability for good network performance (e.g., [83,84]).

If one wanted to perform additional LMS training of the input convolutional layers,
one would modify the AWG to enable local adaptation. When a weight is being selected,
there is a current in one pFET device, so modulating the drain voltage during injection with
the input signal would give the desired LMS adaptation. This approach would use indirect
PFET injection using a second pFET transistor in the AWG to modify the injection current
during learning. Tunneling can be used to normalize the response in multiple approaches.
The learning rate can be arbitrarily slow to average over an entire epoch. One must be
careful with long training sequences in a form typical of digital training, as training is a
sampled time system, although with some properties of continuous ODE training. The last
layers can continue to continuously adapt while adapting a particular convolutional layer.

8.2. External Digital Memory ConuNN Architectures

The often used analog computing approach that liberally uses digital memory loses
most of the analog computation advantages because of communication costs, as well as data
conversion costs. The heavy digital infrastructure couples a small analog computation block
with a Huge memory bank that stores the input and significant digital control to this analog
co-processor. Storing a full image in the memory and operating on that memory creates
a costly solution, whether in the analog or digital space. Routing lines create additional
communication lines, resulting in additional costs, particularly in digital approaches.
Digital memory for storing intermediate results also results in ADC and DAC energy
and complexity costs in the algorithm. When solving problems that require moderate
weight precision (>4 bits), all of these costs are significant. Some approaches simply use
an analog VMM-type array, either entirely in Si [85] or with memresistive devices [86],
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where the analog computation is performed by a small co-processor with a wide range of
digital circuitry. In these cases, the analog computation improves performance, but the
digital architecture still dramatically limits what is possible. Some architectures can be
improved by moving the digital memory closer to the analog computation [87], including
through efficient DAC structures [88], although these techniques are limited by digital
communication and data storage.

Although the use of external digital memory creates significant energy and complexity
costs for a system, it is still the dominant implementation approach. In all of these cases,
the cost of the external FPGA (e.g., [89]) and/or external memory (Figure 19) is never
considered, nor is the cost of communicating with these systems; sometimes the system
requires a host computer (e.g., [89]). One incurs the cost of moving intermediate subim-
ages and moving weights as well as other parameters throughout the computation. The
approach is improved by having an on-chip microprocessor (e.g., ARM Cortex M [90]) if
all of the memory for the microprocessor and all of the processing is available on-chip,
which rarely happens. Scratchpad SRAM does reduce these issues (e.g., [90,91]), but to
a level where it reduces off-chip communication; all off-chip intermediate computation
must be eliminated, even for mostly digital computation. The cost of requiring off-chip
memory (e.g., [89-91]) far exceeds that of all other metrics, making any comparison of a
complete on-chip structure with local communication (this work) with such structures not
meaningful. Until these aspects are seriously approached, any real metric comparisons
will be dominated by these external components. Some have claimed that early low-power
image-processing implementations suffered from this situation [92-97]. Often we have
no data on the resulting system cost, as it is not given in sufficient detail to evaluate. Our
approach entirely avoided these issues for large-size images, only requiring low-speed
digital outputs of the image class(es).

ConvNN IC(s)

CiM (Analog,

FPGA SRAM, etc)

Weights Digitd <«— Interfacing
Subimages| Control /

System | Compute

el | Cool | T o
igi
Memory (scratchpad)

Figure 19. Typical ConvNN implementation using large external memory and additional digital
control blocks.

Some users will extend the heavy use of external memories to enable larger compu-
tational functions, including how a given component technology, such as a VMM CiM
block (Figure 19), could be used for image processing. When used as a demonstration
of potential image computational capability [98], these techniques are justified. If one
makes claims about system specifications of energy efficiency and efficient architecture
approaches [99,100], such claims and the resulting specifications are stretched beyond what
is reasonable, as including the digital infrastructure is necessary as well as defeats the
positive aspects of what is being demonstrated. These techniques lead to the misguided
approach of considering the analog CiM as a co-processor with high-cost data converters
between steps, rather than using an architecture that optimally uses the analog and digital
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components for their advantages. In this discussion, we only have VMM CiM computation
for the final layers; in the other layers with VMM-related computations & the AWG block
is a small and efficient piece of the wider computational architecture.

Often these structures are designed with very low-precision components and compu-
tation (e.g., 1 to 4 bits), using many NN layers to enable a higher-precision classifier. One
might use a lower bit precision because the storage and computing device (e.g., synapse)
components only have a limited precision (e.g., [99,100]), or one is considering a digital form
of CiM with a limited form of analog computation [89-91] for intermediate distributed com-
puting [101]. In general, IC designs do not start with reading the sensor output, but rather a
parallel input of the vectors, already assuming there is memory for data reordering [89-91],
missing an important architectural issue. The memory bottleneck, usually downplayed
in such implementations, usually gets mentioned, such as internal transfers in the IC ac-
counting for more than 50% of the energy requirements [89] or the high amount of energy
required for off-chip DRAM access [91]. Often VMM operations have only up to 4-bit
outputs, requiring small 4-bit flash structures (e.g., [91]), DACs and ADCs for conversions
(e.g., [90]), or other simple nonlinearities to move the data back to a digital format. The
assumption is that the output images, often just labeled as activation functions [89,91],
are a single bit, and rarely more than 4 bits. The situation gets more complicated when
dealing with nanodevice structures (e.g., PCM), as one requires DACs to supply each input
signal, requiring off-chip or on-chip memory access, and also incurs costs in reading the
image output from the image sensor and storing it in memory before transferring it to
the DACs (e.g., [99]). This effort not only excludes these resolution constraints for a full
analog architecture but also keeps all processing on a single IC with only very local on-chip
communication for these analog signals.

A large number of intermediate pyramid layers, originally developed for putting at-
tention networks on FPGA devices [30-32], enable useful low-bit input, weight, and output
resolution. Attention networks used multiple layers of small receptive fields (e.g., three)
with minimal overlaps (e.g., one) in what was drawn as a pyramid [30] for computing
spatial convolutions for the difference-of-Gaussian weighting for linear transfer functions
to near-linear transfer functions for creating salient features. Using this structure would
enable computing a single one-convolution layer with a deeper receptive field that would
require higher precision for a number of low-bit precision (and therefore FPGA-friendly)
computations before computing a softmax function. Given that analog processing allows
for both higher resolution and wider convolutions, these approaches are not necessary and
not beneficial for either building attention networks or building ConvNNs.

The difference-of-Gaussian function corresponds to neurobiological measurements
of oppositional cells, often called on-off cells, that look for differences within an image or
between two images (e.g., Red and Green images), and different receptive fields correspond
to different spatial extents of these difference operations. One expects these receptive fields
from Linsker’s original work [46—48] from the first processing layer due to natural input
image statistics; if the input image statistics are different, one expects them to converge to
different basis functions, and these functions are what one expects from explicit training of
a deep network. The use of softmax blocks in vision processing has part of its roots in these
computations, and that, in turn, has its roots in WTA operations for image operations.

8.3. Comparison with Memory-Efficient Analog ConvNN Architectures

This ConvNN implementation compares favorably with other potential analog archi-
tecture implementations (Figure 20). All of the competitive analog architectures include a
form of image streaming through the layers to minimize the resulting storage and commu-
nication. For this discussion, we will make comparisons using 28nm standard cells, with an
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FG element density of 28.3M per cm® and an integrator and S/H density of 1.96M per cm?.
The next paragraphs discuss four alternate approaches (Figure 20), where each case results
in larger networks and higher energy costs from the algorithm in this discussion.
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ConvV  Image Subimage Receptive ~ Area  Power Params MACs
Layers Size (WxW) Sizes FieldSize (mm?2) (mW) ™M) (MMAC(/s))
4 [3216 8 4] [13232321024384] [8884] 106 5.8 0.67 72
3 [3284] [132 321024 384] [8 84] 954 55 0.61 40
3 [3284] [13232384256 ] [884] 434 2.26 0.27 21
2 [328] [1 32 384 256] [8 8] 106 2.2 0.79 31
2 [328] [132 128 256] [838] 36.6 1.23 0.27 14
2 [32 8] [132 96 256] [88] 28 1.11 0.20 11
2 [328] [132 64 256] [8 8] 194 0.99 0.14 9

(e

Figure 20. Alternate ConvNN implementation image-processing architectures. (a) The typical analog
computing approach with a small analog computation block with a Huge memory bank that stores
the input image and intermediate results with significant digital control of this analog co-processor. (b)
One could read an imager output into a long S/H block for the initial input convolution (11 x 11 local
correlations) for all of the subimages. (c) The transform imager architecture for the first two ConvINN
layers using efficient on-pixel computation. (d) Image convolution using an Address Event Representation
CMOS imager and the resulting computational layers. (e) The complexity count for the first two layers of
different implementations assuming 11 x 11 input convolutions and 5x5 next-layer convolutions.
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Analog S/H for the Convolutional Blocks: One could read an imager (1024 x 1024)
output into a long S/H block for the initial input convolution (11 x 11 local correlations)
for all of the subimages (Figure 20b). Most of the cost of this implementation is in the
S/H blocks; decreasing the S/H from 1000 x 11 to 1000 x 1 requires integrators for each
basis block, effectively requiring more integrator blocks. This implementation requires an
amplifier per output line to at least finish the VMM output. The approaches fall into two
options. Option 1 uses one basis function and uses that basis for each of the items. Option 1
has the same number of parameters and FG elements per layer as our defined architecture,
although it requires further analog S/H elements for each of the basis functions for the next
entire correlation window (Layer 1: 96 basis, 256 x 5; Layer 2: 256 basis, 128 x 5). Option 2
uses multiple parallel basis functions, with less S/H and digital control logic required for
this implementation. The architecture must store the entire band for the next convolution
for each of the next images. This architecture approach becomes more attractive for layers
with small receptive fields (e.g., 3 x 3), although it still remains more costly than the
proposed architecture.

Transform Imager Architecture: Modifying the transform imager architecture
(Figure 20c) enables the efficient use of on-pixel computation that can extend to further
layers. This metric is the only one to include the cost of CMOS imager processing. The first
ConvNN layer directly uses the transform imager architecture, although having multiple
output subimages requires multiple outputs for each pixel. Two-to-four-pixel multiplica-
tion could be performed roughly in an amplifier standard cell; each pixel would be roughly
24 amplifier standard cells for the signal multiplication. The second layer continues with
a similar flow of VMM computations between the input (e.g., 96) subimages and output
(e.g., 256) subimages. The interface between the output of the first layer and the modulation
for the second layer would require the storing of a partial image, effectively requiring an ana-
log S/H block for the correlation layer to allow the approach to continue to stream forward.
For an 11 x 11 convolution on a 1024 x 1024 pixel imager, one expects 11 x 1024 driving
amplifiers as well as output amplifiers for this structure.

Event Image Architectures: An Address Event Representation CMOS imager has

the potential advantage of efficient, low-bit-rate communication for vision applications
with sparse moving image streams. Although many implementations take the form of
(a), with all of the great digital communication and storage costs, a solution could use
a full two-dimensional array of neurons (Figure 20d), typical of what is seen in neural
architectures. Every neuron will require at least a neuron that we conservatively model as
a single TA standard cell, as well as synapses for the convolutional block. Although some
of these neurons could be dynamically allocated (with significant digital overhead), one
likely expects that real applications will typically activate more than 10% of the neurons at
any one time.
Analog-Friendly Physical ConvNN Implementations: This discussion starts to formulate
what an Analog-Friendly implementation is. Since the start of NN implementations and
their potential analog implementations, often the phrasing has involved finding an analog-
friendly NN implementation. The convolutional NN structure illustrates the tradeoffs
and what works given the current analog implementation, particularly with standard cell
frameworks, FPAAs, FGs, and programming.

Utilize higher-resolution weights: Analog is not imprecise or, at least with FG elements,
does not need to be imprecise. Analog multiplication has a resolution. NN computation
for VMM s requires the least in analog numerics of many operations, so one expects better
digital dynamics, and yet, the analog approach maps well, as expected by analog numerics.
Analog can be 1-bit as well as 14-bit with little difference in the inference computation.
The original networks were developed as ways to make networks work for digital compu-
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tation, particularly in FPGAs requiring low precision, compensating for resolution with
multiple layers. No surprise approaches allow for low precision, and yet, other approaches
are possible.

Minimize local memory/integrating memory: Memory is larger than a MAC unit, and
more memory results in larger amounts of communication.

Parameters must be local: Minimize communication costs.

Larger receptive fields over more layers: Parameters are not everything; computation is
also important. The summation of coherent signals improves the SNR with multiple items.

Minimize communication and MAC cost: Analog rapidly decreases the local MAC cost.
Minimizing the number of layers helps in this direction.

These concepts enable not just efficient local computation but also efficient system-level im-
plementations.
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