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Charge-Mode Parallel Architecture
for Vector—Matrix Multiplication

Roman GenovMember, IEEEand Gert Cauwenberghslember, IEEE

Abstract—An internally analog, externally digital architecture « YOI
for parallel vector—-matrix multiplication is presented. A three- 24 I
WON-D
) o

[ I
transistor unit cell combines a single-bit dynamic random-access n W(O’O) ] W(o,x)
memory and a charge injection device binary multiplier and «
analog accumulator. Digital multiplication of variable resolution I 1 v I

is obtained with bit-serial inputs and bit-parallel storage of matrix H L0 - LD - H WA
elements, by combining quantized outputs from multiple rows of .
cells over time. A prototype 512x 128 vector—matrix multiplier on
a single 3 mmx 3 mm chip fabricated in standard 0.54+m CMOS Ce R R
technology achieves 8-bit effective resolution and dissipates 0.5 pJ « ¥
per multiply-accumulate. ” 1
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Index Terms—Analog array processors, analog-to-digital con- WL
version (ADC), charge-injection device (CID), dynamic random-
access memory (DRAM), support vector machines (SVM), vector—
matrix multiplication (VMM), vector quantization (VQ). x© x x®Db
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|. INTRODUCTION
o . . . Fig. 1. General architecture for fully parallel vector-matrix multiplication
EAL-TIME artificial vision systems for interactive (vMm).

human—machine interfaces [1] incur a significant amount

of computation, in excess of even the most powerful processgfere each processor performs one multiply and locally stores
available today. One of the most common, but computationalype coefficient. The advantage of this is a throughput that scales
most expensive operations in machine vision and patt§[Rearly with the dimensions of the implemented array. The re-
recognition is that of vector—matrix multiplication (VMM) in curring problem with digital implementation is the latency in

large dimensions accumulating the result over a large number of cells. Also, the
N1 extensive silicon area and power dissipation of a digital mul-
y(m) — Z Wim ) x (n) @ tiply-and-accumulate implementation make this approach pro-

hibitive for very large (100-10 000) matrix dimensions.

Analog VLSI provides a natural medium to implement fully
with N-dimensional input vectak ), A -dimensional output parallel computational arrays with high integration density
vectorY ™ and N x M matrix elementd¥V ™) |n artifi- and energy efficiency [6]. By summing charge or current on
cial neural networks, for instance, the matrix elemé#itg>™  a single wire across cells in the array, low latency is intrinsic.
correspond to weights, or synapses, between neurons. The Algalog multiply-and-accumulate circuits are so small that one
ments may also represent tempIaXQ%”) =W inavector can be provided for each matrix element, making it feasible to
guantizer [2], or support vectors in a support vector machine [3jnplement massively parallel implementations with large matrix

Dedicated parallel VLS| architectures have been develop@inensions. Fully parallel implementation of (1) requires an
to speed up VMM computation, e.g., [4]. The problem witd4 x N array of cells, illustrated in Fig. 1. Each cgth, n)
most parallel systems is that they require centralized memdigmputes the product of input componekit™ and matrix
resources, i.e., RAM shared on a bus, thereby limiting the avéf m(.entW("'v ™), and dumps the resulting current or charge on
able throughput. A fine-grain, fully parallel architecture, tha® horizontal output summing line. The device storifig™ ™
integrates memory and processing elements, yields high cdfusually incorporated into the computational cell to avoid
putational throughput and high density of integration [5]. Theerformance limitations due to low external memory access

ideal scenario (in the case of vector—matrix multiplication) jgandwidth. Various physical representations of inputs and matrix
elements have been explored, using synchronous charge-mode

. . . [_71—[10], asynchronous transconductance-mode [11]-{13],
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Fig. 2. Block diagram of one row in the matrix with binary encoded elemefts ™, for a singlem and withI = 4 bits. Data flow of bit-serial inputsg’”
and corresponding partial outpd$””, with J = 4 bits.

simultaneously add a large number of digital values in parallehentation, and row-parallel analog-to-digital (A/D) converters
with careful consideration of sources of imprecision in the inare used at the output interface.
plementation and their overall effect on the system performanceFor simplicity, an unsigned binary encoding of inputs and ma-
Our approach combines the computational efficiency of analtiix elements is assumed here, for one-quadrant multiplication.
array processing with the precision of digital processing and th&is assumption is not essential: it has no binding effect on the
convenience of a programmable and reconfigurable digital iakchitecture and can be easily extended to a standard one’s com-
terface. plement for four-quadrant multiplication, in which the signifi-

A mixed-signal array architecture with binary decomposegnt bits (MSB) of both arguments have a negative rather than
matrix and vector elements is described in Section II. VLSI inpositive weight. Assume furthei-bit encoding of matrix ele-
plementation with experimental results from fabricated silicoMents, and/-bit encoding of inputs

are presented in Section Ill. Section IV quantifies the improve- I-1 ‘
ments in system precision obtained by postprocessing the quan- EEREDY 9 (1)) 2)
tized outputs of the array in the digital domain. Conclusions are i=0
presented in Section V. J—1
X — Z 2*(j+1)$§"/) 3)
[I. MIXED-SIGNAL ARCHITECTURE j=0
A. Internally Analog, Externally Digital Computation decomposing (1) into

N-—1 I-1J-1

The system presented is internally implemented in analog, () _ (m,n) v (n) _ —(i+j+2)y(m)
VLSI technology, but interfaces externally with the digitalgy o Z w = Z Z 2 Yoo @)
world. This paradigm combines the best of both worlds: it

uses the efficiency of massively parallel analog computing (#4th Pinary-binary VMM partials

n=0 i=0 j=0

particular: adding numbers in parallel on a single wire), but (m) Nl (mom) ()
allows for a modular, configurable interface with other digital Y., = Z w; T (5)
preprocessing and postprocessing systems. This is necessary to n=0

make the processor a general-purpose device that can tailor thé proposed mixed-signal approach is to compute and accu-
vector-matrix multiplication task to the particular applicatiofulate the binary-binary partial products (5) using an analog
where it is being used. VMM array, and to combine the quantized results in the digital
The digital representation is embedded, in both bit-serial ag@main according to (4).

bit-parallel fashion, in the analog array architecture (Fig. 2). |
puts are presented in bit-serial fashion, and matrix elements
stored locally in bit-parallel form. Digital-to-analog (D/A) con- To conveniently implement the partial products (5), the binary
version at the input interface is inherent in the bit-serial implencoded matrix elemem@(m’ ™ are stored in bit-parallel form,

EreArray Architecture and Data Flow
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and the binary encoded inpuié") are presented in bit-serial RS(”?)

fashion. The bit-serial format was first proposed and demon- l

strated in [8], with binary—analog partial products using analog e j{g}u

matrix elements for higher density of integration. The use of | =2 ——M2| _Lms
|

binary encoded matrix elements relaxes precision requirements ] I_I; ---I_"I
DRAM (. [ ")~

t(rlfz)

and simplifies storage [9]. wim ;({1) )‘
One row of/-bit encoded matrix elements usesows of bi- ! J
i i (m,n)
nary cells. Therefore,.to store ath >(<n]l\77n(§|g|tal matrix W /) R S(r?) x(y) Vou t(;zq)
an array ofM I x N binary cellsw; is needed. One bit of J

an input vector is presented each clock cycle, takinglock | | |
cycles of partial products (5) to complete a full computational = e e e
cycle (1). The input binary components ™’ are presented least
significant bit (LSB) first, to facilitate the digital postprocessing
to obtain (4) from (5) (as elaborated in Section IV).

Fig. 2 depicts one row of matrix elemer##§(" ™ in the bi-
nary encoded architecture, comprisihgows of binary cells

5’"7 ™) wherel = 4 in the example shown. The data flow is

illustrated for a digital input seriesgn) of .J = 4 bits, LSB first

(e, des%enr)]qmg |nde)(): The correqundlng analog,se“es OIf:ig. 3. CID computational cell with integrated DRAM storage (top). Charge
outputsY; " in (5) obtained at the horizontal summing nodegansfer diagram for active write and compute operations (bottom).
of the analog array is quantized by a bank of analog-to-digital
converters (ADC), and digital postprocessing (4) of the quan- (m,n) - . mn)
tized series of output vectors yields the final digital result (1).1f i is low, or charge is removed, if; is high. The
The quantization scheme used is critical to system perf@rr_nount(rgfnc)harge stored( or 0, corresponds to the binary
mance. As shown in Section IV, appropriate postprocessiMgluéw; _ _ _
in the digital domain to obtain (4) from the quantized partial Once the charge has been stored, the switch M1 is deacti-
productsl/i(?) can lead to a significant enhancement in syste?ﬁlted’ and the cell is ready to pompute. The charge left under
resolution, well beyond that of intrinsic ADC resolution. Thidh€ gate of M2 can only be redistributed between the two CID
relaxes precision requirements on the analog implementatfanSistors, M2 and M3. An active charge transfer from M2 to

of the partial products (5). A dense and efficient charge-mod&3 ¢an only occur if there is nonzero charge stored, and if the
VLSI implementation is described next. potential on the gate of M2 drops below that of M3 [8]. This
condition implies a logicahND, i.e., unsigned binary multipli-
cation, ofwgm’") andz!™ . The multiply-and-accumulate oper-
ation is then completed by capacitively sensing the amount of
A. CID/DRAM Cell and Array charge transferred onto the electrode of M3, the output summing
The elementary cell combines a CID computational unit [8[iode. To this end, the voltage on the output line, left floating
[9], computing one argument of the sum in (5), with a DRAMafter being precharged 16dd/2, is observed. When the charge
storage element. The cell stores one bit of a matrix elemdransfer is active, the cell contributes a change in voltage
wg"% ™ performs a one-quadrant binary—binary multiplication
of w{™ ™ ande"), and accumulates the result across cells with

commoryr ar_ldz |r!dex_es. The circuit diagram and operation O\thereCMg is the total capacitance on the output line across
the cell are given in Fig. 3. An array of cells thus performs (u

. . Lo _ (m, ) "Cells. The total response is thus proportional to the number of
signed) binary multiplication (5) of matrix, and vector ,ciively transferring cells. After deactivating the input™,

") \ialdi (m) =
z; "’ yielding YU , for values of: in parallel across the array, ine transferred charge returns to the storage node M2. The CID
and values ofi in sequence over time. computation is nondestructive and intrinsically reversible [8],

The cell contains three MOS transistors connected in serigsy DRAM refresh is only required to counteract junction and
as depicted in Fig. 3. Transistors M1 and M2 comprise a dyypthreshold leakage.

namic random-access memory (DRAM) cell, with switch M1 The pottom diagram in Fig. 3 depicts the charge transfer
controlled byRow Selecsignal RS{™. When activated, the timing diagram for write and compute operations in the case
binary quantityw™ ™ is written in the form of charge storedwhen bothw;™ ™) andz ;™ are of logic level 1. A logic level
under the gate of M2. Transistors M2 and M3 in turn comprisgfor w; "™ is represented d8dd, and a logic level 1 is repre-
a charge injection device (CID), which by virtue of charge corsented ad’dd/2, whereV dd is the supply voltage. Far; (™,
servation moves electric charge between two potential wellslgyic level 0 is represented &&id, and logic level 1 as GND.
a nondestructive manner [8], [9], [15]. Transistor-level simulation of a 512-element row indicates a
The cell operates in two phaseédrite and Compute When dynamic range of 43 dB, as illustrated in Fig. 4, and a computa-
a matrix element value is being storelfff) is held atVdd and tional cycle of 1Qus with power consumption of 50 nW per cell.
Vout at a voltageV dd/2. To perform a write operation, eitherExperimental results from a fabricated prototype are presented
an amount of electric charge is stored under the gate of M#xt.

Vdd/2
- Vdd

Fvdd/2
L vad

Vdd/2
L vdd

(3

Ill. CHARGE-MODE VLSI | MPLEMENTATION

AVour = AQ/Cys (6)
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for a row of 512 CID/DRAM cells, simulated usirpectreSvith MOS model
parameters extracted from a QiB process.
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Fig. 6. Measured linearity of the computational array. The number of active
charge-transfer cells is sweptin increments of 64, with the analog voltage output
on the sense line shown on the top scope trace.

Fig. 6 shows the measured linearity of the computational
array. The number of active cells on one row transferring
charge to the output line is incremented in steps of 64. The case
shown is where all binary weight storage elements are actively
charged, and an all-ones sequence of bits is shifted through the
input register, initialized to all-zeros bit values. For every shift
of 64 positions in the input, a computation is performed and the
result is observed on the output sense line. The experimentally
observed linearity agrees with the simulation in Fig. 4.

The chip contains 128 row—parallel 6-bit flash ADCs, i.e., one
dedicated ADC for eacln andi. In the present implementa-
tion, Y™ is obtained off-chip by combining the ADC quan-
tized outputsYifT) overs (rows) andj (time) according to (4).
Issues of precision and complexity in the implementation of (4)

are studied later.
Fig. 5.  Micrograph of the mixed-signal VMM prototype, containing an array

of 512 x 128 CID/DRAM cells, and a row-parallel bank of 128 flash ADCs.
Die size is 3 mmx 3 mm in 0.5zm CMOS technology. V. QUANTIZATION AND DIGITAL RESOLUTION ENHANCEMENT

) Significant improvements in precision can be obtained by ex-

B. Experimental Results ploiting the binary representation of matrix elements and vector

We designed, fabricated and tested a VLSI prototype of timgputs, and performing the computation (4) in the digital do-
vector—matrix multiplier, integrated on @33 mn? diein 0.5 main, from quantized estimates of the partial outputs (5). The
m CMOS technology. The chip contains an array of 1228 effect of averaging the quantlzatlon error over a large number
CID/DRAM cells, and a row—parallel bank of 128 gray-codef quantized values oY ) boosts the precision of the digital
flash ADCs. Fig. 5 depicts the micrograph and system floorplastimate oft ™), beyond the intrinsic resolution of the analog
of the chip. The layout size of the CID/DRAM cell is\8x 45\  array and the A/D quantizers used.
with A = 0.3 um.

The mixed-signal VMM processor interfaces externally id. Accumulation and Quantization
digital format. Two separate shift registers load the matrix el-

(m) i i
ements along odd and even columns of the DRAM array. Inte- The outputsY; ;- for a singlem obtained from the analog
gay overJ clock cycles can be conceived asiar J matrix,

grated refresh circuitry periodically updates the charge storg own in Fig. 2. Elements of this matrix located along diagonals

in the array to compensate for leakage. Vertical bit lines exten
I.e., elements with a common value oft+ ;) have identical
across the array, with two rows of sense amplifiers at the top
inary weight in (4). Therefore, the summation in (4) could be
and bottom of the array. The refresh alternates between even
rearranged as
and odd columns, with separate select lines. Stored charge cor-
responding to matrix element values can also be read and shifted T—1 J—1 K—1
out from the chip for test purposes. All of the supporting digital y (") — Z Z - (z+;+2)y<m> Z 9- (k+2)y/<m> 7)

clocks and control signals are generated on-chip. i=0 =0 k=0
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Fig. 7. Diagram for the A/D quantization and digital postprocessing block in Fig. 2, using row—parallel flash A/D converters. The example shawmiidor
m, LSB-first bit-serial inputs, and = J = 4.

wherek =i+ j, K =1+.J—1,and A block diagram for a digital implementation is shown on the
right of Fig. 7, assuming LSB-first bit-serial inputs (descending

J(m) horelk, 1) (m) index 7). With radix 2, a shift-and-accumulate operation avoids
Y= ‘ Z Yk ®)  the need for digital multiplication. The LSB-first bit-serial
i=n(k, J) format minimizes latency and reduces the length of the register
with k(k, I) = max(0, k— I+ 1) ands(k, J) = max(0, k — accumUIatmgQ_(m)' . o .
J+1). If the ADC is capable of resolving each individual binary

Several choices can be made in the representation of the
nals being accumulated and quantized. One choice is whe
to quantize each array outngfT) and accumulate the termsin

8) in the digital domain, or accumulate the terms in the anal v )
® g charge transfer characteristic for any number (07)oof active

domain and quantize the resultiﬂfg;’"). Clearly, the former . .
leads to higher precision, while the latter has lower complexi?e”.S along th_e ogtput row of the analog array. Prowdeq n_onlm-
arity and noise in the analog array and the ADC are within one

ol mpmenaton e e b famer, s e o s
P y ’ reduces to zero, and the outp@f™ is obtained at the max-

row output:. imum digital VMM resolution ofl + J +log, (N + 1) bits. For
large arrays, this is usually more than needed, and places too
stringent requirements on analog precisibrz log,(N + 1).
Consider first the case of row—parallel flash (i.e., bit-parallel) | what follows we study the error of the digitally constructed
A/D conversion, where all x .J values OinET) are fully quan- output (™ in the practical case where the resolution of the
tized. Fig. 7 presents the corresponding architecture, shown fq5C is below that of the dimensions of the arrdy< log,(N+
a Single output vector componeint. Each of thel horizontal ]_) In particular, we study the properties@f"l) assuming un-
summing nodes, one for each bit-plare componentr, inter-  correlated statistics of quantization error. The analysis yields an
faces with a dedicated flash A/D converter producing a digitaktimate of the gain in resolution that can be obtained relative to
output@"™ of L-bit resolution. The summations (8) and (7) argnat of the ADC quantizers, independent of the matrix and input

{erm in the analog sum (5), then the sum is retrieved from the

‘ﬁEC with zero error, as if computed in the digital domain. For

zero-error digital reconstruction, the ADC requires (at least)
+ 1 quantization levels, that coincide with the levels of the

B. Row-Parallel Flash A/D Conversion

then performed in the digital domain: representatioV, I, and.J. The quantization is modeled as
I-1J-1 K-1 (m) m) . (m)

Q) = 33 2 3 gt (g) QY =+l (1)
i=0 j=0 k=0

wherec{™ represents the quantization error, modeled as uni-

and form random i.i.d. within one LSB. Conceptually, the error term
k—r(k, I) ef";) in (11) could also include effects of noise and nonlinear
Qlim) — Z ani)ﬂ (10) distortion in the analog summation (5), although in practice the

i=r(k, J) precision of the array exceeds the ADC resolution, as shown in
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the experimental data of Section 11I-B. From (9) and (11), thfer the uniform distribution. The median absolute value for a
error in the digitally constructed output normal distribution, in terms of the standard deviation, is ap-
proximately
Q(rn) _ Y(rn) + E(rn) (12)
Mg = 0.6750F. (18)
can then be expanded as
This allows to express the SQNR gain in (16) as a gamnedian

=171 resolution

E =37 N7 gl (13)

=0 j=0 S \/3/2 s s
~ 3 ~ 3.85
Mg 0.675 M, M,

19)
Define s the full-scale range of the ADC acquirir@gf';),
ands the corresponding range of the constructed digital out

PY} in oth in of imately 2 bi h ;
0™ Then according to (9), &F, in other words, a gain of approximately 2 bits over the reso

lution of each ADC.
-1 J—1 For a flash ADC architecture, two “free” extra bits of resolu-
SZSZ o—(i+1) Z =G+ ¢ (1 — 2—1) (1 — 2-«’) (14) tion are significant, since the implementation cost is exponen-
i—0 —0 tial in the number of bits. For the VMM processor described
. ] in Section Il1-B, a 6-bit flash ADC architecture gives 8-bit (me-
which approaches for I, J — oc. Therefore, the full signal gjan) output resolution. The choice of 6-bit ADC resolution was
range is approximately equal to the output signal range of eagtated by two considerations. First, a larger resolution would
of the ADCs. _ o y have incurred a disproportionate cost in implementation, since
Let the variance of the uniform quantization noise (11) be  the 128 parallel ADCs already comprise a significant portion of
o2, identicalv, j. In theCentral Limit the cumulative quanti- the total silicon area as shown in Fig. 5. Second, a lower resolu-

zation errot& can be roughly approximated as a normal procesgyn would compromise the 7 “bits” of precision available from
with variance equal to the sum of the variances of all terms jRe analog array (Figs. 4 and 6).

the summation (13). Each signal compon@ﬁ;’;), with quan-
tization noisee but scaled with binary weigh~+/+2), con- V. CONCLUSION
tributes a variance—2(“+7+2)52 in the sum (13), and the total

variances of the output erroi is expressed as A charge-mode VLSI architecture for parallel vector—matrix

multiplication in large dimensions\, M = 100-10000) has

I-1 J—1 been presented. An internally analog, externally digital archi-
op =02 2720H0 y gm0t tecture offers the best of both worlds: the density and energetic

i=0 j=0 efficiency of an analog VLSI array, and the noise-robustness and

1_ 92l | _9-2J versatility of a digital interface. The combination of analog array

2 (15) processing and digital post-processing also enhances the preci-
3 3 sion of the digital VMM output, exceeding the resolution of the

which approachego./3)? for I, J — oo. Therefore, the quantized analog array outputs by 2 bits. Significantly larger

=0

signal-to-quantization-noise ratio (SQNR) approaches gains in precision could be obtained by exploiting the statistics
of binary terms in the analog summation (5) [18].
s ~ 32 (16) Fine-grain massive parallelism and distributed memory, in
OFE Oc an array of 3-transistor CID/DRAM cells, provides a compu-

for large I and J. In other words, by quantizing each arra)}at'onal efﬂmency (_bandwu_jth o power consumption ratio) ex
(m) . . (m) . ceeding that of digital multiprocessors and DSPs by several or-

outputY:'.” instead of the combined tot&l'™/, we obtain an ; ’ .

) I o . : ers of magnitude. A 512 128 VMM prototype fabricated in

improvement in signal-to-quantization-noise ratio of a factor

- 2 hi 1 -
To characterize the improved precision in termsfiéctive .5um CMOS offers 2x 10°* binary MACS (multiply accu

resolution(in bits), it is necessary to relate the second order Stlr%r‘lulates per second) per Watt of power. This opens up possi-

o o ilities for low-power real-time pattern recognition in human—

tistics of the quantization erreror E to a measure of the error L e .

ST . . . ..__machine interfaces [1], artificial vision [16], and vision pros-

indicative of resolution. There is a certain degree of arbltrarlﬁ
. . . ' . theses [17].

ness in doing so, but in what follows we define resolution as the

medianof the absolute error i.e., the (symmetric) extent of the

50% confidence interval of the error. The choice of convention

matters, because the distributions éoand £ are different—e The authors would like to thank the MOSIS Foundry Service

is approximately uniform, anél’ in theCentral Limitis normal. for fabricating the Chips.

Let e be uniformly distributed in the intervg-A, A]. The
median absolute value is thewl. = (1/2)A, and the variance REFERENCES

o2 = (1/3)A?, yielding the relation
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