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Abstract—This paper presents a hardware—-software co-design
methodology for accurate and energy-efficient DNN inference
on capacitive processing-using-memory (PUM) systems. We in-
vestigate the fundamental algorithm-hardware interactions that
limit analog accelerators, focusing on accumulator resolution
and noise resilience. To eliminate impractical requirements for
peripheral circuitry, we introduce a precision-aware training
framework that minimizes the effective resolution of ADCs
and enhances robustness to circuit-level non-idealities such as
device variability and read-out noise. Leveraging bit-slicing and
accumulator-aware optimizations, we show that ADC resolution
can be reduced from 19 to 7 bits on ResNet18 without accuracy
degradation. We further provide a system-level analysis linking
neural network characteristics back to compute-cell parameters
and ADC design constraints, establishing the operational limits of
capacitive charge-domain inference. Finally, we present an energy
model demonstrating how reduced ADC precision and improved
charge-domain efficiency yield substantial system-level energy
savings. Together, these results offer a blueprint for scalable,
low-power analog DNN accelerators, pushing the boundaries of
fully on-chip inference.

I. INTRODUCTION

The computational workload of modern DNNs is dominated
by matrix-vector multiplications (MVM), which arise in con-
volutional, fully connected, and attention layers [1]. State-of-
the-art models involve billions of multiply-accumulate (MAC)
operations across millions or even billions of parameters [2],
creating a strong need for hardware that can deliver both high
throughput and energy efficiency. To address this, memory-
centric architectures such as processing-using-memory (PUM)
and processing-near-memory (PNM) reduce data movement
by embedding computation within or close to memory arrays,
both of which fall under the broader category of processing-
in-memory (PIM) [3, 4]. Among PUM approaches, charge-
domain techniques stand out for their superior energy effi-
ciency. For instance, SRAM-based macros using 6T/8T bit-
cells in 7nm nodes have demonstrated efficiencies as high
as 5616 TOPS/W/b [5], or using 10T3C bitcells at 28 nm
achieving 8161 TOPS/W/b [6] for common vision workloads
like ResNet-18 [7] on ImageNet [8]. At the device level,
emerging memcapacitive arrays like CapRAM [9] promise
efficiencies exceeding 29600 TOPS/W/b, leveraging principles
such as charge screening and adiabatic recovery. In contrast,
resistive PUM macros such as ReRAM and PCM based ones
typically lag behind, reaching only 336-1344 TOPS/W/b due
to device variability and the high-precision ADC overheads
required for reliable readout [10, 11]. Despite their efficiency,

charge-domain PUM architectures face a critical bottleneck:
limited on-chip memory density. Existing macros typically
provide only kilobytes to a few megabytes of weight storage,
orders of magnitude below the capacity required for modern
DNNs with billions of parameters. Fetching weights from off-
chip DRAM undermines the core energy advantage of PUM,
incurring substantial access energy and latency penalties. The
problem is especially severe in SRAM-based designs: storing
1 GB in 6T SRAM is estimated to require ~ 400 mm? of
die area and cost hundreds of dollars [12]. These limitations
have motivated a shift toward denser memory technologies
compatible with 3D integration. For example, CapRAM sup-
ports monolithic vertical stacking over logic, akin to Bit Cost
Scalable (BiCS) NAND-Flash [13], offering high-density, low-
energy analog MACs within a compact footprint suitable
for edge deployment. Yet, high efficiency for the analog
dot product alone does not suffice, the dominant energy
bottleneck in PUM is often not the MAC itself, but rather
the ADCs [14, 15, 16]. These converters must digitize high-
resolution analog column sums, and their energy cost scales
exponentially with resolution.

In this work, we derive design rules for scalable, precision-
aware capacitive PUM systems suitable for DNN inference.
Our key contributions are:

1) We derive theoretical limits on analog column sums and
show how bit-slicing reduces ADC precision demands,
albeit at the cost of additional compute cycles.

2) We extend the A2Q+ [17] algorithm to support slice-
wise regimes, enabling tight ADC precision budgets
without degrading inference accuracy.

3) We develop an analytical framework to quantify the
effects of geometrical variation, programming impreci-
sion, and readout noise on signal fidelity in capacitive
charge-domain systems.

4) We demonstrate that capacitive PUM architectures can
approach the fundamental noise limit more effectively
than resistive counterparts, unlocking new opportunities
for ultra-efficient on-chip inference.

Together, these contributions form a blueprint for next-
generation PUM accelerators that can eventually support
billion-parameter DNNs on-chip within tight edge energy
budgets. Fig. 1 provides a high-level view of the capacitive
accelerator and its digital periphery for accommodating slice-
wise quantization (Sec. III-C).



II. PRELIMINARIES

This chapter reviews the key concepts underlying our anal-
ysis. We first outline the computational demands of DNN in-
ference, focusing on the central role of matrix-vector multipli-
cations. Next, we discuss quantization techniques that reduce
inference cost by encoding weights and activations in low-
precision formats. Finally, we introduce charge-based PUM
architectures that perform MVMs efficiently using capacitive
memories.

A. Modern DNN Inference

At its core, inference in modern DNNs reduces to repeated
matrix—vector multiplications. Convolutional, fully connected,
and attention layers can all be expressed in this form [1], where
a weight matrix multiplies an activation vector to produce the
next-layer output, typically followed by a nonlinearity. The
computational cost of inference is therefore proportional to the
number of MAC operations, which scales with both the depth
of the network and the dimensionality of its layers. State-of-
the-art models contain millions to billions of parameters [2],
leading to inference workloads dominated by MVMs. There-
fore, efficient hardware execution is critical. Algorithmic tech-
niques such as quantization reduce the arithmetic precision of
weights and activations while preserving accuracy [18, 19, 20].
A widely adopted configuration uses 4-bit weights and 8-
bit activations with high bit accumulations, achieving high
accuracy across diverse tasks [19, 20, 21]. Weight quantization
is generally more robust than activation quantization [22, 23],
since weights are static and can be quantized offline with
minimal accuracy loss [24, 25, 26]. In contrast, activations
vary dynamically at runtime, making aggressive low-bit quan-
tization substantially more challenging [18, 27, 28]. Such
quantization strategies form the algorithmic foundation for
capacitive PUM systems.

B. Quantizing Weights and Activations

Inference efficiency hinges on quantization of weights and
activations. Configurations like W4A8 (Section II-A) high-
light the precision—efficiency tradeoff. Next, we examine the
strategies that realize these representations.

Different strategies introduce quantizers at distinct stages
of the training—deployment pipeline. Post-training quantiza-
tion (PTQ) [29, 30, 31] applies discretization to a frozen
model without further optimization, but typically requires
higher precision or extensive calibration to preserve accu-
racy [32, 33]. At the other extreme, fully quantized training
(FQT) [34, 35, 36] enforces low precision across all tensors,
including gradients, ensuring close alignment with hardware
arithmetic, though at the cost of noisy weight updates. A
compromise is quantization-aware training (QAT) [37, 38, 39],
in which the forward pass is quantized during fine-tuning while
the backward pass remains in full precision. For sub-8-bit
arithmetic, QAT consistently outperforms PTQ and avoids the
optimizer instabilities common in FQT [36, 40]. For these
reasons, we adopt QAT as the quantization strategy in this
work.
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Fig. 1. Periphery from quantized input [z] to quantized output [y]. Shown is
the crossbar with differential weights, and the digital operations needed for
slicing recombination. Note how a single network weight requires multiple
bitlines due to differential weights (+ & -) and weight slicing (L.,)

Quantization during training is commonly simulated by a
uniform affine mapping from high-precision to low-precision
values. As shown in Equation (1), the operator is defined by
a positive scale factor A € Ry and an integer zero-point z €
Z. Inputs are rounded to the nearest integer using half-way
rounding |-], then clipped via clip(+, n, p) to the representable
range determined by the target bitwidth B € N. For signed
formats we set n = —2B71 p = 2B-1 _ 1; for unsigned
formats n =0, p = 2B _ 1. For a vector u € RX we define

Op(u) := clip({%—‘ + z, n, p). (D)
For brevity, the quantized vector is written as [u] := Qp(u) €
ZX, and its de-quantized counterpart is written as @ :=
A([u] — z), so that u ~ 4. Each quantized entry is bounded
in magnitude. For any index i € {1, ..., K}, the output of (1)
satisfies

[[u];| < 2870 —3§,.

Here, the indicator ¢(.) = 1 for signed representations and 0
otherwise, while its complement 6.y = 1 — 4.y applies in the
unsigned case. During QAT, the forward pass substitutes each
floating-point tensor with its de-quantized version. Gradients
are evaluated with the straight-through estimator (STE) [41],
enabling simultaneous learning of network weights and quan-
tization parameters [39, 42, 43].



C. Charge Domain PUM using Capacitive Devices

The general concept of charge domain PUM [6, 44, 45, 46]
builds up on the charge-voltage relationship of a capacitor
Q = C x V,,, where the inputs of the MVM are encoded as
the voltage V;,, and the weights are stored as a capacitance C.
The charge () is accumulated on a bitline over many capacitive
cells and delivers the final result of the MVM according
to > @Q;. This charge is converted into a voltage and then
converted back to the digital domain, by using an analog-to-
digital converter.

The implementation of the variable capacitance can differ
depending on the concept. In SRAM based accelerators, the
capacitor is realized by MIM or MOM capacitors in the back-
end-of-line (BEOL), with a 6T or 8T SRAM cell storing a 1 bit
value of the weight [6]. There are several implementations of
memcapacitive systems, where a variable capacitance can be
implemented with an integrated storage capability, e.g., ferro-
electric based [47], MOS capacitor based [48, 49], or charge
screening based memcapacitors [9]. Charge screening based
memcapacitors (CapRAM) have the advantage of obtaining a
large on/off ratio compared to other implementations (in single
crystalline silicon up to 60). They are based on three layers: an
input gate, a shielding layer, and a read-out electrode, which
is connected to the bitline.

To control the capacitive coupling from the input electrode
to the read-out electrode, a memory layer is placed between
the input gate and the shielding layer, which may be based on
either a ferroelectric or a charge-trapping mechanism. Such
a memcapacitive implementation not only enables integrated
storage capability, but also offers the advantage of higher
memory density compared to SRAM-based designs by sup-
porting cost-effective 3D monolithic scaling, similar to 3D
NAND flash [13]. For the following analysis, we assume a
general memcapacitive device with a maximum capacitance
of Cphuz = 11F and an area of 1 um?, which is capable of
storing 2P states, corresponding to a B,, bit weight value.

Each memcapacitive device has a certain ON/OFF ratio (ra-
tio between the maximum capacitance Cyy,,x and the minimum
capacitance Chyin). An analysis of how this affects the overall
readout performance is delivered later.

D. Column Sum Resolution vs ADC Energy

The power efficiency of an ADC [50, 51, 52] is typically
quantified by the Walden figure of merit (FOM) or the Schreier
FOM, where the former is an empirical measure for circuits
that are not fully limited by thermal noise (i.e., ADCs with
low to moderate bitwidths). The Walden FOM is defined as
follows, where B, is the ADC’s bitwidth:

ECUTL’U J

55, [FOMy]|= ——— (2

FOMy =
W conv.-step

Therefore, the conversion energy scales with 28v. During the
past 20 years, the Walden FOM for ADCs has improved by
a factor of 7500 [53], partly due to technology scaling and
partly due to design improvements. In the early 2000s, when
the technology node was around 350 nm, a typical value for
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Fig. 2. Top-1 classification accuracy and average number of accumulator
overflows per dot product as a function of ADC resolution B,. Results are
shown for a single-layer quantized neural network trained on MNIST [54] with
8-bit weights and binary inputs. At low ADC resolutions, frequent overflow
severely degrades accuracy, while increasing By beyond 12bits eliminates
overflows and restores full accuracy.

the Walden FOM was in the range of 1 pJ/conv.—step; in 2019
numbers of 0.4 {J/conv.—step were obtained [53]. According
to the thermal limit of the Schreier FOM, an increase of the
total energy per conversion proportional to 4Pv is required
[51], and it becomes the dominant energy contribution for
higher bitwidth (> 10bit). A detailed analysis on the thermal
energy limit for a capacitive PUM system follows in Sec. IV-B.

ITII. REDUCING ADC RESOLUTION REQUIREMENTS

To ensure reliable inference on PUM accelerators, the ADC
resolution must balance two competing requirements: it must
be wide enough to avoid overflow, yet narrow enough to
minimize energy consumption. In this chapter, we derive
tight analytical bounds on the crossbar column sum that
characterize this trade-off and thereby determine the minimum
ADC resolution under the full-precision guarantee (FPG). The
FPG requires that every valid dot-product during inference
maps to a unique digital code, ensuring functional correctness
without overflow errors [16, 55]. While overflow is negligible
with high-precision accumulators (> 16 bits), reducing the
accumulator bitwidth causes overflow probability to grow
exponentially, leading to severe accuracy degradation [17, 56].
This effect is illustrated in Fig. 2, which shows results for a
quantized single-layer DNN on MNIST [54].

Several works have attempted to circumvent the FPG re-
quirement, but often under unrealistic assumptions. A natural
strategy is to rescale the ADC range to match the input quan-
tizer of the subsequent layer [55]. Conceptually, this aligns the
ADC output with the network activations. However, practical
deployment would require scaling not only per crossbar but
also per output column to accommodate channel-wise weight
quantization [19, 21, 39]. Consequently, each bitline could
demand vastly different ADC ranges, from as little as 0.02%
of the dynamic range up to nearly the full scale, rendering
fine-grained per-column scaling infeasible in hardware.



A more practical alternative is to align the theoretical
maximum accumulator value with the chosen ADC resolution,
thereby avoiding impractical hardware specialization. To this
end, we first derive conservative upper bounds on column
sums directly from operand bitwidths. We then tighten these
bounds via bit-slicing, partitioning the computation into lower-
resolution segments that better exploit ADC precision. Finally,
we reformulate the bounds in terms of slice-wise weight
contributions, which allows optimization methods such as
QAT to guarantee that, for a fixed ADC resolution, overflow
is provably avoided during inference.

For concreteness, we quantify these bounds under the quan-
tization setting introduced in Sec. II-A, namely W4AS: 4-bit
signed weights and 8-bit unsigned activations. We assume a
column length of K = 128, consistent with widely adopted
PUM configurations [14, 57, 58].

A. Initial Bound from Operand Data Types

A conservative upper bound on the column-wise accumu-
lation in analog crossbars can be directly inferred from the
representational limits of the quantized operands.

Let K € N denote the crossbar column length. Let
[w], [x] € Z¥ be the quantized weights and activations, rep-
resented with bitwidths B,, and B, respectively, as described
in Sec. II-B. One column of the PUM crossbar computes a
dot product

ly] = (=], [w]) = Z[‘r]z [w];. 3

which must lie within the representable range of the column
ADC. To satisty the FPG, the result must obey the constraint:

_2By71 S [y] S 2By71 _ 17 (4)

where B, is the effective resolution (in bit) of the ADC
output. Since input values can vary arbitrarily at inference
time, we bound the worst-case accumulation magnitude using
the triangle inequality:

K K

ly| = \Z[wli[w]il < Z |[x]:] [[w]:] %)
i=1 i=1

<K - (28270 —5,) . (2B —§,) (6)

< 2Byl _ 1. (7

To streamline subsequent derivations, Weideﬁne the maxirgum
value per product as G, = (2B+7% —§,) . (2Bw=0w —§,).
Solving for the minimum required resolution B,, we obtain:

By > [1+41log,y(K -G, +1)] 8)

Here, [-] denotes ceiling rounding. In the W4AS8 case (K =
128, B,, = 4, B, = 8), this yields B, = 19, which far exceeds
typical PUM ADC resolutions (< 10 bit) due to energy-area
scaling [14, 15, 16], as elaborated in Sec. II-D.
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Fig. 3. Bit—slicin% trade-offs for a 2 bit x 2 bit dot product. Operands are
split into high (x 1),w(1)) and low (z<0>,w(0>) bits. Each column shows
the products evaluated in one crossbar column and one cycle. Fewer bits per
slice relax the ADC resolution but increase cycles and conversions.

B. Improving Bound via Bit-Slicing

As 19 bit resolution is impractical in our setting, we aim to
reduce the column-sum resolution without sacrificing exact-
ness. To achieve this, we decompose both inputs and weights
into lower-bitwidth components [58, 59, 60]. Specifically, let
the original bitwidths of activations and weights be B, and
B,,. Choose divisors S, | B, and S, | B,, where S, and S,
are the slice widths of activations and weights respectively
and set the slice counts L, = B, /S, and L,, = B,,/S,,. For
[u] € Z define the slicing operator:

Sp,s([u]) = ([W]™, ..., [u]F~) 9)

L-1

so that [u] = 275V, (10)
j=0

where the most-significant slice is interpreted as signed when-

ever [u] is signed. Input activations and weights are sliced with

Sg,.s,([x]) and Sg, s, ([w]), respectively. Substituting the

slice expansions into the dot product of Sec. III-A yields:

Ly—1 L,—1

[y] = Z Z 9 JoSz+juwSw <[m}(jz)7[w](jw)>.

Jz=0 Jjw=0

(1)

Each inner product on the right involves only S, bit and S,
bit operands. Applying the full-precision guarantee to the term
indexed by (j., jw) therefore requires a minimum column sum
resolution of:

BY=iw) > [1+10g2(K.Gz()jz,jw) +1)W (12)

with the per product maximum GY=* /) = (25: =87 _s{i=)).
(250=04* — 5U»)). Thus the column sum resolution depends
on the slice widths rather than on the full operand widths.
Returning to our illustrative W4A8 dot-product example
(K = 128; B, = S, = 4, signed; B, = 8, unsigned) with
the conventional choice of S, = 1 [14, 58, 61], the required



output precision By is reduced from 19 bits to 12 bits. With
S, = 1, this scheme effectively decouples the input precision
from the resolution constraints imposed by the ADC.

Nevertheless, bit-slicing introduces trade-offs. Fig. 3 visu-
alizes these trade-offs for a simplified 2 bit activation and 2
bit weight example. Finer slicing reduces the ADC resolution
requirement. However, it proportionally increases the number
of conversions by a factor of L,L,. The slices can be
processed temporally, spatially, or through a hybrid scheme.
Contemporary PUM designs typically adopt combinations of
these processing strategies. Recent advancements also exploit
bit-level sparsity by skipping zero-valued slices, significantly
accelerating computations compared to naive bit-sliced imple-
mentations [62, 63, 64].

C. Slice-Wise Resolution Tightening

While a column-sum resolution of B, = 12 bit represents
a substantial reduction from the original 19-bit baseline, it
remains costly (Sec. II-D). To push beyond coarse bit-slicing,
we extend A2Q+ [17] by enforcing slice-specific accumulator
constraints.

Restating the column-sum bound from Eq. (8), the quantized
weight vector [w] must satisfy

;I[w]i\ [w]il < (2570 = 6,) - [|[w]lh (13)

< 2Byl 1.

which imposes the global budget on the ¢;—-norm of the
quantized weight vector,

2B8y,-1 _1q

[ew]
A2Q+ strengthens this constraint by introducing a zero-
centering condition on the weights, > [w]; = 0. This property
allows the accumulator’s full dynamic range to be utilized
and removes dependence on the input sign, yielding a less
restrictive bound:
2By — 2

[[w][1 < 5B, _ 1’ (15)

as formalized in Proposition 3.1 of [17]. Compared to our
original bound, this budget can be up to 4x larger in low-
bit activation regimes, significantly alleviating pressure on
model weights. To enforce the bound during training without
degrading accuracy, A2Q+ applies a symmetric quantization-
aware reparameterization:

w=A-09p, (w), (16)
UV — [y .
w=———+— min(g, Gy), a7
fo—poly 0 G
K B
1 28y 9
MU—E;UM Gy—A'ﬁ- (18)

Here, the subtraction of pu, enforces zero-centering directly
in the reparameterization, ensuring that the quantized weights

satisfy the improved bound. Instead of using the round to near-
est, A2Q+ rounds the scaled floating point weights towards
zero, which ensures ||[w]|ly < ||w]|;, which we denote by
|]. The formulation in Eq. (17) draws inspiration from the
weight normalization reparameterization introduced in [65],
where a weight vector is expressed as w = g - v/|v|,
thereby enabling the decoupled optimization of magnitude g
and direction v/||v||.

We extend this quantization-aware scheme to operate on
individual bit slices. Using the slicing operator from Sec. I1I-B,
the sliced representation of the quantized weights [w] is given
by

Sp,.s.,(w]) = (W], [w]*=V) . 9)
During training, each latent slice w?) with j € {0, ..., L, —
1} is parameterized by a distinct latent direction vector v\/) €
RX and magnitude ¢U), while sharing a common step size
A € R. Each slice is independently projected onto the A2Q+
feasible set defined by the slice-wise ¢;—norm budget

2By — 2
—A.
Gy 5

S (20)

and quantized according to Eq. (16). In contrast to the original
quantizer, we reintroduce mean subtraction by modifying the
A2Q+ update rule to

w9 = A Qg (W) + 0 1)
In the original A2Q+ formulation, mean subtraction implicitly
constrains the weight vector to lie on a (K — 1)-dimensional
hyperplane, thereby reducing the model’s degrees of free-
dom [66]. This reduction may impair expressivity, particularly
for small K. By reintroducing the mean, we preserve the
full dimensionality of the weight vector, at the cost of only
one additional digital dot product per analog matrix—vector
multiplication.

Initialization begins with per-channel calibration using
the Optimally Clipped Tensors And Vectors (OCTAV) al-
gorithm [42], which determines the full-precision scaling
factor A. The quantized weights are then partitioned via
SB,.s., (), and the EP-init procedure [17] is applied to ini-
tialize (v\), g(?)) in accordance with Eq. (20). In line with
that framework, both the scaling factor A and the slice-wise
magnitude ¢(/) are parameterized exponentially. A complete
derivation and theoretical motivation for EP-init is provided in
Colbert et al. [17].

Finally, we adopt the regularization of [17] penalty to pre-
vent slice-wise magnitudes from saturating when ¢(/) > Gy:

R = o(g—Gy), o(z) = max{z,0}. (22)
The overall regularization contribution is then defined as
Leg =122 ; Ry ; j, where j indexes the slice of the i-th
output channel in the [-th layer. During training, this penalty
is intorduced such that Lo = Liask + ALreg, Where Ly is
the specific task loss and A is a constant scalar.



Float32 accuracy ceiling

1
+ 95 1100 |
S o4} 180 &
> >
g £
93T 60 %
3 A
< z
— 9t {40 5
: :
o1} 120

9 0 Il Il Il Il Il Il Il Il

4 5 6 7 8 9 10 11 12
ADC Resolution — By (bit)

Fig. 4. Top-1 accuracy of ResNetl8 on CIFAR-10 as a function of ADC
resolution for the W4AS8 configuration under varying weight slice widths.
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Notably, narrower slice widths enable stronger recovery at fixed sparsity
levels.

D. Empirical Evaluation

We assess the effectiveness of our approach on a ResNet18
model [7] pretrained on CIFAR-10 [67]. The evaluation con-
siders ADC resolutions between 3 and 12 bits under the con-
figuration outlined in Sec. III-B, with weights fixed to 4 bits
(By = 4). The weight slice width is varied as S,, € {1, 2, 4},
while the activation slice width remains fixed at S, = 1.
In total, 60 settings are explored, each repeated three times
with different random seeds to ensure statistical robustness. To
adapt ResNet18 for CIFAR-10, we replace the first convolution
with a 3 x 3 kernel, stride 1, and padding 1, and remove the
initial max-pooling layer to preserve spatial resolution. Fine-
tuning is performed using SGD with momentum over 100
epochs, batch size 256, weight decay le — 5, and an initial
learning rate of le — 3, decayed by a factor of 0.1 every 30
epochs. Further, we set the scale scalar of the regularization
term defined in Eq. (22) as A = le — 3, following [17].

Naive quantization causes severe accuracy degradation once
the ADC resolution drops 1 bit below the threshold B,,. This
can be alleviated by reducing the slice width (S, = 1 or 2) or
by applying slice-aware training strategies. As shown in Fig. 4,
our extension of A2Q+ preserves high accuracy across all res-
olutions. For instance, with S, = 4 and B, = 8, an effective
allocation of only ~ 2 bits per weight is sufficient to match the
full-precision baseline. Overall, the proposed method reduces
the required column-wise accumulation resolution from 19 bits
to as low as 7-9 bits, without significant loss in accuracy.

These results are consistent with prior findings [68, 69, 70]
showing that 2-bit quantization can preserve accuracy in large-
scale architectures such as Transformers [71] and ImageNet-
trained networks [8]. Our framework generalizes these insights
by indirectly supporting adaptive, per-weight bitwidth assign-
ments, e.g., mixing 2- and 4-bit weights, while respecting
slice-level and global ¢; constraints. This added flexibility
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Fig. 5. Example of an erroneous bit-serial MAC operation. A single-bit error
in the MSB slice can severely distort the result by amplifying the impact
of the error and suppressing the contribution of lower-significance slices. In
extreme cases, the full contribution of the LSB slices may be erased due to
the left-shift amplification.

yields a strictly more expressive quantization scheme than
uniform-bit methods, suggesting improved performance in
more complex settings. Future work should validate these find-
ings on a broader set of architectures, hardware configurations,
and tasks to further assess generality.

IV. LINKING HARDWARE PARAMETERS WITH DNN NOISE
TOLERANCE

In this chapter, we establish quantitative limits on the toler-
ance of DNNs to hardware-induced noise, focusing on weight-
storage imperfections (stemming from geometrical variation
and programming noise) and on ADC read-out noise in
capacitive PUM devices. These limits are evaluated across
crossbar dimensions ranging from K = 128 to K = 8192
and for multiple operand bitwidths. The derived constraints,
most notably the requirement that both weight variation and
read-out noise remain within the (30 < 0.5 LSB) bound, serve
as a fundamental criterion for reliable inference and form the
basis for the upper bound on energy efficiency, which will be
addressed in the following chapter. Building on the framework
introduced in Sec. III, we consider bit-sliced arithmetic for
analog MVMs, where errors in the most significant bit (MSB)
slices are particularly detrimental due to power-of-two weight-
ing. A single MSB error can be amplified into large activation
deviations (see Fig. 5), propagating through the network and
significantly degrading inference accuracy. To mitigate this,
we impose strict constraints on least significant bit (LSB)
detection errors during every bit-slice cycle. Furthermore,
to safeguard inference accuracy in models such as ResNet-
18 [7], we employ a two-pronged strategy that combines
noise-aware training, achieved by injecting Gaussian noise into
the dot-product formulation of Eq. (11) as in [16], thereby
enhancing network robustness, with a strict requirement that
the combined weight-storage and read-out noise remains below
0.5 LSB at the three-sigma level, consistent with [16, 72].
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Under the quantization and bit-slicing scheme of Sec. III, we
assume a W4A8 MVM is decomposed into L, = 8 smaller
W4A1 MVMs, and, following conservative assumptions, show
that the required ADC resolution B, increases by at most one
bit whenever the crossbar size K doubles.

A. Geometrical Variations

Each capacitance depends on the surface area (A), the
dielectric constant (¢,) and the thickness (d) of the insulator
according to the formula C' = ¢gpe, - %. The capacitance
is therefore prone to geometrical variations of the area and
thickness, as shown in Fig. 6. Here we give an estimate of the
variations that one can expect for an exemplary area of 1 zm?
and a dielectric thickness of 10 nm.

In CMOS processing, the physical gate shape deviates
from its drawn geometry due to limitations in lithography
and etching. The most significant sources of this variation
are critical dimension (CD) variability, line edge roughness
(LER), and corner rounding. CD variation refers to fluctuations
in the printed gate length and width, typically caused by
exposure and etch nonuniformity. LER introduces short-range,
stochastic waviness along gate edges because of resist behav-
ior and etch chemistry. Corner rounding arises from optical
diffraction limits and causes curved transitions at originally
square corners.

To quantify the effect of these mechanisms on the gate area,
we begin with the nominal gate area expression A = L-W and
propagate variation in both length and width. For a nominally
square gate of L = W = 1 um, the standard deviation of area
due to CD variation is:

oacp =1\/W202 + L2062, =V2-L-ocp.  (23)
A 1o CD variation of ocp = 5nm is typical for 180 nm DUV
processes [73], which yields 04 cp &~ 7071 nm?.

For LER, we estimate area variation based on edge wavi-
ness with finite spatial correlation. The contribution to area
variation from LER on all four sides is approximated as:

oALER = V4L -lc - oLER .

Here, oppr is the 1o edge roughness amplitude and . the
correlation length. At the 180nm node, typical values are
orLEr = 2nm and [, = 42nm [74], resulting in 04 LER ~
820 nm?.

Corner rounding reduces gate area by replacing square
corners with quarter-circles. The nominal area lost per device
is:

(24)

AA = 4R? (1 - %) . (25)
For a rounding radius of R = 60 nm, as commonly observed in
deep ultra violet (DUV) lithography [75], this yields a nominal
loss of about 3090 nm?. If the rounding radius itself varies
locally with o ~ 2nm, the corresponding standard deviation
in area is:

0 A ,corner — 4-2R (1 - %) *rOR <~ 206nm2.

Assuming these sources are uncorrelated, the total 1o area
variation becomes:

(26)

04 =1/7% 00+ Phren + Thcomer & T1210m2 (27)

This corresponds to a relative 1o variation of approximately
0.71% for a 1um? gate, where the CD variation is the
dominant source of variation.

In more advanced lithography such as ArF immersion
lithography at the 22 nm node, these absolute variation become
less significant due to better depth of focus. Typical values for
immersion lithography are ocp ~ 0.5nm, opgr ~ 2.5nm,
and R =~ 7nm, with [, around 20-30nm [76, 77, 78].
Applying the same formulas, total 1o area variation for a
nominal 1 x 1 #m? gate reduces to around 1118 nm? (0.11%),
assuming the same capacitance area.

Film thickness variation at the local (intra-die) scale is a
critical contributor to device mismatch. For high-uniformity
processes such as atomic layer deposition (ALD), local 1o
thickness variation is typically ~ 0.3 nm for Al,O3 and HfOo,
based on metrology studies [79]. The correlation length is in
the range of 8nm to 10 nm.

Low-pressure chemical vapor deposition (LPCVD) pro-
cesses also exhibit strong local control, with 1o values of
~ 0.6 nm for thin amorphous silicon films [80] and correlation
length of around ~ 15nm. Similar results are obtained for
LPCVD oxides [81].

Over a 1 x 1um*= gate area, the effective variation is
reduced by spatial averaging. Assuming a correlation length
of 10nm and a local 1o variation of 0.3nm for ALD grown
layers, the number of uncorrelated segments is approximately
N = (M)Z ~ 10000, resulting in an average thickness

o 10nm
variation of:

2

0.3nm

04 = ——— ~ 0.003 nm.
47 /10000

(28)



This illustrates how even sub-nanometer local variation can
effectively average out across larger device areas, especially
when the correlation length is much smaller than the feature
size.

The total variation in gate capacitance arises from local
fluctuations in both gate area and dielectric thickness. For a
parallel plate capacitor with C' = gqge, - %, the combined 1o
variation can be estimated using first-order error propagation:

T =G (G

(&) =)+ ()
Here, we use a 1o gate area variation of 04 = 7121 nm? over
A= 1um2 = 10%nm?, and a dielectric thickness variation
of 04 = 0.003nm over d = 10nm. Thus, the expected total

capacitance variation 1o is approximately 0.71%, with the area
variation contributing the dominant share.

(29)

B. Programming Variation

Compared to SRAM based approaches with MIM or MOM
capacitors, which only encounter geometrical variation, a pro-
grammable memcapacitor exhibits also programming noise,
which is caused by shot noise and drift depending on the
memory mechanism. For charge trap memories, like SONOS
transistors, a variation of oyp = 20nA for a drain current
of Ip = 400nA were obtained [82]. This corresponds to a
threshold voltage variation (oy7) in the subthreshold regime

of:

01D kT
ovr = /" — -

In  ng
With k£ being the Boltzmann constant, 7' the temperature,
n = 1.4 the gate efficiency and ¢ the electron charge.
For T = 300K we get oyt = 0.9mV. In CapRAM the
capacitive change between a maximum (C\,,x) and minimum
(Crin) capacitance is based on shifting of capacitance-voltage
(CV) curves and usually changes in a voltage window of
Vaw =~ 1.5V. Therefore, the programming accuracy of the
capacitance is:

(30)

0C,pgr ovr _
C'max - CVmin B VW ~ 0062 % '
This high programming accuracy can be utilized to compen-
sate also the geometrical variations.

Based on the required weight bitwidth Sw and the matrix
size K the required o per can be estimated. To reduce the re-
quirements for the weight bitwidth S, the weight is split into
a positive and negative weight. This is also helpful for read-
out noise. The required o per for achieving 30 < 0.5LSB
error is (for Sy, > 1 bit):

€29

0C,pgr 1

Cmax - Cmin - 6\/? (QSw—l _ 1) :

Fig. 7 shows the required programming variation versus the
matrix size for different weight bitwidth. For smaller matrix
sizes (K < 256) o variations of > 0.12 % are sufficient for 4
bit weights, while for larger matrices (X > 1024) the SONOS
programming accuracy is not sufficient and likely more weight

(32)
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Fig. 7. Required capacitance variance to achieve a 3¢ variance of 0.5 LSB for
the weights for different vector sizes K and weight slice bit precisions Sy .
The limit for the geometrical variation for DUV lithography and immersion
lithography is indicated by a dashed line, as well as the SONOS programming
variation due to noise and drift (a capacitance area of 1 um? is assumed).
Note, that the curves for Sy, = 1bit and S, = 2 bit are overlapping due to
differential programming.

slices are necessary (e.g. 2 bit weights for an K = 8192
matrix).

Another key aspect for any memcapacitive device is drift
over time, which is highly dependent on temperature. The
general requirement for a non-volatile memory is to meet
data retention for 10 years at 85°C. In in-memory computing
systems the drift requirements are much more tight, since the
error can add up over the analog accumulator and the error is
highly dependent on the charge state of the SONOS memory.
The drift in terms of capacitance depends also on the shape
of the CV curve, as shown in Fig. 11. A more flat CV curves
leads to less capacitive drift than a steep one. Also, differential
weights programmed around the center help to compensate
drift to some extend. Assuming a maximum error of 0.5 LSB
over the whole accumulator leads to a maximum allowed drift
of (under the assumption of equal capacitance change per cell):

C’mam - Cmin

Ac = @251-1). K

(33)
Under the assumption of a capacitance change between max-
imum and minimum of 90% within 1.5V this would lead to a
maximum allowed voltage drift of:

0.9-1.5V
25%-1-1)-K

For a 256 array and 4 Bit weights this leads to Ay = 0.7mV.
In a SONOS memory the drift can be greatly improved by
emptying the flat trap states, which decay faster [82]. Even
with this improvement it is expected that the retention at room
temperature can be only meet for a few hours, until a refresh
is necessary. A significant improvement towards weeks and
even years can be expected by using band engineered SONOS
(BE-SONOS), which reduces charge leakage by significant
amount[83].

Ay = (34)
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Fig. 8. Voltage divider and charge integration mode for a capacitive array
including parasitic capacitance. The dummy capacitors Cqp,, are included
for the voltage divider to compensate nonlinearity.

C. Read Non-Idealities

Capacitive in-memory computing architectures are subject
to various non-idealities during read-out operations that can
significantly impair computational accuracy. Among these,
the two most critical factors are read-out noise and read-
out nonlinearity. These limitations arise from both intrinsic
physical noise sources, circuit-level imperfections such as
parasitic components, and fundamental device characteristics.

A fundamental source of noise in any capacitor is thermal
noise, commonly referred to as k7T'C' noise, which orig-
inates from the thermal agitation of charge carriers. The
root-mean-square (RMS) voltage of this noise is given by
Vims = \/kT/C, where k is the Boltzmann constant, T is the
absolute temperature and C' is the capacitance. This expression
illustrates that lower capacitance values lead to higher noise
amplitudes, making small capacitive elements particularly vul-
nerable, but small capacitive elements are necessary for high
weight storage density.

In practical capacitive memory arrays, additional noise
contributions arise from parasitic capacitances, which are un-
intentionally formed due to routing, interconnects, and device
layout. These parasitics do not carry a signal, but contribute
fully to the thermal noise budget, degrading the signal-to-
noise ratio (SNR). Because of this, minimizing parasitic
effects is a key optimization target in the design of high-
density capacitive analog compute-in-memory arrays. Also,
the minimum possible programmed capacitance Cy,;, has no
additional information, but adds noise similar to the parasitic
capacitance. A higher ratio of maximum Cl,,, to minimum
capacitance C,i, (ON/OFF ratio) of a memcapacitive device
helps to improve the overall read-out noise.

The schematic in Fig. 8 shows a representative capacitive
memory array with labeled parasitic components. These par-
asitics interact with the programmed memcapacitors during
readout and influence both signal fidelity and energy efficiency.

Capacitive arrays can be read using two principal modes:

charge integration and voltage division, each interacting dif-
ferently with noise and nonlinearity.

In the charge integration mode, the bitline (BL) is held at
virtual ground by a transimpedance amplifier. When an input
voltage is applied, all memory cell charges, including those
from parasitic capacitance and the minimum capacitance of
each device, are integrated in the amplifier. This means that
the resulting signal includes both useful charge and unwanted
noise contributions.

Assuming that each memcapacitor can be programmed
between a minimum capacitance C\,;, and a maximum ca-
pacitance C,.x, with Sy, bit of weight resolution, the corre-
sponding capacitive resolution is (for Sy, > 1bit) Crsp =
(Cmax — Ciin) / (2% — 1). One way to increase the overall
signal-to-noise ratio is the use of differential weights that are
separated on two bit lines (see Fig. 1). With separation of
the positive and negative range, the capacitive step increases
by a factor of two: Crsg = (Cmax — Crin) / (25%71 = 1).
Together with an input voltage Vi, which is discretized into
Sy bit, the charge corresponding to one LSB (least significant
bit) of output is (for .S,, > 1bit):

Cmax - Cvmin . VI

2%w=1 -1 25 —1°
The noise on the bitline depends on the total capacitance seen
at the node. As mentioned in the beginning of Sec. IV, the total
ADC bitwidth B, depends on the given matrix size K and the
bitwidth of the weights and inputs. Therefore, the number of
capacitive cells that effectively contribute to the result (N¢qp)
are given as (for Sy, > 1bit):

Quse = (35)

2By
25w . 25
The total charge noise is therefore under the worst-case
condition of a maximum accumulator:

Gn = \/kT(K : C’min + Cpar + Ncap : Cmax) .

In the voltage divider mode, the memory cell operates as one
part of a capacitive voltage divider in conjunction with the
parasitic bitline capacitance. The output voltage is given by:

Cmem

VOut Cmem + C’par VI
This read-out mode is inherently nonlinear, especially when
the ratio between Cpem and Cp,e varies significantly. To
counteract this non-linearity, programmable dummy capacitors
with a total capacitance of Cymy can be added to the bitline,
where the number of dummy capacitors is N,p,. These dummy
capacitors are programmed in the opposite direction to Chyepm
and connected to ground during readout, effectively compen-
sating for parasitic variations and eliminating the dependence
on Cher, in the denominator. The LSB output voltage is then
given as (for Sy, > 1Dbit):

Ncap = (36)

(37)

(38)

Vi o C’max - C1min
hSB K- C’rnin + CVpar + CYdmy
1 Vi

9Sw—lT 1 25— 1" (39)



The corresponding RMS noise voltage is:

~

kT
Up ~ .
K- C’min + Cpar + Ncapcmax

The resulting voltage V¢ can be processed via a low-noise
amplifier or digitized directly using an ADC. While amplifica-
tion allows better control over signal levels, direct conversion
demands higher voltage resolution. A significant advantage of
the voltage divider method is that it does not require a virtual
ground amplifier, simplifying circuit implementation.

There is no difference in signal-to-noise ratio between the
voltage divider and the charge integrator mode. In order to im-
prove the signal-to-noise values to the required 3o margin for
a half-LSB transition, averaging or oversampling is necessary.
The number of necessary averages IN,, corresponds to:

(40)

2
dn
Nopy=16-——| . (41)
* ( QLSB)
Reformulating this formula delivers:
Nav =36- kT - (K : Cvmin + C’par + Ncap : CVrnax) (42)
1
T D RIC R 7
(Cmax - C’min) : V;i

Fig. 9 reveals the number of averages N,, for different
capacitive ON/OFF ratios (Ciyax/Chin) and matrix sizes (for
Cpar = K-Chyin, Sz = 1bit and S, = 4 bit, Cpax = 11F and
Vin = 400 mV). A higher ON/OFF ratio reduces the number
of averages, while a larger matrix increases it linearly. It is
expected for large arrays that the ON/OFF ratio needs to be
at least > 50 to not exceed 100 - 200 averages, for smaller
arrays in the range of K < 512 an ON/OFF ratio of 5-10
is sufficient. The improvement in terms of N,, with respect
to the ON/OFF ratio saturates at the lower end due to the
bitwidth requirement of the ADC (By) and the amount of
capacitance Cy,,x. Also, there might be an optimal point of
splitting large vector-matrix multiplications into smaller ones
to reduce the number of averages for throughput reasons, while
making compromises on the parameter density because of the
ADC overhead area.

For ferroelectric implementations as memcapacitive arrays it
will become crucial to improve the ON/OFF ratio, e.g. MFM
(Metal-Ferroelectric-Metal) capacitors suffer a low ON/OFF
ratio, due to the only minor change of capacitance with the
programmed dielectric constant (~ 10%)[47], which can lead
to hundreds of averages even for small arrays. Therefore, a
non-linear semiconductor needs to be added to these stacks to
improve the ON/OFF ratio. A ferroelectric memory compared
to a SONOS memory has the advantage of a larger dielectric
constant (6-7x larger) and therefore larger maximum capaci-
tance per area.

Fig. 10 reveals the number of averages for different crossbar
sizes versus different multiplied bitwidth Sy x Sy. Reducing
the bitwidth reduces the number of averages exponentially,
whereas the case Sy, = 1bit is equal to Sy, = 2bit due to a
non-differential implementation for Sy, = 1 bit. Therefore, it
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Fig. 9. Dependence of the number of averages N, on the ON/OFF ratio
of the memcapacitive device for different vector sizes K. An S, = 4bit
weight slice and Sx = 1 bit input slice is assumed.

is always more beneficial to do more input bit-slicing, because
additional input slices increase time linearly, while additional
input bits increase IV, exponentially (the same also holds true
for the overall energy efficiency). For weight slices, there is
a compromise between the parameter density and the number
of averages N,y .

When it comes to the latency with regards to the required
number of averages, Fig. 10 reveals a plot for different
matrix sizes and multiplied bitwidth Sy x Sy, for 20ns per
average and 80ns per average. The latency can easily go
up to 8us for large matrices, but even with a 8us and a
8192x8192 matrix, there are still 16.7 TOPS performed, under
the assumption that all columns are calculated at the same
time. A 8192x8192 matrix is estimated to take up an area
of 0.37 mm? in a 64 layer 3D NAND flash type of array,
which corresponds to 45.1 TOPS/mm?, which is compeditive
to other resistive IMC implementations (few TOPS/mm?)[10].
The ADC area needs to be taken into account, where likely
multiplexing becomes necessary to perform a 8192 column
operation, where an estimated 10x multiplexing leads to 4.51
TOPS/mm?2. With reduced number of averages by improving
parasitic capacitance values in the array and reducing the time
spend for each average this number would be improved by a
lot.

Another important consideration for accurate analog compu-
tation is the mitigation of readout nonlinearity. As previously
described, one compensation technique for the voltage divider
mode involves the use of programmable dummy capacitors
to linearize the read-out path by canceling out parasitic and
memcapacitor-dependent variations. However, another signifi-
cant source of nonlinearity lies in the inherent characteristics
of the memcapacitor device itself. CapRAM devices typically
exhibit a nonlinear capacitance-voltage (C-V) characteristic,
which is engineered to achieve programmable capacitive states
through voltage-induced shifts. For example, the capacitance
may change by more than 90 % within a voltage window



a
J—
(e

w

40 us

4 ps

400 ns

Number of Averages — Ny
S

100 4140 ns

1 2 3 4 5 6
MAC Bitwidth — S,, Sy (bit)

Fig. 10. Dependence of the number of averages N,y on the MAC bitwidth
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is assumed to be 10 here. Note, that Sy, = 1Dbit is equal to Sy, = 2bit,
because Sy = 1bit is a non-differential weight. The right axis shows the
corresponding conversion time for an averaging cycle time of 40ns

of approximately 1.5 V. Given a nominal read-out voltage of
400mV, this results in a significant voltage-dependent devia-
tion in capacitance, which translates into output errors depend-
ing on the programmed state. An approach to mitigate effects,
like mismatch and sensitivity to temperature, is the use of
differential weight cells, in which a weight is encoded across
two capacitors—one positive and one negative—operating in a
differential manner. This technique not only reduces mismatch
and sensitivity to temperature variations, but also significantly
reduces read non-linearity.

The key idea is to program both the positive and negative
capacitors symmetrically around the center of the C-V curve,
where the slope is steepest. If the C-V curve is symmetric,
then variations in the slope with respect to voltage cancel out
to first order, thereby linearizing the effective weight read-out.
This concept is illustrated in Fig. 11.

One trade-off of the center-symmetric programming strategy
is an increase in noise, since the overall capacitance increases,
while the amount of signal stays the same (center program-
ming corresponds to an effective increase in Coyip,).

V. TRANSLATING REQUIREMENTS TO ENERGY
EFFICIENCY

As mentioned in Sec. II-D, the best in class Walden FOM
ranges nowadays in the range of 0.4fJ/step [53]. For the
following analysis it is assumed to be 1{J/step. The required
bitwidth for the ADC is determined in Sec. III and is de-
pendent on the matrix size and the bitwidth of the input and
weight. For S, = 1 bit and S,, = 4 bit, meaning a W4A1l
MVM, the bitwidth requirement for the ADC depends linearly
on the matrix size K and is B, = 8 bit for K = 128 and
B, = 14 bit for K = 8192 with potential of reducing this
number with further research. Assuming 1£J/step there is
a constant contribution of 8fJ/OP per capacitive cell from
the Walden FOM, independent of the matrix size including

<——>| programming shift

\

® ~—— center programming

<~ —> 1%
positive negative
weight weight

Fig. 11. Center programming of negative and positive weights allows for
symmetric slope errors to cancel out.

the conversion of L, = 8 input slices, which corresponds to
0.251J - b/OP.

The thermal contribution is caused by the energy supplied
to the capacitive device, including the number of averages. For
any potential amplification following the bit line, a dynamic
amplifier [84, 85] would be an energy-efficient approach due
to its low static power consumption.

The thermal contribution from the capacitive device is given
by number of averages, the L, = 8 input slices and the fact
that the capacitive device performs two operations (summation
and multiplication). Also, one has to consider that each weight
requires two capacitors, one positive and one negative:

8- Nav . QLSB : ‘/;n ) ZBy

K
+8Nav0mmvzi

Ecap =
(43)

The first term in the sum considers all the energy for the
supplying the charge for 28+ LSB charge levels for the given
amount of averages and bit-slices, while the second term
considers the energy for charging all capacitors with Cn,
due to limited ON/OFF ratio of the capacitive device.

Fig. 12 reveals the energy FE.,, for different matrix sizes
and ON/OFF ratios. High energy efficiencies are obtained
for smaller arrays and decrease for larger arrays, due to the
increased bitwidth requirement for the ADC and the Schreier
FOM. A higher ON/OFF ratio helps to improve the energy
efficiency.

Fig. 13 shows the total energy efficiency FE\.,;, which
includes the Walden FOM. For small arrays and therefore
low ADC bitwidth the Walden FOM is dominating the energy
per operation while for larger arrays the thermal limit of the
capacitive device becomes dominating, which is even more
dominating for lower ON/OFF ratios. For an array size of
K = 256 energy efficiencies of 9.5£J/OP (0.3fJ - b/OP) are
obtained, while for K = 4096 the efficiency is 32.4fJ/OP
(1.01£J - b/OP), assuming an ON/OFF ratio of 50 and L,, = 8
lower-precision W4A1 MVMs.
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Fig. 13. Total energy per operation including the Walden FOM of the ADC
versus vector size K for different ON/OFF ratios. The dashed lines show the
capacitive thermal contribution, which dominates for larger matrix sizes due
to the increased ADC bitwidth requirement B,. We assume L, = 8 input
slices resulting in 8x W4A1 MVMs.

Improvements on energy efficiency can be obtained by
choosing smaller crossbar sizes and/or more weight slices
at the cost of lower parameter density. Another optimization
potential are improvements on the quantisation to achieve
lower o requirements for the LSB error and/or lower ADC
bitwidth B,,. Fig. 14 shows the dependency of the energy per
operation on the ADC bitwidth for a K = 8192 matrix for
an ON/OFF ratio of 50. A typical 225 behavior, according to
the Schreier FOM, is visible and a reduction by just 2 bit from
14 bit reduces the energy per operation from 1.78fJ - b/OP
to 0.22£J - b/OP.

In fact, the theoretical limit of energy efficiency can be
calculated based on the signal-to-noise ratio, given that the

amount of energy sourced in a capacitor is:
2
Ecap =C- Vrin . (44)

Together with the charge noise, we get the following number
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Fig. 14. Total energy per operation for a column length of K = 8192 and
reduced bitwidth for the ADC B,. We assume L, = 8 input slices resulting
in 8x W4A1 MVMs (in all other plots By = 14 bit was assumed for
K = 8192).

of levels (30 < 0.5 LSB):
C ° ‘/in

2By = — & (45)
6-VKIC
Reformulating this with the energy, we get:
Eeap = 36 -228v . kT . (46)

This formula represents again the exponential dependency on
the bit precision for the readout B,. For purely resistive cross-
bar arrays, we get similar results with a given measurement

time Tieas: )
Vin

Eres = “Teas - 47
I 47)

For the number of levels, we get the following, based on
thermal noise:

‘/vil’l
6 - VAETRAF
Assuming the effective noise bandwidth A f is limited by the
amount of measurement time according to Af = 1/2T}cas,
we get:

28y =

(48)

Eoos = 36-22Bv .2 kT . (49)

This proves, at the same bitwidth B, resistive devices are
at least 2 times less energy efficient than capacitive devices.
In many resitive devices, like RRAM or transistors in weak
inversion, there is also shot noise present due to potential
barriers, which leads to worse energy efficiency numbers,
according to the following relationship we get:

2By — I- Tmeas (50)

6 Vv qI ' Tmeas .
Where I is the current through the device, which yields
according to Fgnot = I - Tineas - V, with the applied read-out
voltage V:

Egor = 36-228v .q. V. (51)

For a read-out voltage of V = 0.4V, the results are 15.4x
than the capacitive case.



VI. CONCLUSION AND FUTURE WORK

In this work, we investigated the core trade-offs in capacitive
PUM systems, focusing on input and weight precision, matrix
size, and the constraints imposed by both quantization and
physical nonidealities. Our analysis revealed that meeting the
commonly adopted fidelity constraint of 30 < 0.5 LSB places
significant demands on weight programming accuracy, partic-
ularly as matrix size increases. To compensate for increased
programming noise and geometric variation in larger arrays,
additional weight slices may be required to preserve inference
fidelity. On the read-out side, the output capacitance fun-
damentally limits the achievable SNR, making oversampling
essential for maintaining accuracy at larger scales. We showed
that increasing the ON/OFF ratio of the memcapacitive device
substantially reduces the number of required averaging cycles,
with an ON/OFF ratio exceeding 50 becoming necessary
for matrices of a few thousand rows to achieve acceptable
energy efficiency. ADC resolution was identified as a dominant
contributor to read-out energy. In this paper, we operated under
the FPG framework to preserve exact digital equivalence.
However, this constraint imposes high bitwidth and energy
demands, especially at scale.

Future work should investigate quantization strategies that
relax the FPG constraint, enabling even lower ADC resolu-
tions without significant loss in model accuracy. Additionally,
developing methods that relax the strict 30 < 0.5 LSB
bound could quadratically reduce the number of required
averages, thereby improving energy efficiency and easing the
burden on weight write accuracy. Finally, exploring whether
column-sum resolution tightening can be enforced using PTQ
as a more cost-effective alternative to QAT, especially for
large models where full QAT is prohibitively expensive [21],
would be valuable. These directions promise to unlock further
efficiency gains and broaden the scalability of capacitive PUM
architectures for deep learning inference.
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