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Abstract—Flexible Electronics (FE) have emerged as a promis-
ing alternative to silicon-based technologies, offering on-demand
low-cost fabrication, conformality, and sustainability. However,
their large feature sizes severely limit integration density, impos-
ing strict area and power constraints, thus prohibiting the realiza-
tion of Machine Learning (ML) circuits, which can significantly
enhance the capabilities of relevant near-sensor applications.
Support Vector Machines (SVMs) offer high accuracy in such
applications at relatively low computational complexity, satisfying
FE technologies’ constraints. Existing SVM designs rely solely on
linear or Radial Basis Function (RBF) kernels, forcing a trade-
off between hardware costs and accuracy. Linear kernels, imple-
mented digitally, minimize overhead but sacrifice performance,
while the more accurate RBF kernels are prohibitively large in
digital, and their analog realization contains inherent functional
approximation. In this work, we propose the first mixed-kernel
and mixed-signal SVM design in FE, which unifies the advantages
of both implementations and balances the cost/accuracy trade-off.
To that end, we introduce a co-optimization approach that trains
our mixed-kernel SVMs and maps binary SVM classifiers to
the appropriate kernel (linear/RBF) and domain (digital/analog),
aiming to maximize accuracy whilst reducing the number of
costly RBF classifiers. Our designs deliver 7.7% higher accuracy
than state-of-the-art single-kernel linear SVMs, and reduce area
and power by 108x and 17x on average compared to digital
RBF implementations.

Index Terms—Flexible Electronics, Mixed-Signal

I. INTRODUCTION

Flexible Electronics (FE) have emerged as a promising
alternative to silicon-based computing, offering attractive prop-
erties such as mechanical flexibility, non-toxicity, and confor-
mality, whilst enabling low-cost fabrication and sustainability.
These characteristics make FE suitable for low-cost far-edge
applications, such as wearable healthcare monitoring [1]-[6],
and smart packaging [7], [8]. However, FE is fundamentally
constrained by large feature sizes, limited device counts,
and low integration density, which result in increased power
and area consumption, limiting scalability and efficiency.
Thus, implementing complex circuits in FE, such as machine
learning (ML) classifiers, remains challenging. Yet, ML-based
classification is essential for sensor-driven applications that
translate raw signals into meaningful decisions, which are
central to FE use cases [9].

To address these limitations, most state-of-the-art FE de-
signs rely on approximate computing—exploiting the inherent
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error tolerance of ML, trading accuracy for efficiency [10]-
[16]. Typically, multi-layer perceptrons (MLPs) are employed,
which require aggressive approximation to mitigate their large
area/power overhead, and thus introduce large accuracy loss.

Support vector machines (SVMs) are a favorable alterna-
tive to MLPs for the simpler classification tasks targeted by
FE, offering modest model complexity, reduced area/power
requirements, and competitive accuracy across a range of rele-
vant applications [17], [18]. At their core, SVMs typically rely
on either linear or radial basis function (RBF) kernels. RBF
kernels provide higher classification accuracy [19], [20]—in
our experiments, 7.7% higher accuracy on average than linear
kernels—but incur prohibitively large area and power over-
heads for realization in the digital domain. Thus, RBF-based
SVMs in FE can only include cost-effective analog circuits,
which, however, contain inherent functional approximation.
On the other hand, linear kernels offer reduced computational
complexity and hardware cost, but primarily result in lower
achievable accuracy. Thus, restricting flexible SVMs to a
single kernel type inevitably forces a compromise between
classification accuracy and hardware efficiency.

In this work, we present the first mixed-kernel, mixed-
signal SVM tailored for FE. Specifically, we combine linear
and RBF kernels in a unified design, aiming to achieve high
accuracy while instantiating only a small number of RBF units.
Leveraging that multiclass SVMs can be decomposed into
binary classifiers, we implement the RBF classifiers as ana-
log FlexICs—directly computing on sensory inputs—whereas
linear ones as digital designs. Operating in the subthreshold
regime, analog RBF blocks are based on functionally approxi-
mate Gaussian kernels, enabling ultra-low-power and high area
efficiency. Thus, our mixed-kernel design improves accuracy
by selectively deploying RBF beyond linear-only baselines. It
also shifts the otherwise prohibitive digital RBF into the analog
domain, reducing both power and area. Furthermore, we pro-
pose a separation-based exploration strategy that enables the
automatic identification of the optimal kernel type per binary
classifier—by assessing its accuracy contribution—and facili-
tates mixed-kernel SVM training optimized for high accuracy
while minimizing the number of costly RBF classifiers. Our
designs achieve 7.7% higher accuracy on average compared to
the state-of-the-art single-kernel linear SVMs, with 108x and
17x average lower area and power, respectively, compared to
all-RBF digital solutions.



The main contributions of this work are as follows:

1) We propose the first mixed-signal mixed-kernel SVM
design in FE, implementing RBF kernels in the analog
domain and linear kernels in digital.

2) We introduce a separation-driven exploration that trains
mixed-kernel SVMs and systematically allocates classifiers
to kernel types, achieving high accuracy.

II. BACKGROUND
A. Support Vector Machine

SVMs are supervised classifiers—robust to overfitting and
well-suited for small datasets—that identify a set of m support
vectors to determine an optimal hyperplane in feature space,
using the following binary decision function for separating
between two classes:

f(x) = sign (Z oy K(x,%) + b> ; (D
=1

where {(x;,y;)}/, are support vector data with y; €
{—1,41}, a; > 0 are the dual coefficients, b is the bias, and
K(-,-) is a kernel function [21]. For an RBF kernel:

K(w;,x) :exp(—v”xi—xﬂz)7 v >0, 2)

whereas for linear: K (x;,x) = x; x, where x € R? denotes
the input features. For the linear case, the dual and primal
formulations coincide [22], yielding a single weight vector:

W = Z Y X4, f(x)= sign(wa + b). 3)
i=1

Linear kernels reduce inference to one dot product and bias ad-
dition, requiring O (D) multiply-accumulate (MAC) operations
with only one weight parameter per input and no dependence
on support vectors m at run time, compared to O(m - D) for
RBF. In practice, RBF kernels can offer stronger non-linear
decision boundaries at the cost of higher computation (for
euclidean distance and exponential calculation), whereas linear
SVMs trade robustness for a simplified, low-latency datapath.
We extend SVMs to K-class problems via the One-vs-One
(OvO) strategy. In OvO, each binary classifier discriminates
between a pair of classes, outputting either O or 1 indicating
the winner, with predictions made by majority voting over
all outputs. As explained later, this property (i.e., analog-in,
digital-out) considerably simplifies the integration of analog
kernels in our mixed-signal architecture.

B. Flexible Electronics

Recent advancements in FE involve the design of Flexible
Integrated Circuits (FlexICs) with Indium Gallium Zinc Oxide
(IGZO) Thin-Film Transistors (TFTs), offering mechanical
adaptability and flexibility with cost-effective manufactur-
ing [23]. Unlike conventional silicon devices, IGZO TFTs can
be made on lightweight, flexible substrates (e.g., polyimide)
using low-temperature lithography and without needing pro-
tective packaging. Thus, they substantially lower production
costs, fabrication time (from 32 weeks to under 3.5 [24]),
and environmental impact (e.g., water consumption, carbon

emissions). Despite these benefits, IGZO TFTs fall behind
CMOS in performance and feature size (e.g., 600 nm for
FlexICs compared to a few nm in silicon [23]). Moreover, the
technology provides only n-type devices, restricting designs
to unipolar logic and necessitating resistor-NMOS (R-NMOS)
circuits, where a pull-up resistor replaces the pMOS transistor.
This directly impacts delay and power consumption, and
poses significant challenges for designing complex circuits,
such as ML classifiers. Our bespoke mixed-signal flexible
SVM circuits combat these inherent challenges, by offload-
ing computationally-demanding RBF kernels in the analog
domain, reducing both area and power significantly compared
to digital deployment.

C. Related Work

Several SVM hardware implementations have been pro-
posed, mostly relying on CMOS technology. On the digital
side, [25] provides a review of SVM classifiers implemented
on FPGA platforms. A practical example is given in [26],
which demonstrates a low-cost FPGA-based SVM classifier
for melanoma detection on a Xilinx Zynq device. In contrast,
analog CMOS realizations target ultra-low-power operation,
such as the fully trainable Gaussian-kernel SVM presented
in [27]. More recently, [28] reported a low-power analog inte-
grated implementation of SVM with on-chip learning, tested
on a bearing fault detection application. However, these prior
works rely on rigid silicon-based technologies, which lack
mechanical properties such as flexibility and conformability,
and also do not face the inherent limitations of FE.

In the context of printed and flexible electronics [29], SVM
classifiers have been investigated primarily along two direc-
tions: (i) fully-parallel approximated architectures that reduce
hardware cost at the expense of accuracy [11], [12], and (ii)
sequential architectures that significantly lower area but incur
high energy consumption [30], [31]. In [11], hardware-friendly
weight replacement and gate-level pruning were proposed as
post-training approximations, while [12] extended this with
voltage over-scaling at the circuit level. More recently, [30],
[31] further explored sequential SVM architectures, empha-
sizing the trade-off between area and energy consumption.
However, these implementations only consider linear kernels,
avoiding the hardware cost and design complexity of digital
RBF kernels but resulting in diminished accuracy—even more
so in approaches that exploit approximate computing.

III. PROPOSED MIXED-SIGNAL MIXED-KERNEL SVMS
A. Architecture Overview

Fig. 1 illustrates an example of our proposed mixed-
signal mixed-kernel SVM architecture for three classes, which
partitions linear and RBF kernel across digital and analog
domains, respectively. The linear classifiers require analog-
to-digital converters (ADCs) to digitize their inputs, whereas
the analog RBF classifiers operate directly on analog signals.
Per the OvO scheme, one binary classifier is instantiated
for each two classes, yielding a single binary value (0 or
1, according to the winning class) for both RBF and linear
classifiers. Thus, as analog classifiers produce digital outputs,
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Fig. 1: Overview of the proposed mixed-kernel, mixed-signal
SVM for three classes: RBF classifiers are realized in analog,
while linear classifiers and decision logic are in digital.

no additional conversion is needed, eliminating potential ADC
costs. This also considerably simplifies the result aggrega-
tion by the digital decision-making circuitry, responsible for
encoding the predicted class. All classifiers are realized in
parallel, eliminating the need for control circuitry or sequential
elements—costly in FE.

B. Analog RBF Classifier

First, we describe the design of our analog RBF classifier.
Designing in FlexIC presents challenges compared to CMOS,
as the technology includes only n-type transistors and lacks p-
type devices. Still, based on the CMOS kernel design of [21],
we implement the RBF classifier in our flexible technology
as shown in Fig. 2, using an n-type transistor differential
pair biased in subthreshold, leveraging the exponential I-V
characteristic of this regime. Subthreshold biasing enables
ultra-low power, aligning with our target applications. Even
though the reduced bias currents may introduce longer settling
time, this latency is effectively hidden in the mixed-signal
design by the ADC conversion time in the digital path,
providing timing slack for the analog stage. Also, FE circuits
typically operate within the Hz range, since performance is a
lower priority to area and power efficiency.

1) RBF kernel (Gaussian): The kernel is implemented with
two subthreshold n-type transistors differential pairs, (Q1, Q2)
cascaded by (Qs,Q4), and @5 for biasing the kernel and set-
ting the operating point. The circuit produces a current-mode
bell-shaped response that, near the origin, is well modeled
by a squared hyperbolic secant. Specifically, cascading the
complementary pairs gives, with z = S%:
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where n is the subthreshold slope factor, Vi is the thermal
voltage and Av = V; — V5. Following a Taylor expansion
about Av = 0, we have sech?u = 1 — u? + O(u?) with u =

27?‘2 , while exp(—~ Av?) = 1 —~ Av? + O(Av?). Matching
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Fig. 2: Analog RBF classifier architecture: a hardware Gaus-
sian kernel forms a separable product across dimensions;
outputs are weighted by a and routed by the sign y, then
differentially accumulated across support vectors.

the quadratic terms gives v = 21\/2’ so near the origin, the
cascaded pair provides a Gau551an approxirnation to the kernel:

Iin
T (Av) = e exp( — 7Av2)7 (5)

where o denotes the standard deviation. Equivalently, we use
v =1/20% ~ 1/(8n?V2), which aligns with ~ from (2).

The output current is sensed by an n-type transistor Qg
whose gate and source are tied to Q4. In subthreshold, the
drain current depends exponentially on Vizg and only weakly
on Vpg, so @5 produces a faithful, scaled replica of Q4’s
current. Because we operate in subthreshold—where Ip is
only weakly dependent on Vps—we use device ratioing for
readout. Therefore, we undersize ()4 (small W/ L) to minimize
loading, and set Qg with a W/L similar to Q3 so that the
readout branch provides a larger copy of the kernel current
for the next stage.

2) Kernel Product Across Dimensions: To handle D di-
mensions, we implement a separable kernel by cascading D
identical one-dimensional cells per support vector. For support
vector j and dimension d, we form Av; 4 = Vo) — Vs, ,
and apply (5) to that stage. Because the output of stage
(d — 1) drives the input of stage d (Ilgldg = Out y Yy, the
exponential factors multiply across stages. After D stages, for
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Fig. 3: Datapath of an 8-input linear SVM: weighted inputs
are summed with bias, and the sign determines the output.

each j = 1,...,m we obtain:

D D
D Iin
Isut73» = H Kjq= —4D] exp( — 'yz Avid). (6)
d=1 d=1

When a large number of features is employed, the summation
chain grows, resulting in current degradation that can no longer
be reliably distinguished. Because the FE process is n-type
transistors-only (no p-type devices), accurate current mirroring
from n-type outputs is challenging. Therefore, we support up
to five inputs in our design.

3) Alpha Multiplier: This block scales the kernel current by
the dual coefficient through a controllable factor « € (0,1). As
shown in Fig 2, it is implemented with a subthreshold differen-
tial pair (Q1, Q=) with diode-connected loads (@3, Q4). With
control differential AV,, = V44 — V,_, the branch current
follows a logistic function:

(D) 1
out,j 1 —l—eXp(AVa)

nVT

=1 a(AV,).

out,j

(@) _
I =

4) Signed Accumulation over Support Vectors: As men-
tioned in (1), each support vector j produces a nonnegative
current I; = o; K;j(x). A switch controlled by the label
y; € {+1,—1}, routes I; to the + rail when y; = +1 or
to the — rail when y; = —1. The two rails passively sum
their incoming currents; Thereby realizing negative weights
by accumulation on the negative rail.

Finally, the classifier’s score is passed through a comparator
to obtain its sign, provides a digital output and seamlessly
feeds the digital decision making circuit without requiring any
additional digitization, i.e., without an ADC.

C. Digital Linear Classifier & Decision-Making Logic

In the digital domain, we implement the linear binary
classifiers together with the multiclass decision-making logic
of our mixed-signal SVM architecture. Similar to state-of-the-
art flexible SVM designs [9], our linear kernels are designed as
bespoke fully-parallel architectures, essentially implementing
fixed-point MAC operations, as shown in Fig. 3. Trained
weights are quantized and multiplied with the quantized fea-
tures as obtained from the ADC. All products are computed in
parallel and accumulated through an adder tree, followed by
bias addition and sign evaluation. This yields a memory-less
architecture, eliminating the considerable overhead of sequen-
tial elements. Note, non-volatile memories remain scarce and

costly in FE [23]. In addition, weight and bias coefficients
are hardwired within each linear classifier, following the
bespoke design paradigm [23], substantially improving the
area and power of flexible multipliers and adders compared
to conventional (i.e., non-customized) implementations.

The outputs of both digital linear and analog RBF classi-
fiers are aggregated by the digital decision-making circuit to
perform multiclass classification. Instead of majority voting
as in [9], [12], decision-making is realized with an encoder,
as shown in Fig. 1. Each binary classifier provides a one-
bit output, and the encoder maps the collection of these
binary outcomes directly to the corresponding class label.
This hardware-efficient scheme removes the need for dedicated
counter and argmax circuitry, thereby enabling the seamless
integration of both digital and analog SVM components with
minimal area and power overhead.

IV. HIGH-LEVEL MIXED-KERNEL EXPLORATION

A. Analog RBF Modeling

For seamless integration with digital simulations—without
resorting to full mixed-signal co-simulation, which is complex
and requires excessive circuit runs- we develop a high-level
behavioral model of the analog RBF core. The model captures
the Gaussian kernel and the o multiplier via parameters
identified from targeted DC SPICE sweeps, enabling system-
level accuracy evaluation. This approach increases automation
at a high level while preserving final accuracy through cali-
bration against measured curves. Below, the modeling of each
component in the analog RBF classifier (see Section III-B and
Fig. 2) is described.

1) Gaussian kernel Modeling: We model the hardware ker-
nel by running a DC analysis, sweeping the differential input
Awv, and using the resulting samples I, (Av). However, in
order to measure the v of the simulated design, we fit an ideal
Gaussian to the measured transfer characteristic—specifically
estimating Ag, 7o, and pu:

Iout(Av) ~ AO eXp[ — % (A’U — ,[L)z} . (7

We then use the SPICE data together with the fitted g in the
behavioral modeling.

We fix the operating point at a specific bias V;. To achieve
different RBF widths v*, we apply input scaling relative to
the measured vy and the separable kernel is then evaluated as:

Sy =V 7*/’707

D

K(Av) =[] K(syAv).  ®)

d=1

2) Kernel product across dimensions: We multiply the per-
dimension kernels to realize a separable D-dimensional kernel.
No additional approximation is introduced here: the current is
passed from one stage to the next; only the input scaling s,
differs.

3) Alpha multiplier: We model the dual-coefficient mag-
nitude o € (0,1) with a logistic curve, fitted to SPICE by a
DC sweep of the control differential AV,, versus the measured



Algorithm 1 Mixed-kernel SVM selection process.

-5 CK }
> All OvO pairs
> Chosen kernel per pair
> Trained classifier per pair

Require: Labeled dataset D with classes {ci, ..
1: 'P(—{(Ci,Cj) |Z<j}
2: K<+0
3: C«0
4: for all (¢;,c;) € P do
50 Dije{(z,y) €D |y € {ci, ¢} }
6: Train linear Ci‘;‘ and RBF C{? on D;;
7: Ajin < acc(Cl), A+ acc(CP)
8 if Ar > Ajin then

9: k‘m +—RBF, Cij <—O§?t

10: else )

11: kij <« Linear, Cl'j (—Ciljn

12: end if

13: K+—KU{ki;}, C+CU{Ci;}
14: end for

15: Decision step (encoder): For input x, compute binary outputs
bi;(x)€{0,1} from all C;; €C; obtain §

16: Evaluation: Acc(SVMnmixed) < acc(g; D)

17: Outputs: K (kernel map), C (mixed-kernel classifiers)

ratio & = Iyt /Iin- The fit yields (zo, s), and in software we
map a desired « to its control value via:

AV, =20 + s ln(é —1) 9)

B. Mixed-Kernel Mapping & Training

Leveraging that SVM OvO multi-class classification decom-
poses the final classification to distinct binary classification
problems, we propose a separation strategy to assign each
binary classifier to the optimal kernel type, RBF or linear.
Our objective is to maximize the accuracy of each binary
classifier—enabling superior model-level accuracy compared
to single-kernel state-of-the-art approaches—whilst minimiz-
ing the number of RBF kernels.

Algorithm 1 summarizes our mapping strategy. For a K-
class task, we enumerate all (g{ ) pairs of classes (c;, c;) and
extract the corresponding binary subset for each pair. Each
pair is first trained with a linear classifier, and its accuracy
is used to gauge classification difficulty. If the accuracy is
sufficient, the pair remains linear; if not, it is reassigned to an
RBF kernel. In this way, most classifiers remain lightweight
and digital, while only the challenging ones are realized as
analog RBFs. This selective allocation preserves the accuracy
benefits of RBFs where they matter most, while minimizing
their overhead and maintaining an overall efficient design.
Finally, after all classifiers are extracted, they are integrated
within a unified SVM model, alongside the decision-making
logic for outputting the predicted class, per the OvO scheme.
Floating-point RBF classifiers are replaced with our hardware-
accurate high-level analog model of Section IV-A. The explo-
ration therefore outputs: (i) a pairwise kernel assignment map
distinguishing linear (digital) from RBF (analog) and (ii) the
mixed-kernel SVM model, ready for system-level inference.

V. RESULTS & ANALYSIS

A. Experimental Setup

1) Software Setup: We evaluate our mixed-kernel SVM
approach over 3 datasets from the UCI ML repository [32],

TABLE I: Component dimensions of analog RBF classifier

Gaussian Kernel

Q1-Qs3, Qs W =40um, L = 0.6 um
Q4 W =1um, L =0.6pum

Qs W =20um, L = 1.2um
R1=10MSQ W = 0.6um, L = 28.5um
Ry =4.28MQ W =0.6pum, L = 12.2ym

Alpha Multiplier

Q17Q4 W =40 Hm, L=06 Hm
Component nRMSE  r 1.0 \ — spiCE
Gaussian kernel (at 0.0218 0.997 » Software
Vi, =0.30 V) 3051
Product across dims 0.0117 0.998 ~—
(D =3)
Alpha multiplier 0.0003 0.999 0.0 f=———r . —
(logistic fit) -0.2 0.0 0.2

AV [V]

(a) SPICE vs. ideal reference  (b) Gaussian kernel fit vs. SPICE

Fig. 4: Analog RBF validation: (a) SPICE vs. ideal metrics
and (b) Gaussian kernel comparison.

as they are well-suited for sensor-based FE applications [9].
Datasets include Balance Scale (Balance/Bal.), Seeds and Ver-
tebral 3 Columns (Vertebral/V3C). Sensor data are normalized
within [0,1], and any non-sensor (categorical) features are
removed during pre-processing. We split each dataset into
70% training and 30% testing. Feature selection is applied
before training to align the input dimensions with our analog
hardware constraints (see Section III-B2), limiting up to 5
input features. Scikit-learn is used for SVM training and
feature selection.

2) Hardware Setup: Sensory inputs are uniformly quan-
tized to 4-bit fixed-point precision. For linear SVMs, weights
and biases are quantized following [12] to preserve accuracy.
For digital RBF SVMs support vectors and dual coefficients
are quantized to ensure sufficient precision. For analog sim-
ulations and digital circuit synthesis and simulation, Cadence
Spectre simulator, Synopsys Design Compiler T-2021.06 and
VCS T-2022.03 are used, respectively. Our designs are mapped
to PragmatIC’s Gen3 FlexIC 1.0.0 PDK at 1.5V [33]. The
supply voltage for the analog is set to 1V, regulated down
from the digital supply voltage. The dimensions of all com-
ponents in our analog RBF classifier design are reported
in Table I, for the comparator, we estimated power and
area from the comparator designed in [34]. Both analog and
digital target performance at 2Hz. It should be noted that
the target applications of FE are inherently low-throughput,
and therefore the chosen operating frequency aligns with the
typical speed requirements of such systems [23].

B. Analog RBF validation

First, we validate the behavior of our analog RBF clas-
sifier design, and its comprising components. Specifically,
we compare the obtained SPICE simulation traces against
an ideal software reference for the following components:
the Gaussian kernel cell, the product across dimensions, and
the alpha-multiplier. For each case, we report the normalized



TABLE II: Evaluation against single-kernel state-of-the-art.

Circuit Total Area Total Power RBF/linear

Dataset Design

Acc. (%) (mm?) (mW)  classifier ratio
Linear (digital) 92 0.024 0.004 0/3
Bal. RBF (digital) 93 13.400 2.230 3/0
Ours (mixed) 92 0.062 0.081 12
Linear (digital) 92 0.067 0.011 0/3
Seeds RBF (digital) 95 7.000 1.190 3/0
Ours (mixed) 95 0.125 0.092 12
Linear (digital) 69 0.092 0.014 0/3
V3C  RBF (digital) 83 5.600 0.960 3/0
Ours (mixed) 89 0.108 0.088 2/1

root mean square error (nRMSE) and the correlation between
SPICE and the ideal outputs. The results are summarized
in Fig. 4(a). Overall, we observe excellent agreement with
the theoretical reference, with all blocks exhibiting very low
nRMSE and near-unity correlation (r =~ 1). Fig. 4(b) also
presents the I-V curve of the Gaussian kernel in comparison
to the ideal software function, providing a visual confirmation
of this alignment. Thus, our analog implementation provides
accurate (and well-correlated) outputs, faithful to the ideal
RBF implementation outlined in Section III-B.

C. System Evaluation

Next, we evaluate our mixed-signal and mixed-kernel SVMs
in terms of accuracy and hardware efficiency. Specifically,
we focus our analysis on the following: (i) comparison of
single—kernel baselines (digital linear, digital RBF, and our
mixed-signal mixed-kernel SVM), (ii) analysis of analog vs.
digital RBF efficiency, (iii) a breakdown of linear and RBF
contributions in the mixed design to quantify area and power.

We compare our SVMs against the state-of-the-art SVM de-
signs, which focus solely on single—kernel linear digital imple-
mentations. In addition, we design against single-kernel digital
RBF SVMs, aiming for more comprehensive comparisons.
Table II reports the results in terms of circuit accuracy, total
area, and power. Compared to purely-linear SVMs, our mixed-
kernel designs offer superior classification accuracy, with an
average increase of 7.7%, reaching up to 20% for Vertebral.
This comes at the cost of moderate overhead, since digital
linear classifiers yield lower area and power cost compared to
analog RBF ones—by 2.5x and 12.4x, respectively. In contrast,
compared to single-kernel digital RBF SVMs, our designs
offer orders-of-magnitude higher efficiency, with an average
area and power gain of 108x and 17X, respectively. At the
same time, they achieve comparable accuracy, ranging from a
minor 1% drop for Balance, to equal values for Seeds, up to
a 6% gain for Vertebral, showcasing the advantages of mixed-
kernel SVMSs. Overall, our mixed—kernel and mixed-signal
SVMs offer the best accuracy—efficiency trade—off, surpassing
state-of-the-art accuracy of linear SVMs while providing huge
hardware gains over digital RBF designs.

Note, we do not provide a direct comparison against single-
kernel RBF-based SVMs implemented purely in the analog
domain, since we are the first to design analog RBF clas-
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Fig. 5: Normalized area and power breakdown between

analog/digital in our mixed-signal SVMs of Table II.

sifiers in FlexIC technology. In addition, our mixed-signal
designs deliver more favorable trade-offs given the hardware
constraints of FE applications. We achieve high accuracy—
within 1% of the software accuracy—while the analog RBF
classifier is costlier than its digital linear counterpart.

Next, we perform a direct comparison between digital RBF
classifiers from (Table II) against our analog designs. Our
analog classifiers are on average 109x more area-efficient
and 16 x more power-efficient, highlighting the importance of
analog realization, and enabling for the first time RBF-based
SVMs in FlexIC technology.

Finally, we present an area and power breakdown of our
mixed-kernel solutions of Table II between their analog and
digital components. Fig. 5 presents the normalized results
per the studied datasets. Overall, the digital end (i.e., linear
classifiers and decision making) accounts for 54% of the area,
mainly due to the separation nature of our exploration, which
aims to minimize the count of RBF blocks. Interestingly,
the analog RBF dominates the total area for Balance by
nearly 90%. This occurs because the digital linear component
converged to zero or power of 2 weights, which in this bespoke
architecture directly translates to hardware savings both area
and power (99% static power in FE [23] by removing the
corresponding multipliers. According to Fig. 5(b), the analog
RBF classifiers dominate the total power consumption by 89%,
on average. This reflects the inherently higher power overhead
of analog computation in FE, despite its area efficiency.

VI. CONCLUSION

Flexible electronics (FE) are emerging as a pathway to
low-cost, conformal computing for sensor-driven applications.
However, implementing ML algorithms in FE remains costly
due to the limited efficiency of complex circuits. In this work,
we propose a mixed-kernel SVM that combines digital linear
kernels with analog RBF. Our evaluations highlight that our
mixed approach achieves, on average 7.7% higher accuracy
than linear baselines with minimal hardware overhead, while
reducing area and power by up to 108 x and 17X, respectively,
compared to fully digital RBFs. These results demonstrate that
analog RBFs, when coupled with a lightweight digital pipeline,
provide a practical and scalable route to hardware-efficient
intelligence in FE systems.
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