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Abstract—With diminishing energy and delay benefits via
CMOS scaling, there is much interest in exploring the use
of alternative state variables such as electronic spin. Multiple
research efforts are underway exploring both Boolean and non-
Boolean design space using spin devices in order to make their
energy and delay benefits competitive to CMOS. In this paper,
we propose spin channel networks (SCNs) – spin-based circuits
that exploit exponential decay of spin current to efficiently realize
multi-bit dot product computation. We show that proposed SCNs
can be employed with adaptive boosting (AdaBoost) learning
algorithm to efficiently realize a binary classifier for breast cancer
detection. The proposed SCN implementation achieves 112× and
14× lower energy per decision compared to the conventional
all spin logic (ASL) and 20 nm CMOS designs, respectively, for
identical decision throughput.

I. INTRODUCTION

Emerging applications, such as recognition, mining, and
synthesis, in the Internet-of-Things (IoT) era require highly
efficient implementations of inference algorithms on the
resource-constrained edge platforms. With diminishing energy
and delay benefits via CMOS scaling, there is much interest
in exploring the use of alternative state variables such as spin
of electron [1], [2] for computing. One promising example of
spin-based devices proposed for Boolean logic computation
is all spin logic (ASL) device [3]. ASL devices offer unique
advantages such as non-volatility, high logic efficiency and
ultra-low operating voltages However, ASL turns out to be
non-competitive compared to CMOS in terms of energy con-
sumption and delay of Boolean logic implementations [4], [5],
mainly due to the large delay required to switch nanomagnet
deterministically, exponential decay of spin currents along the
spin channels and because ASL gates consume static power
[5], [6].

There have been multiple research efforts to improve the
energy-efficiency of spin-based implementations. Several re-
search efforts have explored the neuromorphic design space
using spin-devices in order to achieve energy-efficiency [7]–
[11]. Multiple works have also exploited the stochastic nature
of nanomagnetic switching to achieve energy-efficiency [12]–
[16]. There also exists works at the architectural-level to fully
exploit the advantages of emerging spin-device configurations
such as racetrack memory [17]–[21].

In this paper, we propose spin channel networks (SCNs)
– spin-based circuits that exploit exponential decay of spin
current to efficiently realize multi-bit dot product computation.
SCNs employ same building blocks as in ASL. However,
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Fig. 1. Illustration of (a) an all spin logic (ASL) network, and (b) a spin
channel network (SCN) implementing an N -dimensional dot product based
classifier. Nanomagnets are depicted as dark squares.

unlike ASL, SCNs do not need nanomagnetic switching at
multiple intermediate stages (as shown in Fig. 1), thus re-
ducing energy consumption and delay significantly. We show
that proposed SCNs can be employed with adaptive boosting
(AdaBoost) learning algorithm to efficiently realize a binary
classifier for breast cancer detection. The proposed SCN
implementation achieves 112× and 14× lower energy per
decision compared to the conventional ASL-based and 20 nm
CMOS designs, respectively, for identical decision throughput.

II. BACKGROUND

A. All Spin Logic (ASL) Devices

Figure 2 shows a diagram of a single ASL device. It consists
of two nanomagnets separated by a conducting channel. As
charge current is passed through the input nanomagnet, spin
current propagates through the channel to exert a torque on the
magnetization of the output nanomagnet, forcing it to switch.
Since ASL is a current-based device, it can be operated at
ultra-low supply voltages. However, charge current in the order
of 10-100µA is required to generate sufficient spin current to
switch the output magnet. Hence, the charge current needs to
be switched off immediately after switching to avoid static
power consumption. Works in [5], [22] propose to clock these
devices via a MOSFET turning on the ASL device only when
it needs to compute.

Figure 3 identifies two SCN primitives (derived from ASL)
from which complex SCNs will be composed in section
III. The primitives are a nanomagnet with a spin channel
(channelized nanomagnet) and a spin channel. Channelized
nanomagnet takes an input charge current Ic and injects a
proportional spin current Is,o in to the channel, where βm is a
proportionality constant that depends upon the material and
geometry, including the channel length Lc. The input spin
current Is,in into a spin channel of length L is attenuated by
a factor of e

L
λ to generate an output spin current Is,out, where



Spin Transfer Torque

𝑉""

𝑉## ≈ 20mV- 50mV

Output 
Magnet (𝑀+,-)

Input 
Magnet (𝑀./ )

𝑇1𝑉2 = 1𝑉

𝑉2

𝑉2 = 0𝑉

𝑳𝐶7 𝐶8

Fig. 2. All spin logic (ASL) device with a power gating transistor [5].
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Fig. 3. SCN primitives derived from ASL: symbol, transfer function, and
layout. Each layout grid cell is of size F
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× F

2
= 7.5 nm× 7.5 nm [25].

λ is the spin flip length [6], [23]. The layouts are obtained by
following the λ-rules defined in [4].

B. Linear Support Vector Machine (SVM)
Linear SVM [24] is a simple and popular machine learn-

ing algorithm for binary classification. The SVM employs a
hyperplane to separate the training feature vectors into two
regions as shown below:

wTx+ b
ŷ=1

R
ŷ=−1

0 (1)

where w and b denote the trained weight vector and bias
representing the separating hyperplane, respectively, x denotes
the N -dimensional input feature vector, and ŷ denotes its label
predicted by the SVM. If the true label is denoted by y, the
accuracy of SVM is given by the probability of classification
error pe = Pr{ŷ 6= y}, which can be empirically estimated
for a given dataset.

C. Classifier Ensemble via Adaptive Boosting (AdaBoost)
A classifier ensemble consists of M weak classifiers. Each

weak classifier is computationally simple but inaccurate. How-
ever, the weak classifier decisions can be combined to obtain
highly accurate final decision. Adaptive boosting (AdaBoost)
[26] is a technique to train these weak classifiers sequentially.
Each weak classifier is specifically trained to correct the errors
made by the other weak classifiers trained earlier (see [26]
for the training algorithm). Let the output label of ith weak
classifier be denoted as ŷi = fwi(x), where fwi(.) denotes
the ith weak classifier function parametrized by the weight
vector wi computed during training. The final decision ŷf is
computed as shown below:

M∑
i=1

αiŷi

ŷf=1

R
ŷf=−1

0 (2)

where output weights αis of the linear combiner are also
learned during training.

III. SPIN CHANNEL NETWORKS (SCNS)
SCNs exploit the exponential decay e−(Lλ ) of spin currents

with the channel length L (see section II-A) to obtain powers-
of-2 weighing of spin currents by choosing L to be the
multiples of λ ln 2. In this section, we describe the design
of two components of SCNs, namely a spin channel network
multiplier (SCNM) and a stochastic slicer.

A. Spin Channel Network Multiplier (SCNM)
1) Schematic: Figure 4(a) shows a schematic of a 4×4 bit

spin channel network multiplier (SCNM). Each nanomagnet
Mij is placed at a distance of (7− i−j)λ ln 2 from the output
node, resulting in the output spin current Is,o as follows:

Is,o =
βmIc
2−7

3∑
i,j=0

aibj2
(i+j) =

βmIc
2−7

6∑
k=0

2k
( 3∑

i,j=0
i+j=k

aibj

)
︸ ︷︷ ︸

pk
(3)

where Ic denotes the ON current of NMOS, ai, bi ∈ {0, 1}
are the bits of two 4 bit unsigned binary operands A and B,
respectively, βm denotes a proportionality constant, and pk is
the sum of partial products aibj such that i+j = k. The signs
of these operands can be accounted for by changing the mag-
netization vector direction of the corresponding nanomagnets
(for A), and by using a differential supply [8] (for B). The
energy consumption of SCNM is given by:

Emult(A,B) =

3∑
i,j=0

aibj

[
I2cTg

(
Rspin +Rmos

)
+ CgV

2
g + Eand

] (4)

where Rspin denotes the series resistance of the nanomagnet
and channel, Eand denotes the energy consumption of the AND
gate, while Rmos and Cg denote the ON resistance and gate
capacitance of the transistor, respectively. A gate voltage of Vg
is applied to switch ON the NMOS, and Tg is its ON duration.
The NMOS and the AND gate constitute the CMOS driver for
the corresponding nanomagnet.

2) Layout: SCNM schematic in Fig. 4(a) only conveys
the SCN functionality at a very high level. However, it does
not account for spin current branching at the spin channel
junctions and the physical constraint of achieving appropriate
spin channel lengths while meeting all lithographic λ-rules.
We account for such design constraints in the layouts. We
follow the λ-rules stated in [4] and choose F = 15nm. Figure
4(b) shows the layout of a 4×4 bit channel multiplier. Each
marked joint Jk generates spin current corresponding to pk
defined in (3). Thus, minimum channel length between any
two consecutive joints on any branch corresponds to the spin
current weighing of 2−3, hence allowing sufficient spacing to
satisfy lithographic constraints. The actual channel lengths in
the layout are chosen via extensive simulations using SPICE-
based circuit models of spin current injection and propagation
in spin devices [23] with material parameters in [27], and the
nanomagnet dimensions are 30× 30× 10 nm3.
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Fig. 4. Spin channel networks: (a) schematic of a 4×4 bit spin channel network multiplier (SCNM), (b) a layout of a 4×4 bit SCNM, (c) SCNM symbol,
(d) stochastic slicer symbol, and (e) the SCN-based N dimensional linear SVM classifier architecture. The layout grid cell is of size 7.5 nm× 7.5 nm [25].
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tiny SCNs (t-SCNs), where each t-SCN consists of 2 SCNMs in parallel

and one stochastic slicer to implement a 2-dimensional linear SVM classifier.

B. Stochastic Slicer

The output of SCNM is an analog spin current. We use final
nanomagnet to threshold the output spin current to produce
the final inference decision ŷ, represented by its magnetization
vector direction. Since the nanomagnetic switching is stochas-
tic due to thermal noise in the nanomagnet [28], we refer to the
final nanomagnet as a stochastic slicer. For a given duration
Tg , its switching probability psw(Is) is given by:

psw(Is) ≈
(
1

2

)[( β1
ln 2

)−( Is−Ith
Ith

)]
(5)

where Is denotes the input spin current, Ith denotes the spin
current for which psw(Ith) ≈ 0.5, and β1 = π2Eb

4kT with Eb
denoting the energy barrier of the nanomagnet.

The stochastic slicer realizes following thresholding opera-
tion:

Is

ŷ=1

R
ŷ=−1

Ith (6)

with a probability of switching error that can be computed as
a function of psw(Is) defined in (5). Thus, there exists a trade

off between input spin current magnitude Is (proportional
to energy consumption) and switching accuracy, leading to
a minimum energy operating point (MEOP) for a target
switching accuracy.

IV. SCN-BASED BINARY CLASSIFIERS

A. Tiny Spin Channel Networks (t-SCNs)

Figure 4(e) shows a SCN-based N -dimensional linear SVM
implementation consisting of N parallel SCNMs (symbol in
Fig. 4(c)) followed by a stochastic slicer (symbol in Fig.
4(d)). However, since spin current decays exponentially, such
implementation suffers from significant signal degradation
over the summing network. Hence, in this paper, we restrict
N = 2, which requires only two SCNMs vertically facing each
other, resulting in a small summing network. The resulting
SCN-based implementation of 2-D SVM is referred to as
tiny spin channel network (t-SCN). It implements following
operation,

[
wT (x+ d)

]
Is,lsb + Is,bias

ẑf=1

R
ẑf=−1

Ith, (7)

where w is defined in (1), d denotes a constant vector with all
its components equal to d, and Is,lsb denotes the spin current
corresponding to the least significant partial product for a given
ON current Ic of the NMOS. The required Is,bias is given as,

Is,bias = Ith + bIs,lsb −
[
d
(∑

i

wi
)]
Is,lsb, (8)

where b denotes SVM bias defined in (1). The bias current
Is,bias is generated by having an additional nanomagnet with
a supply current Ic,bias as shown in Fig. 4(e). If the signed
precision of xi is M bit, we choose d to be 2M−1. This makes
(xi+d) an unsigned number, removing the need for differential
supply, and reducing the magnitude of Is,bias.

B. Classifier Dimensionality Scaling via Boosted t-SCNs

We employ AdaBoost to compose an arbitrary N -
dimensional binary classifier using multiple t-SCNs. Figure
5 shows an architecture of boosted t-SCNs classifier. Each t-
SCN, employed an a weak classifier, observes only two unique
dimensions of input feature vector x and computes its local
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at Ic,min = 90µA, and (c) detection accuracy pdet vs. energy tradeoff for different breast cancer detector implementations operating at a final decision delay
of 3 ns.

(weak) decision ŷi. We restrict the number of weak classifiers
to N

2 so that computational complexity of the boosted t-
SCNs architecture is similar to the standard N dimensional
linear SVM implementation (Fig. 4(e)). It is straightforward
to convert the binary slicer decisions ŷi i ∈ {1, . . . , N2 } to an
equivalent voltage [13] and then route it using charge inter-
connects. Final weighted logic block (designed in conventional
digital 14 nm CMOS) combines these weak decisions to obtain
the final decision ŷf as per (2). Its complexity in terms of the
full adder count is less than 5% of the total complexity of the
N
2 t-SCNs.

V. SIMULATION RESULTS

We design and characterize a 6×6 bit SCNM using the
SPICE-based spin device models [23] with the material param-
eters from [27]. The channel lengths between the clusters in
the SCNM layouts are repeatedly adjusted until the appropriate
spin current weighting is achieved and all λ-rules are satisfied.
Fig. 6(a) shows the simulated SCNM transfer function ob-
served for different A and B values. The observed (σµ ) of the
deviations from linearity in output spin current is ≈ 2%. We
use this transfer function for our system-level simulations in
MATLAB. All the peripheral CMOS circuits, such as CMOS
drivers for each nanomagnet in SCNM, weighted logic block
in boosted t-SCNs, are designed and simulated using 14 nm HP
FinFET ASU predictive technology models [29] to estimate
their energy consumption and delay.

We estimate the dynamic energy consumptions of 20 nm
LV CMOS [27] digital and ASL (consisting of nanomagnets
with improved anisotropy in [27]) implementations using the
benchmarking methodology in [25]. We assume activity factor
of 33% for digital CMOS. We also consider ASL gates to be
clocked using a MOSFET [5], [22] (see Fig. 2).

We demonstrate the effectiveness of proposed approach for
10-dimensional breast cancer detection (UCI repository dataset
[30], [31]). We compare energy consumption and accuracy of
all classifier implementations at fixed final decision delay of
3 ns. We quantify classification accuracy in terms of detection
accuracy pdet = 1 − pe, where pe is classification error
probability. For each t-SCN in the boosted architecture, Ith
controls its weak decision delay Tg , while Ic independently

controls its switching accuracy and energy. For a fixed final
decision delay (of 3 ns), the trade-off between the accuracy and
total energy consumption of the 10D boosted t-SCN classifier
is shown in Fig. 6(b) as a function of Ic. As expected, both
accuracy and total energy decrease with Ic. For accuracy of
95.5%, the classifier MEOP is achieved at Ic,min = 90µA.

Figure 6(c) shows the accuracy vs energy tradeoff for
different breast cancer detector implementations. Boosted t-
SCN detector achieves at least 112× lower energy per de-
cision compared to that of the conventional boosted ASL
implementation while maintaining accuracy as observed in
Fig. 6(c). Such large energy savings can be attributed to the
elimination of all intermediate switching nanomagnets in the
spin channel network implementation. It also achieves 14×
lower energy compared to boosted 20 nm LV CMOS digital
implementation, while operating at the identical final decision
delay. We also observe that both boosted CMOS and boosted
ASL implementations achieve energy consumption close to the
respective N -dimensional linear SVM implementations due to
their similar computational complexity.

VI. CONCLUSION

In this paper, we propose spin channel networks, which
exploit the exponential decay of spin current to efficiently
compute multi-bit dot products. While they are composed
of same building blocks as that of the ASL, they eliminate
need for intermediate nanomagnetic switching, thus achieving
significant energy-efficiency over both ASL and CMOS. As a
part of the future work, the proposed approach can be extended
to efficiently implement multi-layer deep neural networks,
which mainly consist of multi-bit dot products followed by
a non-linearity.
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