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Abstract—Personalized brain implants have the potential to
revolutionize the treatment of neurological disorders and aug-
ment cognition. Medical implants that deliver therapeutic stimu-
lation in response to detected seizures have already been deployed
for the treatment of epilepsy. These devices require low-power
integrated circuits for life-long operation. This constraint impedes
the integration of machine-learning driven classifiers that could
improve treatment outcomes. This paper introduces BrainFor-
est, a neuromorphic multiplier-less bit-serial weight-memory-
optimized brain-state classification processor. The architecture
achieves state-of-the-art energy efficiency using two layers of
neuron models to implement the spectral and temporal functions
needed for classification: 1) resonate-and-fire neurons are used
to extract physiological signal band energy EEG biomarkers
2) leaky integrator neurons are used to build multi-timescale
representations for classification. Sparse neural model firing
activity is used to clock-gate device logic, thereby decreasing
power consumption by 93%. An energy-optimized 1024-tree
boosted decision forest performs the classification used to trigger
stimulation in response to detected pathological brain states.
The IC is implemented in 65nm CMOS with state-of-the-art
power consumption (best case: 9.6µW, typical: 118µW), achieving
a seizure sensitivity of 97.5% with a false detection rate of 2.08
per hour.

Index Terms—Neural Interface processor, exponentially decay-
ing memory, signal energy, neuromodulation, AdaBoost, bit-serial
processing, neuromorphic computing.
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I. INTRODUCTION

THE synchronized firing of local neural populations within
the brain gives rise to oscillations known as local field

potentials, or LFPs. These oscillations are now understood to
reflect the underlying activity of the brain and categorizing their
patterns has led to fundamental insights into physiological and
pathological neural mechanisms. For example, the beta wave,
which falls between 12-30 Hz is prominent in EEG when a
subject is awake and focused. Recent studies have shown that
abstract states can be characterized. For example, a distinct
electrical signature can be detected during the recall of an image
during a visual recognition task [1].

Along with interpreting brain signals, activity can be artifi-
cially induced using electrical stimulation. It has been shown
that neural firing can be directly modulated during certain
phases of electrical stimulus waveforms [2]. Given that we have
developed technologies to interact with the brain by reading
and inducing activity, the same method can be applied to the
treatment of neurological disorders.

Epilepsy affects 65 million people globally, with 30% expe-
riencing adverse drug side effects and another 30% unable to
control their seizures by pharmacotherapy [3]. One emerging
treatment option is the use of an implanted stimulator which
disrupts the propagation of seizures as they are detected in
the brain. The key targets that closed-loop stimulators aim to
address include:

1) Maximize seizure prevention. People who achieve seizure
freedom have significantly improved quality of life out-
come indicators compared to those with a 75-99% seizure
reduction [4]. This requires the detection of all seizures.

2) Minimize side-effects. The false detection of seizures
leads to erroneous stimulation and is associated with
memory impairment and depression [5].

3) Maximize battery life. Battery replacement surgeries in-
crease the risk and expense of treatment [6]. Procedures
can be reduced by minimizing the power consumed by
the device’s internal electronics.

4) Minimize clinician burden. Existing FDA approved de-
vices require neurologists to manually calibrate devices
over time, hindering deployment [7].
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5) Support interpretable autonomous stimulation. Recent
advances in machine learning (e.g. deep learning) could
be used to greatly enhance the capabilities of devices, but
many approaches do not provide interpretable outputs for
their classification. This is a key concern for regulatory
approval [8].

There are two closed-loop devices for the treatment of
epilepsy with FDA approval: the Neuropace RNS [9] and the
Liva Nova Aspire SR. The RNS is implanted within patient’s
skull with a depth electrode placed into a deep brain region and a
strip electrode placed on the cortical surface. While this device
is effective at reducing seizure frequency, only 9% of people
with epilepsy achieve seizure freedom [9]. Furthermore, there
are up to 2000 stimulator activations per day, resulting in avoid-
able side-effects [10]. The LivaNova Aspire SR is implanted
in the chest, and electrodes induce activity in the vagus nerve,
which in turn modulates brain activity. In this case, only 6.9% of
patients are seizure free and with > 200 stimulator activations
per day [10]. This limited efficacy is attributed to the use of
threshold-based classifiers to identify seizures [11]. The use
of more advanced closed-loop computation on the device’s
internal electronics is constrained by power consumption, as
the implant must ideally operate for the lifetime of a patient
without replacement.

There exists a tradeoff in neural signal processing between
on-device computation, and wireless transmission for remote
processing. Devices must operate on a low power budget to
maximize their battery life and reduce the number of replace-
ment surgeries which result in a risk of infection and an addi-
tional clinical burden. A comparative study found that power
dissipation for on-chip signal processing can be an order of
magnitude lower than for the equivalent wireless data trans-
mission [12]. Furthermore, it is critical that closed-loop devices
should continue to operate autonomously in the event that wire-
less connectivity is lost. For these reasons, critical processing
should be conducted on-device.

The future of ASICs for closed-loop computation demands
energy-efficient, low-latency processors for responsive, safe,
personalized neuromodulation. Recent developments include
the use of neural co-processors as an attempt to bring the
capability and flexibility of a microprocessor to a prosthesis
embedded within the nervous system [13]. Such devices typ-
ically involve three stages: biomarker extraction, brain-state
classification, and responsive electrical stimulation.

A broad range of biomarkers have been proposed for brain
state classification [14]. For seizure detection, time-domain fea-
tures such as line length and area-based methods have been
described. Spectral features are among the most prevalent. As
EEG can be decomposed into physiological frequency bands,
the ability to efficiently extract these bands on-device is desir-
able [15].

Classifiers are typically trained offline, and inference is per-
formed in a continuous manner. As each classification uses
energy from the device’s battery, power can be reduced by mini-
mizing inference computations. As local field potentials (LFPs)
in the brain tend to be digitally sampled every millisecond (or

between 0.25-1kHz), a naïve solution would involve perform-
ing classification at the same rate. This sampling frequency
is required to capture signals with high fidelity, but cognitive
timescales are typically on the order of 10’s to 100’s of millisec-
onds [16]. For sudden state transitions such as those found at the
onset of seizures in epilepsy, dynamic classification rates may
be more appropriate. This could be achieved by finding models
that can be updated asynchronously, or by using a multi-stage
classification process where simple wake-up classifiers are used
initially, and more complex models are computed only when
necessary.

Existing work has aimed to improve on existing clinical
devices by integrating information rich biomarkers to en-
able better identification of pathological activity [17]. Rather
than using manual thresholds, academic solutions have in-
tegrated machine learning accelerators such as support vec-
tor machines [18]. However the power consumption of these
implementations prevents their practical use in chronically
implanted devices. Furthermore, proposed approaches typi-
cally use black-box models which do not allow for clinical
interpretability.

Towards addressing these limitations, this paper is an ex-
tended description of the system-on-chip introduced in [19]
which focuses on the digital brain-state classification processor.
Details for the associated analog circuits can be found in [20].
The proposed solution makes use of a computationally efficient
feature extraction method based on a signal energy biomarker,
which has widely demonstrated clinical utility. The inspira-
tion for this approach comes from the brain itself as will be
discussed in Section IV. Neural inspired computing is also
leveraged in the development of a novel classification tech-
nique (Section V), which achieves high accuracy with state-
of-the-art power efficiency. Furthermore, the training process
results in a white-box model which allows for the interpre-
tation of why stimulation decisions were made. These fea-
tures are integrated on a single IC, and are presented here as
BrainForest.

The following section will contain a review of the state of
the art, before detailing the key innovations in this work:

• Feature extraction using -fire (RAF) neuron-models.
A low-power, low-area alternative to conventional filter-
based methods (Section IV).

• Feature temporal representation using bit-serial exponen-
tially decaying memories. Higher precision at greater
efficiency compared to alternatives (Section V).

• Classification using bit-serial decision trees with event-
driven parallel sub-computation (Section VI). The im-
plementation is multiplier-less, SRAM-less and supports
interpretable machine learning models.

• Decision function with on-chip model weight regeneration
and classification biasing. The architecture removes the
need for model weight memory storage to reduce power
consumption and area (Section VII).

The device performance is characterized with publicly avail-
able EEG seizure datasets in Section VIII, and the benchtop
characterization of the IC is described in Section IX.
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Supply
Voltage 0.55-1.2 1.8 1 1.2 0.58 1.5 1.2 0.9 1.8-3.3-10 1

SRAM (kb) 64 - 64 96 35.8 64 3.17 73.13 - 0

Feature
extraction CPU

FFT,
Entropy SE

PLV,
CFC, SE FFT

MODWT-
KDE

PLV, PAC,
SE, HFO,
LL, LMP,

Hjorth

-
CFC, PAC,

Spectral
RAF

model

Classifier SVM LLS
D2A-

LSVM
EDM-
SVM

NL-
SVM

LS-
SVM

NeuralTree SciCNN EBM BrainForest

White-box
model No No No No No No No No Yes Yes

Class/Hr - - 1800 14400 - 266 - - -
Activity-

dependent
Energy/Class.

(μJ) 273 77.91 2.73 168.6 170.9 14.2 0.227 28.33 0.19 0.036

Sample
Memory (s) 6 0.375 3

Exp.
Decaying 2 - 0.25-2 1 -

Exp.
Decaying

Win. Latency
(s) 2 0.8 1 0 1 1.2 0.25-2 2 - 0

Sensitivity
(%) 100† 92‖ 95.7† 97.7∗ 96.6† 97.8† 95.6†

90.4∗,
90.3†

98.5‡
97.15∗,
97.5†

Specificity
or FPR 0.05† - 0.27† 0.185∗ 0.28† 99.7%† 96.8%† 95.7%∗,

93.6%† 99.3%
0.46∗,
2.08†

* EU Epilepsy Dataset. † CHB-MIT Dataset. ‖ Experimental Data. ‡ Memory Dataset.

II. RELATED WORK

An overview of published neural interface processors is first
presented. This review focuses on ICs which target LFP appli-
cations. Other neural interface processors have been proposed
for spiking activity from microscale recordings (e.g. [28]), but
are not considered in this comparison.

One of the earliest examples of neural signal-specific
digital processors is detailed in [29]. The general-purpose
biomedical signal processing platform accelerates fast Fourier
transform (FFT), CORDIC computation and signal energy ex-
traction for EEG and EKG applications. The device uses a
low-voltage SRAM to reduce power consumption and intro-
duced a novel method to circumvent glitches which are as-
sociated with low-voltage powering approaches. However, the
SoC relies on CPU-based classifier computation (which rep-
resents the bulk of processing), and is orders of magnitude
less energy efficient than dedicated hardware as demonstrated
in [17].

The IC introduced in [18] implements an SVM accelerator
which supports linear, quadratic, and Gaussian kernels to al-
low for a trade-off between accuracy and energy efficiency.
The device includes an Active-Learning Data Selection (ALDS)
accelerator to select the optimal data instances in a training pool
in order to reduce the analysis and labeling effort required by an
expert during supervised model construction. Although this IC
is one of the most significant developments in low-power brain-
state classification, it relies on an MSP430 CPU for feature

computation and does not include stimulation capabilities such
as waveform generation.

The neural-prosthetic SoC in [21] integrates an 8-channel
AFE with digital processing including FFT acceleration, ap-
proximate entropy (ApEn) features, along with a linear least
squares (LLS) classifier. While specialized hardware has the ad-
vantage of reducing redundant logic and hence power consump-
tion, limiting devices users to ApEn and LLS greatly reduces
the range of applications. Furthermore, this device, along with
those mentioned earlier, relies on bi-phasic pulses for symptom
control.

The highly-integrated SoC presented in [22] targets epilepsy,
and uses signal-band energy (SE) with a combination of SVM
classifiers to tradeoff between seizure detection sensitivity and
specificity. However, the device uses a windowing approach
with a limited ability to capture complex temporal EEG dy-
namics as outlined in [17]. Furthermore, the device does not
implement any general-purpose processing or neuromodulation
waveform generation capabilities.

The SoC introduced in [30] is one of the few devices which
integrates online learning capabilities in the form of the alter-
nating direction method of multipliers (ADMM) method for
parallel computing for SVM training [23]. This training is
demonstrated to improve sensitivity by 1.2% and false alarm
rates by 36% at the cost of a power dissipation of up to 7mW.
However, challenges faced in practice may include “concept
drift” [31] and the need for human expert epileptologists to
define data labels before retraining.
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Fig. 1. BrainForest system architecture for responsive neuromodulation. (a) The SoC contains an array of 8 successive approximation register ADCs and a
neurostimulation DAC [19] connected to the digital processing blocks detailed in this work. (b) Physiological signal bands present in the electroencephalogram
that are used for classification. (c) The processing pipeline used to detect pathological brain states includes 1) resonate-and-fire neurons used to extract
physiological signal band features, 2) leaky-integrator neurons used to build feature temporal representations and 3) a 1024-tree boosted decision forest
classifier.

In 2020, Wang et al. introduced an SoC with a 2-level brain-
state classifier combining a coarse-grain anomalous EEG clas-
sifier with a fine-grained least-squares SVM [24]. This is one
of the first devices to introduce the concept of coarse and fine
classification to reduce the effective classification rate, thus
reducing power dissipation. The SoC extracts a feature vector
consisting of maximum-modulus discrete wavelet transform
(MODWT) and kernel density estimation (KDE) elements. Ini-
tial results are reported using synthetic minority over-sampling
(SMOTE) [32] which limits the interpretability of the sensitivity
and specificity compared to other work. The digital processing
IC is demonstrated alongside a separate device for neural signal
acquisition and stimulation.

Since the initial publication of this work in [19] a significant
development included the introduction of a patient-independent
SoC that utilizes a Seizure-Cluster-Inception CNN (SciCNN)
for real-time, on-chip classification without the need for patient-
specific retraining [26]. This SoC demonstrates how deep
learning can be adapted to biomedical hardware, offering high
sensitivity and specificity across various patient datasets with
minimal power draw.

Recent developments in neural interface processors also in-
clude the NeuralTree SoC, a platform offering a 256-channel
interface with highly energy-efficient classification and neu-
romodulation capabilities [25]. This system is notable for its
broad range of feature extractors and tree-structured neural
network (NeuralTree) classifier, which optimizes the energy-
accuracy tradeoff through a patient- and disease-specific ap-
proach to symptom detection in neurological disorders such as
epilepsy and Parkinson’s disease. This SoC achieves a 0.227 μJ
per class energy efficiency.

Further recent advances include a multi-loop neuromodu-
lation chipset network with frequency-interleaving front-end
and explainable AI designed for memory studies in freely be-
having monkeys, which presents a novel approach in handling
Alzheimer’s related memory issues using neural interfaces [27].
This chipset implements advanced frequency interleaving to

cover a range of EEG bands and focuses on the use of explain-
able AI.

III. OVERVIEW

The BrainForest architecture is illustrated in Fig. 1. The core
consists of a 1024-tree temporal boosted decision forest. This
temporal classification approach addresses two key challenges:
1) the representation of long-short-term temporal activity de-
pendencies, 2) classification of temporal feature vectors with
an optimal tradeoff between accuracy and power-consumption.
The SoC contains an array of 8 successive approximation reg-
ister ADCs and a neurostimulation DAC [19]. This paper will
focus on the blocks to the right which perform feature extrac-
tion, classification, and stimulation functionality.

Feature extraction is implemented using resonate-and-fire
neurons which isolate the physiological EEG bands which is
conventionally performed using band filtering techniques such
as FIR filters. It has been found in neuroscience that some cells
exhibit resonant properties in these bands, where firing rates are
tuned to the frequency characteristics of somatic potentials [33].
A model of these resonate-and-fire (RAF) neurons that mimics
their fundamental mechanisms can be done highly efficiently
with digital logic to provide a spiking response to activity in
EEG input streams. This is demonstrated as a practical approx-
imation of conventional filter-based methods with a much lower
power consumption and without a significant performance dif-
ference.

This spiking activity from the RAF neurons must be con-
verted into a temporal representation for classification. Taking
inspiration from the brain once again, it has been uncovered
that experience unfolding in time is encoded via a set of leaky
integrator cells, each of which accepts input from the same
stimulus decay at different rates [34]. BrainForest implements
leaky integrate-and-fire (LIF) neurons to build a temporal repre-
sentation of activity from the preceding RAF cells. As demon-
strated in Section VIII a larger array of cells with different decay
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Fig. 2. The Resonate-and-fire (RAF) neural model is used to generate physiological signal band energy features. (a) The two-stage architecture includes
coarse-grained multiplier-less bandpass filtering and non-linear firing output logic. (b) The ideal bands extracted using the RAF model approach. (c) The
combination of coarse-grain filtering and non-linear logic results in a response approximating a brick-wall bandpass filter with full stop-band attenuation.
(d) The non-linear filter logic acts as a half-wave detector. The detected output is comprised of a magnitude and event firing output which can be used
for event-driven classification. (e) Conceptual operation of peak detector which follows the input samples to a maximum value. A hysteresis mechanism is
included to reduce the influence of noise.

rates can encode representations with higher fidelity, a low-
area implementation for each cell can enable larger arrays. This
method has previously been demonstrated in [18]. In this work,
the LIF mechanism is implemented using a bit-serial approach
to reduce area requirements by over 90%.

The LIF temporal representation is classified using an en-
semble of 1024 decision trees which are trained using existing
additive machine learning models such as Adaptive Boosting
(AdaBoost) and Gradient Boosted Machines (GBMs). As the
classifier only operates in response to resonant activity in the
brain, power is significantly reduced compared to a naïve im-
plementation. All the trees within the model ensemble are in-
dependent, allowing each tree to be computed independently in
response to feature extraction updates.

Finally the outputs from the decision forest must be aggre-
gated in a final decision function. Additive models require the
storage of weights which are associated with individual decision
tree results in the ensemble. These weights are typically stored
in a global on-chip SRAM. In this work, this requirement is
relieved through a combination of model pre-processing and on-
chip weight regeneration that exploits inherent statistical dis-
tributions. Power efficiency is further increased by leveraging
domain-specific knowledge to bias the classifier and reduce the
required computations during the inference of more probable
classes. In the case of epilepsy less than 1% of brain activity is
seizure activity, thus dynamic power can be saved during 99%
of the time of the device’s operation. Upon the detection of a
target brain state, closed-loop intervention is delivered using the
on-chip neurostimulator.

These design features are implemented without the use of
SRAM or multiply operations to improve area and power ef-
ficiency. The feature extraction and classification architectures
completely avoid the use of power-intensive multiply operations
and global memory accesses. The architecture for the RAF
and LIF models is implemented solely using comparisons, shift
and add operations with local memory accesses. The decision
trees are implemented using comparison and local buffers for
comparison points.

IV. RESONATE AND FIRE NEURAL MODEL

Brain states can be classified by observing activity in physi-
ological signal bands (δ [0-4], θ [4-8], α [8-14], γ1 [32-59],
γ2 [61-100]). The conventional approach to extracting these
bands involves using FIR or IIR-based bandpass filtering [35].
Such filters require power-intensive multiply operations and
have finite stop-band attenuation. It has been discovered that
neurons within the nervous system exhibit resonant properties
in these physiological bands, where firing rates are tuned to the
frequency characteristics of somatic potentials [33]. A model of
these resonate-and-fire (RAF) neurons is implemented in this
work that mimics their fundamental mechanisms. This section
describes the digital logic implementation to provide a spiking
response to activity in distinct frequency bands.

The underlying architecture of the RAF model is shown in
Fig. 2. It is composed of a two-stage model: coarse-grained
multiplier-less bandpass filtering, and non-linear firing output
logic. The first stage performs initial coarse bandpass filtering
of the EEG signal. This is based on concatenated low-pass
and high-pass filtering using a multiplier-less, resource-efficient
but low-performance IIR filter, which is constrained to power-
of-two coefficients to simplify computations to shift-and-add
operations. Fig. 2(b) shows the ideal bands which would be
extracted using this RAF model. The coarse-grained filtering
does not sufficiently allow for the precise differentiation of
bands of interest, so further processing is necessary. The second
stage is comprised of non-linear filtering logic, which indicates
the occurrence of peaks in bands of interest and stores the
magnitude as a proxy for signal energy. The resulting response
approximates a brick-wall bandpass filter with full stop-band
attenuation as shown in Fig. 2(c).

The simplified non-linear filter-based firing output logic is
demonstrated in Fig. 2(d). It fires upon detecting a half-wave
in the band-filtered signal and stores the amplitude. Two thresh-
olds must be met to trigger an output pulse: an amplitude
threshold, A−AHYST, and a wave duration threshold, DTH.
The top branch tracks the maximum amplitude (A) until the
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Fig. 3. Resonate-and-fire (RAF) neural model concept compared to conven-
tional methods. Operational example using a synthetic theta wave. E) EEG
band sensitivity for band extraction methods.

signal peaks as shown in Fig. 2(e). A downward slope after
the peak indicates a half-wave, triggering the output. Hystere-
sis prevents noise-induced detections (Fig. 2(f)). The bottom
branch counts samples since the last half-wave and compares
it to DTH, reflecting the minimum period in the band of inter-
est. When both thresholds are met as shown in Fig. 2(f), the
neuron fires, allowing subsequent inference with the new band
amplitude, A.

Fig. 3 demonstrates the use of RAF model-based computa-
tion of signal band energy versus a conventionally used FIR
filter-based approach. An example θ oscillation is overlaid with
the signal magnitude. The conventional approach uses the ab-
solute value of the output of an FIR filter and takes the average
over a moving window. It is illustrated that the RAF-based ap-
proach closely matches the ideal measure. Furthermore, this ap-
proach provides a firing output which can later be used to clock
gate the activity of proceeding system blocks (Section VI).

The analysis in Fig. 4 compares the effectiveness of FIR-
filter-based feature extraction and RAF-based feature extrac-
tion under varying signal quantization and noise conditions.
The FIR-based method isolates specific frequency components
using bandpass filters and evaluates the filtered signal’s quality
by calculating the power ratio in the target frequency band. This
power ratio is the proportion of the signal’s power within the
desired frequency band relative to the total power across all
bands. In contrast, the RAF-based method uses morphological
filtering to detect waveform features (half-waves) and assesses
their distribution across frequency bands. This calculation is
repeated for different quantization levels by quantizing the input
signal to various bit depths, simulating the effect of varying
ADC resolutions. The analysis demonstrates that the RAF-
based approach exhibits greater sensitivity to the energy in EEG
bands at lower ADC resolutions. For classification purposes,
the key requirement is that the difference in resonant sensitivity
between neurons is maximized.

Fig. 4. Resonate-and-fire (RAF) neural model EEG band sensitivity for both
FIR and RAF-based approaches. The RAF model shows greater sensitivity to
targeted frequency bands at lower ADC resolutions.

V. LEAKY INTEGRATE-AND-FIRE NEURONS

This spiking activity from the RAF neurons must be con-
verted into a temporal representation for classification. An anal-
ogous mechanism exists in the brain to represent environmental
stimuli. It has been uncovered that experience unfolding in time
is encoded in the brain via a set of leaky integrator cells, each of
which accepts input from the same stimulus decay at different
rates [34]. By comparing the state of each cell, we can infer
when this stimulus occurred in the past. This allows us to build
a temporal representation of firing activity from the preceding
RAF neurons.

The leaky integrator model is based on the use of expo-
nentially decaying memories (EDMs). As in the brain, this
has been demonstrated to represent time-series feature data
using varying-length moving averages. Multiple timescales are
captured using multiple EDMs in parallel with differing decay
rates, λ. This enables the learning of feature fluctuations in
time e.g. comparing recent activity to average activity over long
timescales. As sample rates in EEG recordings are on the order
of multiple KHz, it is infeasible to store data on over years
of operation. The EDM mechanism thus enables a compressed
representation.

It has been shown in the case of epilepsy that a combina-
tion of long and short-term temporal information contains vital
information for seizure prediction [36]. The selection of an
appropriate range of λ values can be patient-specific and thus
impractical to optimize manually. As is demonstrated in Fig. 9,
the classification model used in the subsequent stage can be
used to select the most informative values.

The implementation of LIF cells using conventional logic
can result in reduced accuracy for long-term feature representa-
tion (Fig. 5). This figure also illustrates a parallel computation
implementation. Note that the timescale being encoded, λ, is
directly related to the number of shift operations, where the cell
half-life is described as:

t1/2 =
log(0.5)

log(1− λ)
(1)
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Fig. 5. Bit-Serial exponentially decaying memory (EDM) optimization. (a) Quantization errors limit the minimum input range that can be encoded and
causes longer time scales to experience a greater error in their temporal representation. (b) Parallel computation implementation. (c) Migrating to a bit-serial
implementation allows for the efficient implementation of dynamic bit precision to prevent quantization errors with longer-term memories. (d) The root-mean-
squared error of bit-parallel vs. bit-serial EDMs. (e) Serial computation implementation.

It is shown that quantization errors limit the minimum in-
put range that can be encoded and causes longer time scales
to experience a greater error in their temporal representation
(Fig. 5(a)). The source of this quantization is shown when
N least significant bits are discarded during N right shift
operations.

A. Bit-Serial LIF Implementation

There are three implementation challenges for the LIF model:
1) Temporal information can be encoded with an array of

EDMs. The more EDMs we have the more accurate the
temporal representation [34].

2) Minimize power consumption as the number of cells scale
to minimize implantable battery usage.

3) Find a solution that avoids the quantization error illus-
trated in Fig. 5.

By moving to a bit-serial approach, these limitations can
be overcome through the dynamic adjustment of bit-precision
to compensate for quantization errors at long-term timescales
Fig. 5(c)–5(d). The reformulation of the underlying LIF equa-
tion from parallel to serial is detailed as follows. The discrete
EDM function is:

y[n] = y[n− 1]− λ(y[n− 1]− x[n]) (2)

An N-bit digital representation can be described as:

y[n] =

N∑

b=1

2y[n][b] (3)

Each bit, b, can be independently processed as:

y[n] = y[n− 1]− λ(y[n− 1]− x[n])

y[n][b] = y[n− 1][b]− λ(y[n− 1][b]− x[n][b])

y[n][b] = y[n− 1][b]− 2−α(y[n− 1][b]− x[n][b])

y[n][b] = y[n− 1][b]− {(y[n− 1][b]− x[n][b])� α}
y[n][b] = y[n− 1][b]− y[n− 1][b+ α]− x[n][b+ α]

Note that the λ term in uses 2−α which is a right shift
operator. If x[n] is processed as a 1-bit LSB-first serial stream,
x[n] >> α can be implemented as:

y[n] = y[n− 1]− λ(y[n− 1]− x[n])

λ−1y[n] = λ−1y[n− 1]− λ−1λ(y[n− 1]− x[n])

λ−1y[n] = λ−1y[n− 1]− y[n− 1]− x[n]

2αy[n] = 2αy[n− 1]− y[n− 1]− x[n]

(y[n]� α) = (y[n− 1]� α)− y[n− 1]− x[n]

y[n][b− α] = y[n− 1][b− α]− y[n− 1][b]− x[n][b]

The logic which implements the serial transformation is il-
lustrated in Fig. 5(e). The word shift operation simply requires
a delay in serial computation. A cascade of flip-flops with a tri-
state buffer-based gate configuration can achieve a configurable
number of shifts. By introducing registers to support the delay
operation needed for logical shifting, the number of flip flops
in the EDM state representation also increases. In effect, the
quantization error issue seen in the parallel configuration no
longer exists.

The bit-serial approach has the added advantage of a sig-
nificant logic reduction versus the parallel EDM. While a
bit-parallel architecture could be optimized with the use of
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Fig. 6. BrainForest decision forest processing architecture. The EDM memory and comparator operations are tightly coupled for energy efficient processing.
The bit-serial tiled architecture of the BrainForest brain-state classifier enables scalability for larger tree ensembles.

compressors, a bit-serial approach reuses the same addition
logic sequentially over multiple clock cycles. A diverse range
of cells with different decay rates can encode representations
with higher fidelity, so a lower-area implementation for each
cell enables larger arrays. The area utilization of the parallel
approach can be approximated as:

AEDM−P ≈ (N log2 N ×AMUX2) +NAFA (4)

and in the case of a serial EDM implementation:

AEDM−S ≈N ×ADFF +AFA +ADFF (5)

Synthesis results with a 65 nm process for a 16-bit parallel
EDM implementation indicate an area of 495.4 μm2, and a
power consumption of 4.41 μW. A functionally equivalent 16-
bit serial EDM implementation requires an area of only 67.6
μm2, and a power consumption of 0.62 μW.

While the serial EDM implementation incurs an N-cycle
processing latency with an associated static power consumption
penalty under normal conditions, this is offset by a reduced
dynamic power consumption and short logic paths which al-
low for lower voltage operation. Note that this improvement
scales linearly with the number of bits. For longer time scales
beyond those implemented in this work, this architecture can
be efficiently scaled.

VI. BOOSTED TREES

The encoded temporal representation of RAF model features
can be used with a classifier to infer pathological brain states.
Conventional algorithms typically require the use of multipli-
ers for inner product-based computation, and SRAMs to store
the large models that these algorithms require. While machine
learning techniques based on deep learning have attracted sig-
nificant attention due to compelling performance in many clas-
sification tasks, their efficacy comes at a prohibitive hardware
requirement for implantable applications [17]. Prior to the pro-
liferation of deep learning, additive models were highly dom-
inant in tasks such as image recognition [37], and underlying
computations include properties that can be leveraged to create
highly efficient, implant-compatible brain-state classifiers.

In brief, boosting is a supervised learning meta-algorithm that
creates an ensemble weak learners which results in a strong
model [38]. We start by training a simple base classifier and
label the training examples with its errors. The next simple
classifier is trained with weighted attention to the previous
model’s mistakes. By repeating this process and combining the
weak linear classifiers into an ensemble, a highly accurate non
linear classifier results.

BrainForest is designed for inference using most additive
machine learning algorithms based on depth-of-one decision
trees (Fig. 6). The two most widely used include Adaptive
boosting (AdaBoost), and gradient boosting machines (GBM)
[39], [40]. The tree computation in the BrainForest architecture
is fundamentally based on comparison operations between tem-
porally encoded RAF model features, and model weights which
have been trained offline. The inference computations and the
storage of model weights are key considerations that have been
the focus of optimization with machine learning architectures.

Two design features overcome the conventional requirement
for on-chip SRAMs when using decision trees: 1) By con-
straining the decision tree depth, D=1, memory access are
fully deterministic, removing the random-access requirement.
Deeper trees require non-deterministic memory access based
on the outcome of each splitting point. With D=1, memory
access is deterministic and there is no capacity redundancy. 2)
The compactness of the required model means that parameters
can be integrated locally within the model’s distributed com-
pute elements, effectively enabling in-memory computation.
A drawback of this architecture is that it limits the ability to
dynamically change the model size, or store multiple models.
However, this application assumes that a single patient-specific
seizure classification model is stored on the device with a fixed
size of less than 1024 trees.

Significantly, no multiply operations are needed in this model
as the computations are comparison based. Furthermore, com-
parison operations are particularly amenable to bit-serialization
as the main computation can be implemented using simple sub-
traction logic. As the feature data stream is also bit-serial, the
computation can be serialized with little support logic overhead
(Fig. 6).
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Fig. 7. Classification decision function implementation. The on-chip model
weight reconstruction logic removes the memory requirement for the classifier
decision function. Tree tiles are configured on the device sorted in order of
weight magnitude. The weight regeneration logic approximates the tree weight
based on the order of computation.

Each tree in the ensemble is independent, meaning that com-
putation can be performed asynchronously for each tree. These
sub-computations are triggered using event signaling from the
RAF models as new energy magnitude values are available.
Switching activity and dynamic power consumption is therefore
directly related to the brain activity which is encoded by the
RAF models. This results in a 93% power reduction when com-
pared to a naïve implementation in which all trees are updated
synchronously (see Section IX).

VII. CLASSIFICATION DECISION FUNCTION

Typically, the classifier decision function is calculated by
adding or subtracting the weight for each tree. These weights
are typically stored in a global on-chip SRAM. In this work,
a combination of model pre-processing and on-chip weight
regeneration removes this requirement as shown in Fig. 7.

The pre-processing step exploits the typical distribution of
values for tree coefficients with two classes. As these weights
follow an exponential distribution, they can be reconstructed
on-chip using function approximation logic which is pre-loaded
with the max term, and decays at a rate which approximately
fits the model weight distribution. The model’s trees are then
mapped to the tile array sorted based on the magnitude of their
weights. It should be considered that while the approximation
approach removes the need for a dedicated weight memory for
this portion of inference, it does come at a cost of degraded
accuracy. Furthermore, this degradation can be greater when all
1024 trees are in use when compared to smaller models. The im-
pact of these constraints should be assessed for each application.
When deploying the SoC to detect seizures in epilepsy, the ac-
cumulator is pre-loaded with weights to represent the interictal
class. Due to the rarity of seizures, the decision tree accumula-
tion is only active for < 1% of the device’s operation, greatly
reducing dynamic power consumption. Upon the detection of
a desired state, neurostimulation is triggered using a 2.5 V on-
chip current-mode stimulator.
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CHB-MIT DATASET PERFORMANCE

EU
Patient Se

x

A
ge

H
ou

rs
A

na
ly

ze
d

C
lin

ic
al

Se
iz

ur
es

Se
iz

ur
es

D
et

ec
te

d

Se
ns

it
iv

it
y

(%
)

F
D

R

CHB01 F 11 42 6 6 100.00 0.26
CHB07 F 1.5 19 3 3 100.00 0.10
CHB08 M 3.5 20 5 5 100.00 0.18
CHB09 F 10 19 4 3 75.00 0.36
CHB10 M 3 25 7 7 100.00 0.16
CHB18 F 18 35 5 5 100.00 12.20
CHB19 F 19 29 3 3 100.00 0.19
CHB21 F 13 33 8 8 100.00 1.88
CHB22 F 9 31 3 3 100.00 0.12
CHB23 F 6 9 7 7 100.00 5.38

Sum - - 262 51 50 - -
Mean
(STD) -

9.4
(5.76)

26.2
(9.18)

5.1
(1.76)

5.0
(1.84)

97.5
(7.5)

2.08
(3.72)

VIII. BRAINFOREST MODEL CHARACTERIZATION

The BrainForest classifier performance was first character-
ized using the CHB-MIT Scalp EEG Database [41]. The dataset
consists of 22-channel EEG recordings sampled at 256 Hz
from pediatric subjects with refractory seizures collected at the
Boston Children’s Hospital. The electrodes were positioned on
the scalp according to the International 10-20 system. Each
record is annotated with the number of seizures the patient
experience. If a record contains one or more seizures, the an-
notation also includes information about the start and end of
each seizure for delineation. For the purpose of validation, ten
patients were selected randomly as outlined in Table II. Data
was first downsampled to 256 Hz and 8 electrodes were chosen
on a per patient basis based on their activity during the patient’s
respective seizures. For the 1024-tree model supported by this
architecture, a seizure sensitivity of 97.5% with a false detection
rate of 2.08 per hour have been obtained.

BrainForest was further validated using the EU Epilepsy
database [42]. This database contains intracranial recordings
from 30 epilepsy patients with an average continuous recording
time of 150 hours per patient. A review of the results from early
seizure detection approaches using this dataset can be found
in [43]. For this analysis, data was first downsampled to 256
Hz and 8 electrodes were chosen on a per patient basis based
on their proximity to the seizure onset zone. For a 1024-tree
BrainForest model, a seizure sensitivity of 97.15% with a false
detection rate of 0.46 per hour have been obtained (Table III).
The BrainForest functionality is illustrated with this dataset in
Fig. 8, showing raw intracranial EEG recordings for a single
channel, the RAF model output, and example FIR filter-based
output for comparison, and the classifier output alongside expert
annotations

The white box characteristics of the GBM is illustrated in
Fig. 9. The features used with the highest frequency can be
directly mapped to the corresponding brain region for potential
seizure onset zone identification. The model transparency also
enables the analysis of feature importance’s which can be used
to inform future architectures and configurations. For example,
it is seen that increasing the number of trees used by the model
is correlated with more varied use of LIF timescales.
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Fig. 8. BrainForest output illustrating (a) raw intracranial EEG recordings, (b) RAF model output, (c) FIR filter-based output, and (d) the classifier output
alongside expert annotations.

TABLE III
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EU442 M 21 118 21 21 100.00 0.33
EU548 M 17 129 27 26 96.29 1.30
EU1096 F 32 147 8 8 100.00 0.07
EU1125 F 11 108 13 12 92.31 0.16

Sum - - 502 69 67 - -
Mean
(STD) -

20.25
(7.66)

125.5
(14.47)

17.25
(7.29)

16.75
(7.12)

97.15
(3.18)

0.46
(0.49)

Fig. 9. BrainForest-driven seizure activity insight discovery. The white-box
nature of the boosted decision tree approach means that tree weights are
associated with relevant biomarkers for seizure onsets. For example, the most
highly weighted channels are related to the seizure onset zone. As the number
of trees in the model increases, a more varied use of channel channels, bands
and leaky integrate-and-fire timescales occurs.

IX. BRAINFOREST BENCHTOP CHARACTERIZATION

The SoC micrograph and comparison table are shown in
Fig. 10. The device was fabricated using a TSMC 65nm CMOS

Fig. 10. BrainForest micrograph and experimental setup. A measurement of
8μA at 1.2 V is taken during the simultaneous operation of the RAF feature
extractors and BrainForest classifier.

process with a silicon area of 1.5mm x 1.3mm (1.95mm2) with
a logic size of 160k NAND2 equivalent gates using an ARM
standard cell library. The BrainForest power consumption is
measured as 118μW (6μW RAF neurons, 112 μW classifica-
tion logic) using a nominal voltage of 1.2 V at an operational
frequency of 1 MHz. Due to the asynchronous clock-gating of
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device logic, the energy use is brain-state dependent. Inference
during interictal activity is 9.6μW (99% of time in operation),
and 118μW during inference of seizure activity (1% of time in
operation). The system performance enables real-time neural
signal processing and state classification an average energy per
classification of 36nJ. Given a battery capacity of 705 mAh, at
a 1 V supply during full operation, the battery would last 2.53
years (118 μW). However, the RAF neuron firing rate greatly
reduces during periods of low activity (e.g. interictal periods),
and the power consumption drops to 9.6 μW. Assuming seizure
activity accounts for 1% of a patient’s brain states, the effective
power consumption would instead be 10.684 μW, resulting in
a battery life of 27.89 years. Note that this excludes the DAC
and ADC power consumption.

X. CONCLUSION

Due to the low power consumption and classification perfor-
mance, BrainForest could be the key to pioneering the explo-
ration of new applications for neural interfaces in ameliorat-
ing and augmenting the brain. As high channel-count devices
scale, this architecture is particularly suitable for the increased
classification dimensionality requirements. Towards the five
key features that closed-loop stimulators must aim to address,
BrainForest achieves the following:

1) Achieves seizure freedom. Brainforest demonstrates the
capabilities to operate with close to 100% seizure sensi-
tivity.

2) Minimizes side-effects. False positives are minimized to
reduce stimulation-associated side-effects.

3) Maximizes battery life. This work demonstrates power ef-
ficiency capable of achieving multi-year operation using
existing battery technology.

4) Minimizes clinician burden. Automated closed-loop
stimulation is supported based using machine learning to
relieve the clinical burden device configuration.

5) Supports interpretable autonomous stimulation. Brain-
Forest’s white-box model approach allows for the inter-
pretability of disease biomarkers and generating clinical
insights into the neurological basis of brain disorders.

BrainForest could be the key to pioneering the exploration
of new applications for neural interfaces in ameliorating and
augmenting the brain.
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