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ABSTRACT

With the increasing popularity of brain-machine interfaces for a variety of motor disorders and fundamental neuroscientific

experiments, there is also a growth in new sensors with increasing number of parallel channels to sense brain activity. Hence,

there is an urgent need to manage the exploding datarate and power dissipation of these devices. Analog neuromorphic

computing promises to be a natural candidate for bringing intelligence to implantable neural interfaces, thus only needing to

transmit sparse information gleaned from the raw neural recordings. Neuromorphic event-driven sampling can reduce datarate

at the source producing spikes that can natively be processed by low-power, sparsely activated spiking neural networks (SNN),

that detect events of interest such as epileptic seizures or occurrence of biological action potentials (AP). This work compares

popular neuromorphic analog-spike converters (ASC) in terms of their robustness to interference and shows delta modulation

to be superior to integrate and fire modes of spike generation. Further, a new type of delta modulation inspired by high

threshold bursting neurons in the hippocampus is shown to extend the tradeoff between compression ratio and data fidelity for

conventional delta modulation. Measured results from fabricated integrated circuits show excellent data compression rates

far exceeding those of conventional analog digital converter with Nyquist sampling. Further, mixed-signal, clockless SNNs

interfaced with this bursting ASC are shown to be able to classify the generated spikes to detect AP events with high accuracy

while dissipating scant energy.

Introduction

The rapid growth of Artificial Intelligence (AI) algorithms, electronic processors and development of new sensors and

improvements in connectivity have converged to create an explosion in the Artificial Intelligence of Things (AIoT). Along

with a rise in smart machines such as autonomous vehicles, intelligent robots or smart surveillance systems, there has been a

steady rise in battery operated, body-worn smart electronics for a variety of applications. On one hand we have smart glasses,

AR/VR headsets and smart watches being used ubiquitously for consumer applications, while on the other hand we have a

variety of biosensors that are being used to monitor our body state in medical electronics through different signals such as



electroencephalogram (EEG)1 or neural action potentials (AP)2 for brain monitoring, electrocardiogram (ECG) for cardiac

signals3 as well as glucose4 and insulin for diabetic patients. In fact biomedical signals such as electromyography (EMG)

have also been used for human-computer interaction5. A lot of these devices, such as image sensors for smart glasses and

microelectrode arrays (MEA) for brain monitoring face a data deluge problem due to an increasing number of pixels requiring

innovations in compression and communication schemes.

One prominent example of multi-channel brain sensors is the implantable microelectrode arrays used in communication or

movement Brain-Machine Interfaces (BMI)6, where the sensor can, for example, be used to capture neural activity in motor

cortex of a tetraplegic patient, which can be decoded to a command for a machine such as a computer, wheelchair or robotic arm.

Implanted BMIs for communication were previously used to spell words by selecting characters on a computer screen using a

brain-controlled cursor7–9 and provided much higher decoded character rates than their wearable EEG speller counterparts.

Recent advances10–12 in direct decoding of attempted speech have increased this word rate close to conversational speech.

However, in all these cases, having a wired connection from the implant increases risk of infection and patient discomfort.

Hence, wireless implants are necessary for commercial translation and has been the focus of much research in the past few

years.

Another important usage of a multi-channel brain sensor is in therapeutic BCIs to record intracranial EEG (iEEG) signals,

from subdural grids and strips on the cortical surface (ECoG) or from stereotactically placed depth electrodes (sEEG), to locate

the epileptogenic zone for patients with pharmaco-resistant focal epilsepsy who might undergo resective surgery. Locating

the seizure onset zone(s) can inform surgeons about potential resection areas13; however, because seizures are rare and

unpredictable, locating this zone requires continuous recordings over one or more weeks, during which the patient remains

tethered to a recording system in a monitoring unit in a clinical facility. The demand is also asymmetric, since tens or hundreds

of contacts must be digitized continuously at kilohertz sampling rates for days, while the clinically meaningful events (seizures)

occupy only a negligible fraction of the record. Chronic ambulatory iEEG is already possible via implanted neurostimulators

and, less invasively, via subscalp systems. However, such systems, currently in clinical use, can only record a handful of

channels and store intermittent snippets rather than continuous data14. Therefore, an wireless and compact device would free

these patients from prolonged in-hospital settings and allow the continuous long-term collection of ambulatory iEEG data.

Creating wireless implants is challenging due to the tight area and power constraints of implanted electronics to limit

significant tissue heating and frequent battery recharging. The high data rate further requires high transmission power to reduce

bit error rates. The problem is further exacerbated by the growing number of channels in implantable neural probes (e.g. 384

channels to record from 5120 physical sites in Neuropixels 2.0 NHP15), that support a Moore’s law like exponential increase in

the number of simultaneously recorded neurons16. A similar trend exists for ECoG measurements with recent work extending

to 1024 to 2048 electrodes17. While new wireless transmission methods are being developed18, 19 to support high bandwidth

data transmission, there is a strong need to develop low-power, low-area in-sensor data compression and processing circuits to

reduce the datarate at the source, while respecting the strict resource constraints of implantable electronics.

Interestingly, the biological nervous system provides a great example of handling data efficiently from millions of sensors

(e.g. photoreceptors in the retina or mechanoreceptors in the skin) where the sensors provide in-sensor adaptation and

compression by change detection20. The cortical neurons further recognize events of interest using very low-power analog

networks of spiking neurons with rich local dynamics conferred by a multitude of ion-channels and robust communication

using digital-like action potentials or spikes. Inspired by this, neuromorphic sensors and processors have emerged for low-

latency, data and power efficient sensing and processing21, 22. Event-based sensors23, 24 respond to changes in signal, and only

emit asynchronous events signaling the time and polarity of such changes. This compressed representations enables sparse

communication with neuromorphic processors which can use analog25, 26 or digital27 neurons, while communicating between

neurons using similar asynchronous event-based communication principles. Thus, neuromorphic sensing and processing opens

up a new avenue for efficient and scalable systems for brain activity monitoring.

Conventional implanted neural interfaces typically comprise a bandpass amplifier(s) with variable gain followed by

multiplexed analog-to-digital converters (ADC) that operate at a Nyquist rate, set by the fastest possible signal to be encountered.

However, events of interest, such as action potentials (AP) happen rarely due to the sparsity of neural activity, resulting in a

lot of energy and bandwidth wasted in digitizing irrelevant signals. In contrast, neuromorphic neural interfaces (NNI) that

convert analog signals to digital spikes only when “interesting" events occur, could provide data savings proportional to event

sparsity. As an inspiration, the human retina uses retinal ganglion cells to send spikes for downstream processing only when the

input from the bipolar cells exceeds the spatio-temporal average by a large enough amount, with the sign of the change being

conveyed by two separate (ON and OFF) classes of cells. Inspired by this, NNI for interfacing with high density MEAs for

in-vitro studies28 have used Delta modulators (DM) with dual polarity outputs for data efficient digitization (Fig. 1c). Other

efforts29, 30 has used similar asynchronous DM circuits to digitize ECoG signals with the goal of efficiently detect seizures and

high frequency oscillations (HFO) in an attempt to locate epileptogenic zones. A different class of analog to spike converters

(ASC) takes inspiration from cortical neurons, and capture their simplified dynamics (in proximity of a saddle node bifurcation)
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Fig. 1. a A conventional BMI system comprises an implant that communicates with effectors (typically via a headstage) such

as computers, wheelchairs or robotic limbs. Converting the links to wireless ones for patient comfort is faced with

power-dissipation challenges related to data digitization and transmission. b Conventional Analog-to-digital conversion (ADC)

samples the neural signal at regular times leading to a data deluge.c In contrast, neuromorphic sampling or Analog-to-spike

conversion (ASC) is capable of reducing the data rate by sampling only when the signal changes beyond a threshold, leading to

signal sparsity driven compression at the source. In this case, summed event counts in a time bin are shown. Block diagram of

two typically used neuromorphic ASC: d a leaky integrate-and-fire (LIF) neuron and e a delta modulator (DM), both of which

convert analog signals to a sequence of sparse events. The LIF requires another pipeline similar to the one shown for handling

the negative excursions of the input analog signal.

Parts of this figure were enhanced using AI.
3/23



using a first order differential equation mimicking low-pass filtering, followed by a threshold to generate digital spikes (Fig.

1d). Referred to as the leaky integrate and fire (LIF) model, it has been used in some works 31, 32 for generating spike encoded

temporal features for ECG and EMG signals. However, there has not been a principled comparison between these popular ASC

schemes used in NNIs in terms of their robustness to interference, data compression and information content for downstream

tasks. Foundational work 29–31 for single or limited channels have been presented; however, the scalability of their approach

to future generation of high density brain sensing remains unexplored. The approach of using cochlea inspired ASC using

LIF32 requires additional bank of bandpass filters in each channel that increases power and area significantly for high density

probes. While an approach28 has demonstrated a high density NNI for in-vitro sensing, it uses a conventional DM approach

that suffers from strict tradeoff between noise induced spurious spikes and accurate signal reconstruction. Moreover, the single

ended circuits used in this work will be severely affected by the interference and common-mode noise observed in implanted

electronics. Advanced DM circuits with adaptive steps such as Adaptive Asynchronous Delta Modulation (aADM)33, 34 or

pixels with contrastive pre-processing35–37 have been reported in literature to mitigate the shortcomings of classical DM.

However, they typically entail significant hardware overhead and increase the area per channel, presenting scaling challenges.

In this work, we first show that the DM approach is inherently more robust than LIF to large magnitudes of interfering

signals when designed to meet the strict area constraints of multi-channel, high density neural interfaces. We demonstrate the

possibility to extract neural AP and Local field potentials (LFP) from digital spikes generated by a single bandpass DM circuit,

whereas LIF ASC modules require separate filters for both neural signals. The ability to capture both spikes and LFP are crucial

for high-performance neural interfaces due to the complementary information contained in both38, higher robustness of LFP

based decoders and recent improvements in decoding accuracy from these decoders39. We also show > 10 dB improvement

in rejecting power-line interference for DM-based encoders. However, DM-based ASC are known to have a strict tradeoff

between accuracy and compression according to rate distortion theory. Hence, we introduce a novel ASC for NNIs inspired by

bursting neurons in mammalian cortex. In bursting neurons, the fast spiking activity is modulated by a slow variable such as

activation of an outward current (e.g. due to persistent K+ channels) or inactivation of an inward current (e.g. transient Ca2+

channels)40. This slow variable causes the cell to generate a burst and then transition to silence. Similarly, we developed a Burst

Delta Modulation (BDM) circuit where the ASC generates spikes only if a large threshold is crossed. The duration of bursts is

governed by a “slow" process emulated by digital circuits which again transitions the ASC to silence. To evaluate the efficacy

of this approach, we go beyond traditional reconstruction errors and use two very different detection tasks: detecting neural

AP in noisy intracortical recordings and detecting epileptic seizures from iEEG signals. The tasks were chosen to represent

two extremes of neural dynamics–AP are high-frequency, short and sparse transient events of interest, while seizures have

more mixed dynamics with longer, lower-frequency state transitions. We demonstrate > 1000X compression for intracortical

AP detection and ≈ 2000X compression for seizure detection for these ASC over conventional ADC. Finally, we validated

our results using a two chip neuromorphic system: a 65 nm CMOS design of the BDM that achieves energy efficiency of

2.85 µW /channel and an accelerated analog spiking neural network chip in 65 nm CMOS with energy efficiency of ≈ 10

pJ/spike. Further, we show BDM provides > 5.5X compression at similar RMSE compared to conventional DM. Evaluated on

the AP detection task, the combined system achieves excellent accuracy of 93−96% and compression of 13−37x for SNR

levels ranging from 14.86−16.43 dB while the acceleration factor enables sharing among > 20 channels. Compared with

conventional ADC-based neural interfaces, the neuromorphic neural interface provides measured compression rates of 4130x

after the ASC, which is 40−300x better than prior art, providing a pathway for high-density, wireless neural interfaces of the

future.

Results

Robustness to Local Field Potentials and Power-line interference

Two types of neural signals are commonly used for decoding and analysis–low-bandwidth (≈ 1−100 Hz) local field potentials

(LFP) indicative of population neural activity and higher bandwidth (≈ 300−5000 Hz) action potentials (AP) reflective of

single neuron excitability. Both signals have been shown to carry different information41, and even combining the two modes by

considering AP firing times with respect to the phase of the underlying LFP was found to be more informative than either mode

alone38. Conventionally, this was handled by having separate filters for LFP and AP in each channel of the neural interface.

However, given the increasing number of channels in modern neural probes15, there is a trend of decreasing area per channel in

modern large scale neural interfaces (Fig. 2a). Hence, we propose an architecture of the NNI where each channel has a single

broadband LNA covering both AP and LFP bands, followed by a single ASC with the potential of extracting AP and LFP by

processing the combined events generated by the ASC.

In this context, we evaluate the two most popularly used ASC techniques–Leaky Integrate and Fire (LIF), which encodes

the absolute amplitude of the signal and Delta Modulator (DM), which encodes the changes in the amplitude of the signal.

Fig. 1d and e show the mechanism of spike generation in these two techniques. DM42, 43 is an ASC involving a level shifting

approach that outputs a spike or event based on the difference in the amplitude of a signal. If a signal shows a change (denoted

4/23
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Fig. 2. a The trend for neural interface circuits published in the last decade shows a clear reduction in area per pixel as we

move towards higher channel counts. Hence, a single pipeline of LNA and ASC for both LFP and AP recording are preferred to

reduce area. b Comparison of DM and LIF encoding on a snippet of neural recording (with the LFP filtered out) showing the

generation of events of dual polarity. The reconstructed waveform overlayed in red shows high fidelity. c Comparison of DM

and LIF encoding for the same snippet but with an added 10 Hz sine wave to mimic low frequency LFP or interference signals

such as motion artifacts. While the output from DM can still reconstruct the AP, LIF is overwhelmed by the interference. d On

a longer time scale, DM is capable of capturing both LFP and AP in neural signals, with highly accurate reconstruction. e

Effect of wide variety of low frequency (1-100 Hz) noise with up to ten times AP amplitude on DM and LIF encoding

exhibiting consistently lower AP reconstruction RMSE for DM compared to LIF. f The SNR of DM and LIF encoding of

varying quality of ECoG signals (SNR varying from -20 to 20 dB) tempered with power line interference of 60 Hz can be

improved after reconstruction by dedicated algorithms, with DM showing consistently >10 dB improvement over LIF. The

same conclusion holds true for different power line frequencies.
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as delta ∆) in amplitude that is more than a preset threshold (denoted as theta θ ), the encoder produces a spike/event. An ‘On’

or ‘Off’ label is attached based on the polarity of the change, i.e. if the signal has increased or decreased at the level crossing,

respectively. Hence, DM can naturally handle bipolar analog inputs by producing events with dual polarities, indicating up- and

down- ward changes, respectively.

LIF44 is an ASC approach where a signal is integrated over time with a leakage term following the LIF neuronal model. The

model produces a spike when the integration or accumulation (despite the leakage) crosses a preset threshold. But, conventional

LIF models can only handle unipolar input and emit spikes, on threshold crossing, without any labels. Thus, two copies of the

model are normally needed to handle positive and negative parts of the input separately. In order to optimize the circuits and

reduce area, we use a bipolar LIF (details in Supplementary Note S1.) having a shared integrator but with two thresholding

comparators like the DM. Fig. 2b depicts the ON and OFF events generated by both DM and LIF when the input is a neural

signal filtered to retain only the AP information. Both methods produce minimal spikes for background activity but emit a

stereotypical set of spikes corresponding to the AP. However, the situation is very different when the ASC handles both LFP

and AP in the shared channel approach described earlier. Using an added 10 Hz sinusoid with same amplitude as the AP to

mimic the situation of added LFP (Fig. 2c), we see that the DM method produces sparse spikes to encode the slow LFP while

still emitting the signature burst of spikes corresponding to the AP, as evidenced by the near perfect reconstruction of the AP.

On the other hand, the LIF produces a very large number of spikes to encode the added LFP resulting in drastic loss of accuracy

when reconstructing the AP. Given the importance of LFP, we also show that the slow signal can be reconstructed faithfully

from the spikes produced by DM, with the AP reconstruction unaffected due to the timescale separation of the two types of

spikes. Further, we perform a more detailed analysis of the AP reconstruction ability by varying the frequency (1-100 Hz) and

amplitude (up to 10 times the AP) of the added sinusoid. Fig. 2e clearly shows far superior performance of the DM (normalized

reconstruction error < 0.35) compared to LIF over the entire range of signals. Further, we see a trend of increasing error for

both increasing amplitude and frequencies, as expected; but the errors remain quite small for DM in the entire range proving its

superiority in tiny area ASC for future NNIs.

Finally, intracranial ECoG recordings often suffer from power line interference when the subject is close to electrical

equipment or the mains line45. This may result in signal to noise ratios (SNR) of as low as -20 dB, i.e. the interference can be

≈ 100 times larger than the signal. Removal of the interference is tricky since the signal is often non-stationary (due to subject

movement, change in capacitive coupling etc.) and varies in amplitude and frequency. Many algorithms have been designed to

handle this issue, and we demonstrate the results of applying one such algorithm46 on the reconstructed signal for both DM and

LIF spike encoders, using a publicly available 64-channel ECoG recording47. Various noises (amplitude varying across a range

of 40 dB and frequency varying from 45 - 65 Hz) were added to the original ECoG signal (details in Method) following the

approaches adopted in an earlier work46. As shown in Fig. 2f, the DM encoder consistently produces better noise removal

properties (> 10 dB better SNR across all conditions) proving the superior signal separation capabilities of this ASC.

Bio-inspired Delta Modulation Schemes: Tradeoffs in Compression and Accuracy

We expect reduced datarate and concomitant compression from DM since it is expected to generate spikes only when a large

signal (such as an AP) is observed at the input, while conventional Nyquist rate ADCs will generate samples all the time.

However, the proper operation of DM requires the precise setting of a threshold to balance signal distortion and output data

rate49. If the threshold is too high, the reconstruction will be coarse, while if it is too low, noisy background signals will also

generate a copious number of spikes. The timing of spike generation will also vary from the ideal one due to the presence of

noise in neural recordings. In this situation, we look to the human brain for inspiration, which generates reliable behavior from

noisy, and mismatched individual neurons. Among the different mechanisms used by biology, we focus on bursting neurons,

found widely across the nervous system from neocortex and hippocampus in the brain to respiratory neurons and pancreatic

β−cells. These neurons respond to input stimulus by firing a set of spikes in a burst (Fig. 3a) and these bursts may keep

repeating, instead of the neuron firing a regular stream of spikes. The biophysical mechanisms of burst generation50, 51 normally

involve the interplay between a fast inward current (such as persistent sodium current, INa,P) that generate spiking activity and

a slow outward current (such as persistent K+ current) or a slow inactivation of the inward current (such as transient Ca2+

current). This slow process, gated either by voltage or Ca2+ concentration, eventually stops the burst. A simplified mathematical

model (Izhikevich neuron, details in Supplementary Note S2.) is shown in Fig. 3a where the dynamics of the slow variable

in the bottom define the burst period. Bursting neurons are believed to be very useful in neural computation52 by increasing

reliability by overcoming synaptic failure, encode different features of sensory input, facilitate selective communication etc.

Here, we take inspiration from bursting neurons in the hippocampus, where there exist neurons with distinctly high

threshold53 leading to late bursts, as well as low-threshold early bursting ones54. For our application, we postulate that having a

high threshold is useful for reducing false spike generation. On the other hand, once this threshold is crossed signifying an

important change in the input signal, switching to a lower threshold for a fixed duration will help to capture this event in more

detail, thus providing a great balance between reconstruction error and datarate. Hence, we can mathematically define the
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e f

dc

Fig. 3. a Bursting dynamics simulated by the Izhikevich neuron model is governed by the slow hyperpolarizing variable (top)

which increases with every spike and eventually inhibits the neuron from generating further spikes. b BDM is an ASC inspired

by the bursting dynamics. If the input exceeds the nominal high threshold θ1, the ASC switches to a smaller threshold θ2 to

emit spikes with accurate signal quantization. The duration of this burst is governed by a slow variable x(t). c Bayesian

Information Criterion (BIC) is used to analyze the rate-distortion tradeoff for BDM while varying threshold on the intracortical

dataset48 showing k = 0.2 (the ⋆ marker) being an optimal choice. Here, plot has different magnitudes of white noise as in the

original dataset. d Comparison of BDM and DM’s tradeoff between Compression Ratio (CR) and AP detection accuracy

evaluated on the intracortical dataset48 for k = 0.1, 0.2 and 0.3. e Same as d but with added pink noise to mimic LFP signals. f

Comparison of performance between DM and BDM with BDM using a fixed θ1 (fixed at k = 0.5) with DM’s threshold and

BDM’s θ2 swept from k = 0.1 to 0.5. BDM consistently achieve higher CR than DM (≈ 2X) at comparable threshold while

achieving lower RMSE, thus dominating the pareto frontier.
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Fig. 4. a Example of iEEG signal for patient ID2 (top) and patient ID16 (bot) displaying three periods of pre-ictal, ictal and

post-ictal data. b Example of spike train generated by DM encoding for patient ID2 (top) and patient ID16 (bot). c Comparison

of BDM and DM’s CR vs RMSE plot on the iEEG dataset when the threshold is varied. BDM consistently displays higher CR

in the non-ictal periods which are the majority of the recording since seizures are very rare. d Comparison of BDM and DM’s

classification accuracies on the iEEG dataset showing comparable F1 scores, both slightly higher than the baseline, across the

entire range of thresholds.
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proposed Burst Delta Modulation (BDM) as follows:

S(t) =











1, Vin(t)−Vre f (t)≥Vth

−1, Vin(t)−Vre f (t)≤−Vth

0, otherwise

(1)

dVre f

dt
=Vth ·S(t) (2)

τ
dx

dt
+ x =−ε; If |Vin(t)−Vref(t)|>Vth and x(t)< 0 =⇒ x(t+) = 1 (3)

Vth = (1−u(x))θ1 +u(x)θ2 (4)

Here, Equations (1) and (2) define the conventional DM method where Vin(t) is the input voltage, Vth is the threshold, u()
denotes the Heaviside function and S(t) is the output spike. The modulation of Vth by the slow variable is captured by the

following equations, where Equation (3) defines the decay time of the slow variable and Equation (4) shows how the threshold

switches between a large (θ1) and a small (θ2) one, where u(x) denotes the Heaviside function. In between the ‘events of

interest’, the slow variable x rests at x =−ε (Equation (3)), and hence the threshold takes the large threshold value Vth = θ1.

Whenever the difference in input and reference voltage (updated as Equation (2)) exceeds Vth, x is set to 1 and Vth switches to

a smaller threshold value θ2 for the duration required for x to decay exponentially below 0. The signal can be reconstructed

from BDM events using the two thresholds and the burst state (BDM details in Methods) by either conveying an explicit flag

denoting the state or implicitly inferring the state from the event stream. Fig. 3b shows an example when the input signal is a

sinusoid. It can be seen that the burst of spikes starts only when the input crosses the large threshold θ1, while the generation of

subsequent spikes is governed by θ2 for a time window dictated by τ (= 1 ms for AP detection, for example) and ε (as defined

in Equation (3)). Notably, the dynamics are quite similar to the ones depicted in Fig. 3a, with the exception that the biological

neuron emits unipolar spikes.

There is a direct tradeoff between signal fidelity (defined by RMSE in Methods) and output data rate (defined by

Compression Ratio (CR) with respect to conventional ADC in Methods)–a larger threshold results in more compression

at the cost of poor signal reconstruction. We evaluate this tradeoff on the intracortical dataset48 by sweeping the threshold

(Supplementary Note S3.), where the range is normalized to the signal swing, i.e. Vth = k ·Vpp (see Methods). As can be seen

from the inset, for BDM the larger threshold θ1 was chosen based on standard deviation of background noise, while the fine

threshold θ2 was swept similar to DM based on signal swing (see Methods for details). This is also done for an augmented

dataset (see Methods) where pink noise with a 1
f

spectrum of different magnitudes are added to mimic the presence of LFP

combined with AP. The magnitude of pink noise was also calibrated with real intracortical recordings15 using neuropixels

probes such that the highest simulated noise matched those from the real recordings. To choose an optimal threshold from the

tradeoff curves, we adapt the Bayesian Information Criterion (BIC) (see Methods) where the number of generated events is

taken as the count of free parameters in the second term which trades off with the RMSE for AP reconstruction in the first term.

The BIC is slightly modified from the original definition to a windowed BIC since we are only concerned with the RMSE in the

AP regions. From the BIC plots in Fig. 3c for different levels of noise, it can be seen that k = 0.2 is optimal for white noise

(similar plot in Supplementary Note S3. for pink noise cases).

While the CR in Fig. 3c varies from 1500−2000 depending on noise, the actual available compression may be lower for

higher level tasks such as AP detection, as seen in recent rate-distortion-perception tradeoff theories49. Accordingly, we train

neuromorphic spiking neural networks (SNN) to evaluate the information output by both types of ASC for AP detection; this is

done only for the optimal k obtained from BIC and its two closest thresholds (k = 0.1 and 0.3). A 2-layer SNN55 was trained on

a moving window of spikes emitted by the ASC (training details in Methods). A temporal voting of the raw SNN output was

taken over a period of 1 ms to obtain the final classification result plotted in Fig. 3d and e for white and pink noise respectively.

In all the cases, the accuracies and CR from the BDM are either the pareto frontier or extend the pareto frontier created by the

DM (for example in the case of high white noise in Fig. 3d). CR values for BDM are consistently higher than DM, and range

from 800 for low noise to 600 for high noise scenarios. Note that datarate of single channels are used to calculate CR1 here,

while practical packetizing methods56 for multi-channel neural interfaces will incur some reduction in CR.
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The earlier comparisons used carefully selected thresholds according to noise intensity; however, it becomes impractical in

modern neural interfaces with thousands of channel where the noise power may also be non-stationary. In such cases, it is more

practical to evaluate the performance of the ASC with fixed thresholds across varying types of signals. Hence, we evaluate the

performance of BDM with a fixed coarse threshold of θ1 = 0.5Vpp while varying the fine threshold θ2 similar to that of DM.

Fig. 3f plots the obtained tradeoff curve between RMSE and CR1 when the lowest and highest noise power in the datasets were

used for evaluation. The plot clearly demonstrating the superior performance of BDM (≈ 2X higher CR1 and lower RMSE

for the same θ2) across varying θ2, while at θ2 = 0.5 = θ1, DM and BDM’s behavior become identical. Intuitively, this is

because the higher value of θ1 in BDM inherently reduces the number of spikes, while the switch to lower θ2 preserves spike

information.

To further evaluate the benefits of NNI, we select two patients from an intracranial EEG (iEEG) dataset57, 58 with pharma-

cology resistant epilepsy recordings. Samples of the recordings are shown in Fig. 4a displaying 3 distinct regions of pre-ictal

(before seizure), ictal (during seizure) and post-ictal (after seizure) zones. The goal for this case is to determine the ictal or

seizure periods from the iEEG recording snippets. The recordings were first processed by both DM and BDM ASC techniques

(Fig. 4b), demonstrating high compression ratios of ≈ 500−2000 for the two patients, (Fig. 4c) in non-ictal periods which

typically constitute > 99% of data since seizures are rare events59–61 Similar to the earlier results, BDM extends the pareto

frontier for DM to higher CR values of ≈ 500 and ≈ 2000 for patient ID2 and ID16 respectively. A SNN was also trained to

classify the generated spikes (details in Methods) and the resultant F1 scores plotted in Fig. 4d demonstrate higher values than

the floating-point baseline (with ADC based Digital Signal Processing). This was due to much higher false positives in the

baseline, where the ASC methods excelled by generating very few spikes while encoding relevant features for the detection

task.

Reconfigurable Burst Delta Modulator Integrated Circuit
We implemented a reconfigurable BDM integrated circuit in a 65 nm CMOS process, integrating it with a low-noise analog

front-end (AFE) amplifier to make a complete front-end for NNI. The reconfigurable BDM (Fig. 5a) comprises a threshold-

based delta-modulation encoder, a multiplexer for selecting between large and small thresholds, and a burst-control logic that

dynamically selects between coarse and fine quantization windows similar to the slow variable dynamics in Equation 3. The

reconfiguration from BDM to DM can be done by simply setting θ1 = θ2. The dynamics of the slow variable were implemented

using a simple counter for ease of programming, and low-power/area implementation without needing large capacitors for long

time constants. The AFE uses T-capacitor network in feedback to reduce area of the NNI pixel and implements a bandpass

transfer function in the range of ≈ 0.1−5 kHz. Details of the circuits are in Supplementary Note S5.

The BDM hardware implementation was evaluated using neural recordings from the intracortical dataset, including 60-

second segments of Easy2 and Difficult2, representing low- and high-noise conditions, respectively. The neural signals were

input using a programmable waveform generator (see Methods), amplified and converted to spikes on the chip, and the

generated ON/OFF event streams were recorded for analysis. Samples of the input waveforms and corresponding measured

output spikes from BDM are shown in Fig. 5c (top and middle panels). To further evaluate robustness under low-frequency

background modulation, a 10 Hz sinusoidal component with an amplitude 10× the pulse baseline was superimposed onto the

input signal to emulate low-frequency interference or LFP. The corresponding input waveform and measured BDM output are

shown in the lower panel of Fig. 5b, demonstrating the robustness of BDM hardware event encoding under slow-varying drift

conditions.

Based on the recorded event streams, we evaluated reconstruction accuracy and compression performance similar to the

earlier simulation. Fig. 5d displays example of reconstructed AP waveforms using a zero order hold (ZOH) the measured spikes

from the BDM integrated circuit. The different step size for the first event in a burst, corresponding to the larger threshold θ1

is apparent here. The measured results exhibit CR of 10-25 while retaining spike shape information. The measured tradeoff

between CR1 and RMSE for BDM and DM is presented in Fig. 5e. As seen in software simulations (Fig. 3f), BDM displays a

better tradeoff than DM, with a CR1 = 4130X , while DM with similar RMSE can only obtain CR1 = 746X .

Finally, we compare our work with other reported neural interfaces for BMI and in-vitro MEA usages in Table 1. Compared

to other works, the proposed BDM achieves 120−300X (≈ 40X) higher compression than conventional ADCs (DM based

ASC). The channel wise power consumption is also lower than other works with conventional ADC with similar input referred

noise. Among the other ASC works, lower power consuming ones28 had significantly higher noise as a tradeoff, or did not

include the analog front end62, which consumes the largest share of power in our design.

Accelerated Analog Spiking Neural Networks for Rapid and Energy Efficient Event Classification
A major advantage of using ASC based NNI is the possibility of using low-power, event-driven SNNs in the implant to detect

and transmit events of interest only, further reducing the transmission bandwidth manifold. As a proof of concept, we showed

the possibility of using a full mixed-signal pipeline for AP detection by processing the outputs from the BDM IC using the

BrainScaleS-2 (BSS-2) accelerator68(Fig. 6a, details in Methods). BSS-2 consists of 512 accelerated analog neurons modeling
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Fig. 5. a Schematic of the reconfigurable Burst Delta Modulator (BDM) circuit–setting θ1 = θ2 reduces the BDM to a

conventional DM. The AFE is designed with a programmable gain of 500/1000 for AP detection. b Chip micrograph and layout

of the BDM fabricated in 65 nm CMOS. c Measured spike output of the BDM integrated circuit for different noise levels and in

the case of low-frequency interference, demonstrating the ability to generate sparse outputs. d Reconstructed waveforms from

the BDM hardware at different noise levels. e Tradeoff between compression ratio and RMSE in BDM and DM measurements

clearly show the superiority of BDM with > 5X better CR1 at similar RMSE. The value of θ1/θ2 is denoted for each point.

the Adaptive exponential and fire model and digital processors to program a wide variety of plasticity rules (unused in this

work). Compared to other mixed-signal neuromorphic hardware69, 70 that operate in real-time using sub-threshold currents and

large capacitors, we chose an accelerated analog implementation to minimize area occupied by using smaller capacitors, and by

sharing an AP detector SNN across multiple sensor channels resulting in an acceleration factor of > 20 for our SNN. Note that

due to this accelerated operation of BSS-2, the SNN has to operate in a window mode and cannot operate in a streaming mode

where the state needs to be retained individually for the AP detectors in each channel (details of window mode and streaming

mode in Supplementary Note S6.) Instead, in the windowed mode, buffers are needed to store only the ASC outputs for each

channel of the MEA, which is then processed by the SNN. In our experiments, BSS-2 could process the SNN in a time step of

dt = 1 µs, resulting in an inference time of Tin f = 24 µs per AP detection by processing events in a window of Thistory = 1 ms

using step of Swin = 1 timestep within the window. The final output is obtained by temporal voting across all the timesteps, as

explained in the earlier sections. However, the net acceleration of the SNN depends on the stride S when moving to the next

window as well, and is given by ⌊ S·Thist
Tstep·Tin f

⌋
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Tab. 1. Comparison of the proposed BDM with other reported analog-digital converter hardware in implantable BMI systems.

Publication Tech. [nm] Pixel size [µm2] ADC/ASC Data rate/ch. [kbps] Power/ch. [µW] IRN [µVrms] Application

Nat. Comm.’2428 180 48×48 DM – 0.8 19.05 (0.5–3 kHz) MEA

TBCAS’2462 65 326 (w/o AFE) DM 39.1 1 – BMI

JSSC’1563 65 36300 SAR 200 3.59 7.5 (10–8 kHz) BMI

ISSCC’2464 65 9000 SAR 200 3.44 8.8 (0.3–10 kHz) BMI

Nat. Comm.’1765 180 25×25 SAR 120 – 26 (100–10 kHz) MEA

JSSC’1866 130 15×15 SAR 300 19.8 7.5 (100–3 kHz) MEA

JSSC’1767 180 13.5×13.5 SAR 200 42 2.5 (300–10 kHz) MEA

This work 65 100×100 DM+BDM 1.01 2.85 7.56 (200–7.2 kHz) BMI

The trained SNN described earlier was mapped to hardware. The inevitable mismatch induced errors were tackled by a

special chip-in-the-loop training where forward passes on the BSS-2 hardware were followed by backward gradient calculations

in software71(Methods). The output events from the BDM IC (for a low-noise and high-noise case) were stored in a file and

were separately input to BSS-2 using an API over the internet. Fig. 6b shows an example of the raw input, BDM outputs and

final outputs from the two positive detection (P) and negative detection (N) neurons on BSS-2. The difference of P and N

accumulated over a window determines the final classification result. Comparing P-N with a varying threshold T produces a

precision recall curve (Fig. 6c) showing excellent performance. In use cases, the value of (P-N) may be transmitted (using ≈ 2

bits per spike) along with detection results for further classification off the implant. The classification performance of the fully

analog pipeline is compared with the baseline in Fig. 6d. For both cases, the result obtained from BSS-2 is nearly identical

with the SNN software that acts on the IC output of BDM, while reducing the data rate compared to BDM by 37/13X for the

cases of high and low noise, respectively. Two cases for BSS-2 measurements are shown: one with stride of S = 1 that has

higher accuracy but no acceleration, and another with stride of S = 12 (implying 74% overlap across windows) that results

in an acceleration of ≈ 20.8. This implies that the SNN can be shared among 20 channels resulting in a significant saving of

silicon area.

Discussion

Traditional multi-channel neural interfaces employing a conventional clocked sampling scheme have limited scalability due to

fundamental limitations of bandwidth and power dissipation resulting from increasing datarates. The problem is exacerbated

for implantable microelectrode array based BMIs15, where long-term usage requires wireless transmission links for patient

safety and comfort. Similar constraints affect long-term ambulatory recording of iEEG in patients suffering from neurological

conditions such as drug resistant epilepsy. As a result, current devices either provide a small snapshot of brain recordings when

stimulation is triggered72, or longer term recordings from only a few channels73, 74. To break this tradeoff, in this work, we

proposed and experimentally demonstrated an analog neuromorphic neural interface that replaces a conventional analog to

digital converter with a bio-inspired analog to spike converter (ASC) that takes advantage of the natural sparsity of desired

biological events of interest to provide manifold compression at source. We demonstrate the operation of our method on two

extremely different detection tasks–detecting short, millisecond level action potential events as well as slower second level

dynamics of epileptic seizures.

We experimentally demonstrated the Delta modulator (DM) class of ASC to be robust against interference signals (> 10

dB improvement over LIF models), common in bio-potential recording. It should be noted that the LIF neuron models are

also closely related to Delta Sigma ADCs75, popular in high resolution sensor interfaces. While conventional circuit design

aims to increase the resolution of a single such ADC, note that our work goes in the opposite direction and effectively reduces

resolution of a single ADC while achieving high net information transfer due to the use of thousands of such circuits. Also,

low-channel count interfaces such as ECG or EMG have used more sophisticated LIF encoders with pre-filtering, adaptation

etc. and suffer far less from interference issues. However, their large footprint makes them unsuitable with high density neural

interfaces.

Further, we presented a new class of DM inspired by hippocampal large threshold bursting neurons that provide a much

better tradeoff between data compression and signal recovery (≈ 5X better compression than DM at same fidelity). The

proposed BDM presents an excellent compromise between circuit complexity, compression and reconstruction/detection of

events of interest. This was experimentally validated by using an analog spiking neural network that could process the generated

spikes to detect neural action potentials within 2% of software accuracies, while reducing datarate after detection by 13−37X,

paving the way for high density neural recording systems in future.

A shortcoming of our current work is that system level serial communication overheads56 such as packet headers, clock

recovery from data etc. are not considered. While the compression rates reported here may be an upper limit for the system
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Fig. 6. a BrainScaleS-2 die photo and block diagram68. b The input neural signal Vin(t) is converted into spike train Sin(t),
which is then passed into the SNN model hosted on the BrainScaleS accelerator for inference. For AP detection, the spikes of

positive detection (P) and negative detection (N) neurons are summed within the detection window and the neuron with the

highest firing rate determines whether AP is detected. c Precision-Recall plot of AP detection on BrainScaleS obtained by

sweeping a threshold T compared with P - N. The points with T = 0 are marked. d Comparison of the efficacy of AP detection

for T = 0 across three different setup, full software simulated baseline, analog BDM IC front-end with software simulated

inference and fully analog pipeline (analog front-end with BSS-2 accelerator for inference) on two files with two vastly

different noise levels. BSS-2 achieved nearly identical performance as software.

level performance, our work goes beyond just the ASC and defines a new paradigm where conventional data sampling is

replaced by computational, task aware sensing. Placing such analog to information conversion in the early sensing stages

enables to break the strict tradeoff between increasing sensor density and managing the concomitantly burgeoning datarates.

We envision future neural interfaces to increasingly adopt such task aware sensing that optimize downstream task performance

rather than focusing entirely on increasing the fidelity of the captured signal, helping create smart, closed-loop systems for

motor prosthesis, in-vitro neuroscience experiments, epileptic seizure treatment and much more.

Methods

This section outlines the theories and experimental details used in this work.

ASC Software Simulation Equations

Below is a list of standardised variables used in this project and the corresponding definition.

• Vin(t): Input Voltage Signal

• Vthon/o f f
: The On/Off threshold Voltage

• Vre f (t): Reference Voltage
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• S(t): Spike Train

• Vpp: Median Peak-to-Peak Voltage

• Vrecon: Reconstructed Signal

• τ: Time Constant

• k: Multiplier/Constant swept (if applicable)

Compression and Reconstruction Process

To compare the performance of the ASC encoders, we used the root mean square error (RMSE) and compression ratio

(CR) to quantify the reconstruction error and data compression, respectively. In this work, reconstruction error refers to the

reconstruction of the input signal Vin(t) from the generated spike train S(t). In our evaluation, the RMSE is defined according

to Equation (5), where Ns is the total number of samples in Vin(t), W (t) is a window function with magnitude equal to 1 for

Tspk (=1 ms) around the AP ground truth times and 0 elsewhere, while NW =
Tspk

Ts
· fneu denotes the total number of samples in

these windows, where fneu is the total number of AP in the recordings.

RMSE =

√

∑
Ns
i=1 W (iTs)(Vrecon(iTs)−Vin(iTs))2

NW

(5)

CR is defined as the ratio of data rate in conventional ADC and the proposed ASC. Considering address event representation

(AER) being used to encode the address of a channel in a multi-channel probe, we rename CR as CRNchannel
as shown in Equation

(6), where Nspikes is the number of non-zero events in S(t), Ns is the number of samples, badc is the ADC bit resolution (in our

work badc = 1276) and Nchannel is the number of recording channels.

CRNchannel
=

Ns ·badc

Nspikes · (⌈log2(Nchannel)⌉+1)
(6)

Note that this method is assuming the transmission of spikes as soon as they occur. It has been shown that this is not necessary

for NNIs and creating sparse event count frames at ≈ 20 kHz is enough for high performance76.

Bayesian Information Criterion (BIC)

In order to determine the ideal k (or equivalently Vth) for the different ASC encoders, we used the Bayesian Information

Criterion (BIC)77, 78, a commonly used information theoretic criteria for selecting optimal model based on trade-off between

model error rate and model complexity. BIC is defined according to Equation (8)77, where Ts is a sampling time resulting in Ns

total number of samples, κ is the model complexity/number of non-zero parameters and the remaining symbols are as defined

earlier. In the context of ASC, κ denotes the number of generated events.

BIC = Ns log(
∑

Ns
i=1(Vrecon(iTs)−Vin(iTs))

2

Ns

)+κ log(Ns) (7)

It can be seen that the two terms capture the involved tradeoff–the first term reduces if reconstruction error is low, while the

second term reduces if the datarate due to number of generated events is low. However, for our case, the equation needs to be

modified (or weighted appropriately) since the reconstruction error only in events of interest (e.g. AP in intracortical dataset)

are important–rmse in other areas are redundant. Hence, we modify the basic definition of BIC as follows:

BIC = Ns log(
∑

Ns
i=1 W (iTs)(Vrecon(iTs)−Vin(iTs))

2

NW

)+κ log(Ns) (8)

The definition of W (t) and NW is the same as in the previous subsection.

Delta Modulation

Delta Modulation is a classic technique used for analog-to-digital conversion, where the difference of the input voltage Vin(t)
and a reference voltage Vre f (t) is compared with a threshold to generate spikes or events. Generally, we can define Vthon

as the

ON event threshold and Vtho f f
as the OFF event threshold, but for simplicity we use Vth =Vthon

=Vtho f f
. We define a positive

change exceeding Vth to be an ON event/spike, and a negative change to be an OFF event/spike, as seen in Equation (1). When

an event is generated, the reference voltage Vre f is updated by Equation (2).
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In practice, the threshold Vth can be defined with respect to the signal swing. For example, if there is variability in the peak

to peak of the signal to be detected, we can define Vpp as the median peak-to-peak voltage of the input signal, and the threshold

can be obtained through Equation (9) where the scaling parameter k determines the value of Vth. As k increases, the number of

events generated will decrease proportionally, increasing the compression ratio and RMSE of the reconstructed signal.

Vth = k ·Vpp

(9)

In our work, we swept a range of values for the multiplier k with the goal of finding the tradeoff between RMSE and CR. In

reconstruction, zero order hold was used to create a staircase approximation, unless otherwise mentioned.

Burst Delta Modulation

Burst delta modulation (BDM) is a dual-threshold extension of conventional delta modulation. It is designed to simultaneously

suppress background noise and preserve transient high-frequency neural activity. The equations for this method are described

in the main text with two thresholds denoted as θ1 and θ2.

θ2 = k2 ·Vpp,

θ1 = max(A+ k1σ ,θ2) .
(10)

The two thresholds are estimated from both noise and spike statistics. The smaller threshold θ2 is proportional to the

median peak-to-peak amplitude Vpp, which ensures that burst-mode sampling remains matched as DM. The larger threshold

θ1 is determined by a baseline shift A normalized to the amplitude and the background noise level σ . The constraint θ1 ≥ θ2

guarantees that the nominal mode is no more sensitive than the burst mode. The duration of small threshold governed by

Equation (3) is implemented as a fixed time count in software code and as a programmable counter in hardware. Similar to DM,

k was swept to determine the tradeoff between RMSE and CR.

The reconstruction of neural signal from BDM events requires knowledge of the active threshold state associated with

each event. This information can either be explicitly conveyed by an additional one-bit flag from the modulator or implicitly

inferred at the receiver from event timing, since the burst-state transition is deterministic. The first event within a burst window

is reconstructed using the coarse threshold, while subsequent events within the same window are reconstructed using the fine

threshold. The second method of implicitly determining the threshold was used in this work. In reconstruction, zero order hold

was used to create a staircase approximation, unless otherwise mentioned.

ASC Hardware Simulation

All the ASC circuits were simulated in TSMC 65 nm CMOS process.

Delta Modulation

The DM ASC circuit was evaluated by transistor-level SPICE simulations. The DM encoder converts the amplified neural

waveform into bipolar ON/OFF events through threshold-triggered comparators. After each event, the reference node is updated

to continue tracking the input waveform. We conducted a neural signal dataset-driven simulation. The neural signal is converted

into voltage inputs applied to the delta-modulator circuit. The generated ON/OFF pulses were recorded as the spike output for

ASC performance analysis. The DM circuit was biased with a total current of 1.15 uA. Under dataset-driven stimulation, it

consumed 1.38 uW from a 1.2 V supply and occupied 1728 µm2 per channel. Transistor sizes and layout of the DM circuit are

provided in Supplementary Note S5.

Burst Delta Modulation

Compared with conventional DM, the burst delta-modulation (BDM) encoder uses a dual-threshold scheme to balance noise

suppression and signal recovery. A nominal coarse threshold window is used to suppress noise-induced transitions. Once

a coarse event is detected, the circuit switches to a fine-threshold window for a short duration, allowing burst events to

provide finer tracking of neural transients. Apart from the delta-modulation core, the BDM circuit incorporates an additional

burst-control path to switch between two effective thresholds. For dataset-driven simulation, neural signal traces were applied

to the BDM circuit as voltage inputs, and the generated event polarities and intensities were recorded as the ASC spike output

for performance analysis. The BDM circuit was biased with a total current of 1.17 uA. Under dataset-driven stimulation, it

consumed 1.4 uW from a 1.2 V supply and occupied 1920 µm2 per channel. Transistor sizes and layout of the BDM circuit are

provided in Supplementary Note S5.

15/23



ECoG Dataset and Removal of Power Line Interference

We used real ECoG signal from the ECoG47 dataset, which contains recordings of two Japanese macaques monkey fitted

with a 64-channel ECoG channels in the epidural space of the left hemisphere covering the area from the prefrontal cortex

to the primary somatosensory cortex. The recordings are of the monkeys moving hands to track food rewards sampled at 1

kHz. To simulate the effect of power line interference, the ECoG signal is tempered with synthetic noise with three harmonics

at 61 Hz, 122 Hz and 183 Hz. The tempered ECoG signal is then passed through a DM/LIF encoder to generate an event

stream, which is then used to reconstruct the tempered signal. With the reconstructed signal, the power line interference can be

removed using the algorithm proposed by Keshtkaran et al46. With this algorithm, we first apply a 4th-order infinite impulse

response (IIR) band-pass filter between the band 40 Hz and 70 Hz to the reconstructed signal to enhance the fundamental

harmonic of the interference signal. To reduce estimation bias, a 1st-order differentiator is used to mitigate the effect of the

power law spectrum. We then use a lattice adaptive notch filter (ANF)-based frequency estimator to estimate the interference

fundamental frequency, ω̂ f . Based on ω̂ f , the harmonic signals hk(n) can be obtained with discrete time oscillators. With

hk(n), the amplitude and phase of the harmonic signal can be estimated with recursive least squares (RLS) algorithm. This will

generate the final estimated interference signal, which is subtracted from the reconstructed signal to generate the clean signal.

We set up two experiments to illustrate the difference in performance between DM and LIF ASC encoder. The first

experiment varies the strength of the synthetic noise at a fixed sampling rate of 1,000 Hz, where we compared to SNR of the

tempered signal (SNRin) against the SNR of the output signal (SNRout ). SNRin was varied from −20 dB to 20 dB. The second

experiment varies the fundamental harmonic frequency between 45 to 65 Hz and evaluated the SNRout for performance. For

both set of experiments, we ran each setting 50 times.

Intracranial EEG Dataset for Seizure Detection

To evaluate the performance of the ADM and BDM ASC methods in a multi-channel setup, we utilized an anonymized

intracranial EEG (iEEG) dataset. These data were obtained from a public epilepsy dataset57, 58, assembled by the Sleep-Wake-

Center (SWEC) of the University Department of Neurology at the Inselspital Bern (available at http://ieeg-swez.ethz.ch/). The

dataset comprises recordings from multiple patients with pharmacoresistant epilepsy, collected during pre-surgical evaluations

using multi-channel strip, grid, and depth electrodes placed according to the hypothesized location of epileptogenic tissue.

The iEEG signals were sampled at 512 Hz and pre-filtered within the 0.5 to 150 Hz frequency band using both forward and

backward filtering. Channels containing artifacts were removed during pre-processing. Seizure onsets and offsets were provided

as annotations by a board-certified, experienced epileptologist. For each patient, multiple seizure events were recorded, each

consisting of a three-minute pre-seizure segment, a seizure segment (ranging from 10 to 1002 s), and a three-minute post-seizure

segment.

Due to computational constraints, we selected a subset of the dataset containing two patients (ID2 and ID16). Patient ID2

has recordings from 42 electrodes across four seizure events, while Patient ID16 has recordings from 59 electrodes across six

seizure events. Data from the ictal periods were labeled as 1, and non-ictal periods (including the aforementioned pre- and

post-seizure segments) were labeled as 0. The objective of this task is to identify the specific sections of the recordings in which

the patient is experiencing a seizure event.

Intracortical dataset for AP detection

To comprehensively evaluate various ASC encoders encoders for AP detection with SNN, we selected a well known synthetic

intracortical dataset48 and extended it. This is a synthetic dataset constructed from a database of 594 spike shapes with their

amplitude normalized to have a peak of 1. The dataset comprises of files labeled based on their difficulties and noise levels

(standard deviation of background noise relative to the spike amplitude), with each file having a duration of 60 seconds. Within

each files, there are varying number of spikes, ranging from 3,364 to 3,526.

The background noise in the intracortical dataset is white Gaussian noise. The dataset provides files with varying difficulty

and are named Easy1, Easy2, Difficult1 and Difficult2. As for noise levels, 4 different ones are provided–σ005, σ01, σ015 and

σ02, thus giving us 16 combination of files to train and test on. Since files with noise level σ02 contain SNR levels found in real

world dataset such as Neuropixel15, this would ensure our analysis remain grounded with realistic setting.

Since the original intracortical dataset did not contain LFP, we extended it by creating a set of files contaminated with 1/ f

noise (pink noise) to mimic LFP added with AP. We used noise level σ005 of difficult Easy1, Easy2, Difficult1 and Difficult2 as

the template. We first generate white noise than inverts it to obtain 1/ f noise (pink noise). The strength of the pink noise is

varied such that the SNR of the final signal tempered with pink noise matches the SNR of the corresponding white noise file of

identical difficulty and noise level, i.e. the pink noise Difficult1 at noise level σ02 have the same SNR level as the white noise

Difficult1 at noise level σ02.
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SNN training for AP detection

Pre-processing: Each of the recording is first passed through a first order band-pass filter between the frequency range of 1 Hz

and 5,000 Hz. After filtering, the signal is passed into the chosen ASC to generate the spike train S(t). The spike train is split

into two, where the first 80% is used for training while the remaining is used for testing. Due to the significant class imbalance

as APs are sparse in nature, during training, the spike trains are split into windows for both AP and non-AP, and an equal

number are selected. The dataset have provided the ground truth timestamp for when spike occurs, which is delayed by 1.5 ms.

Architecture: In this work, we designed our model based on the work of Hwang et al55, where a two fully-connected layers

SNN with LIF spiking neurons of dimensions 16 and 2 is used. The SNN operates in two modes, window and streaming.

During training, the SNN is trained using window mode, where the spiking neurons reset at the start of each prediction. In

window mode, each window L has 47 time steps. In our simulations, for inference, the SNN operates in streaming mode, where

the spiking neurons do not reset. For both modes, the SNN expects an input segment of 24 consecutive time steps. A full

summary of the setup of the SNN model can be found in Supplementary Note S6. To enable training through backpropagation,

the LIF neurons use the arctan surrogate gradient function79 and reset with the reset-by-subtraction mechanism, in order to

retain prior information.

Training method: Our model is trained with the Adam optimizer with a learning rate of 0.0005 for 10 epochs, and the loss

function used is the spike count cross entropy loss, where we optimize for the spiking neuron that corresponds to the correct

class to fire frequently. For training, we selected the first 80% of ground truth spikes of each file for training/validation and

the last 20% for testing. We train on all 16 files for the white noise intracortical dataset and all 12 files for the pink noise

intracortical dataset, so we only train one set of weights for each k of the ASC encoder. The accuracy metric for AP detection is

defined by Equation (11)55, 80. During AP detection, if the SNN was to output spikes within 0.5ms of the ground truth time, we

classify this as TP.

Inference operation: During inference, the SNN’s classification process is based on temporal voting, where the output

neuron with the most spikes generated determines if AP is detected. For SNN in window mode, the temporal voting is done for

the duration of the window, while in streaming mode, the temporal voting is calculated over a 1ms period.

Acc =
T P

T P+FP+FN
(11)

SNN Training for Seizure detection
Architecture: We designed an SNN model comprising three fully-connected layers with LIF spiking neurons of dimensions

177, 118 and 1. The layers’ dimensions and LIF neuron’s decay rate and firing thresholds are chosen via parameter sweep with

the goal of maximizing detection accuracy. Similar to the SNN model used for AP detection, this SNN model operates in two

modes, window and streaming. During training, the SNN operates in window mode, expecting Nch inputs (which is determined

based on the patient ID) for 32 time steps, while in the testing phase, the SNN operates in streaming mode, expecting the same

input dimension as in window mode. The LIF neurons operate in the same manner as the LIF neurons used in , except for the

surrogate gradient, which uses the Double Gaussian surrogate gradient function81 instead.

Training method: The AdamW optimizer is used to train our model, with a learning rate of 0.001 for 20 epochs. The binary

cross entropy loss is applied to the output of the SNN and is encouraged to fire only in the ictal periods of the recordings. For

each patient, we split the recordings according to the leave-one-out principle, where n−1 recordings are used for training and

validation and 1 recording is left for testing. The final reported F1 score is based on the average result of the leave-one-out

training, and the F1 score is defined according to Equation (12), where T P, FP and FN refer to true positive, false positive and

false negative, respectively. In order to showcase the efficacy and benefits the ASC encoders have on the SNN, we performed a

baseline result using the same SNN model parameters, and changed the input from S(t) to Vin(t), i.e. using the values taken

from the recording are directly input as currents to the first layer of neurons in the SNN.

F1 =
2 ·T P

2 ·T P+FP+FN
(12)

BDM Integrated Circuit Measurement

We performed hardware testing of BDM ASC on an integrated circuit as shown in Fig. 5. The chip under test was mounted

on a custom printed circuit board, which is connected to a Keysight 33500B waveform generator via an SMA port and to a

ZYNQ7015 field-programmable gate array (FPGA) board via an FMC socket (as in Supplementary Note S7.). The synthesized

test neural inputs are transmitted to the waveform generator and then applied to the BDM circuit via the waveform generator. We

observed transient waveforms from the AFE and the event outputs from the BDM through a Tektronix TBS2000B oscilloscope

and measured the power dissipation of the IC with a Keithley 6485 picoammeter. The event outputs from the chip are captured
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and timestamped by the FPGA board operating at a clock frequency of 50 MHz, and the timestamp and polarity of the events are

sent to the PC for evaluation. To align the timestamps with the start of each neural input, a short triangular-wave trigger segment

was added before every input waveform. The trigger consisted of 10 cycles with a period of 1 ms and was used as a timing

marker. After acquisition, the event sequence generated by this trigger segment was identified from the raw FPGA timestamps,

and the end of the trigger segment was defined as the onset of the neural input. Subsequently, we calculate the compression

ratio based on the rate of events in the experiments and derive the RMSE by comparing the reconstructed waveform with the

original waveform.

SNN Implementation on BrainScaleS-2

In order to showcase the viability of a fully analog pipeline for AP detection, we setup an experiment to compare the detection

performance between software simulated AP detection and hardware AP detection. In this experiment, we used the same

model architecture and training method described in the SNN training for AP detection subsection and Supplementary Note

S6. We setup three different experiments to showcase the viability of a fully analog pipeline. First, we establish a software

baseline where the BDM frontend and SNN inference are both simulated. Next, a hybrid setup where analog BDM IC is used

to generate the spike train with simulated SNN inference. Finally, a fully analog setup where analog BDM IC is used for spike

train generation and SNN inference on the BrainScales-2 accelerator.

In our previous experiments, the SNN model operated in streaming mode during inference; however, on hardware with

multichannel input, there are resource constraints making this operating mode infeasible. Window mode inference, on the other

hand, allows resources to be shared across all channels, as the membrane potentials of the LIF spiking neurons in the SNN

do not need to maintain membrane potential in perpetuity, which streaming mode requires. Therefore, on the BrainScaleS-2

accelerator (and in our software simulation for fair comparison), the SNN model uses the window mode instead. To maximize

the acceleration that can be obtained with the BrainScaleS-2 accelerator, we applied striding to the inference process. During

testing, the SNN’s inference window is shifted forward by S time steps, and S can be varied to obtain a tradeoff between

accuracy and resource constraint. As mentioned earlier, temporal voting is applied during inference to determine if AP is

detected.

In the hybrid setup and full analog setup, the spike train is generated using our BDM IC, using difficulties Easy2 and

Difficult2 at noise level σ005 and σ02, respectively, which covers both difficulty and noise level at both extremes, while keeping

the test time manageable.

To enable the transfer of our SNN model from software simulation to real hardware accelerator, we mapped the software

parameters in Equation (13) describing the discrete LIF to hardware parameters in Equation (14) describing the adaptive

exponential integrate and fire model. To bridge the gap between the SNN model in software and physical deployment, we

transition from snnTorch to the BrainScaleS-2 neuromorphic hardware using the hxtorch API71, which provides a time-gridded

compute graph abstraction over the chip’s time-continuous dynamics. The BrainScaleS-2 architecture relies on mixed-signal

physical emulation, which accelerates neural dynamics by a factor of 1000 compared to biological real time. Under this

(configurable) acceleration, model time constants typically spanning milliseconds are physically emulated on the hardware at

the scale of microseconds. This drastic compression of the execution timescale enables rapid physical inference. To mitigate

inherent physical distortions and device mismatches on the analog neuromorphic substrate, hxtorch provides a Hardware-in-

the-Loop training framework. In this setup, the forward pass is executed directly on the physical accelerator to capture real

hardware dynamics, while the backward pass is executed numerically in software to calculate gradients. By injecting authentic

hardware responses directly into the optimization loop, the network parameters adapt to the specific nuances of the silicon

substrate, enabling high-accuracy inference while minimizing hardware resource constraints.

β = e−δ t/τ

U [t +1] = βU [t]+WSin[t]+θ [t]

Sout [t] =

{

1, U [t]>Uth

0, otherwise

θ [t] = Sout [t −1]Uth (13)

CmV̇ =−g1(V −E1)+g1∆T exp

(

V −VT

∆T

)

−w+ I

τwẇ = a(V −EL)−w (14)
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Data availability

The data supporting plots within this paper and other findings of this study are available with reasonable requests made to the

corresponding author. The public datasets used in the article are sourced from the following :

• The ECoG dataset can be found at https://neurotycho.org/epidural-ecog-food-tracking-task.

• The iEEG dataset can be found at http://ieeg-swez.ethz.ch/.

• The intracortical dataset can be found at DOI: 10.25392/leicester.data.11897595

• The extended intracortical data-files with added pink noise are hosted at DOI: 10.5281/zenodo.21215958

Code availability

The code used to train the model and perform the simulation on AP detection and seizure detection is publicly available in an

online repository BNEW2025-26 ASC Project in Github.
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