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Next-generation brain-computer interfaces will enable motor and speech decoding in 
humans [1-3] and improve our understanding of brain function [4]. To achieve this requires 
high-density multi-electrode arrays (HD-MEA) [5,6]. This leads to massive amounts of raw 
data that must be reduced on-chip to enable wireless operation [7]. Spike sorting (SS) 
assigns spikes to putative neurons and can reduce the data rate substantially because only 
the neuron ID needs to be transmitted when a spike occurs. Prior art focuses on improving 
the scalability and power efficiency of on-chip SS [8-15]. However, they either require a 
large input buffer [12-14], use temporal features (TF) that do not scale well to multi-channel 
systems [8-13], access the entire clustering memory for every spike [11-13], or use high 
power [8-11] and area [8-10]. This work uses event-driven spike detection and spatial spike 
sorting to deal with these challenges and achieve 74nW/ch, 0.00029mm2/ch, and <50μs 
latency with 1024 channels. This represents a >10× improvement in power and area 
efficiency with 3× more channels than prior art (Fig. 15.2.6). 
 
SS detects spikes in the raw data, projects them into a feature space for easier separation, 
and identifies clusters to assign spikes to putative neurons. Figure 15.2.1 shows the main 
challenges with SS: 1) The spike detector operates at the input rate and uses a large input 
buffer which dominates the system power consumption, but because spikes are sparse, it 
mostly processes noise samples. 2) Typically, SS relies on TFs of the distinct spike 
waveforms recorded from different neurons due to their unique distance to the recording 
electrode; however, their separability severely degrades in HD-MEA because the electrode-
neuron distance is not necessarily unique for each neuron. Unfortunately, because previous 
approaches relied on single-channel datasets [16] or datasets with only 8 neurons [17], 
the extent of this problem was not apparent. Also, TFs are sensitive to electrode drift. 3) 
Conventional clustering algorithms need to retrieve the entire cluster memory for every 
spike because TFs carry no information about the cluster-ID. The impact of this issue can 
be limited with a geometry-aware algorithm [14], but it still used TFs for clustering and 
needed to retrieve 5% of the memory to account for drift. 
 
We address these challenges with 3 techniques: 1) We use a wired-OR-based compressive 
ADC (wOR) and a spike pre-detector to perform event-driven spike detection and reduce 
the input memory size (Fig. 15.2.2). The wOR approach in [18] outputs a sample only for 
channels recording a unique value (channel event). Prior work has shown that this analog 
front-end can achieve ~100× compression with only 500nW/ch and minimal information 
loss [19,20]. Since most of the time channels record noise around the baseline, unique 
channels likely record spikes. Hence, spike detection can be performed by tracking the 
number of events in a given time for every channel. The valid counter spike pre-detector 
(VC-SPD) increases when there is a channel event and decreases otherwise. It flags a spike 
when it reaches a threshold THSPD=4 (fixed to minimize hardware cost). This event-driven 
SPD can achieve very high sensitivity but suffers from large false positives. A non-linear-
operator-based spike detector (NEO-SD) solves this issue by removing false positives from 
the output of the VC-SPD. This approach achieves >96% accuracy over all tested datasets 
with ground truth (Fig. 15.2.2) while reducing the average activity rate of the VC-SPD and 
NEO-SD by 35× and 100× and only requiring a 4S/ch input memory (30× less than typical 
input buffers). Notably, the SD processes spike samples >75% of the time, compared to 
<8% when raw data is directly input. 2) We use spatial features (SF) that leverage redundant 
spike recordings from multiple electrodes to extract the neuron’s location. For each spike, 
the largest recorded amplitude in the central channel (Ac) and the amplitudes of N 
neighboring channels (Ai) are used to calculate the magnitude (|Δc,s|) and angle (∠Δc,s) of 
a vector from the central channel to the estimated neuron location. The estimated location 
is then referred to global coordinates (x,y)SF using the central channel coordinates (xc,yc) 
(equations in Fig. 15.2.3). Due to their different locations, two neurons recorded by the 
same central channel will generate different spike patterns across the HD-MEA, leading to 
separable SFs. Since SFs rely solely on the spike amplitude, they are more robust to noise 
than TFs requiring the entire waveform. Also, SFs scale to large channel counts compared 
to TFs when benchmarking with datasets with many neurons (Fig. 15.2.3 left). 3) A modified 
self-organizing map clustering algorithm (SOM-clust) uses the SF space to create a 
structural map of neuron locations. The cluster memory represents a grid of locations in 
the MEA, initialized to all electrode positions and increased by positions between the 
electrodes, adjusted based on the MEA density (4096 elements for 1024 channels in this 
work). During training, the goal is to reposition these grid elements to match the locations 
of the neurons and eliminate superfluous elements so that there is one element per neuron. 

SOM-clust calculates the Euclidean distance between the SF and the grid elements to find 
the best matching unit (BMU) and adjusts its location (x,y)BMU towards (x,y)SF using a 
weighted average. It keeps track of how often elements are selected as BMU using a 
frequency counter and removes those below a threshold Tbatch in any given batch (tbatch=6s). 
Tbatch is adaptively determined based on the number of detected spikes in one batch (Nspike) 
and the number of remaining active elements (Nelement), assuming that the firing rates among 
neurons are relatively consistent [21] (equations in Fig. 15.2.3). Training happens on-chip 
and finishes when no elements are removed for two consecutive batches (typically after 5 
batches, Fig. 15.2.3 right). During clustering, when a new spike is detected, the algorithm 
finds the BMU and updates its location. Notably, this approach does not require retrieving 
all elements from memory since the SF allows us to predict the most likely BMU. Also, since 
the cluster location is updated for every spike, it automatically tracks electrode drift. 
 
A 1024-channel spatial SS chip was designed with standard digital cells to process 8b wOR 
data from an FPGA-based emulator (Fig. 15.2.4). It operates in two alternate modes: (1) 
spike detection and (2) feature extraction and clustering. Each mode is clock-gated when 
inactive to save power. In mode (1), the amplitude and channel address of the wOR events 
are transmitted to the chip using 19 input pads: 10 pads for the channel address, 8 pads 
for the amplitude, and 1 pad for the event-valid signal. wOR events are sequentially stored 
in the 4kB input memory and processed by 1024 VC-SPDs. When a spike is pre-detected, 
a shared NEO-SD retrieves the last four valid samples from the input memory (x[n-3:n]) 
and checks the maximum location. NEO-SD runs when the maximum is aligned to x[n-2] 
to avoid double counting and ensure the maxima in the neighboring channels needed for 
the SFs are present in the shallow input memory. If a spike is detected, its channel address 
is stored in a rate adapter FIFO for the next stage. In mode (2), SFs from the channels stored 
in the FIFO are extracted only if they are central channels. (x,y)SF uses 6b for the coarse 
location (initial grid) and 5b for the fine location (Δc,s) for each axis. The cluster memory 
stores the grid elements and has 212 words of 18b (10b for (x,y) fine location, 7b for the 
frequency counter, 1b active flag). The MSBs in (x,y)SF address the closest element to the 
detected spike, avoiding the need to load the entire cluster memory. If this element was 
deactivated during training, the SOM-clust retrieves neighboring elements until it finds the 
BMU. On average, fewer than 4 elements (0.1% of cluster memory) need to be retrieved 
for each spike. If the coarse location of the BMU changes after the update, there are two 
scenarios: (1) it points to an active element, which means both elements should be merged, 
or (2) it points to a deactivated element, which means that the element has drifted 
significantly. In the latter case, the new word is activated, and the old one is deactivated to 
keep track of MEA drift. The chip uses 1 clock cycle per event and can process 256 wOR 
events in one sampling period in mode (1), assuming >4× wOR compression. Every spike 
uses 16 cycles for processing in mode (2), and it is assumed that at most 16 neurons are 
firing a spike simultaneously. Hence, for a 20kHz sampling frequency, the main clock is 
10.24MHz. The chip can handle ~300spk/s/ch without overflow. 
 
Our SS requires multi-channel datasets for validation since SFs cannot be extracted from a 
single channel. Figure 15.2.5 compares the similarity to Kilosort [25] results for ex vivo 
primate retina recordings where a ground truth does not exist (ExVivo), and the accuracy 
achieved by this work with (1) software SS algorithms [22] using the artificial datasets for 
which a ground truth exists (MEArec [23,24]) and (2) the only on-chip SS that used a multi-
channel dataset (Neuropixel [17]). The achieved accuracy is competitive with other software 
SS and better than on-chip SS. The achieved compression in Fig. 15.2.5 for the wOR and 
the SS depends on the spike rate and the number of neurons and is always >1000×.  
 
The prototype chip in 40nm CMOS has a core area of 0.3mm2 and 0.00029mm2/ch 
(Fig. 15.2.7). The area is dominated by the input and cluster memories (59%). The minimum 
supply voltage is 0.72V, which leads to a measured total power of 76μW and 74nW/ch while 
processing (Fig. 15.2.5), dominated by the SD (51%). Compared to prior art (Fig. 15.2.6), 
this work achieves the lowest area and power per channel and the largest number of 
channels and is the only work validated with multi-channel datasets with hundreds of 
neurons. 
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Figure 15.2.1: Top: Overview of the three primary challenges in on-chip spike sorting. 
Bottom: Typical data reduction rates within spike sorting steps.

Figure 15.2.2: Event-driven spike detection with wired-OR, valid counter spike  
pre-detection (VC-SPD) and nonlinear energy operator (NEO). Activity rate, sensitivity 
and accuracy for different datasets (details in bottom left).

Figure 15.2.3: Left: Spatial features from redundant spike recordings and a scalability 
comparison with temporal features. Right: SOM clustering algorithm flow and its 
convergence for different datasets. Figure 15.2.4: System architecture and timing diagram of the spike sorting chip.

Figure 15.2.5: Top: SS accuracy and compression for different multichannel datasets. 
Bottom: Power breakdown and power versus VDD of the fabricated SS chip (power of 
FPGA wired-OR emulator is not included). Figure 15.2.6: Performance comparison with recent state-of-the-art online SS chips.
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Figure 15.2.7: Test setup, die photo, and chip core area breakdown.
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