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Large-scale neural interface ICs have tens of thousands of electrodes [1-3], enabling a wide 
range of applications including neural prostheses and therapeutic neuromodulation. 
However, the human brain contains 86 billion neurons and new frontiers in brain interfacing, 
such as understanding memory and cognition, will benefit from concurrent access to a 
million or more of implanted electrodes [4].  Modern microfabrication technologies, 
including silicon wafer thinning [1], allow for dense co-integration of electrodes and 
transistors on the same flexible substrate [1,4-6] and overcome the issue of the mega-scale 
electrode interconnect bottleneck [7]. The key remaining challenges are the low energy 
efficiency of neural ADCs and the high output data rate [4]. For example, one million inputs 
require 10nW/input ADC power - for a  tissue-safe 10mW ADC total power budget [8], and 
a 200Gb/s wireless link - for 8b conversion at 25kHz [4]. However, the power dissipation 
of neural ADCs, either dedicated [9-12] or time-multiplexed [1-3,13], is over 50× higher, 
and implantable radios are at least 100× slower [14-15]. To address these challenges, neural 
spiking sparsity has been exploited in both off-line [16-17] and on-line [8,18] methods of 
optimum electrode selection, but this leads to significant losses in recorded information 
[17] and requires near-μW/input power due to static circuit biasing [8,18], respectively.
 
We present a 64-input event-based implantable neural interface illustrated in Fig. 15.5.1 
that takes advantage of neural spikes sparsity in space, time and amplitude probability to 
perform: (1) on-line low-SNR event detection that triggers high-SNR event recording by 
reconfiguring the same ADC circuits, which we refer to as ‘spatial zooming’, (2) non-uniform 
(NU) continuous-time (CT) sampling, and (3) NU CT quantization, respectively. The inverter-
based dynamically biased analog front-end (AFE) dissipates 10nW/input in the 
spike-detection mode (mode 1), in the spike-recording mode (mode 2), or in the artifact-
tolerance mode (mode 3), and inherently reduces the output data rate by over 100×. This 
enables wireless powering by a glasses-mounted steerable-beam antenna array, for the 
application of responsive neuromodulation for memory enhancement/restoration. 
 
Figure 15.5.1 introduces the concept of spatial zooming. In its default mode, mode 1 (Fig. 
15.5.1, left), the IC detects spikes on all 64 electrodes using only one high-gain cascoded 
inverter (INV) per input, configured as a CT comparator dissipating 4nW for a practical 
spike rate of 25/sec. The input capacitor is precharged to the comparator threshold voltage 
THn=Vref-Vn and is inserted into the signal path, so that the difference Vin-THn is presented 
to the INV for comparison, where n=1,…,64, and Vref is the reference electrode voltage. 
Voltage Vn is adaptively set by a low-duty-cycle DAC (0.001%, 50ns ON time) based on 
previous spikes morphology. When a spike is detected, the IC dynamically switches to mode 
2 – the spike recording mode (Fig. 15.5.1, center). In this mode, the 64 inverters are 
regrouped into four subsets of 16 inverters each, to form four CT flash ADCs, each with 
N=16 uniformly distributed thresholds THn. These four ADCs are time-multiplexed among 
all electrodes where spikes were detected (up to all 64). For a realistic spatial spike sparsity 
of 1/32, power dissipation in mode 2 is also 4nW/electrode. In mode 3 (Fig. 15.5.1, right), 
the IC uses two subsets of 32 inverters each, to implement two CT subranging ADCs. This 
increases the input range from 15mV to 200mV as needed to tolerate infrequent but large 
artifacts. Each ADC is implemented as two 16-inverter CT flash ADC stages, coarse and 
fine, for a total of N = 16×16 = 256 quantization levels. In the first stage, the INV with the 
input voltage closest to its THn is dynamically configured to act as a residue amplifier, while 
the other 15 INVs act as comparators that are saturated and do not pass direct-path current.  
Thus, each narrow-input-range INV also acts as a duty-cycled residue amplifier, with a 
shifted transfer characteristic, that amplifies only a portion of the input signal, resulting in 
a rail-to-rail input range without the corresponding power penalty. Assuming that 120Hz 
stimulation takes place less than 1% of the time, mode-3 power dissipation is below 
3.5nW/electrode. In modes 2 and 3, the use of NU CT sampling and quantization boosts 
the ENOB of the ADCs from the nominal resolution values of log216=4b and log2256=8b, to 
approximately 8b and 14b, respectively (by factors of α≈4b and β≈6b, respectively) as 
discussed next.  
 

Figure 15.5.2 illustrates how NU CT sampling and quantization are implemented in both 
modes 2 and 3. As shown in Fig. 15.5.2 (top), in contrast to conventional neural ADCs, we 
perform NU sampling - only when the input signal waveform crosses a quantization level, 
reducing power. NU sampling prevents the folding of the quantization noise into the 
baseband [19-20], boosting the ADC ENOB far beyond the conventional log2N resolution – 
by ~3.5b and ~5b in modes 2 and 3, respectively. It also eliminates inherently imprecise 
and area-inefficient analog anti-aliasing filters and allows for compact precise digital filters 
[21]. As depicted in Fig. 15.5.2 (middle), the ADC also periodically evaluates the input’s 
probability density function (PDF) and dynamically adjusts its quantization levels to enhance 
precision for relevant levels, reducing the quantization noise [22]. This adds ~0.5b and ~1b 
of ADC resolution in modes 2 and 3, respectively. Figure 15.5.2 (bottom) shows the 
improved ENOB/SNDR and power scalability of the design.  

Figure 15.5.3 depicts the neural ADC schematic and its experimental results. The mode of 
each INV is dynamically selected based on the ADC output. The circuits highlighted in green 
and red are OFF in modes 1 and 2 but are ON in mode 3. In modes 1 and 2, each INV 
functions as a CT comparator. As opposed to energy inefficient constant-current biasing of 
OTA-based CT comparators, the INV employs dynamic self-biasing. During phase P1, 
capacitor C1 is pre-charged to the comparator threshold voltage THn=Vref-Vn. Concurrently, 
the INV undergoes auto-zeroing, as shown in Fig. 15.5.3 (top, right). The upper and lower 
segments of the INV form current sources which set all biasing voltages. Additionally, C2 
and C3 sample the low-frequency (LF) noise, which is nullified during P2. In P2, when Vin is 
near Vcm, pre-charged nodes V1 and V4 bias the input transistors into the subthreshold 
region to reduce the direct-path current. If Vin deviates from Vcm by >60μV, M1 or M2 cut off 
the direct-path current, further saving energy. In mode 3, the green block initiates a negative 
feedback loop to amplify the residual voltage for the fine ADC stage, and the red block 
establishes a positive feedback loop to enhance Zin. In mode 1, a threshold (TH) adaptation 
circuit modulates Vn for optimum detection of spikes. In modes 2 and 3, a DC servo loop 
[10] suppresses LF noise. It also boosts the input dynamic range (DR) in mode 3.

Figure 15.5.4 illustrates the digital ADC mode selection. First, a spike is detected on input 
A. It is then recorded in mode 2, while periodic fast switching to mode 1 monitors for spikes 
on other electrodes. Other spikes are then detected on inputs B-C, which are also then
switched to mode-2 readout. The neural activity on input D is a large artifact, beyond 15mV, 
so that input is switched to the 200mV-range mode 3 readout to avoid the saturation dead-
time. All other electrodes continue to be monitored for spikes by periodic fast switching to 
mode 1. Input D returns to mode 2 and then to mode 1, when it drops below 15mV and
then below the spike’s TH, respectively. 

Figure 15.5.5 presents the system block diagram and key results for the application of 
responsive neuromodulation for memory enhancement/restoration. Non-uniformly sampled 
ADC outputs are mapped to an address representation [18] and time-synchronized by an 
arbiter to prevent data collision. Arbitrated data are sent to a wearable control hub by a 
915MHz TX with both pulse-width- [23] and pulse-position-modulated XOR-based [24] PA 
with high efficiency of 8.6pJ/b [12,25]. The maximum data rate is 52Mb/s at 440μW, 
scalable to 0.2Mb/s at ~1.7μW (BER=9×10-5). Upon receipt, the hub decodes the address 
and recovers data. A digital anti-aliasing filter reconstructs these non-uniformly sampled 
data into the uniform format, followed by in-the-loop local or remote digital inference. For 
local inference, spike sorting is first performed to get the neural spike counts during memory 
encoding and recognition events. These spike counts are then processed by eXtreme 
Gradient Boosted ensemble of decision trees (XGBoost) – a leading algorithm for BMI [26] 
– to classify if the declared patient response is correct. XGBoost predicts memory recall
with a 92.9% mean accuracy on a human single-neuron activity dataset [27]. A stimulation 
burst can then be triggered during an encoding event to enhance the patient’s memory,
which has shown to improve retention and recall [28-29]. The chip is wirelessly powered
by a 2.8cm 4-element steerable-beam antenna array built into smart glasses temple,
transmitting up to 1W at 915MHz. The 15×15mm2 implantable RX coil within a human head 
phantom receives up to 400μW at a depth of 5cm. The phased array tracks the implant’s
position using backscattered data on the received power [30].

Figure 15.5.6 depicts extracellular activity recorded by the neural ADC from the mouse brain 
in the three modes. Figure 15.5.7 includes the comparison table, chip micrograph and  
mini-PCB carrier prototype. This principally digital design is well suited for scaling to 
advanced technology nodes for further integration and power savings.
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Figure 15.5.1: Spatially zooming neural ADC architecture and its implementation on a 
continuous-time (CT) reconfigurable-inverter fabric.

Figure 15.5.2: Non-uniform continuous-time sampling and quantization in the spatially 
zooming neural ADC.

Figure 15.5.3: Spatially zooming neural ADC schematic and experimentally measured 
results. Figure 15.5.4: Dynamic mode selection control in the spatially zooming ADC.

Figure 15.5.5: System block diagram for the application of wireless closed-loop 
neuromodulation and experimental results.

Figure 15.5.6: Experimentally measured results from the mouse brain in vitro  
(4AP-induced spikes) and in vivo (naturally occurring spikes).
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Figure 15.5.7: Comparison table, chip micrograph, and wireless power/data TX/RX 
embodiment prototypes.
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