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Abstract. Stochastic spiking neurons trade exact arithmetic for controlled randomness, which lowers area and tol-
erates input noise, and they are a useful primitive for event-driven edge hardware and for interfacing with emerging
analogue synapses. This paper presents the design and characterisation of a compact, configurable stochastic leaky
integrate-and-fire neuron implemented as standard-cell CMOS on the SkyWater 130 nm process and released openly.
A 16-bit configurable-polynomial linear-feedback shift register drives an eight-entry programmable activation table
whose output sets a Bernoulli firing probability, and a saturating 16-bit leaky integrator with a programmable thresh-
old and a refractory period of zero to seven cycles produces the spike train. All parameters are written through a
sixteen-register serial interface, and the neuron runs either from parallel inputs or entirely from the register file. We
characterise the block from a model checked bit-exact against the register-transfer code: the shift-register period is
maximal at 65535 states for a maximal-length polynomial and short at 63 states for the shipped default, the eight-bit
comparison value is uniform over the full period, and the per-entry firing probability equals the table value divided by
256. We also characterise a property that a system-level model of the source would not expose: although the underly-
ing maximal-length sequence is ideal, the comparator output is serially correlated at short lags, with a negative lobe
near lag eight, because the compared byte shifts by one bit each cycle, and subsampling every sixteen cycles restores
whiteness. Rate-coding sweeps show monotonic control of the output rate by the input weight and by the threshold,
and the refractory period caps the rate at one spike per refractory-plus-one cycles. The neuron occupies about 10,600
square micrometres of standard cells, places at 70 per cent utilisation on a single Tiny Tapeout tile, meets the 50 MHz
timing constraint with positive setup and hold margin, and is verified by eighteen directed cocotb tests at register-
transfer and gate level. All results are from simulation and the open implementation flow; no fabricated silicon is
reported. The neuron is an openly released companion to a four-block neuromorphic suite reported separately [1].
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1. Introduction

Edge devices that classify and detect close to their sensors operate under power and area budgets that conventional
clocked arithmetic meets poorly. Neuromorphic hardware addresses this regime by encoding information as sparse
spikes and by computing where the data reside, which lowers the arithmetic and the data movement that dominate
energy use [2, 3]. Within this style of computation, a neuron that fires probabilistically as a function of its input,
rather than deterministically, offers two practical advantages. The randomness makes the response tolerant of input
noise, and it supports sampling-based inference in which a network represents a distribution through the rate of its
spike trains [4]. A probabilistic neuron also fits the behaviour of emerging analogue synapses, whose conductance
updates are inherently stochastic, so a digital neuron with a controlled random source provides a convenient interface
to such devices.

Generating that randomness compactly is the central design problem. Stochastic computing represents a number
as the probability that a bit in a stream is one, which lets multiplication and addition be performed by simple logic
gates at the cost of longer evaluation times [5]. The pseudorandom source that drives a stochastic stream is most often
a linear-feedback shift register (LFSR), because it produces a long, reproducible sequence with very little area and
at the full clock rate [6]. The same shift-register primitive underlies hardware probabilistic bits and other stochastic
electronics that aim to compute with controlled noise [7, 8]. A neuron built from an LFSR, a small activation table,
and an integrator therefore packages several of these established ideas into a single reusable block.

This paper is a detailed study of one such block. The neuron described here is also one of four blocks in an
integrated neuromorphic suite that shares a common serial interface, reported separately [1]. The present paper goes
deeper on the neuron than the suite paper does. It adds a stochastic characterisation of the random source and the
comparator, a rate-coding and refractory study, and the single-block implementation figures, none of which the suite
paper presents at this level of detail. The two papers are complementary: the suite paper describes the integrated four-
block system and the shared interface, while this paper treats the neuron as a self-contained block and characterises
its behaviour.
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The contributions of this paper are the following. First, an open, configurable LFSR-stochastic LIF neuron on the
SkyWater 130 nm node, with a programmable feedback polynomial, an eight-entry activation table, a programmable
threshold, a programmable decay, and a programmable refractory period. Second, a stochastic characterisation from a
model checked bit-exact against the register-transfer description, covering the shift-register period as a function of the
polynomial, the uniformity of the comparison value, the autocorrelation of the random source and of the comparator
output including a serial-correlation property and its mitigation, and the per-entry firing probability. Third, a rate-
coding and refractory characterisation that relates the output spike rate to the input weight, the threshold, and the
refractory period. Fourth, an open SkyWater 130 nm implementation with a routed layout and a directed verification
suite. The techniques used here are established. Among these, the run-time configurable feedback polynomial,
which most digital stochastic sources fix in hardware, and the serial-correlation characterisation of the overlapping-
byte comparator are the most distinctive; the remainder is a careful open implementation of established parts. The
contribution is an openly released, characterised implementation, not a new neuron model and not measured silicon.

The remainder of the paper is organised as follows. Section 2 reviews related silicon neurons and stochastic random
sources. Section 3 describes the neuron architecture with its governing equations. Section 4 reports the stochastic
characterisation. Section 5 reports the rate-coding and refractory behaviour. Section 6 reports the implementation and
verification. Section 7 discusses trade-offs and limitations, and Section 8 concludes.

2. Background and related work

Silicon neurons. Hardware neurons span a wide range of implementation styles, from analogue circuits that em-
ulate membrane dynamics directly to fully digital datapaths [9]. The leaky integrate-and-fire (LIF) model is the
most common choice in spiking hardware because it captures temporal integration with a single state variable and a
threshold comparison [10]. Recent work has examined digital LIF datapaths optimised for leakage and event-driven
efficiency [11] and the dynamical behaviour of compact neuron circuits [12]. Large neurosynaptic cores use digital,
pseudorandom-driven neurons with a refractory period to realise probabilistic firing at scale [3, 4], and the neuron in
this work follows the same model: a deterministic integrator gated by a pseudorandom comparator.

Stochastic computing and LFSR random sources. Stochastic computing performs arithmetic on bit streams
whose value is the probability of a one, which reduces complex operations to small logic at the cost of evaluation
time [5]. The quality and cost of the pseudorandom source dominate the accuracy and area of such designs, and recent
work has studied LESR-based generation, its hardware quantisation, and its energy efficiency [6, 13, 14, 15]. Random-
number generation for stochastic and security applications continues to be an active topic [16]. Stochastic activation
in a neuron, in which firing is a probabilistic function of the input, reduces sensitivity to input noise and supports
sampling-based computation [17]. The present neuron uses an LFSR and a comparator against a programmable table
to realise this activation.

Probabilistic bits and stochastic electronics. A related line of work computes with controlled randomness using
probabilistic bits, in which a device fluctuates between two states with a tunable probability [7], and with other
stochastic-electronic primitives intended for low-power inference [8]. These approaches share the goal of replacing
exact arithmetic with controlled noise, which is the same trade made by an LFSR-driven stochastic neuron in the
digital domain.

Plasticity context. Spike-timing-dependent plasticity adjusts a synaptic weight from the relative timing of pre-
and post-synaptic spikes and is a widely used unsupervised rule in spiking systems [18, 19]. The neuron reported
here does not implement learning; it produces the spike train that a downstream plasticity rule would consume, and
learning is provided by a separate block in the companion suite [1].

Open physical design and Tiny Tapeout on SkyWater 130 nm. The SkyWater 130 nm process and its open
process design kit, together with the OpenLane and OpenROAD flows, have made standard-cell tape-out accessible
for academic blocks [20, 21]. Open neuromorphic hardware has appeared on this and similar flows, including open
spiking accelerators on the SkyWater node [22], open digital neuromorphic processors with on-chip learning [23, 24],
and open field-programmable emulators [25], and recent stochastic-computing neurons use the same ingredients of an
LFSR and a comparator [26]. The block was submitted through the Tiny Tapeout shared-silicon programme, which
provides a standardised tile and pin harness. The present work is implemented on the same node and flow, which
fixes a stable, well-documented target.

3. Neuron architecture

The neuron has three parts: a configurable LFSR that supplies pseudorandom bits, an activation table that converts
those bits into a per-cycle firing probability, and a leaky integrate-and-fire core that converts probabilistic events into a
spike train. Figure | shows the datapath, and figure 3 shows the shift register in detail. All parameters are set through
the sixteen-register serial interface summarised in figure 2 and Table 1.
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Figure 1. Datapath of the stochastic leaky integrate-and-fire neuron. The configurable linear-feedback shift register supplies
pseudorandom bits each cycle. The top three bits select one of eight activation-table entries, and the low eight bits form the
comparison value; a stochastic event is asserted when the comparison value is less than the selected activation. The leaky integrate-
and-fire core adds the input current on a stochastic event or an external spike, saturating at full scale, and otherwise leaks by the
programmable decay. A spike is emitted when the upper byte of the membrane reaches the threshold, after which the membrane
resets and the refractory counter loads. All parameters are written through the serial register file.

3.1. Configurable linear-feedback shift register

The random source is a 16-bit Fibonacci LFSR. Let s; denote the 16-bit state at cycle ¢ and let p denote the 16-bit
feedback polynomial held in a register. The feedback bit is the parity of the bitwise conjunction of the state and the
polynomial, that is the exclusive-or reduction of the selected taps,

15

fi = @ (s Aplil), (1

i=0

where @ denotes reduction by exclusive-or and A denotes bitwise conjunction. The next state is the current state
shifted left by one position with the feedback bit inserted in the least significant bit,

sip1 = ((s < 1) V fi) mod 2'°, )

where < denotes a left shift and V denotes bitwise disjunction. The all-zero state is absorbing for any linear feedback,
so the logic detects a zero state and reseeds it to the value one, which keeps the register running. Both the polynomial
p and the initial seed are written through registers, so the period and the sequence are configurable at run time.

3.2. Activation table and stochastic event

The activation table has eight entries, each an eight-bit value. The top three bits of the state, s;[15:13], index the table
and select the activation a, for the current cycle. The low eight bits of the state, 5,[7:0], form an eight-bit comparison
value ¢,. A stochastic event is asserted when the comparison value is strictly less than the selected activation,

stoch_fire, = [¢; <a]. 3)

Because the comparison value is uniform over the eight-bit range across the full period, as shown in Section 4, the
probability of a stochastic event for a selected entry is the entry value divided by 256,

a

Pr(stoch_fire | a] = 756"

“

The eight-entry table therefore acts as a programmable, piecewise activation function mapped onto the firing proba-
bility.
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Figure 2. Serial register interface. (a) The sixteen single-byte registers that configure the neuron, grouped by function: control
and refractory, feedback polynomial, seed, threshold, decay, status, and the eight activation-table entries. (b) The sixteen-bit serial
frame, with one read-or-write bit, seven address bits sent most significant first, and eight data bits.

3.3. Leaky integrate-and-fire core

The membrane is a 16-bit unsigned accumulator v,. On a stochastic event or an external input spike, the input current
I is added to the membrane, saturating at the 16-bit full scale; otherwise the membrane decays by a programmable
amount d, floored at zero,

min (v, 41, 2 —1), event or input spike,

&)

e max (v, —d, 0), otherwise.

A spike is emitted when the upper byte of the membrane reaches the threshold 6, that is when v,[15:8] > 6. On a
spike the membrane is reset and a refractory counter is loaded with the programmed value r, which lies in the range
zero to seven. While the refractory counter is non-zero it decrements each cycle and suppresses both integration and
firing, so the membrane is held until the counter expires.

The block operates in two modes selected by an input pin (ui_in[1]). In free-run mode the input current equals
the selected activation, I = a,, so the same table value sets both the firing probability and the integration step. In
host mode the input current is taken instead from a four-bit weight presented on parallel input pins (ui_in[7:4]); the
serial interface still configures the polynomial, table, threshold, decay, and refractory period and can enable the block,
but the per-cycle weight is a parallel input rather than a register. In both modes the integrator, threshold, decay, and
refractory logic are identical.

The neuron exposes its internal state for observation and bring-up. The single-bit spike output is brought out
directly, and the most significant bit of the shift register is brought out as a low-cost randomness monitor, which is
the signal sampled for the autocorrelation in Section 4. The upper four bits of the membrane are brought out as a
slow, analogue-like bus that a bench instrument or an on-chip converter can read as a state-of-health signal, and an
accumulator-overflow flag and a latched-spike flag are exposed alongside it. An external spike input on a parallel pin
can drive the integrator directly, in addition to the stochastic path, and a read-only register returns the live refractory-
counter value. These observability and interfacing points make the block straightforward to bring up on returned
silicon and let it act as a source of events for a downstream synapse or router.

4. Stochastic characterisation

This section characterises the random source and the comparator from a model checked bit-exact against the register-
transfer code and the gate-level simulation. The model reproduces the LFSR state sequence, the comparison value,
and the stochastic-event signal cycle by cycle, which makes the statistics below properties of the implemented logic
rather than of an idealised generator.



Table 1. Serial register map of the stochastic neuron. All sixteen registers are single bytes. Access is read-write except where
marked read-only (RO). The polynomial and seed are split across a low and a high byte, and the eight activation-table entries
occupy addresses 0x08 to 0xOF.

Address Name Access Description

0x00 CTRL R/W [0] enable, [1] accumulator reset, [2] free-run, [7:5] refrac-
tory period (0 to 7)

0x01 POLY_L R/W LFSR feedback polynomial, bits [7:0]

0x02 POLY_H R/W LFSR feedback polynomial, bits [15:8]

0x03 SEED_L R/W LFSR initial seed, bits [7:0]

0x04 SEED_H R/W LFSR initial seed, bits [15:8]

0x05 THRESHOLD R/W Spike threshold, compared with the membrane upper byte
[15:8]

0x06 DECAY R/W Membrane leak step per cycle

0x07 STATUS RO Spike flag, accumulator overflow, latched spike, membrane
upper bit, refractory busy

0x08 LUTO R/W Activation entry 0

0x09 LUT1 R/W Activation entry 1

0x0A LUT2 R/W Activation entry 2

0x0B LUT3 R/W Activation entry 3

0x0C LUT4 R/W Activation entry 4

0x0D LUTS R/W Activation entry 5

0xOE LUT6 R/W Activation entry 6

0xOF LUT7 R/W Activation entry 7

4.1. Period versus polynomial

The period of the shift register depends on the feedback polynomial. The polynomial that ships as the default,
0x002D, is not a maximal-length polynomial; it yields a short cycle of 63 states, and the reset seed lies on a 10-
state transient that feeds into that cycle. Maximal-length polynomials, such as 0xB400 and 0xD008, yield the full
period of 2! — 1 = 65535 states. Figure 3(b) shows the measured period for these polynomials. The polynomial
is programmable, so for full-period operation a maximal-length value should be programmed into the polynomial
register before use; the short default is suitable only where a short, repeating sequence is acceptable.

4.2. Uniformity of the comparison value

Over the full maximal-length period the eight-bit comparison value ¢; is uniform. Each of the 256 possible byte
values appears 256 times across the period, with the single exception that follows from excluding the all-zero state,
which removes one occurrence. Figure 4(a) shows the histogram of the comparison value over the full period; the
distribution is flat to the resolution of the count. This uniformity is the property that makes the firing probability in
equation (4) equal to the activation divided by 256.

4.3. Autocorrelation and a serial-correlation property

The single-bit maximal-length sequence produced by the shift register has the ideal two-level autocorrelation of a
maximal-length sequence: after the usual mapping of the bit to plus or minus one, its unnormalised periodic autocor-
relation is constant and equal to —1 for all non-zero lags, which once normalised by the period N = 65535 becomes
—1/N ~ —1.5 x 107>, indistinguishable from zero on the normalised scale of Figure 4(b). The comparator output,
however, is not white at short lags. The comparison value c; is formed from eight consecutive bits of the register, and
because the register shifts by one bit each cycle, the byte at cycle ¢ + 1 shares seven of its eight bits with the byte at
cycle ¢. Consecutive comparison values are therefore strongly overlapping, and the stochastic-event signal inherits
that overlap as serial correlation. The measured autocorrelation of the stochastic-event signal is about 0.32 at lag
one and falls through the first few lags, but it does not remain near zero: a secondary negative lobe of about —0.28
appears near lag eight, which reflects the eight-bit width of the comparison value together with the one-bit-per-cycle
shift, before the autocorrelation decays again at longer lags.

This kind of correlation between overlapping linear-feedback shift register outputs is recognised in stochastic
computing, where the seeding, scrambling, and feedback polynomial all affect stream quality [27]; it is reported here
as a concrete property of this comparator rather than as a new effect, and it is the kind of property that a system-level
model treating the register as an ideal source would not expose. A simple mitigation removes it: subsampling the
stochastic-event signal every sixteen cycles, so that the bytes used no longer overlap and the negative lobe at lag
eight is cleared, reduces the lag-one autocorrelation to about 0.003, which is near whiteness. A stride of eight is
not sufficient, because the subsampled lag-one autocorrelation then equals the raw autocorrelation at lag eight, about
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Figure 3. Configurable linear-feedback shift register. (a) Structure of the 16-bit Fibonacci register: the feedback bit is the
exclusive-or reduction of the bitwise conjunction of the state and the programmable polynomial, and the next state is the state
shifted left with the feedback inserted in the least significant bit. (b) Measured period as a function of the feedback polynomial.
The shipped default 0x002D produces a short cycle of 63 states, while maximal-length polynomials such as 0xB400 and 0xD0O08
produce the full period of 65535 states.

(a) uniformity of Ifsr[7:0] (b) serial correlation of the stochastic source
300 - - 047 Lo 1 20519 =0 stoch_fire, raw (LIF spike train)
form over full period ag-i =10 == single-bit m-sequence (raw LFSR bit)
%4 -004, 255 dof) 0.3 =& stoch_fire, subsampled / 16 (whitened)
250
o 45 0.2 subsample every 16 cycles
£ 200 = &
5 5}
= 5 017
E g
z 3
2 150 < 0.0
) o}
z &
E <
I E i
© 100 : 0.1

m-seq flat at -1.5e-05

-0.2

50 (ideal 2-level white) db:)euc‘nr(l)d;;\dlﬂt:; .
-0.3 1
0 — T T T T T T T T T T T T T T
0 50 100 150 200 250 1 23 45 6 7 8 910111213 14 15 16
LESR low byte Ifsr[7:0] value lag (cycles)

Figure 4. Statistics of the random source over the full maximal-length period (polynomial 0xB400). (a) Histogram of the eight-
bit comparison value; each value occurs the same number of times to the resolution of the count, so the comparison value is
uniform. (b) Autocorrelation of the stochastic-event signal as a function of lag. The signal is serially correlated, about 0.32 at
lag one with a secondary negative lobe of about —0.28 near lag eight, because the compared byte shifts by one bit each cycle
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lag-one autocorrelation to near zero.
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Figure 5. Activation table and firing probability. (a) The default activation table: the eight programmed entries, addressed by the
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resolution. The sweep uses the maximal-length polynomial 0xB400 over the full period with the default activation table.

—0.28; a stride of sixteen is the smallest power-of-two stride that clears both the positive short-lag correlation and
the negative lobe. Figure 4(b) shows the raw, the subsampled, and the ideal single-bit autocorrelation. The mitigation
costs throughput, because only one cycle in sixteen is used, which at the 50 MHz clock corresponds to a maximum
near-independent sample rate of about 3.125 million samples per second; it is appropriate where the downstream
computation requires near-independent samples.

4.4. Per-entry firing probability

The firing probability of each table entry follows equation (4). Sweeping the activation value over the eight-entry
table and counting stochastic events over the full period gives a measured firing probability equal to the activation
divided by 256 at each entry, to the resolution of the count. Figure 5 shows the measured firing probability against
the activation value, together with the line a/256. The agreement confirms that the activation table sets a Bernoulli
firing probability with eight-bit resolution, and that the model used for the statistics in this section matches the
register-transfer and gate-level behaviour. All of the statistics in this section are reported for a maximal-length poly-
nomial; with the shipped default polynomial the sequence repeats every 63 states, none of these properties hold, and
a maximal-length value must be programmed for full-period operation.

5. Rate coding and dynamics

The neuron encodes its input as an output spike rate. Each stochastic event or input spike adds the input current to the
membrane, the membrane crosses the threshold after a number of events that depends on the current and the threshold,
and the refractory period limits how often a spike can follow another. The output rate is therefore a monotonic function
of the input weight and of the threshold, with a hard cap set by the refractory period.

5.1. Control of the output rate

The output spike rate increases monotonically with the input weight, because a larger current advances the membrane
toward the threshold in fewer events. The output rate decreases monotonically with the threshold, because a higher
threshold requires more accumulation before the upper byte of the membrane reaches it. Figure 6 shows the output
rate as a function of the input weight and as a function of the threshold; both sweeps are monotonic over the configured
range. These two controls, the weight and the threshold, give a host two independent ways to set the operating point
of the neuron.

5.2. Refractory cap and membrane behaviour

The refractory period sets an upper bound on the output rate. After a spike, the refractory counter loads with the
programmed value r and suppresses both integration and firing while it is non-zero, so the soonest a further spike
can occur is r + 1 cycles after the previous spike. The maximum output rate is therefore 1/(r+ 1) spikes per cycle.
The measured maximum-rate points lie on this law across the range r = 0 to r = 7, as shown in figure 6. Between
spikes the membrane ramps upward as events accumulate, crosses the threshold, resets to zero, and is then held by the
refractory counter until the counter expires, after which integration resumes. When no events arrive the membrane
leaks toward zero by the programmable decay, which sets the time over which past input is forgotten.
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Table 2. Implementation summary for the stochastic neuron on SkyWater 130 nm. All figures are from the open synthesis and
place-and-route flow at a 50 MHz constraint. The power figure is a pre-silicon estimate after clock-tree synthesis at a default
switching activity and is not a measurement.

Metric Value

Process SkyWater 130 nm open process design kit

Tile Single Tiny Tapeout 1x1, about 161 um by
112 um

Clock constraint 50 MHz

Standard cells 917

Flip-flops 208 (179 dfrtp and 29 dfstp)

Post-synthesis standard-cell area about 10,593 square micrometres

Placed utilisation 70 per cent

Worst setup slack about +14.3 ns at S0 MHz

Worst hold slack about +0.35ns at 50 MHz

Estimated power about 701 uW post-clock-tree-synthesis, default

activity (pre-silicon estimate)
Verification eighteen directed cocotb tests at register-transfer
and gate level, all passing

6. Implementation and verification

The neuron was taken through an open standard-cell flow using OpenLane and OpenROAD on the SkyWater 130 nm
process. It is mapped to a single Tiny Tapeout 1x1 tile of the target shuttle, about 161 um by 112 um, and is con-
strained to a 50 MHz system clock. Table 2 summarises the implementation figures from synthesis and place-and-
route.

6.1. Physical implementation

The mapped design uses 917 standard cells, of which 208 are flip-flops (179 of type dfrtp and 29 of type dfstp). The
post-synthesis standard-cell area is about 10,593 square micrometres, and the design places at 70 per cent utilisation
on the single tile. Static timing analysis at the 50 MHz constraint reports a worst setup slack of about +14.3 ns and a
worst hold slack of about +0.35 ns, so the design meets timing with positive margin on both checks. The estimated
power after clock-tree synthesis is about 701 uW at a default switching-activity assumption; this is a pre-silicon
estimate from the flow, not a measurement. The largest combinational cell type is the multiplexer, which reflects the
sixteen-register file and the read multiplexing of the eight-entry activation table. Figure 7 shows the routed layout of
the tile; the image is a render from the implementation flow and is not measured silicon.

6.2. Verification

The block is verified by eighteen directed cocotb test cases exercised at register-transfer and gate level, all pass-
ing. The tests cover the serial register interface, the configurable polynomial and seed, the activation table and the
stochastic-event comparison, the integrate-and-fire dynamics including saturation and decay, the threshold compari-
son on the upper byte, and the refractory counter across its range. The same model used for the statistics in Section 4



Post-route layout: stochastic neuron,
Tiny Tapeout 1x1 tile (about 161 by 112 um)

routed-GDSII render (not measured silicon)

Figure 7. Routed layout of the stochastic neuron on a single Tiny Tapeout 1x1 tile on the SkyWater 130 nm process. The image is
a render from the open place-and-route flow and is not measured silicon.

Table 3. Qualitative comparison with a digital neurosynaptic core and a stochastic-computing neuron. The comparison is on
design attributes, not measured performance. The present work is pre-silicon; the entries for the other designs are taken from their
published descriptions.

Attribute TrueNorth digital LFSR stochastic Recent LFSR  This work
neuron [3, 4] neuron [26] design [13]
Node 28 nm CMOS open flow technology study ~ SkyWater 130 nm
Neuron / datapath digital LIF, pseudo-  stochastic LIF stochastic- stochastic LIF, saturat-
random computing ing integrator
datapath
Randomness source pseudorandom gen- LFSR LFSR configurable-
erator polynomial LFSR
On-chip programmability neuron parameters threshold and table quantisation set-  polynomial, table,
tings threshold, decay, re-
fractory
Open-source no yes not stated yes
Silicon measured pre-silicon study pre-silicon

is checked bit-exact against these simulations, which links the reported statistics to the verified logic.

6.3. Qualitative comparison

Table 3 places the neuron alongside a large digital neurosynaptic core and a recent stochastic-computing neuron. The
comparison is qualitative and lists the technology node, the neuron and datapath style, the randomness source, the
on-chip programmability, whether the design is open-source, and whether the figures are from measured silicon or
are pre-silicon. The present work is marked pre-silicon throughout, because no fabricated device is reported.

7. Discussion

Design trade-offs. Several choices in the neuron trade resolution or quality for area and timing. The threshold
comparison uses only the upper byte of the 16-bit membrane, which narrows the comparison path and eases timing,
at the cost of reducing the effective threshold resolution to 256 levels. The activation table has eight entries, which
keeps the table small and the index path short, at the cost of a coarse, piecewise activation function; finer activation
would require a larger table or interpolation. The most interesting trade is in the random source. Reading eight
consecutive register bits as the comparison value is the lowest-area way to obtain a byte each cycle, but it makes
consecutive comparison values overlap and produces the serial correlation reported in Section 4. The subsampling
mitigation restores near-whiteness at the cost of throughput, so the choice between the raw output and the subsampled
output depends on whether the downstream computation needs near-independent samples or can tolerate short-lag
correlation. A final caveat concerns the default polynomial, which is not maximal-length; a maximal-length value
should be programmed where a full-period sequence is required.

Limitations. The results in this paper are from simulation and the open implementation flow. The reported



area, timing, and power are pre-silicon, and the power figure in particular depends on a default switching-activity
assumption and must be confirmed by measurement on the returned chip. The quality of the random source, including
the serial-correlation property and the effect of subsampling, is characterised from the bit-exact model and should
likewise be confirmed on silicon. The block is a single neuron, not an array, so throughput and area for a population
of neurons are outside the scope of this study.

Relation to the suite paper. This paper is the single-block study of the neuron. The companion paper describes
the integrated four-block suite, which places the neuron alongside a ring-oscillator sensor, a spike-timing-dependent
plasticity controller, and a crossbar controller behind one shared serial interface [1]. The suite paper covers the shared
interface and the system-level composition; the present paper covers the neuron in the detail that a single-block study
allows, including the stochastic characterisation and the rate-coding study that the suite paper does not present.

Path to silicon. The block has been submitted through the Tiny Tapeout shared-silicon programme. On return, the
priorities are to measure the power under realistic switching activity, to confirm the timing margins reported by static
analysis, and to verify the randomness quality of the comparator output and the effect of the subsampling mitigation.
These measurements would convert the pre-silicon figures in this paper into measured results.

8. Conclusion

This paper presented a compact, configurable stochastic leaky integrate-and-fire neuron on the SkyWater 130 nm
process, implemented in standard cells and released openly. The neuron combines a configurable-polynomial linear-
feedback shift register, an eight-entry programmable activation table, and a saturating leaky integrator with a pro-
grammable threshold and refractory period, all set through a sixteen-register serial interface. A characterisation from
a model checked bit-exact against the register-transfer code established the period as a function of the polynomial,
the uniformity of the comparison value, the per-entry firing probability of activation divided by 256, and a serial-
correlation property of the comparator output with a subsampling mitigation. Rate-coding sweeps showed monotonic
control of the output rate by the input weight and the threshold, with the refractory period capping the rate at one
spike per refractory-plus-one cycles. The block occupies about 10,600 square micrometres of standard cells, places at
70 per cent utilisation on a single Tiny Tapeout tile, meets the 50 MHz constraint with positive setup and hold margin,
and passes eighteen directed cocotb tests. All results are from simulation and the open implementation flow, and no
fabricated silicon is reported. The work is an openly released companion to a four-block neuromorphic suite reported
separately.

Data, code, and reproducibility

The register-transfer source, the cocotb test benches, the implementation configuration, and the design documentation
for the neuron are public at https://github.com/santhoshs93/tt_um_santhosh_stoch_neuron, pinned to
commit 225ce6e. The repositories for the four-block suite are described in the companion paper [1].

The register-transfer behaviour reproduces directly: with cocotb and Icarus Verilog installed, make -B in the test
directory runs the eighteen directed tests of Section 6, and the bit-exact reference model behind the Section 4 statistics
follows from the same public source.

Table 2 and the gate-level test pass come from the open hardening flow rather than from stored files. Running the
project’s gds GitHub Actions workflow, or a local OpenLane run, on the pinned commit regenerates the gate-level
netlist, the area and cell-count report, the timing report, and the post-clock-tree power estimate of Table 2; that netlist,
copied into test, runs the cocotb suite at gate level with make -B GATES=yes. The flow is deterministic at fixed tool
versions. The netlist, the OpenLane reports, and the routed layout for commit 225ce6e are archived in a tagged release
(v1.0-paper), with an archival identifier to be added on deposit.
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