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Abstract—This work proposed a multiplexer-based neural
network (MUXnet), a multiplexer-based, multiplier-free neural
network (NN) structure applicable to the implementation of
all inner product-based NN layers. An on-chip MUXnet-based
neural signal processing unit (NSPU) was designed, achieving
a state-of-the-art accuracy of 82.4% on a public human sleep
staging dataset, with the lowest reported energy consumption
of 0.2 uJ per classification. Building on MUXnet, this work
introduced the first electrophysiology-optogenetics closed-loop bi-
directional neural interface integrating neural signal recording,
on-chip deep NN (DNN)-based sleep staging, and optogenetic
stimulation. An in vivo sleep regulation experiment was con-
ducted on animal subjects, demonstrating high efficiency in
waking subjects from the non-rapid eye movement (NREM) sleep
stage.

Index Terms—Closed-loop, multiplier-free neural network
(NN), neural interface, optogenetics, sleep staging.

I. INTRODUCTION

LOSED-LOOP neural modulation plays a crucial role in
frontier neuroscience research, particularly in areas such
as neural rehabilitation and sleep regulation [1], [2], [3]. A
typical closed-loop neural modulation system comprises three
key modules: a neural signal recorder for data acquisition, a
neural signal processing unit (NSPU) for data processing, and
a stimulator for outward interaction.
Traditional electrical stimulation often lacks sufficient spa-
tial resolution, a limitation that can be addressed by using
optogenetics as an alternative [4]. Optogenetics [5] has become
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a powerful tool in neuroscience research due to its ability to
mimic natural neural activity. Optical fibers are commonly
employed to transmit light signals from external sources,
targeting specific brain regions that express opsins, thereby
enabling controlled activation or inhibition of neural circuits
[6]. However, most optical fiber-based solutions are wired,
making them unsuitable for experiments involving freely mov-
ing animal subjects. To minimize interference from devices,
microscale light-emitting diodes (micro-LEDs) have been
adopted for wireless, optogenetics-based neural modulation
(71, [8].

Bi-directional neural interfaces supporting wireless opto-
genetic stimulation have been reported in the literature [9],
[10]. However, an NSPU that combines both low power con-
sumption and high accuracy on demanding tasks for intelligent
interactions between the recording component and the stimu-
lation module remains absent. A linear least squares (LLSs)
classifier employing basic signal features such as amplitude
and entropy was reported in [10] for epilepsy seizure detection.
Due to its limited number of parameters, the LLS-based
NSPU struggles to handle more complex electrophysiological
processing tasks, such as sleep staging, which is the core task
in sleep regulation, with potential to be crucial for memory
enhancement [11] and chronic disease risk management [12].

In electrical stimulation-based neural interfaces, a
NeuralTree-based classifier was introduced in [13] for
epilepsy modulation, enhancing the traditional decision tree
(DT) model by replacing its nodes with small neural networks
(NNs), thereby improving representational capacity. Recent
works [14], [15] have proposed a matrix-vector multiplication
(MVM)-based NSPU and an explainable boosting machine
(EBM)-based NSPU for on-chip classification. However,
because these solutions rely on a separate architecture for the
feature extractor (FE) and classifier, achieving satisfactory
classification accuracy in complex tasks remains challenging.
End-to-end NNs have been adopted for peripheral nerve
signal processing in designs [16] and [17]. Nevertheless,
in both cases, the NNs are implemented off-chip, limiting
their integration efficiency in fully embedded closed-loop
systems. End-to-end NNs offer reliable accuracy for neural
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signal processing tasks, but their high power consumption
renders them impractical for implantable applications. The
inner product operation is fundamental to the NN inference,
with multipliers consuming at least twice as much power
as adders. To address this issue, multiplier-free NNs have
been developed, including binary NNs [18], AdderNet
[19], and shift-based deep NNs (DNNs) [20], all of which
reduce power consumption by eliminating multipliers during
inference. Given that multiplication follows a consistent rule,
table lookup methods have also been explored as a viable
approach for multiplier-free NNs [21], [22]. Several ASICs
have been proposed to implement NN inference using table
lookup techniques [23], [24], [25], [26]. However, these
existing solutions rely heavily on the lookup tables (LUTs),
which require substantial random-access memory (RAM).
Since memory access is a significant contributor to power
consumption in modern NN processors, these LUT-based
approaches face challenges in power efficiency.

This work presents a multiplexer-based NN (MUXnet)
to realize multiplier-free on-chip NN inference, significantly
reducing the power and memory overhead. In addition, a fully
integrated closed-loop system is proposed, which incorporates
a neural signal recorder, an end-to-end MUXnet-based NSPU,
and an optogenetic stimulation module.

The rest of this work is organized as follows. Section II
introduces the design of MUXnet. The details of the proposed
closed-loop system are illustrated in Section III. Experimental
results are summarized in Section IV, while Section V con-
cludes the entire work.

II. DESIGN OF MUXNET
A. Fundamentals of Table Lookup-Based Inner Product

In most NN layers, inner product calculation serves as a
fundamental operation, expressed as
n—1
y=Wx=)" W (1)
i=0
where y, W, X, and n are the output, the weight, the input acti-
vation, and the vector length for the inner product, respectively.
In typical edge devices, the input activation, X, is quantized
into a fixed-point vector as

k-1
X = Z x/277P 2)
j=0

where k represents the quantization bit number and p specifies
the position of the decimal point. This work utilizes integer
quantization, which is equivalent to setting p as 0 in (2).
Considering the contribution of every single bit in X, the inner
product result, y, can also be decomposed as
k=1
y=Wx=>) Wx/2/, 3)
j=0

Equation (3) can also be written as

k-1
y=y y2. )
=0
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Fig. 1. LUT-based table lookup and MUX-based table lookup. (a) LUT-based.
(b) MUX with static assignment-based.

In (4), y/ is defined as

Y =Wx/, jel0,k-1], y/ e[-2"" 2" (5)
where x/ is the jth bit of the input activation, x. It is important
to note that y/ is not a single-bit value, as it represents the inner
product result of W and x/. The quantization bit number of
y/ is assumed to be m. Equation (5) provides the theoretical
foundation for the bit-serial input scheme, which is widely
utilized in table lookup-based inner product calculations under
a weight-reuse manner. This approach significantly reduces the
table size by handling a single-bit vector of input activation at
each step in the table lookup unit. The vector length for each
table-lookup, n, and the quantization bit width for each table-
lookup result, m, are fundamental factors in determining the
cost of a table lookup-based inner product, and their impact
will be analyzed throughout the derivation in this work.

B. LUT-Based Table Lookup

In a classic LUT-based inner product, the calculation results
are stored in the built-in RAM, as illustrated in Fig. 1(a). The
utilization of the LUT allows the external logic to retrieve the
results by changing the enabled address line of the built-in
RAM, without any computing. A bit-serial input scheme is
assumed to be utilized to limit the size of the LUT. Under
an inner product task with a vector length of n and output
quantization bits of m, each address in the LUT needs to link
to m bits of memory. Even with the bit-serial scheme, the
number of address lines for the LUT is up to 2", since each
element of the input vector x/ features two possible single-bit
values (1/0). As a result, an LUT solution requires m2" bits
of built-in RAM.

For on-chip NN inference, the weights of the NN are stored
in memory to determine the configuration of the LUT at each
step. A weight memory of size nmyyr is required to store
the weights used in the above inner product, where myyr is
the bit width of each weight element. Therefore, the LUT-
based method requires a total of m2" 4+ nmyyr bits of memory,
which mainly arises from the fact that the LUT is essentially
implemented as RAM.
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Fig. 2. Details of the ST and PE.
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Fig. 4. Row numbers of different tables.

C. Proposed MUX-Based Table Lookup

This work proposes a MUX-based table lookup approach as
illustrated in Fig. 1(b) for ultra-low-power scenarios such as
neural interfaces. The MUX-based method stores all possible
inner product results y/ in (5) on-chip, featuring a post-inner
product quantization scheme and a RAM-configuration-free
table lookup. The operation of the proposed MUX-based
method relies on a static table (ST) as shown in Fig. 2. The
entries of the ST represent all possible conditions of the single-
bit input activation x/. Each row in the ST represents the inner
product results between all the entries and a network weight
vector of length n. When a quantization bit width of m is
applied, each value in the row requires m bits. The values in
the ST are directly wired to VDD or GND to represent 1 or
0, eliminating the need for memory.

The proposed solution introduces a dilemma between the
configurability and the implementability of the ST. Since the
ST values are hardwired, all possible inner product results
should be implemented on-chip to make sure the on-chip
NN can be updated according to newly trained weights. If
all possible inner product results can be found on-chip, it is

Instead, the row indices of the ST can be stored, and during
computation, the required rows can be selected based on these
indices. When the model is updated, it is sufficient to update
the row indices in the weight memory according to the new
model weights. The derivation of the column count for the
ST is similar to the number of address lines in the LUT-
based method, which is 2", as the input vector consists of
n single-bit values (1 or 0) in a bit-serial manner. An m-
bit value results in 2" situations, meaning that the number
of situations for one row is 2™2", as there are 2" values in
each row. In other words, 2" rows are required to cover all
possible situations in a single ST, leading to an extremely high
area requirement, making hardware implementation infeasible.
However, it should be noticed that the ST is only used for
inner product calculations, implying that most of these rows
are actually unnecessary. For instance, if the current entry is
00, the corresponding value will not contain any 1 under an
inner product rule, as shown in Fig. 3. The set of rows covering
all possible situations in inner product calculations is only a
small subset of the complete ST. The small subset is denoted
as the inner product compatible ST (IPC-ST), which contains
approximately 2™ rows. The derivation of the row count is
provided in Appendix A. By applying small values of n and
m, the size of the IPC-ST becomes quite acceptable compared
to the complete ST on hardware, as illustrated in Fig. 4. As
a result, although the IPC-ST is non-configurable due to the
static assignment with VDD and GND, the proposed MUXnet
supports arbitrary weight vectors in an NN by enumerating all
possible inner product results on-chip.

According to the above analysis, a weight memory is also
required to identify the appropriate line of the IPC-ST at each
step of the NN inference in the MUX-based method. The
elements in the weight memory are the indices of the IPC-ST
rather than the trained weights. After the model is trained, the
weights can be mapped to the corresponding IPC-ST indexes,
as further explained in Algorithm 1. Since the row count of
the IPC-ST is approximately 2™, the bit length required for
each index can be calculated as

log, 2"") = nm. (6)

In the post-inner product quantization of MUXnet, the

quantization target is y/ in (5) instead of network weight W.
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Algorithm 1 Mapping Process From Trained Weights to IPC-
ST Indexes of the MUXnet
Input:
1: Trained weights: W
2: IPC-ST with specified n and m: T
Output:
3: Values to be stored into the weight memory, wWidx (.e.,
the indexes of the IPC-ST)
Find the position of the indexes:
4: for all weight vector W; with length of n do
5: Calculate the inner product result between W; and all
situations of the IPC-ST entries x (y; = W;x)

6: for all row T; of the IPC-ST do
7: Stop when T; =y;

8 The value of Wi is j

9:  end for

10: end for

11: return W*

_ = 1btW - BDiEW
2 ——— 2BItW  ~—— ThtW
= bW --— BbitW
g —m= 4bitW = n=2 (MUX)
L S-bit W n=2 {LUT)

m (my )

Fig. 5. Relationship between the quantization bit width and the SQNR under
n of 2.

In contrast, in a typical LUT-based or multiplier-based inner
product, W is quantized and stored in the weight memory.
Since the computation of the network introduces an accumula-
tion of quantization errors, in general, the closer a quantization
layer is to the output, the smaller the overall quantization
noise becomes. As illustrated in Fig. 5, a numerical experiment
was conducted to compare the quantization error level of the
MUZX-based table lookup method with typical LUT-based and
multiplier-based inner product methods. The three methods
were evaluated on a linear layer with a shape of (64, 64).
First, the output yyye of the linear layer was calculated without
any quantization. Then the hardware-level outputs Ymux, Y,
and ymuliplier Were calculated based on quantized input data x
and quantized weight W (with quantized y/ for the MUX-
based method) for the three methods, respectively. In the
conducted experiment, the input data x was quantized into 8
bits, while the vector length for each inner product was fixed
at n = 2. Both the bit width of the network weights W and the
table lookup results range from 1 to 8, which covers typical
weight bit widths in edge devices. To evaluate the quantization
error level more robustly, the signal-to-quantization-noise ratio
(SQNR) was adopted as the evaluation metric. SQNR is
defined as

E [|ytrue|2]

E [iyquanlized — Ytrue |2]

SQNR = 101og,, )
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A higher SQNR indicates smaller quantization distortion
relative to the original output, and thus reflects better fidelity
of the quantized computation. It can be seen in Fig. 5 that both
the MUX-based and LUT-based methods show lower SQNR
compared to the multiplier-based method under the same
quantization bit width, which raises from that the dynamic
ranges of weights have to be reduced by nx in order to
avoid the overflow issue in computation. However, when my yt
equals m, the SQNR of the MUX-based method is always
higher than the LUT-based method, showing the benefit of the
post-inner product manner. As a result, the proposed MUX-
based method at least dramatically reduces the memory usage
from m2" + nm to nm compared to the LUT-based table lookup
method.

D. Table Lookup Flow of MUXnet

The architecture of the process engine (PE) in the proposed
MUXnet is illustrated in Fig. 2, comprising a two-stage
MUX-based processing unit (MPU) and an adder tree. The
computation in the two-stage MPU relies on the IPC-ST. In
Stage-1, four MUXs operate in parallel to select rows from
the IPC-ST according to the current row indexes stored in the
weight memory.

Once a specified row of the IPC-ST is selected by Stage-1,
Stage-2 retrieves the inner product results based on the input
activations, which serve as the entries of the IPC-ST. Similar
to the bit-serial scheme, Stage-2 processes a single bit of the
input vectors at a time, so a MUX size of 2"-to-1 is sufficient
for Stage-2. Since an all-zero input always produces an all-
zero output according to the inner product rule, the MUX size
can be further reduced to 2" — 1-to-1. It is important to note
that there are no dependencies between the calculations for
different bit positions, as described in (2)—(5). Therefore, all
bits can be processed by Stage-2 simultaneously. The proposed
PE outputs the inner product result of vectors with a length
of 64 in one clock cycle, where 64 is empirically chosen in
order to reduce tail handling and improve utilization in general
scenarios. The required number of MUXs in Stage-2 can be
calculated as 64

Nstageo-MUX = Pk k 3

where n and k follow the previous definition in (1) and (2),
and are set to 2 and 8 in this work, respectively. As a result,

there are 256 3-to-1 MUXs in Stage-2.

Multiple m-bit results are then accumulated through a
parallel post-lookup merging unit (PLMU), producing the
results for 32 groups of 2 x 2 inner products. A local adder
array within the Stage-2 MPU is then recruited to merge the
32 groups of 2 x 2 inner product results into eight groups of
8 x 8 inner product results. Fig. 6 demonstrates an example
of implementing two groups of 8 x 8 inner products using the
Stage-2 MPU, where the n multipliers and n—1 adders required
in a standard inner product operation are replaced by a single
2" — 1-to-1 MUX and one PLMU.

The adder tree in the PE accumulates the eight inner product
results generated by the Stage-2 MPU. By controlling whether
the adder tree is enabled, the PE supports a convenient switch
between the convolutional layers and the linear layers.
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Fig. 6. Example of the inner product in MUXnet.
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Fig. 8. SQNR and area overhead of the IPC-ST and stage-1 MUX with
different n and m.

E. Tradeoff Between Power Consumption and Area With
Different Inner Product Methods

The PE-level simulated power and silicon area consumption
of the proposed MUX-based inner product operation, the
typical LUT-based operation, and the typical multiplier-based
operation in a weight reuse scheme are shown in Fig. 7. It
can be seen that the MUX-based method shows a larger area
since several large MUXs are recruited. Although there is an
extra cost of the MUXSs, the MUX-based method still shows
lower power consumption since it eliminates the requirement
of RAM writing and multiplier usage compared to the LUT-
based and multiplier-based methods, respectively, ensuring its
usability in power-sensitive applications such as neural inter-
faces. Specifically, in the utilized design point of a 64 x 64
inner product, the MUX-based inner product achieves 0.21x
and 0.28x lower power consumption compared to a typical
LUT-based and multiplier-based inner product, respectively.

FE. Tradeoff Between Quantization Error and Area With
Different n and m

Fig. 8 shows the SQNR and area overhead of the IPC-ST
and stage-1 MUX with different n and m. It can be summarized
that the smaller n and m mean a smaller area of the ST

3679

-2 2 -2 = 2
Multiplier (5bit) MUXnet, s

Fig. 9. Non-linear quantization in MUXnet.

and stage-1 MUX, since the number of rows in the ST is
approximately proportional to 2. It’s natural that a larger m
would make the accuracy better, since m is the quantization
bit width of y/ in (5). However, the larger n would make the
accuracy worse, since given a specific m, when n gets larger,
the dynamic range of network weights would be smaller in
order to avoid the overflow issue in the quantization of y/.
The benefit of using a larger n is to reduce the size of the
adder array after the table lookup.

For each area curve, if m is increased by one at its right
end, the number of rows in the IPC-ST would exceed 100 000,
making it difficult to obtain simulation results of the area
within the limited computational resources. As a result, in
order to ensure the flexibility of using different values of m,
this work employs n of 2.

G. Implicit Quantization Scheme

According to the post-inner product quantization manner in
the MUX-based method, the weight vector W does not need to
be quantized and stored on-chip. Instead, y/ is quantized into
m bits and stored on-chip using wire assignment to VDD or
GND. Given one weight vector W, and another weight vector
W,, with relationship as

W, =W, + AW. )
Since y/ is quantized, it’s straightforward to get

W,x/ = lim W,x/ (10)
AW—-0

which means the quantization pattern for W is implicit in the
MUX-based method. Fig. 9 illustrates the implicit quantization
scheme, taking n of 2, m of 5, and weights between (-2,
—2) and (2, 2) as an example. There are two features in
Fig. 9, namely position and color. Each position represents
one sampled weight vector W = (Wy, W;). For each weight
vector, all possible y/ are calculated as

0 0
i 0 1 Wo
jo_
Ya= |1 o (W1)‘ (11)
1 1

Each color represents one unique ygu. In other words, if the
positions of two weight vectors show the same color, the two
weight vectors can be seen as the same weight vector after
quantization. According to the above definition of position
and color, it’s intuitive to show the quantization manner of
the typical inner product method. Since the W needs to be
quantized at the beginning, the division lines of the quantized
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Fig. 11. Results of the proposed pre-scaled weight scaling.

W in the figure correspond to the rounding boundaries, i.e.,
values such as 0.5 or 1.5. According to the experiment in
Fig. 5, the 5-bit weights in the typical inner product method are
used for comparison with the MUX-based method with m of 5.
The average quantization interval is defined as the average
area of each color, in which the MUX-based method is 0.69 x
smaller than the typical inner product method, indicating the
potential to reduce the computation error.

H. Weight Scaling

The hardware-level inference exhibits a larger relative quan-
tization error when dealing with small weights. Since MUXnet
stores the row indexes of the IPC-ST instead of the trained
weights in the weight memory, it can freely perform weight
scaling to map a trained weight to an IPC-ST index with a
lower relative quantization error, as illustrated in Fig. 10. In
addition, before the weight scaling is applied, a pre-scaling
step that slightly upscales or downscales the weights to achieve
a larger feasible s in the weight scaling is utilized, where s
is the scaling ratio in Fig. 10. As demonstrated in Fig. 11,
the pre-scaled weight scaling reduces the quantization error
without requiring additional memory, resulting in a 61.4%
improvement in accuracy for the sleep staging task.

1. Table Decomposition

As derived in Section II-C, the row count of the IPC-ST is
estimated to be 2", making it feasible to implement the entire
IPC-ST on-chip under small values of n and m. However, when
low quantization error is required, MUXnet has to recruit a
large value for m. The explosive growth of 2" makes it not
only impossible to implement the IPC-ST on-chip, but also
difficult to simulate the power and area consumption as m
increases. In order to address this issue, a table decomposition
scheme is proposed to replace one large IPC-ST with two
smaller STs, as outlined in Algorithm 2. In detail, given y/
in (5) quantized to m bits, the table decomposition scheme

IEEE JOURNAL OF SOLID-STATE CIRCUITS, VOL. 61, NO. 7, JULY 2026

Algorithm 2 Procedures of the Table Decomposition
Input:
1: The inner product length for the IPC-STs: n
2: The required quantization bit number of IPC-ST: m;
Qutput:
3: A ST, T, for the low m,; bits of the inner product result
4: An IPC-ST, T}, for the high m,, bits of the inner product
result
Get the row values rv; and rv; for the two output STs:
5: Determine the value of m,; and m,;,, where m,;+m,;, = m;
Note all possible weights under a quantization bit of m;,
as W
7: Note all possible single-bit input activations under an
inner product length of n, as x
8: Calculate rv = W x x, where rv includes all the possible
results of the inner product
9: Calculate rv; = rv mod 2™
10: Calculate rv, = rv // 2" Mok
Generate the two STs T, and T}:
11: Init a blank ST T, for the low part of the inner product
12: for all row rv} of the rv, do
13: Insert rv; into T; when rv; is not in T}
14: end for
15: Use the same produces to get T}, for the high part of the
inner product
16: retarn T;, T, m,;, m,;,

a

Stage-1 MPU (m=10)

m=5 »
P

Wide_high\, Stage-1 MPU /" Widx_low\ Stage-1 MPU_/

X\ Stage-2 MPU / X\ Stage-2 MPU /
(<<} Yiowl4:0]

Yhigh[4:0]
L J
Y19:0] = {y,,,,[4:0], y,0, [4:0]}

IPC-ST ?

N~ m=5
~

X

(wx)>>5 <=> (W>>5)x

Fig. 12. Tllustration of the table decomposition.
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Fig. 13. Benefits of the proposed table decomposition.

calculates y;; and y{, with bit widths of m,, and m, in
Algorithm 2, respectively. Then y/ can be reconstructed by
bit-level concatenation of y; and y;. Fig. 12 illustrates an
example of decomposing an IPC-ST with m of 10 into two
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The proposed closed-loop neural interface
VCO-based AFE Digital
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6.25%-
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Fig. 14. Block diagram of the proposed neural interface.
STs, where m takes the value 5, with all three STs using Input signal
n of 2. It should be noticed that the ST for the lower 5 X EI:I:I:I:] 7
bits becomes non-IPC, resulting in a slight increase in the w i \
. . p
row count. Fig. 13 shows the estimated benefits of the table v ] -
decomposition approach, demonstrating a dramatic reduction (a). Convid (b). BN1d
of 59x in power consumption and 548 in area occupation. Hardware 2
w’ ’/
IIT. CLOSED-LOOP BI-DIRECTIONAL SYSTEM (a+b). Merged convid (c). ReLU

A. System Overview

Fig. 14 shows the block diagram of the proposed closed-
loop system. An eight-channel voltage-controlled oscillator
(VCO)-based analog front-end (AFE) with a sampling rate
of up to 24 kHz is integrated for neural signal acquisition,
supporting a wide range of recording scenarios from non-
invasive EEG to invasive action potentials of single neurons.
A cascaded integrator-comb (CIC) decimation filtering module
is implemented for 2x-32x data compression, relieving the
computational workload of the subsequent signal processing
module. The proposed MUXnet is implemented for multiplier-
free, low-power NN inference, functioning as the on-chip
NSPU. It features a standard NN processor architecture,
consisting of separate memory, PE, and controller units. The
memory is divided into six SRAM sub-blocks, each of which
can be dynamically gated when the active memory address is
distant from the local address.

In order to perform the electrophysiology-optogenetics-
based closed-loop control, a dual-channel pulsewidth mod-
ulation (PWM) module is designed to generate stimulation
waveforms with adjustable frequencies ranging from 0.25 Hz
to 32 kHz and duty cycles ranging from 6.75% to 93.25%. The
system includes an implantable, wireless optogenetic probe
equipped with a blue thin-film micro-LED, which targets
specified tissue based on the classification results from the
NSPU or the direct register configuration.

The proposed system shares data with an external device
through an SPI secondary. The output data from the SPI can
be selected from the raw data recorded by the AFE, the data

Authorized licensed use limited to: Tsinghua University. Downloaded

Fig. 15. Computing flow.

filtered and compressed by the CIC filter, or the classification
results of the NSPU, supporting applications with varying data
resolution requirements and power budgets.

B. MUXnet-Based NN Architecture and Closed-Loop
Protocol

Fig. 15 illustrates the architecture of the designed four-
layer convolutional NN (CNN) for sleep staging. A dual-mode
MUXnet with m of 5 or 10 and » of 2 is implemented to ensure
both robust sleep staging and low hardware overhead in energy
and area. The convolutional layers utilize m of 10 to achieve
a lower quantization error, while the linear layers utilize m of
5 to reduce the memory usage. The IPC-ST with m of 10 is
decomposed into two smaller STs with m of 5 according to
the proposed table decomposition approach in Section II-I.

The 1-D batch normalization (BN) layers are integrated
into the 1-D convolutional layers to eliminate the need for
separate memory storage of the BN parameters, as well as
to reduce the latency and energy costs associated with the
BN inference. The proposed system allows each optogenetic

on July 15,2026 at 05:34:16 UTC from IEEE Xplore. Restrictions apply.
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Fig. 17. Photography of the fabricated neural interface.
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Fig. 18. Confusion matrix on DREAMS dataset.

channel to be triggered independently based on any prediction
(0-9) produced by the NSPU, making the system adaptable to
arbitrary closed-loop scenarios.

C. Early Stop Voting Scheme

In the human sleep staging task, the predictions from six
5-s segments are combined to determine the sleep stage of one
30-s segment.A class-wise early stop voting scheme controlled
by the on-chip controller is proposed to reduce the classi-
fication times by up to 46.7%, as shown in Fig. 16. In a
six-segment voting scheme, once the final decision can be
determined from the first few 5-s segments, the remaining
segments do not need to be processed. Each predicted class
is assigned a unique threshold stored in registers to reach a
majority vote. This voting scheme not only aligns task lengths
by constraining the on-chip NN to short segment classification,
but also reduces the average energy consumption by removing
the unnecessary on-chip data buffering requirements and the
redundant network inferences.

1V. EXPERIMENTAL RESULTS
A. Chip Measurement

The proposed design was fabricated using standard 40-nm
CMOS technology, occupying a silicon area of 1.6 mm?,
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Fig. 19. Energy consumption and the maximum frequency under different
supply voltages.

Total Core Area: 1.06mm? Total Power: 303pW

AFE AFE
17.0%
B PMU 37.4%
- 5.7% PMU
Digital 63.2% Digital 56.9%
Data
PE (others) SRAM PE (others)
41.0% % 445%  76%
Data : 5.5% t 3.59% PE (stage-1
SRAM PE (stage-1 MPU) 7.2% MPU
15:6% others Others
26.3% (Controller, etc.) 37.2% (Controller, etc.)
Weight SRAM Weight SRAM

Total Digital Area: 0.67mm? Total Digital Power: 172.4uW

Fig. 20. Area and power breakdown of the designed neural interface.

as shown in Fig. 17. The designed system was verified on
a public 20-subject database (DREAMS) [27] and a private
mice dataset. An average sleep staging accuracy of 82.4% and
84.3% was achieved, respectively. The confusion matrix of the
classification on the DREAMS dataset was shown in Fig. 18.
An average power dissipation of 172.4 uW, with an energy
consumption of 0.2 uJ per classification, was measured for
the digital part of the chip under a supply voltage of 0.73 V
and a system clock of 23 MHz, as shown in Fig. 19. The area
and power breakdown is shown as Fig. 20.

The AFE exhibits a noise level of 0.96 uV,s in the
0.5 Hz—1-kHz range, an ENOB of 13.8 bits, a linearity of
85 dB after non-linearity calibration (NLC) using a fifth-order
polynomial, a PSRR of 74 dB, and a CMRR of 106 dB. The
area and power consumption for each channel are 0.015 mm?
and 10.45 uW, respectively. The PMU integrates two LDOs
for the digital circuit and AFE, consuming a static current of
300 nA and 1.75 pA, respectively.

B. In Vivo Test

The proposed neural interface was integrated with an RF
chip for wireless in vivo verification, as shown in Fig. 21. A
flexible printed circuit (FPC) provided the interconnects for
neural recording and stimulation.

One EEG channel and one EMG channel from mice were
recorded in the experiments. EEG and EMG electrodes were
implanted in mice using a homemade head-mount, which was
stabilized by three stainless steel epidural screw electrodes.
The first two electrodes (frontal and ground) were located
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Fig. 21. Setup for in vivo test.

|— eme  — &G |

After & days

NN N p NN

After 16 days

e

e NPEAAR AN AN b\t pr

After 44 days

St st e S 5 A6
e AN WS AW APty [

Q 0.4 0.8 1.2 1.6 2.0
Time {s)

Fig. 22. EMG and EEG during a long-term verification.

TABLE I
INDICATORS FOR THE LONG-TERM RECORDING TEST

Day 9 [ 16 [ 44
EEG
Line-noise ratio 0.0002 0.0494 0.0009
Flat-line fraction 0 0 0
Amplitude-outlier fraction 0.0005 0.0003 0
EMG
Envelope SNR (dB) 20.9 27.3 21.0
Median frequency (Hz) 110.8 51.3 143.1
Clip fraction 0.001 0.001 0.001

0.5 mm posterior to the bregma and 1.5 mm on either side
of the central suture. The third electrode was located 4.5 mm
posterior to the bregma and 1.5 mm on the left side of the
central suture. EMG activity was monitored using stainless-
steel Teflon-coated wires inserted bilaterally into the nuchal
muscle. The head mount was secured to the skull with dental
acrylic. During implantation, the tip of the LED probe was
carefully lowered above the PVT (coordinates, bregma: AP
= —0.3 mm; ML = +0 mm; and DV = —3.7 mm) and secured
to the skull surface using a thin layer of ultraviolet ray-curing
dental cement. All mice were allowed to recover for at least
seven days before the recording experiments began.

A long-term recording test was conducted to verify the
stability of the proposed setup in mice. Recordings were
performed on the same mouse at 9, 16, and 44 days
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Mouse with device Mouse without device

Fig. 23. Traces in the open-field test.

post-implantation. Each session comprised at least 20 min
of continuous data sampled at 1 kHz. The quality control
scheme was performed using a custom script in MNE-Python.
For each EEG channel, the line-noise ratio, flat-line fraction,
and amplitude-outlier fraction were computed as indicators.
For each EMG channel, the envelope signal-to-noise ratio
(SNR), median frequency, and clip fraction were computed as
indicators. Further information about these indicators and the
thresholds for marking one channel as poor quality based on
these factors is provided in Appendix B. The signal segments
for each of the three days of recording and the corresponding
indicators of signal quality control are shown in Fig. 22 and
Table I, respectively. Based on the recorded data, even at 44
days post-implantation, neither the EEG nor the EMG channels
were marked as poor quality, demonstrating the long-term
reliability of the system.

The setup for the in vivo test weighs 3.8 g, including a
2.5-g battery. An open-field test was conducted to assess
whether wearing the device affects the spontaneous locomotion
of mice. Two mice were recruited for the open-field test. One
served as the experimental group and wore the device for
data acquisition; the other served as the control and did not
wear the device. The two mice were tested separately. The
experiment was conducted in a white box with dimensions
of 39 x 39 x 47 cm. There were no obstacles other than the
side walls of the box. At the start of each trial, the mouse
was placed at the center of the floor and then left undisturbed.
Each session lasted 9 min and was video-recorded by a camera
positioned above the box. After the session, the locomotor
trajectory was extracted and calibrated using the tool in [30].
Fig. 23 shows that both the mouse with the implanted setup
and the mouse in the control group exhibited unrestricted
movement within the box, confirming that the setup does not
affect their mobility.

A sleep regulation test was performed to verify the proposed
neural interface in closed-loop applications. For optoge-
netic manipulation, AAV2/9-EF1a-DIO-hChR2-mCherry was
injected into the aPVT of the mouse two weeks before
implantation to enable the mouse to be awakened by light
stimulation during the experiments. A 488 nm blue LED-based
optogenetic modulation, with a frequency of 10 Hz and a duty
cycle of 40%, was triggered when a non-rapid eye movement
(NREM) phase was detected.Significant changes in EEG and
EMG signals were observed following optogenetic stimulation,
as shown in Fig. 24, demonstrating the effectiveness of the
proposed work for closed-loop applications. The stimulation
was performed on the same mouse eight times in total, with an
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TABLE II
COMPARISON WITH STATE-OF-THE-ART ASICS
ISSCC’22 ISSCC’23 ISSCC24 ISSCC’18 ISSCC’19 JSSC’17 TCAS-I'19 Thi k
(13r° (7y° [141° 91" (1op° [281° [291° e
General
Technology 65nm [ 65nm [ 180nm [ 130nm | 180nm [ 180nm [ 180nm [ 40nm
Area (mm®) 8 | 5 | 4.86 | 1.2 | 13.67 | 10.3 | 11.74 | 1.6
NSPU
. FE + Off-chip . FE + End-to-end
Algorithm NeuralTree CNN FE + EBM Filter FE + LLS FE + DT NN-based DT CNN
Application Epilepsy Peripheral nerve | Memory enhance - Seizure detection Sleep staging Sleep staging Sleep staging
Dataset CHB-MIT - - - - DREAMS SHHS, NTUH DREAMS
iEEG.org
Accuracy igigzz 86.7% >98.5% - - <80% 77.1%-81.1% 82.4%
Supply (V) 1.2 - 1.8/3.3 - 1.8 1.25 1.2 0.73
Power (uW) - - 319.2 - 114@375Hz 426@1.5kHz 4.96@10kHz 172.4@23MHz
Energy (uJ/class)® 0.227 - 0.19 - - 10.5 149 0.2
On-chip SRAM 3.17kB None None None None None None 14kB
Recorder & Stimulator
AFE channel 256 64 8(x3) 10 2 - - 8
Area (mm?/ch) 0.014 0.02 - 0.060 - - - 0.015
Power (uW/ch) 1.51 5.2 - 11.2 - - - 10.45
Stim. channel 16 64 8(x3) 4 1 - - 2
NeuralTree- Off-chip
Closed-loop based NN-based EBM-based N LLS-based - - NN-based
Stim. type Electrical Electrical Electrical Optogenetic Optogenetic - - Optogenetic
Device weight - - - - 6g - - 3.8g
In-vivo validation Y Y Y Y Y - - Y

4 Neural interface designs in other tasks.

b Optogenetics based neural interface designs.

¢ ASICs for sleep staging.

4 The reported 98.5% is the consistency between hardware and software.
¢ Thirty second per classification.
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Fig. 24. Results of the sleep regulation test.

average delay of 14.88 + 5.56 s from the onset of stimulation
to wakefulness.

C. Comparison With State-of-the-Art

Table II compares the proposed work with state-of-the-art
designs in the literature. As an optogenetic closed-loop neural
interface validated on the sleep regulation task, this work is
compared against existing sleep staging chips as well as prior
optogenetic closed-loop neural interfaces. Benefiting from the
end-to-end NN architecture and multiplier-free inference based
on the MUX-based method, the proposed design achieves
an average accuracy of 82.4% on the open-source sleep
staging task, with an average energy consumption of 0.2 uJ
per classification—outperforming existing sleep staging chips

[28], [29]. Compared with prior optogenetic closed-loop neural
interfaces [9], [10], this work implements an end-to-end NN-
based NSPU, enabling the execution of more complex tasks
and thereby enhancing the generality of the neural interface.
In addition, Table II also summarizes BMI designs across
different tasks [13], [14], [17]. Although this work addresses
more complex tasks, its energy consumption per classification
remains comparable to that of these prior studies.

V. CONCLUSION

This work proposed MUXnet, a MUXnet for multiplier-
free NN inference, serving as an NSPU in a closed-loop
neural interface system. Featuring post-inner product quantiza-
tion and RAM-configuration-free table lookup, the proposed
method achieves a lower quantization error level and lower
power consumption than a typical LUT-based table lookup
method. The proposed design achieves a state-of-the-art aver-
age accuracy of 82.4% and the lowest energy consumption of
0.2 wJ per classification in the ASIC-level sleep staging task.
Moreover, the proposed closed-loop neural interface integrates
low-noise signal acquisition, end-to-end NN-based on-chip
signal processing, and optogenetic stimulation, making it
applicable to a variety of general neural interface scenarios.
Extensive in vivo testing, including a closed-loop sleep regula-
tion experiment, demonstrates the effectiveness and robustness
of the proposed work, establishing it as a powerful tool for
cutting-edge neuroscience research.

APPENDIX A
Row NUMBER OF THE IPC-ST

As mentioned in Section II-A, n and m are two fundamental
parameters in the MUX-based table lookup method, where n

Authorized licensed use limited to: Tsinghua University. Downloaded on July 15,2026 at 05:34:16 UTC from IEEE Xplore. Restrictions apply.



ZHANG et al.: ELECTROPHYSIOLOGY-OPTOGENETICS CLOSED-LOOP BI-DIRECTIONAL NEURAL INTERFACE

denotes the vector length for the inner product and m is the
quantization bit width of the single-bit inner product result in a
bit-serial manner. The column count of an IPC-ST corresponds
to all possible conditions of the single-bit input activation,
which totals 2". In other words, an IPC-ST contains 2" entries.
Each row of the IPC-ST indicates a specific weight vector, and
the values within a row are the inner product results between
the implicit weight vector and all entries, with each value
quantized to m bits.

According to (5), the range of each value, y/, in the IPC-ST
is determined by

y] e (_zm—l,zm—l) . (12)

The y"' is derived from the product of W and x/ in (5), where
each element of x/ is either O or 1. In order to prevent overflow,
the range of each weight element, W;, is shown as

2m—1 zm—l
W; e (——,—), ie[0,n-1].

n n

13)

The row count of the IPC-ST is essentially the unique weights
in the quantized space, which depend solely on n and m.
To clarify the derivation, examples under varying values of
n are provided. It should be noted that when n equals 1, the
operation becomes a direct replacement of multiplication with
addition in a bit-serial approach, which lies beyond the scope
of MUXnet.

A n=2

When n takes the value 2, the range of each weight element,
W;, is shown as

VV,' e (_2m—27 2m—2) ) (14)

Each W; falls into one of two types of intervals. A type-I
interval has a length of 1, with its center at an integer
[e.g., (-0.5,0.5) and (0.5,1.5)]. A type-II interval holds a
length of 0.5, with one of its boundary points being an integer
[e.g., (=2,—-1.5) and (1.5,2)]. A single-bit input activation
vector under n = 2 is noted as (xp,x;)”. The inner product
result between a weight vector and a single-bit input activation
is denoted as yy,, representing the corresponding value in the
IPC-ST. For example, when the single-bit input activation is
(0, )T, the corresponding table value is yo;. According to the
inner product rule, the ygy always holds a value of zero. The
yor and yjo are actually the quantized forms of w; and wy,
respectively. Once the intervals containing the weight elements
are known, the yg; and y;¢ are also determined. As a result,
given the intervals in which the weight elements reside, the
corresponding row number in IPC-ST is determined by the
number of situations for y;;, which can be identified through
grid searching.

Table III lists the corresponding row numbers based on dif-
ferent intervals where the weight elements reside.The number

of intervals with a length of 1 is calculated by
(L) =[2"%] x2-1 (15)

while the following equation shows the number of intervals
with a length of 0.5:

(Los) =2 x [0.5— (2" *mod 1)]. (16)
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TABLE III

CORRESPONDING ROW NUMBERS FOR DIFFERENT INTERVALS THAT THE
WEIGHT ELEMENTS LOCATE (n = 2)

%zrval lenVVglth Side® Corresponding row number
1 1 - 3
1 0.5 - 2

0.5 1 - 2

0.5 0.5 Same 2

0.5 0.5 Different 1

# The positions of the two intervals compared with 0.

TABLE IV

CORRESPONDING ROW NUMBERS FOR DIFFERENT INTERVALS THAT THE
WEIGHT ELEMENTS LOCATE (n = 3)

The number of weight elements
in a specified interval length Side® Corresponding row number
1, 5/6, 2/3 1/6
3 0 23
2 1 12
1 2 - 5
0 3 Same 1
0 3 Different 2

2 The positions of the three intervals compared with 0.

Consequently, the total row number of the IPC-ST with n =2
is expressed as

2
T =3l 4203k, Clyy + @4 DChye A7

B. n=3

Similar to the case where n = 2, the range of the weight
element is given by

2m—l 2m—1
W; - , .
(55

Table IV lists the corresponding row numbers for different
intervals in which the weight elements are located. To improve
clarity, Table IV presents the count of weight elements in a
specified interval length instead of their exact positions.The
count of intervals with a length of 1 or 2/3 is calculated by

m—1
(L1,2/3) = (max (l,round (ZT)) - 1) x24+1. (19

The following equations provide the number of ranges with
lengths of 1/6 and 5/6, respectively,
) ?2:0

am=t 1
o) =((5-5) moa5 =

2=l 1 1
(Lss) = ((T+5) m0d§== ) 22:0(m>1).
(21

Therefore, the total row count of the IPC-STs with n = 3 is
expressed as

1 1 ’
T,-3=23 (C(L,‘m) + C(LS/G))

2
1 1 1 1
12030, (Clurny + Clian)
1,2 1
+ 5C3C(L1/6) T IC(LI/G) + 2C3C(L1/6)'

(18)

(20)

(22)
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It

can be observed that both (17) and (22) are dominated by

their first terms, which grow in proportion to 2™". For larger
values of n, the derivation process follows a similar approach
as in cases where n holds values 2 and 3.

APPENDIX B
DETAILS OF THE LONG-TERM RECORDING TEST

For each EEG channel, the following indicators were
computed.

1y

2)
3)

A

Line-Noise Ratio: Power within a £1-Hz window
around the mains frequency divided by broadband EEG
power (1-45 Hz, excluding £2 Hz around mains).
Flat-Line Fraction: Fraction of 1-s windows whose
peak-to-peak amplitude was smaller than 1 uV.
Amplitude-Outlier Fraction: Fraction of samples whose
absolute amplitude exceeded 200 uV.

channel was flagged as poor quality if any of the

following conditions held: line-noise ratio > 0.05, flat-line
fraction > 0.10, or amplitude-outlier fraction > 0.02.

For each EMG channel, the following indicators were
computed.

1y

2)

3)

A

Envelope SNR: The rms of the top 10% versus bottom
10% of the envelope after full-wave rectification and
low-pass filtering at 10 Hz.

Median Frequency: Frequency at which the cumula-
tive EMG PSD (10-450 Hz) reaches 50% of total
power.

Clip Fraction: Fraction of samples at or above the
99.9th-percentile absolute amplitude (heuristic indicator
of near-saturation).

channel was flagged as poor quality if any of the

following conditions held: envelope SNR < 10 dB, clip
fraction > 0.02, median frequency < 40 or > 250 Hz on the
10-450-Hz PSD.
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