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CMOS compatible probabilistic computing
hardware with cointegrated reconfigurable
p-bits and synapse arrays

Jun-Young Park 1, Jae-Hyun Lee1, Jeong-Min Lee1, Ki-Nam Park2,
Sungho Kim 3 & Joon-Kyu Han 1

Probabilistic computing (p-computing) has emerged as a promising approach
to solve combinatorial optimization problems (COPs) at room temperature,
offering a practical alternative to quantum computing. Scalable p-computing
hardware requires integration of probabilistic bits (p-bits) and synapses, two
components with inherently contrasting device requirements. Here, we pre-
sent a charge-trap field-effect transistor (CT-FET) with a silicon-oxide-nitride-
silicon gate stack that functions reconfigurably as both a p-bit and a synapse,
derived from a commercialized flash memory structure. Gate voltage control
of trap energy enables stochastic shallow trap operation for p-bits and stable
deep trap operation for synapses. P-bits and synapse array are cointegrated on
a single wafer using standard CMOS processes, enabling scalable p-computing
hardware. Experimental validation shows successful solution of a 4-node
weighted max-cut problem including negative weights, while simulations
confirm efficient solution of a 20-node weighted max-cut problem including
negative weights via chaotic simulated annealing. These results demonstrate a
CMOS compatible pathway toward practical and scalable probabilistic
processors.

A combinatorial optimization problem (COP) is characterized as the
task of determining the optimal solution to a given objective func-
tion over an exponentially large search space1,2. Many critical chal-
lenges in science and industry, such as very-large-scale integration
chip design3,4, logistics optimization5,6, protein structure
prediction7,8, and portfolio management9,10, can be formulated as
COPs. The scale and complexity of COPs have grown explosively
with the expansion of big data and artificial intelligence (AI)11,12.
However, conventional deterministic computing, which sequen-
tially evaluates possible solutions, faces limitations in finding the
optimal solution within a feasible time. In contrast, quantum com-
puting, using the superposition of qubits to explore all possibilities
in parallel, has emerged as a promising approach for solving COPs.
However, maintaining the superposition and entanglement

essential for quantum computing requires a cryogenic environ-
ment, demanding bulky and energy-intensive refrigeration. In
addition, the wiring bottleneck between room-temperature
CMOS circuits and cryogenic qubits hinders large-scale
implementation13,14. These challenges have highlighted probabil-
istic computing (p-computing), which operates at room tempera-
ture, as a practical alternative to quantum computing.

In p-computing hardware, the probabilistic bit (p-bit) and synapse
constitute the two critical components. A p-bit randomly outputs 0 or
1 with a tunable probability governed by the intrinsic randomness of
the device, while a synapse implements the connection strength
between two p-bits. Figure 1a illustrates the overall framework for
solving COPs using p-computing hardware. Similar to quantum com-
puting, p-computing maps the target COP into the energy (E) of an
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Ising model, as expressed in Eq. (1)15,16.
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X
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Jijxixj +
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xi and xj denote variables encoded as p-bits. Jij represents the
coupling strength between variables, while hi denotes the external
field applied to each variable, both implemented via synapses. A con-
figuration of p-bits thatminimizes E is the optimal solution to the COP.
As shown in Eq. (2), the input function (Ii), defined as the negative
partial derivative of E with respect to each variable, is applied as the
controllable probability input to each p-bit.

Ii = � ∂E
∂xi

=
X

j

Jijxj +hi ð2Þ

P-computing hardware operates by repeating probabilistic sam-
pling of p-bits and calculation of Ii in synapses, enabling effective
exploration of the global minimum of E while avoiding local minima.
This requires high stochasticity in p-bits and high stability in synapses,
which are two inherently contrasting device characteristics.

To date, research on p-computing hardware has focused on
implementing individual p-bits. Early work reported p-bits based on
magnetic tunnel junction17, followed by diffusive memristors18,
oscillators19, 2D materials20, and floating body metal-oxide-
semiconductor field-effect transistor (MOSFET)21 with inherent sto-
chastic properties. However, synapses have typically been imple-
mentedon separate hardware, such as afield-programmablegate array
or a host PC, and connected to p-bits via interface circuits such as a
digital-to-analog converter and an analog-to-digital converter17,22–24.
Implementing p-bits and synapses on separate chips causes delays and
extra power use fromdata transfer,which limits large-scale integration
and expansion. Furthermore,many prior studies have fabricated p-bits
using materials with low CMOS compatibility, making cointegration
with CMOS circuits challenging17–20. This necessitates chip-to-chip
bonding or complex interconnect structures, adding manufacturing
cost25–29. While some recent work has explored devices capable of
supporting both synaptic and stochastic behavior within a single ele-
ment, these demonstrations were limited to achieve CMOS-level
cointegration30.

In this work, we present a charge-trap field-effect transistor (CT-
FET) that can operate as both a p-bit and a synapse, which are coin-
tegrated on a single wafer. The device adopts a silicon-oxide-nitride-
silicon (SONS) gate structure consisting of a polycrystalline Si gate,
blocking SiO2, charge-trap Si3N4, and single-crystalline Si channel,
which is derived from thewidely commercialized silicon-oxide-nitride-
oxide-silicon (SONOS) flash memory, with the tunneling oxide layer
removed. By controlling trap energy, the stochasticity and retentionof
charges trapped in Si3N4 can be tuned, thereby making the device
reconfigurable. Since CT-FETs can be fabricated based on standard
CMOS processes, they enable direct cointegration with CMOS circuits,
including memory, counters, and transimpedance amplifiers (TIAs).
This enables implementation of a p-computing systemon a single chip,
improving integration density, reducing chip cost, and simplifying
fabrication31–34. Trap energy control is achieved by adjusting the gate
voltage (VG) pulse applied to the CT-FET: strong negative VG engages
shallow traps for high-stochasticity p-bit operation, while weak nega-
tive VG engages deep traps for stable synapse operation. In a synapse
array capable of storing both positive and negativeweights, the output
current from the synapse array (representing Ii) is converted into a
voltage using a TIA and voltage scaler, and then applied to the p-bit.
This demonstrates the seamless interaction between p-bits and
synapse array cointegrated on the same wafer, enabling experimental
solution of a 4-node weighted max-cut problem including negative

weights. Moreover, chaotic simulated annealing (CSA) is employed to
solve more complex problems, as the shallow traps of the synapse
array can realize transiently decaying weights. Simulations based on
measured data demonstrate that the proposed p-computing hardware
can successfully solve the 20-node weighted max-cut problem
including negative weights, when CSA is applied.

Results
Characteristics of charge-trap field-effect transistor
Figure 1b shows an optical microscope image of the cointegrated
p-bits and synapse array on an 8-inch wafer. The fabrication process
based on standard CMOS technology is described in Supplementary
Fig. 1. As shown in Fig. 1c, both the p-bits and synapse array were
implemented using CT-FETs with a channel width (Wch) of 200 nm and
a gate length (LG) of 400nm, featuring a SONS gate structure. By
applying different VGs, both p-bit and synapse operations can be rea-
lized, as illustrated in Fig. 1d. For p-bit operation, a strong positive VG

followed by a strong negative VG is applied to randomly modulate
charges in shallow traps, thereby inducing a stochastic drain current
(ID). For synapse operation, a weak negative VG is applied to reliably
control charges in deep traps with long retention, producing a deter-
ministic ID.

Figure 2a–c show 100 ID measurements when a sequence of
positive and negative VG pulses with equal pulse width (tpulse) was
applied, where a drain voltage (VD) of 1 V was applied after VG pulses to
read ID for 1 s. The positive VG pulse was applied to induce hole
detrapping for initialization,whereas thenegativeVGpulsewas applied
to induce hole trapping in the charge-trap Si3N4 and increase ID. As
shown in the insets, Fig. 2a–c used (positive VG, negative VG, tpulse) of
(9 V, −8 V, 100 µs), (4 V, −4 V, 1ms), and (2V, −2 V, 100ms), respec-
tively. The values of VG and tpulse were chosen such that ID exhibited no
overall increasing or decreasing trend with cycle number. Figure 2d
shows that IDmeasured 1 s afterVGpulse application follows aGaussian
distribution, and that the standard deviation (σ) increases with larger |
VG|, while the mean (µ) shows no clear trend. The measurements in
Fig. 2a–c were repeated 10⁴ times, as shown in Supplementary Fig. 2a,
d, g. σ decreased from 515 nA at VG = −8 V (Supplementary Fig. 2b) to
274 nA at −4V (Supplementary Fig. 2e) and 131 nA at −2 V (Supple-
mentary Fig. 2h). Figure 2e plots σ/µ for each VG pulse condition, along
with thedecay in the average IDmeasuredover 100cycles in 1 s. Theσ/µ
was2.7% forVG = −8 V, but decreased to 1.4% and0.7% forVG = −4V and
−2 V, respectively. The ID decay was 2.25 µA for VG = −8V, but dropped
to below 0.25 µA for VG = −4 V and −2 V. These results indicate that
increasing |VG| enhances the cycle-to-cycle variation of ID and accel-
erates the ID decay.

Figure 2f, g illustrate how VGmodulates the trap energy in the CT-
FET through band diagrams. Under a negative VG pulse, the accumu-
lated holes in the p-type Si channel are injected into the charge-trap
Si3N4 via direct tunneling35–37. With a stronger negative VG pulse
(Fig. 2f), the slope of the Si3N4 valence band (Ev, Si3N4

) increases,
bringing thehole tunnelingpath closer to Ev, Si3N4

and resulting capture
in shallow traps, from which holes are more readily detrapped by
thermal excitation. Conversely, a weaker negative VG pulse (Fig. 2g)
shifts the tunneling path farther from Ev, Si3N4

, leading to capture in
deep traps with suppressed detrap. Thus, a strong negative VG pulse
(Fig. 2a) enables access to shallow traps, resulting in large cycle-to-
cycle ID variations that are suitable for stochastic p-bit operation while
inducing a time-dependent ID decay that is later used for CSA. In
contrast, a weak negative VG pulse (Fig. 2c) predominantly engages
deep traps, yielding stable ID with long retention, which is suitable for
synapse operation. Based on thismechanism, Fig. 2h presents the trap
analysis using the trap spectroscopy by charge injection and sensing
(TSCIS) method38,39. The results indicate the presence of various trap
energies along the depth, enabling distinct electrical characteristics
through trap energy control. In thiswork, a shallow trapwas employed
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for stochastic p-bit operation, while a deep trap was utilized for
stable synapse operation. Detailed TSCIS procedures are provided in
Supplementary Fig. 3, Supplementary Table 1, and Supplemen-
tary Note 1.

While a CT-FET with the SONS gate structure supports both p-bit
and synapse operations, the SONOS gate structure for conventional
charge trap flash memory, with its charge-trap Si3N4 sandwiched
between two SiO₂ layers for stable charge storage, is suitable only for
synapse operation and not for p-bit implementation40–42. Supplemen-
tary Fig. 4 presents the results of the same measurements as in Fig. 2,
performed on a SONOS FET fabricated by inserting a 3 nm tunneling
SiO2 into the CT-FET. As shown in Supplementary Fig. 4e, the ID decay
remained below 30nA regardless of VG, and σ/μ stayed below 0.15%,
both significantly smaller than those of the CT-FET. This is because, at
the same VG, the electric field in the charge-trap Si3N4 of the SONOS
structure is weaker than that of the SONS structure, making it more
difficult for holes to access shallow traps. Moreover, even if holes
trapped in the charge-trap Si3N4 are thermally emitted, they must
overcome the energy barrier of the tunneling SiO₂ to escape from the
charge-trapSi3N4. Consequently, theCT-FET, owing to the absenceof a
tunneling SiO₂, can perform both p-bit and synapse operations, unlike
the SONOS FET.

Probabilistic bit operation
To utilize the CT-FET as a p-bit, a digitizing circuit that converts the
fluctuation of ID into ‘0’ or ‘1’ is required. Figure 3a shows the p-bit
circuit composed of a CT-FET, a resistor, and a comparator (HA17393,
Renesas, Japan), while Fig. 3b illustrates its operating scheme. Thep-bit
operation consists of a probabilistic switching step, where strong

positive and negative VG pulses are alternately applied to randomly
vary the hole occupancy of shallow traps, and an amplifying & digi-
tizing step, where an input voltage (Vin) is applied to measure the CT-
FET conductance determined by the trap states. In the probabilistic
switching step, VG = 10.7 V and −9.6 V were applied for 100μs each,
where VG was adjusted to maximize cycle-to-cycle variation without
causing a systematic increase or decrease in ID. Although the CT-FET
fabricated in this work requires relatively large |VG| to drive holes
toward shallow traps during probabilistic switching, this voltage can
be reduced through gate-stack engineering. As demonstrated in Sup-
plementary Fig. 5, decreasing the blocking oxide thickness (tox)
enhances the electric field at the Si/Si3N4 interface and enables effec-
tive shallow trap activation at substantially lower |VG|. During this
process, Vin was set to 0 V to prevent hot carrier injection (HCI)
degradation. In the amplifying & digitizing step, Vin was applied for
100μs, allowing the stochastic ID to flow from the CT-FET drain
through the resistor. When the resistance is R, the resulting node
voltage (Vnode) is determined by Ohm’s law (ID·R). If Vnode exceeds the
reference voltage (Vref), the comparator output (Vout) is 5 V (state ‘1’);
otherwise, it is 0 V (state ‘0’). Although a comparator was used for
conceptual demonstration, the stochastic ID of the CT-FET can also be
binarized using simple domino logic, which eliminates static com-
parator power and enables a more energy efficient p-bit circuit. As Vin
increases, ID also increases, raising the probability that Vnode surpasses
Vref, thereby enabling the output probability of the p-bit to be tuned by
Vin. Figure 3c presents the probability of generating state ‘1’ as a
function of Vin, while Fig. 3d and Supplementary Fig. 6 show Vout var-
iations under different Vin conditions. Themeasured probability curve
exhibits a good fit to a sigmoid function, which arises from the shift of
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Fig. 1 | Concept of p-computing hardware with cointegrated p-bits and
synapse array. a Schematic of a p-computing hardware composed of p-bits and
synapses for solving combinatorial optimization problems (COPs).bOptical image
of the fabricated 8-inch wafer with cointegrated p-bits and synapse array. (Scale
bar = 200 µm) c Device structure of the charge-trapping field-effect transistor (CT-
FET). Both p-bit and synapse operations are implemented using CT-FETs with a

silicon-oxide-nitride-silicon (SONS) gate stack, as confirmed by the cross-sectional
TEM image. (Scale bar = 5 nm) d Operation diagram of p-bit and synapse modes,
where the gate voltage (VG) and drain current (ID) serve as inputs and outputs,
respectively. DistinctVGpulse schemes enable stochastic shallow trapoperation for
p-bits and stable deep trap operation for synapses.
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the Gaussian distribution of ID with varying Vin. The measurement
setup, external speed limitations, and intrinsic nanosecond response
of the CT-FET p-bit are discussed in Supplementary Fig. 7, Supple-
mentary Fig. 8, and Supplementary Note 2.

R used in the p-bit circuit was set to 47 kΩ, whichwas identified as
the optimal value for stable and energy efficient operation. When R
decreased below 47 kΩ (Supplementary Fig. 9a–c), the series resis-
tance of the CT-FET and resistor decreased, leading to higher ID at the
same Vin. As a result, the voltage drop across the CT-FET increased,
Vnode decreased, and the output probability to generate state ‘1’
decreased. Although power consumption in the resistor (Presistor)
decreasedwith smallerR, power consumption in theCT-FET (Ptransistor)
increased, resulting in a higher total average power (Pavg) (Supple-
mentary Fig. 9d). Moreover, a larger Vin was required to maintain

probabilistic operation, further increasing power consumption. In
contrast, increasing R to 4.7MΩ (Supplementary Fig. 10a, b) raised
Vnode and drastically narrowed the Vin range for probabilistic output
from 1.2–2.5 V to 0.378–0.379 V (Supplementary Fig. 10c). This makes
the p-bit more sensitive to Vin fluctuations and device-to-device var-
iation, thereby undermining the reliability of p-computing. Therefore,
R = 47 kΩ represents the optimized resistance, balancing power con-
sumption and reliable p-bit operation. Under this optimized resistance
condition, Supplementary Fig. 11 shows that the p-bit exhibits a total
average power consumption of approximately 1.25 µW. Further analy-
sis of Ptransistor, Presistor, and the gate-related power (PG) reveals that PG
is significantly smaller than the other components because theCT-FET,
fabricated using a standard CMOS-compatible process, exhibits neg-
ligible low gate-leakage current.

Fig. 2 | Gate voltage (VG) tunable stochastic characteristics of the CT-FET.
a–c Iteratively measured ID after consecutive initializing VG (>0) pulse and hole
trapping VG (<0) pulse, showing the stochasticity modulation under various VG

conditions. Insets show the applied VG pulse schemes, with (positive VG, negative
VG, tpulse) of (9V, −8V, 100 µs), (4 V, −4V, 1ms), and (2V, −2 V, 100ms) for (a), (b),
and (c), respectively.dHistogramof IDmeasured 100 times, taken 1 s after applying

VG pulses in (a–c). eDecay of the average IDmeasured 1 s after applying VG in (a–c),
together with the ratio of σ/μ for each Gaussian distribution in (d). Direct tunneling
path of holes from the Si channel to the charge-trap Si3N4 under f a strong negative
VG and g a weak negative VG. h Trap density distribution of Si₃N₄ in the CT-FET
analyzed by trap spectroscopy by charge injection and sensing (TSCIS) method.
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Supplementary Fig. 12a, b show the effect of cumulative p-bit
operation on the subthreshold swing (SS) of theCT-FET and theoutput
probability characteristics. If SS degrades, the sigmoid function can be
altered by shifting the threshold voltage (Vth) of the FET. However,
Supplementary Fig. 12a shows that SS remains nearly unchanged up to
107 cycles. This stability arises becauseVin of0 Vwasappliedduring the
probabilistic switching step, thus avoiding HCI. Furthermore, unlike
SONOS FETs, where Fowler Nordheim tunneling through SiO2 is highly
vulnerable to interface trap generation, the CT-FET employs charge-
trap Si3N4 directly in contact with the Si channel, which is less sus-
ceptible to further degradation43,44. As a result, the output probability
characteristics were well preserved after 107 cycles, enabling reliable
p-bit operation, as shown in Supplementary Fig. 12b. Moreover, var-
iations arising from device-to-device differences and temperature can
also be effectively calibrated through VG adjustment, as detailed in
Supplementary Note 3 and Supplementary Figs. 13 and 14.

Synapse array operation
To realize a complete p-computing hardware system, a synapse that
computes Ii based on the outputs of p-bits is required. Figure 4a
illustrates the synapse array that computes Ii according to E corre-
sponding to the COP, together with the auxiliary circuit that converts Ii
into Vin (Supplementary Note 4). The 8 × 8 synapse array was imple-
mented with 64 CT-FETs, fabricated on the same wafer and by the
same process as CT-FETs used for the p-bits. In this array, CT-FETs in
the same row share the drain and source, while CT-FETs in the same
column share the gate. VG of the ith column (VG,i) represents the out-
put of the ith p-bit and determines the on/off state of the CT-FETs in
that column. The synapse output current corresponding to Ii (Isyn,i) is
determined by the drain voltage of the ith row (VD,i) and the

conductance of the jth column CT-FET (Gij), as expressed in Eq. (3).

Isyn, i =VD, i

X

j

Gij ð3Þ

Since Gij is always positive, all terms are restricted to have the
same sign as VD,i. To overcome this limitation, the sources of two rows
with opposite VD,i polarities are connected, allowing the calculation of
Ii as expressed in Eq. (4).

Isyn, i =VD, i+

X

j

Gij + +VD, i�
X

j

Gij� ð4Þ

For the conversion of Isyn intoVin, twoOPAMPswere configured as
a TIA and a voltage scaler. The detailed implementationof the auxiliary
circuit and the measurement setup are described in Supplementary
Note 4 and Supplementary Fig. 15.

Figure 4b illustrates the on/off operation of the CT-FET,where the
programmed conductance is either reflected (on) or not reflected (off)
depending on VG,i. The CT-FET employs deep traps in the charge-trap
Si3N4 to finely tune Vth, thereby enabling multi-level characteristics. As
a result, the device remains in the on-state and reflects Gij to Isyn when
VG,i =0V and in the off-state when VG,i = −0.5 V, regardless of Gij. Fig-
ure 4c shows the array voltage bias conditions required forweight (Gij)
programming and to calculate Ii based on the stored weights. During
the read operation, VG,i was applied as 0V (state “1”) or −0.5 V (state
“0”) depending on the p-bit output. These two voltage conditions
ensure stable on/off switching of the CT-FET while preventing unin-
tended trapping or detrapping. Positive weights and negative weights

Fig. 3 | P-bit operation of the CT-FET. a P-bit circuit consisting of a CT-FET, a
resistor, and a comparator. The stochastic ID induced by shallow traps serves as the
random source of the p-bit. b Voltage bias scheme of VG and input voltage (Vin)
during one cycle of p-bit operation. cOutputprobability characteristics to generate

state ‘1’ as a function of Vin. For each Vin, measurements were performed over 50
cycles × 10 repetitions, and the error bars represent the standarddeviation of the 10
averaged results. d Stochastic Vout over 50 cycles of p-bit operation at Vin = 1.7 V,
2.0 V, and 2.3 V, showing the probabilistic switching behavior.
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were represented with VD,i+ = 0.25 V and VD,i- = −0.1 V, respectively. In
addition, 0 V was applied to the positive input of the OPAMPs con-
nected to the sources of synapse array, thereby fixing the source vol-
tage (VS) of all rows at 0 V.

Programming operations require that only the selected cell stores
the desired conductance. Before programming, VG = 9V and
VD =VS = 0V were applied to initialize the synapse array. To achieve
high-retention multi-level characteristics, cells were programmed by
applying VG = −2 V for 100ms to the selected column, while the
selected row was biased at VD = VS = 0V to enable hole trapping.
Although the same VG pulse is distributed along the column, unin-
tendedprogrammingof other cells ispreventedbecauseall unselected
rows are simultaneously biased atVD = VS = −1 V,which suppresses hole

capture into deep traps. This row selective drain and source biasing
ensures that each synapse cell can be independently programmed
even when the gate line is shared. Figure 4d presents Isyn over time
under different VG pulse conditions. When a deep trap programming
pulse of VG = −2 V for 100ms was applied 24 consecutive times, Isyn
reached 300nA and remained stable without decay. In contrast, when
a shallow trap pulse of VG = −4 V for 50ms was applied, Isyn immedi-
ately reached 300 nA after a single pulse but decayed to below 100nA
within 5 s. Under an even stronger condition (VG = −6V for 5ms), Isyn
decayed to 75 nA within 3 s, showing even more unstable retention.
This instability arises because strong electric fields predominantly
captureholes into shallow traps,whichare easily detrappedby thermal
excitation. Therefore, for long-retention synapse operation, a deep

Fig. 4 | Synapse array operation of the CT-FET. a Optical image of the
8 × 8 synapse array composed of CT-FETs (Scale bar = 200 µm), along with the
circuit configuration where the synapse array is connected to peripheral circuits
(transimpedance amplifier (TIA) and voltage scaler) to convert synapse output
current (Isyn) into p-bit input voltage (Vin). To implement both positive andnegative
weights, two adjacent rows share the same source line. b Schematic ID-VG curve

illustrating multi-level weight implementation using deep traps in CT-FETs.
c Voltage bias scheme for read and program operations in the synapse array. d Isyn
over time during weight programming using deep trap pulses (VG = −2 V) versus
shallow trap pulses (VG = −4, −6V), showing that deeper traps yield more stable
retention. e, f Multi-level characteristics of a positive weight (VD = 0.25V) and
negative weight cell (VD = −0.1 V) under repeated programming pulses.
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trap-based programming pulse scheme (small |VG|) is suitable.
Although deep-trap programming under small |VG| inevitably requires
latency in the order of tens ofmilliseconds, this step is performed only
once during problem embedding and does not influence the iterative
sampling for p-computing, which relies solely on fast shallow trap in
the p-bits. Furthermore, this programming latency is not a funda-
mental limitation, as the trap density in Si3N4 can be increased through
material-level engineering to facilitate faster hole capture45.

Figure 4e, f present the transient response of Isyn as a function of
the cumulative number of programming pulses applied to the CT-FET
configured for positive and negative weights, respectively. As descri-
bed in Supplementary Note 4, Isyn = 50nA was defined to correspond
to Ii = 1, and a program-and-verify scheme was employed in which
programming pulses were repeatedly applied and monitored. As a
result, 3-bitmulti-level operationwas successfully achievedunder both
VD,i+ = 0.25 V (positive weight) and VD,i- = −0.1 V (negative weight)
conditions. Furthermore, no significant decay of Isynwas observedover
100 s, confirming the stable operation of the synapse. The detailed
measurement setup and power consumption analysis of array

operations are provided in Supplementary Note 5 and Supplementary
Fig. 16. Supplementary Fig. 17 shows Sentaurus technology computer-
aided design (TCAD) simulations comparing trap energy distributions
in Si3N4 under identical deep trapprogrammingpulses.When traps are
set near shallow levels, only a few trap sites are available along the
tunneling path, leading to limited hole trapping and rapid detrapping.
In contrast, with deep-level traps, holes are well retained, indicating
that deep traps in the charge-trap Si3N4 are the primary factor enabling
long-term retention during synapse programming.

Experimental result of weighted max-cut problem
Figure 5a presents the schematic of the complete p-computing hard-
ware, consisting of p-bits and the synapse array based on CT-FETs. To
enable problem solving through the interaction betweenp-bits and the
synapse array, a TIA and a voltage scaler are needed to convert Isyn into
Vin, while memory and counters store the sampled outputs of p-bits
over iterations, and apply the corresponding VG,i to the array. Impor-
tantly, all of these components, together with CT-FETs, can be coin-
tegrated on a single wafer using standard CMOS processes. Figure 5b

Fig. 5 | Experimental results of the weighted max-cut problem based on coin-
tegrated p-bits and synapse array hardware. a Full p-computing hardware,
consisting of p-bits and the synapse array based on CT-FETs. b Schematic illustra-
tion of sequential sampling. c Timing diagram of the proposed p-computing
hardware basedon sequential sampling.d Experimental demonstration of a 4-node

weightedmax-cut problem including negative weights, solved within 20 iterations.
e Probability distribution and E of all possible configurations in the example pro-
blem, withN1 fixed at state ‘1’. (f) E versus iterations, showing stable convergence to
the global minimum.
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illustrates sequential sampling for p-computing. In each cycle, the
synapse array calculates Ii according to the current p-bit configuration
and updates the ith p-bit. After all p-bits are updated once in sequence,
the process is defined as one iteration, and the configuration at each
iteration is stored in memory. The necessity of sequential sampling is
discussed in detail in Supplementary Note 6, and the detailed proce-
dure of p-computing, including the Python simulation code, is
described in Supplementary Note 7.

Figure 5c illustrates the timing diagram for the proposed
p-computing hardware based on sequential sampling. To initiate
probabilistic switching,VGwas applied to the p-bit for 200 μs. During
the subsequent 800μs digitizing step, VD,i+ and VD,i- of the ith p-bit to
be updated, alongwith the VG,is were applied to the synapse array for
100μs. The synapse array then output Isyn,i, whichwas converted into

Vin by the TIA and voltage scaler, producing Vout of the ith p-bit. The
counter recorded the number of completed iterations, and the
memory updated the current p-bit configuration. This operation
proceeded in a synchronized manner under a clock, with each
interval determined by the p-bit pulse scheme shown in Fig. 3b. As
discussed in Supplementary Note 2, cointegration of the pulse gen-
erator with the CT-FETs can reduce the probabilistic switching time
below 200μs. Moreover, full CMOS-based integration of all compo-
nents in Fig. 5a can further minimize delays in digitizing, memory,
and counter operations.

The max-cut problem is a representative non polynomial (NP)-
hardCOP, in which a graph is partitioned into two subsets tomaximize
the number of edges between them. By mapping each node to a p-bit
(Ni or Nj) and expressing the connections as wij, the corresponding E

Fig. 6 | Simulation results of the weighted max-cut problem with chaotic
simulated annealing (CSA). a Schematic of CSA implementation in a synapse array
consisting of CT-FETs. Current decay of CT-FET by shallow traps was used to
compute two self-feedback terms for the CSA. b Time-dependent current
(Isyn,−2Nz(+), Isyn,+z(-), Isyn,−2Nz(-), and Isyn,+z(+)) of programmed cell for CSA when Ni = 1,
showing a decaying profile well fitted by a bi-exponential function. c Isyn decay with
tpulse fixed at 10ms under VG = −6 to −7 V. The profiles at each condition are well
fitted by a bi-exponential function. d, e Extracted A1 +A2 and τeff from the bi-

exponential fitting in (c), plotted as a function of VG. Both parameters exhibit linear
dependence on VG. f Weighted max-cut problem consisting of 20 nodes and 75
edges. g Iteration-dependent E profiles for the problem in (f) under three different
annealing schemes: bi-exponential chaotic annealing (this device), linear chaotic
annealing, and without chaotic annealing, each averaged over 100 trials. h Global
minimum rate and success probability versus iteration for the three annealing
schemes.
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can be formulated like Eq. (5).

E =
X

i > j

wijð2NiNj � Ni � Nj +
1
2
Þ ð5Þ

Unlike the conventional bipolar formulation,where si is −1 or 1, the
binary representation used in Eq. (5), where Ni is 0 or 1, introduces an
additive constant from the algebraic variable transformation. It should
be noted that this constant does not affect the energy ordering and
preserves the equivalence of the formulation.

Extending wij beyond binary values (0 or 1) to arbitrary numbers
represents the weighted max-cut problem including negative weights.
This explicitly incorporates negative interactions and provides a more
realistic model than the conventional max-cut problem46–49. In this
study, we experimentally solved a 4-node weighted max-cut problem
includingnegativeweights using theproposedp-computinghardware.
Figure 5d shows the example problem and its solution, while Supple-
mentary Table 2 presents the corresponding E and Ii. Supplementary
Fig. 18a illustrates that the programmed synapse array corresponds to
the example problem, and Supplementary Fig. 18b–d verify accurate
computation of Ii and conversion to Vin by measuring Isyn,i+, Isyn,i-, and
Vin under all possible cases of N2, N3, N4, while N1 was fixed at state ‘1’.
Figure 5e shows E of all configurations and the results from 20 itera-
tions of sequential sampling. The correct solution, corresponding to
the lowest energy state, was identified with a pass value above 0.2,
which was empirically chosen as the minimum threshold that reliably
captures all degenerate optimal solutions while excluding transient or
noisy cases. As shown in Fig. 5f, the global minimum of E was reached
within four iterations and stably maintained, with occasional fluctua-
tions due to the stochastic nature of p-bits that allow escape from local
minima. To further assess the scalability of the proposed p-computing
hardware beyond the experimentally demonstrated array size, we
performed large-scale max-cut simulations on G-set graphs of up to
3,000 nodes using the measured CT-FET p-bit characteristics. As
summarized in Supplementary Table 3, the simulated results con-
sistently achieved accuracies comparable to those reported in prior
hardware-based Isingmachines, demonstrating that themeasured CT-
FET characteristics are sufficient to support large-scale probabilistic
computing.

Intrinsic chaotic simulated annealing in synapse array
P-computing can overcome the energy barrier near local minima due
to the stochastic nature of p-bits, but as the energy landscape becomes
more complex, escaping local minima becomes difficult. To address
this, various annealing strategies such as simulated annealing50,51 and
parallel tempering52,53 have been proposed to gradually decrease the
system temperature and prevent being trapped in localminima. In this
work, CSA was directly implemented within the synapse array by
exploiting the shallow trap of CT-FETs, without requiring additional
hardware. As represented in Eq. (6), CSA introduces a transient self-
feedback chaos into Ii, broadening the search space initially and gra-
dually shrinking it over time to guide the system toward the global
minimum54–56.

Ii = � ∂E
∂Ni

� zi tð Þð2Ni � 1Þ ð6Þ

Here, zi(t) is a decaying self-feedback term that initially suppresses
state fixation to broaden exploration, and gradually vanishes to guide
the system toward the global minimum.

Figure 6a illustrates the implementation of CSA in the synapse
array. Applying CSA introduces two additional self-feedback terms to
Ii, -2Nizi(t) term programmed into the negative weight cell of ith col-
umn and +zi(t) term programmed into a positive weight cell of bias
column, where VG for bias column (VCSA) fixed at 0 V. Since zi(t) must

decay over time, both terms were programmed using shallow traps.
Ideally, the change in Isyn induced by shallow traps should fully decay
to zero. In practice, however, a residual component remains because
some holes become trapped in deep levels. To compensate, the resi-
dual component was preprogrammed into the adjacent row with
opposite VD,i polarities using deep trap pulses, so that the positive and
negative contributions cancel out, ensuring complete decayof the self-
feedback term. In Fig. 6a, Isyn,-2Nz(-) and Isyn,+z(+) represent Isyn used to
compute -2Nizi(t) term and +zi(t) term in Eq. (6), respectively, andwere
programmed using shallow traps. Isyn,-2Nz(+) and Isyn,+z(-) represent Isyn
used to compensate residual components, and were preprogrammed
using deep traps. Figure 6b shows Isyn,-2Nz(-) and Isyn,+z(+) over time,
alongwith Isyn,-2Nz(+) and Isyn,+z(-) whenNi = 1. The transient decay of Isyn,-
2Nz(-) and Isyn,+z(+) can be fitted with a bi-exponential function, as
described in Eq. (7).

Isyn = y0 +A1e
�t�t0

τ1 +A2e
�t�t0

τ2 ð7Þ

Let A1 and A2 as amplitudes and τ1 and τ2 as time constants of two
exponential functions, A1 +A2 represents the initial value of zi(t), while
τeff, the weighted average of τ1 and τ2, indicates the effective decay
time. For programming, -2Nizi(t) was implemented with VG = −6 V for
10ms, and +zi(t) with VG = −7.2 V for 1ms, resulting in currents of the
same decay profile but with a twofold magnitude difference. The fit-
ting results confirm that Isyn,-2Nz(-) yields A1 +A2 = 0.73μA and
τeff = 0.39 s, while Isyn,+z(+) yields A1 +A2 = 1.42μA and τeff = 0.42 s.

By tuning VG and tpulse of the shallow trap pulse, the key para-
meters of the current decaying profile, A1 +A2 and τeff, can be con-
trolled. Figure 6c shows Isyn with different VG at tpulse = 10ms, together
with the corresponding bi-exponential fitting. Figure 6d, e summarize
the dependence of A1 +A2 and τeff on VG. Both parameters increased
linearly with VG, as a larger VG increased the fraction of shallow traps,
leading to a larger detrapped charge (A1 +A2) and longer detrapping
time (τeff). In addition, as discussed in section “Characteristics of
charge-trap field-effect transistor”, increasing tpulse at the same VG

results in more holes being trapped in shallow levels. Thus, by con-
trolling VG and tpulse, the decaying profile of zi(t) can be precisely
controlled.

Basedon themeasurement in Fig. 6b, CSAwas applied to a Python
simulation to solve a 20-node weighted max-cut problem including
negative weights (Fig. 6f). Supplementary Table 4 presents E and Ii of
this problem. As assumed in Fig. 5c, the update time for a single p-bit is
1ms, so one iteration of sequential sampling requires 20ms. Thus, the
8 s current decay observed in Fig. 6b corresponds to 400 iterations of
zᵢ(t) in the simulation. Incorporating the Isyn decaying profile induced
by shallow traps in theCT-FET, three different annealing schemeswere
compared: bi-exponential chaotic annealing, linear chaotic annealing,
and without chaotic annealing. In the linear case, the schedule was
obtained by linearly connecting the initial and final values of the bi-
exponential schedule (Supplementary Fig. 19). Figure 6g shows E
profiles with iteration for the three cases.Without chaotic annealing, E
did not decrease consistently and becomes trapped in different local
minima. In linear chaotic annealing, E eventually converged to the
globalminimumbut requiredmore than 350 iterations. By contrast, bi-
exponential chaotic annealing enabled convergence to the global
minimum within 100 iterations, after which it was stably maintained.
Figure 6h compares the global minimum rate and success probability
for the three cases. The global minimum rate was defined as the frac-
tion of iterations sampling the global minimum, while the success
probability was defined as the fraction of trials in which the global
minimum rate exceeds the pass value of 0.2. Linear chaotic annealing
performed even worse than without chaotic annealing case, indicating
that excessive self-feedback hindered global minimum search. In
contrast, bi-exponential chaotic annealing consistently yielded the
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highest performance. Although the global minimum rate was about
40% at 100 iterations, the success probability was 0.8, showing that
even with fewer iterations, the global minimum rate reliably exceeded
the pass value in each trial. These results demonstrate that exploiting
the inherent current decaying profile of CT-FET by shallow traps
enables efficient self-feedback scheduling without additional circuitry,
allowing stable convergence to the global minimum with a reduced
number of iterations.

Discussion
In this work, cointegration of p-bits and synapse array was demon-
strated on a single wafer by utilizing CT-FETs that can function
reconfigurably as both p-bits and synapses. The trap energy in the
charge-trap Si3N4 can be tuned by controlling the gate voltage,
thereby enabling reconfigurable shallow trap operation for stochas-
tic p-bits and deep trap operation for stable synapses. With addi-
tional CMOS peripheral circuits, both p-bit and synapse array
operation were experimentally verified, and a 4-node weighted max-
cut problem was successfully solved. Furthermore, by exploiting the
inherent transient current decay of CT-FETs, CSAwasdirectly applied
without extra circuitry, allowing efficient solution of more complex
max-cut problems. Fully CMOS compatible p-bits based on CT-FETs
exhibited a wide input margin and high endurance compared to
previously reported p-bit devices, as summarized in Table 1. In
addition, we evaluated a CPU-based software p-bit on a 13th-Gen Intel
Core i7−13700F, which required about 4.7mJ and 188μs per opera-
tion. This further highlights the energy-efficiency advantage and high
speed potential of the proposed hardware, given the CT-FET’s
intrinsic response time of 50 ns (Supplementary Note 2 and Supple-
mentary Fig. 8), despite the measurement being limited to 1ms by
the experimental setup. This work highlights the feasibility of inte-
grating all essential components for p-computing within a single
CMOS chip, offering a scalable pathway toward practical
p-computing hardware.

Methods
Device fabrication
The CT-FETs were fabricated on a 8-inch p-type (100) SOI wafer. After
active region patterning, a 6 nm Si₃N₄ layer serving as the charge-
trapping layer was deposited by low pressure chemical vapor deposi-
tion (LPCVD), followed by the deposition of an 8 nm blocking SiO₂.
Heavily doped polycrystalline Si layer for gate electrode was then
deposited and patterned to define the gate region. Self-aligned ion
implantation by P and rapid thermal annealing at 1000 °C were per-
formed to form the source and drain regions. Then, a tetraethyl
orthosilicate (TEOS) interlayer dielectric was deposited and contact
vias were etched. Al layer was subsequently deposited by sputter to
connect the sources and drains of CT-FETs. Next, TEOS intermetal
dielectric was deposited and contact vias were etched. Finally, an
additionalAl layerwasdepositedby sputter to connect the gates ofCT-
FETs, enabling the formation of synapse arrays.

Electrical measurement
Electrical characteristics of the cointegrated p-bits and synapse array
were measured using a B1500 semiconductor parameter analyzer
(Keysight). Current sampling over time of the p-bits and synapse array
was performed by voltage source current measurement mode of
source measurement units (SMU, Keysight). Waveform generator fast
measurement units (WGFMU, Keysight) was used for TSCIS analysis of
CT-FET, probabilistic switching of p-bit, and weight programming of
synapse array. To evaluate the intrinsic speed of the CT-FET, a pulse
generator (PG, Agilent) was used to apply fast, high |VG| pulses directly
to the CT-FET without connecting an OPAMP-based amplifier. Vout,
Vnode, and Vref were measured using a TDS 2025C oscilloscope
(Tektronix). Ta
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Simulations
The device simulation was conducted using Sentaurus TCAD (Synop-
sys) with device parameters matched to the fabricated CT-FETs to
study the effect of trap energy in the charge-trap Si₃N₄. The software
simulation of a 20-node weighted max-cut problem with negative
weights under CSA was implemented in Python. The p-bit outputs
versus Vin and the transient synaptic weight decay were modeled by
incorporating the experimental results from Fig. 3c and Fig. 6b,
respectively. Vin calculation through the synapse array, TIA, and vol-
tage scaler, as well as the memory and counter modules, was also
implemented in Python.

Data availability
The data generated in this study are provided in the Source Data file.
All the data supporting the findings of this study are available from the
corresponding author upon request. Source data are provided with
this paper.

Code availability
The Python code for the p-computing simulation used in this study is
provided in the Supplementary Information. All other code is available
from the corresponding authors upon request.
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