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Abstract18

Spiking neural networks (SNNs) offer a promising paradigm for energy-efficient19

computing, yet enabling on-chip training in analog hardware platforms remains20

challenging because internal neuronal states are difficult to access. Here, we present21

a hardware–algorithm co-designed neuromorphic architecture for state-access-free22

learning using the accessible signals of a single-transistor (1T) platform. Current-23

based surrogate gradient (cSG) and eligible leaky integrate-and-fire encoder (eLIFE)24

modules generate learning signals from spike events without explicit membrane-25

potential readout. Co-integrated 1T-synapses, 1T-neurons, and 1T-cSG devices26

demonstrate synaptic weight storage, leaky integrate-and-fire neuronal dynamics,27

and surrogate gradient signal generation in a measured unit architecture. At the28

algorithmic level, simulations demonstrate competitive performance using small-29

scale networks on F-MNIST, S-MNIST, and SHD and large-scale networks on30

CIFAR-10, CIFAR-100, CIFAR10DVS, DVS128Gesture, ImageNet, and COCO.31

Furthermore, hardware-aware simulations of an analog on-chip continual-learning32

framework demonstrate learning of previously unseen classes with limited average33

accuracy loss on previously learned classes. Under the adopted model, estimated34

inference energy is more than 60% lower than that of fully digital SNN baselines.35

These results provide a unified device–algorithm framework for state-access-free36

learning in adaptive neuromorphic systems.37
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Neuromorphic computing has emerged as a scalable paradigm for addressing the38

escalating computational and energy demands of modern AI systems1. At the algo-39

rithmic core of neuromorphic computing, spiking neural networks (SNNs) emulate40

biological communication by encoding information as asynchronous binary spikes,41

exploiting event-driven parallelism for ultra-low-power operation2. In parallel, neuro-42

morphic engineering has produced a broad spectrum of hardware platforms, spanning43

purely digital processors3–8, mixed-signal chips9,10, and advanced analog comput-44

ing substrates11,12. Such hardware diversity provides the physical foundation for45

spike-based computation ranging from resource-constrained edge applications to46

high-performance computing servers.47

The binary nature of SNNs has motivated their integration into digital in-memory48

computing (DIMC) architectures. A key advantage of spiking DIMC lies in replacing49

power-intensive multiply-accumulate (MAC) operations with simple accumulate (AC)50

operations13. This architectural simplification offers a practical route toward scalable51

neuromorphic systems and has driven extensive research on dataflow optimization52

and quantization techniques for improving power efficiency14. Nevertheless, purely53

digital implementations remain constrained by static and dynamic power dissipation.54

Even with aggressive architectural optimization, digital SNN processors often exhibit55

a practical power floor at the microwatt (µW) scale15, motivating a transition toward56

analog implementations for further energy reduction.57

In analog SNN implementations, analog in-memory computing (AIMC) provides an58

energy-efficient means of realizing synaptic computation by performing vector–matrix59

multiplication (VMM) directly in the analog domain, thereby reducing computational60

and data-movement overhead. The resulting continuous analog VMM outputs must61

then be converted into spike-domain signals for subsequent event-driven processing.62

Spiking neurons serve this role by integrating the analog synaptic outputs and gen-63

erating asynchronous, time-encoded spikes, thereby enabling efficient communication64

between successive SNN layers while preserving the energy advantage of AIMC16.65

Among various spiking neuron models, the leaky integrate-and-fire (LIF) model66

is widely used because of its simple dynamics and analog compatibility. Conven-67

tional circuit-based LIF neurons, however, typically require multiple transistors,68

resulting in considerable area and power overhead17–19. To overcome these limita-69

tions, single-device neurons that exhibit abrupt switching behavior have attracted70

significant attention20–23. For large-scale implementation, however, compact neu-71

ronal functionality alone is insufficient; the underlying device technology should also72

be compatible with established semiconductor fabrication and peripheral circuitry.73

From this perspective, floating-body (FB) MOSFET-based single-transistor (1T) neu-74

rons offer a promising approach by exploiting floating-body charge accumulation and75

regenerative switching to realize intrinsic integrate-and-fire behavior within a mature76

CMOS-compatible platform24–26
77

Moreover, the FB MOSFET platform can be extended to enable homogeneous78

integration of neurons and synapses. Incorporating a charge-trap layer (CTL) provides79

nonvolatile post-fabrication control over neuronal firing characteristics, while the same80

charge-storage mechanism can be utilized to realize flash-memory-based 1T-synapses.81

This functional versatility enables wafer-scale co-integration of compact neurons and82
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synaptic devices within a common transistor platform. However, existing demonstra-83

tions of such co-integrated systems have remained largely limited to oscillatory modes,84

which are not directly compatible with VMM-based AIMC operation, leaving a critical85

gap toward practical analog SNN systems25,26.86

Beyond hardware implementation, effective training strategies are essential for87

optimizing SNNs and compensating for device- and circuit-level nonidealities in ana-88

log systems12. Among diverse training approaches, surrogate-gradient-based direct89

training has emerged as a dominant paradigm, enabling high performance on complex90

tasks27. However, scaling SNN training modules remains challenging because recurrent91

neuronal dynamics give rise to a spatio-temporal credit-assignment problem. Back-92

propagation through time (BPTT) addresses the spatio-temporal credit-assignment93

problem by unrolling neuronal dynamics over time28, but requires the storage of94

intermediate states and consequently incurs substantial memory and computational95

overhead. Eligibility-trace-based methods reduce such overhead by localizing tempo-96

ral credit assignment29,30, while spatial learning through time (SLTT)31 and spatial97

online learning at once (SOLO)32 rely on spatial gradients computed at every time98

step and only at the final time step, respectively (See details in Supplementary Note99

S1.1). Nevertheless, hardware implementation of on-chip learning remains constrained100

by the need to access internal neuronal states during gradient computation33. Extract-101

ing the internal states requires additional sensing and readout circuitry, introducing102

substantial area, energy, and communication overhead. Accordingly, translating effi-103

cient learning rules into practical hardware requires hardware–algorithm co-design that104

considers not only computational complexity but also the interdependence of compu-105

tational primitives, the accessibility of required variables, and the associated dataflow106

and communication overheads34,35.107

In this work, we present a hardware–algorithm co-designed analog SNN architec-108

ture incorporating state-access-free on-chip learning modules. At the algorithm level,109

the proposed current-based surrogate gradient (cSG) and eligible leaky integrate-110

and-fire encoding (eLIFE) provide hardware-friendly alternatives to learning signals111

that otherwise require membrane-potential readout. The cSG derives surrogate signals112

from locally available synaptic currents, whereas eLIFE generates spike-based eligi-113

bility signals through auxiliary recurrent neuronal dynamics. Benchmark comparisons114

with conventional learning methods demonstrate competitive accuracy and training115

capability. At the hardware level, 1T-synapses, 1T-neurons, and 1T-cSG modules are116

homogeneously integrated on a wafer-scale platform, demonstrating synapse-driven117

LIF dynamics and device-level surrogate-gradient generation. At the system level,118

simulations incorporating measured device characteristics validate scalable analog-tile119

operation and demonstrate on-chip fine-tuning across static and temporal tasks. The120

proposed architecture maintains competitive accuracy without explicit access to inter-121

nal analog neuronal states, providing a common-device basis for hardware-compatible122

SNN learning. Under the adopted model, inference energy is estimated to be more123

than 60% lower than for fully digital SNN implementations.124
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Fig. 1 Overview of the neuromorphic computing system and state-access problem in training SNNs.
(a) System block diagram of neuromorphic computing chips. Within the neuron core, the membrane
potential is physically inaccessible; communication is strictly restricted to spike signals via routers
and address I/Os. (b) Comparison between the conventional membrane-potential-based surrogate
gradient and the proposed current-based surrogate gradient (cSG). (c) Comparison between a con-
ventional eligibility trace, which requires external access and storage of continuous neuronal states,
and the proposed eligible leaky integrate-and-fire encoder (eLIFE) module which encapsulates the
temporal state evolution within an interconnected LIF-based clone-neuron cluster and exposes only
discrete eligible spikes. (d) Schematic illustration and cross-sectional transmission electron microscopy
(TEM) image of the homogeneous single-transistor (1T) devices fabricated through wafer-scale co-
integration on an 8-inch SOI wafer. (e) Functional building blocks of the co-integrated architecture:
a 1T-synapse providing multilevel synaptic conductance through potentiation and depression, a
floating-body 1T-neuron performing leaky integration, firing, and reset, and a bidirectionally switch-
ing 1T-cSG generating a boxcar surrogate signal according to the instantaneous synaptic current.

Results125

Hardware-algorithm co-design with state-access-free modules126

As shown in Fig. 1a, most neuromorphic chips typically provide access to synaptic127

weights and spike events, whereas membrane potentials remain internal neuronal states128

that are difficult to read during operation (See details in Supplementary Note S1.2).129

Direct membrane-potential readout would require dedicated circuitry, additional130

memory, high-bandwidth data paths, continuous sampling, or per-neuron analog-to-131

digital converters10. Consequently, the dependence of conventional surrogate-gradient132

methods on membrane-potential variables creates a mismatch between algorith-133

mic requirements and hardware-accessible information (Fig. 1b, left). Conventional134

eligibility-trace implementations reduce the computational cost of temporal credit135
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assignment but still rely on auxiliary potential states for spike-trace generation (Fig.136

1c, left). Because such state-access requirements pose a practical challenge for scalable137

on-chip training, learning modules must derive weight updates from locally available138

synaptic weights and spike events without explicit readout of membrane potentials or139

auxiliary trace-related states36.140

To overcome the state-access bottleneck, two complementary state-access-free141

learning modules are introduced: a current-based surrogate gradient (cSG) and an eli-142

gible leaky integrate-and-fire encoder (eLIFE). Unlike conventional surrogate-gradient143

methods, which derive surrogate signals from neuronal membrane potentials, the144

proposed cSG generates surrogate signals from the instantaneous synaptic current pro-145

duced by weighted presynaptic spike activity (Fig. 1b, right). Because the readout of146

synaptic current is locally available at the output of the synaptic array, cSG avoids147

explicit membrane-potential readout and the associated data-conversion and storage148

circuitry. In parallel, eLIFE addresses the state-access requirement associated with149

eligibility traces. The eLIFE module embeds temporal dynamics within an intercon-150

nected cluster of LIF neurons and converts the resulting eligibility information into151

discrete eligible spikes (Fig. 1c, right; see Supplementary Note S1.3). Consequently,152

only spike events are exposed to the external learning path, while the continuous153

internal states of the LIF-based cluster remain locally encapsulated.154

To physically realize the proposed state-access-free framework, 1T-synapses, 1T-155

neurons, and 1T-cSG devices were co-integrated on an 8-inch silicon-on-insulator (SOI)156

wafer using a process-compatible 1T-device platform (Fig. 1d; see Supplementary157

Note S2.1 and Methods “Device fabrication”). Within this platform, each device is158

configured to perform a distinct function. The nitride CTL incorporated in silicon-159

oxide-nitride-oxide-silicon (SONOS) gate stack stores multilevel conductance states in160

the 1T-synapse. The 1T-neuron exploits floating-body charge dynamics and single-161

transistor latch (STL) phenomenon to implement leaky integration, threshold firing,162

and reset, while the CTL provides nonvolatile calibration of its firing characteris-163

tics. In addition, 1T-cSG exploits gate-controlled bidirectional threshold switching to164

generate the boxcar surrogate signal from the synaptic current. Thus, synaptic stor-165

age, neuronal dynamics, and surrogate-signal generation are integrated on a common,166

fabrication-compatible platform despite their distinct functionalities (Fig. 1e).167

This hardware–algorithm co-design separates externally accessible learning sig-168

nals—synaptic currents and spike events—from inaccessible internal neuronal states.169

Consequently, surrogate-gradient and eligibility computations can be performed170

without explicit membrane-potential readout, providing a scalable foundation for171

state-access-free on-chip learning.172

Device characteristics of 1T-devices173

The homogeneous 1T-device platform comprises a 1T-synapse, a 1T-neuron, and a 1T-174

cSG. Among these components, the 1T-synapse stores synaptic weights through charge175

trapping in the CTL. The trapped charge modulates the threshold voltage (V th) of176

the transistor, allowing the channel conductance to represent the synaptic weight, as177

illustrated in Fig. 2a. As shown in Fig. 2b, electron trapping in the CTL progressively178
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Fig. 2 Device characteristics of the homogeneous 1T-synapse, 1T-neuron, and 1T-cSG platform.
(a) Schematic illustration of charge trap-based weight modulation in the 1T-synapse. Gate pulses
modulate the trapped charge in the CTL, resulting in a V th shift and corresponding modulation
of the channel conductance. (b) Measured transfer characteristics of the 1T-synapse, showing the
V th shift induced by charge trapping in the CTL. (c) Potentiation and depression characteristics of
the 1T-synapse, demonstrating 64 programmable conductance states over three consecutive cycles.
(d) Schematic illustration of the 1T-neuron operation. Gradual charge accumulation and leakage
enable leaky integration, whereas impact-ionization-induced single-transistor latch (STL) operation
produces abrupt firing and reset. (e) Measured membrane voltage (Vmem) transients under one to
seven input-current pulses, showing stepwise integration during current injection and gradual leakage
during the pulse-off intervals. (f) Repetitive firing characteristics of the 1T-neuron under continuous
current injection, showing integration of Vmem followed by abrupt reset at each firing event induced
by STL phenomenon. (g) Schematic illustration of gate-controlled bidirectional STL operation for
the 1T-cSG. A positive-going gate pulse induces forward latch through impact ionization, whereas
a negative-going gate pulse induces backward latch through band-to-band tunneling (BTBT). (h)
Measured ID-VG characteristics at a VD of 4 V with and without current compliance, showing a
low-current region bounded by the backward and forward latch transitions and a compliance-limited
output after latching. (i) Transient ID response under positive- and negative-going gate-voltage pulses
at a drain voltage of 4 V, demonstrating selective forward and backward latch events, respectively.

shifts V th toward higher gate voltage (VG), resulting in a corresponding modula-179

tion of the channel current. By controlling the amount of trapped charge, multiple180

distinguishable conductance states can therefore be obtained. Fig. 2c demonstrates181

64 programmable conductance states over three consecutive potentiation–depression182

cycles, confirming the multilevel weight-storage capability and the repeatability of the183

synaptic update behavior. These weight states were programmed using gate pulses of184

10 V for 10 µs and +9.5 V for 100 ns for potentiation and depression, respectively.185
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To further assess device-level robustness, the potentiation and depression character-186

istics were evaluated across eight devices, demonstrating reproducible weight-update187

behavior and device-to-device uniformity (See details in Supplementary Note S2.2).188

For the neuron operation, VG was fixed at 3 V to maintain the channel in a189

nominally off state. When an input current (I in) pulse is applied to the drain of the190

1T-neuron, positive charge accumulates at the drain electrode due to the parasitic191

capacitance (C par), thereby increasing the drain voltage (V D), which corresponds to192

the membrane potential (Vmem) of the 1T-neuron. When I in is removed, electrons193

injected from the source through the off-state leakage path compensate the stored194

positive charge and gradually discharge the drain electrode, producing leaky decay of195

the membrane potential (Fig. 2d, left). Consistent with the charge-based mechanism,196

the measured traces show a stepwise increase in membrane potential during each input197

pulse and partial decay between successive pulses (Fig. 2e). Increasing the number198

of input pulses from one to seven progressively raises the membrane potential while199

preserving inter-pulse leakage. Measurements across eight devices further confirm the200

device-level reproducibility of leaky integration (See details in Supplementary Note201

S2.3).202

Moreover, the 1T-neuron implements threshold firing and reset through the STL203

phenomenon37. A constant 20 nA I in raises the drain voltage until it reaches the latch-204

up voltage (V latch), which corresponds to the firing voltage (V firing) of the neuron.205

The high electric field near the drain induces impact ionization (I.I), and the gener-206

ated holes trigger regenerative positive feedback, abruptly switching the device to a207

high-current state (Fig. 2d, right). The threshold-switching behavior is evident in the208

measured ID-V D characteristics, which exhibit an abrupt increase in ID at V latch209

(See details in Supplementary Note S2.4) The resulting high current increase rapidly210

discharges C par, thereby resetting Vmem. As shown in Fig. 2f, continuous current211

injection therefore produces repeated gradual increases in Vmem followed by abrupt212

voltage drops, demonstrating repetitive integration, firing, and reset operation of the213

1T-neuron.214

Importantly, charge stored in the CTL electrostatically modulates V latch and, con-215

sequently, V firing. Electron trapping shifts V firing toward higher voltages, whereas hole216

trapping shifts it toward lower voltages. This nonvolatile modulation enables post-217

fabrication calibration of neuronal firing characteristics and mitigates device-to-device218

variation (See details in Supplementary Note S2.5).219

The STL phenomenon also implements the cSG function through gate-controlled220

bidirectional switching. Under a high V D, increasing VG enhances electron injection221

from the source and induces I.I near the drain. The generated holes accumulate in the222

floating body and trigger the forward latch (Fig. 2g, left). In contrast, decreasing the223

gate voltage to a more negative level strengthens the electric field at the body–drain224

junction and promotes band-to-band tunneling (BTBT). Hole generation through225

BTBT triggers the backward latch (Fig. 2g, right). The forward and backward latch226

transitions are therefore initiated through different carrier-generation mechanisms but227

share the same regenerative positive feedback.228
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As shown in Fig. 2h, abrupt current transitions are observed at the backward and229

forward latch thresholds, with a low-current state maintained between the two tran-230

sitions. Additional 1T-cSG characteristics, including device variation and endurance,231

are presented in Supplementary Note S2.6. It should be noted that without current232

compliance, the drain current continues to increase after latching because regenera-233

tive feedback is accompanied by enhanced channel conduction under the continuously234

increasing gate bias. Current compliance was therefore applied to prevent excessive235

current and stabilize the post-latch operating point. From the functional perspective236

of cSG, the compliance-limited current also provides a bounded output after threshold237

switching, suppressing the dependence of output amplitude on input magnitude. In a238

practical circuit, this current-limiting function can be readily implemented using a load239

or peripheral current-limiting circuitry. Furthermore, although the 1T-cSG is charac-240

terized in the current domain, its output can be converted into a voltage signal using241

a series resistor, enabling straightforward integration with voltage-mode circuitry (see242

Supplementary Note S2.7).243

To verify that the bidirectional switching boundaries identified from the static244

characteristics can be selectively addressed during dynamic operation, pulse-based245

measurements were performed as shown in Fig. 2i. Starting from a standby VG of 2.5246

V, a positive-going VG pulse to 1.5 V selectively induces the forward latch, whereas247

a negative-going pulse to 3.5 V induces the backward latch under V D = 4 V. The248

corresponding transient ID responses exhibit distinct current pulses for the two latch249

events.250

The measured responses confirm that the 1T-cSG can independently detect251

crossings of the upper and lower switching boundaries, effectively implementing a252

boxcar-filter function. During backpropagation, a surrogate-gradient signal of 1 is253

assigned when the 1T-cSG remains within the low-current region (i.e., the box-254

car range), whereas a gradient of 0 is assigned outside the range. The bidirectional255

threshold response determines whether the synaptic input lies within or outside the256

surrogate-gradient window.257

Co-integrated circuit operation on unit architecture258

Having established the individual operation of the 1T-synapse, 1T-neuron, and 1T-259

cSG, we evaluate their integrated functionality within a unified hardware path260

interconnected through current-mirror interface circuits (see Methods, “Circuit imple-261

mentations”).262

The 1T-synapse and 1T-neuron implement the forward path of the SNN system263

(Fig. 3a, left). The devices are interconnected through a breadboard-based current-264

mirror circuit composed of two commercial p-channel MOSFET (PMOS) transistors265

(See details in Supplementary Note S3.1). Presynaptic spikes applied to the 1T-synapse266

generate a synaptic current that is mirrored into the 1T-neuron and increases V D,267

producing LIF neuronal dynamics (Fig. 3a, right). The incomplete reset of Vmem268

originates from the several-hundred-picofarad C par of the breadboard setup. In a fully269

integrated implementation, C par is expected to decrease below 100 fF, enabling Vmem270

to reset close to ground (See details in Supplementary Note S3.2).271
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Fig. 3 Circuit-level evaluation of the co-integrated 1T architecture. (a) Circuit schematic of the co-
integrated 1T-synapse and 1T-neuron connected through a current-mirror interface, and the measured
LIF response. (b) Circuit schematic of the integrated 1T-synapse and a 1T-cSG, and the measured
output current as a function of the word-line (WL1) voltage. (c) Unit architecture comprising two 1T-
synapses, one 1T-neuron, and one 1T-cSG. (d,e) Presynaptic raster plots, Vmem, and output current
of the cSG for (d) non-overlapping and (e) overlapping input spikes. (f) Simulated 32×32 differential
synaptic array with 32 1T-neurons and 32 1T-cSG modules. (g) Simulated membrane-potential and
cSG responses of eight representative channels.

To extend the integrated hardware path from neuronal processing to state-access-272

free on-chip learning, the 1T-synapse is connected to the 1T-cSG through a current-273

mirror interface circuit (Fig. 3b, left). Fig. 3b, right, shows the measured cSG current274

as a function of the WL1 voltage. At the standby WL1 voltage of 0 V, the synaptic275

current biases the gate of the 1T-cSG within the low-current region. When the WL1276

voltage decreases below −0.2 V or increases above 1 V, the change in synaptic current277

drives VG beyond the backward or forward latch threshold, respectively, producing278

a high cSG current. Accordingly, the 1T-cSG remains in the low-current state when279

the synaptic current lies within the boxcar range and switches to a high-current state280

outside the range.281
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The complete unit architecture integrates two 1T-synapses with a 1T-neuron and a282

1T-cSG (Fig. 3c). When the two presynaptic spikes arrive at different synapses without283

temporal overlap, the 1T-cSG remains in the off state and the output current stays284

low, indicating that the input condition remains within the boxcar range (Fig. 3d). In285

contrast, temporal overlap between the two presynaptic spikes produces a high 1T-286

cSG output current, indicating that the input condition falls outside the boxcar range287

(Fig. 3e). The paired measurements demonstrate selective cSG responses to temporal288

coincidence while the neuron branch preserves LIF neuronal dynamics.289

To evaluate system-level scalability, a single AIMC tile comprising a 32×32 AND-290

type differential 1T-synapse array, 32 1T-neurons, and 32 1T-cSG modules is evaluated291

using SPICE simulations based on a 180 nm process model (Fig. 3f). Each signed292

synaptic weight is encoded by a differential pair of devices with randomly programmed293

conductance states that generate diverse signed synaptic currents. Across all 32 chan-294

nels, the neuron and cSG devices independently exhibit the intended LIF and cSG295

operations, supporting the scalability of the integrated block as a building unit for296

multi-tile neuromorphic systems (see Supplementary Note S3.3). The responses of297

eight representative channels (Fig. 3g) show neuronal membrane potentials evolving298

through integration of accumulated synaptic currents, while the corresponding 1T-299

cSG modules generate surrogate signals only when the synaptic currents remain within300

the prescribed operating window (see Supplementary Note S3.4). Consistent and inde-301

pendent responses across randomly programmed channels demonstrate the functional302

scalability of the integrated AIMC tile. SPICE simulations also validate circuit-level,303

spike-based temporal eligibility computation by the eLIFE module using 1T-neurons304

(see Supplementary Note S3.5).305

Performance of training with state-access-free modules306

Algorithm-level simulations evaluate cSG and eLIFE as the core state-access-free mod-307

ules across networks and datasets of various scales (see Supplementary Note S4.1 for308

datasets, training settings, and network configurations). The performance of cSG is309

compared with that of conventional surrogate gradients (SG), while the effect of eLIFE310

is evaluated using otherwise matched configurations with and without eLIFE.311

The small-scale evaluation considers two SNN architectures (Fig. 4a). Architec-312

ture 1 (Arch. 1) adopts a feedforward network topology, whereas Architecture 2313

(Arch. 2) introduces feedback connections that provide an additional pathway for314

temporal information (see the ablation studies in Supplementary Note S4.3). Both315

architectures are trained using SLTT, which computes spatial gradients at every time316

step, or SOLO, which uses only the spatial gradient from the final time step.317

The proposed state-access-free modules are first evaluated on small-scale networks318

(Fig. 4b). On the S-MNIST task, Arch. 1 reveals an algorithm-dependent effect of319

eLIFE. Adding eLIFE slightly lowers accuracy under SLTT but raises it under SOLO320

for both SG and cSG. On the SHD task, Arch. 1 shows a pronounced accuracy drop321

when cSG is used with SOLO. Incorporating eLIFE largely restores the lost accuracy,322

and eLIFE improves performance across all matched configurations on SHD. Across323

both temporal tasks, SOLO generally outperforms SLTT in Arch. 2, suggesting that324

the feedback architecture is well suited to settings that combine cSG with SOLO, in325
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Fig. 4 Algorithm-level evaluation of state-access-free modules for hardware-friendly SNN training.
(a) Network structures used for the small-scale evaluation. Arch. 1 uses feedforward inter-layer con-
nections between recurrent spiking layers, whereas Arch. 2 adds feedback connections that provide
an additional pathway for temporal information. (b) Classification accuracy on F-MNIST, S-MNIST,
and SHD using SLTT or SOLO with SG or cSG and with eLIFE enabled or disabled. eLIFE produces
algorithm-dependent changes on S-MNIST and restores accuracy after the pronounced cSG degra-
dation under Arch. 1 with SOLO on SHD. (c) Large-scale evaluation using pre-activation ResNet-18
on CIFAR-10, CIFAR-100, CIFAR10DVS, and DVS128Gesture, Spikformer on ImageNet, and EMS-
YOLO on COCO. Evaluated conditions include SG, cSG, and cSG with eLIFE, where applicable,
under STBP, SLTT, SLTT-2, and SOLO. cSG and eLIFE generally preserve performance, particu-
larly with spatial-gradient-based training.

which both the surrogate-gradient module and the training algorithm have limited326

access to temporal information.327

Next, the large-scale evaluation encompasses static and event-based image clas-328

sification and object detection using pre-activation ResNet-18, Spikformer, and329

EMS-YOLO (Fig. 4c). Pre-activation ResNet-18 is evaluated on the static CIFAR-330

10 and CIFAR-100 datasets and the event-based CIFAR10DVS and DVS128Gesture331

datasets. Spatio-temporal backpropagation (STBP) assigns credit across all time steps332

through both spatial and temporal gradients. Under STBP, replacing conventional333

SG with cSG, either alone or together with eLIFE, consistently lowers accuracy, with334

the largest reductions observed on CIFAR-100 and DVS128Gesture. Training with335

SLTT, SLTT-2, or SOLO relies exclusively on spatial gradients and often maintains or336

improves accuracy when cSG is used alone or together with eLIFE. Excluding STBP,337

cSG, either alone or together with eLIFE, does not degrade accuracy by more than338

1.5% on any dataset evaluated with ResNet-18. The ResNet-18 results demonstrate339

that cSG and eLIFE can be incorporated into large-scale networks without sub-340

stantial accuracy loss, particularly when training relies primarily on spatial-gradient341

computation.342
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Spikformer and EMS-YOLO are evaluated on ImageNet classification and COCO343

object detection, respectively38,39. On ImageNet, cSG does not degrade accuracy by344

more than 1% under either SLTT or SOLO relative to conventional SG. On COCO,345

cSG improves mAP by approximately 0.6% under both SLTT and SOLO. The Ima-346

geNet and COCO results support the scalability of cSG across large-scale classification347

and detection tasks.348

Across the evaluated networks and datasets, cSG and eLIFE generally preserve349

performance while relying on hardware-accessible signals. Efficient training methods350

based on spatial gradients further reduce computational cost by avoiding temporal-351

gradient propagation, aligning state-access-free training with hardware-aware learning352

scenarios. The overall results support state-access-free training as a scalable alternative353

whose effectiveness depends on the network architecture and training algorithm.354

Benchmark accuracy alone does not establish whether pretrained representations355

can be adapted under analog device constraints without degrading previously learned356

classes. Continual learning aims to acquire new information while retaining previously357

acquired knowledge40.358

Performance on analog on-chip continual learning359

In real-world applications such as robotics, continual acquisition of new informa-360

tion is important as environments and operating conditions change over time40. The361

previous analog fine-tuning workflow41 is extended to a simulated analog on-chip362

continual-learning framework. Measured characteristics of 1T-synapses, 1T-neurons,363

and 1T-cSG modules are incorporated into the network models to represent hard-364

ware nonidealities (See details in Supplementary Note S5.1). Additional spiking VGG9365

experiments demonstrate that the framework remains effective at a larger scale under366

hardware nonidealities, achieving sufficient convergence within 10 epochs using the367

analog fine-tuning workflow (See details in Supplementary Note S5.2).368

The simulated on-chip continual-learning framework is evaluated with sample-wise369

updates and one withheld target class per run (Fig. 5a). Selective weight updates and370

interleaved rehearsal, which revisits past training data to limit forgetting42,43, are371

applied during adaptation. SOLO-pretrained Arch. 2 is adopted for online adapta-372

tion, with SLTT-pretrained initialization also evaluated (See details in Supplementary373

Note S5.3). Digital and analog synaptic implementations are compared to assess374

whether the energy-motivated transition to analog computation preserves algorith-375

mic performance in online adaptation and retention under experimentally calibrated376

device characteristics. Within each implementation, cSG alone is compared with cSG377

combined with eLIFE to assess target-class learning and retention of previously seen378

classes.379

The per-class accuracy-change maps show target-class learning with cSG and380

eLIFE even after incorporating analog characteristics (Fig. 5b,c). With cSG alone, sub-381

stantial target-class gains are accompanied by pronounced losses in previously learned382

classes. The difference is particularly evident in the target-wise ten-class mean accu-383

racy changes, which are positive for every target with eLIFE but strongly negative with384

cSG alone in both digital and analog implementations (Fig. 5d). Although cSG alone385

yields larger target-class gains (Fig. 5e), the accompanying old-class losses are much386
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Fig. 5 Toward an analog on-chip continual-learning framework with state-access-free cSG and eLIFE
modules. (a) Rehearsal-assisted online adaptation to one independently withheld class per run using
SOLO-pretrained Arch. 2 weights, with one sample per weight update and selective weight training.
(b,c) Per-class accuracy-change maps using cSG alone or with eLIFE for (b) digital and (c) analog
synaptic implementations. Diagonal elements measure target-class accuracy gains and off-diagonal
elements measure accuracy changes in previously seen classes. (d) Target-wise ten-class mean accuracy
change, computed as the row-wise mean of each matrix in (b,c), showing the balance between target-
class gains and old-class losses. (e–g) Digital–analog comparisons of (e) target-class accuracy gain,
(f) mean accuracy change in previously seen classes, and (g) overall ten-class mean accuracy change.
Connected points correspond to the same target class; diamonds and horizontal bars indicate means
across targets.

greater than with eLIFE (Fig. 5f), resulting in negative rather than positive overall387

mean accuracy changes (Fig. 5g). Under the tested adaptation conditions, combining388

cSG with eLIFE improves the balance between unseen-class learning and retention389

of previously seen classes. Reduced old-class losses are also observed when eLIFE is390

added to conventional digital SG, indicating that the retention benefit is not limited391

to the current-based surrogate (See details in Supplementary Note S5.4). Exploratory392

t-SNE and accumulate-neuron analyses further examine feature representations and393

output-state dynamics before and after adaptation (See details in Supplementary394

Note S5.5).395
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Fig. 6 Model-based inference-energy estimates for analog SNNs. (a) FLOPs evaluation for Spiking
VGG-9 and Arch. 2 using digital-equivalent operation counts and mapping of synaptic operations
to analog accumulation (AC). (b) Estimated inference energy for Spiking VGG-9 under the adopted
model, decreasing by 85.05% relative to the fully digital baseline, from 2.04 × 108 to 3.05 × 107 pJ,
a modeled saving of 1.735× 108 pJ. (c) Estimated inference energy for Arch. 2, decreasing by 68.4%
under the same model, from 1.50× 107 to 4.74× 106 pJ, a modeled saving of 1.026× 107 pJ.

Discussion396

We present a hardware–algorithm co-designed neuromorphic architecture for state-397

access-free learning and inference. The cSG and eLIFE modules avoid external access398

to internal membrane potentials during gradient computation. Fabricated devices and399

the measured 1T-based unit architecture establish the physical feasibility of synap-400

tic storage, neuronal dynamics, and cSG generation. SPICE simulations support401

eLIFE circuit operation, while network simulations incorporating measured device402

characteristics demonstrate a hardware-compatible analog fine-tuning workflow with403

competitive algorithmic performance.404

The potential inference-energy benefit of the analog implementation is assessed405

for spiking VGG-9 and Arch. 2 using digital-equivalent FLOPs and an energy model406

that includes basal neuronal updates and event-driven synaptic and neuronal activity407

(Fig. 6a). Mapping a substantial fraction of the high-density network operations to408

analog accumulation replaces energy-intensive digital cycles. Under the adopted model409

and energy parameters, the analog-dominant implementations reduce total inference410

energy by 85.05% for spiking VGG-9 and 68.4% for Arch. 2 relative to fully digital411

baselines, corresponding to savings of 1.735 × 108 and 1.026 × 107 pJ per inference,412

respectively (Fig. 6b,c). The estimated reductions arise mainly from the small modeled413

contribution of analog neuronal dynamics and the lower modeled synaptic-energy cost414

of analog accumulation (AC).415

Training energy requires further investigation. At the device level, high gate volt-416

ages trigger Fowler-Nordheim (FN) tunneling while the source and drain terminals417

remain grounded, suppressing channel-current flow during programming. In a prac-418

tical system, however, high-voltage operation requires charge-pump circuits that can419

consume several milliwatts (mW), underscoring the need for chip-level optimization420

of training energy in a fully integrated implementation44. Selective fine-tuning of the421

feedback and output weights may reduce costly programming operations relative to422

training from scratch, but programming counts have not been measured. The energy,423

area, and latency of a complete integrated learning system have not been evaluated.424
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Homogeneous co-integration of 1T-neurons, 1T-synapses, and 1T-cSGs validates425

the common device platform and the physical feasibility of the proposed functions.426

The current-mirror interfaces used in the unit demonstration were implemented with427

external components; monolithic integration of equivalent peripheral circuits with428

1T-devices and control logic remains a prospective route toward system scalability.429

Compared with circuit-based spiking neurons, the proposed 1T-neuron provides a430

compact footprint as small as 6F 2, supporting the high-density integration required431

for scalable neuromorphic systems (see details in Supplementary Table S5). Supple-432

mentary Table S6 compares the 1T-neuron with representative device-based neuron433

implementations.434

Taken together, these results support formulating learning rules around hardware-435

accessible signals. The observed architecture- and training-rule-dependent outcomes436

delimit the tested scope of this approach. Further comparisons with hardware-friendly437

local learning rules36 and shared neuromorphic benchmarks45 would help identify the438

operating regimes in which such co-design is most beneficial.439

Methods440

Preliminaries441

Leaky integrate-and-fire neuron model442

The LIF neuron model is adopted because its simple dynamics are well suited443

to spiking-network simulation and analog implementation46. The subthreshold444

membrane-potential dynamics are defined as445

τmem
∂Vmem(t)

∂t
= −(Vmem(t)− Vreset) + I(t), (1)

where Vmem(t) is the subthreshold membrane potential, Vreset is the reset potential446

after spike generation, τmem is the membrane time constant, and I(t) is the normalized447

synaptic input.448

Discrete leaky integrate-and-fire neuron model449

The discrete computational form of the LIF neuron model is defined as450

I li [t] =
∑

j

W l
ijS

l−1
j [t] (2)

V l
i [t] = βV l

i [t− 1](1− Sl
i[t− 1]) + I li [t] (3)

Sl
i[t] = Θ(V l

i [t]− ϑth), (4)

where I li [t] is the synaptic input to neuron i in layer l, W l
ij is the weight from presy-451

naptic neuron j to postsynaptic neuron i, and Sl−1
j [t] is the binary presynaptic spike.452

The variables V l
i [t] and Sl

i[t] denote the membrane potential and output spike of neu-453

ron i, respectively. The membrane-decay factor is β = exp(−∆t/τmem) for simulation454
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time step ∆t, Θ(·) is the Heaviside function, and ϑth is the firing threshold. Equation 4455

assumes Vreset = 0, no bias current, and a multiplicative hard reset.456

Surrogate gradient457

Owing to the non-differentiability of the Heaviside function, the surrogate gradient458

method is employed27. In particular, the boxcar function is adopted because of its459

suitability for efficient on-chip implementation.460

∂Sl
i[t]

∂V l
i [t]

≈ 1
l
V,i[t] = Θ

(
pV −

∣
∣V l

i [t]− ϑth

∣
∣
)
, (5)

where 1
l
V,i[t] is the binary boxcar output and pV is the half-width of the voltage-461

domain surrogate-gradient window.462

State-access-free modules463

Current-based surrogate gradient464

The current-based surrogate gradient addresses the inaccessibility of membrane465

potentials by deriving the binary surrogate signal from the synaptic current. The466

current-domain boxcar is defined as467

1
l
I,i[t] = Θ

(
pI −

∣
∣I li [t]− Ith

∣
∣
)
, (6)

where Ith and pI are the center and half-width of the current-domain cSG window,468

respectively. During gradient computation, 1l
I,i[t] replaces the voltage-dependent term469

1
l
V,i[t]. The low-current state of the 1T-cSG corresponds to 1

l
I,i[t] = 1, whereas a latch470

event outside the prescribed window corresponds to 1
l
I,i[t] = 0.471

Eligible leaky integrate-and-fire encoder472

To implement eligibility traces on neuromorphic chips without exposing continuous473

states, an eLIFE module is associated with each encoded spike stream. The module474

uses two interconnected clone neurons with LIF dynamics. Let Sl
m,i[t] denote the main-475

neuron spike supplied to the eLIFE module associated with neuron i in layer l. The476

clone-neuron dynamics are477

V l
c1,i[t] = βc1V

l
c1,i[t− 1](1− Sl

c1,i[t− 1]) + Sl
c2,i[t− 1] + Sl

m,i[t] (7)

Sl
c1,i[t] = Θ(V l

c1,i[t]− ϑth) (8)

V l
c2,i[t] = βc2V

l
c2,i[t− 1](1− Sl

c2,i[t− 1]) + Sl
c1,i[t− 1] (9)

Sl
c2,i[t] = Θ(V l

c2,i[t]− ϑth), (10)

where V l
c1,i[t] and V l

c2,i[t] are the membrane potentials of clone neurons c1 and478

c2, and Sl
c1,i[t] and Sl

c2,i[t] are the corresponding binary spikes. The deployed clone-479

neuron decay factors are βc1 = 0.5 for the clone receiving the main-neuron spike and480
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βc2 = 1 for the recurrently driven clone. The input and cross-coupling weights in481

Eq. 10 are fixed at unity, and no sigmoid is applied to the fixed coefficients during482

network execution. The Heaviside function and firing threshold follow the definitions483

used for the main LIF neuron (See details in Supplementary Note S4.2).484

The eligible spike is the logical OR of the main- and clone-neuron spikes:485

Ŝl
i[t] = Sl

m,i[t] ∨ Sl
c1,i[t] ∨ Sl

c2,i[t], (11)

where Ŝl
i[t] is the final eligible spike associated with neuron i at layer l.486

Device fabrication487

For hardware implementation of the analog SNN system, homogeneous 1T-based neu-488

rons, synapses, and cSG modules were fabricated on a single 8-inch p-type (100)489

silicon-on-insulator (SOI) wafer with a 145 nm buried-oxide (BOX) layer and a 55490

nm top-Si layer. The active regions were patterned first, followed by deposition of an491

ONO stack composed of 3 nm SiO2, 6 nm Si3N4, and 8 nm SiO2. A 100 nm heav-492

ily doped n+ polycrystalline-Si layer was then deposited and patterned to form the493

gates. Finally, self-aligned phosphorus implantation and rapid thermal annealing were494

performed to form the source and drain regions.495

Circuit implementations496

LIF 1T-neuron and 1T-synapse497

The circuit was operated at V DD = 3.3 V. Presynaptic pulses with an amplitude of 1498

V and a duration of 200 ms were applied to the gate of the 1T-synapse, pulling down499

VG of the current-injecting PMOS transistor connected to the drain of the 1T-neuron.500

The resulting 200 ms current injection raised Vmem during integration, followed by a501

300 ms leakage interval after the presynaptic pulse. When Vmem reached V firing, the502

1T-neuron fired and reset Vmem.503

1T-cSG and 1T-synapse504

V DD and V SS were set to 3.3 V and −4 V, respectively, to establish the operating505

range of the 1T-cSG. At sufficiently low WL1 voltage, the synapses provide insufficient506

current to raise the 1T-cSG gate voltage, and BTBT maintains the device in the507

backward-latched state. Increasing WL1 raises the synaptic current mirrored to the508

1T-cSG gate. The backward latch is released when VG crosses the lower threshold,509

placing the device in the high-resistance state (HRS). A further increase in WL1510

triggers the I.I.-induced forward latch.511

Unit architecture512

In the unit architecture, a resistive divider between V DD and V SS with a 1:4 ratio513

biased the 1T-cSG gate near −2.5 V. The device remained in the HRS in the absence514

of presynaptic spikes. When two presynaptic pulses with an amplitude of 1 V and515

a duration of 200 ms overlapped, the two 1T-synapses supplied sufficient current to516

raise VG, triggering the forward-latched state and producing a high output current.517
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Algorithm-level evaluation configuration518

Algorithm-level evaluation compares SG and cSG, with eLIFE enabled or disabled as519

an ablation variable, under matched network, optimizer, and training-rule settings.520

Continual-learning performance analysis521

For each independently withheld SHD class t, accuracy changes are measured from the522

condition-specific pre-adaptation baseline to the end of all 20 target-learning/rehearsal523

rounds. The class-wise accuracy change is524

∆At,j = Apost
t,j −Abase

t,j , (12)

where j indexes Classes 0–9. Diagonal entries measure target-class gain, while off-525

diagonal entries measure changes in previously seen classes. The overall ten-class526

accuracy change is the row-wise mean,527

∆ACCt =
1

10

9∑

j=0

∆At,j . (13)

Calculation of energy cost528

The total energy consumption of the proposed SNN architecture, Etotal, is modeled529

as the sum of the energy dissipated in digital layers, Ld, and analog layers, La. For530

each layer, the energy is decomposed into synaptic and neuronal components and531

accumulated over T simulation time steps (See details in Supplementary Note S6.2).532

Etotal =
∑

l∈Ld

T ·

[ (

OP
(l)
MACE

d
MAC + f

(l)
r,inOP

(l)
ACE

d
AC

)

︸ ︷︷ ︸

digital synaptic energy

+N (l)
neu

(

Ed
up + f

(l)
r,outE

d
fire

)

︸ ︷︷ ︸

digital neuronal energy

]

+
∑

l∈La

T ·

[ (

2f
(l)
r,inOP

(l)
ACE

a
AC

)

︸ ︷︷ ︸

analog synaptic energy

+N (l)
neu

(

Ea
up + f

(l)
r,outE

a
fire

)

︸ ︷︷ ︸

analog neuronal energy

]

,

(14)

Here, OP
(l)
MAC and OP

(l)
AC are the numbers of multiply-accumulate (MAC) and accu-533

mulate (AC) operations mapped to layer l per time step, and N
(l)
neu is the number of534

neurons in the layer. The dimensionless quantities f
(l)
r,in and f

(l)
r,out are the average frac-535

tions of input and output neurons that spike in one time step. The parameters Ed
MAC536

and Ed
AC are the energy costs per digital MAC and digital AC, and Ea

AC is the energy537

cost per individual 1T synapse. The factor of 2 in the analog synaptic term accounts538

for the two physical synapses in the differential GP/GM pair used to represent each539

signed weight. The basal update energies per neuron and time step are Ed
up and Ea

up,540

while Ed
fire and Ea

fire are the dynamic energies dissipated per spike.541
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For the digital synaptic energy parameters, Ed
MAC is 4.6 pJ and Ed

AC is 0.9 pJ47.542

The analog value Ea
AC is estimated as 0.05 pJ per individual 1T synapse from the543

interface-inclusive read power and pulse duration. The explicit factor of two in Eq. 14544

therefore yields 0.10 pJ per logical signed operation represented by a differential545

GP/GM pair. The adopted digital neuronal energy parameters are Ed
up = 9.736 pJ546

and Ed
fire = 1.0 pJ48, whereas the analog neuronal values Ea

up = 0.0072 pJ and547

Ea
fire = 0.3136 pJ are estimated from the capacitance-based model. The high-level548

operation counts OP
(l)
MAC and OP

(l)
AC incorporate hardware-specific mapping factors,549

including the number of processing-element cycles, C
(l)
pe , and the 32 × 32 crossbar550

dimension, Nxbar.551
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Data availability552

The public datasets used in this study are available from their respective553

sources, including MNIST, Fashion-MNIST, CIFAR-10, CIFAR-100, CIFAR10-DVS,554

DVS128Gesture, SHD, ImageNet-1K, and COCO 2017. The generated data support-555

ing the device-characterization measurements, network simulations, continual-learning556

analyses, and energy estimates can be requested from the corresponding authors. The557

limitations of the retained aggregate continual-learning records, including the inabil-558

ity to reconstruct all paired seed-wise variances, are described in the Supplementary559

Information.560

Code availability561

The custom code used for SNN training, implementation of the cSG and eLIFE mod-562

ules, analog-aware post-training, tile-level simulation analysis, and energy estimation563

will be made available to editors and reviewers upon reasonable request during peer564

review. The code will be publicly released upon acceptance.565
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