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Wafer-scale fabrication of memristive
passive crossbar circuits for brain-scale
neuromorphic computing

Sanghyeon Choi 1,2 , Sai Sukruth Bezugam 1, Tinish Bhattacharya 1,
Dongseok Kwon 1,3 & Dmitri B. Strukov 1

Memristive passive crossbar circuits hold great promise for neuromorphic
computing, offering high integration density combinedwithmassively parallel
operation. However, scaling up the integration complexity of such circuits
remains challenging due to low device yield, stemming from the intrinsic
properties of filamentary switching and limitations in current crossbar fabri-
cation technologies. Here, we report a scalable passive crossbar device tech-
nology achieved through a co-design approach for memristors and crossbar
structures. The proposed hardware platform is fabricated using CMOS-
compatible processes without complex and high-temperature steps, enabling
high device yield along with reliable and multibit operation. Importantly, the
fabrication process is successfully scaled to a 4-inch wafer, maintaining an
average device yield (>~95%) and preserving key switching characteristics. The
potential of this platform is showcased by implementing image classification
of the fashion MNIST benchmark with an ex-situ trained spiking neural net-
work.We believe that ourwork represents a significant step toward brain-scale
neuromorphic computing systems.

High integration complexity is fundamentally indispensable for an
advanced neuromorphic hardware system aiming to achieve cognitive
functionalities comparable to those of the biological brain1–7. It is well-
known that the brain comprises approximately 1011 neurons and 1015

synapses with its structural complexity and dense connectivity, all
contained within a compact size8,9. This has naturally driven a growing
demand for the development of highly integrated neuromorphic chips.
For example, BrainScaleS, part of the European Human Brain Project,
implemented a neuromorphic architecture on a single chip with an
analog core of 512 neurons and ~131k 6-bit SRAM (static random-access
memory) crossbar synapses based on 65 nm technology (further
described in Supplementary Note 1)7, demonstrating a promising tool
for advanced computing and neuroscience research. However, this
platform remains far from the brain’s structure, suggesting the need for
a physical solution to further enhance integration complexity.

In this context, memristive device technology holds great pro-
mise for implementing artificial synapses to address this challenge.
To date, there has been substantial progress in actively integrated
memristor circuits utilizing a one-transistor-one-memristor (1T1M)
configuration10–18. This is mainly because a dedicated transistor can
regulate its corresponding memristor, thereby effectively enhancing
the controllability for memristors due to 1T per memristor. Various
demonstrations of 1T1M active crossbar circuits have been presented
by both academia and industry. For example, Yao et al. implemented
convolutional neural networks by integrating eight 128 × 16 1T1M
circuits13. Wan et al. suggested a versatile memristor-based compute-
in-memory chip for diverse model architectures, where 48 cores
consisting of a 256 × 256 1T1M crossbar circuit (in total, ~3 million
memristors) were monolithically integrated with a CMOS (com-
plementary metal-oxide-semiconductor) circuit14. Song et al.
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reported an analog in-memory computing accelerator consisting of
256 × 256 active circuits, fabricated in a commercial foundry and fully
integrated with CMOS circuitry on a 12-inch wafer17. Although this
approach has been regarded as a practical solution for implementing
large-scale integration, passively integrated memristive circuits are
especially promising due to their higher density potentials and
integration capability with conventional CMOS chips at lower fabri-
cation cost19–30. This key benefit arises from the 4F2 passive crossbar
structure, which arranges memristors at each crosspoint (F is the
feature size) to achievemuch higher integration density compared to
similar-precision conventional memories31–34. For example, even
assuming ~400% peripheral overhead due to programming
circuitry24, such circuits could be more than 25× denser than 4-bit
SRAM typically required for neuromorphic inference accelerators
(and even more so for 6-bit SRAM utilized BrainScaleS system)7. This
packing density can be further enhanced by vertically stacking mul-
tiple crossbar circuits into a 3D-integrated multilayered architecture,
where density scales with the number of stacked layers (n), yielding
4F2/n19,27. Consequently, memristive passive crossbar circuits can
significantly increase integration complexity, making it a key enabler
for brain-scale neuromorphic computing (further described in the
“Discussion” section).

Nevertheless, the current extensive demonstrations generally
remain limited to small-scale passive crossbar circuits, which inevitably
confines their use to relatively simple systems. The primary challenge
results from the difficulty of controlling the switching filament. Since
filament formation is based on the electroforming process via soft
breakdown31–34, memristors are likely to experience hard breakdown
during operation, leading to low device yield and undesirable switch-
ing characteristics. These issues become more pronounced when
memristors are organized into crossbar circuits able to affect one
another. Moreover, voltage drops and leakage currents inherent to the
passive crossbar structure present another significant challenge for
scaling up21,31–35. To address these bottlenecks, various approaches
have been explored in terms of device, fabrication, and
circuit19,23,24,27–30,36–39. For example, So et al. proposed a 24 × 24 passive
crossbar circuit incorporating naturally oxidized AlOx and annealing
processes, effectively suppressing current overshoot and improving
device yield29. Park et al. developed a 16 × 16 circuit using an Al2O3-
based trilayer oxide stack, where the Al2O3 barrier minimized leakage
current and increased nonlinearity28. Jeon et al. demonstrated a 32 × 32
passive crossbar circuit based on self-rectifyingmemristors, enhancing
programming reliability and selectivity by reducing leakage currents30.
Adam et al. addressed rabbit ear formations along electrode lines via
Ar ion beam etching, reducing the hard-breakdown risk in a 3D stacked
2 × 10 × 10 circuit19. Kim et al. leveraged a finely calibrated CMP (che-
mical mechanical polishing) process for a 64 × 64 circuit, mitigating
voltage dropwith high-aspect-ratio electrodes while decreasing rabbit-
ear issues24. Zidan et al. utilized multiple small-scale crossbar circuits
rather than a single large crossbar circuit to alleviate parasitic effects
from line resistance and leakage currents21. Although all thesemethods
are undoubtedly noteworthy, most of them are still constrained by
several critical limitations such as deficient device yield, slow speed,
poor retention, speed-retention dilemma, incompatibility with CMOS
process, and/or requirement of labor-intensive calibration processes.
Consequently, achieving practical scalability remains elusive within
current memristor technology due to the lack of an effective solution
to address these challenges all at once, and this can account for the
slow progress on memristive passive crossbar circuits.

Simultaneously, wafer-scale fabrication is highly demanded for
the development of neuromorphic hardware systems3,7,40–42. Con-
sidering that the required communication bandwidth in such systems
can surpass 10¹¹ neural events per second43, wafer-scale fabrication
offers potential advantages over conventional flip-chip technology
with a very high I/O count, especially in reducing complicated circuit

designs and high packaging costs by directly interconnecting chips on
a wafer. However, the benefits of wafer-scale integration must be
secured with high device yield, which remains a critical hurdle for the
widespread adoption of memristive passive crossbar circuits.
Recently, Chen et al. reported wafer-scale integration of multiple
10 × 10 passive crossbar circuits based on 2D h-BN memristors, exhi-
biting high yield and low switching variation41. Tang et al. utilized a
solution-processed 2D MoS2 memristor for wafer-scale integration of
diverse crossbar circuits (from 1 × 1 to 10 × 10 circuits)42. However,
although these platforms are promising progress, they remain con-
fined to small-sized 10 × 10 crossbar circuits. Further, wafer-scale fab-
rication of passive crossbar circuits based onmetal-oxide memristors,
enabling high yield and reliable switching behaviors, has yet to be
reported.

Amain contribution of this study is to appropriately combine and
adapt the separate solutions into a unified fabrication scheme that
employs CMOS-compatible and simple processes. Especially, the
device yield of memristive passive crossbar circuits can be effectively
enhanced, while avoiding the labor-intensive fabrication steps and
strict process flows. With the co-design approach, we demonstrate
wafer-scale high-yield fabrication of all passive crossbar circuits (>~95
% yield on average) beyond a single isolated standout result, while
securing essential switching parameters. Further, as a potential appli-
cation, a multilayered spiking neural network (SNN) is implemented
based on the proposed crossbar circuits. The proposed platform,
based on the co-design approach, offers a route toward practical
scalability of memristive passive crossbar circuits.

Results
Design and fabrication
Figure 1a–e illustrates the fabrication processes. All electrode lines (Pt/
Ti) were patterned and deposited with a maskless photolithography
and an electron beam deposition. The bilayer oxides (TiO2/Al2O3) are
sequentially stacked by using the atomic layer deposition (ALD) pro-
cess. As a result, the device structure consists of Pt/Ti/TiO2/Al2O3/Pt/Ti
at each crosspoint (Fig. 1f), which was confirmed by the ex situ X-ray
photoelectron spectroscopy (XPS) analysis (Supplementary Fig. 1). The
detailed fabrication processes are presented in Method section and
Supplementary Fig. 2. During the fabrication process, there are two
noticeable points as follows. One is that the bottom electrodes were
patterned based on a back-filling process (Fig. 1a–c). This step can
partially mitigate the rabbit ear that is sharply formed along the side-
wall of the bottom electrodes after the patterning (Supplementary
Figs. 3 and 4), which might be associated with the interplay between
metal evaporation and etching processes44–46. Because the applied
electric field can be excessively concentrated and enhanced around
the rabbit ear due to its sharp geometry19,24,38, memristors are sus-
ceptible to either the hard breakdown or ON-stuck problem, which is
one fundamental reason for low device yield in crossbar circuits.
Considering that the location, size, and number of the rabbit ears vary
at each crosspoint, it is likely that each device experiences a different
effective electric field despite an application of the same input voltage.
Hence, this back-filling technique is beneficial to ensure high yield and
reliable crossbar circuits with low cost and simple methodology.
Another point is the hexagonal line shape tominimize the voltage drop
along the electrode lines betweenmemristors. This naturally alleviates
the forming failure orOFF-stuck problem, while obviating the need for
a complex process to achieve high aspect ratios required for thick
electrodes. The device structure and its design will be discussed later.

Figure 1g shows a top-view optical image of multiple 32 × 32 pas-
sive crossbar circuits formed on a 4-inch wafer based on the proposed
crossbar circuit design. Generally, as passive crossbar size expands,
several undesired effects at the device (e.g., yield and variation) and
circuit level (e.g., voltage drop and sneak current) becomesevere21,31–34.
In this regard, the arrangement of multiple passive crossbar circuits
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with an appropriate size (e.g., 16 × 16 or 32 × 32) can offer a feasible
scaling approach, because it can minimize the aforementioned pro-
blems without 1T21,31. Figure 1h–j show top-view scanning electron
microscopy (SEM) images of the representative 32 × 32 crossbar array
(Fig. 1h) and its enlarged views of 3 × 3 (Fig. 1i) and 1 × 1 sub-arrays
(Fig. 1j), revealing a cell line width of approximately 2μm. Figure 1k
shows a cross-sectional high-resolution transmission electron micro-
scopy (HR-TEM) image of the memristor at a crosspoint, confirming
the Pt/Ti/TiO2/Al2O3/Pt/Ti junction structure. Note that the corre-
sponding energy dispersive spectroscopy (EDS) results are presented
in Supplementary Fig. 3. Figure 1l shows the representative 32 × 32
passive crossbar circuit mounted on a custom-built test board. With
this measurement setup, our design was confirmed to clearly enhance
device yield, as shown in Fig. 1m.Here, samples 1, 2, and3 represent the
cases of using the hexagonal line alone, the back-filling process alone,
and the back-filling process with the hexagonal line, respectively.
When compared to other cases (71.2% (729/1024) for sample 1 and 78.2
% (801/1024) for sample 2), it is likely that our design exhibits a higher
device yield (98.4 % (1008/1024) for sample 3) as visualized in Fig. 1n.
These results can be explained by the partial reduction of rabbit ear

(Fig. 1o, p) and voltage loss (Fig. 1q, r), verifying the benefits of our
approach. Although this demonstration alone is not sufficient to claim
generalization, these results can reflect the meaningful trends of
device yield driven by each fabrication approach. The detailed device
yields for samples 1 and2 areprovided in Supplementary Fig. 5. Further
discussion on the merits of our approach is presented in Supplemen-
tary Note 2 of Supplementary Information. Moreover, in Supplemen-
tary Fig. 6 and Supplementary Note 3, we present theoretical analysis
and discussion on our crossbar structure design by considering device
behaviors and essential parameters of crossbar circuits.

Electrical characteristics
Figure 2a shows a representative current–voltage (I–V) switching curve
of a memristor in the 32 × 32 passive crossbar circuit, representing the
currents in theOFF state (IOFF) andON state (ION) atVREAD = 0.2 V. It has
been suggested that the memristive switching in similar material sys-
tems results from the formation and rupture of the switching filament
based on oxygen vacancies (VO) between two-terminal electrodes,
which is related to the combination of the electric field and Joule
heating effect. After the completion of the initial electroforming

Fig. 1 | Scalable passive crossbar circuit design and fabrication. a–e Schematics
of fabrication steps. fMagnified schematic of a Pt/Ti/TiO2/Al2O3/Pt/Ti memristor at
a certain crosspoint in panel (e) (red dotted line). g. A top-view optical image of
multiple 32 × 32passive crossbar circuits fabricatedon a 4-inchwafer.h–j Top-view
SEM images of a representative 32 × 32 passive crossbar circuit (h), along with
magnified views of a 3 × 3 sub-array (i) and a 1 × 1 sub-array (j). The device linewidth
is 2μm. The scale bar for (h–j) is 100μm, 10μm, and 2μm, respectively. k Cross-
sectional high-resolution TEM image of junction structure at the crosspoint. The
scale bar is 5 nm. l A top-view optical image of the hardware measurement system
with the fabricated passive crossbar circuits (inset). The crossbar circuit is wire-
bonded and mounted on the board system. The scale bar is 30mm and 3mm
(inset).mHistograms of the device yield as a function of sample number. Samples 1

and 2 utilize the hexagonal line alone and the back-filling process alone, respec-
tively. Sample 3 employs the combined effect of the two methods, which is our
approach. The inset represents the switching success (yellow) and failure (green,
blue), respectively. Memristors without distinguishable ON and OFF states were
considered as switching failures. n A distribution map of a 32 × 32 crossbar circuit
exhibiting switching success and failure as yellow and black boxes, respectively.
o, p Amagnified view of the SEM image at a certain crosspoint for samples 1 and 3.
This indicates that the back-filling process canmitigate the rabbit ear formed along
the bottomelectrode lines to somedegree. The scale bar for (o,p) is 1μm.q, rTop-
view SEM images of 4 × 5 sub-arrays for samples 2 and 3, revealing a clear difference
in line shape. This can prevent the reduction of the applied electric field across
multiple memristors. The scale bar for (q, r) is 10μm.
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process (Supplementary Fig. 7), as shown in Fig. 2a, a typical bipolar
switching behavior is observed with SET (VSET = ~ 1.3 V) and RESET
voltage (VRESET = ~ −2.0V). The slightly larger VRESET than VSET might be
attributed to the Joule heating-driven RESETmechanism (i.e., a certain
RESET current is required). The I changes nonlinearly according to the
applied voltage. Such I–V nonlinearitymight bemainly associatedwith
the intrinsic characteristics of TiO2

47, with some helps of 1.5 nm Al2O3

layer able to limit VO migration rate and reduce the currents at low
voltage region (Supplementary Fig. 8). In the viewpoint of the charge
transport, the IOFF is governed by the tunneling conduction, which is
consistent with the high bandgap tunnel barrier of Al2O3 (~9.0 eV)
sandwiched between switching filament and bottom electrode (Sup-
plementary Fig. 9). For the ION, Ohmic-like conduction is observed,
indicating the complete connection of filament between two electro-
des (Supplementary Fig. 9). Note that the hard breakdown phenom-
enon appears more frequently when Al2O3 thickness exceeds 2 nm,
suggesting the necessity of the optimal thickness of Al2O3 (Supple-
mentary Fig. 10).

Figure 2b, c shows the statistical distribution of VSET (blue) and
VRESET (red) for all the memristors in the 32 × 32 passive crossbar cir-
cuit. Here, the black boxes represent the switching failure (typically,
devices with small dynamic range (DR, i.e., ION/IOFF at VREAD < 3)). The
average values forVSET andVRESET are ~1.36 ±0.40 V and −2.09 ±0.27 V,
respectively. All the distributions are well-fitted by the normal

distribution curve, as shown in Fig. 2d. The observed variation in
switching voltage might be ascribed to the inhomogeneous filament
shape formed during the electroforming process. This could be
effectively mitigated if the device size decreases or a form-free mem-
ristor is used. Figure 2e–g shows the statistical histograms of ION, IOFF,
andDR for all the switchablememristors of the passive crossbar circuit
(1008 memristors) with the visualization of DR distribution (the inset
of Fig. 2g). The average values for ION, IOFF, and DR are
(3.23 ± 0.11) × 10−5A, (3.30 ±0.14) × 10−6A, and 9.78 ±0.14, respectively.
The statistical distributions of ION and IOFF are plotted in Supplemen-
tary Fig. 11. The relatively large variation in IOFF could be attributed to
an incomplete RESET process during the I–V sweeping operation. This
indicates that the DR and its variation can be further improved by
completing the RESET process, although this may limit the endurance
performance in some degree (Supplementary Fig. 12 and Supplemen-
tary Note 4). Note that the detailed measurement schemes for the
passive circuit are described in the Method section.

Figure 2h, i show the consecutive switching and retention
properties of the selected memristor over 105 cycles and 105 s. Sta-
tistical investigation of endurance and retention properties was also
performed with the randomly selected 100 memristors (Supple-
mentary Figs. 13–20 andNote 5). Additionally, thememristor can also
maintain its I–V consecutive sweeps for more than 1000 times
(Supplementary Fig. 21). These results suggest good operating

Fig. 2 | Electrical characteristics of the fabricated passive crossbar circuit. a A
representative I–V curve of the passive crossbar circuit after the completion of the
electroforming process. A sudden increase in the current is observed at ~1.3 V. This
threshold voltage is definedasVSET, which can switch the device from the IOFF to the
ION. Conversely, the ION drops and fluctuates starting at ~−2.0 V. This VRESET can
return the device from IOFF to ION. The ION and IOFF are read atVREAD = 0.2 V. The top
and bottom electrode lines for the selected memristor were biased and grounded,
respectively. b, c Distribution maps of VSET (blue) (b) and VRESET distribution (red)
(c) for all the memristors (1,024 memristors) in the fabricated 32 × 32 crossbar
circuit. The black colored boxes indicate switching-failuredeviceswith lowDR (<3).

d Statistical histograms of all the VSET and VRESET values, well-fitted by the normal
distribution curve. e–g Statistical histograms of ION (e), IOFF (f), andDR (g) for all the
switchable memristors (1008 memristors). The inset in panel (g) shows the dis-
tribution map of DR values, confirming their acceptable uniformity. These
switching parameters were obtained at VREAD = 0.2V. h Endurance cycling test of
thememristor over 105 cycles byprogramming atVSET = 1.6V andVRESET = −2.7 V for
W = 80 μs. ION and IOFF were read at VREAD = 0.2V for 1ms. i Retention test of the
memristor for >105 s after the completion of the SET- and RESET-switching transi-
tion under the same VSET, VRESET, andW. ION and IOFF were consecutively measured
at VREAD = 0.2 V for W = 1ms with an interval (Δt) of 1 s.
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stability and long retention time with acceptable switching speed
(pulse width (W) = 80μs). The average ION and IOFF for all endurance
cycles were (1.66 ± 0.43) × 10−5A and (2.51 ± 0.93) × 10-6A, whereas
(17.67 ± 0.03) × 10−6A and (1.31 ± 0.05) × 10−6 for the retention test
(Supplementary Fig. 22). Moreover, thememristors were observed to
follow the standard scaling laws, where IOFF decreases with size, while
ION remains nearly unchanged (Supplementary Fig. 23). This suggests
the potential for scaling down to a nanosized memristor, which is
further discussed in Supplementary Information (Supplementary
Fig 23 and Note 6. Consequently, our design and fabrication
demonstrate the potential for high yield and reliable switching per-
formances even without the use of 1 T.

Scaling up integration
A spatial analysis over a 4-inch wafer was statistically conducted for
integration scalability demonstration (Fig. 3). We sampled and char-
acterized 100memristors from the same region across all dies (i.e., 69
crossbar circuits) due to the limited package resources. Considering
the passive crossbar structure and lateral length scale, this sampling
from the same region of each die can be considered an appropriate

approach for the spatial analysis of the multiple passive crossbar cir-
cuits across thewafer (detailed in SupplementaryNote 7). Basedon the
estimation scheme, we found that 365 memristors did not function
well (i.e., DR < 3) among all 6900 memristors, which was estimated to
be the average device yield of 94.71 ± 4.18% as shown in Figs. 3a, b. This
result highlights the uniform and high die-to-die device yield over the
wafer, supporting the scalability of our approach. The small spatial
variation in the yield could be attributed to the overall reduction of
rabbit ear across the wafer, which decreases the possibility of hard-
breakdown phenomena caused by an excessive electric field and
reduced oxide thickness. Figure 3c–e shows the statistical histograms
of VSET, VRESET, and DR for all the functional devices over the wafer
(6535memristors). In addition, the die-to-die distributions of the same
switching parameters are also visualized in the wafer map as shown in
Fig. 3f–h. Some variations in the essential switching parameters might
be mainly attributed to the spatial variation of the bilayer oxide stack.
Also, a few dies located around the wafer edge exhibited slightly
deviated switching parameters (Supplementary Figs. 24–26). This
position-dependent variation might be attributed to the edge defect
and fabrication bias, which can becomemore pronounced around the

Fig. 3 | Statistical analysis of scalability over a wafer. a, b Statistical histograms
and the corresponding wafer map of the memristor yield for all dies (i.e., 69
crossbar circuits) over the wafer. Each die represents a passive crossbar circuit. The
yield estimation for each die was based on 100memristors positioned in the same
region across all circuits because of the limited package resources. Uniform device

yield of 94.71 ± 4.18 % was confirmed over the wafer irrespective of the wafer’s
location. c–h Statistical histograms and their corresponding wafer maps of
switching parameters VSET (c, f), VRESET (d, g), and DR (e, h) for all the switchable
memristors (6535) across all crossbar circuits (69). The VSET, VRESET, and DR were
obtained from the same definitions in Fig. 2.
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edges. The slightly increased DR can be explained by the complete
RESET process (Supplementary Fig. 12). The seamless operation of all
dies over the wafer can be enabled by the synergistic combination of
device design and process flow together with our crossbar structure.
For example, Al2O3 can suppress the excessive growth of the switching
filament, lowering the risk of hard breakdown during operation (Sup-
plementary Fig. 27). This barrier layer can also mitigate the bottom
line-to-line disturbance caused by the leakage currents. Another point
is to complete the formation of the bilayer oxide stack by ALD instead
of typical sputtering systems. There is a possibility that the sputtering
method forms porous, cracked, and imperfect stoichiometric oxide
layers24,28,48, leading to the requirement of thicker oxides and thermal
annealing. Our process method can enable a uniform and thin bilayer
stack than before, while regulating the VO profile based on the reactive
top Ti layer. This eventually obviates the necessity of the thermal
annealing process, allowing it to remain available as an additional
option for device optimization. Further, some Ti atoms can penetrate
into the TiO2 layer during the top Ti deposition, such that the top Ti
electrode was formed with the minimum arriving energy (e.g., low
deposition rate) to reduce the local strain. Consequently, this wafer-
scale demonstration supports the scalability and reproducibility of our
approach for large-scale implementation. For a better understanding,
our approach is summarized in terms of several key parameters in
Supplementary Information (Supplementary Table 1 and Supplemen-
tary Note 6), suggesting the possibility of a more scalable passive
crossbar platform than existing passive crossbar circuits.

Multibit operation
Analog and multi-level switching characteristics for computing appli-
cations were quantitatively evaluated (Fig. 4a–g). The primary
approach to implementing multiple conductance states is to sys-
temically control the growth dynamics of the switching filament using
a tuning algorithm based on an incremental programming voltage
scheme49. Fig. 4a shows the current evolution for several target con-
ductance states (i.e., G = 40μS, 35μS, 62μS, 4μS, and 15μS) obtained
using the tuning algorithm. The tuning algorithm, also referred to as
write-verify algorithms, checks the present G (or I) of the selected
device with the VREAD pulse. Then, if theG is lower than the target, VSET

pulses are incrementally introduced to the device until it falls within
the tuning error range (e.g., <5 %). Conversely, if the G is higher than
the target, VRESET pulses are applied incrementally. Note that the tun-
ing error is defined as the relative error, i.e., |(target G –measured G)|/
target G × 100%. This programming scheme resembles a common
technique used in flash memory. As shown in Fig. 4a, the G was suc-
cessfully tuned to all the target values (Fig. 4a), confirming the con-
trollability achieved through the programming scheme (details in the
caption). Figure 4b shows the consecutive analog switching curve over
106 tuning pulses atW = 80μs, showing the robust stability of multibit
switching (see the inset). Figure 4c confirms the retention property for
different 16 states (i.e., 4-bit) for 104 s. All the states obtained by the
tuning algorithm were observed to almost maintain over time without
overlapping with one another. Note that the maximum coefficient of
variation (CV) during the retention testwas 2.55% at the lowestG (black
line). All CV values are enumerated in Supplementary Table 2. Further,
linearly separable G was also implemented to demonstrate the feasi-
bility of hardware-friendly weight quantization (Fig. 4d–g and Sup-
plementary Fig. 28). Clearly, as shown in Fig. 4d, e, 4 bits (i.e., 16 states)
are observed with an interval of 5μS for 16 memristors (Fig. 4d) and
during 30 consecutive cycles for one memristor (Fig. 4e). Additional
results with different G intervals are presented in Supplementary
Fig. 28. A larger number of states is also available, including 5 bits
(32 states) and 6 bits (64 states), as shown in Fig. 4f, g. Such multibit
switching can be enabled with various other programming pulse
schemes as well. However, although the tuning algorithmmay require
a relatively large time consumption (discussed in Supplementary

Note 8), it enables precise control of memristors to achieve any target
G, significantly mitigating abrupt and nonlinear G change typically
observed in filamentary switching memristors. Hence, this approach
can facilitate ex situ training and efficient inference tasks in large-scale
implementation. To demonstrate key computational primitives for the
aforementioned ex situ and inference tasks using our passive crossbar
circuit, we have performed a vector(v)-matrix(g)multiplication (VMM)
for several fashion item images (shoes, t-shirts, and trousers). Themain
aim in this task is to perform a dot product v∙g after encoding the
images into the proposed crossbar circuit based on the tuning algo-
rithm, where v and g correspond to voltage and conductance. As
shown in Fig. 4h, i, eachpixel for the three fashion item images (28 × 28
gray-scale pixels, Fig. 4h) are encoded into the 28 × 28 subarray (yellow
dotted line) as G by using the tuning algorithm (Fig. 4i). Hence, G
values naturally become elements of g (i.e., g∈ℝ28×28, then v∈ℝ28). A
half-biasing scheme was utilized to alleviate disturbance in half-
selected memristors during the encoding process50. For better
encoding reliability, memristors that deviated from the tuning error
were re-programmed into the target through a few rounds (Supple-
mentary Note 8). The encoded g for the three images is individually
visualized as shown in Fig. 4j. The purple squares indicate tuning fail-
ure during the encoding process (i.e., DR < 3). The average relative
errors between the target and measured G were 2.62 ± 1.44 %,
2.59 ± 1.39 %, and 2.53 ± 1.49 % for shoes, t-shirts, and trousers,
respectively. Note that the tuning failure devices were excluded from
the error estimation. By considering v as a densely packed vector of
VREAD (i.e., v∈{0.2 V, 0.2 V,..., 0.2 V}), VMMwas physically computed to
obtain a current vector I (I∈ℝ28), expressed as Ij =

P
jvigi, j ; i and j

indicate row and column (Fig. 4k). The experimental VMM for each
column (red) was almost identical to the estimated VMM based on the
current sum of each memristor at the corresponding column (blue).
The average relative errors between the two results were 0.92 ±0.62%,
1.01 ± 0.65 %, and 0.99 ±0.69 % for shoes, t-shirts, and trousers,
respectively. These results demonstrate a key aspect of ex situ training
and inference (i.e., the encoding and VMM operation), which can be
utilized to accelerate diverse computing applications. The detailed
VMM measurement processes are provided in the Method section.
Additional discussions on potential approaches to accelerating the
tuning algorithm for future in-situ training are presented in Supple-
mentaryNote 8. Note that a higher nonlinearity and larger DR value are
generally required for better selectivity, particularly considering the
symmetric I–V curve and relatively small DR (<~100). Nevertheless, our
passive crossbar circuit is random-accessible for the targeted mem-
ristor due to our co-design approach and measurement scheme
(Supplementary Fig. 29, Supplementary Note 9, and Method section).
The crosstalk in the crossbar circuit and relevant operating schemes
are further discussed in Supplementary Information (Supplementary
Fig. 29 and Supplementary Note 9).

SNN application
As a prospective application, a recognition task for fashion MNIST
benchmark was conducted using an SNN31–34,51. Although SNNs hold a
substantial promise as a next-generation network, their applicability
has yet to be restricted by lower accuracy than typical artificial neural
networks (ANNs). This is mainly because nondifferentiable spiking
dynamics make it hard to directly employ gradient-based learning
rules such as backpropagation. One feasible solution is to utilize the
notion of surrogate gradient51,52. Herein, the spiking dynamics are
approximated to continuous and differentiable functions only during
the learning process, enabling the error to propagate backward and
perform local weight updates according to spiking activity. Hence, this
approach can preserve the core principle of SNNs while enhancing the
practical aspects, such as accuracy. For these reasons, our proof-of-
principle demo focuses on the implementation of a practical SNNwith
a surrogate gradient learning rule based on our scalable passive
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crossbar circuits. Additional discussion on SNNs with surrogate gra-
dient learning are presented in Supplementary Note 10 and 11.

Figure 5a shows a few examples of the ten fashion-item dataset53.
Each fashion item includes 60,000 learning images and 10,000 infer-
ence images consisting of 28 × 28 grayscale pixels. Figure 5b shows a
multilayered SNN configuration comprising 784 input neurons (pur-
ple), 800 hidden neurons (green), and 10 output neurons (blue) that
are fully connected with synapses (yellow). Each image is transformed

into spikes based on latency encoding to reduce the number of spikes
and thus the overall neural activity. All the synaptic weights are
quantized into different discrete levels ranging from 1 bit to 6 bits,
which can be beneficial for memristor control and hardware-friendly
computing54,55. Similarly, hidden and output neurons are discrete leaky
integrate-and-fire (LIF) neurons with a discrete-time domain, which
could make neurons and peripheral circuits simpler than continuous-
time operation56,57. During learning, spikes are approximated using an

Fig. 4 | Multibit switching characteristics. a Plot of the current evolution for the
memristorwith the tuning algorithm. The toppanel shows theprogrammingpulses
corresponding to 160 consecutive VSET and VRESET pulses at a fixed W = 80μs. For
the target G, the amplitude started from ±0.4 V and then was incrementally
increased by 60mV. When the current G approached the target, the incremental
amplitude became smaller to 24mV to perform fine tuning. To verify the current G
after programming, VREAD was used with 0.2 V for 1ms. Tuning error was set to be
<5%. b Reproducibility of consecutive analog andmultibit switching characteristics
during 106 programming pulses. The pulse endurance test was performed based on
the tuning algorithm with target ION = 10−5 A and IOFF = 2 × 10−6 A. The tuning error
was set to be <5 %. The inset shows a magnified plot of the analog switching curve.
c Retention capability of 16G values with an interval of 1.75 μA (i.e., 4 bits) for 104 s.
All G values were repetitively read at VREAD = 0.2 for 1ms with Δt = 1 s. d, e Plots of

4-bit operations with respect to 16 memristors (d) and 30 cycles (e). The 16 dis-
tinguishable stateswere also clearly observed atVREAD in I–V curves (red dotted line
in d), corresponding to 16G values (the inset in d). The error bars in e are the
standard deviation. f, g Plots of 5- (f) and 6-bit operations (g) with smaller tuning
errors of 3 % and 1 %. The same VREAD was used. h Examples of fashion-item images
(Shoes, T-shirt, and Trousers). Each image consists of 28 × 28 gray-scale pixels. i A
28× 28 sub-array to be encoded by the three images (yellow dotted box) based on
the tuning algorithm with W = 80 μs. The scale bar for (i) is 50μm. j Resultant
conductance maps visualizing the encoding results for the three fashion-item
images. The purple box indicates the tuning failure that is typically caused by low
DR (<3). k Operation results for estimated (blue bar) and experimental VMM (red
dot). The small difference between the two results suggests the successful VMM
operation in combination with the precise encoding using the tuning algorithm.
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exponential function, and then weights are updated with the Adam
optimizer. The shortest latency spike in the output layer indicates the
inference result; for example, the network infers the input as an ankle
boot in Fig. 5a. Detailed learning and inference processes are provided
in the Method section.

Figure 5c shows the simulation results for recognizing the above
ten types of fashion items with the weight quantization-aware learning
as a function of the bit number. The recognition accuracy is observed
to significantly increase as the bit number increases from 1 bit to 6 bits.
Interestingly, the accuracy does not significantly improve beyond the
4-bit quantized weights, even with an increase in the number of
epochs, showing only amarginal difference of within 0.75 % compared
to 5- and 6-bit weights and the software baseline without quantization
(Fig. 5d). This finding implies that the 4-bit weights are sufficient for
performing the fashion-item recognition task with SNNs, which is
lowered than the 6-bit weights typically required for ANNs as the
minimum bit number for learning process. Thismight be attributed to
the inherently sparse nature and flow in SNNs compared to the exact
calculation in ANNs. Based on this implication, we further examined
and simulated the undesired effect of device yield and conductance
noise on the accuracy of the ex situ trained SNN (Fig. 5e). Note that the
accuracy was statistically estimated based on 10 trials (Supplementary

Fig. 30). As shown in Fig. 5e, the average accuracy is significantly
degraded as yield decreases and noise increases. However, the accu-
racy remains resilient despite suboptimal yield and non-negligible
noise. Thismaybe explainedby the spiking dynamics that canenhance
the robustness to noise and improve their suitability for switching
uncertainty. Based on our experimental results (Figs. 3b and 4c), the
ex situ trained network is observed to achieve an average recognition
accuracy of 85.12 %, which is comparable to the software baseline
(86.26%). As a result, we demonstrate the successful recognition of
fashion items with a multilayered SNN, providing a route for the
practical applicability of the proposed passive crossbar circuits.

Discussion
Our approach offers an efficient platform for scaling up integration
complexity in neuromorphic hardware systems while preserving the
inherent fabrication advantages of memristors. A prospective next
step for our technology would be associated with the back-end-of-the-
line (BEOL) 3D-integrated crossbar circuits on CMOS chips (Supple-
mentary Fig. 31). Because the CMOS circuits can deliver exceptional
control and logic functions across multiple memristive passive cross-
bar circuits15,16, the memristor-CMOS hybrid chip would allow for
diverse computing applications with high integration density. In fact,

Fig. 5 | Fashion-item recognition taskbasedonanSNN. a Examples of 10 fashion-
item images. Each fashion item has 6000 learning and 1000 inference images. The
MIT License (MIT) Copyright © 2017 Zalando SE, https://tech.zalando.com.
b Schematic of a multilayered SNN consisting of input (purple circles), hidden
(green circles), and output neurons (blue circles) fully connected by synapses
(yellow lines). This diagram illustrates the recognition process when an ankle boot
image is fed to the network. c Plots of the recognition accuracy as a function of the

bit number from 1 bit to 6 bits. There is no noticeable difference between the 4–6
bits (blue, sky blue, and brown) and the software baseline (gray).dHistogramplots
of the final accuracy for the software baseline (SB) (gray) and 4-bit weights (blue) at
15 epochs. The small difference (Δ <0.75 %) was observed. e Contour profile of the
average recognition accuracy as a function of device yield and noise at 15 epochs.
The black circle indicates the average accuracy obtained from the experimental
yield and noise results of the fabricated crossbar circuits (white circle).
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our approach has been directly applied to the BEOL 3D integration
onto a specially designed and tape-out CMOS chip based on 180nm
process (Supplementary Fig. 31). Herein, multiple passive crossbar
circuits (comprising up to ~1M memristors) can be vertically inte-
grated on the CMOS chip without any modification to the fabrication
scheme, demonstrating the promising potential for high integration
complexity. Further, the subsequent phase of work would focus on
developing a 3D-stackable crossbar structure that is ultimately essen-
tial for the seamless implementation of brain-scale computing. A lat-
erally stacked and multilayered crossbar circuit with overlapping
footprints (i.e., 4F2/n) may be feasible. A possible fabrication scheme is
suggested and discussed in Supplementary Fig. 32. As a proof of
concept, we fabricated and demonstrated a 3D stacked three-layer
3 × 1 × 1 crossbar circuit (Supplementary Figs. 33 and 34 and Note 12).
This 3D stackingmemristor-CMOS hybrid architecture can continue to
increase integration complexity by increasing the density of memris-
tors. This implies that additional functionalities could be incorporated
into the hybrid system, even when further development of CMOS
technology becomes challenging due to physical and economic limits
in the future.

From a wafer-scale fabrication perspective, our demonstration of
multiple passive crossbar circuits on awafer could also be related to an
interposer-based integration of dies (chiplets)58–60. Such a methodol-
ogy—small and modular chiplets are packaged together to realize the
functionof a larger chip‒has gained considerablemomentum in recent
years. This is mainly because smaller chiplets could achieve better
yields with the reduction of overall silicon costs, while enabling mixed
process nodes in a large chip. The decreased silicon costs and faster
time-to-market can render the chiplet approach highly efficient and
scalable. For example, at advanced technology 7-nm nodes, the
chiplet-based designs have shown substantial cost efficiencies58. For
advanced neuromorphic computing, the chiplet approach could fur-
ther optimize the die yield of our wafer-scale fabrication and flexibly
add up and update functionalities according to diverse neuromorphic
hardwaredemand.With these considerations,we can envision that our
wafer-scale fabrication could be extended and adapted into the chiplet
approach by tailoring and updating various technologies into inte-
grated chip design, without changing reliable legacy nodes (e.g., IO
and bus chiplets).

Meanwhile, 1T1M active crossbar circuits have showcased their
potential for wafer-scale integration and computing applications
thanks to the controllability enhanced by 1T per memristor. However,
this approach would encounter inherent limitations in scaling up to
achieve brain-scale cognitive functions applied to solve real-world
problems. This challenge ismainlybecause the area cost increaseswith
the number and dimension of crossbar circuits due to the active node.
For example, Hu et al. reported a 128 × 64 1T1M crossbar circuit cap-
able of VMM in one step; however, the cell size was bulky
(>2000μm2)10. The 1T1M configuration typically has a cell layout of
≥8F2, which fundamentally limits the potential for further increase in
integration density. Although a further compact 1T2M design named
as H3 cell has been proposed, it is still 6F2 and has not been fully
validatedwith the experimental demonstration11. Furthermore, several
three-terminal types of memristors that combine 1T and 1M into a
single devicehavebeen suggested.However, inmany cases, they range
from 6F2 to 30F261. With these regards, we believe that passively inte-
grated crossbar circuits (0T1M or 1M) also present a promising direc-
tion, particularly for achieving a highly dense and brain-scale
neuromorphic hardware system. Because passive crossbar circuits
feature a simple structure with the smallest 4F2 footprint, they allow
for a higher integration density compared to active crossbar circuits,
where 1 T can affect the cell downscaling. In addition, the upscaling
based on 3D-integratedmultilayered architecture ismore feasible with
passive circuits, as stacking 1 T1M circuits can lead tomore fabrication
complexity. Further, considering the number of 1T per 1M increases

with the integration scale, the passive circuits can offer lower energy
consumption and fabrication cost by avoiding the use of active 1T
node62. Although the process maturity of the passive circuit remains
elusive, webelieve that thepassive crossbar circuit still stands effective
for the implementation of brain-scale structure (e.g., 1015 synapses)
due to its structural simplicity and 3D scalability. In this regard, we
think that several groups have continuedworking on the development
of passive crossbar circuits to fully leverage thebenefits ofmemristors,
such as density and function, as summarized in SupplementaryTable 1.
However, as shown in Supplementary Table 1, scaling up integration
with passive circuits is more challenging than with active circuits. This
is primarily because the absence of the 1T makes it more difficult to
control the switching filament and leakage current during operation,
which in turn reduces device yield and reliability. Hence, we believe
that developing a scalable passive crossbar circuit for brain-scale
computing is ultimately essential to fully leverage the capability of
memristor and its based computing. It is also worth noting that a one-
selector-one-memristor (1S1M) configuration can be considered a
middle-ground option in terms of density and regulation of sneak
currents. However, several challenges, such as voltage/current range
matching, half-selected disturbance, more complex fabrication pro-
cesses, and higher cost, remain obstacles to scaling up, which are
further discussed in Supplementary Notes 6 and 9.

Lastly, further advancements should also be required at the
device level. For example, although the tuning algorithm can effec-
tively regulate both device and cycle variations, it is likely to increase
the energy and time consumed during the tuning process as the
number and dimension of crossbar circuits increase. In our device
structure, forming-free behavior appears when using 4 nm-thick TiO2

and 1.8 nm-thick Al2O3, which reduces switching uncertainty (Supple-
mentary Fig. 35). This may be attributed to the shortened distance of
VO migration in as-fabricated devices. As a result, at the same fabri-
cation scheme, the variations can be lowered even further for efficient
computing. This reduced variation can also alleviate the half-selection
issue inherent in passive crossbar structures, ensuring more reliable
and efficient operation. Other switching parameters, including device
yield, write and operating currents, and wafer-level scalability, also
require further enhancement, along with the development of algo-
rithmic approaches capable of mitigating undesired device behaviors.

Our fabrication scheme is based on top-downprocesses similar to
those used in silicon foundries. However, the materials used in our
device are not yet standard in CMOS fabrication environments.
Nonetheless, this incompatibilitymay be addressed in the future if our
device platform shows promising commercial potential and foundries
consider adapting their fabrication lines. Moreover, this study focuses
on the passive crossbar platform as the computing core. To interact
with future users or other systems, the passive cores are inevitably
combined with active electronics and circuitries, requiring further
development toward a fully integrated system. Although our demon-
stration here is still at the lab scale, the device structure, fabrication
scheme, and underlying principles could be extended into large-scale
production. Our work presents a promising pathway toward wafer-
scale fabrication and high integration complexity, paving the way for
brain-scale computing systems.

Methods
Scalable crossbar circuit fabrication
The scalable memristive crossbar circuits were fabricated on a
285 nm-thick SiO2/p

++-Si wafer. First, the substrates were prepared
using a conventional cleaning process with acetone, isopropyl alco-
hol, and deionized water via ultrasonication for 3min each. To form
bottom electrode lines, photoresist (AZ4110) was spin-coated with
4000 rpm for 30 s, followed by a prebaking process at 95 °C for 60 s
on a hot plate. Patterning was performed using maskless lithography
(Heidelberg MLA150) with an exposure dose of 240mJ cm−2 and
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defocus of 5. The bottom electrode patterns were developed by
using AZ400K:DI 1:4 developer for 55 s. Then, back-filing process was
conducted using the following steps: an inductively coupled plasma
(ICP) etching (Panasonic E626I) using CHF3 plasma for 25 nm, a
deposition of Pt (22 nm)/Ti (3 nm) via e-beam evaporator with a
deposition rate of 1 Å s−1, and a lift-off process using AZ NMP solution
at 80 °C for >5 h. After O2 plasma treatment for 30 s, the bilayer oxide
stack, TiO2 (8 nm)/Al2O3 (1.5 nm), was subsequently formed by ALD
based on thermal water reaction. The top electrode lines, Pt (80 nm)/
Ti (15 nm), were then patterned and deposited perpendicularly to the
bottom electrode lines using the same lithography process and
e-beam evaporation at deposition rates of 1 Å/s and 0.5 Å s−1,
respectively. For the wirebonding and packaging process, the ends of
the bottom electrodes and the bilayer oxide stack outside the
crossbar lines were opened using ICP etching with CHF3. After that,
electrode pads of Au (400 nm)/Ti (40 nm) were formed using the
same patterning and deposition processes. With these process flows,
the fabrication of passive crossbar circuits was completed.

Electrical characterization
The passive crossbar circuit was wire-bonded and mounted onto a
custom-printed circuit board (PCB) specially designed for testing and
application demonstrations. The custom PCB was interfaced with
Keysight instrumentation and operated via a personal computer. All
the electrical measurements, such as I–V curve, endurance, retention,
and pulse operation, were conducted by using a Keysight B1500A
semiconductor parameter analyzer,while input/output connections to
the crossbar array were managed through the Keysight 34980A
switching matrix. The parameter analyzer and switching matrix were
communicatedwith the computer via general-purpose interface buses
(GPIB) and universal serial buses (USB) with a customized C+ + code.

For the forming process, the selected row line (i.e., the top elec-
trode) was biased, while the selected column line (i.e., the bottom
electrode)24,50. All other unselected lines were floated. Then, we elec-
troformed memristors in the direction from the center to the edge,
which can reduce the risk of damaging the already-formedmemristors
when electroforming other devices. In addition, the electroformed
memristors were set to be OFF state to minimize the leakage current
during the forming process. Based on this method, the representative
32 × 32 passive crossbar circuit was electroformed as shown in Fig. 2. In
addition, this forming method was also applied to the spatial analysis
over a 4-inch wafer as shown in Fig. 3. Herein, only 100 selected
memristors at each diewere intentionally electroformed to reduce the
leakage current. Note that non-electroformed devices were observed
to exhibit a lower conductance value than devices in the OFF state
(Supplementary Fig. 7).

For the programming operation, we used a typical half-biasing
scheme (i.e., V/2 scheme) to select and program a memristor of the
passive crossbar circuit, where the selected row (i.e, the top electrode)
and column (i.e., the bottom electrode) were biased at V/2 and −V/2,
respectively24,50. This programming scheme can alleviate the dis-
turbance in half-selected memristors that share the same row and
column line as the selected memristor. For the reading operation, we
used the rest-bias scheme. With these methods, all the electrical
characteristics, including the forming process, statistical evaluation,
and multibit operation, were investigated and evaluated. The detailed
operations and relevant discussions are provided in Supplementary
Fig. 29 and Supplementary Note 9.

Encoding process and dot product
To perform image encoding (corresponding to ex situ training), the
tuning algorithm was employed. The write process was executed
based on the half-biasing scheme to alleviate half-selected device
issues.VSET and VRESET pulses at a fixedW = 80μs were introducedwith
an incremental amplitude of 60mV. This increment was further

reduced to 24mV for the fine-tuning as the present G approached the
target. The maximum amplitude of the programming voltage pulse at
W = 80μs was generally 3 V, but a slightly higher amplitude was also
carefully used by considering the state of the device and its neigh-
boring devices. This enabled a larger DR by completely resetting the
devices. The W value was decided to ensure similar tuning behaviors
across all the memristors in the fabricated crossbar circuit. For the
verify process, VREAD pulsewas 0.2 V with 1mswith the ground-biasing
scheme that grounds unselected lines tominimize sneak currents. The
reading scheme could enhance tuning precision. For VMM operation
(corresponding to inference), experimental VMM was sequentially
carried out column by column, thereby reducing the complexity to
O(n) instead of O(n2), where n represents the dimension of crossbar
circuits. This operating scheme can also be utilized to exclude a few
tuning-failure devices with an emphasis on precise conductance tun-
ing for inferenceoperations. Note that the complexity could be further
reduced to O(1) if the VMM were performed across all columns
simultaneously. However, our focus here is on showing the utility of
the tuning algorithm for image encoding and its based dot product,
implying the applicability of ex situ training (i.e., encoding operation)
and inference (i.e., VMM operation) to the proposed crossbar circuit.

Fashion-item image recognition task
We designed amultilayered SNN consisting of 784 input neurons, 800
hidden neurons, and 10output neurons fully connectedwith synapses.
Each class was assigned to each output neuron. For encoding the
fashion-item dataset (comprising 28 × 28 grayscale pixels) into spikes,
simple latency encoding was utilized in the input neurons as follows:

ten = 1� x ð1Þ

where ten and x represent the timing of spike generation and the
normalized pixel intensity, respectively. The forward propagation was
then performed based on LIF neurons with a batch size of 128. The
neuron membrane potential V(t) is simply expressed as:

V ðtÞ=w�IsynðtÞ ð2Þ

where IsynðtÞ=
τmτs

τm � τs
Hðtsc � tÞðe

t�tsc
τm � e

t�tsc
τs Þ ð3Þ

where w, τm, τs, tsc, and H are synaptic weights, membrane time con-
stant, synaptic time constant, temporal scale, and Heaviside function.
When theV(t) exceeded a thresholdVth, anoutput spikewas generated
with the spiking timing (tout). Once the forwardpass was complete, tout
values from the output neurons were applied to an exponential func-
tion (zo = etout). Then, the delta at output (δo) was estimated using the
errors between the outputs and targets according to:

Δo =
f zo
� �� f yð Þ � zP

gðwho, tout, h, tout, oÞAho
ð4Þ

where Aho = 1 when tout,h < tout,o; otherwise Aho = 0
f, y, who, tout,h, and tout,o are softmax, target values, weights

between hidden and output neurons, tout for hidden neurons, and tout
for output neurons, respectively. Here, the function g was defined as:

gðwho, tout, h, tout, oÞ=who � ð
e

tout, h�tout, oð Þ
τm

τm
� e

tout, h�tout, oð Þ
τs

τs
Þ ð5Þ

Thedelta for thehidden layer (δh) can be similarly obtained. Based
on the δo and δh, the weight update was performed using Adam
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optimizer:

wt =wt�1 � η
m̂tffiffiffiffiffi
v̂t

p
+ ε

ð6Þ

where m̂t =
mt

1� βt
1

and v̂t =
vt

1� βt
2

ð7Þ

andmt =β1mt�1 + ð1� β1ÞΔ and vt = β2vt�1 + ð1� β2ÞΔ2 ð8Þ

The constant β1, β2, and εwere 0.9, 0.9, and 10−8, respectively. The
learning rate (η) was decayed over epoch following as:

ηi =ηstartðηdecayÞi, for i=0, 1, . . . , epoch� 1 ð9Þ

whereηdecay =
ηend

ηstart

� � 1
totalepoch ð10Þ

ηstart, ηend, and total epoch are 10−3, 10−6, and 15. During the
operation, weights were scaled and quantized into discrete state
numbers (e.g.,wQ = [0,15] for 4 bits),whichwere then encoded into the
memristive crossbar circuits basedon the tuning algorithm (i.e., ex situ
training). For example, the memristor’s G values were quantized into
discrete conductance levels, GQ:

GQðiÞ=GOFF + i�ΔG; i is the state number ð11Þ

whereΔG=
GON � GOFF

Q� 1
;Q is the total number of states ð12Þ

If wQ corresponds to the i = 1, the tuning algorithm adjusted the
presentG toGQ(1) with a tuning error of <1%. Finally, to consider device
yield and noise, the concepts of a randomly generated mask and the
coefficient of variation were utilized for the unbiased comparison with
the ideal case.

Data availability
All data supplementary to the findings of this study are availablewithin
the article and its Supplementary Information, or from the corre-
sponding author upon request.

Code availability
All codes used for the simulation are available within the article and its
Supplementary Information, or from the corresponding author upon
request.
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