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Abstract—We demonstrate an analog processing-in-memory
(a-PIM)-based Al system with 100 x reduced latency by achieving
high-speed cup-shaped vertical electrochemical random-access
memory (CV-ECRAM), novel device retention compensation
algorithm, and tailored RISC-V-based processor for a-PIM. The
CV-ECRAM exhibits extremely low cycle-to-cycle variation of
0.014 and device-to-device variation of 0.046, and ultra-fast
update is verified at 50 ns pulses. Furthermore, our proposed
dynamic max-transfer (DMT) algorithm improves the retention
tolerance by more than 25x. Additionally, the RISC-V processor
with novel stochastic pulse generation hardware and 8b-parallel
vector instruction set achieves 100 x latency reduction. Finally, we
achieve a training accuracy recovery of 84.9% by the proposed
end-to-end a-PIM system.

Keywords—Processing-In-Memory, Electrochemical Random-
Access Memory, Tiki-Taka Algorithm, RISC-V Processor

I. INTRODUCTION

Resistive cross-point array-based analog processing-in-
memory (a-PIM) architecture has been proposed to accelerate
Al training by leveraging analog operations and local data
to enable fully parallel deep neural network training without
massive data movement between memory and processing unit,
achieving a significant reduction in data processing time com-
pared to conventional von Neumann architecture [1]. However,
device non-idealities of a-PIM cause significant errors in
weight read and update processes, resulting in training failure.
To overcome the intrinsic asymmetry of analog devices, one
of the major issues, as shown in Fig. 1-a), the Tiki-Taka
(TT) algorithm achieves superior training performance as an
advanced hardware-aware training method [2].

However, a-PIM remains a critical challenge in the feature
vanishing problem due to the large update latency (= decay rate
(Vdecay)) compared to the limited data retention time of practi-
cal devices, which may be aggravated by the TT algorithm, as
shown in Fig. 1-b). To address this problem, we construct an
integrated a-PIM system with three novel strategies, leading
to dramatically reduced update latency, as shown in Fig. 1-
c). Firstly, we fabricate cup-shaped vertical ECRAM (CV-
ECRAM), and demonstrate reliable synaptic characteristics
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Fig. 1. Challenges and solutions of the advanced training algorithm. a)
Tiki-Taka algorithm to overcome intrinsic asymmetry of analog devices. b)
Schematic and challenges of Tiki-Taka algorithm on feature vanishing. c)
Device retention and total system delay-induced limitations and overcoming
solutions through Device & Technology Co-Optimization (DTCO).

with ultra-fast operation. Furthermore, we introduce a novel
retention compensation algorithm using the Hadamard matrix-
based transfer method, successfully validated in experimen-
tal demonstration. Finally, by designing an advanced RISC-
V processor on FPGA, we significantly reduce the system
latency. Each advanced scheme significantly complements the
corresponding challenge, successfully restoring the training
accuracy in total.
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Fig. 2. Reliable characteristics of cup-shaped vertical ECRAM (CV-ECRAM).
a) OM image of 64x 64 CV-ECRAM array. b) TEM image. c) Transfer curves
over 10 cycles. d) Switching curves of 8 devices. ¢) DHC mechanism. f)
Retention characteristics.

II. CuP-SHAPED VERTICAL ECRAM

Fig. 2-a) shows an OM image of the 4F? layout 64 x64 CV-
ECRAM array with 500 nm hole size and 0.41 mm? area. The
gate stack is composed of channel (WOyx), electrolyte (HfO,),
and reservoir (WOx). The short channel length (80 nm) is
defined by the distance between source and drain multilayers
(W/Ti/TiN), which are separated by the SiN inter-metal layer
(IML), as shown in Fig. 2-b). Fig. 2-c) illustrates the transfer
characteristics over 10 cycles with ultra-low cycle-to-cycle
variation (ocyce = 0.014), which is attributed to the stable
structure of the CV-ECRAM. The CV-ECRAM exhibits anti-
clockwise hysteresis due to the migration of oxygen vacancies
(Vox) within the channel. Furthermore, uniform switching
behavior is demonstrated across 8 individual devices (O gevice
= 0.046), as depicted in Fig. 2-d). Additionally, the defect
hopping conduction mechanism within the HfO, electrolyte is
verified by conductance change (AG) as a function of gate
voltage (Vg), as shown in Fig. 2-e). Fig. 2-f) illustrates the
retention characteristics with a decay constant (1) of over
18 minutes. In the CV-ECRAM, as described in Fig. 3-a),
under the half-bias (HB) scheme, the fringing field effect is
induced by the extremely short channel length (80 nm) and
high-k (SiN~8) IML [3]. Therefore, the AG trend at the
HB scheme, depending on Ve and pulse width (tpuise), i
empirically confirmed to follow the sinh(aV ) function and
a power law (tpu]seﬂ), as shown in Fig. 3-b). Additionally,
ultra-fast READ (80 ns) and UPDATE (50 ns) operations are
experimentally verified, as shown in Fig. 3-c). To demonstrate
hardware array operation, the following novel techniques were
utilized. Fig. 4-a) describes the zero-shifting technique, which
copies the symmetry point (Ggp) of main array to reference
array for weight imbalance compensation [4]. Furthermore,
as described in Fig. 4-b), the channel-high half-bias (CHB)
scheme is implemented to achieve successful selective updates
during the outer product computation in neural networks by
applying an additional voltage (V,qq) to the channel [5].
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Fig. 3. Fringing field effect & ultra-fast operation speeds. a) Fringing field
effect within CV-ECRAM. b) AG trend depending on Vprog and t,yse at HB
scheme. c) Ultra-fast READ & UPDATE speeds.
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b) Channel-high Half-bias (CHB) Scheme for Successful Selective Update
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Fig. 4. Novel techniques for hardware array operation. a) Zero-shifting
technique for array operation. b) Channel-high half-bias scheme for successful
selective update during the outer product computation.

III. DYNAMIC MAX-TRANSFER (DMT) ALGORITHM

Fig. 5-a) shows the training performance degradation as
Vdecay increases [6]. For Ygecay = 107, weight distributions
are highly concentrated around 0 compared t0 Ygecay = 10°°,
confirming that core array’s weight decay to 0 impacts training
performance. Fig. 5-b) highlights this issue, showing that
even at “Ygecay = 10°°, increasing the transfer period results
in degraded accuracy, whereas at Ygecay = 107, increasing the
number of transfers improves performance. Transferring along
rows shows improved performance than that of columns due to
the frequent transfer caused by its shorter length, as shown in
5-c). Fig. 6 introduces the DMT algorithm, addressing decay
issues by triggering more frequent updates without additional
time cost delay compared to unit-vector based transfer in the
original algorithm [2]. In the Tiki-Taka algorithm, transferring
the accumulated weight gradients from auxiliary array to core
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Fig. 5. Analysis of retention-induced training failure. a) Training failure occurs
as increasing the decay rate and weight distributions with decay rate of 10
and 107, b) Training failure with decay rate of 107 occurs as increasing the
transfer period and accuracy with decay rate of 10 recovered as increasing
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Fig. 7. Hardware demonstration experiment of DMT algorithm. a) Measure-
ment set-up for hardware demonstration. b) Experimental results of one-hot
algorithm and DMT algorithm.
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Fig. 6. Dynamic matrix-transfer (DMT) algorithm. a) Schematics of original
and advanced transfer methods. b) Target convergence simulations of matrix
regression when considering the decay.

array relies on a predefined transfer vector matrix. While the
original method adopts the identity matrix for this purpose,
we instead employ block-diagonal Hadamard matrices, which
enable more efficient and frequent transfers while preserving
gradient information. Target convergence simulations confirm
the robustness of the DMT algorithm against weight decay.
Fig. 7 validates this algorithm’s fast convergence through hard-
ware experiments with CV-ECRAM array, controlling training
with software at complex system level. Fig. 8 compares various
transfer methods under different asymmetry. The 2D heatmap
depicts training accuracy while sweeping Ygecay 0f A and C
from 10 to 103. We show that up to 25.30x higher retention
tolerance is achieved with the DMT algorithm.

-
e
&)

< ——DMT] O, 4 —— DT
5107 —e—short] 510 —e— Short
. S 25.30%

) pE ~10° \..
> ﬁ =10 8.04%
(6]

[0

o

0 1 & &y i 5
Non-Linearity (NL) Non-Linearity (NL)

Fig. 8. Large-scale verification of retention compensation effect. a) Training
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assuming the other is fixed at 10°.

IV. END-TO-END SYSTEM IMPLEMENTATION

Fig. 9-a) depicts the end-to-end Al accelerator, including a
RISC-V-based a-PIM control system on Xilinx KC705 FPGA
connected with a 64x64 CV-ECRAM array. The stochastic
pulse-generation hardware (SPG-HW) allows the simultane-
ous generation of all update pulses, significantly saving the
pulse-generation time compared to the conventional SW-based
approach [7]. Note that we share a single linear-feedback
shift register (LFSR) to generate parallel random sequences,
relaxing the hardware complexity by 88.3% compared to the
naive architecture using parallel LFSRs. As shown in Fig. 9-
b), the Boolean AND-operation test with probability 0.5 for
both inputs for 100k test set [8] reveals that the proposed
method still offers sufficient randomness similar to the SW
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TABLE I. Comparison of the proposed a-PIM system with previous works.

Custom RISC-V Core w/ New Vector ISA| N
32bit Scalar [SA| | Bbit Vector ISA (10] [11] [12] This work
32b data < 8b data x4 0-i < - " .
X ; -ion Li-ion H-ion O-ion
g_. 3£b + Device Structure (Vertical) | (Vertical) | (Planar) (Vertical)
§ A%U Operation Speeds 10 ps 10 ms 20 ms 50 ns
] .
Memory-mapped Ctrl. }{Data Memory] Array Size 1x2 32x32 2x3 64 x 64
3

Stochastic Pulse Generator (SPG-HW) Retention _ _ _ 25.3x
b) Boolean AND Test Histogram (u,0) Nalve HW __Shared HW _ Tolerance improvement
= SW only Naive HW___Shared HW
$3[[0.2498, 0.098][(0-2422, 0.097(0.230¢, 0.098] System _ _ Perf. Not | 100x latency
z, Nf?g/'g'b/e Integration reported | reduction
§1 Difference
()
50 O_I_ R 5,025 05'T0 iy algorithm, and a customized RISC-V-based processor. The
** robablity s T . ..
¢) Update Latency Reduction with Cost-efficient Hardware on FPGA CV-ECRAM exhibits excellent rehablhty’ with minimal Ocycle
Baseline Baseline [ Baseline RISC-V (0.014) and 0geyice (0.046), and supports ultra-fast updates
SPG-HW SPG-HW SPG-HW || down to 50 ns. Our DMT algorithm improves retention toler-
+Shared. + Shared. 883% | ance by more than 25x. The processor incorporates stochastic

+ Vec. ISA| Vec. Unit
3 6 9 127701 25 5 7.5 10 12.
End-to-End Update Latency (us) Slice Usage on FPGA (x1k)
Fig. 9. End-to-End Al acceleration system implementation.

+ Vec. ISA|

100 FCN 100 CNN
Tiki-Taka with
= Real-time delay & 60 X
+ Retention 5‘ 601 Accuracy P 60 Accuracy
Compensation g 40 Recovery S 40 Recovery
+ System-Level 8 20 8 20
Acceleration 0 u b 0 o i
10" 10° 10" 10° 10" 10° 10' 107
T [sec] T [sec]

Fig. 10. Excellent accuracy recovery by proposed works.

baseline. In addition, the RISC-V core is newly customized
to reduce the processing delay of control signal generation.
More specifically, we define custom instructions for 8b-parallel
vector processing, reducing the loss calculation latency by
73.8%. As a result, the proposed a-PIM control system reduces
the end-to-end update latency by 100 times with minimal
hardware overheads shown in Fig. 9-c).

V. PERFORMANCE IMPROVEMENT

We evaluated the large-scale neural network training per-
formance using the Modified National Institute of Standards
and Technology dataset [9], utilizing IBM’s open-source li-
brary [6]. The learning rates for the Tiki-taka algorithm were
adjusted to 0.01 from C to A and 0.005 from A to C. To
verify the operability across multiple models, we evaluated
the performance improvement of an FCN model configured
as 784-256-128-10 and a CNN model consisting of two
convolutional layers with 5x5 kernels, followed by a fully
connected structure of 512-128-10. Fig. 10 shows the accuracy
recovery throughout each step, providing up to 84.9% recovery
on given 7, verifying our work’s outstanding performance.
Table. I compares the proposed work to the reference systems,
showing our work’s advance in a-PIM system construction.

VI. CONCLUSION

In this paper, we present an end-to-end a-PIM Al system
that achieves a 100X reduction in latency through three key
innovations: high-speed CV-ECRAM, a retention-aware DMT

pulse generation and an 8-bit parallel vector instruction set to
further reduce latency. Ultimately, the proposed system enables
a training accuracy recovery up to 84.9%.
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