
SCIENCE CHINA
Information Sciences

December 2025, Vol. 68, Iss. 12, 222401:1{222401: 18
https://doi.org/10.1007/s11432-025-4642-0

© Science China Press 2025 info.scichina.com link.springer.com

. RESEARCH PAPER .

A 22-nm 64-kB lightning-like hybrid
computing-in-memory macro with a compressed

adder tree and analog-storage quantizers for
transformer and CNNs

An GUO1,4, Xi CHEN 1, Fangyuan DONG1, Jinwu CHEN1, Zhihang YUAN2,3,
Xing HU3, Guangyu SUN2, Xiaomin LI 5, Arindam BASU4, Jun YANG1 & Xin SI 1*

1National Application Speci�c Integrated Circuit Center, S outheast University, Nanjing 210096, China
2School of Integrated Circuits, Peking University, Beijing 100871, China

3HOUMO AI, Beijing 100871, China
4Department of Electrical Engineering, City University of H ong Kong, Hong Kong 999077, China

5Nanjing Starting Line Wearable Microelectronics Technolo gy Co., Ltd., Nanjing 210000, China

Received 9 June 2025/Revised 5 August 2025/Accepted 21 Octo ber 2025/Published online 19 November 2025

Abstract Computing-in-memory (CIM) has been proposed to solve \memo ry wall" problem for its short data path and high
energy e�ciency. However, previous CIM methods are hard to m aintain the energy e�ciency bene�ts at various accumulatio n
lengths, which is essential for vision transformer and larg e CNN models. This work presents a lightning-like hybrid CIM
macro using (1) a lightning-like analog/digital hybrid str ucture to maintain energy e�ciency and inference accuracy; (2) a
digital 4:2 compressor-based adder tree along with a double -regularization training method to reduce area/power cost ; and
(3) an analog-storage quantizer circuit (ASQC) for a scalab le accumulation length, with an output ratio of 1. A fabricat ed
22-nm 64-kB hybrid-domain SRAM-CIM macro achieved an energ y e�ciency of 60.8 TOPS/W, for INT8 MAC operations
at di�erent accumulation lengths of 128 to 2048.

Keywords hybrid domain, computing-in-memory, approximate calcula tion, arti�cial intelligence, analog-storage quantizer
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1 Introduction

The rapid advancement of arti�cial intelligence (AI) has garnered global attention. Various in
uential
developments, such as the emergence of large language models like ChatGPT and convolutional neural
networks exempli�ed by ResNet and Yolo, have showcased immense potential applications. However, the
primary hurdle lies in the immense computational power required. Present-day AI chip designs predom-
inantly adhere to the conventional von Neumann architecture. When tackling computationally intensive
tasks like neural networks, these architectures encounter challenges such as the \memory wall" or \power
wall". This arises due to the necessity for frequent and substantial data transfers between processors
and memory via constrained-bandwidth buses, severely constraining the energy e�ciency of such chips.
In response to this bottleneck, both academia and industry have proposed a novel computational archi-
tecture: computing-in-memory (CIM) [ 1{ 10]. CIM not only preserves the storage and read/write access
functionalities inherent to memory but also facilitates various logical or matrix multiplication-addition
operations. This design notably diminishes the frequent interactions between processors and memory, as
well as the signi�cant volume of intermediate data transfers, thereby further augmenting the system's
energy e�ciency.

CIM can be implemented using a variety of memory technologies, encompassing non-volatile memories
such as MRAM, RRAM, and Flash, as well as volatile memories like SRAM and DRAM. Given the mature
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Figure 1 (Color online) (a) Concept and features of ACIM and DCIM; (b) disparate EF distributions between ACIM and DCIM
in application characterized by IS and ITA.

fabrication processes of SRAM, it currently stands as the most reliable choice for CIM implementation
[11{ 40]. Previous research e�orts have delineated distinct realization domains. For instance, Guo et
al. [11] employed digital domain CIM (DCIM) to execute both 
oating-point (FP) and integer (INT)
multiply-accumulate (MAC) operations. They utilized double-bit 6T SR AM and an FP computing unit
to enhance energy e�ciency (EF). Fujiwara et al. [ 30] introduced a 3-nm DCIM macro supporting INT12
� INT12 operations with a parallel-MAC architecture and a foundry 6T -SRAM bit cell. Their approach
leveraged a looking-up table (LUT) based adder tree to optimize energy e�ciency. As depicted in Figure
1(a), the MAC computation in DCIM is facilitated by a large-scale adder tree, ensuring high accuracy but
constraining peak EF. In contrast, Wang et al. [14] proposed an analog domain CIM (ACIM) featuring
horizontal-weight-shift and vertical-feature-shift mechanisms. Their work demonstrated notable e�ciency
gains, particularly in depth-wise convolutional neural networks (CNNs). Wu et al. [16] employed ACIM
to enhance throughput. As illustrated in Figure 1(a), MAC computa tion in ACIM occurs within its
dedicated analog domain, with the analog results subsequently converted by an analog-to-digital converter
(ADC). This approach holds signi�cant potential for achieving high E F, albeit susceptible to process,
voltage, and temperature (PVT) variations.

Figure 1(b) illustrates the disparate EF distributions between ACIM and DCIM in application char-
acterized by input sparsity (IS) and input toggle activity (ITA). Fo r the example depicted in Figure
1(b), the input comprises six zeros and ten ones, resulting in an input sparsity of 37.5%. With four bits
undergoing changes and four bits remaining unchanged within two cycles, the input toggle rate stands
at 50%. In practical applications, both sparsity and toggling phenomena coexist, yet one often confers
superior advantages over the other contingent upon the speci�ccontext. ACIM typically exhibits a more
pronounced EF disparity in IS settings. This arises from the fact that a sparse input distribution en-
tails lower current, reduced charge, or shorter calculation time, thereby resulting in diminished power
consumption. However, ACIM may not yield substantial advantages when confronted with ITA, as the
majority of elements necessitate resetting after each calculation. In contrast, DCIM commonly employs
CMOS-based adder-trees to execute MAC operations. In such architectures, the toggle rate profoundly
in
uences e�ciency, whereas sparsity exerts minimal impact.

To leverage the strengths of both ACIM and DCIM and achieve a more balanced CIM EF distribution,
we introduce a novel approach in this study: a 22-nm 64-kB lightning-like hybrid-domain CIM macro
featuring a compressed adder tree and analog-storage quantizer-circuit (ASQC) designed for transformers
and CNNs [37]. The remainder of this paper is structured as follows. Section 2 addresses the challenges
associated with designing hybrid-domain SRAM-CIM macros. Section3 provides an overview of the
architecture of the proposed lightning-like SRAM-CIM macro. Sections 4 and 5 delve into the digital-
CIM and analog-CIM designs employed in the proposed SRAM-CIM macro, respectively. Section 6
presents the performance analysis and measured results. Finally,Section 7 o�ers concluding remarks.

2 Challenges of hybrid domain SRAM-CIM

Hybrid-domain CIM can enhance accuracy and energy e�ciency by employing digital logic for high-order
bits and analog logic for low-order bits. Nevertheless, the design ofhybrid SRAM-CIM encounters chal-
lenges, including: (1) striking a balance between inference accuracy and the area/energy overhead of
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Figure 2 (Color online) Challenges in hybrid domain SRAM-CIM struct ure. (a) Tradeo� between accuracy and area/power
overhead of hybrid CIM; (b) limited EF of DCIM due to large-sc ale adder-tree; (c) signi�cant energy cost and error accumu lation
of the readout circuit in ACIM.

Figure 3 (Color online) Proposed three key features: (1) lightning- like CIM structure, (2) analog-storage quantizer circuit, and
(3) NOR-based 4-2-compressor.

hybrid analog-digital CIM; (2) addressing the substantial energy consumption and error accumulation
issues in the readout circuit of ACIM; and (3) overcoming the limitations in energy e�ciency and perfor-
mance of DCIM resulting from the large-scale adder tree, as Figure2 shows. To solve these challenges,
this paper proposes three key features: (1) a lightning-like hybridCIM macro; (2) an NOR-based 4-2
compressor with double-regularization training method; and (3) ananalog-storage quantizer circuit, as
Figure 3 shows.

2.1 Balancing tradeo�s between inference accuracy and the a rea/energy overhead of hy-
brid analog-digital CIM

The primary issue requiring resolution pertains to determining the allocation of computational tasks
between the digital and analog domains, as Figure 2(a) shows. Guo et al. [11] proposed a weight-wise-cut
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structure to segregate components into high-precision and low-precision segments. This macro delineates
full-precision segments from approximate calculation segments using a partitioning line based on the
signi�cance of weight bits. Full-precision segments and approximatesegments can be regarded as digital
and analog, for the sake of clarity. Hence, the calculation formula isas follows:

MAC v =
3X

m =0

 

digital

 
127X

n =0

Wn [7 : 6]� INn [2m +1 : 2m]

!

+analog

 
127X

n =0
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(1)
where n represents accumulation length (AL), and m denotes di�erent input bits. This design aims to
minimize area and power overhead while reducing the distribution of resistors and capacitors (RC) along
the bit-line (BL). However, this approach may introduce an error pollution issue. For example, consider
W [5]

n � IN [7]
n and W [6]
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n , which have the same bit signi�cance. While the former is analog, the latter

is digital, potentially causing the latter to be contaminated by errors from the former.
Wu et al. [12] employed the PSUM bit signi�cance to divide these two components.The calculation

formula is given by
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where n represents the AL, while r and t denote the signi�cance of weight and total bits, respectively.
This approach o�ers a more precise solution without error contamination. However, the design of the local
computing cell (LCC) incorporates a total of eight computing units, which increases the area consumption
in the SRAM array and further leads to greater RC overhead on both bit-lines and input-data path.

To address this challenge, this work proposes a lightning-like analog/digital hybrid SRAM CIM struc-
ture to preserve energy e�ciency, inference accuracy and RC overhead. There are also other possible
con�gurations, such as varying the ratio of analog-to-digital processing or adopting alternative hybrid
structures. However, these structures, like [41], require extra switches and often lead to idle computing
units due to computing load imbalance. In contrast, the proposed design employs two computing units
per weight, and both units are fully utilized at all times, thereby avoid ing idle resources. Compared
with [ 12], the RC overhead is reduced by a factor of four, and compared with [11], the average computing
accuracy is improved by 1.52 times.

2.2 Limited EF and DCIM performance due to the large-scale ad der tree

Typically, in DCIM, a large-scale adder tree is utilized to execute MAC operations, accounting for a
signi�cant portion of power consumption. As the number of channels in the adder tree increases, adjust-
ments are needed in two aspects: (1) augmenting the number of adders in the existing level adder tree,
and (2) introducing new levels of the adder tree to accumulate fresh partial summations (PSUMs). This
results in substantial energy costs. As depicted in Figure 2(b), simulation results reveal that the power
consumption of a 128-channel adder tree is 9.18� heavier compared to a 16-channel adder tree.

An e�ective approach to tackle this issue involves employing approximate calculation methods. Wang
et al. [14] utilized a composite adder tree comprising exact, single-approximate, and double-approximate
compressors. While this structure led to a> 2.2� increase in EF, it incurred a > 3% reduction in accuracy.
On the other hand, Guo et al. [11] implemented a CIM macro featuring high-bit full precision and low-bit
approximate calculation to enhance EF. However, this approach lacked a training method to ensure its
applicability across various CNNs.

To address this challenge, this work proposes a digital 4:2 compressor-based adder tree along with a
double-regularization training method to reduce area/power consumption at little accuracy cost.

2.3 Signi�cant energy cost and error accumulation of the rea dout circuit in ACIM

ACIM has the potential to achieve high EF due to its analog domain-based MAC operation. However,
the signi�cant power consumption of converters, particularly ADC s, could signi�cantly hinder its per-
formance. For instance, in studies such as JSSC21 [17] and JSSC22 [13], the power consumption of the
readout circuit accounts for 50.36% and 46.0%, respectively, despite optimization e�orts through a low
MAC-aware readout scheme. Indeed, the most e�ective approach to enhancing the EF of ACIM is by
reducing the activation frequency of ADCs.
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Figure 4 (Color online) Overall structure of lightning-like hybrid SRAM-CIM macro.

The second challenge encountered by ACIM pertains to error accumulation issues. The conventional
ACIM calculation 
ow involves the following steps: (1) MAC operation in the analog domain, (2) genera-
tion of a PSUM through an ADC and its storage, (3) repetition of steps 1 and 2 until all calculations are
completed, and (4) accumulation of all PSUMs. However, ADCs inherently introduce conversion errors,
resulting in non-exact PSUMs. If the �nal result relies on these ADC-generated PSUMs, the errors will
accumulate, potentially leading to signi�cant inaccuracies.

To address these two challenges, this work proposes an ASQC for ascalable accumulator length, with
an output ratio of 1. The output ratio is de�ned as the ratio of actu al output bits to full-precision bits.

3 Proposed lightning-like hybrid CIM macro

3.1 Proposed macro structure

Figure 4 illustrates the overall structure of the proposed lightning-like hybrid CIM macro. This macro
comprises 4 SRAM-CIM banks, a WL-driver, a mod4 input bu�er, a post-processor, a write IO (WIO),
and control circuitry. Each bank consists of 8 bit-wise MAC units (BMAU), with each BMAU containing
a high bit computing unit and a low bit computing unit. Whether these un its operate in the digital
domain or the analog domain depends on their positions within the structure. The high bit units handle
the high four-bit inputs, while the low bit units handle the low four bits. For the high bit units, W[7:2] is
calculated in the digital domain, while W[1:0] is calculated in the analog domain. Similarly, for the low
bit units, W[7:6] is computed in the digital domain, and W[5:0] is computed in the analog domain. This
approach enables us to extend the error pollution line from 23 to 25,thereby enhancing the accuracy of
the macro.

3.2 Proposed multi-cycle accumulation

In practical applications, the size of the CIM may not always meet the requirements of the MAC op-
erations. For instance, consider the Conv32-layer in ResNet50, where the MAC size is calculated as
128� 3 � 3 = 1152, surpassing the proposed CIM size of 128, as Figure 5 shows. Similarly, in the case
of vision transformers (VIT), the accumulation length of self-attention is 768, which also exceeds the
CIM size. This highlights a potential limitation of the CIM architecture when applied to large models,
like ResNet50 and VIT. Expanding the CIM size could enhance e�ciency for larger convolution layers.
However, this may lead to underutilization when applied to smaller layers.

To address this issue, this paper proposes multi-cycle accumulation(MCA). Figure 5 illustrates our
proposed MAC timeline and formula when applied to theConv32-layer in ResNet50. The MAC process
can be delineated into four stages.
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Figure 5 (Color online) CIM size exceeding problem and proposed mult i-cycle accumulation.

(1) In one cycle, the low bit cells handle INr
n [m]� W r

n [t] while the high bit cells process INr
n [m+4] � W r

n [t].
(2) One period comprises multiple cycles; in this instance, it is1152

128 = 9. During each cycle, 9 high-bit
and low-bit PSUMs are accumulated to generate high-bit and low-bit 1152-1bW-and-1bIN MAC results.

(3) These results are then accumulated weight-wise to generate high-bit and low-bit 1152-8bW-and-
1bIN MAC results.

(4) This process is repeated for 4 iterations, and the accumulatedsums are aggregated to produce the
�nal 1152-8bW-and-8bIN MAC result.

Here,m and t represent the signi�cance of input and weight bits, respectively, while n and r denote the
data position in a one-time accumulation sequence and the position in the convolution layer sequence.

Previous analog accumulation techniques typically involve using one-time ADC per cycle, as discussed
in Subsection 2.3. This paper introduces a novel analog accumulationprocess that spans an entire period.
Using the previous example, in the �rst cycle, the analog value is converted by a coarse ADC, and the
residual value is then passed to the next cycle. In this design, the analog value is represented by charge,
and the coarse ADC outputs a ratio of 1:32. After 9 cycles of coarse ADC, some residual charge remains,
which is then read out by a �ne ADC. The results from both the coarse and �ne ADCs are combined to
produce a full precision result. This approach allows for the utilization of a one-time �ne ADC per period,
resulting in the production of one PSUM. As a result, power consumption, PSUM storage requirements,
and the accumulation of errors are all reduced. For the digital part, the partial sum is stored in the TSA,
which contains D 
ip-
ops (DFFs). The TSA occupies 25.13% of the total area of digital MAC units.
For the analog part, the partial sum is stored in the counter of the ASQC, and the unconverted value,
the remaining charge, is stored in capacitors.

3.3 Proposed bitcell and local computing cell design

To support both weight stationary accumulation (WSA) for small co nvolution layers and MCA for large
convolution layers, this macro operates in two di�erent computing modes: WSA mode and MCA mode,
as Figure 6 shows.

In WSA mode, weights only need to be loaded from the bitcell to the local bit line (LBL), and from
the LBL to the weight data (WDATA) once in multiple cycles. Therefor e, there is no need to switch
WL, pre-charge and isolate WDATA from LBL every cycle. This results in a more stable data node and
reduces power consumption.

While in MCA mode, weights change every cycle. Therefore, the LCC needs to be pre-charged per
cycle to ensure su�cient node voltage and avoid read disturb problems. WDATA and LBL also need
to be isolated; otherwise, the multiply unit will receive data twice in one cycle: once from the bitcell
and again from pre-charging. This may result in signi�cant power overhead, particularly in the digital
domain.



Guo A , et al. Sci China Inf Sci December 2025, Vol. 68, Iss. 12, 222401:7

Figure 6 (Color online) Bitcell and LCC design and two operating mode s: WSA mode and MCA mode.

The proposed macro can operate in both modes. The WSA mode is designed for small CNN convo-
lution layers, such as the Conv3-64 layer of VGG16 and the Conv21 layer of ResNet50, to maximize
weight utilization and reduce energy consumption during weight loading. The MCA mode is designed for
large convolution layers, such as Conv32-layer of ResNet50 and attention layers of VIT, to extend the
accumulation length and reduce the power consumption of ADCs.

4 Proposed NOR-based 4-2 compressor with double-regulariz ation training
method

4.1 NOR-based 4-2 compressor circuit design

DCIM has demonstrated signi�cant potential due to its low design complexity, high computation accuracy,
and exceptional stability. However, its energy e�ciency and area e�ciency are constrained by the large-
scale adder tree, which typically consumes the majority of power and area resources. One potential
solution is to leverage approximate logic to simplify calculations and reduce internal bandwidth, thereby
further minimizing the size of the adder tree.

As shown in Figure 7, this paper proposes an NOR-based 4-2 compressor to reduce the size of the
adder tree. Our digital computing unit comprises a 128� 16 weights array, 16 digital-multiply units, 16
approximate 4-2 compressors, and a channel-wise adder tree. A0to A3 are computed using weights on
the LBL and inputs on global bit-lines (GBL) through an NOR gate. In the 4-2 compressor, the half
adder (HA) on A0 is modi�ed by an NOR gate to decrease the output bandwidth from 3 to 2. This
results in one less adder per level of the adder tree.

However, this approach may also introduce potential errors. Thetotal probability of error is 21.875%
with completely random inputs and weights. It is important to note th at if A0 is 0, no error will
occur, implying that forcing A0, or even further, forcing W0 to be equal to 0 will result in full precision
calculation results. The peripheral overhead, area, internal bandwidth, and power consumption are
decreased by 2.73� , 1.71� , 1.61� , and 1.43� , respectively. More than 99.994% of error cases in the
tested applications have been eliminated, as shown in Subsections 4.2and 4.3.

4.2 Word-wise error condition

In the proposed lightning-like hybrid word mapping scheme, speci�c weight components, such as W[1:0],
are computed within the analog domain, while others, like W[7:6], are handled within the digital domain.
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Figure 7 (Color online) Digital computing unit design with NOR-base d 4-2 compressor, channel-with adder tree and truth table
of OR-based 4-2 compressor.

Figure 8 (Color online) Word-wise error condition.

Additionally, intermediate weight components, W[5:2], undergo a combined analog-digital computation
process. Consequently, MAC operations involving W[1:0] are inherently immune to digital approximation
errors, which makes values constrained within the range of 0 to 3.

Regarding the constraint application, only A4n necessitates adjustment. In the proposed macro map-
ping approach, the index range A0 to A128 corresponds to distinctinput channels, thereby requiring
constraints solely on weights within the kernel[4n] context. Accordingly, the de�nitive solution involves
restricting all weights within kernel[4 n] to the range of 0 to 3, ensuring the generation of precise compu-
tational results, as Figure 8 shows.

4.3 Double regularization training method

To implement word-wise weight restriction as discussed in the preceding section, a double regularization
training method is proposed, as Figure 9 shows. L1 normalization, based on the absolute values of
weights, and L2 normalization, based on the squares of weights, are utilized. When weights undergo L1
normalization, they rapidly converge towards 0, whereas L2 normalization progresses at a slower pace.

In our dual regularization training method, we partition all weights in to two groups: Wa and Wb. Wa
comprises weights within kernel[4n] that fall outside the range of 0 to 3, indicating those weights that
require adjustment. Conversely, Wb includes weights that alreadymeet the proposed criteria. During
training, all weights in Wa undergo L1 normalization, facilitating rapid c onvergence towards 0. Once
these weights satisfy the proposed criteria, falling within the rangeof 0 to 3, they transition to Wb and
undergo L2 normalization. Detailed measured results will be shown in Section 6.
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Figure 9 (Color online) Double regularization training method.

Figure 10 (Color online) Proposed analog-storage quantizer circuit design.

5 Proposed analog-storage quantizer circuit

5.1 Proposed analog-storage quantizer circuit design

Conventional analog domain MAC operations require converting data from analog to digital every cycle,
followed by accumulating the digital value. This approach leads to higher power consumption, additional
PSUM storage overhead, and error accumulation issues as discussed in Subsection 2.3. To address these
challenges, this paper proposes an ASQC capable of performing multi-cycle accumulation in the analog
domain itself.

Figure 10 illustrates the proposed ASQC design. The analog computing unit comprises a 128� 16
SRAM array and 128 dual-PMOS current generators. One currentgenerator is controlled by local weights
on LBL, while the other is controlled by inputs on GBL. A separate volt age source, VCC, acts as the
charge source to control and minimize the charging current. The ASQC involves three capacitors to
store the accumulated charge: Ceven, Codd, and Cdummy. The Cdummy capacitor is used to avoid
charge loss during capacitor switching. The designed capacitance is92.262 fF, and the trigger voltage is
set to 380 mV to ensure that the double-PMOS array operates in the saturation region and generates
evenly distributed current. The circuit also includes a successive approximation register analog-to-digital
converter (SAR-ADC) to convert �ne results and a counter to convert coarse results.
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Figure 11 (Color online) Proposed ASQC operation phase and waveform.

5.2 ASQC operation phase and waveform

The conversion process of the proposed ASQC can be divided into three phases: analog store (AS) phase,
SAR ADC phase, and reset phase, as Figure 11 shows. The AS phaseusually contains multi-cycle to
realize MCA. These three phases proceed as follows.

(1) AS phase. During the �rst cycle of the AS phase, both Ceven and Cdummy receive accumulated
charge from the analog computing unit until the trigger voltage is reached. Once triggered,Codd switches
in to replaceCeven . Ceven is then cleared for the next run, and the counter increments by one. Any charge
that cannot be stored by Ceven and Codd is pre-stored onCdummy , ensuring no charge is lost.Codd and
Cdummy continue receiving charge until the trigger voltage is reached again, at which point Ceven switches
in. This process may repeat multiple times within one cycle until the charge source stops.

When the charge source stops, there may still be some residual charge in the capacitors. This residual
charge is carried over to the next cycle and functions as the initial value. In the next cycle, the counter
is not cleared and continues counting from its previous value. The ASphase cycles continue until the
analog input is fully processed and converted to a coarse digital representation.

(2) SAR ADC phase. Once all MAC operations are conducted in the AS phase, a coarse digital
value is generated by the counter. However, there may still be some residual charge remaining on the
capacitors. This residual charge is sampled by a SAR-ADC, which produces a �ne digital result.

The coarse result from the counter and the �ne result from the SAR ADC are then summed together
to generate the full precision digital output. For example, if the coarse result from the counter is 12 and
the �ne result from the SAR ADC is 13, the �nal full precision PSUM wo uld be calculated as

PSUM = 12 � 2 � 32 + 13 = 781: (3)

Here, the coarse value is 12� 2 (where Qc[5 : 1] = 12, Qc[0] = 0, so Qc = 24), the ratio is 32 (meaning
one unit of capacitance can store 32 units of charge), and the �nevalue is 13, resulting in a �nal PSUM
of 781.

(3) Reset phase. After the AS and SAR ADC phases are completed and the full precision digital
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Figure 12 (Color online) Proposed SAR-ADC design and low power counte r design.

output PSUM is obtained, the ASQC circuit needs to be reset beforeit can process the next readout.
In the reset phase, all capacitors (Ceven , Codd , and Cdummy ) are discharged and cleared of any residual
charge. Additionally, the SAR ADC and the counter used to generate the coarse digital value are both
reset to zero.

5.3 SAR ADC and counter design

The left of Figure 12 shows the proposed SAR-ADC design. In this design, a capacitor can store 32
charge portions. However, to calculate a full precision result, ourSAR-ADC needs 6-bit precision, which
is twice the capacitor range. This is because a dummy capacitor is designed to store extra charge.

The right of Figure 12 illustrates our low-power counter design. To decrease power consumption
and accommodate high-speed input, the proposed macro applies a true single-phase-clock (TSPC) DFF.
Compared to traditional CMOS 
ip-
ops, the TSPC DFF optimizes the clock path and data path,
reducing redundant clock transitions and irrelevant transistor switching activities.

By adopting the TSPC DFF, the counter design achieves lower powerconsumption while maintain-
ing high-speed operation. The simpli�ed clock distribution and data propagation paths in the TSPC
DFF contribute to reduced switching activities, resulting in signi�can t power savings, especially in high-
frequency applications, like the proposed macro.

6 Performance and measurement results

6.1 Performance of proposed schemes

Figure 13(a) shows the simulated energy e�ciency distribution on di� erent input toggle rates and sparsity
compared with previous work. Thanks to our proposed hybrid CIM structure, the proposed macro
achieves 1.82� better highest energy e�ciency and 2.08� better lowest energy e�ciency compared with
the previous ACIM [14] under the same input sparsity situation, and 1.73� better highest energy e�ciency
and 3.61� better lowest energy e�ciency compared with the previous DCIM [11] under the same input
toggle rate situation. The highest energy e�ciency is only 2.20� higher than the lowest energy e�ciency,
which is also better than previous work.

Figure 13(b) illustrates the simulated absolute error and RC overhead of the lightning-like, vertical-
cut, and weight-wise-cut structures. Based on 1000 random tests, the lightning-like structure achieves
a normal distribution with a mean ( � ) of 2840.8 and a standard deviation (� ) of 1951.1, outperforming
the weight-wise-cut structure. Additionally, it achieves a 4� reduction in RC overhead compared to the
vertical-cut structure. The proposed lightning-like structure st rikes a superior balance between accuracy
and RC overhead, o�ering an optimal tradeo� between these two critical factors.

Figure 13(c) presents simulated results for peripheral overhead, area overhead, internal bandwidth, and
power consumption of the proposed adder tree design in comparison to an adder tree without the pro-
posed 4-2 compressor. The proposed adder tree achieves reductions of 2.73� in peripheral overhead and
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Figure 13 (Color online) Circuit performance of proposed schemes. (a ) Simulated energy e�ciency distribution on di�erent input
toggle rates and sparsity compared with previous work; (b) s imulated absolute error and RC overhead of lightning-like, vertical-
cut and weight-wise-cut structure; (c) simulated peripher al overhead, area overhead, internal bandwidth and power co nsumption
compared with adder tree w/o 4-2 compressor; (d) simulation energy consumption compared with SAR-ADC without ASQC.

1.71� in area overhead. Furthermore, it demonstrates improvements of 1.61� lower internal bandwidth
requirements and 1.43� lower power consumption over the adder tree without the 4-2 compressor.

Figure 13(d) presents simulated energy consumption results for the proposed ASQC in comparison to
a SAR-ADC without ASQC, across di�erent accumulation lengths. Bene�ting from the proposed MCA
and ASQC techniques, the �ne ADC in the proposed design requires asmaller precision (64 vs. 128)
and signi�cantly fewer opening opportunities, which leads to a 6.56� lower power consumption at an
accumulation length of 2048 samples.

Figure 14(a) illustrates the number of unsatis�ed weights for di�er ent neural networks during the
training process. The results demonstrate that for most neuralnetworks, more than 99.994% of the
initially unsatis�ed weights have been successfully modi�ed by the endof training. Additionally, the
training process for the majority of these neural networks converges within 100 epochs, indicating a
relatively rapid learning curve. These �ndings suggest that the double regularization training method
employed is highly e�ective in addressing and adjusting the unsatis�ed weight parameters across various
neural networks, while also exhibiting e�cient convergence characteristics within a reasonable number of
training iterations.

6.2 Measurement results

This work implemented a test-chip with a 64-kB 6T SRAM-CIM macro using a 22-nm CMOS logic
process. This test-chip employed the DFF-based path-delay exclusion approach to enable the extraction
of access times (TAC) for the proposed 6T SRAM-CIM macro.
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Figure 14 (Color online) Application performance of proposed scheme s. (a) Number of unsatis�ed weights of di�erent neural
networks during training; (b) functional test platform of p roposed hybrid CIM macro; (c) measured accuracy of proposed CIM
macro; (d) accuracy of other hybrid con�guration in ResNet1 8@CIFAR100.

Figure 14(b) illustrates the functional test platform for the prop osed hybrid CIM macro. This plat-
form comprises a personal computer (PC) and a printed circuit board (PCB) equipped with a �eld-
programmable gate array (FPGA) and a CIM chip. Operations related to MAC computations are per-
formed on the CIM chip, such as convolution, fully connected layers, and dynamic matrix multiplication.
Meanwhile, the FPGA handles post-processing tasks and simple non-linear layer computations. The PC
is responsible for processing feature maps and complex non-linear layers.

Figure 14(c) presents the measured accuracy results of the proposed CIM macro. Compared to the
baseline accuracy, the proposed macro exhibits an accuracy loss of 0.5% for ResNet18 on ImageNet, 0.63%
for ResNet50 on ImageNet, and 1.17% for ViT on ImageNet. Additionally, we evaluated its performance
on the Yolov5 object detection model using the COCO dataset, where it incurred an accuracy loss of 4%,
which may not be acceptable for practical applications. It should benoted that, for ViT, the reported
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Figure 15 (Color online) Mesurement results. (a) Benchmark test plat form of proposed hybrid CIM macro; (b) measured
energy e�ciency compared with previous work; (c) measured e nergy e�ciency and area e�ciency distribution of proposed m acro
and measured output vs. input of analog computing unit; (d) M onte Carlo simulation of input versus output with error bars ;
(e) measured output versus input of the analog computing uni t.

accuracy only re
ects the computation of the self-attention part on our proposed chip. For YOLOv5, due
to its higher sensitivity to error and the presence of longer accumulation lengths (with some reaching up
to 4608), it exhibits the most signi�cant accuracy degradation.

Figure 14(d) presents an accuracy table with several alternativecon�gurations of the lightning-like
hybrid structure, evaluated on ResNet18 with the CIFAR-100 dataset. In this �gure, the high 4-bit and
low 4-bit features are separated and computed either in digital or analog domains. The parametern
denotes the proportion of weights computed digitally for the high 4-bit features, while m denotes the
proportion of weights computed digitally for the low 4-bit features. The proposed structure is selected
as it achieves the best trade-o� between accuracy and e�ciency.

Figure 15(a) illustrates our benchmark test platform for the proposed hybrid CIM macro. This plat-
form utilizes an instrumentation logic analyzer (ILA) for vector tes ting, an oscilloscope for access time
measurement, and a DC power supply for providing the CIMVDD voltage and power measurement.

Figure 15(b) shows the measured energy e�ciency compared to previous work. The proposed macro
achieves more than 2.82� higher energy e�ciency for CIM operations. Figure 15(c) shows the measured
energy e�ciency and area e�ciency under di�erent voltages. When tested under INT8 IN, INT8 W,
INT23 OUT, the proposed macro achieves 60.8 TOPS/W @0.6 V and 524.7 GOPS/mm2 @0.9 V. Figure
15(d) shows the results of a Monte Carlo simulation of input versus output, with error bars indicating the
variability. The average INL is 1.007 LSB. Thanks to the lightning-fast hybrid CIM structure, the error
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Figure 16 (Color online) (a) Die photograph of the fabricated 22-nm 64 -kB lightning hybrid CIM macro; (b) measured shmoo
plots of INT8 IN, INT8 IN, INT23 OUT; (c) demonstration syste m of proposed work.

in the ASQC is signi�cantly reduced. Figure 15(e) shows the measured output versus input of the analog
computing unit. The maximum error is 6.4%, however, MAC operations with an accumulation length
greater than 1024 have a low probability of occurring due to data sparsity. The ASQC may encounter
certain non-idealities; wide transistors (100/300n) are used in the PMOS array to mitigate local variation,
and an extra dummy capacitor is added to avoid charge loss during switching. However, some charge
injection may still occur in this structure, leading to the non-linearit y observed in Figures 15(d) and (e).

Figure 16(a) shows the die micrograph of the proposed 22-nm 64-kB lightning hybrid CIM macro.
Table 1 compares this chip with previous work. The macro area is 472.27 � m � 251.71� m = 0.119 mm2

and the memory array area is 403.95� m � 92.68 � m = 0.037 mm2. The proposed macro can achieve
an accumulation length of 128{2048 with an output ratio of 1. Thanks to our lightning-like hybrid CIM
architecture, the total RMS error is 0.0935‡ . This work achieves an inference accuracy of 69.25% on
ResNet18 for ImageNet and 80.03% on vision transformer for ImageNet. Figure 16(b) shows a measured
shmoo plot of this work. It can achieve an access time of 4.1 ns at 0.9 Vand an access time of 14 ns
at 0.6 V. Note that the access time at 0.6 V is not labeled in the shmoo plot due to space constraints.
Figure 16(c) shows the demonstration system.

7 Conclusion

This paper proposed a 22-nm 64-kB Lightning-like hybrid CIM macro with a compressed adder tree and
analog-storage quantizers for transformer and CNNs. To maintain a better tradeo� inference accuracy
and the area/energy overhead, this paper proposed a lightning-like structure to realize hybrid CIM.



Guo A , et al. Sci China Inf Sci December 2025, Vol. 68, Iss. 12, 222401:16

Table 1 Comparison table. 1: Measured with worst case under 0.9 V. 2: Measured with actual ResNet18 model @ImageNet under
0.6 V. 3: Software baseline is 69.75%. 4: Software baseline i s 81.2%.

ISSCC'23 [ 11] JSSC'22 [ 13] ISSCC'22 [ 16] ISSCC'23 [ 15] This work

Array size 512 � 128 (64 kB) 64 kB 1 MB 128 kB 512 � 128 (64 kB)

Technology (nm) 28 28 28 22 22

Cell structure DBcell+FCU 6T+TWT 6T+EDC 6T+3T1C 6T+DU/AU

MAC operation Digital Analog Analog Analog Hybrid

Macro size (mm 2 ) 0.146 { { 0.42 0.119

Memory density (kB/mm 2 ) 438.35 { { 304.76 537.82

Supply voltage (V) 0.6{0.9 0.85{1 0.65{0.9 0.72{0.82 0.6{0 .9

Model CNN, Yolo, U-net CNN CNN CNN CNN, Yolo, Transformer

Precision (I/W/O) (bit) 8/8/23 4/4/12 8/8/20 8/8/21 8/8/23 {27

Access time (ns) 5.5 7.6 15.2 24 4.1

Throughput (GOPS) 112.3{375 { { 5.8 18.3{62.4

Energy e�ciency (TOPS/W) 19.5{44 30.4 7 27.38 1 20.7{ 2 60.8

Area e�ciency (TOPS/mm 2 ) 769{2567 { { 1190{1440 153.7{524.7

Inference accuracy (%)
74.51

(CIFAR100)
65.52

(CIFAR100)
66.17

(CIFAR100)
{

3 74.46 (ResNet50
@ImageNet)

4 80.03 (vision
transformer @ImageNet)

The proposed macro can achieve 4� RC decrease and 2.99� accuracy improvement. To increase DCIM
energy e�ciency, this paper proposed an NOR-based 4-2 compressor to decrease internal bandwidth and
further decrease adder tree size. A proposed approximate 4-2 compressor could achieve 1.71� less area
consumption and 1.43� power saving. To mitigate the in
uence of approximate calculation, a double
regularization training method is proposed. After this training, mor e than 99.994% error points will
be eliminated and produce a near full precision result. To decrease power consumption, reduce PSUM
storage overhead, and mitigate error accumulation problems, ASQC and MCA are designed, which lead to
6.56� less energy cost in the analog domain. The fabricated 22-nm 64-kB lightning-like hybrid SRAM-
CIM macro has proved the proposed concept and achieves an energy e�ciency of 60.8 TOPS/W, for
INT8 MAC operations at di�erent accumulation lengths: 128 to 2048, with an output ratio of 1. It also
achieves an access time of 4.1 ns at 0.9 V, an inference accuracy of 69.25% on ResNet18 for ImageNet
and 80.03% on vision transformer for ImageNet.
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