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Abstract—Stochastic computing (SC) offers hardware sim-
plicity but suffers from low throughput, while high-throughput
Digital Computing-in-Memory (DCIM) is bottlenecked by costly
adder logic for matrix-vector multiplication (MVM). To address
this trade-off, this paper introduces a digital stochastic CIM
(DS-CIM) architecture that achieves both high accuracy and
efficiency. We implement signed multiply-accumulation (MAC)
in a compact, unsigned OR-based circuit by modifying the data
representation. Throughput is enhanced by replicating this low-
cost circuit 64 times with only a 1x area increase. Our core
strategy, a shared Pseudo Random Number Generator (PRNG)
with 2D partitioning, enables single-cycle mutually exclusive
activation to eliminate OR-gate collisions. We also resolve the
1s saturation issue via stochastic process analysis and data
remapping, significantly improving accuracy and resilience to
input sparsity. Our high-accuracy DS-CIM1 variant achieves
94.45% accuracy for INT8 ResNetl8 on CIFAR-10 with a root-
mean-squared error (RMSE) of just 0.74%. Meanwhile, our
high-efficiency DS-CIM2 variant attains an energy efficiency of
3566.1 TOPS/W and an area efficiency of 363.7 TOPS/mm?, while
maintaining a low RMSE of 3.81%. The DS-CIM capability with
larger models is further demonstrated through experiments with
INT8 ResNet50 on ImageNet and the FP§ LLaMA-7B model.

I. INTRODUCTION

Deep neural networks (DNNs) and Transformer models are
foundational to modern Al, but their computational demands
present significant challenges for energy- and area-constrained
edge devices [1]-[7]. Efficient matrix vector multiplication
(MVM) is critical for their edge deployment. Approximate
computing has been explored to improve efficiency, but the
high accuracy requirements of Transformers limit the applica-
bility of many methods.

As illustrated in Figure 1, OR-Gate-based stochastic com-
puting (SC) is one of these approximate methods that of-
fers low-cost and fault-tolerant computation. However, it is
hampered by low throughput from long bitstream latencies
and significant Is saturation errors [8] during low-sparsity
accumulation, restricting its use in modern Al applications [9]-
[14]. Digital compute-in-memory (DCIM) is another method
to enhance edge MVM by performing parallel computations
directly in the SRAM array and reusing the weight, but its
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Fig. 1: Principles of Stochastic Computing and Digital CIM.

efficiency is often bottlenecked by the large and power-hungry
digital adder tree used for accurate accumulation [15]-[17].

Analog CIM (ACIM) [18], [19] and approximate DCIM
[20]-[22] sacrifice precision by utilizing low-precision ADCs
or approximate adders for improved efficiency. ACIM employs
efficient but PVT-sensitive ADCs for accumulation, while
approximate DCIM uses simplified adders [21] that introduce
logical errors. However, their accuracy cannot meet the re-
quirement of transformer models.

SC can achieve much lower errors by increasing the bit-
stream length. Integrating SC with CIM is a promising alter-
native, yet existing works suffer from inefficiencies with large
weight bit-widths, limited parallelism, and persistent saturation
errors, particularly with signed operations [23]-[27].

To address these challenges, we propose our DS-CIM archi-
tecture. First, we introduce a novel method that shifts signed
numbers to an unsigned representation, allowing for efficient,
unipolar stochastic computing that supports both signed activa-
tions and weights. Second, we replicate a simple unipolar OR-
MAC circuit to enhance parallelism by 64 x, compensating for
the throughput degradation from long bitstreams with only a
1x area increase. Third, we use a shared PRNG and a data
remapping technique to ensure each random sampling point
activates at most one row, completely eliminating 1s satura-
tion errors. Finally, we optimize the PRNG configuration to
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minimize overall RMSE.

Post-layout simulations in a 40nm process validate our
approach. Our precise DS-CIM1 achieves 669.7 TOPS/W and
117.1 TOPS/mm? with only 0.74% RMSE. The efficient DS-
CIM2 reaches 3566.1 TOPS/W and 363.7 TOPS/mm? with
3.81% RMSE. DS-CIM demonstrates high efficiency, low
error, and robust accuracy across all product sparsity levels
(0-100%).

II. PRELIMINARIES
A. Stochastic Computing

Stochastic computing generates unary bitstreams by com-
paring binary numbers with random values, ensuring each
position’s probability of a *1’ matches the binary value. This
conversion simplifies high-bit-width binary values, reducing
logical computation costs and enhancing hardware efficiency
[91, [11]-[14].

Classic SC applications, such as multiplication and scal-
ing, leverage the probabilistic nature of unary bitstreams for
simpler, scalable hardware implementations. However, gener-
ating long unary bitstreams can increase latency, requiring
careful management of the trade-off between efficiency and
computation time based on application needs. There are also
challenges that when applying SC on MAC operations, there
will be distortion error due to the accumulation [8], [10].

B. Digital Computing-in-Memory

Al accelerators face the memory wall problem, where mem-
ory access speed limits overall performance. Digital Compute-
In-Memory (CIM) addresses this by integrating processing
within memory units, reducing data transfer needs and enhanc-
ing efficiency [15]-[17]. However, challenges remain, such
as low computing density and throughput, and the significant
overhead of adder trees. Overcoming these issues is crucial for
maximizing the potential of Digital CIM in Al accelerators.

C. Approximate Computing-in-Memory

Some works have applied approximate computing tech-
niques to CIMs, such as using analog signals for accumulation
[18], designing approximate adders [21], and introducing
stochastic computing [27]. However, these approaches face
accuracy issues. Although high Root Mean Square Error
can show good results in DNNs or event cameras, with the
development of transformers, previous approximate computing
methods are no longer applicable.

III. DS-CIM HARDWARE ARCHITECTURE
A. Overall Architecture

As shown in Fig. 2(a), DS-CIM integrates SC’s PRNGs
and Stochastic Number Generators (SNGs) into a DCIM
framework, replacing costly multi-bit adders with efficient
single-bit OR-based Multiply-Accumulate (OR-MAC) circuits.
The macro has a 128x32 structure with 128 8-bit SRAMs, 128
SNGs, and 64 OR-MACs per column. An input SNG array
converts binary activations to stochastic bitstreams. To support

data remapping (Sec. IV), the macro uses only two indepen-
dent PRNGs: PRNGA for activation bitstreams and PRNGW
for weight bitstreams. These PRNGs generate random numbers
for the SNGs to convert binary data into stochastic bitstreams,
Agsc and Wge. Agc is broadcast across columns, while W
is shared among the 64 OR-MACs within a column.

After multiplication, product bitstreams (Ps¢) are accumu-
lated via an OR gate, and the partial sum is added cycle-by-
cycle in an accumulator. For balancing accuracy and efficiency,
we designed two versions: the precise DS-CIM1 uses eight
OR16-based MACs (OR-MACI16) per column, while the ef-
ficient DS-CIM2 uses two OR64-based MACs (OR-MAC64).
Both perform accurate MAC operations but differ in their
accumulation and data remapping granularities.

B. Unipolar OR-MAC for Signed MAC

SC employs a probabilistic process to perform unsigned
operations. As depicted in Figure 3(a), for executing signed
MAC in stochastic CIM (S-CIM), [27] proposes a sign-
aware bipolar MAC circuit for signed weights but unsigned
activations. This differential circuit separates the positive
weight bitstream Wgcy from the negative weight bitstream
Wsc— and performs MAC operations in two ways, with the
final result being the difference between the two operations.
However, this bipolar MAC scheme significantly increases
overhead and limits parallelism and efficiency.

In contrast, DS-CIM introduces a unipolar MAC scheme
for both signed activations and weights by converting signed
numbers into unsigned ones and converting the output to
signed numbers after the unsigned MAC. As shown in Eq.
1, the partial sum is logically derived from the MAC op-
eration of two columns of 8-bit signed activations z[i] and
weights w[i] represented in 2’s complement. To convert a
signed number to an unsigned one, we invert its sign bit,
which is equivalent to adding 128. For example, we transform
1000_0011 (2’s complement, -125) to 0000_0011 (unsigned,
3) by inverting the sign bit, and 0111_1111 (2’s complement,
127) to 1111_1111 (unsigned, 255). Eq. 2 and 3 illustrate
our method for decomposing signed multiplication into three
terms, while Eq. 4 demonstrates how we partition the high-
cost signed MAC into efficient unsigned MAC, addition, and
subtraction.

H-1
psum = Z x[fwli] (D
=0
2'[i] = z[i] + 27 and w'[i] = wli] + 27 (2)
wfilwli] = 2'[i]w'[i] — 27x[i] — 27w'[i] 3)
H-1 H-1 H-1
psum’ = Z 2'[i|w'[)]® — 27 Z z[i]® — 27 Z w'[i]®
1=0 =0 1=0

(4)

In our DS-CIM hardware, term b can be efficiently calcu*
lated using our unsigned unipolar OR-MAC, term c is summed
through SIMDs during runtime and term d is computed offline
and stored as a look-up table. The overhead for term c is spa-
tially amortized across multiple weight columns. Compared to
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the substantial MAC overhead, the subtraction and amortized
addition overheads are negligible.

Figure 2(b) illustrates our two unipolar OR-MAC circuit
configurations. OR-MAC16 is accuracy-oriented, featuring
finer OR granularity with a larger addition bitwidth, whereas
OR-MAC64 is efficiency-oriented, characterized by coarser
OR granularity and a smaller addition bitwidth. Figure 3(b)
presents the schematic of our customized OR-MAC64 circuit,
which is smaller and faster than carry-save adders [28].

C. Compute/Memory Ratio and the Area Efficiency

To achieve n-bit precision, SC requires a bitstream length
of 2". However, for an 8-bit MAC operation, the delay of a
256-point SC is 32 times longer than that of an 8-bit serial
DCIM, which only requires 8 cycles. Furthermore, in S-CIM
that has one set of memory with only one set of MAC circuit,
the overhead of the OR-MAC circuit is significantly lower than
that of SRAMs and SNGs, leading to unbalanced computation
and area efficiency.

To address this issue, we replicate the OR-MAC circuit
within the same DS-CIM column [27]. By integrating 64
ultra-efficient OR-MAC circuits in a column, denoted as
compute/memory ratio (CMR) = 64, the parallelism of DS-
CIM is enhanced by 64X, boosting the throughput and area
efficiency. Our post-layout data shows that DS-CIM with

e 2
DS-CIM macro with Compute/Memory Ratio = 1

channel by channel

OX x OY channels > W
[ »
N N 2x
o = » = 5 1x macro
o] (2] [a] [a! fa! (=R Q & n Area
e EEEEE([= | £22 || 222 [=|| nme [=5
1 E1 E1 E1 E = =3 = =3 compute
(ol [ e (o R e 2 3 logics

DS-CIM with CMR=1
J 32x latency reduction

Input Activation
Increased input
granularity

DS-CIM macro with Compute/Memory Ratio = 64

for one feature map
with the same area

1< OX X OV channels 64 channels in parallel ‘ w
< — »
2 g 2R 2x macro
= 25 & oz & )
g Fa-] >3 with 64x
.ee o T 220 3390 |z
3 3938 398 compute
o ® o ® :
2 233 233 logics
Input Activation DS-CIM with CMR=64

Fig. 4: An illustration of achieving 32x latency reduction and 32x
compute density increment by increasing CMR from 1 to 64.

Input SNG 0 m Channel 0 // //Channel OX

Input SNG 1 m{ Channel 1 / //

Memory-friendly
pipelined input

77755 _temmeies ||
Fig. 5: Memory-friendly pipelined layer channel input timing dia-
gram of the DS-CIM macro with CMR=64 and bitstream length=256.

Channel 64

Channel lx Channel 65

64 channels in parallel

Input SNG 63

CMR=64 incurs only a 1 x area increase compared to CMR=1
designs. As illustrated in Figure 4, By 64X throughput with
only 2x area, DS-CIM achieves a 32x latency reduction for a
specific CONV layer. Moreover, DS-CIM features progressive
precision, enabling a 4x extra improvement with a bitstream
length=64. By replicating low-cost unipolar OR-MAC circuits,
we have mitigated the throughput limitations inherent in SC,
providing higher throughput.

As shown in Figure 5, since the activations and weights
are temporally stationary during SC process, the SRAM band-
width could be efficiently utilized for different input channels.

D. Latch-Cached Bitstream Accumulator

As shown in Figure 2(c), DS-CIM requires accumulating
a long bitstream cycle by cycle. In DS-CIM, due to the
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replication of low-cost OR-MAC units, the accumulator’s
energy consumption accounts for 43% of the entire macro.
For DS-CIM2, which has a smaller accumulation bitwidth, we
propose a latch-cached accumulator. We put eight D-latches at
the 2b output of the OR-MAC. The outputs are sequentially
stored in latches, filling them every four cycles. On the fourth
cycle, when the D-latches are full, an adder sums the four 2-bit
cached numbers and accumulates the result with the previously
stored value in registers. This approach activates the accumula-
tor only once every four cycles, reducing accumulation energy
by 56% and overall macro power consumption by 21.8%, with
only 10% increasement in area.

IV. ERROR ANALYSIS AND OPTIMIZATION

In Stochastic CIM (S-CIM) architecture, due to the nature
of random sampling and accumulation, large errors in each
row can cancel each other out, resulting in a relatively smaller
MAC error. However, inherent errors, such as 1s saturation
error and sampling point discrepancies, introduce systematic
errors that affect S-CIM. In this section, we analyze the error
sources in our DS-CIM and propose corresponding solutions.

A. Random Sampling and ls Saturation Error

Activation and weight multiplication can be viewed as a 2D
Monte Carlo sampling process that estimates the product by
calculating the area formed by the two values. As depicted
in Figure 6(a), a red sampling point, (PRNGA, PRNGW),
appears randomly in the 2D sampling map cycle by cycle.
When a sampling point falls within the blue rectangle defined
by weight and activation, the conditions of the activation
and weight SNG comparators are met, causing both Agc
and Wgc to equal 1, resulting in an output product of 1.
Consequently, the number of 1s in the product bitstream Pgc,
which reflects the magnitude of the product of activation
and weight, depends on how many random points fall within
the rectangular area during the sampling process. Thus, the
stochastic multiplication process is effectively a 2D Monte
Carlo process [13].

Next, we consider S-CIM, where multiple independent
Monte Carlo sampling processes occur across different rows.
Previous work [27] relied on independent PRNGs for each row
to generate independent Pscs, which are then accumulated

together by an OR gate. However, the OR gate is particularly
sensitive to the sparsity of Psc. As shown in Figure 6(b),
taking an OR4 gate as an example, if the input sparsity
is high, most cycles will have all-O inputs or just a single
1. Occasionally, there may be multiple inputs equal to 1.
However, the OR gate can only output a single 1, leading
to a 1s saturation error. A detailed probabilistic analysis in
Figure 6(c) reveals that OR accumulation is highly sensitive
to product sparsity, with coarser-grained OR gates exhibiting
even greater sensitivity to variations in sparsity, which restricts
the applicability of OR gate-based S-CIM.

B. Data Remapping for 1s Saturation error

To address the 1s saturation error of OR accumulation,
we re-examine the random independence between rows and
discover that sharing PRNG between rows allows us to map
all data points to the same 2D sampling map. By shifting and
symmetry, we ensure that each sampling point can activate at
most one row to output 1.

Specifically, as shown in Figure 6(a), we replace the strategy
of deploying independent PRNGs for each row in [27] with a
shared PRNGW for all weights and a shared PRNGA for all
activations, enabling each row in the column to utilize the same
sampling point. We illustrate this with the OR-MAC4 case. In
Figure 6(e), we right-shift both activations and weights by 1
bit, causing the data distribution region enclosed by red lines
to occupy only the lower-left quarter of the 2D sampling map.

We then invert all bits of the Row 1’s activation A[l],
making it spatially equivalent to a symmetry of 127.5, e.g.,
from 0000_0010 to 1111_1101. Simultaneously, we alter the
decision direction of the second row’s activation SNG. This
remaps the red data distribution region and blue Monte Carlo
effective region of the second row from the lower-left corner
to the lower-right corner. Similarly, we can position Row 2
in the upper-left corner by inverting W[2] and its SNG, and
Row 3 in the upper-right corner by inverting A[3], W3], and
the corresponding two SNGs. For a shared sampling point, it
will lie in at most one of the four blue rectangles, ensuring
that at most one of the four inputs to the OR4 gate will be
1. By sacrificing data bit-width through right-shifting, we can
eliminate the 1s saturation error.



TABLE I: DS-CIM Performance on CNN Models

DS-CIM1 DS-CIM2
Bistream 64 128 256 64 128 256
RMSE 3.57% 2.03% 0.74% 3.81% 2.63% 0.84%
ResNet18@

90% 93.08%  94.45%  89.46%  92.46%  94.31%

CIFAR10(vs 94.54%)

ResNet50@
ImageNet(vs 80.82%)

79.45%  80.11%  80.67%  79.34%  799%  80.65%

Similarly, we can implement a 4x4 division of the 2D
sampling map by right-shifting by 2 bits and inverting the
corresponding data bits, with every 16 rows sharing an OR16
gate, forming an OR-MAC16 design, denoted as precise DS-
CIM1. Furthermore, by right-shifting by 3 bits and remapping
the data, we can divide the 2D sampling map into 8x8
segments, with every 64 rows sharing an OR64 gate, forming
an OR-MAC64 design, denoted as efficient DS-CIM2.

C. Measurement of Optimized RMSEs

The distribution uniformity of sampling points, which is
affected by PRNG types and intitial seeds, is crucial to the
SC accuracy [13]. To minimize the distribution discrepancy
of sampling points, we collected mainstream 8-bit PRNGs
and searched for optimal initial values for the two random
number sequences of PRNGA and PRNGW. We identified
optimal PRNG and initial value configurations for 64, 128,
and 256 points that minimize the overall RMSE of OR-
MAC16 and OR-MAC64 for different data distributions. These
configurations ensure optimal RMSE for each application
during runtime.

Table I illustrates the RMSE performance of our differ-
ent OR-MAC circuits and bitstream lengths. Precise DS-
CIM1 with bitstream length=256 achieves the lowest RMSE
of 0.74% and Efficient DS-CIM2 with bitstream length=64
achieves the acceptable RMSE of 3.81%, which is better
than the 4.03% and 6.76% reported in [21]. Due to greater
precision loss from right-shifting, the RMSE of OR-MAC64
is slightly higher than that of OR-MAC16. Additionally, the
RMSE significantly increases with shorter sequences due to
greater discrepancies and insufficient sampling points.

The test results demonstrate that our unipolar OR-MAC
circuits are resilient to variations in sparsity, exhibiting uni-
form errors for any magnitude distribution of the partial
sum, making our DS-CIM compatible with MVM applications
across flexible data distributions.

V. EXPERIMENTS AND VALIDATION

To demonstrate the advantages of DS-CIM in hardware
efficiency, flexibility, and accuracy, we implemented the layout
designs of DS-CIMI1 and DS-CIM2 using a 40nm CMOS
process. The customized SNGs and OR-MAC units were
designed in Cadence Virtuoso and characterized into standard
cells for synthesis in Cadence Liberate and Cadence Abstract,
as the method introduced in [28]. After obtaining all the
necessary digital standard cells, the digital gate-level netlist
was synthesized using Synopsys Design Compiler. Placement
and routing were executed in Cadence Innovus, and post-
layout simulation was performed with Cadence Virtuoso.

For software evaluation, we conducted comprehensive ex-
periments across quantized DNN and transformer models to
assess the impact of stochastic error on model accuracy. The
DS-CIM error pattern was added to the MVM results of the
models. We tested ResNet18 model on CIFAR-10 and
a larger ResNet50 on ImageNet for accuracy evaluation
under INT8 quantization, respectively.

We also employed the open-source LLM-FP4 quanti-
zation framework [29] to apply the FP8 quantization to
the LLaMA-7B model, assessing DS-CIM’s effectiveness on
mainstream datasets. Additionally, following the method out-
lined in [30], FP8 activations and weights were aligned to
INTS8 with a granularity of 128 as inputs for DS-CIM.

A. Hardware Evaluations

We first evaluate the power performance of the two designs,
as well as their sensitivity to signed operations. As shown in
Figure 7, the data remapping ensures that there is at most a
single 1 in the input of each OR gate, achieving ultra-low
power consumption. Due to the coarser OR-MAC granularity,
simpler addition and lower accumulation bandwidth compared
to DS-CIM1, DS-CIM2 is well compatible with latch-cached
accumulators and consumes less energy in the MAC circuit
than DS-CIMI. In signed operations, we transform the signed
data to unsigned [0, 255], which reduces the sparsity of
the stochastic bitstream, and increases power consumption
because of more 1s to be accumulated.

As depicted in Figure 7, our evaluation indicates that DS-
CIM1 is sensitive to signed operations, whereas DS-CIM2,
with OR-MAC64 and simple addition logic, demonstrates
resilience to signed operations. Additionally, we minimize
the power consumption of PRNGs by reusing them for all
weights and activations. However, SNGs and accumulators still
contribute significantly to dynamic power consumption. For
the area, we observe that a high portion of adders in DS-CIM1,
which also confirms that increasing the granularity of the OR-
MAC reduces the overhead of adder and accumulator logic,
resulting in higher efficiency. Additionally, by duplicating the
OR-MAC column 64 times, we have amortized the overhead
of the weight SNGs, keeping its area and power proportions
within a reasonable range.

B. Accuracy Evaluations

Table I shows that the RMSE is influenced by OR-MAC
granularity and bitstream length, revealing a trade-off between
accuracy and efficiency. The conclusions align with our initial
intuitions. First, increasing bitstream could enhance accu-
racy; however, this improvement comes at the cost of de-
graded efficiency due to additional computing cycles. Second,
DS-CIM1 demonstrates an accuracy advantage, while DS-
CIM2 exhibits superior efficiency. Notably, with a bitstream
length=256, DS-CIM1 achieves an accuracy of 94.45%, with
only a 0.09% drop compared to the accurate model, while
DS-CIM2 attains an accuracy of 94.31%, reflecting a drop
of 0.23%. We also showcase DS-CIM capability on larger
ResNet50_Weights.IMAGENET1K_V2 on ImageNet,



TABLE II: DS-CIM Performance on FP8 Quantized LLaMA-7B Model

LLaMA-7B Model BoolQ PIQA HellaSwag WinoGrande ARC-e ARC-c Avg. Accuracy Degradation
Full Precision 75.1%  78.7% 56.9% 69.9% 75.3% 41.9% 66.3% 0
FP8 Quantized 75.6%  78.2% 56.6% 70.2% 74.6% 40.7%  66.0%  0.3% from full precision
DS-CIM1 71.7%  74.7% 52.1% 67.4% 70.3% 39.4% 62.6% 3.4% from FP8
DS-CIM2 67.1%  70.7% 47.5% 65.4% 663%  35.6%  58.8% 7.2% from FP8
120 Power Breakdown for Signed and Unsigned Act. DS-CIM1 Area CIM maintains good accuracy in complex transformer models,
T vt array | wh.ere DS-CIM1 showing only a 3.4'1% average accuracy drop.
,;_1"“ ORAC Unit SERS [ This demonstrates that the application scenarios for DS-CIM
E 320 overhead Accumulator 8.25% have been further expanded.
g ¥ for signed Act, EEN PRNG 12.70%18.96% . o s . .
3 ‘ e The analysis shows that eliminating ls saturation errors
g« DS-CIM2 Area in OR accumulation, combined with mutual cancelation of
§ © ‘ oo . errors across different rows, leads to a uniform and stable
9 e Y - . . . . .
3 1 - asy  crror distribution for DS-CIM. This enables a high accuracy
* s  comparable with digital adders, making DS-CIM suitable for
ol ' 0.00% 0 o0 various application scenarios.

DS-CIM1 with
Signed Act.

DS-CIM1 with
Unsigned Act.

DS-CIM2 with
Signed Act.

DS-CIM2 with
Unsigned Act.

Fig. 7: Power and Area breakdown of DS-CIM1 and DS-CIM2 for
signed and unsigned activations, where DS-CIM2 is equipped with
the latch-cached accumulator.

TABLE III: Comparison with SOTA Approximate Works

ISSCC’23 | DIMCAI ISSCC*24 VLSI'24
122] 21 [18] 27] DS-CIM1 DS-CIM2
Technology 28nm 28nm 65nm 12nm 40nm
N S i i Digital -~ -
Macro Type Digital Digital Analog Stochastic Digital Stochastic
A: 2~8b A: 1~4b A: 4~8b A: 2/6b A: 8b
Precision W: 2~8b W: 1b W: 4~8b W: 6b W: 8b
Array Size 16Kb 16Kb 80Kb 15Kb 32Kb
Area (mm?) 0.028 0.049 0.48 0.5 0.78 I 0.72
Voltage (V) 0.54~0.9 0.45~1.1 0.6~1.1 0.64 0.7~1.2
18% 25% .
Input toggle toggle N/A N/A 87.5% sparsity
11712 90.9%)
2()
TOPS/mm 131.7 192.2 33.0 220 46843 36370
669.77 891.5%
(1)
TOPS/W 4569.6 694.4 6652.8 928.8 267729 356610
Retraining N/A Yes N/A N/A Not Needed
ResNet18/20 90%® 89.46%
9 7 7
@CIFAR-10® 91.55% 90.41% 91.70% N/A 9445%® | ~9431%2
ResNet50 79.45% 79.34%
@ImageNet® | +3% NA N/A NA | 80.67% | ~ 80.65%@
Transfi ViT-Small LLaMA-7B LLaMA-7B
Mogagormer N/A N/A | @CIFARIO: N/A @WG: @WG:
95.8% 67.4%? 65.4%%

() Scaled to 40nm, 1b input and 1b weight.

@) At bitstream length=256 for best accuracy.

G) At bitstream length=64 for best efficiency.

) Baseline accuracies are incomplete, and the model versions may also be different.

which is an improved ResNet50 model by using a new
training recipe, showing higher accuracy and robustness than
previous versions. Particularly, with a bitstream length=64,
DS-CIM1 experienced only a 1.37% drop in accuracy, while
DS-CIM2 had just a 1.48% drop. This not only indicates that
DS-CIM performs well on large DNNs but also highlights how
continuously evolving algorithms are becoming increasingly
favorable for approximate computing.

In Table II, we present the accuracy of the FP8 LLaMA-7B
model across different datasets, along with using DS-CIM for
inference. We aligns FP8 to INT8 [30], and applied the error
pattern from DS-CIM with a bitstream length=256 to MAC
outputs in the forward propagation of LLaMA-7B. Therefore,
the error sources for DS-CIM here include two aspects: one
from the process of aligning FP8 to INTS, and the other from
the stochastic errors of DS-CIM. Table II shows that DS-

C. Comparison with State-of-the-Art Works

Table III compares the proposed DS-CIM1 and DS-CIM2
with state-of-the-art approximate CIM designs. DS-CIM1
achieves a peak accuracy of 94.45% with a bitstream length
of 256 and a comparable energy efficiency of 669.7TOPS/W.
Meanwhile, DS-CIM2 demonstrates greater power efficiency,
with an energy efficiency of 3566.1 TOPS/W and an area
efficiency of 363.7 TOPS/mm? at a bitstream length of 64,
while maintaining an accuracy of 89.46%. DS-CIM also
supports larger models, such as ResNet50 on ImageNet
and the transformer model LLaMA-7B. Its flexible bitstream
scheduling allows DS-CIM to adjust precision and efficiency
for different applications.

VI. CONCLUSION

In conclusion, the DS-CIM architecture effectively merges
high accuracy and efficiency in stochastic DCIM, overcoming
challenges related to bitstream lengths and traditional DCIM
limitations. By executing signed MAC operations on a unipolar
OR-MAC column and replicating low-cost OR-MAC circuits,
we achieve a 32X increase in compute density with only a
1 x extra overhead in area. Our stochastic process analysis and
data remapping techniques effectively address the 1s saturation
issue in OR accumulation, enhancing accuracy and resilience
to variations in sparsity. DS-CIM1 achieves an impressive
ResNet18 inference accuracy of 94.45% with a minimal
RMSE of 0.74% on the CIFAR-10 dataset, while DS-CIM2
delivers exceptional energy efficiency of 3566.1 TOPS/W,
maintaining a competitive RMSE of 3.81%. Experiments with
INT8 ResNet50 on ImageNet and FP8 LLaMA-7B also
comprehensively demonstrate DS-CIM’s capability with large
models. This work demonstrates the potential of DS-CIM in
advancing energy-efficient, high-performance, and precision-
adjustable approximate computing systems.
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