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Abstract—Power consumption has become the major concern
in neural network accelerators for edge devices. The novel
non-volatile-memory (NVM) based computing-in-memory (CIM)
architecture has shown great potential for better energy efficiency.
However, most of the recent NVM-CIM solutions mainly focus on
fixed-point calculation and are not applicable to floating-point (FP)
processing. In this paper, we propose an analog-domain floating-
point CIM architecture (AFPR-CIM) based on resistive random-
access memory (RRAM). A novel adaptive dynamic-range FP-
ADC is designed to convert the analog computation results into
FP codes. Output current with high dynamic range is converted
to a normalized voltage range for readout, to prevent precision
loss at low power consumption. Moreover, a novel FP-DAC is
also implemented which reconstructs FP digital codes into analog
values to perform analog computation. The proposed AFPR-CIM
architecture enables neural network acceleration with FP8 (E2M5)
activation for better accuracy and energy efficiency. Evaluation
results show that AFPR-CIM can achieve 19.89 TFLOPS/W
energy efficiency and 1474.56 GOPS throughput. Compared to
traditional FP8 accelerator, digital FP-CIM, and analog INTS-
CIM, this work achieves 4.135x, 5.376x, and 2.841x energy
efficiency enhancement, respectively.

Index Terms—computing in memory, analog domain, floating-
point, RRAM, dynamic range, adaptive

I. INTRODUCTION

Next-generation information technologies like edge comput-
ing and cloud computing require large amounts of data pro-
cessing and data transmission and have an increasing demand
for computation capacity and energy efficiency for hardware,
especially Al accelerators.

As the AI tasks get more complex, the floating-point (FP)
format becomes more and more popular in the training and
inference phases. In comparison to the INT format with the
same bit width, the FP format has a larger dynamic range
with a higher hardware cost. Currently, a number of well-
known accelerators, like Google TPU and NVIDIA GPU, have
created deep optimization implementations of the BF16 format
[1]. The bit reduction of the FP format to 8-bit has led to the
emergence of the low-bit FP format as a promising alternative
for DNN quantization [2], [3]. NVIDIA has announced the
adoption of the FP8 format for the transformer engine of its
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new Hopper Architecture GPUs. FP8, an extension of FP16,
minimizes model size and inference cost. Due to non-linear
sampling of real numbers, FP8 outperforms INTS in inference.
However, several prior studies on the FP8 format have primarily
focused on the algorithmic level [4]. The bottleneck limiting
the development of low-precision FP formats lies in the opti-
mization of software algorithms on the one hand, but mainly
in the power consumption overhead at the FP8 hardware level.
FP8 (E2 to ES) is compared to INTS in terms of algorithms and
hardware [3], [4]. The FP8 format has better software efficiency,
while it is accompanied by much higher hardware power
consumption compared to INTS8. An in-depth study and analysis
of FP hardware is imperative. However, most FP8 accelerators
are still based on traditional Von Neumann architecture with
digital computation, resulting in limited improvement in energy
efficiency [2]-[4].

In recent years, NVM-based analog CIM, such as resistive
random-access memory (RRAM), has gained recognition for its
notable energy efficiency [5]-[7]. Analog Multiply-Accumulate
(MAC) operation is directly performed in the memory array,
avoiding numerous data movements to achieve high energy
efficiency. Meanwhile, binary RRAM-based CIM designs are
unable to take advantage of the multi-bit properties of multi-
level-cell (MLC) devices [8], [9]. However, the majority of
current NVM-CIM solutions primarily concentrate on fixed-
point computation and are not applicable to FP processing. This
is mainly limited by the fact that discrete FP numbers and their
separated bit parts are difficult to match with the continuous
process in analog computation [5]-[12].

In this work, we propose the AFPR-CIM system, which
presents a new architecture based on the physical paradigm of
the conventional analog CIM. We demonstrate that the proposed
architecture is more appropriate for the initial goal of the bit
reduction from FP16 to FP8 format. It may clearly highlight
the parallelism and outstanding energy efficiency of analog
computing. The key contributions of this work are as follows:

o We propose an all-analog domain CIM architecture for
floating-point (FP8) format calculations based on RRAM
devices to achieve better energy efficiency and neural
network accuracy. We also analyze the FP8 bit assign-
ments (E2M5, E3M4) versus the INT8 format in terms
of hardware efficiency and network accuracy, and deter-
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mine the optimal design for the AFPR-CIM system. An
energy efficiency of 19.89 TFLOPS/W and a throughput
of 1474.56 GFLOPS are achieved.

e We propose an adaptive dynamic range FP-ADC that
achieves adaptive matching of the input dynamic range
through automatic capacitive reconfiguration and charge
sharing. We enable the ADC to naturally convert the
analog domain MAC results into FP (E2M5) digital codes
through the capacitor combination.

o We propose an FP-DAC that reconstructs the FP activation
codes into analog input values to perform analog domain
MAC. The programmable analog gain is utilized to pro-
vide an analog representation of the FP’s exponent without
additional overhead.

II. RELATED WORKS

In general, FP hardware research based on CIM outperforms
the Von Neumann architecture in energy efficiency and area.
Currently, most FP-CIM works are implemented in the digital
domain with FP32 or FP16 format [13]. The primary method
of the digital approach is using a significant number of digital
modules to perform FP calculations. There are also some works
that use RRAM to form logic gate circuits for FP computations
[14]. The above implementations in digital domains are limited
in their computational parallelism due to routing congestion.
And the exponential bit inevitably leads to power consumption
due to alignment operations. Additionally, most all-digital FP-
CIM solutions are based on volatile memory like SRAM,
and cannot be implemented on MLC devices with better area
efficiency.

The analog CIMs are typically realized in crossbars based on
physical laws such as Ohm’s law and Kirchhoff’s current law.
The computational results are expressed in analog values like
currents. The number of activated wordlines and input patterns
may vary in different application scenarios, leading to a wide-
distributed dynamic range of MAC results. Traditional readout
circuitry needs to cover the whole dynamic range, resulting in
overdesign and wasted power consumption. Regarding the issue
above, previous research has focused on two primary ideas. One
idea is to optimize the computed signals. Work in [15] controls
the signal dynamic range to be distributed in the near-zero-
mean range by digital processing. Another solution suggested
in [10] is to use a voltage-domain sensing scheme instead
of a current-domain sensing scheme. However, the sampling
linearity degrades due to the charge injection. Another idea is
to optimize the ADC for the readout stage. [15] designed the
ADC in a small range based on the estimated distribution of
results. In [11], ADC is preset to a fixed range by predicting
the input signal and the algorithm. However, real-time dynamic
range adjustment is still not realized in the above designs.

III. AFPR-CIM ARCHITECTURE WITH A NOVEL FP DATA
CONVERSION

AFPR-CIM aims to enable FP8 calculation in the analog
domain while preserving the low-power features of analog
domain CIM. This will be helpful to alleviate the application
bottleneck of high power consumption of FP§ hardware in the

Input 4 . ™\
o + | AFPR — CIM Macro 1~3
AFPR — CIM Macro 0
FP8 Format For INT Analog x25  MAC Array
High Performance " <] ‘g 5 ‘—A—}
2 E ? o "i s
Input . B8 2 y
=9 L]
FPDAC & : "2_" D/ — .
FP D/A Conversion| |[= = = & | INT . o . . E
Without Y i | Inpu . : M g
Power Increase ] * |Voltage|
INT = »{p; ==
Analog = (( f&’ ves (é’
ICIM Array] INT
F‘l_) . Fp Output
High Efficiency & Digital|DAC Current
High Thr t
tal Throughp 5 3 DACEADC /0| [4/D]x 256 [4/DJFPADC
DR 8, 3 Sharing Unit
2 &a FP YY v YV ¥
Adaptive s e e
FPADC =y ) 1gita -Expnrwut -Mml.tu:su
L. DR Adaptive For Control Unit =5 = ||
2. o & St -
“Roadour =
Output Pooling HdctivntiaﬂH Partial |‘—iE2M5 1024
FP Data \ Accumulator /
@) (b)

Fig. 1. (a) Data flow. (b) The proposed AFPR-CIM architecture.

digital domain. Unfortunately, due to their discrete features,
FP numbers are difficult to compute in the analog domain
using effects like Ohm’s law. To prevent unavoidable physical
mismatches, we proposed the AFPR-CIM architecture based on
the traditional analog CIM. It integrates FP-to-INT and INT-
to-FP conversion at the Macro interface to achieve the FP-CIM
in the analog domain.

A. Analog Floating-Point CIM Architecture

The overall idea of the whole architecture is to perform an
INT physical computation in the analog domain to obtain higher
parallelism as well as lower computational energy consumption;
At the same time, the neural network is connected via FP
numbers in the digital interface between the CIM Macros to
represent a larger range and to accommodate the FP format of
FPS.

As shown in Fig. 1, before inference, the weight data is
programmed in the array with multi-level RRAM, represented
by device conductance. In the inference phase, the exponent
and mantissa bits of the FP8 (E2M5) input activation data are
reconstructed into analog input voltages in the INT domain
by an FP-DAC, and parallelly input to the RRAM array.
According to Ohm’s law and Kirchhoff’s current law, output
currents represent MAC results by input voltages and weight
conductances. Then, the analog MAC results in the INT domain
are read out through the FP-ADC as the FP digital code
consisting of exponent and mantissa bits. This digital code is
stored in FP8 format (E2MS5). This value could be performed
by an activation or pooling operation through an intermediate
digital processing unit. In some network mapping cases (to be
described later in Network Mapping), the digital processing
module will also implement a small portion of summation
functions. This architecture realizes the separation of INT
and FP domains. Analog computation is performed in the
INT domain to take full advantage of its high parallelism
and low power consumption, avoiding power wastage due to
shift alignment in the all-digital domain. Inputs, outputs, and
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Fig. 2. (a) Architecture of dynamic range adaptive FP-ADC. (b) Dynamic
range adaptive process. (c) FP conversion process.

intermediate processing are performed in the FP domain to take
full advantage of its high network efficiency and wide dynamic
range.

B. Dynamic Range Adaptive FP-ADC

The most essential part of this work is the dynamic range
adaptive floating-point ADC in Fig. 2. According to the
illustration in Section II, the dynamic range of the MAC
result is very different among the multiple SLs. This ADC
is designed to accommodate these dynamic ranges without
resulting in additional ADC overheads. In the meantime, the
physical relationships in this novel ADC enable a natural way
to convert fixed-point analog current inputs to FP digital code,
thus inspiring the proposed design of the analog domain FP-
CIM in this work.

The overall design of the ADC is shown in Fig. 2(a), The
resultant current of the array Ip;4c is integrated into the
capacitor C'; through an active integrator, and represents the
signal as a voltage over the capacitor C7. The comparator
compares the values of the output voltages Vo and Vy, to
output a pulse. The Vi, value can be shared by columns.
The Ccops are used to compensate for the comparator and
integrator offset voltages during reset. The adaptive control
module is the most important in ADC. In the adaptive phase,
the output of the comparator determines whether the dynamic
range needs to be increased, which is realized by setting V.
If required, the comparator outputs high, and then adjusts the
capacitance combination in the integration circuit, so that it can
adaptively follow the resultant current signal. The thermometer
code representing the combination of capacitors is converted
to a binary code, which is the 2-bit exponent code of the FP
readout result. After the capacitor is deployed and the current

integration is complete, the result at V5 is converted to 5-bit
mantissa code in the single slope A/D method. Here the detailed
working process will be analyzed:

Fig. 2(b) shows the dynamic range adaptive process. Input
voltage in each row of the crossbar is represented as Vi, Vo - - -,
then the crossbar from the input to the output can be simplified
to the structure on the left side of Fig. 2(a). RRAM conductance
can be expressed as GG1, G1 - - - . The positive end of the integral
op-amp is connected to the clamp voltage V.. According to the
virtual short and Virtual open, Vs, is clamped to V.. Then the
unique resultant current 7 4 can be determined, Vo is related
to Iprac by the equation:

n

Inac =Y (Ve = Vi) G;
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In the reset phase, the circuit reset to clear the data and set
the voltage at V to the initial value V,.. During the adaptive
phase, Iysac is integrated into C;. When the integrator output
voltage Vp reaches Vip1, the high output of the comparator
stimulates the first D-flip-flop (DFF) outputs high to control
swi on, at which time the charge is shared between C; and Cs
at the moment 77. And Vp is reduced to V..
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The current continues to integrate, similarly, the second DFF
output goes high to control swy on when Vo arrives Vy,; twice.
Vo reduces to V,q at the moment 75, and so on. At a fixed
sample moment Tg, the value of V is kept as Va;. Then
perform a single slope A/D conversion. When Vy;; exceeds
Vs, the comparator outputs high, and the counter number is
readout as the mantissa code. The segmentation function of Vp
with Ipr4c can be expressed as (4). Therefore, Iy 4c can be
detected indirectly by detecting V.
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We aim to make this adaptive method able to match the
idea of FP expression, which is mainly the nonlinear quan-
tization. The format of the FP number can be expressed as
1.Dmantissa x 2P¢¥Ponent "V, could vary in a range between
1V and 2V to represent the range of values of 1.Dmantissa.
We set V. to 0 and Vi1 to 2V, and control all the voltages at
the adjustment moments (V,1, V;.o ---) drop to 1V. Besides,
the integral capacitor combination needs to be set precisely as
shown in Fig. 2, which is because:

o According to (4), if C, Cs, C3 and Cy equal to Cipt, Cing,
2C;n: and 4C},,; respectively with V. = 0, the value of
Inrac can be derived:
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Inrac shows a linear relationship with Vo x 27, which
gives us great convenience for the expression of floating-
point numbers: We just need to correspond Vp to
1.Dmantissa, which is the digital code corresponding to
the analog value of the fractional part of Vp.

o According to (2) and (3), only this voltage combination is

able to realize Vyq = Vg - = 1/2(V, + Vi) = 1.

To verify the continuity of the current at the moment of
adjustment, we substituted V,.q and V;; into (4) to compare the
current at 7;. Two currents have the same value, which proves
that although the voltage is changing abruptly, the current is still
continuous. This is also due to the fact that the total charge of
the integral part does not change, but rather is shared between
several capacitors. In terms of FP numbers, it is guaranteed
that 2 x 29 can continuously change to 1 x 2! at the edge of
adjustment.

When the input current is very small, V{, is still not integrated
to 1V at Tg, the result is not read out. Overall, this novel
method effectively realizes dynamic range adaptation and INT-
to-FP conversion.

C. Input FP-DAC

To adapt the separated design of the INT and FP domain,
we designed an FP-DAC that can reconstruct the FP digital
activation data in INT analog values before inputting it into
the crossbar, as shown in Fig. 3. The FP-DAC circuit consists
of three parts. The reference module provides a 5-bit reference
voltage for the DAC through a resistor network, which can
be shared by multiple rows in the array to save power and
area. The mantissa DAC is a switching network controlled
by the 5-bit mantissa data from the activate. The magnitude
of the reference voltage accessed to the back-end PGA is
controlled by a combination of switches, which is the analog
value Vmantissa corresponding to the mantissa code. The PGA
is controlled by the exponential code of the input data and
provides programmable gain to the output of the DAC. The
exponent of the activation input is converted by a 2-4 decoder
into a single control signal, which is used to apply a linear gain
of 27 on the resistive PGA by controlling the switches. The
closed loop system ensures better linearity of the circuit. As
the DAC in traditional analog storage and calculation design
also inevitably needs TIA as the input buffer, the PGA in this
design also only adds resistors based on the buffer, and at the
same time, it realizes the floating-point conversion expression
effectively. The output can be expressed as:

Vbac = 2E X Manalog (6)
D. Network Mapping

The weight matrix and layer inputs of the convolutional and
fully connected layers are mapped to the CIM Macro in the
manner of Fig. 4. In an NN model, the pooling result of the
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Fig. 3. Architecture of Input FP-DAC.

previous level is used as the input of the next level, and the
weights of the convolutional kernel with C; X k x k x Cy
are converted into a 2D matrix (Cy x k x k) x Cy which is
mapped into a crossbar to perform a MAC operation with the
inputs of C7 x k x k. Similarly, FC weights with a size of
(C2 X n3 X n3) X Cyy are deployed in the same way for a
fully connected layer. When the weight matrix exceeds 576,
the result of the MAC operation in the CIM column is a partial
sum. We utilize the inter-core routing adder to perform the
summation of the partial.

IV. PERFORMANCE EVALUATION AND ANALYSIS

The proposed AFPR-CIM scheme is evaluated at the circuit-
, Macro- and network- level to demonstrate its functionality
and performance. The modeling of RRAM is implemented
in the Verilog-A language. The analog and digital supply of
the mixed-signal circuit is set to 2.5V and 1.2V, respectively,
to cover the 2V floating-point range while minimizing power
consumption. The CIM Macro is composed of 576 x 256 (144K)
RRAM devices. We extract the sparsity of the weights from
the network model and deploy them into RRAMSs using the
mapping method described in the previous section.

A. Functional Analysis

We conducted transient simulations to verify the correctness
of the proposed idea. The random digital input 1011110 is
deployed into the FP-DAC. The analog values converted by
FP-DAC input the crossbar where it is multiplied by RRAM
conductance with random weights. Fig. 5(a) shows the Vp, V1,
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Fig. 4. Mapping method for the fully connected layer and the convolution
layer on the proposed CIM Macros.
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Fig. 5. (a) Transient simulation results of FP-ADC. (b) Linearity analysis of
FP-DAC.

transient waveforms. After reset, the integration phase starts at
5ns and remains constant at 5.38uA at each exponent level
(shown as the capacitor combination). As shown in the figure,
the system adaptively adjusts the dynamic range twice. The
binary number of adjustments can be read out to refer to
the digital value 10. At the sampling moment of 100ns, V,,;
is constant at the analog output voltage of 1.271V, which is
converted to the mantissa code 01001 by a single slope. The
resultant currents of different sizes show different slopes of the
integral output curve Vo and different numbers of adjustments
before 100ns. The simulated Vout and digital output 1001001
are within credible error of their theoretical values of 1.28mV
and 1001001. The system can realize the preset FP8 floating-
point calculation function.

The linearity analysis of FP-DAC is shown in Fig. 5(b). We
take 20u.S, 18uS, 15uS, and 12uS as RRAM conductance
examples to obtain the device cell current with full coverage
of the input pattern (0000000 to 1111111). Since FP8 (E2MS5)
is applied, the results are divided into 4 groups (00, 01, 10, and
11 for exponent). The evaluation results prove the correctness
of cell current with different input patterns and weight conduc-
tance, showing good computing linearity of multiplication and
MAC.

B. Circuit Performance Analysis

In order to show the performance of the dynamic range
adaptive idea proposed in this paper more fairly, we designed
a conventional INT single-slope integral ADC in the same
process. And we also designed the E3M4 hardware following
the same pattern to comparatively demonstrate why we chose
the E2M5 as the bit combination. Fig. 6(a) shows the power
breakdown for the E2MS5, E3M4, and INT hardware, with the
power consumption calculated for all arrays at the same time.

The conversion accuracy of the integral ADC is determined
by the integration time. In order to increase the 2-bit while

maintaining the original accuracy in INT-ADC, it is necessary
to increase the original readout time by 22 = 4 times based on
the original readout time of 100ns. Then the whole conversion
time is increased from 200ns to 500ns, resulting in a 2.5x
waste in power consumption. By limiting the circuit design
requirements to a small range, the power of ADC could be
reduced by 56.4%. Although the E3M4 is shorter in time
compared to the E2MS5, the power consumption is still higher
due to the exponential increase in integrating capacitance,
which leads to an exponential increase in the driving load
and current of the op-amp. Besides, the ability to convert FP
data is the major advantage of the proposed ADC compared to
conventional ADCs. The power of the array can be considered
as the load power consumption of the input DACs. As demon-
strated in Fig. 6(a), FP-DAC achieves FP expression while
minimizing the additional power consumption. E2MS5 achieves
a very significant power consumption reduction in the INT and
E3M4 formats. Compared to the total power consumption of
INTS8, E2MS5 reduces the hardware power by 46.5%.

C. Macro Specification Evaluation

In order to demonstrate the advantages of the FP-CIM Macro
proposed in this paper, the sparsity is derived in network simu-
lation and then brought into the circuit for performance-power
simulation. The performance at the Macro level is compared
with other state-of-the-art designs. The main comparison work
contains the digital domain FP-CIM design, the traditional FP8
accelerator, and the analog INT8 CIM work. As shown in Table
I, the AFPR-CIM shows an advantage in performance. The
results show that the proposed design achieves a high energy
efficiency of 19.89 TOPS/W and a throughput of 1474.56
GFLOPS in FP8 (E2M5) format. The data is in high-density
mode at 0% sparsity, which is also chosen for comparing
the other works. FP8 accelerator and digital-domain FP-CIM
work [13] [16] [2], due to the need for a product pipe-stage
and product alignment, results in power dissipation. AFPR-
CIM avoids this additional loss due to the analog method and
offers a 4.135x and 5.376x improvement in energy efficiency,
respectively; As for the analog INT8 CIM works [10] [12],
the fixed-range ADC and sequential inputs also limit power
efficiency and parallelism. Thanks to the analog computation
and dynamic range adaptive FP-ADC strategy, AFPR-CIM
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TABLE I

CIM MACRO COMPARISON

AFPR-CIM Nature’22 [10] | TCAST’20 [12] | ISSCC’22 [13] | VLSI'21 [16] ISSCC’21 [2]
Architecture Analog-CIM Analog-CIM Analog-CIM Digital-CIM Digital-CIM Digital Accelerator
Memory RRAM RRAM RRAM SRAM SRAM -
Size 576%256 256%256 256%256 128KB 160KB 293KB
Technology(nm) 65 130 45 28 28 40
Supply Voltage (V) 1.2-2.5 1.8 1.1 0.6-1.0 0.76-1.1 0.75-1.1
ADC FP-ADC Neuron SAR - - -
Activation Precision FP8(E2M5) | FP8(E3M4) INT8 INT8 FP32 BF16 FP8
Macro Computing Latency(us) 0.2 0.15 10.7 1.08 - - -
Throughput(GOPS or GFLOPS) 1474.56 1966.08 274 121.4 140 119.4 567
Energy Efficiency(TOPS/W or TFLOPS/W) 19.89 14.12 7 0.61 3.7 1.43 4.81

achieves a 5.382x improvement in throughput and a 2.841x
improvement in power efficiency.

D. Network performance

To verify the accuracy advantage of the FP8 (E2M5) format
over INT8 and FP8 (E3M4) format, we extracted the non-
linearities in circuits and performed the accuracy simulation
on the macro model simulator. Fig. 6(c) shows the accuracy
improvement of three formats over FP32 in post-train quan-
tization (PTQ) form. As shown in the figure, in both Resnet
and MobileNet models, E2M5 achieves higher accuracy than
INTS. This is mainly due to the fact that the FP8 format signif-
icantly alleviates the consumption of the quantization process
compared to INTS. Furthermore, the relatively wide dynamic
range of FP8 also contributes positively to the accuracy. In
addition, E2MS5 also achieves higher accuracy than E3M4 due
to the Gaussian distribution of several models. To offer a more
comprehensive analysis, for well-behaved networks such as
ResNet and MobileNet with few outliers, the extra 1bit of the
exponential dynamic range of E3M4 is excessive, and the 1bit
fewer mantissa bits also means less accuracy. E2M5 combines
the advantages of the other two formats to achieve higher
accuracy with better network efficiency.

V. CONCLUSION

This paper proposed an analog domain FP8 floating-point
CIM scheme to implement FP8 computation with high energy
efficiency and an adaptively dynamic range. The proposed FP-
ADC achieves adaptive matching of the input dynamic range
through automatic capacitive reconfiguration and charge shar-
ing. To further adapt floating-point algorithms at the interface
and address the energy efficiency disadvantage of previous FP8
hardware, we enable FP-ADC to convert fixed-point analog
domain computation results to FP8 (E2MS5) digital codes.
Moreover, we designed the corresponding FP-DAC to provide
an analog representation of the FP activation. Finally, we
present the proposed AFPR-CIM architecture and network
mapping. This architecture achieves an energy efficiency of
19.89 TFLOPS/W and a throughput of 1474.56 GFLOPS at
a computing latency of 200ns. Compared with the traditional
FP8 Accelerator, digital FP-CIM, and analog INT8 CIM, the
proposed AFPR-CIM achieves 4.135x, 5.376x, and 2.841x
energy efficiency enhancement. Therefore, this work exhibits

significance for further research on FP8 format and FP-CIM
systems.
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