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Abstract—Compute-in-memory (CIM) is an attractive 
solution to address the “memory wall” challenges for the 
extensive computation in machine learning hardware 
accelerators. Prior CIM-based architectures, though can adapt 
to different neural network models during the design time, they 
are implemented to different custom chips. Therefore, a specific 
chip instance is restricted to a specific network during runtime. 
However, the development cycle of the hardware is normally far 
behind the emergence of new algorithms. In this paper, a 
runtime reconfigurable design methodology of CIM-based 
accelerator is proposed to support a class of convolutional 
neural networks running on one pre-fabricated chip instance. 
First, several design aspects are investigated: 1) reconfigurable 
weight mapping method; 2) input side of data transmission, 
mainly about the weight reloading; 3) output side of data 
processing, mainly about the reconfigurable accumulation. 
Then, system-level performance benchmark is performed for 
the inference of different models like VGG-8 on CIFAR-10 
dataset and AlexNet, GoogLeNet, ResNet-18 and DenseNet-121 
on ImageNet dataset to measure the tradeoffs between runtime 
reconfigurability, chip area, memory utilization, throughput 
and energy efficiency.  

Keywords—convolutional neural network, hardware 
accelerator, compute-in-memory, reconfigurable architecture 

I. INTRODUCTION  
State-of-the-art convolutional neural network (CNN) 

based learning algorithms have achieved remarkable success 
in various artificial intelligence applications such as computer 
vision, speech recognition and language translation, etc. [1]. 
However, due to the requirement of high bandwidth and 
power consumption for data movement, computing platforms 
with traditional von Neumann architecture are inadequate for 
efficient calculation of CNNs. Compute-in-memory (CIM) is 
a promising solution to alleviate the memory access 
bottleneck by configuring the memory arrays for dot-product 
computation in a parallel fashion by summing up the column 
currents. With recent progress in emerging non-volatile 
memory (eNVM) devices such as resistive random access 
memory (RRAM) [2], phase change memory (PCM) [3], and 
ferroelectric field-effect transistor (FeFET) [4], the 
application of CIM-based CNN accelerator is even more 
attractive since eNVMs offer low leakage power and non-
volatility that are necessary for dynamic power-gating and 
instant on and off operations in edge devices. 

Besides the computation efficiency, flexibility is another 
important factor to be considered for the choice of computing 
platforms. The CNN-based learning algorithms are being 
rapidly developed in recent years. Since AlexNet [5], one of 
the pioneering works proposed in 2012, many new models 
such as VGG [6] in 2014, GoogLeNet [7] in 2014, ResNet [8] 
in 2015, DenseNet [9] in 2016, MobileNet [10] in 2017 and 
EfficientNet [11] in 2019 are explosively emerging, not to 
mention the countless fine-tuned or improved variants of these 
networks for specific applications. However, the development 
cycle of an application-specific integrated circuit (ASIC) 

design can be half to two years, which is hard to follow up the 
rate of new algorithm designs. This is one of the reasons why 
FPGA is becoming so popular for prototyping emerging 
algorithms nowadays. 

Prior CIM-based architectures [12]-[14], though can adapt 
to different neural network models during the design time, it 
should be clarified that though these architectures were 
typically evaluated using various models, in fact each model 
was implemented on a separate custom chip with different on-
chip resources but following the same principle of chip 
architecture. To our best knowledge, the runtime 
reconfiguration of a pre-fabricated chip instance is largely 
unexplored for CIM-based architectures. In this paper, we will 
investigate the feasibility of runtime reconfiguration in CIM-
based architectures to support different models. To enable this, 
some reconfigurable circuit modules are needed, and a flexible 
dataflow and weight mapping strategy is required. One 
particular challenge is that sometimes the model size is larger 
than the on-chip memory capacity, thus the weight reloading 
scheme needs to be considered. We will also explore eNVM-
based CIM designs, which hold advantages than FPGA not 
only in throughput and energy efficiency but also nonvolatility 
which makes it possible to instantly start inferencing without 
initializing the model when powered on. 

In this paper, a runtime reconfigurable CIM-based 
accelerator is designed and benchmarked with different CNN 
algorithms. First, mapping method and additional peripheral 
circuits to support the reconfigurability are discussed. Then, 
system-level performance benchmark is performed using 
modified DNN+NeuroSim framework [15] with a wide range 
of network models with very different sizes, assuming a pre-
fabricated chip with a fixed capacity of FeFET, one of the 
most promising emerging technologies for edge inference. 
The trade-offs of runtime reconfigurability are discussed as it 
introduces overhead of chip area and degradation of memory 
utilization, throughput and energy efficiency. 

II. BACKGROUND 

A. Convolutional Neural Network (CNN) Basics 
CNN consists of multiple convolutional layers to learn the 

salient features and a few fully-connected layers for 
classification. In this paper, we focus on the acceleration of 
the inference engine where the weights have been pre-trained 
offline. In a convolutional layer, an output feature map (OFM) 
is the result of multiply-and-accumulation (MAC) operations 
on a collection of weights (or filters) operating in a sliding 
window fashion over the input feature map (IFM). Consider 
the case where the IFM of size W×W×D is processed by N 
filters, each of size K×K×D. Then the OFM of size W×W×N 
is computed as follows. Here, I, W, O are the IFM, weights 
and OFM, respectively. 
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B. FeFET-based CIM Basics 
FeFET is a promising device technology with tunable 

threshold voltage by partially flipping the ferroelectric 
domains in the gate stack. Compared to other eNVM 
technologies, FeFET offers higher cell resistance (i.e., a few 
hundred kΩ [4]), thus better energy-efficiency. FeFET has 
been successfully demonstrated in industrial 28nm platform 
[4]. FeFET may need a normal transistor that is controlled by 
word line (WL) to select individual FeFET during the row-by-
row programming mode, while the WLs are all turned on 
during the parallel read-out mode. Read voltages are applied 
to RS (read select). Currents are sensed from SL (source line) 
as the multiplication results of input voltages and cell 
conductance as Fig. 1(a) shows. As shown in Fig. 1(b), the 
synaptic subarray also contains peripheral circuits such as 
switch matrix (to select specific rows or columns) and its 
drivers, MUX and its decoder, analog-to-digital converter 
(ADC) and shift-add to support multi-bit input and multi-bit 
weight operations. 
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Fig. 1. (a) Weighted sum operation in FeFET-based synaptic cells. (b) 
FeFET-based synaptic array with peripheral circuitry. 

III. RECONFIGURABLE DESIGN METHODOLOGIES 

A. Reconfigurable Mapping Methods 
The generic architecture of CIM-based CNN accelerator 

design is shown in Fig. 2. The architecture has a hierarchy of 
chip, tile, processing element (PE) and subarray from top to 
down. Each level contains its digital peripheries, including 
input/output buffers, interconnects (based on H-tree routing), 
accumulation, activation and pooling units . 
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Fig. 2. The hierarchical diagram of CIM-based architecture. 
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Fig. 3. A conventional mapping (CM) method of input and weight data, with 
3D kernel unrolled into a long column vector. 

With the CIM approach, the kernels (weights) will be 
mapped into memory arrays as conductance of each cross-
point. Since the partial sums in each 3D kernel will be 
summed up to get the final output, it is straightforward to 
unroll each 3D kernel into a long vertical column, by utilizing 
the nature of crossbar array which could perform the sum of 
dot-products in the SLs. Fig. 3 shows such weight mapping 
method [16], and we refer it as conventional mapping (CM) in 
this paper. We also consider a novel mapping (NM) method 
[17] to fully reuse the input data as shown in Fig. 4. In this 
way, K K PEs are needed for the K K kernels. As the 
kernel slides over the inputs, the IFMs can be reused and 
transferred from the neighboring PEs. Therefore, the new IFM 
will only be sent to K PEs and the data movement between 
buffer and memory arrays is reduced by K times. But 
obviously, this NM method is not applicable for convolutional 
layers with 1 1 kernel size and fully-connected layers, so 
CM method is still utilized in these layers. If more than one 
tiles of memory arrays are required to map one layer of 
weights, a mapping rule should be followed that the output of 
each tile should be accumulated vertically and concatenated 
horizontally. This rule applies for both CM and NM methods, 
because the input channel D is distributed in different rows 
and the output channel N is mapped along the columns. For a 
custom chip design, NM is typically preferred over CM to 
improve the throughput and energy efficiency [15]. 

IFM size = W*W*D, Kernel size = K*K*D*N, OFM size = W*W*N
Number of PE = K*K, Size of PE = N/2*D/2 (so 2*2 tiles required in this example)
Vertical accumulation and horizontal concatenation between outputs of tiles
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Fig. 4. A novel mapping (NM) method that the weights are mapped along 
the spatial location to a group of PEs to fully reuse IFMs.  

Without losing generality, we will support tile-level 
reconfigurable mapping in this design. One layer of weights 
occupies at least one tile of memory arrays. CM can be easily 
applied to different networks with distinct kernel size, channel 
or depth. However, it could be a challenge for NM because 
different numbers of PE are desired by distinct kernel sizes, 
which may not match the predefined chip configuration. To 
solve this problem, we consider a reconfigurable NM method 
on the following three scenarios: 
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1) Same desired number of PE as predefined, while the 
desired size of PE is different from the predefined one. 

a) If the desired size of PE is smaller, the unused 
memory arrays can be utilized by weight duplication for 
speed up. 

b) If the desired size of PE is larger, then each PE has 
to be partitioned into different tiles. Fig. 5 shows an example 
that the desired PE size is four times of the predefined one. 
The original operation is accumulating the results of all the 9 
PEs. After segmentation, still, the 9 PEs inside each tile will 
be accumulated, and the output of the tiles will be added 
vertically and combined horizontally following the mapping 
rule, so that the computation is actually the same as before. 

1 2 3
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7 8 9

1024 512

Desired PE Size = 1024*1024 Pre-defined PE Size = 512*512
    4 tiles required

1 2 3

4 5 6

7 8 9

1 2 3

4 5 6

7 8 9
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4 5 6

7 8 9

1 2 3

4 5 6

7 8 9
out = sum(①,② ,⑨)

out(a) = sum(①, ,⑨)

out(b)

out(c)

out(d)

out = concatenate((a)+(b), (c)+(d))  
Fig. 5. Mapping example with a larger desired PE size than the pre-defined 
one. 

2) Same desired size of PE as predefined, while the 
desired number of PE is different from the predefined one. 

a) If the desired number of PE is smaller, then the 
weights originally mapped in the next rows of tiles can be 
brought forward since the output of tiles should be 
accumulated vertically. For tiny layers with only one row of 
tiles, duplicated weights could be employed to accelerate the 
computation and avoid the waste of memory. Fig. 6 is an 
example of 2 2 kernel size while mapped with 3 3 
predefined number of PE. 
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Fig. 6. Mapping example with a smaller desired #PE (2×2) than the pre-
defined one (3×3). 

b) If the desired number of PE is larger, then the 
original one tile might be split into several tiles. To comply 
with the mapping rule that the output of tiles is added 
vertically and combined horizontally, the separated tiles 
should be placed in the same column. Fig. 7 is an example of 
4 4 kernel size while mapped with 3 3 predefined number 
of PE. 
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Fig. 7. Mapping example with a larger desired #PE (4×4) than the pre-
defined one (3×3). 

3) The desired number and size of PE are both different 
from the predefined ones. This is an integration of the above 
two scenarios and it will follow the strategy shown in the 
pseudo-code below: 

B. Input Side of Data Transmission 
When doing the calculation, IFM should be transferred 

from the global buffer to PE-level buffer and finally sent to 
the ports of the corresponding memory sub-arrays. Compared 
with custom design, the reconfigurable chip with constrained 
area might be insufficient for some large or deep networks, 
then the weight reloading would be necessary [18]. Therefore, 
the input side of data transmission should support for both 
IFM and weights transfer. 

Taking a tile with 3×3 PEs, each PE with 4×4 sub-arrays, 
and each sub-array with 128×128 memory cells as an 
example. The input data is shared between columns of sub-
arrays, because the MAC operation should be performed with 
IFM and each depth of kernel. If given that the calculations 
for all the rows of all the sub-arrays are performed in parallel, 
then 128×4 bits of IFM would be required for one-cycle 
computation of each PE. Thus, the PE-level buffer capacity 
should be at least 128×4 bits as the last level of buffer. The 
PE buffer interface width and bus width are also configured 
to 128×4 bits to match the buffer size. Then in the tile level, 
a group of multiplexers will determine which PE is the 
destination of the 128×4 bits. This is the input data 
transmission custom design rule. 
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For reconfigurable design, the input side buffer and bus 
should be able to transfer the weights for reloading. Although 
the parallel reading (computation) of a memory array is 
feasible, the writing (programming) of the weights must be 
operated row by row. Hence, if the programming of different 
sub-arrays is performed in parallel and the memory device 
supports 4-bits per cell as an example, the required weight 
bits for one PE should be 128×4×4×4, and for one tile 
128×4×4×4×9 bits are required. The capacity of PE buffer 
has to be enlarged to 128×4×4×4 bits, but the tile bus width 
remains at 128×4 bits because an extremely wide global bus 
is unaffordable. Two stages of multiplexers are configured in 
the tile level as shown in Fig. 8(a): the first stage chooses 
which cell bit, and the second one decides the destination of 
which columns of sub-arrays inside which PEs. Besides the 
required bits, another difference is that IFM is given as the 
turn-on/off voltage on Read Select (RS), while weights are 
programmed into the memory cells from Bit Line (BL). It 
means the bus connected from PE buffer to sub-arrays cannot 
be shared for IFM and weight, as a result, additional 
multiplexers inside PEs are required to select between input 
or weight bus as in Fig. 8(b). 

SEL[0] SEL[Cellbit-1]

DATA[0]

DATA
[TileBusWidth-1]

PE 
Buffer

PE 
Buffer

SEL[0] SEL[#ColSubArray×#PE-1]

1-to-Cellbit DeMUX 
× TileBusWidth

1-to-(#ColSubArray×#PE) DeMUX
× (TileBusWidth×Cellbit)

ADDR

(a)

Log2(Cellbit):Cellbit 
Decoder

Transfer weight: 
Arbitrarily select subArrays inside PEs;  
Transfer input: 
Arbitrarily Select PEs 

(b)
DATA[0]

DATA
[InputBusWidth-1]

DATA
[WeightBusWidth -1]

weight/input_sel

PE 
Buffer

RS[0]

RS
[InputBusWidth-1]

BL[0]

BL
[InputBusWidth-1]

BL
[WeightBusWidth-1]  

Fig. 8. (a) Tile-level (b) PE-level input buffer and bus. 
InputBusWidth = subArrayRow×#RowSubArray = 128×4; 
WeightBusWidth = InputBusWidth×Cellbit×#ColSubArray = 128×4×4×4; 
TileBusWidth = 128×4; PEBufferWidth = 128×4×4×4. 

C. Output Side of Data Accumulation 
For the output side, design effort is mainly on the 

reconfigurable accumulation. The reconfigurable mapping 
rule compatible with different kernel sizes leads to the 
accumulation of an arbitrary number of PEs inside a tile. Also, 
the inter-tile accumulation is different for different networks. 
Therefore, a module of reconfigurable accumulator and router 
between tiles for global accumulations is required. 

The basic accumulator for custom design is implemented 
by the adder tree. To realize the runtime reconfiguration, for 
each adder inside the adder tree, a demultiplexer at each input 
and a multiplexer at the output are required for bypass 
selection as shown in Fig. 9. For the global accumulation, 
taking a chip with 6×6 tiles mapped with VGG-8 as an 
example. Although in Section 3.1 we investigated the required 
rows and columns of tiles for each layer, the real location does 
not necessarily match the dimensions as long as the rule that 
accumulating tiles vertically and concatenating them 
horizontally is followed, so that the potential memory waste 

caused by the irregular shapes of each layer could be avoided. 
As shown in Fig. 10, the tiles are mapped along the columns 
in priority and the global accumulation is comprised by 6 
groups of reconfigurable adder tree with 6 sets of input each. 
Each adder tree has the same structure as Fig. 9. The first set 
of input is selected from the first row of tiles and the output of 
the first adder tree, and so on for the next sets. The source from 
the output of the adder trees itself is aimed at supporting more 
cycles of accumulation. For VGG-8, the global accumulation 
is only required for layer 7 and the output of every 6 tiles 
should be accumulated. The multiplexers help with the routing 
of the input and can decrease the required cycles for 
accumulation. 
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Fig. 9. Reconfigurable accumulator with arbitrary bypass.    

VGG-8:
Layer 1  #Tile 1×1      Layer 5  #Tile 1×2
Layer 2  #Tile 1×1      Layer 6  #Tile 1×2
Layer 3  #Tile 1×1      Layer 7  #Tile 6×2
Layer 4  #Tile 1×1      Layer 8  #Tile 1×1

Layer 7 of VGG-8: 
Accum1: MUX0: (0,2)    MUX1: (1,2)
                 MUX2: (2,1)    MUX3: (3,1)
                 MUX4: (4,1)    MUX5: (5,1)
Accum2: MUX0: (0,3)    MUX1: (1,3)
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Fig. 10. Global accumulation with flexible input. Taking the mapping of 
VGG-8 as an example. 

D. Other Design Considerations 
There are some other design considerations to support the 

runtime reconfigurability. Firstly, the global buffer is 
constrained to a predefined size and might be inadequate for 
some large networks. Comparably large capacity is reserved 
in case, and data will be transferred to DRAM if exceeding its 
capacity, which will cause additional latency and large energy 
consumption. Secondly, the global accumulation has a 
predefined precision and might be insufficient for large layers 
that require too many cycles of accumulation. If so, the input 
would be truncated before the accumulation is operated. 
Thirdly, to support the compatibility of different models, both 
the ReLU and Sigmoid function for activation as well as both 
max pool and average pool for pooling layer are supported in 
the proposed reconfigurable design. 
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IV. EVALUATION SET-UP AND RESULTS 
We evaluate the overhead of reconfigurable design with 

different network models by modifying a widely used 
DNN+NeuroSim framework [15].  For the simulation set-up, 
32 nm node is chosen considering the availability of FeFET in 
industrial 28nm platform today [4]. FeFET device parameters 
include on-state resistance=240kΩ, on/off ratio=100, and 4 bit 
per cell [4]. Sub-array size is fixed to be 128×128, and 5-bit 
precision ADC is utilized to maintain inference accuracy with 
multi-bit memory cells [15]. A PE is comprised by 4×4 
subarrays and a tile consists of 3×3 PEs. This is the most 
common structure for custom design of novel mapping to 
maximize the memory utilization. The customized 
conventional mapping tiles have 2×2 PEs with the same size. 
The chip area is constrained to 100 mm2. With these settings, 
the chip is assumed to be pre-fabricated. The selected models 
for runtime reconfiguration include VGG-8 for CIFAR-10, 
ResNet-18, GoogLeNet, AlexNet and DenseNet-121 for 
ImageNet. Relatively high precision with 8-bit weight and 8-
bit activation is used for inference to ensure no accuracy loss. 
A global buffer of 2MB is reserved on-chip. The DRAM is 
implemented by LPDDR4 with bandwidth of 34GB/s and 
energy of 1.3pJ/bit [19], considering low-power edge 
applications. We compare the metrics of chip area, memory 
utilization, throughput and energy efficiency to explore the 
overhead of runtime reconfiguration. 

According to the benchmark results shown in Fig. 11 and 
12, the reconfigurable design mainly has overhead of 
increased area, lower memory utilization and degraded energy 
efficiency. For example, the used area of ResNet-18 on 
reconfigurable chip increased by 20% than the custom one 
because of additional peripheral circuits and mismatch of CM 
tile structure. The area overhead is increased to 39% for VGG-
8 as more CM tiles are required to map this model. The needed 
area on GoogleNet, AlexNet and DenseNet-121 exceeds 100 
mm2 thus requiring weight reloading. For the overhead of 
memory utilization, one contributor is less-optimized CM tile 
structure compared with custom design, and the other is the 
wasted memory for tiny models mapped on a fixed large chip 
or for large models during weight reloading cycles. Overall 
the waste of utilization is relieved as the models evolve to 
deeper networks, i.e. from 78% of VGG-8 to 27% of 

DenseNet-121. The throughput and energy efficiency are 
sacrificed slightly in general.  For large models like 
GoogleNet, AlexNet and DenseNet, the throughput even gets 
improved because of a shorter data transmission distance from 
greatly reduced chip area.  Nevertheless, the energy efficiency 
of these large models drops by around 30%~40% due to 
frequent access to DRAM during weight reloading.  

Fig. 13 shows the runtime reconfiguration cost in terms of 
the latency and energy for switching to a new network model, 
which are nearly proportional to the number of parameters of 
the model. Such cost is mainly associated with the 
programming of the new weights into the FeFET arrays. The 
average runtime reconfiguration speed and energy cost are 
around 0.041ms/MB and 0.015mJ/MB, which is much more 
efficient than FPGA 1.25~2.5ms/MB (reported for 
UltraScale+ and Virtex-7 [20]) and ~5mJ/MB (reported for 
Virtex-5 [21]). Table I shows performance comparison and 
trade-offs between different platforms. Our throughput and 
energy efficiency is better than a representative ASIC design 
[22]. Although it may not be as fast or efficient as state-of-the-
art ASIC design which considers the model sparsity [23], the 
support of different CNN models and lower power are our 
strengths. Compared to a representative FPGA [24], our 
design outperforms by 6× throughput and 1400× energy 
efficiency. Compared with state-of-the-art GPU NVidia A100 
fabricated on the latest 7nm CMOS, our design shows 2500× 
lower power consumption and 2.7× energy efficiency. 
Although GPU shows 900× higher throughput, its ultra-high 
power makes it prohibitive to be deployed to the edge devices. 

   
Fig. 12. (a) Overhead percentage of area (used portion), memory utilization, 
throughput and energy efficiency for each model compared to custom design. 
(b) Absolute values of area (used portion), memory utilization, throughput 
and energy efficiency of each model with reconfigurable design. 
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Fig. 11. Area and performance comparison of custom and reconfigurable design. The reconfigurable chip has a fixed area≈100mm2. (a) PE- and Tile- level 
area breakdown; (b) comparison based on VGG-8 on CIFAR-10, and the reconfigurable chip area reported is “used area” for fair comparison; (c) comparison 
based on ResNet-18 on ImageNet, and the reconfigurable chip area reported is “used area” for fair comparison; (d) comparison based on GoogLeNet on 
ImageNet, and weight reloading is required as the constrained 100 mm2 is insufficient; (e) comparison based on AlexNet on ImageNet, and weight reloading 
is required as the constrained 100 mm2 is insufficient; (f) comparison based on DenseNet on ImageNet, and weight reloading is required as the constrained 
100 mm2 is insufficient. 
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Fig. 13. Runtime reconfiguration cost (latency and energy for loading a 
new model) vs. # parameters of each model. 

TABLE I.  PERFORMANCE COMPARISON TABLE 

 UNPU [22] LNPU [23] [24] [25] This work 

Platform 65nm  
ASIC 

65nm  
ASIC 

Xilinx 
ZCU102 

NVidia 
Tesla A100 

32nm 
FeFET 

Network AlexNet VGG-16 AlexNet --- AlexNet 
Precision 1b-16b 8b/16b 16b 16b-64b 8b 

Throughput 
(GOP/S) 

691.2 
(INT8) 
345.6 

(INT16) 

9285  
(FP8) 
5725 

(FP16) 

223.4 1248000 
(INT8) 1358.7 

Energy 
efficiency 
(GOPS/W) 

2304 
(INT8) 
1152 

(INT16) 

25300 
(FP8) 
15600 
(FP16) 

9.5 4992 13310.4 

Power (W) 0.3 0.37 23.6 250 0.10 

V. CONCLUSION 
In this work, a reconfigurable CIM-based accelerator for 

CNN inference is investigated from the aspects of tile-level 
reconfigurable mapping, PE-level reconfigurable data 
transmission and accumulation separately on input and output 
side. This design supports runtime reconfiguration, which is 
compatible to majority of CNN family with a fixed predefined 
chip instance even when the network size is larger than the 
capacity of on-chip memory. The overhead of this 
reconfigurable design depends on specific model, as the area 
can be increased by 20%~40% for tiny models but will be 
constrained for large models. The unused memory varies from 
45% to 80% in our evaluation. Throughput and energy 
efficiency are normally decreased less than 10%. Especially 
for large models, throughput can even get improved, while 
weight reloading from DRAM could cause 30%~40% 
degradation of energy efficiency to them, which seems 
inevitable. The runtime reconfiguration is proved to be much 
more efficient than FPGA. Our design has additional 
reconfigurability and lower power than ASIC CMOS design; 
much higher throughput and energy efficiency than FPGA 
implementation; and ultra-low power compared with GPU. 
The design methodologies presented in this paper could be 
applied to chip instances with other predefined on-chip 
resources, or SRAM and other eNVM based CIM designs.  
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