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Abstract—We present EPIC, a sub-6mW digital in-mEmory
comPutlng-based RISC-V microController unit. We create the
hardware and software systems with the optimized dataflow for
both inference and training. EPIC supports the industrial
software development framework based on the GCC compiler
for RISC-V IM32 and TensorFlowLite-micro. The hardware and
software systems can support any near-arbitrary deep neural
network model having as large as 340,000 parameters. EPIC is
prototyped in 28-nm CMOS, achieving 4-22x improvement in the
energy-delay product over the prior best neural accelerator in all
the MLPerf-Tiny benchmark suites.
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I. INTRODUCTION

Tiny machine learning (TinyML) aspires to collect data,
execute machine learning models, and adapt to users and
environment, all in an ultra-low-power device near sensors.
TinyML can enable key benefits, such as reduced latency,
extended battery life, security, and privacy. Toward this vision,
it is paramount to create a microcontroller unit (MCU) that can
perform deep neural networks (DNN)-based inference and
training at high efficiency and low latency [1]. Several such
neural MCUs and accelerators have recently been proposed,
demonstrating much-improved efficiency and performance [2-
10]. However, to improve them, most of the existing neural
hardware employs mostly fixed hardware, thus exhibiting
limited programmability. For example, [2] can support only
regular convolutions, not depthwise (DW) ones. [3] can
support only three types of activation functions and limited
filter dimensions like 1x1 and 3x3. Also, most of the prior
works support only inference, while it is increasingly crucial to
support training for user and environment adaptation [11-12].

We propose EPIC, a sub-6mW digital in-mEmory
comPutlng (IMC)-based RISC-V MCU. We also created the
matching software development framework based on the GCC
compiler for RISC-V IM32 [13] and TensorFlowLite (TFLite)-
micro [14]. The resulting hardware and software platform can
support a near-arbitrary DNN model having as large as
340,000 parameters. While EPIC enables such full
programmability, it still significantly improves efficiency. The
28-nm test chip achieves 4-22% improvement in the energy-
delay product (EDP) over the prior best neural accelerator [3]
in the MLPerf-Tiny benchmark suite [1].

II. HARDWARE AND SOFTWARE

A. Hardware Architecture
Fig. 1 shows the organization of EPIC. It consists of an
IMC accelerator, a 32b RISC-V host processor, data memory

(DMEM), instruction memory (IMEM), direct memory access
unit (DMA), I/O (GPIO, UART), 32b ARM AHB bus, and
512b accelerator bus. The IMC accelerator consists of a scratch
pad, an IMC cluster having 16 digital IMC macros, one custom
IMC macro for DW convolution (DW-IMC), a post-processing
unit, an adder tree, etc.
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Fig. 1. Proposed EPIC hardware architecture.
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Fig. 2. Software development framework based on RISC-V GCC and
TFLite-micro (top). The inference and retraining workloads
considered for benchmarks (bottom).



B. Software Development Framework

Fig. 2 top shows the matching software development
framework based on GCC and TFLite-micro. We can write a
C++ code or generate one from TFLite-micro. Then, we can
compile the code with the custom EPIC library. The
compilation produces the instruction and data hexadecimal
files. Using the framework, as summarized in Fig. 2 bottom,
we developed several software programs that perform the
inference and the last-layer retraining of the following models:
DSCNN, MobileNetv1, ResNetvl, and Autoencoder.

III. DATAFLOW OPTIMIZATIONS

A. Workload Profiling

We started our hardware design by profiling which layers
of DNN models are worth accelerating. We intend to accelerate
only those layers to save silicon area. Based on our workload
profiling using SPIKE [15], we choose to accelerate the
following layers: convolution, DW convolution, average
pooling (AP), and addition. As shown in Fig. 3 top, the
profiling indicates that if we can accelerate those layers by
500x%, the cycle counts reduce by 200-450x. All the other
layers (i.e., max pooling, fully connected, softmax) are not
worth accelerating due to the limited cycle count reduction.
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Fig. 3. Acceleration projection (top). The proposed dataflow reduces
the IMC size by 10x with only 2% latency increase (bottom left).
EPIC improves addition by 230x and AP by 16x (bottom right).

B. Dataflow for DNN Weight Data

Driven by the software/workloads, we optimized the
datapath hardware and the dataflow. In this process, we strive
to add the least amount of new hardware yet still enable a
significant acceleration. First of all, in the recent literature, the
SRAM-based IMC circuits have demonstrated extremely high
efficiency [5-8]. However, many prior works employ many of
them to store all of the parameters of a model to maximize
efficiency [5-6]. The IMC macros are bulky, so such an
approach severely increases area overhead.

Therefore, we adopt a dataflow, where the DMEM that is
implemented in the dense foundry 6T bitcells stores all the
parameters, but the IMC macros buffer the parameters of only
one (or partial) layer right before the accelerator starts to

compute on that layer. As shown in Fig. 3 bottom left, this
proposed dataflow reduces the IMC macro size by 10x (i.e.,
320KB to 32KB). However, moving the parameter to the IMC
macros could increase the cycle count by 18%. To avoid this
overhead, we deploy a dedicated 512b bus between DMEM
and the accelerator, which reduces the cycle count overhead
only to 2% of the total cycle count (Fig. 3).
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Fig. 4. The first seven layers contain a small number of parameters
but dominate the latency due to the low utilization of IMC (top left).
The proposed technique reduces the cycle counts by 36% for
MobileNetv1 and 33% for ResNetv1 (top right). We load 2-4 copies
of a parameter matrix in the IMC macros for a small layer (bottom).

C. Dataflow for Small Convolution Layers

We also create a dataflow for a small convolution layer,
which otherwise can severely underutilize the IMC hardware.
For example, the first seven layers of MobileNetvl contribute
only 1.36% of the total parameter count but are responsible for
87% of the latency without the proposed optimization (Fig. 4
top left). To address this bottleneck, we buffer up to four
copies of the same parameter matrix in the IMC macros (Fig. 4
bottom) and perform four convolutions in parallel. It improves
the cycle count by 36% for MobileNetvl and 33% for
ResNetv1 (Fig. 4 top right).

D. Dataflow for Average Pooling and Shortcut Addition

In addition, we create a dataflow for an AP layer. Here, we
decided to accelerate only the addition part of the AP since the
division part accounts for only 6% of the total cycles, making it
difficult to justify adding a bulky hardware divider. Instead, we
have the host to handle the division operation. We add the
hardware adders to the accelerator. Indeed, we can recycle
these added adders to support the shortcut addition layer in
ResNetvl. The simulation shows this update speeds up the AP
layer by 16x and the shortcut addition layer by 230x (Fig. 3
bottom right).

E. Dataflow to Support On-Chip Training

We also create a dataflow to support on-chip training but
without adding any additional hardware. As shown in Fig. 5,
the gradient descent-based training mainly has four
subroutines: forward propagation, backpropagation, gradient
calculation, and parameter update. The forward propagation is
the same as the inference operation. Thus, we can recycle the



same dataflow and hardware that we added for inference. Here,
the IMC macros store weights and receive input activation
sequentially (i.e., weight stationary). The backpropagation is
similar, except it requires two operations, namely transposing a
weight matrix and calculating errors. We have the host to deal
with them as they incur the cycle count penalty of only 12%.
We could modify the IMC macros to support transpose
operation (as done in [16]), but it could increase the macro area
by 50%. Finally, the gradient calculation is mostly about
vector-matrix multiplication (VMM) between a gradient matrix
and input activations, which the IMC macros can effectively
calculate. We choose the gradient stationary scheme as it
shows the least cycle count.
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Fig. 5. Retraining model to update the last layer of the DSCNN
(left). The proposed IMC mapping methods for forward propagation,
backpropagation, and gradient calculation (right).

F. Accelerator

To support all of the proposed dataflows, we create a 3-
stage IMC accelerator. Fig. 1 top shows the microarchitecture.
The first stage (INVEC) prepares input vectors. The second
stage (IMC) performs VMM using the 4x4 IMC macro cluster
and one DW-IMC macro. The last stage (QUAN) quantizes the
IMC stage’s 26b results into 8b. It supports the quantization
scheme of TFLite-micro [14], where the quantized value q is
defined as q=2"My(r+Z), where n, My, Z are the hyper-
parameters that TFLite-micro offline computed and r is the
IMC stage’s result.

G. IMC Macro Circuits

We adopted one of the state-of-the-art digital IMC macros
called D6CIM [17]. It achieves a weight density of 126
KB/mm?, a compute density of 1.25 TOPS/mm? at 1V, and an
energy efficiency of 40.16 TOPS/W at 0.6V.

However, D6CIM cannot deal with DW convolution
effectively as it is optimized for a regular (tall) matrix. The
DW convolution has a short matrix. As shown in Fig. 6 top
left, in the conventional IMC macro, those short matrices must
be stored in different columns, severely reducing hardware
utilization. Thus, we developed the DW-IMC macro, which

can store multiple short matrices in the same column, vastly
improving hardware utilization (Fig. 6 top right).

Fig. 7 shows the schematics of the DW-IMC macro. We
add eight accumulators in each column and feed dedicated
input vectors to each column. This allows us to compute
multiple short vector-vector multiplications simultaneously. In
Fig. 6 bottom, the simulation shows that the DW-IMC macro
speeds up DW convolution by 8x compared to D6CIM.
Having two types of IMC macros may raise concerns about
area overhead. However, we found the area overhead is small
since a DW layer is small, so we need only one 1.1KB DW-
IMC macro.
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Fig. 6. The conventional IMC macro has been optimized for a tall
matrix, suffering from low hardware utilization for DW convolution
with short matrixes (top). The DW-IMC macro improves the
hardware utilization by 10X and reduces the cycle counts for DW
convolution layers by 8X (bottom).

| Column peripheral

Column 0
Bitcell_group_0 ”
b’ S
Hi v GBLOL GBLbO| GBL?L GBLb7 S
WLb[0] T 1 2
[Twam T T =]
| wsiy 4%%« M%«H E
— o 2 N S >
| EEN IRERN :
g_ | e = n
= U k) L1 g eee| ©
&= T% U is IHRE
2 H 2 W, [7:0] = ° S
2 o°
~J Bitcell_group_1 *:9 1
I I I I
Ml Bitcell_group_2 "2 o
I [F T I
. W, [7:0]
MJ Bitcell_group_7 *-72 |

Fig. 7. The proposed DW-IMC microarchitecture.

IV. MEASUREMENT RESULTS
We prototyped the test chip in 28nm CMOS. Fig. 8 shows
the die photo. As shown in Fig. 9 top, EPIC achieves 407MHz
(69MHz) and consumes 251pl/cycle (78plicycle) at 1.1V
(0.6V). Fig. 9 bottom shows the energy and area breakdown.
The accelerator takes the largest portion in both. We have



EPIC perform the software for interference and retraining. Fig.
10 shows the latency and energy consumption of each
program. Table I shows the comparison to the prior works.
Compared to the previous best neural accelerator [3], EPIC
achieves 4-22x EDP improvement while requiring only half
the SRAM used in [3]. Also, EPIC is the only neural MCU that
can perform on-chip training. Retraining the last layer of
DSCNN with a batch size of one costs 0.59ms and 27 pJ per
epoch, comparable to performing one inference operation using
the same model.
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Fig. 8. Die photo.
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V. CONCLUSION
We propose EPIC, a sub-6mW digital IMC-based RISC-V

MCU. We also created the software development framework
based on the GCC compiler for RISC-V and TFLite-micro to

support DNN inference and on-chip training. The 28-nm chip
achieves 4-22x improvement in the EDP over the prior art in
the MLPerf-Tiny benchmark suite.

TABLE L COMPARISON TABLE
mriswor | 1550028 [xG2eKas0t| MO0 ysscas
Syntiant [3] | Silicon Labs [1] STMicro [1] iMCU [2]
Technology [nm] 28 40 n/a n/a 28
Host processor RISC-V HiFi3 + M0 | Cortex-M33 | Cortex-M7 | RISC-V
Accelerator IMC Syntiant Digital na IMC
accelerator | Core 2 accelerator accelerator
Supply voltage [V] 0.6-1.1 11 1.8 0.74-1.3 0.6-1
Total SRAM size [KB] 572 1024 256 1434 467
Operating frequency [MHz] 69-407 98.7 40-78 280 29-310
MLPerf-Tiny: Latency [ms] 0.82 5.12 120.93 54.34 60.9
ResNetv1 Energy
on CIFAR10  |consumption [uJ] 39.9 139.37 1234.65 8707.28 102.18
MLPerf-Tiny: Latency [ms] 0.41 1.48 36.28 16.76 nla
DSCNN
on Google Speechf  Eneray 18.56 438 401.86 272178 n/a
C consumption [pJ]
MLPerf-Tiny: Latency [ms] 1.84 41 11161 50.7 nla
N taan | Energy 9 13022 | 797847
VWW dataset  [consumption [uJ] 55. 9716 ’ ’ na
On chip training: | Latency [ms] 0.59 na nla na nfa
Last layer of Ene
rgy
DSCNN e 272 nla n/a n/a nla
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