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ABSTRACT

On-chip training improves model accuracy on personalised user
data and preserves privacy. This work proposes REACT, an Al accel-
erator for wearables that has heterogeneous cores supporting both
training and inference. REACT’s architecture is NoC-centric, with
weights, features and gradients distributed across cores, accessed
and computed efficiently through software-configurable NoCs. Un-
like conventional dynamic NoCs, REACT’s NoCs have no buffer
queues, flow control or routing, as they are entirely configured by
software for each neural network. REACT’s online learning realises
upto 75% accuracy improvement, and is upto 25X faster and 520%
more energy-efficient than state-of-the-art accelerators with similar
memory and computation footprint.
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1 INTRODUCTION

There have been a plethora of specialized hardware accelerators
for inference targeted for deployment at the edge[1][5]. However,
neural network training is still largely done on the cloud, as it
is extremely compute-intensive. Yet, on-chip training support on
the edge is becoming increasingly important as the model can be
personalized to the user’s own data, improving the accuracy while
also averting the need to share private user data over the cloud.
Modern Convolutional Neural Networks (CNNs) consist of a set
of convolutional and pooling layers, used for feature extraction
followed by a set of fully connected (FC) layers, used for classi-
fication. During transfer learning for edge deployment, feature
extracting CNN layers do not require significant changes. Hence,
on-chip learning has largely focused on re-training of the FC layers
[17] to personalise the model for the user, improving the accuracy.
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Backward propagation for training uses inference output to calcu-
late weight and error gradient of previous layers, which help to
calculate the updated weights. We leverage this in our design of
REACT, an Al accelerator that supports both training and inference

within the tight area/power budgets of wearables.
The REACT accelerator comprises a heterogeneous mix of GIGA

cores architected to handle training and inference of FC layers, and
nano cores that are designed to accelerate inference of convolutional
layers. These cores are then interconnected by three specialized
NoCs, which efficiently add and propagate weights, output feature
maps (during inference) for both nano and GIGA cores and error

gradients (during training) for GIGA cores.

Here we summarize the key contributions and results of REACT.
(i) This work introduces REACT, an accelerator targeting neural
network inference and training for wearables. REACT’s efficiency
is due to a unique fully distributed architecture with heterogeneous
cores specialized for different layers, interconnected by three spe-
cialized software-configurable NoCs that can efficiently move error
gradients, weights, and feature maps on-chip, reducing costly off-
chip accesses. Unlike prior works, REACT’s NoCs need no hardware
support for buffer queues, flow control or routing, relying fully on
software synthesis for mapping to diverse neural networks. (ii)
Our results show the benefits of on-chip training, with pre-trained
model accuracy improved by up to 75% across multiple datasets, and
speedup of more than 900X over software training on edge CPUs,
enabled by the on-chip training acceleration of REACT. (iii) Our
architectural evaluations also show that besides accelerating train-
ing, REACT can perform on-chip inference for the given datasets
and benchmarks 2.4x faster at 2x better energy consumption on
average, in comparison to state-of-the-art baselines with similar
footprint, thus providing a full on-chip solution for accelerating
on-device training and learning for wearables.

Section 2 discusses the motivation for on-chip training. Section
3 details the proposed REACT accelerator design. Section 4 de-
scribes the software mapping for different neural network types
onto REACT. Section 5 evaluates REACT, and compares it with the
state-of-the-art. Section 6 briefly surveys the related works while
Section 7 concludes the paper.

2 MOTIVATION

REACT is designed for on-chip learning for wearables, where the
user data is similar to the dataset on which network was pre-trained
on the cloud (source dataset), just personalized to the user (target
dataset). On-chip learning of a pre-trained network is performed
on the target dataset, as has been performed in [3][2]. For our
evaluations (see experimental details in Section 5), we emulate
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transfer learning [17] for the CNN benchmarks and perform on-
chip learning for the Multi-layer Perceptron (MLP) benchmarks.
Figure 1 shows how on-chip training on target dataset can improve
model accuracy by up to 14% and 75% for MLP and CNN respectively.
The accuracy prior to on-chip training is shown in Figure 1 (at epoch
0).
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Figure 1: Accuracy improvement using on-chip training,.

3 REACT ARCHITECTURE
3.1 Architectural Overview

REACT comprises a mix of GIGA cores, optimized for accelerating
training and inference of fully-connected layers and nano cores,
optimized for inference of the convolutional layers. This allows
REACT to balance the needs for training and inference within
the tight area/power constraints of wearables. REACT performs
all computation using bfloat16 arithmetic which has been shown
to be more efficient for deep learning applications. Only GIGA
cores have additional hardware support for training: A 1D systolic
array of multipliers that calculate weights gradients, and the GIGA
neuron core concurrently calculates the error gradients. The neuron
core updates the weights using the calculated weight gradients. A
homogeneous architecture where every core has training support
will lead to fewer cores within the same area constraints, and much
lower utilization, nullifying the benefits of CNN acceleration since
CNN mapping on GIGA core would involve much higher replication
and lower utilisation of weights.

REACT cores are interconnected by three types of Networks-
on-Chip (NoCs). The NoCs are all fully software configurable, syn-
thesised by the software mapper (see Section 4), like FPGA switch-
boxes. They thus save on hardware support for buffering, flow
control or routing. The NoCs are specialized for specific functions
for efficiency. All cores (GIGA and nano) are interconnected with
per-neuron partial sum (PS) NoCs that can perform in-network
partial sum computation for inference and training [16]. All cores
are also connected by per-neuron weighted-sum (WS) NoCs with a
ReLU engine for inference, which routes outputs during inference
and on-chip training. The nano cores have a third type of NoC,
an adder tree NoC connecting the multipliers and adders within,
allowing configuration of the compute units to match the exact
CNN kernels. The partial sum and weighted-sum NoCs are meshes
as the mesh topology maps readily to the grid floorplanning of
REACT cores. The adder tree NoC is a tree topology as that allows
prefix addition of variable-sized adds. The PS and WS NoCs are
interfaced to small network interface (NIC) buffers to facilitate core
reuse and reduce off-chip accesses for input/output feature maps,
partial sum values and error gradients. The training buffer is a

small memory to support the training process by buffering the fully
connected layers’ outputs during the forward propagation stage,
since the GIGA cores are reused for fully connected layers. REACT
has local configuration memories for each core. In Figures 3 and 4,
the configuration memory is fed by the control unit which decodes

instructions and sends the respective control signals to each core.
Figure 2 shows the REACT architecture with 8 nano cores and 2

GIGA cores, each with 256 neurons, connected to 256 10-node PS
mesh NoCs, and 256 10-node WS mesh NoCs. Within each nano
core is a six-level adder tree NoC to reduce the 7 X 7 multiplier
outputs. Since number of filters in convolutional layers are typically
multiples of 8, such a configuration improves mapping efficiency.
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Figure 2: REACT architecture with 2 GIGA cores and 8 nano
cores (each with an adder tree NoC), interconnected by 256
per-neuron partial sum NoCs and 256 weighted sum NoCs

3.2 GIGA Core

GIGA neuron cores accelerate fully-connected layers. A GIGA core
comprises of three logical memories storing upto 256 X 256 synaptic
weights, the transposed weights and the weights gradient values. It
has 256 MAC(multiply-accumulate) compute units and associated
control logic. The micro-architecture of the GIGA neuron core is
shown in Figure 3(a).

The GIGA neuron core was specifically designed to efficiently
perform matrix-vector multiplications, as is required during infer-
ence and training. During inference, GIGA neuron core multiplies
the input feature maps to weights. The partial output feature maps
are sent to the 256 per-neuron PS or WS NoCs depending on the
mapping. During back propagation phase of training, the input
error gradient values, sent from the input port of weighted-sum
NoC are multiplied with the transposed weight matrix values to
generate the output error gradient feature. The output error gradi-
ent may be sent to the weighted-sum NoC directly or to the partial
sum NoC based on the mapping. The GIGA neuron core updates
weights using the on-chip stored weights, and its gradients after

the backpropagation phase of training.
1D systolic array. The GIGA core also houses a 1D systolic ar-

ray which accelerates training. The systolic array of 256 multipliers
is shown in Figure 3(d). It multiplies the error gradient values (row
vector) and inference inputs (column vector) streamed in from the
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Figure 3: Micro architecture of (a) GIGA neuron core, (b) partial sum router, (c) weighted sum router with the ReLU Unit and

(d) 1-D systolic array

local activation input or the training buffer, producing the weight
gradient values, which are sent to the GIGA neuron core.

3.3 Nano Core with Adder Tree NoC

The nano neuron core accelerates the convolution neural network
layer and consists of two parts: A systolic data setup unit which
is responsible for streaming in receptive field(s) for convolution
at every clock cycle; and a 7 X 7 multiplier array feeding an adder
tree NoC. The multiplier array outputs are fed into a tree of adders
to perform convolution effectively. At each level of the adder tree
NoC, a bypass path allows software to map multiple receptive fields
for smaller kernels. We discuss the basic mapping of different sized
kernels in Section 4. Each core can concurrently hold 64 different

kernels with each kernel up to a maximum size of 7 X 7.
During inference, the inputs to the nano neuron core are the

input feature maps and the weights to the SRAM bank from the
CPU. The outputs from the core are then sent to each neuron’s
partial sum NoCs when neuron core outputs are partial sum values
or to the weighted sum NoCs if the neuron core outputs are full
sum values.
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Figure 4: Microarchitecture of (a) nano neuron core with (b)
PS NoC routers, (¢) WS NoC routers and (d) adder tree NoC

3.4 Partial-Sum NoC

The partial-sum (PS) NoC is leveraged from the Shenjing inference
accelerator [16]. Each neuron has its own PS NoC, so each core has
256 PS routers.The PS NoC routers have adders within its datapath
to perform in-network summation and aggregation of the feature
values (during inference) and error gradient values (during training).
It is designed to perform partial sum within a layer mapped to a
core. The partial sum routers are configured by the software mapper
to add sums coming from any of the nearby cores and any previous

result(s) stored in the router.
As shown in Figures 3(b) and 4(b), a 5 X 2 input crossbar fetches

input data from a port (North, South, East, West or PS NIC Buffer)
and either registers it for local addition or bypasses the given router
to adjacent router using the output links. The 3 X 6 output crossbar
ejects the data to the desired output port or the ReLU unit of the
WS NoC.

3.5 Weighted-Sum NoC

The Weighted-Sum(WS) NoC is architected to support both for-
ward propagation of the full-weighted output feature maps (during
inference) and error gradients (during back-propagation phase of
training), so a single NoC can be software-configured for use along
opposite directions during forward and backward passes which
occur at different times, essentially time multiplexing the NoC for
better utilization and efficiency (see Fig 3(c)). The weighted-sum
NoC routers send the error gradient values across different cores.
For the last layer, the error gradient is received as an input from
off-chip. Otherwise, the 6 X 6 crossbar routes the error gradient
value from its output port and is sent to the systolic array and
the GIGA neuron core to calculate the weight gradient and output
error gradient values respectively. The output error gradient values
are then sent to other core(s) based on the mapping through the
input port of the 6 X 6 crossbar and ejecting it through one of the
output ports (North, South, East, West or the Weighted-sum NIC
Buffers). The Weighted-sum NIC Buffers are designed to store one
set of error gradients feature to reduce the off-chip accesses during
training.

4 MAPPING ANN ONTO REACT

REACT’s software mapping algorithm enables automated mapping
of diverse target neural networks onto REACT, and synthesises
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