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Abstract—Pattern-recognition algorithms from machine learning play a prominent role in embedded sensing systems to derive
inferences from sensor data. Very often, such systems face severe energy constraints, especially when dealing with high-dimensional
data, such as images. The focus of this study is on reducing computational energy by exploiting the concept of transfer learning and
energy-efficient dataflow accelerators. We show that the use of convolutional autoencoders can enable various opportunities to reduce
computational energy and avoid significant reduction in inference performance when multiple task categories are targeted for
inference. We validate our approach through a multi-task case study. The study targets a set of pictures with each picture containing
four different task categories: gender, smile, glasses, and pose. In order to minimize inference time and computational energy, a
convolutional autoencoder is used for learning a generalized representation of the images. Three scenarios are analyzed: transferring
layers using convolutional autoencoders, transferring layers using convolutional neural networks trained on different tasks, and no layer
transfer. We show that when the convolutional layers with one fully-connected layer are transferred using convolutional autoencoders,
we can achieve a reduction of 6.58× in computational energy, while improving performance by 1.98%, 1.88%, 4.11%, and 1.47% for
gender, smile, glasses, and pose inferences, respectively, as compared to the no-transfer method, when the number of training
samples is small.

Index Terms—Convolutional neural networks; Energy reduction; Machine learning, Multi-task images; Transfer learning.

F

1 INTRODUCTION

Data mining and machine learning technologies have
achieved significant success, thanks to advances in both the
algorithms and the hardware implementations. These suc-
cesses have enabled the implementation of energy-efficient
systems with improved accuracy [1]. One of the recent
efforts has been to move toward multi-task learning [2], [3].
Data, such as images and sounds, carry rich information that
can be used for various classification tasks. For example,
an image alone can be used for object detection, object
categorization or scene recognition. At a finer level, each
object can be further recognized or categorized depending
on the details of the object. However, in order to achieve
high inference accuracy, these methods often require a large
amount of manually labeled training data for each per-
formed task. Such labeled data might be difficult to obtain
and, further, developing and training a separate model for
every new task is often prohibitive (in terms of energy and
application constraints). Thus, we focus our attention on
energy-efficient inference for multi-task learning.

While a complete semantic understanding leading to
human-level performance (in terms of processing speed and
accuracy) on answering any arbitrary question based on a
set of data remains an extremely difficult task, researchers
have taken up a range of approaches to begin to address
this problem. In particular, they have identified sub-tasks
that are useful for working towards overall efficient and
complete learning. These approaches range from transfer
learning, which uses previously developed models and/or
representations so that relatively fewer samples are required
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when training for new tasks, to reinforcement learning that
allows quick learning of new tasks from existing ones, to
blind source separation, which aims to separate a set of
mixture signals without any prior knowledge. [3], [4], [5],
[6], [7].

The need for transfer learning arises when data easily
become outdated or a new task needs to be learned. Without
transfer learning, the original features used for one task may
not be suitable for a new task. The original features can lead
to poor inference accuracy when used for a new inference
task. For task-specific feature learning, large quantities of
labeled samples are often necessary for high inference per-
formance. However, a large number of labeled samples may
not be available. Thus, the inference performance suffers. In
order to ease the training of new tasks with the same type
of data, various transfer-learning techniques that help with
information preservation and transfer have been proposed
[2].

In this work, we focus on quickly retraining a machine-
learning model for a new task with the few labeled sam-
ples that are available, at very low computational en-
ergy. In particular, we target frequently focused-on image-
related machine-learning tasks. Convolutional neural net-
works (CNNs) are one of the most highly used and
best-performing machine-learning models for image-related
tasks [3], [4], [5], [8]. However, they can be very energy-
intensive due to the large number of weights, activations,
and computations involved [9]. In order to achieve high in-
ference accuracy for new tasks at low computational energy,
we propose the synergistic use of three concepts, spanning
algorithms and systems:

• Generalized feature learning. Autoencoders are an
unsupervised learning technique that utilizes neural
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networks for feature or representation learning [10].
Autoencoders can be used to learn an encoding for
a set of data by transforming the data into a latent
space and back into the original input space [10]. The
unsupervised learning aspect of autoencoders means
that the features do not lose information that may be
important for a new set of tasks but are irrelevant to
the existing task.

• Low-bit (quantized) neural networks. By operating
on low-bit weights and activations, a network is able
to work with low-bit kernels to reduce the computa-
tions required during a real-time inference operation
[11]. The exact number of bits used for weights and
activations of the network can vary based on the
accuracy requirements.

• Fixed low-energy transfer layer. Since the feature
extraction layers of the autoencoder are universal
to a particular type of input, they can be fixed for
transfer learning. This suggests that with a low-bit
neural network, we can implement fixed layers in
specialized architectures to improve energy savings.

We take advantage of information transfer, whereby the
performance of learning, carried out with a small fraction of
labeled samples in the target category, can be improved with
the availability of a large number of unlabeled samples. In
addition, taking into account the fact that the transfer layers
may be common to all learning tasks, one can efficiently
execute the transferred layer with highly specialized hard-
ware. It should be noted here that we use an autoencoder
for information transfer rather than models built with data
labeled for a given task. Such models belong to the source
task category [2]. However, such pre-existing models that
are built using labeled data (source task category) may be
limited when labeled data are scarce.

The objectives of this work are as follows.

1) Use of a low-bit convolutional autoencoder to ex-
tract generalized features, thereby reducing com-
putational energy per operation while maintaining
high inference performance for the target category
task with fewer labeled samples.

2) Implementation of the feature extraction algorithm
using specialized hardware to further reduce the
computational energy while performing the infer-
ence task.

3) Implementation of a weight-stationary and output-
stationary dataflow, by taking advantage of the
fixed low-bit parameters trained by the autoen-
coders to reduce inference energy.

The rest of this article is organized as follows. Section
2 presents a general overview of the topic along with the
definitions of some notations used in this work. Section
3 provides a brief survey of transfer learning and neural
network binarization, and motivation behind the algorithm
described in this article. Section 4 gives the details of the
proposed approach. Section 5 discusses the application of
the developed technique to a multi-task face dataset and
presents the results. Section 6 draws conclusions from the
presented work and discusses future work.

2 BACKGROUND

In this section, we give a brief overview of transfer learning
using autoencoders and energy-efficient implementations of
such autoencoders.

2.1 Transfer Learning
Transfer learning is a machine-learning method in which the
model developed for one task is reused or partially reused
as the starting point for a model constructed for a second
task [3]. In particular, if the tasks are truly related, there
is a shared structure between the related source and target
categories that can be exploited by transferring knowledge
[2]. Several popular approaches are based on this method
[2], [3], [12], [13]. Transfer learning is utilized in many
areas to improve inference performance. For example, in
the domain of brain-computer interfaces, transfer learning
using variational autoencoders has been considered for
generalizing learning parameters across different subjects
[12]. With a similar goal, but a different methodology, Du
et al. have also proposed the extraction of underlaying
common features across a set of varied action gestures under
different modalities [7]. Other than attempting to discover
underlying commonality in a dataset, efforts have also been
extended to co-training related models. For example, Zhao
et al. have attempted to combine and co-train convolutional
neural networks (CNNs) with autoencoders to simultane-
ously complete the task of facial expression recognition and
facial expression synthesis [13].

In computer vision, examples of transfer learning in-
clude trying to overcome an insufficient number of training
samples for a target category by adapting classifiers trained
for a source category [14]. Other approaches deal with the
source and target domains from the same task categories
but with a different data distribution [15], for example,
data collected under the same conditions that differ due to
lighting, background, or viewpoint variations. In contrast to
these works, we use transfer representations that are trained
on unlabeled images.

Similar to our work, Oquab et al. [3] report a tech-
nique in which a CNN structure is trained from the source
domain and transfers the convolutional layers, called the
transfer parameters, to a new target domain. The data are
not only in different domains, but also belong to different
task categories. The transferred layers remain fixed. Only
the new fully-connected (FC) layers are trained on the
target task. Unlike our approach, however, the transferred
layers are trained based on a specific task and require the
corresponding labels in the source domain. Huang et al.
[5] and Kemker et al. [4] both propose the use of single or
multiple convolutional autoencoders to transfer information
from the source domain to a target domain. However, the
former study [5] utilizes the transferred convolutional layers
as a starting point for CNN design. Thus, fine-tuning or
retraining of a CNN is done every time a new target task is
presented. Another study [4] uses multiple convolutional
autoencoders to concatenate a set of features for use in
classification. Unlike the methods mentioned above, we
pre-train the convolutional layers of the CNNs on a large-
scale unsupervised task, where the inputs are mapped to a
different space and reconstructed as the original inputs. The
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Fig. 1: A general autoencoder structure.

encoding convolutional layers and FC layers are then used
for transferring knowledge without retraining.

2.2 Autoencoder

Artificial neural networks represent a popular way for gen-
erating autoencoders. An autoencoder is a system used for
learning encodings of data that are efficient in some met-
ric or characterized by other specific properties of interest
(e.g., sparsity) [16]. Autoencoders have many interesting
applications, such as data compression, visualization, and
pre-training of neural networks [12], [16], [17], [18]. Instead
of training the network to predict some target value y,
given inputs x, an autoencoder is trained to reconstruct its
own inputs (x). Therefore, the output vector has the same
dimensionality as the input vector. The general structure of
an autoencoder is shown in Fig. 1.

During its learning process, the autoencoder is opti-
mized by minimizing the reconstruction error between the
input (x) and resulting output (x̂). The encoding part of the
autoencoder can then be used as the learned generalized
transferable layer. For samples with rich information, such
as images, a stacked autoencoder consisting of multiple
layers has been widely used [17]. The deep autoencoder was
first proposed by Hinton et al. [19] and has been extensively
studied since then [10], [18], [20]. This encoder consists of
multiple encoding layers and forwards the code learned
from one layer to the next, as done by FC neural networks
[18]. A deep autoencoder is often trained using stochastic
gradient descent (SGD) and has been widely studied for
different applications. However, similar to the FC neural
networks, a deep autoencoder does not perform well for
image-related datasets.

Convolutional autoencoders, on the other hand, are suit-
able for image-related tasks. Each input or convolutional
layer convolves a set of kernels with the input channels, gen-
erating the next convolutional layer with varying number of
output channels [10]. The convolution operation has three
main advantages [21]: 1) the weight-sharing mechanism in
each convolutional layer reduces the number of parameters
that need to be tuned; 2) local connectivity, where the same
filter is used for all the positions of a given layer of the input,
thereby learning correlations among neighboring pixels;
3) translational and rotational invariance (with respect to
directional shifting in the image or rotation of the image)
with respect to the location of the pixels of interest within
the image. Owing to these advantages, the convolutional
autoencoder is a better choice for learning a generalized
representation for image-related data.

A convolutional autoencoder combines the local con-
volution connections with the autoencoder. The encoding
layers of a convolutional autoencoder are similar to a CNN
architecture, such as LeNet [22]. Its decoding layers are used

to convert the encoded layer to outputs. The set of con-
volutional layers of the decoder is called the convolutional
decoder.

The convolutional decoder carries out a transpose con-
volutional operation [21]. This operation attempts to recon-
struct the inputs based on the encoder outputs as precisely
as possible. Transpose convolution can be thought of as an
operation that enables the recovery of the initial input size.
The transpose of a non-padded convolution is equivalent
to convolving a zero-padded input [21]. From the unsu-
pervised greedy training of the standard autoencoder, the
parameters of the encoding and decoding operation can be
computed.

2.2.1 Low-bit autoencoder
Quantized neural networks have recently garnered signif-
icant interest. The use of neural networks for forming au-
toencoders makes it possible to readily apply quantization
techniques to autoencoders. Previous efforts on implement-
ing a quantized neural network can be divided into two cat-
egories: quantizing pre-trained, full-precision models (with
or without retraining) [23] and training a quantized model
from scratch [11], [24]. In this work, we focus on approaches
that belong to the second category. The resultant quan-
tized networks can be used for inference under resource
constraints. For training quantized neural networks from
scratch, many authors have suggested maintaining a high-
precision copy of the weights when updating them while
feeding quantized weights and activations to the forward
and backward propagation passes, respectively [11], [25].
This approach yields good empirical performance. Another
widely used solution employing only low-precision weights
is stochastic rounding, which involves rounding with the
additional consideration of probability of how to round
[24]. DoReFa-Net is one such quantized network that ex-
plores reducing precision during the forward as well as
backward pass. It allows setting of weights, activations, and
gradients to their individual number of bits during training
[11]. During the training step, the weights and gradients
are maintained in floating-point during backward propaga-
tion. Quantization is applied during forward propagation.
Quantized activations and weights enhance network energy
efficiency while carrying out the inference task.

2.3 Hardware Implementation

Data movement and memory accesses are key considera-
tions for neural network hardware energy, for they are often
the most energy-intensive part [9], [26]. Many architectures
have been proposed to fully explore efficiency of data
movement and memory access. Among them is the spatial
architecture based on a two-dimensional array of processing
elements (PEs) [27]. Each PE is an arithmetic-and-logic unit
(ALU) with its own control logic and local memory that can
be a scratchpad or a register file (RF). Specifically, different
types of dataflow are used based on the optimization target.
No local reuse, weight-stationary, and output-stationary are
the three commonly studied dataflow setups [28], [29], [30].

No local reuse takes advantage of inter-PE communi-
cation for input reuse and partial sum accumulation [28].
The PE array is divided into groups of PEs. Within a given
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group, the same input pixels are used with different weights
from the same input channel. The partial sums across differ-
ent PE groups are accumulated to produce the final output.
For this dataflow, no RF storage is required since it is more
reliant on inter-PE connections and ALU datapaths. This
leaves a larger area for the global buffer.

For weight-stationary dataflow, each filter weight is
stored in the RF within each PE [29]. The same set of weights
is reused to maximize filter reuse. Each pixel from the same
channel of a given input/convolutional layer is broadcasted
to the same set of PEs sequentially, and the partial sums are
accumulated. Thus, RF is used to store stationary weights,
and if a large number of partial sums is produced at a
time, these partial sums are temporarily stored in the global
buffer.

For output-stationary dataflow, each output is stationary
in a PE [30]. The partial sums are stored in the same RF for
accumulation. RF is used for partial sum storage to achieve
stationary accumulation. In addition, RF storage for input
buffering is also needed to exploit convolutional reuse. At
the system level, the inputs and weights are broadcasted
from the global buffer to the PE array. Once completed, the
outputs are streamed back to the global buffer.

By using convolutional autoencoders, we can keep the
weights of the network constant. This means that for a set
of inputs for new task categories, there would be no need
to tune or change the weights of the fixed layers. Given
the static and non-changing nature of the network weights,
we are now able to further take advantage of a form of
the weight-stationary and output-stationary dataflow. This
dataflow is designed to minimize the computational energy
for reading and writing partial sums/intermediate results.
It keeps the partial sum accumulations for the same output
activation value locally in an RF within each PE, with a
size of few kilobytes or less. The multiple levels of memory
hierarchy help improve the autoencoder energy efficiency
by providing low-cost data access. For example, fetching
data from the RF or neighboring PEs costs one to two orders
of magnitude lower energy than fetching data from dynamic
random access memory (DRAM).

2.4 Energy Estimation

The number of operations required by a neural network
does not necessarily reflect the computational energy re-
quired by the model for carrying out an inference task [1].
This is because the major source of energy consumption is
memory access for weights and inputs/outputs while fetch-
ing data. In fact, fetching data from the DRAM through the
memory hierarchy to the computing elements can consume
energy that is orders of magnitude higher than a multiply-
accumulate (MAC) operation [31]. Therefore, we model two
sources of computational energy in a CNN: computation
and memory access [1], [27]. CNN MAC operations account
for over 99% of the total operations [1] and thus constitute
the bulk of computation energy. For memory access energy,
the numbers can vary depending on memory level and
where the data come from. Thus, it is crucial to ensure min-
imal access to data from higher energy-consuming memory
structures, such as DRAM.

3 RELATED WORK

Feature learning is an essential part of machine learning.
It is based on extracting features from the raw data repre-
sentation. Compared to conventional heuristic or manual
approaches, data-driven feature learning via deep learn-
ing has exhibited a much higher performance [32]. Using
deep learning, simple features are first extracted from raw
data, following which more complex features are derived
in subsequent layers [32]. Using multi-iteration learning,
feature extraction parameters are continuously optimized
via forward and backward propagation.

Feature learning is often classified into two categories:
supervised and unsupervised [33]. In supervised learning,
the input data have associated with them corresponding
output labels and are forwarded from the input to the last
layer for making a prediction. The architecture is trained by
minimizing the value of the cost function that captures how
different the target output value and the predicted output
value are. Backward propagation is used to optimize the
connection parameters, i.e., the weights, between each pair
of layers. CNNs [22] are an example of how features can be
learnt this way. CNNs are widely used for image analysis,
speech recognition [34], text analysis, and many other tasks.
In particular, in the field of image analysis, CNNs have had
a great success in performing tasks such as face recognition
[8], scene parsing [35], cell segmentation [36], neural circuit
segmentation [37], and analysis of various medical images
[38], [39].

In the unsupervised learning approaches, such as re-
stricted Boltzmann machine (RBM) [40], deep belief network
[19], autoencoders [41], and stacked autoencoders [42], unla-
beled data are used to learn features, while a small amount
of labeled data may be used for fine-tuning the parameters.
For example, Kalleberg et al. propose a convolutional au-
toencoder approach to analyze breast images [43]. Chen et
al. propose learning algorithms for medical image analysis
using a convolutional autoencoder [38]. However, these
methods require retraining from the input layer, through
the convolutional layers and then the FC layers, for each in-
ference task. This is different from the approach we propose
here since the weights of all transferred layers need to stay
the same for any inference task.

In this work, we propose a convolutional autoencoder
unsupervised learning algorithm for general image process-
ing. Compared to a conventional CNN [39], [44], the pro-
posed scheme is an improvement in that the unsupervised
autoencoder and CNN are collaboratively used to extract
features from the image. For example, Whatmough et al.
proposed a similar concept in fixing the first few layers of
a CNN to function as a fixed feature extractor for image
related tasks [44]. They proposed to first train a well-defined
CNN architecture which has been trained on one image
dataset. The first few layers of the CNN are then fixed
and transferred to retrain the later layers for a new image
dataset. In a similar manner, Zhao et al. [13] proposed a
weight-transfer mechanism. Though the weights are not
fixed, they are transferred and improved by correlating a
current architecture with one that is designed for a new task
[13]. Both have shown promising results in either improving
the inference performance or the energy efficiency of the
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target tasks. However, due to the scarcity of image labels,
this work uses a large amount of unlabeled data to train
the feature-learning network, while only a small amount of
labeled data is used to train the FC layers that are tailored
to the task.

4 METHODOLOGY

In this work, we replace the convolutional layers of a CNN
with low-bit convolutional encoding layers of an autoen-
coder. We then take advantage of the static kernel weights to
further reduce the energy of the hardware implementation.
The energy analysis method proposed by Sze et al. [27] is
used for this purpose.

4.1 Convolutional Autoencoder Transfer Learning

The overall structure of the convolutional autoencoder lay-
ers with label-specific training and inference is illustrated in
Fig. 2.

The autoencoder is first trained using non-labeled data,
as can be seen from Fig. 2(b). The model parameters are
updated based on how well the non-labeled data can be re-
constructed. Once trained, the encoding part of the autoen-
coder, or autoencoder feature extraction, is kept constant
and used for task-specific classifier training. During the
classifier training phase, the autoencoder feature extraction
is kept the same for all inference tasks, but the classifier is
trained specifically for a given inference task. In the testing
phase, autoencoder feature extraction remains constant and
universal for all tasks whereas the classifier can be switched
based on the presented inference task. The convolutional
autoencoder (Fig. 2(a)) consists of an encoding part and
a decoding part. The encoding part is a collection of con-
volutional layers plus an FC layer. The decoding part also
contains an FC layer, followed by multiple deconvolutional
layers, with sizes matching the corresponding convolutional
layers.

Fig. 3 shows details of the convolutional autoencoder.
The input/convolutional layer, x ∈ RlIN×lIN×n, is either
derived from the input images or from the outputs of the
previous layer. Each convolutional layer contains n input
channels. The convolutional autoencoder operation includes
n × m convolutional kernels, where m is the number of
output channels per layer. The outputs of a given layer
is of size lOUT × lOUT × m. When inputs of a layer are
derived from the outputs of the previous layer, nlayer
is equivalent to the output channels, mlayer−1, from the
previous layer (i.e., nlayer = mlayer−1). The size of the
convolutional kernel is d× d, where d ≤ l. θ = {W, Ŵ , b, b̂}
represents the set of parameters learned during training
of the convolutional autoencoder, where b ∈ Rm and
W = {wk, k = 1, 2, ...,m} represents the biases and convo-
lutional kernels of the encoding layers. wk is of size d×d×n.
Ŵ = {ŵk, k = 1, 2, ...,m} and b̂ represent the parameters
in the deconvolutional layers of the convolutional decoder,
where b̂ ∈ Rm, ŵk ∈ Rd×d×n.

First, the input image x is convolved with the kernels,
wk, of the kth convolutional kernel for the output value,
ok, where k = 1, 2, ...,m. The computation is performed as
follows:

ok = f(x) = σ(wk ∗ x+ bk) (1)

In Eq. 1, σ represents a nonlinear activation function. We
use the rectified linear unit (ReLU):

ReLU(x) = max(0, x). (2)

Since the encoded outputs ok are fed to the decoding
part of the autoencoder, the reconstructed input, x̂ can be
computed as:

x̂ = g(f(x)) = σ(ŵk ∗ ok + b̂k). (3)

We use the L2 norm to compare the reconstructed input
x̂ with x. The resulting loss function used in optimization is
described by Eq. 4 given below:

L(x, x̂) = ||x− x̂||22. (4)

The loss function is minimized using SGD [22] to opti-
mize the convolutional autoencoder layer.

In order to assess the effectiveness of the convolutional
autoencoder transfer, we also consider the exact convo-
lutional autoencoder architecture, without implementing
transfer, as the baseline. In addition, we consider a baseline
transfer-learning paradigm where the CNN architecture is
first trained on a source task. We then transfer the same
layers as the convolutional autoencoder (i.e., four convolu-
tional layers and an FC layer) and retrain the remaining FC
layer for each target task specifically.

4.2 Hardware Setup

Many research studies focus on improving energy efficiency
of CNN processing without sacrificing application accuracy
or increasing hardware cost [9]. A typical CNN is composed
of two layer types: convolutional and FC. The fundamental
computation of both layer types is MAC operations that
can be easily parallelized. We focus on spatial architectures
in which the ALUs form a processing chain to pass data
from one unit to another directly. Each ALU may have its
own control logic and local memory, which can be a static
random-access memory (SRAM) or RF. The corresponding
block is referred to as a PE.

Specialized hardware accelerators based on PEs aim to
jointly optimize computation and data access [27]. Specif-
ically, with additional memory structures included within
the PEs, many different types of dataflow (i.e., no local
reuse, weight-stationary, or output-stationary) tailored to
different CNN types can be implemented [27], [28], [29],
[30]. No local reuse, for example, reads the same input pixels
while changing the filter weights [27]. Weight-stationary
reuses the same filter weights while input pixels are broad-
casted to the PEs [29]. Output-stationary has each PE storing
the same output pixel [30]. These types of architectures
also have storage hierarchies to reduce memory accesses for
weights and activations. Similarly, we consider a structure
with four levels of storage hierarchy: DRAM, global buffer,
inter-PE communication array, and RF, as shown in Fig. 4.
The relative cost incurred by a MAC operation to access
each storage level in a commercial 65-nm process is given
in Table 1 [27]. The energy analysis consists of two parts: (1)
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Fig. 2: Design flow of the convolutional autoencoder training phase, classifier training phase, and testing phase. (a) Low-bit
convolutional autoencoder structure with multiple convolutional layers and one FC layer for the encoding layers, and
an FC layer and multiple deconvolutional layers for the decoding layers. (b) Design flow of the proposed structure with
the encoding layers of the autoencoder kept constant once trained and used for task-specific classifier training. Only the
classifier is specifically trained for each task and changed during the inference phase depending on the desired inference
task.
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Fig. 3: Convolutional autoencoder with four convolutional layers and one FC layer for encoding and an FC layer and four
convolutional layers for decoding.

Authorized licensed use limited to: Princeton University. Downloaded on March 25,2021 at 12:29:31 UTC from IEEE Xplore.  Restrictions apply. 



2168-6750 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TETC.2021.3068063, IEEE
Transactions on Emerging Topics in Computing

7

D
R

A
M Global 

buffer 

108KB

Accelerator

Filt

Img

Psum

PE PE

PE

PE

PE

PE PE

PE PE

PE
RF

Fig. 4: Eyeriss memory levels with off-chip DRAM, global
buffer, PE structures, and within-PE RF [27].

input data access energy cost that includes the cost for filters
and convolutional layer inputs, and (2) output accumulation
energy cost. Energy costs are quantified by counting the
number of accesses to each level of the storage hierarchy
and weighting these accesses with the cost from Table 1.

TABLE 1: Normalized energy cost relative to a MAC opera-
tion from a commercial 65nm process [27].

DRAM
Global Buffer

(>100kB)
Array

(inter-PE)
RF

(0.5kB)

Norm.
Energy 200 × 6× 2× 1×

To implement 2-D convolution, convolutional layers
with different dimensions can be physically mapped to a PE
array that has a fixed physical dimension. Such a mapping
takes advantage of reusing input data and kernels imple-
mented on each PE. In a typical layer, the number of 2-D
convolutions is equal to the product of the number of input
channels (n), input size (l × l), and the number of output
channels (m). For our implementation, we use a physical
PE array of size 13 × 12. Each PE row maps to a single
output location across certain output channels and each PE
column maps to a certain output channel. This is called
logical mapping. The logical mapping of the PE is shown
in Fig. 5. Fig. 6 shows the computations performed for an
output element within an output channel on a PE. We use
a combination of weight-stationary and output-stationary
dataflow with this PE array. Since all the kernels are low-bit
and fixed, they can be stored within a specialized memory
structure within each PE. Therefore, each PE contains a
unique set of kernels to be reused throughout the inference
phase. Only the inputs need to be broadcasted from a higher
storage level, such as the global buffer, to each PE.

Each PE within the array also has an input RF and a
partial sum RF, each capable of storing 12 elements and 24
elements, respectively [27]. By taking advantage of these
RFs, each PE can compute, in parallel, the output for a
given i, j pixel (where i, j = 1, 2, ..., lOUT ) of up to 24
output channels. Therefore, each PE column can compute 13

PE

PE

PE

PE

PE

PE

PE

PE

PE

Output 

Channel 

(m)

Output 

Pixels 

(lOUT x lOUT)

Fig. 5: Logical mapping of input feature maps and output
feature maps onto PEs of size 13×12. A PE column produces
a specific channel of outputs. Each PE row produces a
specific output across all channels within a feature map.
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(d x d x n)

One output per channel
PE

OUTPUT

m

1

Elements of a PE

lI
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Fig. 6: PE job distribution. Each PE takes inputs of size d ×
d × n and kernels of size d × d × n to produce one output
per channel.

separate output elements from up to 24 output channels at
a time. Each PE row computes the same i, jth output across
multiple output channels. For example, if the first PE row
computes the outputs at position i = 0, j = 0, the second
PE row computes the outputs at position i = 0, j = 1,
and so on. Once these outputs are computed, the results
are written into a global buffer that is used later as an input
to the next convolutional or FC layer. All PE rows then start
computations for the next set of i, j outputs. For example,
the 13 PE rows first compute the i = 0, j = 0, 1, 2, ..., 12
outputs. After these computations are executed and the
outputs are stored in a global buffer, these PEs then compute
the i = 0, j = 13, 14, ..., 24 outputs.

Since PE rows have overlaps in inputs, due to the nature
of the convolution, most PEs can have inputs arrive from
other PEs instead of reading them directly from the global
buffer, as shown in Fig. 7. Thus, instead of a global buffer
read that would cost 6× the energy, only a 2× array move
energy is incurred. In doing so, we exploit input data
reuse and output accumulation. For all inputs, we need
to consider the number of times each data value is read
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from the highest-cost level to its lower-cost level during its
lifetime. All data accesses, such as input, weight kernel, and
output reads and writes, can occur at the DRAM, global
buffer, array or RF level.

For each final output pixel, many partial outputs need to
be computed and then summed. The output is accumulated
within a local RF within each PE when each partial output is
generated. Therefore, not all partial sums need to be stored
upwards into the higher-cost memory levels until the com-
putations are complete, thus saving the relevant amounts of
energy. This energy saving comes from the saved number of
accesses at higher memory levels. The number of accesses
at each level is defined as the number of times each input
data/weight/partial sum enters and exits its memory levels
during its lifetime. The energy cost can then be estimated
as:

α× dl(DRAM) + β × dl(global buffer)+
γ × dl(array) + δ × dl(RF),

(5)

where dl(∗) represents the energy for each memory level
access, as shown in Table 1, and α, β, γ, and δ represent the
total number of accesses to the DRAM, global buffer, array,
and RF, respectively.

In the architecture setup, there are 156 PEs, 36-element
RF per PE, and 108 kB global buffer. The breakup for the
36-element RF is as follows: 12 for the inputs and 24 for the
partial sum.

Our network takes an image of size 25 × 25 with three
input channels (similar to that of Fig. 3). Thus, the input
layer has 25×25×3 input elements, as shown in Table 2. 3×3

TABLE 2: Kernel size, number of weights per PE, input size,
and output size of each CNN layer. The autoencoder sizes
refer to the fixed parameters trained by the convolutional
autoencoder and total refers to all the parameters in the
CNN.

Layer
Kernel

Size
Weights

/PE
Input
Size

Output
Size

CONV1 3456 288 1875 80000

CONV2 147456 12288 80000 80000

POOL1 80000 21632

CONV3 294912 24576 21632 43264

CONV4 589824 49152 43264 43264

POOL2 43264 12544

FC1 12.25M 82341 12544 1024

FC2 524288 3361 1024 512

Autoencoder
Fixed 13.24M 168645

total 13.74M 172006

convolutional kernel is used for all convolutional layers.
The first and second convolutional layers have 128 channels
while the third and fourth convolutional layers have 256
channels. A pooling layer is used after the second and the
fourth convolutional layers only, reducing the output width
and height by half. An FC layer then follows the fourth
convolutional layer and leads to an output size of 1024.
The second FC layer has an input size of 1024 and output
size of 512, thus the weight dimension is 1024 × 512. The
final output layer, depending on the task, has an output
dimension of five or two. Thus, the last set of weights is of
size 512× 5 or 512× 2. The total number of filtered weights
is 13.74M.

Of the 13.74M weights, the convolutional layers have
0.99M weights and the FC layers have 12.75M weights.
12.25M weights are involved in mapping the 256 convolved
activation maps to the 1024 FC outputs. Therefore, it is
important to also implement the first FC layer in the au-
toencoder so that a majority of the weights do not have
to be retrained for a new task. We compare the obtained
inference results when the first FC layer is included in the
autoencoder versus when only the convolutional layers are
included as transfer layers.

A CNN layer usually requires hundreds to thousands
of processing passes to complete its processing, with op-
portunities for input reuse and partial sum accumulation
existing across all these passes. The global buffer is used
to exploit these opportunities by buffering two types of
data: inputs and outputs. The inputs stored in the global
buffer can be reused across multiple PEs. The outputs that
are accumulated across passes use the global buffer as an
intermediate storage and thus do not get stored in the
DRAM until the final output values are obtained.

Given the static and low-bit nature of the weights, we
can implement lookup tables (LUTs) to store the weights
for each PE. Each PE needs to use 168645 weights for the
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CNN, as can be seen from Table 2. In other words, an 18-
input LUT is needed to code all the weights within each
PE, as shown in Fig. 8. In this LUT, the worst-case scenario
leads to nine gate switches per weight output. For each 3-
to-1 LUT read, the critical path has three gates (Fig. 8). For a
2-to-1 LUT read, the critical path has two gates. Taking into
account the input inverters, the critical path thus contains
nine gates. From our NanoSim simulations, we find that
each LUT read uses the same order of magnitude energy
as a MAC operation. Therefore, we assume that LUT read
energy is the same as MAC energy.

We use the Multi-Task Facial Landmark (MTFL) dataset
[45] to evaluate our methodology. It contains 12995 face im-
ages, annotated with attributes of gender, smiling, wearing
glasses, and head pose. Photographs in the dataset may
have different sizes. For processing purposes, we resize all
photographs to the same size: 25×25×3. Data are divided
into 10000 training samples and 2995 testing samples. The
photographs in the training samples are further split into
two groups randomly. The first group contains 7500 pho-
tographs that are used for autoencoder training. The remain-
ing 2500 photographs are used for class-specific inference
training.

For baseline transfer learning, we first use one class (e.g.,
gender) to train a CNN. Once trained, the target convolu-
tional layers and the FC layer of the CNN are kept fixed
and only the last connected layer of the CNN is retrained
for the specific class (i.e., smiling, wearing glasses or head
pose). We also evaluate the performance for the case when
only the convolutional layers are transferred and the last
two FC layers are retrained. In all, 7500 samples are used to
train the CNN with the fixed convolutional layers and the
remaining 2500 samples are used to train the FC layers for
each task. The same set of training and testing samples are
used for all task categories for ease of comparison.

5 EXPERIMENTS

To evaluate the proposed method, the same 7500 samples
are used to train an autoencoder that contains the same
number and structure of convolutional and FC layers as the
above-mentioned CNN (Fig. 3). The convolutional autoen-
coder is trained with the objective of minimizing the root-
mean-square error of the reconstructed input, as shown in
Eq. 4.

The inference accuracy is evaluated for the four at-
tributes: gender, smiling, wearing glasses, and head pose.
Gender contains male and female classes. Smiling contains
the smiling and not smiling classes. Wearing glasses con-
tains the wearing and not wearing glasses classes. Head
pose contains five classes, each defining the degree at which
the person is facing the camera: -60◦, -30◦, 0◦, 30◦, and 60◦.
The resulting performance is shown in Tables 3 and 4, and
the energy requirements for each inference task are shown
in Tables 5 and 6. The result comparison of transferring with
convolutional autoencoder, transferring with source task,
and no transfer, are discussed in the next section. Trans-
ferring with convolutional autoencoder performs the best
overall. We also compare the energy results of all models.
Although transferring with convolutional autoencoder and
transferring with source task utilize the same energy during
inference time, they both require less energy than when
there is no layer transfer.

5.1 Transfer Learning with Source Task vs. Convolu-
tional Autoencoder

In Table 3, the performance for the four cases pertaining
to the source-task and the convolutional-autoencoder meth-
ods, using 7500 samples for model learning and 2500 sam-
ples for task-specific inference training, is compared. Infer-
ence results based on the use of only 2500 samples for CNN
training for the four cases, without any information transfer,
are also included as baseline performance. For all the cases,
we also examine the scenario when enough labeled cases
within the target task are not available. Further, 500 training
samples are used for task-specific inference training.

The proposed convolutional autoencoder method (re-
ferred to as CAE transfer) performs the best compared to
the source-task transfer method (referred to as CNN trans-
fer) and separately-trained task-specific models (referred to
as no transfer). When transferring only the convolutional
layers (i.e., in Table 3), at 2500 samples, CAE transfer, CNN
transfer, and no transfer methods do not differ by much.
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TABLE 3: Inference performance of four different tasks with only convolutional layers transferred at 2500 training samples
and 500 training samples, and with convolutional layer and one FC layer transferred at 2500 training samples and 500
training samples.

Task

Only convolutional layers Convolutional layers and one FC layer No Transfer

2500 samples 500 samples 2500 samples 500 samples 2500
samples

500
samplesCAE

transfer
CNN

transfer
CAE

transfer
CNN

transfer
CAE

transfer
CNN

transfer
CAE

transfer
CNN

transfer

Gender 74.3 73.61 69.47 68.32 74.04 68.94 70.14 65.87 73.05 68.16

Smile 62.30 57.23 58.54 56.67 62.80 57.38 58.54 54.89 61.80 56.66

Glasses 74.20 72.63 71.51 68.47 73.12 69.73 71.51 68.46 73.39 67.40

Pose 77.08 74.17 72.30 70.60 75.31 72.49 72.63 70.10 73.07 71.16

CAE performs on an average 2.56%± 1.91% better than the
CNN transfer method and 1.64% ± 1.61% better than the
no transfer method (Table 3). At 500 samples, CAE transfer
performs, on an average, 1.95% ± 0.88% better compared
to CNN transfer and 2.11%± 1.37% better than no transfer.
When transferring convolutional and FC layers, with 2500
training samples, CAE transfer improves accuracy, on an
average, by 4.19% ± 1.27% and 0.99% ± 1.02% compared
to CNN transfer and no transfer, respectively. With 500
training samples, CAE transfer improves accuracy, on an
average, by 3.37%±0.75% and 2.36%±1.19% compared to
CNN transfer and no transfer, respectively. The improve-
ment in performance is more prominent in transferring
convolutional and FC layers, specifically, when comparing
CAE transfer and CNN transfer.

Next, we evaluate the performance when transferring
only convolutional layers versus when transferring convo-
lutional layers and the first FC layer (shown in Table 4
for 2500 training samples and 500 training samples). We
see that the performance in these two cases is similar
across the different tasks. For CNN transfer, transferring
only the convolutional layers does better by 2.28%± 2.03%
and 1.18%± 1.13% compared to transferring convolutional
layers and the first FC layer, with 2500 and 500 training sam-
ples, respectively. For the proposed CAE transfer method,
transferring only the convolutional layers does better by
0.65% ± 0.99% and is worse by 0.25% ± 0.32% compared
to that with an additional FC layer, with 2500 training
samples and 500 training samples, respectively. Thus, we see
that the proposed CAE transfer is beneficial for enhancing
generalization when the FC layer is kept fixed, which is
preferred for hardware implementations due to its large
number of parameters.

5.2 System Analysis
For energy analysis, we compare the energy of loading fixed
kernels through LUTs in the proposed method (Table 5)
versus loading task-specific kernels for each task (Table 6),
requiring a read from the DRAM to the global buffer, then
into the array and each PE RF file. The DRAM and global
buffer are shared by layer-wise inputs and outputs. In this
case, because the kernels are different for each task, with
each additional task, a new set of kernels is required. Due to
the uncertainty involved in the use of kernels, LUTs cannot
be employed. Therefore, the computational energy required

TABLE 4: Transferring only convolutional layers vs. trans-
ferring convolutional layers and an FC layer performance
differences for 2500 training samples 500 training samples.

Task
2500 samples 500 samples

CAE
transfer

CNN
transfer

CAE
transfer

CNN
transfer

Gender 0.26 4.67 -0.67 2.44

Smile -0.5 -0.15 0 1.78

Glasses 1.08 2.90 0 0.01

Pose 1.77 1.69 -0.33 0.49

for cases that do not involve information transfer depends
on the storage levels each kernel has to traverse for a given
image inference task. Since each PE does not contain a LUT
for cases that do not involve information transfer, a 224-
element SRAM scratchpad is used, as proposed in Eyeriss
[27]. Here, for ease of comparison, the energy for reading
from this SRAM is assumed to be equivalent to one MAC
energy.

Based on the details given in Tables 5 and 6, and the
energy consumption numbers in Table 1, we compare the
energy required for inference when no information transfer
takes place (Table 6) versus when inference with information
transfer takes place (Table 5). Since the same CNN architec-
ture is used, the MAC energy is the same in both cases.
Since, in terms of energy, an RF access is equivalent to a
MAC, and also to a LUT read, we include LUT weight reads
into the number of RF accesses in Table 5. Both the proposed
autoencoder method and the method without information
transfer require the same dataflow and processing sequence,
thus they both have the same RF energy. However, the inter-
PE energy for the no information transfer method is 17.98×
that of the proposed method. The extra energy for the no
information transfer method comes from kernel transfers
between PEs. The global buffer energy and DRAM energy
for the no information transfer method are 35.60× and
7683.66× that of the proposed method, respectively. For the
method without information transfer, the entire CNN model
is read from the DRAM once and from the global buffer
multiple times to complete all layer-wise outputs. Since the
global buffer is not big enough to store the entire CNN
model, parts of the CNN model need to be read in from
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the DRAM when needed. Our method obviates the need for
these kernel reads and writes across the memory hierarchy.
We are able to save 6.58× energy overall.

6 CONCLUSION

In this article, we presented a method that uses a low-
bit convolutional autoencoder to implement energy-efficient
CNNs, targeting multiple criteria, while improving infer-
ence performance. We evaluated the method with a set of
photographs that contains four labels per photograph. At
500 samples, our method achieved 70.14%±0.42% accuracy
as opposed to 65.87%±1.05% accuracy achieved by transfer
learning with the source task method for gender detection,
58.54%± 0.34% versus 54.89%± 0.96% for smile detection,
71.51%±1.25% versus 68.48%±2.82% for glasses detection,
and 72.63% ± 0.44% versus 70.10% ± 1.36% for head-pose
detection. Our method performed better than the no infor-
mation transfer method by 1.98%, 1.88%, 4.11%, and 1.47%
for gender, smile, glasses, and pose inferences, respectively.
Overall energy is reduced by 6.58× for the framework with
a LUT implementation relative to when all reads are from
the given storage hierarchy. In future work, we will consider
the potential benefits of using a convolutional autoencoder
based on residual network for training generalized feature
extraction.

REFERENCES

[1] T. J. Yang, Y. H. Chen, and V. Sze, “Designing energy-efficient
convolutional neural networks using energy-aware pruning,” in
Proc. IEEE Conf. Comput. Vis. Pattern Recogn., Apr. 2017, pp. 5687–
5695.

[2] S. J. Pan and Q. Yang, “A survey on transfer learning,” IEEE Trans.
Knowl. Data Eng., vol. 22, no. 10, pp. 1345–1359, Oct. 2010.

[3] M. Oquab, L. Bottou, I. Laptev, and J. Sivic, “Learning and transfer-
ring mid-level image representations using convolutional neural
networks,” in Proc. IEEE Comput. Soc. Conf. Comput. Vis. Pattern
Recogn., Jun. 2014, pp. 1717–1724.

[4] R. Kemker and C. Kanan, “Self-taught feature learning for hy-
perspectral image classification,” IEEE Trans. Geos. Remote Sens.,
vol. 55, no. 5, pp. 2693–2705, May 2017.

[5] Z. Huang, Z. Pan, and B. Lei, “Transfer learning with deep
convolutional neural network for SAR target classification with
limited labeled data,” Remote Sens., vol. 9, no. 9, p. 907, Aug. 2017.

[6] B. Du, W. Xiong, J. Wu, L. Zhang, L. Zhang, and D. Tao, “Stacked
convolutional denoising auto-encoders for feature representa-
tion,” IEEE Trans. Cybernetics, vol. 47, no. 4, pp. 1017–1027, Mar.
2016.

[7] B. Du, S. Wang, C. Xu, N. Wang, L. Zhang, and D. Tao, “Multi-task
learning for blind source separation,” IEEE Trans. Image Process.,
vol. 27, no. 9, pp. 4219–4231, May 2018.

[8] Y. Sun, X. Wang, and X. Tang, “Deep learning face representation
from predicting 10,000 classes,” in Proc. IEEE Comput. Soc. Conf.
Comput. Vis. Pattern Recogn., Jun. 2014, pp. 1891–1898.

[9] V. Sze, Y. H. Chen, T. J. Yang, and J. S. Emer, “Efficient processing
of deep neural networks: A tutorial and survey,” Proc. IEEE, vol.
105, no. 12, pp. 2295–2329, Mar. 2017.

[10] J. Masci, U. Meier, D. Cireşan, and J. Schmidhuber, “Stacked
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