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Abstract—Binary Neural Networks (BNNs) are showing tremen-
dous success on realistic image classification tasks. Notably, their
accuracy is similar to the state-of-the-art accuracy obtained by
full-precision models tailored to edge devices. In this regard, BNNs
are very amenable to edge devices since they employ 1-bit to store
the inputs and weights, and thus, their storage requirements are
low. Moreover, BNNs computations are mainly done using xnor
and pop-counts operations which are implemented very efficiently
using simple hardware structures. Nonetheless, supporting BNNs
efficiently on mobile CPUs is far from trivial since their benefits
are hindered by frequent memory accesses to load weights and
inputs.

In BNNs, a weight or an input is stored using one bit, and
aiming to increase storage and computation efficiency, several of
them are packed together as a sequence of bits. In this work, we
observe that the number of unique sequences representing a set
of weights or inputs is typically low (i.e., 512). Also, we have seen
that during the evaluation of a BNN layer, a small group of unique
sequences is employed more frequently than others. Accordingly,
we propose exploiting this observation by using Huffman Encoding
to encode the bit sequences and then using an indirection table
to decode them during the BNN evaluation. Also, we propose a
clustering-based scheme to identify the most common sequences of
bits and replace the less common ones with some similar common
sequences. As a result, we decrease the storage requirements and
memory accesses since the most common sequences are encoded
with fewer bits.

In this work, we extend a mobile CPU by adding a small
hardware structure that can efficiently cache and decode the
compressed sequence of bits. We evaluate our scheme using the
ReAacNet model with the Imagenet dataset on an ARM CPU. Our
experimental results show that our technique can reduce memory
requirement by 1.32x and improve performance by 1.35x.

Index Terms—Machine Learning, Binary Neural Networks

I. INTRODUCTION

Deep Neural Networks (DNNs) have recently achieved
tremendous success in various tasks such as image classification
and speech recognition. Not surprisingly, they have become the
most critical component for Machine Learning Applications.
Nonetheless, the cost of storing and evaluating DNNs is high
since they usually are composed of millions of parameters.
Mainly, evaluating DNNs on edge devices is quite challenging
due to the constrained resources on edge devices. In this regard,
Binary neural networks (BNNs) are an attractive solution to
reduce the cost of evaluating DNNs on edge devices. In BNNs,
the weights and input features can only take the value of 1 and
—1; thus, one bit is used to store them. Therefore, the cost of
storing a BNN layer can be reduced dramatically compared to
those that use integer or floating point values. Moreover, BNNs
can be executed very efficiently with modest hardware since
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the matrix multiplications required to evaluate a DNN, can be
performed using a series of xnor and popcount operations.

While BNNs are very computationally efficient, their accu-
racy tends to be relatively low compared to a similar state-of-
the-art full-precision network. However, recent BNN models,
such as ReactNet [1] and FracBNN [2], achieve a top-1
accuracy comparable to state-of-the-art full-precision networks.
For instance, ReActNet obtains a top-1 accuracy of 69% on
the Imagenet dataset while MobileNet V2 [3] (i.e., CNN
model tailored to edge devices) has a top-1 accuracy of 72%.
Nevertheless, the number of bits required to store ReactNet is
29 million, whereas it is 27 million for MobileNet V2. Hence,
evaluating these models on edge devices is still challenging due
to their limited storage and computational resources. Most of
the storage and computational requirements of BNNs are due
to convolutional operations.

In this work, we focus on improving the performance and
storage requirement of BNN models using convolutional oper-
ations. In this regard, in a binary kernel (i.e., weights are 1 or
-1), for any given n by n channel stored as a sequence of bits,
there are 2"*" possible sequences of bits. However, we observe
that during the evaluation of a convolution operation for a given
kernel, some sequences of bits are used more frequently than
others. For instance, in some layers of ReActNet, 32 individual
sequences of bits account for more than 50% of all the possible
sequences. To exploit this observation, we propose to employ a
variable length compression algorithm to encode each sequence
of bits. Then, we assign an encoding with fewer bits to the most
common sequences since they are more likely to be used when
evaluating a kernel. For simplicity in the rest of the paper, we
refer to the sequence of bits formed with the values of a given
channel as bit sequence.

A significant challenge in implementing a variable-length en-
coding is providing a software- and hardware-friendly solution
while also being efficient [4]. A software-only implementation
is insufficient since the performance is severely affected by
the overhead of decoding the compressed bit sequences. We
address this issue by providing hardware support to decompress
the bit sequences. Moreover, when evaluating BNNs on mobile
CPUs, the matrix multiplications are done very fast since the
latency of computing a xnor and a popcount is very low.
Therefore, the loads to fetch the weights are in the critical
path. Hence, we also provide hardware support to stream the
weights automatically to mitigate this issue.

Another important observation is that for some layers, a less
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frequently used bit sequence can be replaced by one that is
employed more often without negatively impacting the accuracy
of the network. Accordingly, we propose a clustering algorithm
that substitutes some of the less common bit sequences with
others that are similar to them but also very common. By
reducing the less common bit sequences, we can compress the
binary kernels more efficiently since the number of bits to store
the most common ones is smaller.

In summary, the main focus of this paper is improving the
performance and memory requirements of BNNs on mobile
CPUs. We claim the following contributions:

o We analyze the frequency distribution of all the bit se-
quences in the network and show that some of them are
used more frequently than the rest.

o We propose to use a simple variable-length encoding to
compress the binary kernels. Also, we describe a novel
clustering algorithm that increases the frequency of the
most common bit sequences. Our scheme compresses the
BNN layers by 1.32x on average and improves the model
storage requirements by 1.2x.

o We propose simple hardware extensions and evaluate them
on top of a modern ARM CPU. Our proposals improve
the performance by 1.35x.

II. BACKGROUND

A. Binary Neural Networks

Like full-precision DNNs, Binary Neural Networks (BNNs)
are composed of many layers (i.e., convolution, dense, etc)
stacked on top of each other. BNNs use one-bit weights and
inputs constrained to +1 and —1, but they usually are trained
using full-precision weights. Then, the weights and inputs are
binarized using the following equation:

b {+1 if 2 >=0, o
—1 otherwise,

where x is a full-precision weight or input and z° is the
binarized value.

Convolution operations with binary inputs and weights are
computed as their full-precision counterpart. However, to calcu-
late an output feature Equation 2 is employed. In this equation,
o is a feature of the output feature map, whereas w® and x°
are the binarized kernel (weights) and input vectors. Note that
the kernel and the input are composed of 1 and —1, but they
are stored as 1 and 0, respectively.

0 = popcount (znor(w®, z)) )

Equation 2 is essentially computing a multiply-accumulate
operation (MAC) which is the main computation on DNNs.
Hence, as mentioned earlier, BNNs are very efficient in com-
putations and memory requirements since MAC operations can
be computed using xnor and popcount functions, and weights
are stored using 1 bit.
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Fig. 1. ReActNet basic block and Architecture.

TABLE I
REACTNET STORAGE AND EXECUTION TIME BREAKDOWN. OTHERS
REFERS TO ACTIVATION AND NORMALIZATION LAYERS,ETC.

Operation Storage (%) Precision (bits) Execution time(%)
Input Layer 0.02 8 4.0
Output Layer 22.17 8 18.7
Conv 1x1 8.5 1 6.9
Conv 3x3 68.0 1 66.8
Others 1.31 32 3.6
B. BNN model

Recently, on image classification tasks, BNN models can
achieve top-1 accuracy, similar to the accuracy of full-precision
models tailored to edge devices. In this regard, ReActNet [1]
is a BNN model based on MobileNet [3] with a top-1 accuracy
of 69.4% on the ImageNet dataset. Note that the accuracy of
Mobilenet V2 for the same task is 72%. Since the accuracy
of ReActNet is very close to the full-precision counterpart, we
employ this model as the baseline in this work.

The main building block of ReActNet is shown in Figure 1.
This block comprises two convolutional operations that employ
binarized input and kernels. Also, it performs other operations
such as batch-norm and Prelu activation functions which are
computed using full-precision. One of the critical contributions
of this model is that the Prelu activation is biased by shifting
and reshaping its input. By performing this transformation, the
accuracy of the network is substantially improved [1].

ReActNet is composed of 15 layers which include one input,
one output layer, and 13 layers that are constructed using the
basic block shown in Figure 1. The input layer is convolutional,
whereas the output layer is fully-connected. Both layers are
computed using full-precision values, and in this work, we
quantize them using 8 bits.

Table I shows the storage requirements and execution time
for the main operations in ReActNet. The storage requirement
due to the 3x3 convolutions accounts for 68% of the total.
Also, these 3x3 convolutions represent 67% of the execution
time; hence, we focus on improving them.

III. KERNEL COMPRESSION

We observe that for the 3x3 binarized kernels found in Re-
ActNet, each channel is composed of nine values that are either
one or zero; thus, there are only 512 unique bit sequences.
However, some bit sequences are rarely used, while other
sequences tend to appear very frequently. Therefore, we could
exploit this observation by employing a variable encoding
that assigns fewer bits to the most common bit sequences.
Moreover, we experimentally found that some rarely used
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Fig. 2. 3x3 binary kernel with 2 channels. Conceptually the values of a channel
are mapped to an integer number.
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Fig. 3. Frequency of use for the top 16 bit sequences for the 3x3 binary
kernels in one of ReActNet’s basic blocks.

bit sequences can be substituted by some others that are
more common without negatively affecting the overall network
accuracy.

Figure 2 shows a binarized 3x3 kernel with 2 channels.
As mentioned earlier, each of these channels is composed of
nine values which are either 1 or —1, and to represent one
channel a least 9 bits are needed. For clarity, to refer to a
given bit sequence, we employ a Natural mapping, as shown
in Figure 2, that assigns a Natural number to each bit sequence.
In this regard, we assign the value in position 0,0 to the
most significant bit and the value in position 2,2 to the least
significant bit. For example, a channel where all the values are
zeros (i.e., -1) will be referred to as 0. Similarly, a channel
where all the values are ones will be mapped to 511. Note
that this is a conceptual representation, and the actual layout
of these bits in memory can be different.

The rest of this section presents an analysis of the use
frequency for each bit sequence in ReActNet. Then, we
describe our methodology to replace uncommon bit sequences.
Finally, we detail our compressing scheme.

A. Frequency of use for bit sequences

Figure 3 shows the frequency of use for the 16 more common
bit sequences in all the 3x3 binary kernels in one of the
basic blocks of ReActNet. As shown in the plot, bit sequences
containing only zeros or ones account for 25%. In contrast, the
most common 16 and 64 bit sequences account for 46% and
75% of all of them, respectively. Regarding the kernels in other
basic blocks, their behavior is similar to the one in Figure 3. As
shown in Table II, in all the blocks, the top 64 bit sequences
account for more than 50% of the sequences. Moreover, for all
the blocks, the 256 most frequently used bit sequences account
for up to 92%. Henceforth, instead of employing nine bits to
store each channel, we could use 5 bits to store half of them
and nine or less for the rest.

B. Compressing bit sequences

Aiming to increase storage efficiency and to exploit the
variability in the frequency of use of the bit sequences, we

TABLE I
DISTRIBUTION OF bit sequences FOR THE 3X3 KERNEL IN EACH BASIC

BLOCK.

Layer  Top 64 (%) Top 256 (%)
Block 1 53.4 90.6
Block 2 64.5 95.1
Block 3 56.3 87.11
Block 4 64.8 92.7
Block 5 63.2 88.3
Block 6 63.1 90.86
Block 7 62.4 91.64
Block 8 60.8 90.24
Block 9 552 92.9
Block 10 62.2 89.9
Block 11 67.97 92.
Block 12 753 93.4
Block 13 583 86.9

Table 0 Table 1 Table 2 Table 3

Fig. 4. Simplified Huffman tree with four nodes. The prefix of an encoded bit
sequence is used as a pointer to a table with the uncompressed value.

propose to use Huffman Encoding to encode them. When using
Huffman encoding to compress the kernels, we must first create
a Huffman tree, where each bit sequence is assigned to a tree
node. Then, before using a bit sequence, we must decode it
with the help of lookup tables that contain the uncompressed
value. Note that the tree is created offline, whereas the decoding
is done at runtime.

A significant issue when decoding a Huffman encoded se-
quence of bits is that it requires optimized lookup tables or
complex hardware if high throughput is needed [4]. In this
regard, we proposed to use a simplified Huffman tree where
we limit the tree size to a small number of nodes (i.e., four), as
shown in Figure 4. In this tree, several encoded bit sequences
are assigned to each node. Note that we could employ a table
to store the encoded bit sequences belonging to a given node.
Hence, during the decoding process, we use the first bits of
the encoded bit sequence to find out to which table (node) it
belongs and then employ the remaining bits to address the table
and get the uncompressed bit sequence. This simplified version
provides a good trade-off between simplicity and compression
rate, as shown in Section VI.

C. Removing less frequent bit sequences

We observe that in some cases, a rarely used bit sequence
(sa) can be replaced by one employed more frequently (sb)
without negatively affecting the model accuracy. For this,
we constrain the hamming distance between sa and sb to 1
(i.e., only a one-bit difference ) to keep the error introduced
during the evaluation low. Hence, we can further improve the
compression ratio by increasing the frequency of use of the
most common bit sequences and removing some of the less
common ones. To exploit this observation, we employ the
following algorithm.
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First, for all the 3x3 binary kernels in a given basic block,
we create a set st containing the M most commonly used
bit sequences. Then, we create a second set su containing the
N less commonly employed. After this, we try to replace the
bit sequences in su with bit sequences from st. This process
is done by first taking a bit sequence (sa) from su. Then
comparing its hamming distance with the hamming distance of
the bit sequences in st. When a bit sequence (sb) is found,
such that the hamming distance between sa and sb is one,
we replace sa by sb. Note that if many bit sequences match
this criterion, we employ the bit sequence with the highest
frequency to replace sa. Finally, we repeat this process for all
the bit sequences in su. We empirically searched for some
combinations of M and NN; while this search is not exhaustive,
we found some combinations that significantly improve the
compression ratio, shown in Section VL.

IV. HARDWARE AND SOFTWARE IMPLEMENTATION

This section describes our proposal to improve BNN perfor-
mance using compressed kernels. First, we present an overview
of our proposal. Next, we detail the software baseline used
to evaluate the model. Then, we motivate the need for some
hardware optimizations. Finally, we discuss the hardware im-
plementation of our scheme.

A. Overview

One of the goals of this work is to employ the compressed
3x3 binary kernels during the evaluation of the BNN model.
Our overall proposal work as follows. First, we compute the
frequency of use for each bit sequence in all the 3x3 binary
kernels. Then, based on those frequencies, we create a Huffman
Tree and assign an encoding to each of the bit sequences.
Note that the previous steps are done offline and only once.
Next, when evaluating a 3x3 kernel, we store the Huffman
tree corresponding to that kernel in memory. After this, we
start fetching the compressed bit sequences and inputs from
memory. Then, the bit sequences are decompressed, and the

kernel evaluation is performed. This process is repeated for
all bit sequences in the kernel. Nonetheless, compressing
the kernels decreases the storage requirements; it adds an
overhead to decode the bit sequences resulting in a slowdown
when implemented in software. However, the overhead can be
mitigated with additional hardware support. We detail these
issues in the following sections.

B. Software Baseline

When evaluating BNNs in modern CPUs, one of the most
critical components is laying out the kernels in memory such
that the number of bits loaded into the internal register of
the CPU [5], [6] is maximized. In this regard, one of the
most efficient methods is to pack bits from different channels
together so that the number of bits packed together fills an
entire register when loaded from memory [5]. For simplicity,
we refer to this method as channel packing.

In channel packing, the group of bits packed from each
channel must belong to the same position (i.e., 0,0), as shown
in Figure 5. Also, when the number of channels is larger than
the CPU register’s size, the channels are split into several
sub-groups such that they can be loaded independently into
the CPU registers. Note that channel packing works best
when the number of channels is divisible by the size of CPU
registers; otherwise, padding is needed. Padding BNN kernels is
challenging since the zero value represents a -1. Subsequently,
when padding is done, the kernel computation must account for
the extra -1. In this work, we employ channel packing to store
the uncompressed 3x3 binary kernels, and it is done offline, as
in [5]. Also, since the number of channels for all the kernels
is a power of two, we do not employ padding.

Regarding the layout in memory of the compressed kernels,
note that each of the encoded bit sequence has a variable
length, and thus we cannot perform channel packing offline. In
this case, we store them consecutively in memory as a sequence
of encoded words. As a result, during the kernel evaluation,
once an encoded bit sequence is decoded, we need to pack
it into the CPU registers. Note that the size of a decoded
bit sequence is 9 bits, whereas the typical size of a CPU
register is 32 bits or more; hence if packing is not done, the
CPU registers are underutilized.

We implemented our compression scheme in software to
evaluate its feasibility. Then, we compare the performance
of this implementation against a baseline using uncompressed
kernels. For the compression scheme, we implemented the
simplified Huffman Tree described in Section III-B. In this
case, we limit the size of each tree to four nodes and use four
tables to store the decoded bit sequence. Then, we employ the
first bits of each encoded bit sequence to indicate the table
where it belongs. Moreover, we use the remaining bits in the
uncompressed bit sequence to get the original from its cor-
responding table. After comparing these two implementations,
the compressed kernel implementation is 1.47x slower than the
baseline.



C. Hardware Support

The main reason for the slowdown of the software implemen-
tation of our scheme is the overhead of decoding and packing
the bit sequences at runtime. Hence, to mitigate this issue, we
propose performing it in hardware. For this, we add a decoding
unit to the load-store unit (LSU) of the CPU. Furthermore, we
add two new instructions to manage this unit. The decoding
unit, shown in Figure 6, is tailored to streaming and decoding
the encoded bit sequences. As can be seen, it is composed of
a streaming unit and a packing unit.

The streaming unit is employed to load a stream of encoded
bit sequences from the main memory and decompress them. It
works as follows, first, it uses the stream address register to
store the base address of the bit sequences that will be fetched.
Then, a request to load 7" bytes from the address in the stream
address register is sent to the LSU decoder. Once the T' bytes
are fetched from memory, they are stored in the input buffer.
After this, the decoding process starts by sending m-bits of
data from the input buffer to the stream parser. Note that, we
also send a new request to fetch more bytes while doing the
decoding. In the stream parser, from this m-bits the first n bits
are used to create the node address which identifies the node of
the Huffman tree belonging to the current bit sequence. Note
that since the length of the encoded bit sequence is variable,
after finding the node, we need to find its length. It is done by
reading it from the length table, which is addressed with the
node address. Then, with the length information, we can get
the remaining bits of the encoded bit sequence and store them
in the decoded address register. Next, in the decoder unit, the
uncompressed bit sequences are stored in a scratchpad memory
(uncompressed table), which is partitioned into multiple banks.
Then, we employ the node address and the value in the
decoded address register to address the uncompressed table and
get the uncompressed bit sequence. Finally, the uncompressed
sequence is passed to the packing unit. We repeat the previous
process until the whole stream of bits in the input buffer have
been processed.

The packing unit is in charge of channel packing each one
of the bit sequences received from the streaming unit into the
packing registers. In this unit, after receiving a bit sequence, it
is distributed into % register (i.e., 9 ) each of R bits (i.e., 128
bits). Note that R bit sequences are channel packed sequentially
into k registers. Also, once R bit sequences are packed, a new
set of k register is used to store the incoming bit sequences.

To use the decoding unit, the programmer first must configure
it. For this, we add the instruction Iddu (i.e., load decoder unit
configuration). This instruction uses a pointer to a configuration
structure to load its values in the decoding unit. Table III shows
the main configuration values for the decoding unit which are
stored in the main memory. Once the configuration values are
loaded, the decoding unit is reset and it starts decoding the bit
sequences.

For reading the packed and uncompressed bit sequences from
the decoding unit, we add the instruction Ildps (i.e., load packed
bit sequence). To use this instruction, the programmer must
specify the destination register to store the bit sequence being

TABLE III
CONFIGURATION STRUCTURE.

Number of bit sequences
Compressed sequences pointer
Compressed sequences length

Huffman tree nodes

TABLE IV
CONFIGURATION PARAMETERS.
Parameter Value
CPU ARM A53
Main Memory 4 GB DDR4
Vector Registers 32 (128 bits)
Frequency 1 GHz

CPU L1 Cache 32KB
CPU L2 Cache 256 KB

Decoding Unit
Max number of Nodes 4

Uncompressed table 1 KB
Register file 256 bytes
Input Buffer 256 bytes

read. Note that this instruction will read the oldest bit sequence
that was decoded in the decoding unit. Hence, the programmer
is responsible for setting this unit before using ldps.

To summarize, the decoding unit works as follows. First,
a lddu instruction is executed to start its configuration and
the decoding process. Then, in the background, the decoding
unit fetches and decodes the compressed bit sequences. Later,
when evaluating a 3x3 convolution, the programmer uses the
lddu instruction to load the uncompressed and channel-packed
bit sequences into the CPU registers. This process is repeated
during the computation of a kernel until all the bit sequences
are evaluated.

V. EVALUATION METHODOLOGY

We employ the Pytorch implementation of ReActNet and the
ImageNet dataset as our baseline to evaluate the accuracy. Also,
we use Python to compress and analyze the frequency of use
for each bit sequence. For the performance evaluation, we use
the daBnn [5] C++ framework to implement the BNN model.
DaBnn employs channel packing for the kernels and inputs.
Moreover, it provides several C++ functions to compute the
most common layers found on BNNs. This library is highly
optimized for the ARMvS architecture and uses the NEON
extensions.

As a hardware baseline, we use an ARM AS53 CPU and
employ Gem5 to implement and evaluate our hardware opti-
mizations. To assess the software baseline with the proposed
hardware extensions, we rewrote the assembly functions used
by daBnn, such that we exploit them when computing the
binary kernels. Also, to estimate the latencies of our hard-
ware structures, we implement them in Verilog and use the
Synopsys Design Compiler for synthesis. We modeled a 4GB
DDR4 DRAM for the main memory. The main configuration
parameters for the CPU and the decoding unit are shown in
Table IV.

VI. RESULTS

This section presents the evaluation of our scheme imple-
mented on an ARM CPU. We limit the Huffman tree to four



TABLE V
COMPRESSION RATIO OF bit sequences FOR THE 3X3 KERNEL IN EACH
BASIC BLOCK.

Layer Encoding Clustering
Block 1 1.18 1.30
Block 2 1.22 1.30
Block 3 1.21 1.31
Block 4 1.21 1.32
Block 5 1.19 1.30
Block 6 1.20 1.33
Block 7 1.18 1.33
Block 8 1.20 1.32
Block 9 1.20 1.31
Block 10 1.18 1.32
Block 11 1.19 1.33
Block 12 1.25 1.36
Block 13 1.22 1.35

nodes. Also, we restrict the number of bit sequences stored on
each node to 32, 64, 64, and 256. Hence, we use 6 bits to store
the 32 most common sequences. Similarly, we use 8, 9, and 12
bits for the other nodes.

Table V shows the compression ratio by layer. The Encoding
column refers to encoding the 3x3 kernels without removing the
less frequent bit sequences, whereas the 256 most uncommon
are removed for the Clustering column. For the Encoding, the
compression ratio is between 1.18x and 1.25. The improve-
ments came from employing only 6 bits to store the 32 most
common bit sequences, which have an average frequency of
use of 46%. Also, the rest of the bit sequences are stored using
8, 9, and 12 bits with a frequency of use of 24%, 23%, and
5%, respectively. After removing some of the least used bit
sequences, the compression ratio is 1.32x on average. These
improvements are due to increasing the frequency of the top
32 bit sequences to 65% on average. In this case, the frequency
of use of the stored sequences using 12 bits is 0.6%, whereas,
for 8 and 9, it is 25% and 8%, respectively. The overall BNN
model is compressed by 1.2x.

Regarding the performance, we compare our compression
scheme with hardware support with the software implementa-
tion of ReAcNet. In this case, we obtain a speedup of 1.35x.
The primary source for this improvement is the reduced latency
for loading the 3x3 kernels. Note that since the decoding unit
fetches some of the bit sequences while decoding and evaluat-
ing others, the load’s latency overlaps with the computations.

VII. RELATED WORK

Hardware acceleration for BNNs has been an active area of
research in recent years. In this regards, there have been several
works targeting CPUs [6], FPGAs [2], [7], [8], and ASICs [9].
FracBnn [2] proposes a FPGA accelerator for ReActNet. In
addition, it improves performance by employing up to two
bits for activation and increasing the level of sparsity in the
kernels. Also, they binarize the first layer of the model, wheres
it is quantized in this work. The work in [7] proposes an
FPGA accelerator that combines the xnor and accumulation
to improve performance. BNNsplit [8] is another accelerator
that divides the evaluation of the BNN model across multiple
FPGAs. Our proposal is different from these works, since we
focus on compressing the kernels and we target mobile CPUs.

The work in [6] proposes a blocking algorithm to partition
the binary kernels such that the utilization of CPU registers
is more efficient. In [10], Huffman encoding and pruning are
applied to models running on GPUs. However, our proposal
employs a hybrid software/hardware approach.

VIII. CONCLUSION

This work presents a novel compressing scheme for binary
neural networks. We show that in the binary kernels, some bit
sequences occur more frequently than others. Aiming to exploit
this observation, we encode each sequence with a simplified
Huffman Tree. We propose a simple hardware extension to
conventional CPUs to support this scheme, since implementing
it on software degrades performance. After applying our com-
pression scheme, the binary kernels are compressed by 1.32x
on average, whereas the BNN model is compressed by 1.2x.
Also, compared to the software baseline, our proposal achieves
a speedup of 1.35x.
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