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▸ Pressing demand to efficiently accelerate a growing 
array of datacenter & embedded workloads

– Multicore performance scaling significantly slowed
– Pervasive hardware specialization is inevitable?
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▸ Substantial leverage readily available for building 
realistic specialized computing systems

– Open-source hardware movement (e.g., RISC-V)
– Open-source compiler infrastructure and architecture simulator 

(e.g., LLVM, gem5) 
– FPGA SoCs have come of age
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▸ Target of specialization is constantly 
moving, and moving fast!

– In particular, deep learning algorithms 
are changing every few days 

– Tooling and software frameworks are 
also rapidly evolving 
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Abstract

We trained a large, deep convolutional neural network to classify the 1.2 million
high-resolution images in the ImageNet LSVRC-2010 contest into the 1000 dif-
ferent classes. On the test data, we achieved top-1 and top-5 error rates of 37.5%
and 17.0% which is considerably better than the previous state-of-the-art. The
neural network, which has 60 million parameters and 650,000 neurons, consists
of five convolutional layers, some of which are followed by max-pooling layers,
and three fully-connected layers with a final 1000-way softmax. To make train-
ing faster, we used non-saturating neurons and a very efficient GPU implemen-
tation of the convolution operation. To reduce overfitting in the fully-connected
layers we employed a recently-developed regularization method called “dropout”
that proved to be very effective. We also entered a variant of this model in the
ILSVRC-2012 competition and achieved a winning top-5 test error rate of 15.3%,
compared to 26.2% achieved by the second-best entry.

1 Introduction

Current approaches to object recognition make essential use of machine learning methods. To im-
prove their performance, we can collect larger datasets, learn more powerful models, and use bet-
ter techniques for preventing overfitting. Until recently, datasets of labeled images were relatively
small — on the order of tens of thousands of images (e.g., NORB [16], Caltech-101/256 [8, 9], and
CIFAR-10/100 [12]). Simple recognition tasks can be solved quite well with datasets of this size,
especially if they are augmented with label-preserving transformations. For example, the current-
best error rate on the MNIST digit-recognition task (<0.3%) approaches human performance [4].
But objects in realistic settings exhibit considerable variability, so to learn to recognize them it is
necessary to use much larger training sets. And indeed, the shortcomings of small image datasets
have been widely recognized (e.g., Pinto et al. [21]), but it has only recently become possible to col-
lect labeled datasets with millions of images. The new larger datasets include LabelMe [23], which
consists of hundreds of thousands of fully-segmented images, and ImageNet [6], which consists of
over 15 million labeled high-resolution images in over 22,000 categories.

To learn about thousands of objects from millions of images, we need a model with a large learning
capacity. However, the immense complexity of the object recognition task means that this prob-
lem cannot be specified even by a dataset as large as ImageNet, so our model should also have lots
of prior knowledge to compensate for all the data we don’t have. Convolutional neural networks
(CNNs) constitute one such class of models [16, 11, 13, 18, 15, 22, 26]. Their capacity can be con-
trolled by varying their depth and breadth, and they also make strong and mostly correct assumptions
about the nature of images (namely, stationarity of statistics and locality of pixel dependencies).
Thus, compared to standard feedforward neural networks with similarly-sized layers, CNNs have
much fewer connections and parameters and so they are easier to train, while their theoretically-best
performance is likely to be only slightly worse.
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VERY DEEP CONVOLUTIONAL NETWORKS
FOR LARGE-SCALE IMAGE RECOGNITION

Karen Simonyan∗ & Andrew Zisserman+
Visual Geometry Group, Department of Engineering Science, University of Oxford
{karen,az}@robots.ox.ac.uk

ABSTRACT

In this work we investigate the effect of the convolutional network depth on its
accuracy in the large-scale image recognition setting. Our main contribution is
a thorough evaluation of networks of increasing depth using an architecture with
very small (3× 3) convolution filters, which shows that a significant improvement
on the prior-art configurations can be achieved by pushing the depth to 16–19
weight layers. These findings were the basis of our ImageNet Challenge 2014
submission, where our team secured the first and the second places in the localisa-
tion and classification tracks respectively. We also show that our representations
generalise well to other datasets, where they achieve state-of-the-art results. We
have made our two best-performing ConvNet models publicly available to facili-
tate further research on the use of deep visual representations in computer vision.

1 INTRODUCTION

Convolutional networks (ConvNets) have recently enjoyed a great success in large-scale im-
age and video recognition (Krizhevsky et al., 2012; Zeiler & Fergus, 2013; Sermanet et al., 2014;
Simonyan & Zisserman, 2014) which has become possible due to the large public image reposito-
ries, such as ImageNet (Deng et al., 2009), and high-performance computing systems, such as GPUs
or large-scale distributed clusters (Dean et al., 2012). In particular, an important role in the advance
of deep visual recognition architectures has been played by the ImageNet Large-Scale Visual Recog-
nition Challenge (ILSVRC) (Russakovsky et al., 2014), which has served as a testbed for a few
generations of large-scale image classification systems, from high-dimensional shallow feature en-
codings (Perronnin et al., 2010) (the winner of ILSVRC-2011) to deep ConvNets (Krizhevsky et al.,
2012) (the winner of ILSVRC-2012).

With ConvNets becoming more of a commodity in the computer vision field, a number of at-
tempts have been made to improve the original architecture of Krizhevsky et al. (2012) in a
bid to achieve better accuracy. For instance, the best-performing submissions to the ILSVRC-
2013 (Zeiler & Fergus, 2013; Sermanet et al., 2014) utilised smaller receptive window size and
smaller stride of the first convolutional layer. Another line of improvements dealt with training
and testing the networks densely over the whole image and over multiple scales (Sermanet et al.,
2014; Howard, 2014). In this paper, we address another important aspect of ConvNet architecture
design – its depth. To this end, we fix other parameters of the architecture, and steadily increase the
depth of the network by adding more convolutional layers, which is feasible due to the use of very
small (3× 3) convolution filters in all layers.

As a result, we come up with significantly more accurate ConvNet architectures, which not only
achieve the state-of-the-art accuracy on ILSVRC classification and localisation tasks, but are also
applicable to other image recognition datasets, where they achieve excellent performance even when
used as a part of a relatively simple pipelines (e.g. deep features classified by a linear SVM without
fine-tuning). We have released our two best-performing models1 to facilitate further research.

The rest of the paper is organised as follows. In Sect. 2, we describe our ConvNet configurations.
The details of the image classification training and evaluation are then presented in Sect. 3, and the

∗current affiliation: Google DeepMind +current affiliation: University of Oxford and Google DeepMind
1http://www.robots.ox.ac.uk/˜vgg/research/very_deep/
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Abstract

Deep Neural Networks (DNN) have achieved state-of-the-art results in a wide
range of tasks, with the best results obtained with large training sets and large
models. In the past, GPUs enabled these breakthroughs because of their greater
computational speed. In the future, faster computation at both training and test
time is likely to be crucial for further progress and for consumer applications on
low-power devices. As a result, there is much interest in research and develop-
ment of dedicated hardware for Deep Learning (DL). Binary weights, i.e., weights
which are constrained to only two possible values (e.g. -1 or 1), would bring great
benefits to specialized DL hardware by replacing many multiply-accumulate op-
erations by simple accumulations, as multipliers are the most space and power-
hungry components of the digital implementation of neural networks. We in-
troduce BinaryConnect, a method which consists in training a DNN with binary
weights during the forward and backward propagations, while retaining precision
of the stored weights in which gradients are accumulated. Like other dropout
schemes, we show that BinaryConnect acts as regularizer and we obtain near
state-of-the-art results with BinaryConnect on the permutation-invariant MNIST,
CIFAR-10 and SVHN.

1 Introduction

Deep Neural Networks (DNN) have substantially pushed the state-of-the-art in a wide range of tasks,
especially in speech recognition [1, 2] and computer vision, notably object recognition from im-
ages [3, 4]. More recently, deep learning is making important strides in natural language processing,
especially statistical machine translation [5, 6, 7]. Interestingly, one of the key factors that enabled
this major progress has been the advent of Graphics Processing Units (GPUs), with speed-ups on the
order of 10 to 30-fold, starting with [8], and similar improvements with distributed training [9, 10].
Indeed, the ability to train larger models on more data has enabled the kind of breakthroughs ob-
served in the last few years. Today, researchers and developers designing new deep learning algo-
rithms and applications often find themselves limited by computational capability. This along, with
the drive to put deep learning systems on low-power devices (unlike GPUs) is greatly increasing the
interest in research and development of specialized hardware for deep networks [11, 12, 13].

Most of the computation performed during training and application of deep networks regards the
multiplication of a real-valued weight by a real-valued activation (in the recognition or forward
propagation phase of the back-propagation algorithm) or gradient (in the backward propagation
phase of the back-propagation algorithm). This paper proposes an approach called BinaryConnect
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Abstract
We introduce a method to train Binarized Neural
Networks (BNNs) - neural networks with binary
weights and activations at run-time and when
computing the parameters’ gradient at train-
time. We conduct two sets of experiments, each
based on a different framework, namely Torch7
and Theano, where we train BNNs on MNIST,
CIFAR-10 and SVHN, and achieve nearly state-
of-the-art results. During the forward pass,
BNNs drastically reduce memory size and ac-
cesses, and replace most arithmetic operations
with bit-wise operations, which might lead to a
great increase in power-efficiency. Last but not
least, we wrote a binary matrix multiplication
GPU kernel with which it is possible to run our
MNIST BNN 7 times faster than with an unopti-
mized GPU kernel, without suffering any loss in
classification accuracy. The code for training and
running our BNNs is available.

Introduction
Deep Neural Networks (DNNs) have substantially pushed
Artificial Intelligence (AI) limits in a wide range of tasks,
including but not limited to object recognition from im-
ages (Krizhevsky et al., 2012; Szegedy et al., 2014), speech
recognition (Hinton et al., 2012; Sainath et al., 2013), sta-
tistical machine translation (Devlin et al., 2014; Sutskever

et al., 2014; Bahdanau et al., 2015), Atari and Go games
(Mnih et al., 2015; Silver et al., 2016), and even abstract
art (Mordvintsev et al., 2015).

Today, DNNs are almost exclusively trained on one or
many very fast and power-hungry Graphic Processing
Units (GPUs) (Coates et al., 2013). As a result, it is often
a challenge to run DNNs on target low-power devices, and
much research work is done to speed-up DNNs at run-time
on both general-purpose (Vanhoucke et al., 2011; Gong
et al., 2014; Romero et al., 2014; Han et al., 2015) and spe-
cialized computer hardware (Farabet et al., 2011a;b; Pham
et al., 2012; Chen et al., 2014a;b; Esser et al., 2015).

We believe that the contributions of our article are the fol-
lowing:

• We introduce a method to train Binarized Neural Net-
works (BNNs), which are neural networks with binary
weights and activations at run-time and when comput-
ing the parameters’ gradient at train-time (see Section
1).

• We conduct two sets of experiments, each based on a
different framework, namely Torch7 (Collobert et al.,
2011) and Theano (Bergstra et al., 2010; Bastien et al.,
2012), which show that it is possible to train BNNs
on MNIST, CIFAR-10 and SVHN and achieve nearly
state-of-the-art results (see Section 2).

• We show that during the forward pass (both at run-
time and train-time), BNNs drastically reduce mem-
ory size and accesses, and replace most arithmetic op-
erations with bit-wise operations, which might lead to
a great increase in power-efficiency (see Section 3).
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Is RTL design 
method still viable?



Motivation for High-Level Synthesis (HLS)

4

Untimed C code

An 8-bit counter

+1    0

clk

rst

c 8

1

0
q

module dut(rst, clk, q); 
input rst; 
input clk; 
output q; 
reg [7:0] c; 

always @ (posedge clk) 
begin

if (rst == 1b’1) begin
c <= 8'b00000000; 

end
else begin

c <= c + 1; 
end

assign q = c;
endmodule

RTL Verilog

vs.

HLS

uint8 dut() { 
static uint8 c; 
c+=1; 

}



HLS: From Untimed to Timed 

Control-Data Flow 
Graph

Latency Area Throughput
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▸ A GCD example with 
handshaking interface

– HLS greatly simplifies 
interface design 

6

HLS Interface Synthesis

module GcdUnitRTL
(
input  wire [   0:0] clk,
input  wire [  31:0] req_msg,
output wire [   0:0] req_rdy,
input  wire [   0:0] req_val,
input  wire [   0:0] reset,
output wire [  15:0] resp_msg,
input  wire [   0:0] resp_rdy,
output wire [   0:0] resp_val

);

always @ (*) begin
if ((curr_state__0 == STATE_IDLE))
if (req_val)
next_state__0 = STATE_CALC;

if ((curr_state__0 == STATE_CALC))
if ((!is_a_lt_b&&is_b_zero))
next_state__0 = STATE_DONE;

if ((curr_state__0 == STATE_DONE))
if ((resp_val&&resp_rdy))
next_state__0 = STATE_IDLE;

end

State transition

always @ (*) begin
if ((current_state__1 == STATE_IDLE))
req_rdy = 1;   resp_val = 0;
a_mux_sel = A_MUX_SEL_IN;   b_mux_sel = B_MUX_SEL_IN;
a_reg_en = 1; b_reg_en = 1;

if ((current_state__1 == STATE_CALC))
do_swap = is_a_lt_b;   do_sub = ~is_b_zero;
req_rdy = 0; resp_val = 0;
a_mux_sel = do_swap ? A_MUX_SEL_B : A_MUX_SEL_SUB;
a_reg_en = 1; b_reg_en = do_swap;
b_mux_sel = B_MUX_SEL_A;

else
if ((current_state__1 == STATE_DONE))
req_rdy = 0;   resp_val = 1;
a_mux_sel = A_MUX_SEL_X;   b_mux_sel = B_MUX_SEL_X;
a_reg_en = 0;   b_reg_en = 0;

end

Output logic

Manual RTL (partial)

void GCD ( msg& req, 
msg& resp ) {

short a = req.msg_a;
short b = req.msg_b;
while ( a != b ) {

if (a > b)
a = a - b;

else
b = b - a;

}
resp.msg = a;

}

C code

Declaration



▸ Typical CNN architecture: 
– Convolutional (conv) layers in the front 
– Fully connected (dense) layers in the back 
– Pooling layers reduce the size of intermediate images (feature maps) 

▸ CNNs have enormous computational and memory requirements
– VGG-19 Network (ImageNet ILSVRC2014): 140 million floating-point (FP) 

parameters and 15 billion FP operations to classify one image [1]
– 90+% of the computation is in the conv layers, 90+% of the model size is in the 

conv and dense weights (~528 MB)

7

Case Study: Convolutional Neural Networks (CNNs)

[1] K. Simonyan and A. Zisserman. Very Deep Convolutional Networks for Large-Scale Image Recognition. arXiv:1409.15568, Apr 2015.
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Binarized Neural Networks (BNNs)

Key Differences
1. Input fmaps to conv/dense 

layers are binarized (-1 or +1)
2. Conv/dense weights are 

binarized (-1 or +1)
3. Output feature maps are 

binarized (after some other 
steps)

Benefits for Hardware
▹ Binarized weights greatly 

reduce total model size 
▹ Conv/Dense FP ops replaced 

with binary logic ops
▹ Complex non-linearities (tanh, 

sigmoid) replaced with Sign 
function

Conv/Dense

Add Bias

Non-linearity

Pool

M real 
fmaps ℝℝ

ℝℝN real 
fmaps

ℝℝN real 
fmaps

Conv/Dense

Batch Norm

Binarize

M binary 
fmapsℝℤ2

ℝℤ N integer 
fmaps

N binary 
fmapsℝℤ2

Pool

CNN BNN

Add Bias

N real 
fmapsℝℝ

1.

2.

3.

[2] M. Courbariaux et al., BinaryConnect: Training Deep Neural Networks with Binary Weights During Propagations. NIPS 2015
[3] M. Courbariaux et al. Binarized Neural Networks: Training Neural Networks with Weights and Activations Constrained to +1 or −1, arXiv 2016.
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Cifar10 BNN Architecture

▸ Target dataset
– CIFAR-10: 60000 

32x32 color images 
– 10 classes consisting 

of animals and 
vehicles 

▸ Architecture 
– 6 conv, 3 dense, 3 max 

pooling layers 
– First conv layer’s input 

is floating-point image 
▸ Software model 

– Python code from [3] 
available on Github

[2] M. Courbariaux et al., BinaryConnect: Training Deep Neural Networks with Binary Weights During Propagations. NIPS 2015
[3] M. Courbariaux et al. Binarized Neural Networks: Training Neural Networks with Weights and Activations Constrained to +1 or −1, arXiv 2016.
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Hardware-Optimized BNN Model

N integer 
fmaps

N real 
fmaps

Convolution

Batch Norm

Binarize

M binary 
fmapsℝℤ2

ℝℤ

N binary 
fmapsℝℤ2

Pool

Add Bias

ℝℝ

Batch Norm

1.

2.

Convolution

Batch Norm

Binarize

M binary 
fmapsℝℤ2

ℝℤ N integer 
fmaps

N binary 
fmapsℝℤ2

Pool

Batch Norm

Changes
1. Removed biases (they had 

little effect on accuracy)
2. Simplified batch norm 

calculation
3. Quantized input image and 

batch norm parameters

Accuracy Impact
BNN Model Test Error

Claimed in paper [2] 11.40%
Python out-of-the-box [2] 11.58%
C++ optimized model 11.34%
Accelerator 11.34%

[2] M. Courbariaux et al., BinaryConnect: Training Deep Neural Networks with Binary Weights During Propagations. NIPS 2015
[3] M. Courbariaux et al. Binarized Neural Networks: Training Neural Networks with Weights and Activations Constrained to +1 or −1, arXiv 2016.
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BNN Accelerator Design

Challenges of BNN Acceleration
1. How to exploit many sources of available parallelism

(1) across input maps (2) across output maps
(3) within a map (4) within a filter

2. Resource-efficient design uses a single module for all layers, and 
must handle different-sized input feature maps 

3. Binarized data requires parallelism at the sub-word level (unique to 
BNN)

Weight 
Filters

S x S

Output Feature MapsInput Feature Maps
R x R

S x S ∗
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BNN Accelerator Architecture

BitSel

fout Conv	
Weights

fin Convolvers

Variable-width	
Line	Buffer

∗

BitSel ∗

+
Integer	
buffer

+
Pooling,	
Bnorm,	
Binarize

fout output	streams

Input	
words

Input	
words

Output	
words

Challenge Our	Solution
Many	diverse	sources of	parallelism Flexible	architecture	with parameterized	

numbers	of	input	and	output	streams	(fin,	fout)

Design	must handle	different-sized	input	maps Novel hardware	structures	Bitsel and	variable-
width	line	buffer	ensure	pipeline	is	fully	
utilized	regardless	of	input	map	width

Design	must	exploit	sub-word	level	
parallelization

Primary convolution	pipeline	processes	data	
word-by-word,	not	pixel-by-pixel
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HLS Code in C++
logic to be fixed. Note that the VWLB used in our design dif-
fers from Figure 3 in a few details. First, we have neglected
edge padding. The actual VWLB contains two additional el-
ements per bank to hold horizontal pad bits; vertical padding
is handled by inserting lines of zeros. Second, because the
pad bits are 0 rather than +1 or -1, we must make each ele-
ment in the VWLB two bits instead of one. The conv oper-
ation is performed between the 2-bit data and 1-bit weights,
and can be implemented as sign inversion and accumulate.

Bin-FC — The binary FC unit is comparatively simple.
Each cycle we read in some number of data words and an
equal number of weight words. Because there is no edge
padding in an FC layer the computations can be truly bi-
nary. We perform a dot product between the data and weight
words by applying a bitwise XOR operation and then sum-
ming of the resulting bits with a popcount. Similar to the
Bin-Conv unit, we accumulate the sum in an integer buffer
and apply binarization after all inputs have been processed.
Note that the FC layers are typically bound by memory
bandwidth of the CPU to FPGA connection, rather than the
ability of the Bin-FC unit to parallelize the computation.

Since the FC layers have many more weights than inputs
(see Table 1), we improve throughput via weight spilling —
part of the data buffer is used to hold the weights for the FC
layers. This increases the number of weights the accelerator
can hold and reduces the number of DMA transfers required.

4. HLS Accelerator Implementation
Figure 4 shows the HLS pseudocode for the front half of
the Bin-Con unit, and demonstrates a key difference between
BNN and CNN hardware design. For a CNN the code typ-
ically loops over an fmap processing one pixel at a time;
key design decisions include loop ordering and unroll fac-
tors (see [24] for a good example). In our BNN accelera-
tor, the basic atom of processing is not a pixel but a word.
The example code is designed to sustain one word per cy-
cle throughput over the entire input fmap set. Each fmap
consists of words per fmap words (this number differs be-
tween layers). As it processes the input set, the code updates
the weights on each new fmap and accumulates the conv re-
sults in outbuf. We call BitSel and conv inside the loop to
instantiate the BitSel units and conv logic as shown in Fig-
ure 2(b). To increase the number of input streams we can tile
the loop and unroll the inner loop body.

A key design decision here is the input word size, which
controls the level of parallelism across the pixels of an fmap.
To guarantee correctness, words per fmap must be an inte-
ger greater than zero; this constrains the word size to at most
the size of the smallest input fmap (8 ⇥ 8 = 64 bits in our
case). The word size restriction is not a big limiting factor in
our design, as 64 is already a very large parallelization factor
(it means we perform 64 convolutions per cycle), and there
are other sources of parallelism to exploit in the BNN.

1 VariableLineBuffer linebuf;
2 ConvWeights wts;
3 IntegerBuffer outbuf;
4
5 for (i = 0; i < n_input_words; i++) {
6 #pragma HLS pipeline
7
8 // read input word, update linebuffer
9 WordType word = input_data[i];

10 BitSel(linebuf, word, input_width);
11
12 // update the weights each time we
13 // begin to process a new fmap
14 if (i % words_per_fmap == 0)
15 wts = weights[i / words_per_fmap];
16
17 // perform conv across linebuffer
18 for (c = 0; c < LINE_BUF_COLS; c++) {
19 #pragma HLS unroll
20 outbuf[i % words_per_fmap][c] +=
21 conv(c, linebuf, wts);
22 }
23 }

Figure 4: HLS pseudocode for part of the Bin-Conv unit
— the pseudocode implements a pipeline which reads and
performs convolution on one input word each cycle. Many
details are left out; the goal is to illustrate how our design
can be expressed in high-level code.

We choose a word size of 64 bits for the data buffers,
which is the largest possible value given the condition above.
Each data buffer A and B is sized at 2048 words, which is
just enough to store the largest set of fmaps in the BNN. The
weight buffer has a word size of 9 bits so each 3⇥3 conv
filter fits in one word. The weight buffer contains 215 words,
which is the largest power of 2 we could fit onto the board.
The buffer to store batch norm constants contains just 128
64-bit words, and is sized to accommodate the maximum
number of output fmaps we can produce in one accelerator
invocation. The integer buffer (outbuf in the example) is
sized for the largest fmap (32⇥ 32), and each element has a
width of 12 determined through range analysis.

We also explored different values for f
in

and f

out

in Bin-
Conv. It was observed that both have roughly similar effects
on execution time, but increasing f

out

has a more severe
effect on total area. f

in

controls the number of BitSels and
VWLBs while f

out

controls the number of pooling/batch
norm units and integer buffers. In terms of logic a BitSel
and a pooling/batch norm unit is similar, but each VWLB
contains 32 ⇥ 3 2-bit registers while each integer buffer
contains 32 ⇥ 32 12-bit registers. Thus all else being equal
it is better to increase f

in

. This result shows the importance
of minimizing the storage of intermediate values and only
committing binarized data to memory.

▸ User writes and tests in a 
productive high-level language

– Architectural exploration through 
adding tool directives

– CPU-FPGA interface 
automatically synthesized

– Significant reduction in 
verification time

• Full BNN would take days to simulate 
at RTL level

• C++ execution finishes in seconds

▸ Design effort
– Entire software-hardware 

implementation and testing 
performed by one student in 10 
weeks

HLS pseudocode for part of Bin-
Conv unit
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FPGA Implementation Results
1. Target platforms

– CPU: Intel Xeon E5-2640 
multicore processor 

– GPU: NVIDIA Tesla K40 
GPU

– mGPU: Jetson TK1 
embedded GPU board 

– FPGA: ZedBoard with Xilinx 
Zynq-7000

2. Performance Comparison
– FPGA is 14x faster than 

embedded GPU
– ~6x higher performance/watt 

over server-class GPU
– Projected ASIC performance 

is 10x higher than FPGA

We use Xilinx SDSoc as the primary design tool for our
BNN application. SDSoc takes as input a software program
with certain functions marked as “hardware”. It invokes Vi-
vado HLS under the hood to synthesize the “hardware” por-
tion into RTL. In addition, it automatically generates the
data motion network and DMA necessary for memory trans-
fer between CPU and FPGA based the specified software-
hardware partition. We selected a DMA engine built for con-
tiguous memory since it has the highest throughput, and a
neural network’s data and weights can be laid out contigu-
ously. We used directives to ensure that data is only trans-
ferred on the first and last accelerator invocation; weights
are transferred on every invocation.

5. Experimental Results
We evaluate our design on a ZedBoard, which uses a low-
cost Xilinx Zynq-7000 SoC containing an XC7Z020 FPGA
alongside an ARM Cortex-A9 embedded processor. We
make use of Xilinx SDSoc 2016.1 as the primary design
tool, which leverages Vivado HLS and Vivado to perform
the actual HLS compilation and FPGA implementation.
We compared our design against two server-class comput-
ing platforms: an Intel Xeon E5-2640 multicore processor
(CPU) and an NVIDIA Tesla K40 GPU (GPU). We also
compared against an NVIDIA Jetson TK1 embedded GPU
board (mGPU). As BNNs are a recent development, our
baseline applications will not be as well optimized compared
to CNN baselines (where implementations can be found in
frameworks such as Caffe). The CPU and GPU baselines
are adapted from code provided in [5]. The code leverages
Theano, and calls OpenBLAS for CPU and CUDA for GPU.
However, it but does not perform bitwise optimizations since
they are not natively supported in Theano, instead it uses
floating-point values binarized to -1 and +1. For the base-
lines we used the BNN model with no biases and k and h,
and on the GPU we always used the largest batch size.

Power measurement is obtained use a power monitor. For
our implementation on the Zedboard we measured 4.5W idle
and 4.7W max power when running our BNN. This indicates
the dynamic power consumption of the FPGA is very low.

Table 3: Resource utilization on different configurations
— the bottom row shows the resources available on the
device; * indicates our chosen configuration.

f

in

LUT (%) FF (%) BRAM DSP

1 29323 (55%) 36500 (34%) 113 72
2 32740 (62%) 38054 (36%) 120 73
4* 38749 (73%) 42760 (40%) 121 75

Dev. 53200 106400 140 220

Table 3 shows the resource utilization of our accelera-
tor using different values of f

in

for the Bin-Conv unit. All
numbers are post place and route. In our experiments f

out

is

set to 1 for reasons outlined in Section 4. The f

in

= 4 de-
sign nearly maxes out on the number of BRAMs and LUTs
available, and we use this design for comparison against the
baselines and existing work.

We compare the performance of our accelerator to the
various baselines in Table 4. As raw throughput depends
heavily on device size, we also show the power consump-
tion and the throughput per Watt. The FPGA design obtains a
2.3x speedup and 47x improvement in energy efficiency over
the x86 processor. While the conv layers became faster, the
FC layers became slower. This is unsurprising as the FC lay-
ers are bound by external memory bandwidth. Versus GPU,
the FPGA is 9x worse in performance. However, it has much
lower power consumption and better throughput per Watt.
Against mGPU, the FPGA solution achieves 14.2x perfor-
mance improvement and 11x more throughput per Watt with
a similar power envelope.

The FC layers take up a comparatively large portion
of our accelerator’s runtime. To show that they are indeed
memory bandwidth limited, we created a design where the
FC computations are removed but the memory transfers are
kept. The execution time of the FC layers on this design is
within 5% that of the original, thus showing that there is not
much to gain by further parallelizing the compute.

Table 4: Performance comparison — time is in millisec-
onds (ms). Conv1 is the first FP conv layer, Conv2-5 are the
binary conv layers, FC1-3 are the FC layers. A – indicates a
value we could not measure. Numbers with * are sourced
from datasheets. The last row shows power efficiency in
throughput per Watt.

Execution time per image (ms)
CPU GPU mGPU FPGA

Conv1 0.68 0.01 – 0.11
Conv2-5 13.2 0.68 – 4.22
FC1-3 0.92 0.04 – 2.03
Total 14.8 0.73 90 6.36
Speedup 2.3x 0.11x 14.2x 1x

Power (Watt) 95* 235* 3.6 4.7

imgs/sec/Watt 0.71 5.83 3.09 33.5

Table 5 compares our implementation against state-of-
the-art FPGA accelerators found in literature — all numbers
are retrieved from the respective papers. Note that in com-
parison, we target a much smaller and low power device.
Correspondingly, our BNN accelerator is also more resource
and power efficient. BNNs save on DSP especially, since it
requires multiplication/division only for batch norm and not
for the compute-intensive conv or FC calculations. Through-
put is shown in giga-operations-per-second (GOPS), and
we count adds and multiplies following [24]: each binary
xor, negation, or addition counts as one operation. Our de-

A value we could not measure is indicated with –
Numbers with * are sourced from datasheets

B
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ASIC Implementation with SystemC

SystemC
Design	Wrapper

SystemC
Test

Memory
Core	

Algorithm	
in	C++

C++	Test	Bench

SystemC TB	Wrapper

C++	Test	Bench

Core	
Algorithm	
in	C++

C++	
Test	

Memory

C++	Design SystemC Design

Frequency	=	1GHzFrequency	=	141MHz

Vivado
HLS	

Directives Stratus	
Directives

Supported by DARPA award HR0011-16-C-0037 under the CRAFT program



▸ Cornell ECE 5775: High-level digital 
design automation  

– 30-40 graduate and senior students 
– Finished multiple HLS assignments
– Implemented a digit recognition 

accelerator on FPGAs

16

Teaching HLS for FPGAs
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Case Study: Digit Recognition

MNIST dataset: http://yann.lecun.com/exdb/mnist/

▸ Use a simple machine learning algorithm to recognize 
handwritten digits

– 2000 training instances per digit 
– Each training/test instance is a 7x7 bitmap after downsampling
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K-Nearest-Neighbor (KNN) Implementation

Main compute loop 
(10 cycles per innermost loop)

~200K cycles by default without optimizations 



▸ Students are expected to insert pragmas or modify 
source code to achieve a 100x speedup over 
unoptimized baseline

19

Assignment: 100x Speedup!

Nearest Neighbor

Te
st-
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sta
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e

Te
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In
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e

Digit 0

find_min_difference()

Partitioned Training 
Set – Digit 0

Nearest

Digit 9

find_min_difference()

...
Partitioned Training 

Set – Digit 9

Nearest

... Nearest

Digit 1Digit 2Digit 3Digit 4Digit 5Digit 6Digit 7

...

Digit 8

M
in

_D
ist

an
ce

M
in

_D
ist
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ce

...

Min. 
Distance 

for Digit 0

Min. 
Distance 

for Digit 5

Min. 
Distance 

for Digit 9... ...



▸ To achieve a 100x speedup over unoptimized baseline
– Two pragmas would suffice: pipelining + array partitioning

• Pipelining outer loop entails unrolling of the inner loop

▸ Only a small subset of students used the minimum set of 
pragmas

– Many achieved the target speedup with pragma overuse and 
unnecessary code changes  

– “Wrong” combinations of pragmas led to counter-intuitive 
performance-area trade-offs

• Completely partition the array hurts the performance

20

Optimization through Pragmas
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So Have We Solved HLS?

▸ Existing HLS methodologies are still not intuitive enough 
for non-expert users 

– Low guarantee on out-of-the-box quality of results (QoR) 
– Leaky abstraction of user directives

Hardware 
Design 
Skills

Compiler 
Optimization

Knowledge

HLS Expert Users Who can figure out what annotations to 
provide to get the desired hardware

List of tunable options of a commercial HLS tool:
inline_calls [ -all ] [ object_id ]
pipeline_function [ -latency {min [max]} ] [ -extra_timing_effort ]
convert_to_lookup
unroll_loop [ -num_pre_body integer ] [ -num_in_body integer ] [ -
num_tries integer ] 
pipeline_loop [ -init_interval num_states ] [ -extra_timing_effort ] [ -
min_lat_interval num_states ] [ -max_lat_interval num_states ] [ -
allow_io_reordering]
flatten_array
merge_arrays [ -data |  -addr ] [ -min_write_width integer ] [ -name 
new_array_name ]
split_array -addr/data bit_index
restructure_array addr_width_delta
…



▸ Co-design of programming language, compiler, and architecture
– Domain-specific specifications
– Cross-layer synthesis + parallel autotuning
– Fine-grained, medium-grained, and coarse-grained co-processor 

architectures 
22

Our Ongoing Effort

High-Level Design 
& Automation

Domain-specific 
Specification

Hardware
ArchitectureCross-Layer Synthesis

Parsing

Lowering

Parallel 
Autotuning

Mapping PAR

HLS

// algorithm

padded(x, y, j, i) = select(x > =0 && 

x < S && y >= 0 && y < S, 

converted(x, y, j, i), 0);

RDom r (0, K, 0, K, 0, M);

res(x, y, j, i) += kernel(r.x, r.y, r.z, j) * 

padded(x+1-r.x, y+1-r.y, r.z, i);

// schedule

padded.compute_root();

res.vectorize(x).parallel()

BitSel

fout Conv 
Weights

fin Convolvers

Variable-width 
Line Buffer

�

BitSel �

+

Integer 
buffer

+
Pooling, 
Bnorm, 
Binarize

fout output streams



Concluding Remarks

▸ HLS is here to stay as a key enabler for rapid hardware 
specialization

– More turns per day than RTL-based flow

▸ Challenges remain to widespread use of HLS
– Substantial room for improvement in out-of-the-box QoR and 

programming abstractions 
– Research opportunities abound for both architecture and DA 

communities!
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