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Large-Scale FPGA-Based Convolutional Networks

Micro-robots, unmanned aerial vehicles (UAVS), imaging sasor networks,
wireless phones, and other embedded vision systems all reiqgi low cost and
high-speed implementations of synthetic vision systems gable of recognizing
and categorizing objects in a scene.

Many successful object recognition systems use dense feeds extracted on
regularly-spaced patches over the input image. The majori of the feature ex-
traction systems have a common structure composed of a ltetbank (generally
based on oriented edge detectors or 2D gabor functions), a ndinear operation
(quantization, winner-take-all, sparsi cation, normali zation, and/or point-wise
saturation) and nally a pooling operation (max, average or histogramming).
For example, the scale-invariant feature transform (SIFT (Lowe, 2004)) operator
applies oriented edge lters to a small patch and determineghe dominant orien-
tation through a winner-take-all operation. Finally, the r esulting sparse vectors
are added (pooled) over a larger patch to form local orientaibn histogram.
Some recognition systems use a single stage of feature exttars (Lazebnik
et al., 2006; Dalal and Triggs, 2005; Berg et al., 2005; Pinteet al., 2008).

Other models like HMAX-type models (Serre et al., 2005; Mutt and Lowe,
2006) and convolutional networks use two more layers of suessive feature ex-
tractors. Di erent training algorithms have been used for learning the parame-
ters of convolutional networks. In LeCun et al. (1998b) and Hiang and LeCun
(2006), pure supervised learning is used to update the paraeters. However, re-
cent works have focused on training with an auxiliary task (Ahmed et al., 2008)
or using unsupervised objectives (Ranzato et al., 2007b; Kaikcuoglu et al.,
2009; Jarrett et al., 2009; Lee et al., 2009).

This chapter presents a scalable hardware architecture folarge-scale multi-
layered synthetic vision systems based on large parallel ter banks, such as con-
volutional networks. This hardware can also be used to accetate the execution
(and partial learning) of recent vision algorithms like SIFT and HMAX (Lazeb-
nik et al., 2006; Serre et al., 2005). This system is a data- w vision engine
that can perform real-time detection, recognition and locdization in mega-pixel
images processed as pipelined streams. The system was desid with the goal
of providing categorization of an arbitrary number of objeds, while consuming
very little power.

Graphics Processing Units (GPUs) are becoming a common alteative to
custom hardware in vision applications, as demonstrated if{Coates et al., 2009).
Their advantage over custom hardware are numerous: they arénexpensive,
available in most recent computers, and easily programmalg with standard
development kits, such as nVidia CUDA SDK. The main reasonsdr continuing
developing custom hardware are twofold: performance and peer consumption.
By developing a custom architecture that is fully adapted to a certain range
of tasks (as is shown in this chapter), the product of power cosumption by
performance can be improved by a factor of 100.

1 Learning Internal Representations

One of the key questions of Vision Science (natural and articial) is how to
produce good internal representations of the visual world.What sort of internal



representation would allow an arti cial vision system to detect and classify
objects into categories, independently of pose, scale, liinination, conformation,
and clutter? More interestingly, how could an arti cial vis ion system learn
appropriate internal representations automatically, the way animals and humans
seem to learn by simply looking at the world? In the time-honaed approach to
computer vision (and to pattern recognition in general), the question is avoided:
internal representations are produced by a hand-crafted fature extractor, whose
output is fed to a trainable classi er. While the issue of leaning features has
been a topic of interest for many years, considerable progss has been achieved
in the last few years with the development of so-calleddeep learningmethods.

Good internal representations are hierarchical. In vision pixels are assem-
bled into edglets, edglets into motifs, motifs into parts, parts into objects, and
objects into scenes. This suggests that recognition archéictures for vision (and
for other modalities such as audio and natural language) shdd have multiple
trainable stages stacked on top of each other, one for eachuel in the feature
hierarchy. This raises two new questions: what to put in eaclstage? and how to
train such deep, multi-stage architecture® Convolutional Networks (ConvNets)
are an answer to the rst question. Until recently, the answer to the second
question was to use gradient-based supervised learning, buecent research in
deep learninghas produced a number of unsupervised methods which greatly
reduce the need for labeled samples.

1.1 Convolutional Networks

convolutional network!overview
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Figure 1: Architecture of a typical convolutional network f or object recognition.
This implements a convolutional feature extractor and a linear classier for
generic N-class object recognition. Once trained, the netark can be computed
on arbitrary large input images, producing a classi cation map as output.

Convolutional Networks (LeCun et al., 1990, 1998b) are tranable architec-



tures composed of multiple stages. The input and output of eeh stage are sets
of arrays calledfeature maps For example, if the input is a color image, each
feature map would be a 2D array containing a color channel oflie input image

(for an audio input each feature map would be a 1D array, and fo a video or

volumetric image, it would be a 3D array). At the output, each feature map

represents a particular feature extracted at all locationson the input. Each

stage is composed of three layers: dter bank layer, a non-linearity layer, and

a feature pooling layer A typical ConvNet is composed of one, two or three
such 3-layer stages, followed by a classi cation module.

Each layer type is now described for the case of image recogion. \We intro-
duce the following convention: banks of images will be seersahree dimensional
arrays in which the rst dimension is the number of independent maps/images,
the second is the height of the maps and the third is the width. The input bank
of a module is denotedx, the output bank y, an image in the input bank x;, a
pixel in the input bank Xij .

Filter Bank Layer -  F: the input is a 3D array with n; 2D feature maps
of sizen, n3. Each component is denotedxjx , and each feature map
is denoted x;. The output is also a 3D array, y composed ofm; feature
maps of sizem, ms. A trainable lter (kernel) k; inthe Iter bank has

sizely 1> and connects input feature mapx; to output feature map ;.

The module computes

X
yy=hb+ ki X 1)

wherel is a trainable bias parameter, and is the 2D discrete convolution
operator:

|1X2 1 |2X2 1
(ki Xi)pg = Kizm:n Xip+mg+n: (2
m= I1:2n: |2:2

Each lter detects a particular feature at every location on the input.
Hence spatially translating the input of a feature detection layer will trans-
late the output but leave it otherwise unchanged.

Non-Linearity Layer - R; N : In traditional ConvNets this simply con-
sists in a pointwise tanh function applied to each site {jk ). However,
recent implementations have used more sophisticated noridearities. A
useful one for natural image recognition is the recti ed tarh: Rgps(X) =
abs(gi:tanh (x)) where g; is a trainable gain parameter per each input fea-
ture map i. The recti ed tanh is sometimes followed by a subtractive ard
divisive local normalization N, which enforces local competition between
adjacent features in a feature map, and between features athe closeby
spatial locations. Local competition usually results in features that are
decorrelated, thereby maximizing their individual role. The subtractive
normalization operation for a given site X;x computes:



X
Vik = Xijk Wpq:Xij +pik+q; ®3)
ipq
wherewy is a normalized truncated Gaussian weighting window (typially
of size 9 9). The divisive normalization computes

Vijk .
max(mean( j); k)’

Yik = (4)

P
where i = (g WpaiVij 4 pk+ ) >+ The local contrast normalization
layer is inspired by visual neuroscience models (Lyu and Sioncelli, 2008;
Pinto et al., 2008).

Feature Pooling Layer -  P: This layer treats each feature map sepa-
rately. In its simplest instance, called P, it computes the average values
over a neighborhood in each feature map. The neighborhoodge stepped
by a stride larger than 1 (but smaller than or equal the pooling neigh-
borhood). This results in a reduced-resolution output featire map which
is robust to small variations in the location of features in the previous
layer. The average operation is sometimes replaced by a maxperation,
Pw . Traditional ConvNets use a pointwise tanh () after the pooling layer,
but more recent models do not. Some ConvNets dispense with thsep-
arate pooling layer entirely, but use strides larger than ore in the lIter
bank layer to reduce the resolution (LeCun et al., 1989; Simal et al.,
2003). In some recent versions of ConvNets, the pooling algmols similar
features at the same location, in addition to the same featue at nearby
locations (Kavukcuoglu et al., 2009).

Supervised training is performed using on-line stochastigradient descent to
minimize the discrepancy between the desired output and theactual output of
the network. All the coe cients in all the layers are updated simultaneously by
the learning procedure for each sample. The gradients are ogouted with the
back-propagation method. Details of the procedure are give in LeCun et al.
(1998b), and methods for e cient training are detailed in Le Cun et al. (1998a).

1.2 History and Applications

convolutional network!history

ConvNets can be seen as a representatives of a wide class ofdats that we
will call Multi-Stage Hubel-Wiesel Architectures The idea is rooted in Hubel
and Wiesel's classic 1962 work on the cat's primary visual atex. It identi ed
orientation-selective simple cellswith local receptive elds, whose role is similar
to the ConvNets Iter bank layers, and complex cells whose role is similar
to the pooling layers. The rst such model to be simulated on acomputer
was Fukushima's Neocognitron (Fukushima and Miyake, 1982)which used a
layer-wise, unsupervised competitive learning algorithmfor the Iter banks,
and a separately-trained supervised linear classi er for he output layer. The
innovation in LeCun et al. (1989, 1990) was to simplify the achitecture and to



use the back-propagation algorithm to train the entire system in a supervised
fashion.

The approach was very successful, and led to several implem@tions, rang-
ing from optical character recognition (OCR) to object detection, scene segmen-
tation, and robot navigation:

check reading (handwriting recognition) at AT&T (LeCun et a |., 1998b)
and Microsoft (Simard et al., 2003; Chellapilla et al., 2009,

detection in images, including faces with record accuracy rad real-time
performance (Vaillant et al., 1994; Garcia and Delakis, 208; Osadchy

etal., 2007; Nasse et al., 2009), license plates and faceGogle's StreetView (Frome
et al., 2009), or customers' gender and age at NEC,

more experimental detection of hands/gestures (Nowlan andPlatt, 1995),
logos and text (Delakis and Garcia, 2008),

vision-based navigation for o-road robots: in the DARPA-sponsored
LAGR program, ConvNets were used for long-range obstacle dection (Had-
sell et al., 2009). In Hadsell et al. (2009), the system is prérained o -line
using a combination of unsupervised learning (as describeith section 1.3)
and supervised learning. It is then adapted on-line, as the abot runs,
using labels provided by a short-range stereovision systertsee videos at
http://www.cs.nyu.edu/  ~yann/research/lagr ),

interesting new applications include image restoration (&in and Seung,
2008) and image segmentation, particularly for biologicalimages (Ning
et al., 2005).

Over the years, other instances of the Multi-Stage Hubel-Wesel Architec-
ture have appeared that are in the tradition of the Neocogniton: unlike su-
pervised ConvNets, they use a combination of hand-craftingand simple unsu-
pervised methods to design the Iter banks. Notable exampls include Mozer's
visual models (Mozer, 1991), and the so-called HMAX family & models from
T. Poggio's lab at MIT (Serre et al., 2005; Mutch and Lowe, 20®), which uses
hard-wired Gabor lIters in the rst stage, and a simple unsup ervised random
template selection algorithm for the second stage. All stags use point-wise
non-linearities and max pooling. From the same institute, FAnto et al. (Pinto
et al., 2008) have identi ed the most appropriate non-lineaities and normaliza-
tions by running systematic experiments with a single-sta@ architecture using
GPU-based parallel hardware.

1.3 Unsupervised Learning of ConvNets

convolutional network!unsupervised learning

Training deep, multi-stage architectures using supervisd gradient back prop-
agation requires many labeled samples. However in many prééms labeled data
is scarce whereas unlabeled data is abundant. Recent resehrin deep learn-
ing (Hinton and Salakhutdinov, 2006; Bengio et al., 2007; Razato et al., 2007a)
has shown that unsupervised learningcan be used to train each stage one af-
ter the other using only unlabeled data, reducing the requiement for labeled



samples signi cantly. In Jarrett et al. (2009), using abs ard normalization
non-linearities, unsupervised pre-training, and superved global re nement has
been shown to yield excellent performance on the Caltech-l0dataset with only
30 training samples per category (more on this below). In Leeet al. (2009),
good accuracy was obtained on the same set using a very di ené unsupervised
method based on sparse Restricted Boltzmann Machines. Senad works at NEC
have also shown that usingauxiliary tasks (Ahmed et al., 2008; Weston et al.,
2008) helps regularizing the system and produces excellepterformance.

1.3.1 Unsupervised Training with Predictive Sparse Decomp osition

The unsupervised method we propose, to learn the Iter coe cients in the Iter

bank layers, is called Predictive Sparse Decomposition (P3) (Kavukcuoglu
et al., 2008). Similar to the well-known sparse coding algathms (Olshausen
and Field, 1997), inputs are approximated as a sparse lineacombination of
dictionary elements.

Z =min kX WZK:+ jZj, (5)

In conventional sparse coding ( 5), for any given inputX, an expensive op-
timization algorithm is run to nd the optimal sparse repres entation Z (the
\basis pursuit" problem). PSD trains a non-linear feed-forward regressor (or
encode) C(X;K )= g:(tanh(X k+ b)) to approximate the sparse solutionZ .
During training, the feature vector Z is obtained by minimizing the following
compound energy:

E(Z;W;K)= kX WZK2+ kZky+kZ C(X;K)K2 (6)

where W is the matrix whose columns are the dictionary elements andK =
k;g;bare the encoder lter, bias and gain parameters. For each trining sample
X,one rst nds Z that minimizes E, then W and K are adjusted by one step
of stochastic gradient descent to lowetE. Once training is complete, the feature
vector for a given input is simply approximated with Z = C(X;K ), hence the
process is extremely fast (feed-forward).

1.3.2 Results on Object Recognition

convolutional network!object recognition

In this section, various architectures and training procedires are compared
to determine which non-linearities are preferable, and whih training protocol
makes a di erence.

Generic Object Recognition using Caltech 101 Dataset. Caltech 101
is a standard dataset of labeled images, containing 101 cageries of objects in
the wild.

We use a two-stage system where, the rst stage is composed ah F layer
with 64 lters of size 9 9, followed by di erent combinations of non-linearities
and pooling. The second-stage feature extractor is fed witithe output of the
rst stage and extracts 256 output features maps, each of whih combines a



Table 1: Average recognition rates on Caltech-101 with 30 taining samples
per class. Each row contains results for one of the training mtocols (U =
unsupervised, X = random, + = supervised ne-tuning), and each column for
one type of architecture (F = Iter bank, P, = average pooling, Py = max
pooling, R = recti cation, N = normalization).

Single Stage [64:F° ° R=N=P®> > logreg]
F Ras N Pa |F Ras Pa|F N Py |F Pa

u* 54.2% 50.0% 44.3% 14.5%
X* 54.8% 47.0% 38.0% 14.3%
U 52.2% 43.3% 44.0% 13.4%
X 53.3% 31.7% 32.1% 12.1%

Two Stages [256:F° ® R=N=P% * logreg ]
F Raas N Pa |F Ras Pa|F N Py |F Pa

Ut 65.5% 60.5% 61.0% 32.0%
X* 64.7% 59.5% 60.0% 29.7%
U 63.7% 46.7% 56.0% 9.1%
X 62.9% 33.7% 37.6% 8.8%

random subset of 16 feature maps from the previous stage ugim 9 kernels.
Hence the total number of convolution kernels is 256 16 = 4096.

Table 1 summarizes the results for the experiments, wher&) and X denotes
unsupervised pre-training and random initialization respectively, and * denotes
supervised ne-tuning of the whole system.

1. Excellent accuracy of 65.5% is obtained using unsupervisegre-training and
supervised re nement with abs and normalization non-lineaities. The result
is on par with the popular model based on SIFT and pyramid matd kernel
SVM (Lazebnik et al., 2006). It is clear that abs and normalization are crucial
for achieving good performance. This is an extremely impownt fact for users
of convolutional networks, which traditionally only use tanh().

2. Astonishingly, random lIters without any lter learning whatsoever achieve
decent performance(62:9% for X ), as long as abs and normalization are present
(Rabs N  Pa). A more detailed study on this particular case can be found
in Jarrett et al. (2009).

3. Comparing experiments from rowsX vs X*, U vs U*, we see that super-
vised ne tuning consistently improves the performance, paticularly with weak
non-linearities.

4. It seems that unsupervised pre-training U, U*) is crucial when newly pro-
posed non-linearities are not in place.

Handwritten Digit Classi cation using MNIST Dataset. MNIST is a
dataset of handwritten digits (LeCun and Cortes, 1998): it contains 60, 000 28
28 image patches of digits on uniform backgrounds, and a statard testing set of
10; 000 di erent samples, widely used by the vision community asa benchmark
for algorithms. Each patch is labeled with a number ranging fom 0 to 9.
Using the evidence gathered in previous experiments, we udea two-stage
system with a two-layer fully-connected classi er to learn the mapping between



the samples' pixels and the labels. The two convolutional siges were pre-
trained unsupervised (without the labels), and re ned supevised (with the la-
bels). An error rate of 0:53% was achieved on the test set. To our knowledge,
this is the lowest error rate ever reported on the original MNST dataset, with-
out distortions or preprocessing The best previously reported error rate was
0.60% (Ranzato et al., 2007a).

1.3.3 Connection with Other Approaches in Object Recognitio n

Many recent successful object recognition systems can aldoe seen as single
or multi-layer feature extraction systems followed by a clasi er. Most common
feature extraction systems like SIFT (Lowe, 2004), HoG (Daél and Triggs, 2005)
are composed of lter banks (oriented edge detectors at mulple scales) followed
by non-linearities (winner take all) and pooling (histogramming). A Pyramid
Match Kernel (PMK) SVM (Lazebnik et al., 2006) classi er can also be seen as
another layer of feature extraction since it performs a K-mans based feature
extraction followed by local histogramming.

2 A Dedicated Digital Hardware Architecture

convolutional network!hardware architecture FPGA ASIC

Biologically inspired vision models, and more generally image processing al-
gorithms are usually expressed as sequences of operationstmnsformations.
They can be well described by a modular approach, in which edcmodule pro-
cesses an input image bank and produces a new bank. Figure lasgraphical
illustration of this approach. Each module requires the previous bank to be fully
(or at least partially) available before computing its output. This causality pre-
vents simple parallelism to be implemented across moduleddowever parallelism
can easily be introduced within a module, and at several levs, depending on
the kind of underlying operations.

In the following discussion, banks of images will be seen abitee dimensional
arrays in which the rst dimension is the number of independent maps/images,
the second is the height of the maps and the third is the width. As in section 1.1,
the input bank of a module is denotedx, the output bank y, an image in the
input bank x;, a pixel in the input bank X . Input banks' dimensions will be
notedn; ny ng,outputbanks m; my, m3. Each module implements a type
of operation that requires K operations per input pixel X . The starting point
of the discussion is a general purpose processor compose@ofarithmetic unit, a
fast internal cache of sizeS|yt , and an external memory of sizeéSgxt >> S |nT -
The bandwidth between the internal logic and the external memory array will
be noted Bext .

The coarsest level of parallelism can be obtained at the imagbank level. A
module that applies a unary transformation to produce one otput image for
each input image (; = m;) can be broken up inn; independent threads. This
is the most basic form of parallelism, and it nds its limits whenn, n3z becomes
larger than a threshold, closely related toSiyt . In fact, past a certain size, the
number of pixels that can be processed in a given time equaBext =2 K)



(bandwidth is shared between writes and reads). In other tems, the amount of
parallelism that can be introduced at this level is limited by Bext =K.

A ner level of parallelism can be introduced at the operation level. The cost
of fetching pixels from the external memory being very high,the most e cient
form of parallelism can occur when pixels are reused in mulgle operations
(K > 1). It can be shown that optimal performances are reached iK operations
can be produced in parallel in the arithmetic unit. In other t erms, the amount
of parallelism that can be introduced at this level is limited by Bext .

If the internal cache sizeS,yt is large enough to hold all the images of the
entire set of modules to compute, then the overall performane of the system if
de ned by BNt , the bandwidth between the arithmetic unit and the internal
cache. The size of internal memory caches growing accordirtg Moore's Law,
more data can tinternally, which naturally pulls performa nces of computations
from K Bext to K BinT -

For a given technology though, Syt has an upper bound, and the only
part of the system we can act upon is the internal architectue. Based on
these observations, our approach is to tackle the problem oproducing the K
parallel operations by rethinking the architecture of the arithmetic units, while
conserving the traditional external memory storage. Our pioblem can be stated
simply:

Problem 1. K being the number of operations performed per input pixel;
Bext being the bandwidth available between the arithmetic units and the
external memory array; we want to establish an architecturethat produces K

operations in parallel, so that Bext is fully utilized.

2.1 A Data-Flow Approach

data- ow computing

The data- ow hardware architecture was initiated by Adams (1969), and
quickly became an active eld of research (Dennis and Misung, 1974; Hicks
et al., 1993; |. Gaudiot et al., 1994). Cho et al. (2008) presas one of the latest
data- ow architectures that has several similarities to the approach presented
here.

Figure 2 shows a data- ow architecture whose goal is to procgs homogeneous
streams of data in parallel (Farabet et al., 2010). It is de ned around several
key ideas:

a 2D grid of Npt Processing Tiles (PTs) that contain:

{ a bank of processing operators. An operator can be anythingdm a
FIFO to an arithmetic operator, or even a combination of arithmetic
operators. The operators are connected to local data lines,

{ arouting multiplexer (MUX). The MUX connects the local data lines
to global data lines or to neighboring tiles.

a Smart Direct Memory Access module (Smart DMA), that interf aces
o -chip memory and provides asynchronous data transfers, \ith priority
management,

10
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A Runtime Reconfigurable Dataflow Architecture
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Figure 2: A data- ow computer. A set of runtime con gurable p rocessing tiles
are connected on a 2D grid. They can exchange data with their éeighbors and
with an o -chip memory via global lines.



a set of Ngiopar global data lines used to connect PTs to the Smart DMA,
Nglobal <<N pr7,

a set of local data lines used to connect PTs with their 4 neighors,

a Runtime Con guration Bus, used to recon gure many aspects of the
grid at runtime|connections, operators, Smart DMA modes... (the con-
gurable elements are depicted as squares on Fig.2),

a controller that can recon gure most of the computing grid and the Smart
DMA at runtime.

2.1.1 On Runtime Recon guration

recon gurable hardware

One of the most interesting aspects of this grid is its con guation capabil-
ities. Many systems have been proposed which are based on tvdimensional
arrays of processing elements interconnected by a routingabric that is recon g-
urable. Field Programmable Gate Arrays (FPGAS) for instance, o er one of the
most versatile grid of processing elements. Each of these @pressing elements|
usually a simple look-up table|can be connected to any of the other elements
of the grid, which provides with the most generic routing fakric one can think
of. Thanks to the simplicity of the processing elements, thenumber that can
be packed in a single package is in the order of $#Go 10°. The drawback is the
recon guration time, which takes in the order of milliseconds, and the synthesis
time, which takes in the order of minutes to hours depending a the complexity
of the circuit.

At the other end of the spectrum, recent multicore processcs implement
only a few powerful processing elements (in the order of 10©t100s). For these
architectures, no synthesis is involved, instead, extensins to existing program-
ming languages are used to explicitly describe parallelism The advantage of
these architectures is the relative simplicity of use: the inplementation of an
algorithm rarely takes more than a few days, whereas monthsra required for
a typical circuit synthesis for FPGAs.

The architecture presented here is at the middle of this specum. Building
a fully generic data- ow computer is a tedious task. Reducirg the spectrum of
applications to the image processing problem|as stated in Problem 1|allows
us to de ne the following constraints:

high throughput is a top priority, low latency is not. Indeed, most of
the operations performed on images are replicated over botdimensions
of these images, usually bringing the amount of similar comptations to
a number that is much larger than the typical latencies of a ppelined
processing unit,

therefore each operator has to provide with a maximum throudpput (e.g.
one operation per clock cycle) to the detriment of any initid latency, and
has to be stallable (e.g. must handle discontinuities in da& streams).

con guration time has to be low, or more precisely in the orde of the
system's latency. This constraint simply states that the system should be

12



able to recon gure itself between two kinds of operations ina time that
is negligible compared to the image sizes. That is a crucial gint to allow
runtime recon guration,

the processing elements in the grid should be as coarse graih as per-
mitted, to maximize the ratio between computing logic and routing logic.
Creating a grid for a particular application (e.g. ConvNets) allows the use
of very coarse operators. On the other hand, a general purpesgrid has
to cover the space of standard numeric operators,

the processing elements, although they might be complex, stuld not have
any internal state, but should just passively process any icoming data.
The task of sequencing operations is done by a global contrainit that
simply con gures the entire grid for a given operation, letsthe data ow
in, and prepares the following operation.

The rst two points of this list are crucial to create a exibl e data- ow
system. Several types of grids have been proposed in the paéDennis and
Misunas, 1974; Hicks et al., 1993; Kung, 1986), often tryingo solve the dual
latency/throughput problem, and often providing a computi ng fabric that is too
rigid.

The grid proposed here provides a exible processing frameovk, due to the
stallable nature of the operators. Indeed, any paths can bean gured on the
grid, even paths that require more bandwidth that is actually feasible. Instead
of breaking, each operator will stall its pipeline when requred. This is achieved
by the use of FIFOs at the input and output of each operators, that compensate
for bubbles in the data streams, and force the operators to stll when they are
full. Any sequence of operators can then be easily created,itliout concern for
bandwidth issues.

The third point is achieved by the use of a runtime con guration bus, com-
mon to all units. Each module in the design has a set of con guable parameters,
routes or settings (depicted as squares on Figure 2), and psssses a unique ad-
dress on the network. Groups of similar modules also share adadcast address,
which dramatically speeds up recon guration of elements ttat need to perform
similar tasks.

The last point depicts the data- ow idea of having (at least t heoretically)
no state, or instruction pointer. In the case of the system pesented here, the
grid has no state, but a state does exit in a centralized contol unit. For each
con guration of the grid, no state is used, and the presence fodata drives
the computations. Although this leads to an optimal throughput, the system
presented here strives to be as general as possible, and hayithe possibility of
con guring the grid quickly to perform a new type of operation is crucial to run
algorithms that require di erent types of computations.

A typical execution of an operation on this system is the folbwing: (1)
the control unit con gures each tile to be used for the computtion and each
connection between the tiles and their neighbors and/or theglobal lines, by
sending a con guration command to each of them, (2) it con gures the Smart
DMA to prefetch the data to be processed, and to be ready to wte results
back to o -chip memory, (3) when the DMA is ready, it triggers the streaming
out, (4) each tile processes its respective incoming streaimg data, and passes
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the results to another tile, or back to the Smart DMA, (5) the control unit is
noti ed of the end of operations when the Smart DMA has compldaed.

Off-chip
Memory
PT ¢

_PT o m

®‘<.D—@)j| - ®'@j| ®I®_@)j Smart DMA.
®O® HO® @O

PT

MUX. _<_ﬂ_ _<_FI_ MUX
ROQE] ¥ PR -
s JCIGE ®58

PT PT : Pl ==
[ e (T R L

REOQFT RORFT ROQ
®06 e0e  ®08

Active Data Lines

7

m Configurable Route B Active Route

Figure 3: The grid is con gured for a complex computation that involves several
tiles: the 3 top tiles perform a 3 3 convolution, the 3 intermediate tiles another
3 3 convolution, the bottom left tile sums these two convolutions, and the
bottom centre tile applies a function to the result.

Example 2. Such a grid can be used to perform arbitrary computations on
streams of data, from plain unary operations to complex nestd operations.
As stated above, operators can be easily cascaded and contett across tiles,
independently managing their ow by the use of input/output FIFOs.

Figure 3 shows an example of con guration, where the grid is on gured to
compute a sum of two convolutions followed by a non-linear ativation function

K 1K 1 KK 1k 1
Yiij = Tanh( Xti+mj +nWimn + X2;i+mj + nW2;min ) ()
m=0 n=0 m=0 n=0

The operator PQ performs a sum of products, or a dot-product between
an incoming stream and a local set of weights (preloaded as arsam too).
Therefore each tile performs a 1D convolution, and 3 tiles a used to compute
a 2D convolution with a 3 3 kernel. All the paths are simpli ed of course, and
in some cases one line represents multiple parallel streams
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It can be noted that this last example provides a nice solutim to Problem 1.
Indeed, the input data being 2 imagesx; and x,, and the output data one
image y;, the K operations are performed in parallel, and the entire operabn
is achieved at a bandwidth of Bext =3.

2.2 An FPGA-Based ConvNet Processor

convolutional network!hardware implementation

Recent DSP-oriented FPGASs include a large number of hard-wed MAC
units and several thousands of programmable cells (lookupatbles), which allows
fast prototyping and real-time simulation of circuits, but also actual implemen-
tations to be used in nal products.

In this section we present a concrete implementation of thedeas presented in
section 2.1, specially tailored for ConvNets. We will referto this implementation
as the Convnet Processor The architecture presented here has been fully coded
in hardware description languages (HDL) that target both ASIC synthesis and
programmable hardware like FPGAs.

A schematic summary of theConvNet Processorsystem is presented in Fig-
ure 4. The main components of our system are: (1) &ontrol Unit (implemented
on a general purpose CPU), (2) a grid oProcessing Tiles (PTs), and (3) a Smart

DMA interfacing external memory via a standard controller.
Off-chip
Memory

DDR2/3 Ctrl

!“l | Smart DMA

Control Unit
(32bit CPU
+ SRAM )

ConvNet Processor

® Configurable Route ~#“ Global Data Lines —“— Runtime Config Bus
Figure 4: Overview of the ConvNet Processor system. A grid omultiple full-

custom Processing Tiles tailored to ConvNet operations, ad a fast streaming
memory interface (Smart DMA).
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In this implementation, the Control Unit is implemented by a general purpose
CPU. This is more convenient than a custom state machine as it atiws the use
of standard C compilers. Moreover, the CPU has full access tdhe external
memory (via global data lines), and it can use this large stoage to store its
program instructions.

2.2.1 Specialized Processing Tiles

The PTs are independent processing tiles laid out on a two-dimensiwal grid.
As presented in section 2.1, they contain a routing multiplecer (MUX) and
local operators. Compared to the general purpose architedre proposed above,
this implementation is specialized for ConvNets and other @plications that rely
heavily on two-dimensional convolutions (from 80% to 90% ottomputations for
ConvNets).

Figure 4 shows this specialization:

tfﬁﬁdop row PTs only implement Multiply and Accumulate (MAC) arrays

operators), which can be used as 2D convolvers (implementeth
the FPGA by dedicated hardwired MACs). It can also perform on-the-
y subsampling (spatial pooling), and simple dot-products (linear classi-
ers) (Farabet et al., 2009),

the middle row PTs contain general purpose operators (squang and di-
viding are necessary for divisive normalization),

the bottom row PTs implement non-linear mapping engines, ued to com-
pute all sorts of functions from Tanh() to Sqrt() or Abs(). Those can
be used at all stages of the ConvNets, from normalization to an-linear
activation units.

The operators in the PTs are fully pipelined to produce one rsult per clock
cycle. Image pixels are stored in o -chip memory as Q8.8 (16l xed-point),
transported on global lines as Q8.8 but scaled to 32bit integrs within operators,
to keep full precision between successive operations. Theimeric precision, and
hence the size of a pixel, will be notedPys .

The 2D convolver can be viewed as a data- ow grid itself, with the only
di erence that the connections between the operators (the MACs) are xed.
The reason for having a full-blown 2D convolver within a tile (instead of a 1D
convolver per tile, or even simply one MAC per tile) is that it maximizes the
ratio between actual computing logic and routing logic, as tated previously.
Of course it is not as exible, and the choice of the array sizeis a hardwired
parameter, but it is a reasonable choice for an FPGA implemetation, and for
image processing in general. For an ASIC implementation, hang a 1D dot-
product operator per tile is probably the best compromise.

The pipelined implementation of this 2D convolver (as descibed in Farabet
et al. (2009)), computes Equation 8 at every clock cycle.

1K L

Yiij = Xz * XLi+mj + nW1imin (8)
m=0 n=0
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In equation 8 x1;; is a value in the input plane, wi;m:n is a value in ak K
convolution kernel, x,;;; is a value in a plane to be combined with the result,
and y; is the output plane.

Both the kernel and the image are streams loaded from the menrg, and the
Iter kernels can be pre-loaded in local caches concurrenylto another operation:
each new pixel thus triggersKk K parallel operations.

All the non-linearities in neural networks can be computed wth the use of
look-up tables or piece-wise linear decompositions.

A loop-up table associates one output value for each input Viae, and there-
fore requires as much memory as the range of possible inputdt is the fastest
method to compute a non-linear mapping, but the time required to reload a
new table is prohibitive if di erent mappings are to be computed with the same
hardware.

A piece-wise linear decomposition is not as accuratef (is approximated
by g, as in Eq. 9), but only requires a couple of coe cients a; to represent
a simple mapping such as a hyperbolic tangent, or a square ro.o It can be
reprogrammed very quickly at runtime, allowing multiple mappings to reuse
the same hardware. Moreover, if the coe cients a; follow the constraint given
by Eq. 10, the hardware can be reduced to shifters and addersndy.

gx)=ax+h for x 2[li;l+] 9)
a = 2im+ 2i“ m;n 2 [0; 5] (10)

2.2.2 Smart DMA Implementation

A critical part of this architecture is the Direct Memory Acc ess (DMA) module.
Our Smart DMA module is a full custom engine that has been designed to allow
Npwma ports to access the external memory totally asynchronously

A dedicated arbiter is used as hardwareMemory Interface to multiplex and
demultiplex access to the external memory with high bandwidh. Subsequent
bu ers on each port insure continuity of service on a port while the others are
utilized.

The DMA is smart, because it complements the Control Unit. Each port of
the DMA can be con gured to read or write a particular chunk of data, with
an optional stride (for 2D streams), and communicate its stdus to the Control
Unit. Although this might seem trivial, it respects of one th e foundations of
data- ow computing: while the Control Unit con gures the gr id and the DMA
ports for each operation, an operation is driven exclusivel by the data, from
its fetching, to its writing back to o -chip memory.

If the PTs are synchronous to the memory bus clock, the followng relation-
ship can be established between the memory bandwidtiBext , the number of
possible parallel data transfersMAX (Npma ) and the bits per pixel Pyis :

BexT .
Phits

For example Pyits = 16 and Bext = 128bit=cyc allows MAX (Npwya ) =7
simultaneous transfers.

MAX (Npwma ) = 11)
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2.3 Compiling ConvNets for the ConvNet Processor

Prior to being run on the ConvNet Processor, a ConvNet has to le trained
o ine, on a regular computer, and then converted to a compact representation
that can be interpreted by the Control Unit to generate controls/con gurations
for the system.

O ine, the training is performed with existing software suc h as Lush (LeCun
and Bottou, 2002) or Torch-5 (Collobert, 2008). Both libraries use the modular
approach described in the introduction of section 2.

On board, the Control Unit of the ConvNet Processor decodes tie repre-
sentation, which results in several grid recon gurations, interspersed with data
streams. This representation will be denoted adytecodefrom now on. Com-
piling a ConvNet for the ConvNet Processor can be summarizeds the task of
mapping the o ine training results to this bytecode.

Extensive research has been done on the question of how to sdule data-
ow computations (Lee and David, 1987), and how to representstreams and
computations on streams (I. Gaudiot et al., 1994). In this setion, we only care
about how to schedule computations for a ConvNet (and simila architectures)
on our ConvNet Processor engine.

It is a more restricted problem, and can be stated simply:

Problem 3. Given a particular ConvNet architecture, and trained parameters,

and given a particular implementation of the data- ow grid, what is the sequence
of grid con gurations that yield the shortest computation t ime? Or in other

terms, for a given ConvNet architecture, and a given data- ow architecture,

how to produce the bytecode that yields the shortest computing time?

As described in the introduction of section 2, there are thre levels at which
computations can be parallelized:

across modules: operators can be cascaded, and multiple madds can be
computed on the y (average speedup),

across images, within a module: can be done if multiple instaces of the
required operator exist (poor speedup, as each independepiperation re-
quires its own input/output streams, which are limited by Bgxt ),

within an image: some operators naturally implement that (the 2D con-
volver, which performs all the MACs in parallel), in some cags, multiple
tiles can be used to parallelize computations.

Parallelizing computations across modules can be done in spial cases. Ex-
ample 2 illustrates this case: two operators (each belongmto a separate mod-
ule) are cascaded, which speeds up this computation by a faot of 2.

Parallelizing computations across images is straightfonard but very limited.
Here is an example that illustrates that point:

Example 4. The data- ow system built has 3 PTs with 2D convolvers, 3 PTs
with standard operators, and 2 PTs with non-linear mappers @s depicted in
Figure 4, and the exercise is to map a fully-connected lterbank with 3 inputs
and 8 outputs, e.g. a ler bank where each of the 8 outputs is asm of 3 inputs
convolved with a di erent kernel:
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X2
Yi = kij xij for j 2[0;7] (12)

i=0
For the given hardware, the optimal mapping is: each of the three 2D con-
volvers is con gured to convolve one of the three inputsx; with a kernel k;; , and
a standard PT is con gured to accumulate those 3 streams in oe and produce

J' .
Although optimal (3 images are processed in parallel), 4 simltaneous streams
are created at the Smart DMA level, which imposes a maximum badwidth of
Bext =4 per stream.

Parallelizing computations within images is what this grid is best at. Ex-
ample 2 is a perfect example of how an operation (in that case aequence of
operations) can be done in a single pass on the grid.

2.4 Performance

Figure 5 reports a performance comparison for the computatin of a typical
ConvNet on multiple platforms:

the CPU data was measured from compiled C code (GNU C compileand
Blas libraries) on a Core 2 Duo 2.66GHz Apple Macbook PRO lapbp
operating at 90W (30 to 40W for the CPU);

the FPGA data was measured on both a Xilinx Virtex-4 SX35 opeating
at 200MHz and 7W and a Xilinx Virtex-6 VLX240T operating at 20 OMHz
and 10W;

the GPU data was obtained from a CUDA-based implementation unning
on a laptop-range nVidia GT335m operating at 1GHz and 40W;

the ASIC data is simulation data gathered from an IBM 65nm CMOS
process.For an ASIC-based design with a speed of 400MHz (sgus of up
to > 1 GHz are possible), the projected power consumption is sintated
at 3W.

The test ConvNet is composed of a non-linear normalization dyer, 3 con-
volutional layers, 2 pooling layers, and a linear classier The convolutional
layers and pooling layers are followed by non-linear activiion units (hyperbolic
tangent). Overall, it possessedNker K K learned kernels,Npoo. P P
learned pooling kernels, andN 200 dimension classi cation vectors.

Figure 5 was produced by increasing the parameterblxegr , NpooL , K and
P simultaneously, and estimating the time to compute the ConWet for each
set of parameters. The x-axis reports the overall number ofihear connections
in the ConvNet (e.g. the number of multiply and accumulate operations to
perform).

Note: on the spectrum of parallel computers described in Sé¢ion 2.1.1,
GPUs belong to the small grids (100s of elements) of large andomplex pro-
cessing units (full-blown streaming processors). Althouf they o er one of the
most interesting ratio of computing power over price, their drawback is their
high power consumption (from 40W to 200W per unit).
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Figure 5: Compute time for a typical ConvNet (as seen in Figue 1).

2.4.1 Precision

Recognition rates for standard datasets were obtained to bechmark the preci-

sion loss induced by the xed-point coding. Using oating-point representation

for training and testing, the following results were obtained: for NORB, 85%

recognition rate was achieved on the test dataset, folMNIST, 95% and for
UMASS (faces dataset), 98%. The same tests were conducted on the @d\et

Processor with xed-point representation (Q8.8), and the results were, respec-
tively: 85%, 95% and 98%, which con rms the assumptions made priori on

the in uence of quantization noise.

To provide more insight into the xed-point conversion, the number of
weights being zeroed with quantization was measured, in thease of the NORB
object detector. Figure 6 shows the results: at 8bits, the gantization impact
is already signi cant (10% of weights become useless), althugh it has no e ect
on the detection accuracy.

3 Summary

The convolutional network architecture is a remarkably versatile, yet concep-
tually simple paradigm that can be applied to a wide spectrumof perceptual
tasks. While traditional ConvNets trained with supervised learning are very
e ective, training them requires a large number of labeled taining samples.
We have shown that using simple architectural tricks such asrecti cation and
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Figure 6: Quantization e ect on trained networks: the x axis shows the xed
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zation.



contrast normalization, and using unsupervised pre-trairing of each Iter bank,
the need for labeled samples is considerably reduced.

We presented a data- ow computer that can be optimized to conpute con-
volutional networks. Dierent use cases were studied, and ti was seen that
mapping/unrolling a convolutional network was straight-f orward on such an
architecture, thanks to their relatively uniform design.

Because of their applicability to a wide range of tasks, ConiXets are per-
fect candidates for hardware implementations, and embeddk applications, as
demonstrated by the increasing amount of work in this area. V& expect to see
many new embedded vision systems based on ConvNets in the riefew years.

Future work on our data- ow architecture will aim at making i t more gen-
eral, to open the doors to more complex and generic recognén tasks. Multiple
object detection (LeCun et al., 2004) or online learning foradaptive robot guid-
ance (Hadsell et al., 2009) are tasks that will be largely impoved by this system.
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