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Abstract

We propose an unsupervised method for learning multi-diggarchies of sparse
convolutional features. While sparse coding has becomecaaadsingly popular
method for learning visual features, it is most often trdia the patch level.
Applying the resulting filters convolutionally results imghly redundant codes
because overlapping patches are encoded in isolationaByrtg convolutionally
over large image windows, our method reduces the redudagivyeln feature
vectors at neighboring locations and improves the effigieiche overall repre-
sentation. In addition to a linear decoder that reconsrtie image from sparse
features, our method trains an efficient feed-forward eactithat predicts quasi-
sparse features from the input. While patch-based trairang/yr produces any-
thing but oriented edge detectors, we show that convolatitraining produces
highly diverse filters, including center-surround filtezerner detectors, cross de-
tectors, and oriented grating detectors. We show that ubiegg filters in multi-
stage convolutional network architecture improves pentorce on a number of
visual recognition and detection tasks.

1 Introduction

Over the last few years, a growing amount of research on Misaagnition has focused on learning
low-level and mid-level features using unsupervised liegrrsupervised learning, or a combination
of the two. The ability to learn multiple levels of good feauepresentations in a hierarchical
structure would enable the automatic construction of stjaaited recognition systems operating,
not just on natural images, but on a wide variety of modalitiehis would be particularly useful for
sensor modalities where our lack of intuition makes it diffi¢o engineer good feature extractors.

The present paper introduces a new class of techniquesdiming features extracted thougbn-
volutional filter banks The techniques are applicable to Convolutional Networlksbtaeir variants,
which use multiple stages of trainable convolutional filianks, interspersed with non-linear oper-
ations, and spatial feature pooling operations [1, 2]. W@id@vNets have traditionally been trained
in supervised mode, a number of recent systems have profmsed unsupervised learning to pre-
train the filters, followed by supervised fine-tuning. Somathars have used convolutional forms of
Restricted Boltzmann Machines (RBM) trained with conikestlivergence [3], but many of them
have relied on sparse coding and sparse modeling [4, 5, 6pdrse coding, a sparse feature vegtor
is computed so as to best reconstruct the inpirough a linear operation withlearned dictionary
matrix D. The inference procedure produces a cetiby minimizing an energy function:

1
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Figure 1: Left: A dictionary with 128 elements, learned with patch basedsgpaoding model.
Right: A dictionary with 128 elements, learned with convolutiosphrse coding model. The dic-
tionary learned with the convolutional model spans theraton space much more uniformly. In
addition it can be seen that the diversity of filters obtaibgaonvolutional sparse model is much
richer compared to patch based one.

The dictionary is obtained by minimizing the energy 1 ®t min, p £(x, z, D) averaged over a
training set of input samples. There are two problems wighttaditional sparse modeling method
when training convolutional filter banks: 1: the represtotes of whole images are highly redun-
dant because the training and the inference are performtbe giatch level; 2: the inference for a
whole image is computationally expensive.

First problem. In most applications of sparse coding to image analysis][th8 system is trained
on single image patchewhose dimensions match those of the filters. After trainjpgtches in
the image are processed separately. This procedure catyplgores the fact that the filters are
eventually going to be used in a convolutional fashion. hawy will produce a dictionary of filters
that are essentially shifted versions of each other ovep#ieh, so as to reconstruct each patch
in isolation. Inference is performed on all (overlappingtghes independently, which produces a
very highly redundant representation for the whole imageaddress this problem, we apply sparse
coding to the entire image at once, and we view the dictionarg convolutional filter bank:

K
1
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whereDy, is ans x s 2D filter kernel,z is aw x h image (instead of am x s patch),z; is a 2D
feature map of dimensiofw + s — 1) x (h + s — 1), and %" denotes the discrete convolution
operator. Convolutional Sparse Coding has been used byasewghors, notably [6].

To address theecond problem we follow the idea of [4, 5], and use a trainable, feed-fadyaon-
linearencodemodule to produce a fast approximation of the sparse coden&W energy function
includes a code prediction error term:

K K
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wherez* = arg min, £(z, z, D, W) andW* is an encoding convolution kernel of sizex s, and f
is a point-wise non-linear function. Two crucially impantajuestions are the form of the non-linear
function f, and the optimization method to find. Both questions will be discussed at length below.

The contribution of this paper is to address both issueslamepusly, thus allowing convolutional
approaches to sparse coding to scale up, and opening théoroeal-time applications.

2 Algorithms and Method

In this section, we analyze the benefits of convolutionatspeoding for object recognition systems,
and propose convolutional extensions to the coordinateetiésparse coding (CoD) [9] algorithm
and the dictionary learning procedure.

2.1 Learning Convolutional Dictionaries

The key observation for modeling convolutional filter bairgkthat the convolution of a signal with
a given kernel can be represented as a matrix-vector prdmucbnstructing a special Toeplitz-
structured matrix for each dictionary element and con@dbeg all such matrices to form a new



dictionary. Any existing sparse coding algorithm can thenused. Unfortunately, this method
incurs a cost, since the size of the dictionary then dependseosize of the input signal. Therefore,
it is advantageous to use a formulation based on convokitetther than following the naive method
outlined above. In this work, we use the coordinate desqents coding algorithm [9] as a starting
point and generalize it using convolution operations. Twpartant issues arise when learning
convolutional dictionaries: 1. The boundary effects duetiavolutions need to be properly handled.
2. The derivative of equation 2 should be computed efficjei8Ince the loss is not jointly convex
in D andz, but is convex in each variable when the other one is kept figedrse dictionaries are
usually learned by an approach similar to block coordinatdnt, which alternatively minimizes
overz andD (e.g., see [10, 8, 4]). One can use either batch [7] (by actating derivatives over
many samples) or online updates [8, 6, 5] (updating thedtietiy after each sample). In this work,
we use a stochastic online procedure for updating the diatioelements.

The updates to the dictionary elements, calculated fronatému 2, are sensitive to the boundary
effects introduced by the convolution operator. The codtsuhat are at the boundary might grow
much larger compared to the middle elements, since theroogtiboundaries of the reconstruction
take contributions from only a single code unit, comparetié¢omiddle ones that combine s units.
Therefore the reconstruction error, and correspondirftdyderivatives, grow proportionally larger.
One way to properly handle this situation is to apply a mastherderivatives of the reconstruction
error wrtz: DT x (x —Dxz2) is replaced byD” x (mask(x) — D z), wheremask is a term-by-term
multiplier that either puts zeros or gradually scales ddwentioundaries.

Algorithm 1 Convolutional extension to coordinate descent sparseng{®#]i A subscript index
(set) of a matrix represent a particular element. For siitire4 D tensorS we adopt the MATLAB
notation for simplicity of notation.

function ConvCoD(z, D, )
Set: S =DT xD
Initialize: 2 = 0; 8 = DT x mask(x)
Require: h,, : smooth thresholding function.
repeat
z = ha(B)
(k,p,q) = argmax; m n |2imn — Zimn| (k : dictionary indexp.q) : location index)
bi = PBrpq
6 = 6 + (kaq - Ekpq) X align(S(:, k,:, :>7 (p7 Q>)
Zkpg = Zkpqs Brpg = b
until change irz is below a threshold
end function

The second important point in training convolutional diotries is the computation of the =
DT x D operator. For most algorithms like coordinate descentf8,TA [11] and matching pur-
suit [12], it is advantageous to store the similarity mafi$) explicitly and use a single column at
a time for updating the corresponding component of cadeor convolutional modeling, the same
approach can be followed with some additional care. In phtded sparse coding, each element
(i,4) of S equals the dot product of dictionary elemehtnd;. Since the similarity of a pair of
dictionary elements has to be also considered in spatiamiions, each term is expandedfad”
convolution of two dictionary elements, j), producing2s — 1 x 2s— 1 matrix. Itis more convenient
to think about the resulting matrix asid tensor of sizek’ x K x 2s — 1 x 2s — 1. One should
note that, depending on the input image size, proper alighmicorresponding column of this
tensor has to be applied in thespace. One can also use the steepest descent algorithndiagfin
the solution to convolutional sparse coding given in equl, however using this method would
be orders of magnitude slower compared to specialized iligus like CoD [9] and the solution
would never contain exact zeros. In algorithm 1 we explagnekitension of the coordinate descent
algorithm [9] for convolutional inputs. Having formulatednvolutional sparse coding, the overall
learning procedure is simple stochastic (online) gradiestent over dictionarip:

oL(z', 2*, D)

Vo' € X training set z* = argmin £(z°,2,D), D+ D —1n 5D

(4)

The columns o are normalized after each iteration. A convolutional dictiry with 128 elements
which was trained on images from Berkeley dataset [13] isvshia figure 1.
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Figure 2:Left: Smooth shrinkage function. Parametgrandb control the smoothness and location
of the kink of the function. As3 — oo it converges more closely to soft thresholding operator.
Center: Total loss as a function of number of iterations. The verticdted line marks the iteration
number when diagonal hessian approximation was updatés clear that for both encoder func-
tions, hessian update improves the convergence signific&ight: 128 convolutional filterg11)
learned in the encoder using smooth shrinkage function. dBoeder of this system is shown in
image 1.

2.2 Learning an Efficient Encoder

In [4], [14] and [15] a feedforward regressor was trainedfémt approximate inference. In this
work, we extend their encoder module training to convohdaiodomain and also propose a new
encoder function that approximates sparse codes mordycld$e encoder used in [14] is a simple
feedforward function which can also be seen as a small cotivoll neural networkz = g~ x
tanh(z * W¥*) (k = 1..K). This function has been shown to produce good features figcbb
recognition [14], however it does not include a shrinkagerafor, thus its ability to produce sparse
representations is very limited. Therefore, we proposéerdnt encoding function with a shrinkage
operator. The standard soft thresholding operator hasitieepnoperty of producing exact zeros
around the origin, however for a very wide region, the déires are also zero. In order to be able
to train a filter bank that is applied to the input before therdétage operator, we propose to use an
encoder with a smooth shrinkage operatet shgr x ( * W*) wherek = 1..K and :

shgr i (s) = sign(s) x 1/8% log(exp(B* x b*) + exp(B" x |s|) — 1) — b* (5)

Note that eaclt* andb” is a singleton per each feature miapThe shape of the smooth shrinkage
operator is given in figure 2 for several different valueg@ndb. It can be seen that controls the
smoothness of the kink of shrinkage operator amdntrols the location of the kink. The function
is guaranteed to pass through the origin and is antisymeeéthie partial derivativeﬁc% and 35?
can be easily written and these parameters can be learmadiata.

Updating the parameters of the encoding function is peréarivy minimizing equation 3. The ad-
ditional cost term penalizes the squared distance betwpgmal codez and predictionz. In a
sense, training the encoder module is similar to trainingpavBlet. To aid faster convergence, we
use stochastic diagonal Levenberg-Marquardt method fiL6akculate a positive diagonal approx-
imation to the hessian. We update the hessian approximatiery 10000 samples and the effect
of hessian updates on the total loss is shown in figure 2. Ibeaseen that especially for thenh
encoder function, the effect of using second order infoilnadn the convergence is significant.

2.3 Patch Based vs Convolutional Sparse Modeling

Natural images, sounds, and more generally, signals teptagi translation invariance in any di-
mension, are better represented using convolutionabdiaties. The convolution operator enables
the system to model local structures that appear anywhdie isignal. For example, if x k£ image
patches are sampled from a set of natural images, an edgevainaogientation may appear at any
location, forcing local models to allocate multiple dictary elements to represent a single underly-
ing orientation. By contrast, a convolutional model onlgds to record the oriented structure once,
since dictionary elements can be used at all locations.r€igjshows atoms from patch-based and
convolutional dictionaries comprising the same number@fents. The convolutional dictionary
does not waste resources modeling similar filter structurawdtiple locations. Instead, it mod-
els more orientations, frequencies, and different strestincluding center-surround filters, double
center-surround filters, and corner structures at varioges.

In this work, we present two encoder architectures, 1. s&egescent sparse coding witinh
encoding function using* x tanh(z * W*), 2. convolutional CoD sparse coding withrink



encoding function usinghg ,(z *+ W*). The time required for training the first system is much
higher than for the second system due to steepest descese spaing. However, the performance
of the encoding functions are almost identical.

2.4 Multi-stage architecture

Our convolutional encoder can be used to replace patctdlsgegse coding modules used in multi-
stage object recognition architectures such as the on®gedgdn our previous work [14]. Building
on our previous findings, for each stage, the encoder iswelibby and absolute value rectifica-
tion, contrast normalization and average subsamplidgsolute Value Rectificationis a simple
pointwise absolute value function applied on the outputheféncoderContrast Normalization

is the same operation used for pre-processing the imagés.tyfie of operation has been shown
to reduce the dependencies between components [17, 1&]réeaaps in our case). When used in
between layers, the mean and standard deviation is caduatross all feature maps witha< 9
neighborhood in spatial dimensions. The last operatwarage poolingis simply a spatial pooling
operation that is applied on each feature map independently

One or more additional stages can be stacked on top of theofiest Each stage then takes the
output of its preceding stage as input and processes it tkangame series of operations with

different architectural parameters like size and conpasti When the input to a stage is a series of
feature maps, each output feature map is formed by the supm@dtmultiple filters.

In the next sections, we present experiments showing tliag genvolutionally trained encoders in
this architecture lead to better object recognition pentamce.

3 Experiments

We closely follow the architecture proposed in [14] for altjeecognition experiments. As stated

above, in our experiments, we use two different systeinsSteepest descent sparse coding with
tanh encoder:SD'*"". 2. Coordinate descent sparse coding wdthrink encoder:CD*"" " |n

the following, we give details of the unsupervised trainémgl supervised recognition experiments.

3.1 Object Recognition using Caltech 101 Dataset

The Caltech-101 dataset [19] contains up to 30 training eegeer class and each image contains
a single object. We process the images in the dataset asvfollb Each image is converted to
gray-scale and resized so that the largest ed@élis2. Images are contrast normalized to obtain
locally zero mean and unit standard deviation input usifg<a9 neighborhood3. The short side

of each image is zero padded 143 pixels. We report the results in Table 1 and 2. All results in
these tables are obtained using 30 training samples per ahak5 different choices of the training
set. We use the background class during training and testing

Architecture : We use the unsupervised trained encoders in a multi-stagjensyidentical to the
one proposed in [14]. At first layer 64 features are extrabtach the input image, followed by a
second layers that produces 256 features. Second layardeaire connected to fist layer features
through a sparse connection table to break the symmetryoashettease the number of parameters.

Unsupervised Training : The input to unsupervised training consists of contrastatized gray-
scale images [20] obtained from the Berkeley segmentatataset [13]. Contrast normalization
consists of processing each feature map value by removenghdan and dividing by the standard
deviation calculated arourtdx 9 region centered at that value over all feature maps.

First Layer: We have trained both systems usifdictionary elements. Each dictionary item is
a9 x 9 convolution kernel. The resulting system to be solved (&l dimes overcomplete sparse
coding problem. Both systems are trained for 10 differeatsipy values ranging betweénl and
3.0.

Second Layer: Using the64 feature maps output from the first layer encoder on Berket@ges,
we train a second layer convolutional sparse coding. At #dwesd layer, the number of feature
maps is256 and each feature map is connected Gorandomly selected input features out6af.
Thus, we aim to learn096 convolutional kernels at the second layer. To the best oknawledge,
none of the previous convolutional RBM [3] and sparse codBjgnethods have learned such a
large number of dictionary elements. Our aim is motivatedhgyfact that using such large number
of elements and using a linear classifier [14] reports reitiognresults similar to [3] and [6]. In
both of these studies a more powerful Pyramid Match KernéS\assifier [21] is used to match
the same level of performance. Figure 3 sha@&filters that connect t8 first layer features. Each
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Figure 3: Second stage filter&eft: Encoder kernels that correspond to the dictionary elements
Right: 128 dictionary elements, each row shows 16 dictionary ehlsneonnecting to a single

second layer feature map. It can be seen that each grougteximilar type of features from their
corresponding inputs.

row of filters connect a particular second layer feature nitap.seen that each row of filters extract
similar features since their output response is summedteg® form one output feature map.

\ Logistic Regression Classifier \
SDtanh CDSh’I‘Z’I’Lk PSD [14]

U 57.1+0.6% | 57.3 £0.5% 52.2%
Ut | 57.6+0.4% | 56.4 £ 0.5% 54.2%

Table 1: ComparingD'*"" encoder taCD*"""* encoder on Caltech 101 dataset using a single
stage architecture. Each system is trained using 64 camwodl filters. The recognition accuracy
results shown are very similar for both systems.

One Stage System:We train 64 convolutional unsupervised features using I&&H*"" and
CD*"""* methods. We use the encoder function obtained from thisitigifollowed by abso-
lute value rectification, contrast normalization and agerpooling. The convolutional filters used
are9 x 9. The average pooling is applied ovet@x 10 area with 5 pixel stride. The output of first
layer is then64 x 26 x 26 and fed into a logistic regression classifier and LazebrithK-SVM
classifier [21] (that is, the spatial pyramid pipeline isdjsesing our features to replace the SIFT
features).

Two Stage System\We train 4096 convolutional filters witRD""* method using 64 input feature
maps from first stage to produce 256 feature maps. The seapadfkatures are alsbx 9, pro-
ducing256 x 18 x 18 features. After applying absolute value rectification,tcast normalization
and average pooling (on@x 6 area with stridet), the output features arzh6 x 4 x 4 (4096)
dimensional. We only use multinomial logistic regressitassifier after the second layer feature
extraction stage.

We denote unsupervised trained one stage systemdiyitivo stage unsupervised trained systems
with UU and “t” represents supervised training is performed afterwarfglstands for randomly
initialized systems with no unsupervised training.

PMK-SVM [21] Classifier:
Logistic Regression Classifier Hard quantization + multiscale pooling
PSD [14](UU) 63.7 + intersection kernel SVM
PSD [14](UTU™) 65.5 SIFT [21] 64.6 +0.7%
SD"" (UU) 65.3 + 0.9% RBM [3] 66.4 +0.5%
gplant (Utut) 66.3 + 1.5% DN [6] 66.9+ 1.1%
SD" (U) 65.7 4+ 0.7%

Table 2: Recognition accuracy on Caltech 101 dataset usiagiety of different feature represen-
tations using two stage systems and two different classifier

Comparing out/ system using botBD"“""* andCD*""""* (57.1% and57.3%) with the52.2% re-
ported in [14], we see that convolutional training resuitsignificant improvement. With two layers

of purely unsupervised features{/, 65.3%), we even achieve the same performance as the patch-
based model of Jarrett et al. [14] after supervised fineai3.7%). Moreover, with additional
supervised fine-tuning{"U ") we match or perform very close t6d.3%) similar models [3, 6]
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Figure 4: Results on the INRIA dataset with per-image metraft: Comparing two best systems
with unsupervised initialization{U) vs random initialization R R). Right: Effect of bootstrapping
on final performance for unsupervised initialized system.

with two layers of convolutional feature extraction, eveaugh these models use the more complex
spatial pyramid classifier (PMK-SVM) instead of the logistegression we have used; the spatial
pyramid framework comprises a codeword extraction stepear®VM, thus effectively adding one
layer to the system. We g65.7% with a spatial pyramid on top of our single-layErsystem (with
256 codewords jointly encodiriyx 2 neighborhoods of our features by hard quantization, then ma
pooling in each cell of the pyramid, with a linear SVM, as pyeed by authors in [22]).

Our experiments have shown that sparse features achieeei@upecognition performance com-
pared to features obtained using a dictionary trained bytehgaased procedure as shown in Ta-
ble 2. Itis interesting to note that the improvement is largben using feature extractors trained
in a purely unsupervised way, than when unsupervised tguisifollowed by a supervised training
phase §7.1 to 57.6). Recalling that the supervised tuning is@nvolutionalprocedure, this last
training step might have the additional benefit of decreptiie redundancy between patch-based
dictionary elements. On the other hand, this contributimuld be minor for dictionaries which
have already been trained convolutionally in the unsuged/stage.

3.2 Pedestrian Detection

We train and evaluate our architecture on the INRIA Pedestiataset [23] which contair2ed 16
positive examples (after mirroring) and18 negative full images. For training, we also augment the
positive set with small translations and scale variatiorigarn invariance to small transformations,
yielding 11370 and 1000 positive examples for training aadiation respectively. The negative set
is obtained by sampling patches from negative full imagearatom scales and locations. Addition-
ally, we include samples from the positive set with largedt amaller scales to avoid false positives
from very different scales. With these additions, the nggatet is composed of 9001 training and
1000 validation samples.

Architecture and Training

A similar architecture as in the previous section was usetth, 32 filters, each7 x 7 for the first
layer and64 filters, also7 x 7 for the second layer. We us@dx 2 average pooling between each
layer. A fully connected linear layer with 2 output scores ffedestrian and background) was used
as the classifier. We trained this system@nx 38 inputs where pedestrians are approximately
60 pixels high. We have trained our system with and without pesused initialization, followed
by fine-tuning of the entire architecture in supervised neanfigure 5 shows comparisons of our
system with other methods as well as the effect of unsupedvistialization.

After one pass of unsupervised and/or supervised trairsienggral bootstrapping passes were per-
formed to augment the negative set with the 10 most offenstmgples on each full negative image
and the bigger/smaller scaled positives. We select the offesiding sample that has the biggest
opposite score. We limit the number of extracted false pesitto 3000 per bootstrapping pass.
As [24] showed, the number of bootstrapping passes matters than the initial training set. We
find that the best results were obtained after four passetcam in figure 5 improving fror23.6%

t0 11.5%.

Per-Image Evaluation
Performance on the INRIA set is usually reported with theyagidow methodology to avoid post-
processing biases, assuming that better per-window pesaioce yields better per-image perfor-
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Figure 5: Results on the INRIA dataset with per-image mefrfese curves are computed from the
bounding boxes and confidences made available by [25]. Cangpaur two best systems labeled
(UTU andR™ R™)with all the other methods.

mance. However [25] empirically showed that the per-windoethodology fails to predict the

performance per-image and therefore is not adequate fbapgéications. Thus, we evaluate the
per-image accuracy using the source code available froip2ich matches bounding boxes with
the50% PASCAL matching measurdr{erscction ~ () 5),

In figure 5, we compare our best results.6%) to the latest state-of-the-art resulési?%) gathered
and published on the Caltech Pedestrians websTiee results are ordered by miss rate (the lower
the better) afl false positive per image on average (1 FPPI). The valuerd?PI is meaningful for
pedestrian detection because in real world applicatidris,desirable to limit the number of false
alarms.

It can be seen from figure 4 that unsupervised initializasigmificantly improves the performance
(14.8%wvs11.5%). The number of labeled images in INRIA dataset is relagigehall, which limits
the capability of supervised learning algorithms. Howegarunsupervised method can model large
variations in pedestrian pose, scale and clutter with mattebsuccess.

Top performing methods [26], [27], [28], [24] also contaveral components that our simplis-
tic model does not contain. Probably, the most importantllasaolor information, whereas we
have trained our systems only on gray-scale images. Anatiportant aspect is training on multi-
resolution inputs [26], [27], [28]. Currently, we train osystems on fixed scale inputs with very
small variation. Additionally, we have used much lower teion images than top performing sys-
tems to train our models§ x 38 vs 128 x 64 in [24]). Finally, some models [28] use deformable
body parts models to improve their performance, whereaselyeon a much simpler pipeline of
feature extraction and linear classification.

Our aim in this work was to show that an adaptable featureaetitm system that learns its pa-
rameters from available data can perform comparably todystéms for pedestrian detection. We
believe by including color features and using multi-refioluinput our system’s performance would
increase.

4 Summary and Future Work

In this work we have presented a method for learning hiefeatfeature extractors. Two different

methods were presented for convolutional sparse codinggtshown that convolutional training of

feature extractors reduces the redundancy among filterpa@a with those obtained from patch
based models. Additionally, we have introduced two diffiér@onvolutional encoder functions for

performing efficient feature extraction which is cruciat fesing sparse coding in real world ap-
plications. We have applied the proposed sparse modelistgrsg using a successful multi-stage
architecture on object recognition and pedestrian detegioblems and performed comparably to
similar systems.

In the pedestrian detection task, we have presented thatadyesof using unsupervised learning for
feature extraction. We believe unsupervised learningfsigmtly helps to properly model extensive
variations in the dataset where a pure supervised learigogithm fails. We aim to further improve
our system by better modeling the input by including colat arulti-resolution information.

Thitp://www.vision.caltech.edu/Imag@atasets/CaltechPedestrians/files/data-INRIA
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