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Abstract

Convolutional neural networks (CNNs) have been successfully applied to many
tasks such as digit and object recognition. Using convolutional (tied) weights
signi�cantly reduces the number of parameters that have to be learned, and also
allows translational invariance to be hard-coded into the architecture. In this pa-
per, we consider the problem of learning invariances, rather than relying on hard-
coding. We proposetiled convolution neural networks (Tiled CNNs), which use
a regular “tiled” pattern of tied weights that does not require that adjacent hidden
units share identical weights, but instead requires only that hidden unitsk steps
away from each other to have tied weights. By pooling over neighboring units,
this architecture is able to learn complex invariances (such as scale and rotational
invariance) beyond translational invariance. Further, italso enjoys much of CNNs'
advantage of having a relatively small number of learned parameters (such as ease
of learning and greater scalability). We provide an ef�cient learning algorithm for
Tiled CNNs based on Topographic ICA, and show that learning complex invariant
features allows us to achieve highly competitive results for both the NORB and
CIFAR-10 datasets.

1 Introduction

Convolutional neural networks (CNNs) [1] have been successfully applied to many recognition
tasks. These tasks include digit recognition (MNIST dataset [2]), object recognition (NORB
dataset [3]), and natural language processing [4]. CNNs take translated versions of the same ba-
sis function, and “pool” over them to build translational invariant features. By sharing the same
basis function across different image locations (weight-tying), CNNs have signi�cantly fewer learn-
able parameters which makes it possible to train them with fewer examples than if entirely different
basis functions were learned at different locations (untied weights). Furthermore, CNNs naturally
enjoy translational invariance, since this is hard-coded into the network architecture. However, one
disadvantage of this hard-coding approach is that the pooling architecture capturesonlytranslational
invariance; the network does not, for example, pool across units that are rotations of each other or
capture more complex invariances, such as out-of-plane rotations.

Is it better to hard-code translational invariance – since this is a useful form of prior knowledge –
or let the network learn its own invariances from unlabeled data? In this paper, we show that the
latter is superior and describe an algorithm that can do so, outperforming convolutional methods. In
particular, we presenttiled convolutional networks (Tiled CNNs), which use a novel weight-tying
scheme (“tiling”) that simultaneously enjoys the bene�t ofsigni�cantly reducing the number of
learnable parameters while giving the algorithm �exibility to learn other invariances. Our method is
based on only constraining weights/basis functionsk steps away from each other to be equal (with
the special case ofk = 1 corresponding to convolutional networks).

In order to learn these invariances from unlabeled data, we employ unsupervised pretraining, which
has been shown to help performance [5, 6, 7]. In particular, we use a modi�cation of Topographic
ICA (TICA) [8], which learns to organize features in a topographical map by pooling together groups
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Figure 1: Left: Convolutional Neural Networks with local receptive �elds and tied weights. Right:
Partially untied local receptive �eld networks – Tiled CNNs. Units with the same color belong to the
same map; within each map, units with the same �ll texture have tied weights. (Network diagrams
in the paper are shown in 1D for clarity.)

of related features. By pooling together local groups of features, it produces representations that are
robust to local transformations [9]. We show in this paper how TICA can be ef�ciently used to
pretrain Tiled CNNs through the use of local orthogonality.

The resulting Tiled CNNs pretrained with TICA are indeed able to learn invariant representations,
with pooling units that are robust to both scaling and rotation. We �nd that this improves classi�ca-
tion performance, enabling Tiled CNNs to be competitive with previously published results on the
NORB [3] and CIFAR-10 [10] datasets.

2 Tiled CNNs

CNNs [1, 11] are based on two key concepts: local receptive �elds, and weight-tying. Using local
receptive �elds means that each unit in the network only “looks” at a small, localized region of the
input image. This is more computationally ef�cient than having full receptive �elds, and allows
CNNs to scale up well. Weight-tying additionally enforces that each �rst-layer (simple) unit shares
the same weights (see Figure 1-Left). This reduces the number of learnable parameters, and (by
pooling over neighboring units) further hard-codes translational invariance into the model.

Even though weight-tying allows one to hard-code translational invariance, it also prevents the pool-
ing units from capturing more complex invariances, such as scale and rotation invariance. This is
because the second layer units are constrained to pool over translations of identical bases. In this
paper, rather than tyingall of the weights in the network together, we instead develop a method that
leaves nearby bases untied, but far-apart bases tied. This lets second-layer units pool over simple
units that have different basis functions, and hence learn amore complex range of invariances.

We call this local untying of weights “tiling.” Tiled CNNs are parametrized by a tile sizek: we
constrain only units that arek steps away from each other to be tied. By varyingk, we obtain a
spectrum of models which trade off between being able to learn complex invariances, and having
few learnable parameters. At one end of the spectrum we have traditional CNNs (k = 1 ), and at the
other, we have fully untied simple units.

Next, we will allow our model to use multiple “maps,” so as to learn highly overcomplete repre-
sentations. A map is a set of pooling units and simple units that collectively cover the entire image
(see Figure 1-Right). When varying the tiling size, we changethe degree of weight tying within
each map; for example, ifk = 1 , the simple units within each map will have the same weights.In
our model, simple units in different maps are never tied. By having units in different maps learn
different features, our model can learn a rich and diverse set of features. Tiled CNNs with multiple
maps enjoy the twin bene�ts of (i) being able to represent complex invariances, by pooling over
(partially) untied weights, and (ii) having a relatively small number of learnable parameters.
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Figure 2: Left: TICA network architecture. Right: TICA �rstlayer �lters (2D topography, 25 rows
of W ).

Unfortunately, existing methods for pretraining CNNs [11,12] are not suitable for untied weights;
for example, the CDBN algorithm [11] breaks down without theweight-tying constraints. In the
following sections, we discuss a pretraining method for Tiled CNNs based on the TICA algorithm.

3 Unsupervised feature learning via TICA

TICA is an unsupervised learning algorithm that learns features from unlabeled image patches.
A TICA network [9] can be described as a two-layered network (Figure 2-Left), with square and
square-root nonlinearities in the �rst and second layers respectively. The weightsW in the �rst
layer are learned, while the weightsV in the second layer are �xed and hard-coded to represent
the neighborhood/topographical structure of the neurons in the �rst layer. Speci�cally, each second
layer hidden unitpi pools over a small neighborhood of adjacent �rst layer unitshi . We call thehi
andpi simple and pooling units, respectively.

More precisely, given an input patternx ( t ) , the activation of each second layer unit is

pi (x ( t ) ; W; V ) =
q P m

k=1 Vik (
P n

j =1 Wkj x ( t )
j )2. TICA learns the parametersW through �nding

sparse feature representations in the second layer, by solving:

minimize
W

P T
t =1

P m
i =1 pi (x ( t ) ; W; V ); subject to WW T = I (1)

where the input patternsf x ( t ) gT
t =1 are whitened.1 Here,W 2 Rm � n andV 2 Rm � m , wheren

is the size of the input andm is the number of hidden units in a layer.V is a �xed matrix (Vij =
1 or 0) that encodes the 2D topography of the hidden unitshi . Speci�cally, thehi units lie on a
2D grid, with eachpi connected to a contiguous 3x3 (or other size) block ofhi units.2 The case of
eachpi being connected to exactly onehi corresponds to standard ICA. The orthogonality constraint
WW T = I provides competitiveness and ensures that the learned features are diverse.

One important property of TICA is that it can learn invariances even when trained only on unlabeled
data, as demonstrated in [8, 9]. This is due both to the pooling architecture, which gives rise to pool-
ing units that are robust to local transformations of their inputs, and the learning algorithm, which
promotes selectivity by optimizing for sparsity. This combination of robustness and selectivity is
central to feature invariance, which is in turn essential for recognition tasks [13].

If we choose square and square-root activations for the simple and pooling units in the Tiled CNN,
we can view the Tiled CNN as a special case of a TICA network, with the topography of the pooling
units specifying the matrixV .3 Crucially, Tiled CNNs incorporate local receptive �elds, which play
an important role in speeding up TICA. We discuss this next.

1Whitening means that they have been linearly transformed to have zero mean and identity covariance.
2For illustration, however, the �gures in this paper depictx i , hi andpi in 1D and show a 1D topography.
3The locality constraint, in addition to being biologically motivated by the receptive �eld organization

patterns in V1, is also a natural approximation to the original TICA algorithm as the original learned receptive
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4 Local receptive �elds in TICA

Tiled CNNs typically perform much better at object recognition when the learned representation
consists of multiple feature maps (Figure 1-Right). This corresponds to training TICA with anover-
completerepresentation (m > n ). When learning overcomplete representations [14], the orthogo-
nality constraint cannot be satis�ed exactly, and we instead try to satisfy an approximate orthogonal-
ity constraint [15]. Unfortunately, these approximate orthogonality constraints are computationally
expensive and have hyperparameters which need to be extensively tuned. Much of this tuning can be
avoided by using score matching [16], but this is computationally even more expensive, and while
orthogonalization can be avoided altogether with topographic sparse coding, those models are also
expensive as they require further work either for inferenceat prediction time [9, 14] or for learning
a decoder unit at training time [17].

We can avoid approximate orthogonalization by using local receptive �elds, which are inherently
built into Tiled CNNs. With these, the weight matrixW for each simple unit is constrained to be
0 outside a small local region. This locality constraint automatically ensures that the weights of
any two simple units with non-overlapping receptive �elds are orthogonal, without the need for an
explicit orthogonality constraint. Empirically, we �nd that orthogonalizing partially overlapping
receptive �elds is not necessary for learning distinct, informative features either.

However, orthogonalization is still needed to decorrelateunits that occupy the same position in their
respective maps, for they look at the same region on the image. Fortunately, thislocal orthogonal-
ization is cheap: for example, if there arel maps and if each receptive �eld is restricted to look at an
input patch that containss pixels, we would only need to orthogonalize the rows of al-by-s matrix
to ensure that thel features over theses pixels are orthogonal. Speci�cally, so long asl � s, we can
demand that thesel units that share an input patch be orthogonal. Using this method, we can learn
networks that are overcomplete by a factor of abouts (i.e., by learningl = s maps), while having to
orthogonalize only matrices that arel-by-s. This is signi�cantly lower in cost than standard TICA.
For l maps, our computational cost isO(ls2n), compared to standard TICA'sO(l2n3).

In general, we will havel � k � s learnable parameters for an input of sizen. We note that setting
k to its maximum value ofn � s + 1 gives exactly the untied local TICA model outlined in the
previous section.4

5 Pretraining Tiled CNNs with local TICA

Algorithm 1 Unsupervised pretraining of Tiled CNNs with TICA (line search)

Input: f x ( t ) gT
t =1 ; W; V; k; s // k is the tile size,s is the receptive �eld size

Output: W
repeat

f old  
P T

t =1

P m
i =1

q P m
k =1 Vik

� P n
j =1 Wkj x ( t )

j

� 2 ; g  
@
� P T

t =1
P m

i =1

r
P m

k =1 V ik

� P n
j =1 W kj x ( t )

j

� 2 �

@W

f new  + 1 ; �  1
while f new � f old do

W new  W � �g
W new  localize(W new ; s)
W new  tie weights(W new ; k)
W new  orthogonalize local RF (W new )

f new  
P T

t =1

P m
i =1

q P m
k =1 Vik

� P n
j =1 W new

kj x ( t )
j

� 2

�  0:5�
end while
W  W new

until convergence

Our pretraining algorithm, which is based on gradient descent on the TICA objective function (1), is
shown in Algorithm 1. The innermost loop is a simple implementation of backtracking linesearch.

�elds tend to be very localized, even without any explicit locality constraint. For example, when trained on
natural images, TICA's �rst layer weights usually resemble localized Gabor �lters (Figure 2-Right).

4For a 2D input image of sizenxn and local RF of sizesxs, the maximum value ofk is (n � s + 1) 2 .
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In orthogonalize local RF (W new ), we only orthogonalize the weights that have completely over-
lapping receptive �elds. Intie weights, we enforce weight-tying by averaging each set of tied
weights.

The algorithm is trained by batch projected gradient descent and usually requires little tuning of
optimization parameters. This is because TICA's tractableobjective function allows us to monitor
convergence easily. In contrast, other unsupervised feature learning algorithms such as RBMs [6]
and autoencoders [18] require much more parameter tuning, especially during optimization.

6 Experiments

6.1 Speed-up

Figure 3: Speed-up of Tiled CNNs compared to
standard TICA.

We �rst establish that the local receptive �elds
intrinsic to Tiled CNNs allows us to imple-
ment TICA learning for overcomplete represen-
tations in a much more ef�cient manner.

Figure 3 shows the relative speed-up of pre-
training Tiled CNNs over standard TICA us-
ing approximate �xed-point orthogonalization
(W = 3

2 W � 1
2 WW T W )[15]. These experi-

ments were run on 10000 images of size 32x32
or 50x50, withs = 8 .

We note that the weights in this experiment
were left fully untied, i.e.,k = n� s+1 . Hence,
the speed-up observed here is not from an ef�-
cient convolutional implementation, but purely
due to the local receptive �elds. Overcoming
this computational challenge is the key that al-
lows Tiled CNNs to successfully use TICA to
learn features from unlabeled data.5

6.2 Classi�cation on NORB

Next, we show that TICA pretraining for Tiled CNNs performs well on object recognition. We start
with thenormalized-uniformset for NORB, which consists of 24300 training examples and 24300
test examples drawn from 5 categories. In our case, each example is a preprocessed pair of 32x32
images.6

In our classi�cation experiments, we �x the size of each local receptive �eld to 8x8, and setV such
that each pooling unitpi in the second layer pools over a block of 3x3 simple units in the �rst layer,
without wraparound at the borders. The number of pooling units in each map is exactly the same as
the number of simple units. We densely tile the input images with overlapping 8x8 local receptive
�elds, with a step size (or “stride”) of 1. This gives us25� 25 = 625 simple units and 625 pooling
units per map in our experiments on 32x32 images.

A summary of results is reported in Table 1.

6.2.1 Unsupervised pretraining

We �rst consider the case in which the features are learned purely from unsupervised data. In
particular, we use the NORB training set itself (without thelabels) as a source of unsupervised data

5All algorithms are implemented in MATLAB, and executed on a computer with 3.0GHz CPU, 9Gb RAM.
While orthogonalization alone is104 times faster in Tiled CNNs, other computations such as gradient calcula-
tions reduce its overall speed-up factor to 10x-250x.

6Each NORB example is a binocular pair of 96x96 images. To reduce processing time, we downsampled
each 96x96 image to 32x32 pixels. Hence, each simple unit sees 128 pixels from an 8x8 patch from each of the
two binocular images. The input was whitened using ZCA (Zero-Phase Components Analysis).
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Table 1: Test set accuracy on NORB
Algorithm Accuracy
Tiled CNNs (with �netuning) (Section 6.2.2) 96.1%
Tiled CNNs (without �netuning) (Section 6.2.1) 94.5%
Standard TICA (10x overcomplete) 89.6%
Convolutional Neural Networks [19], [12] 94.1% , 94.4%
3D Deep Belief Networks [19] 93.5%
Support Vector Machines [20] 88.4%
Deep Boltzmann Machines [21] 92.8 %

with which to learn the weightsW of the Tiled CNN. We call this initial phase the unsupervised
pretraining phase.

After learning a feature representation from the unlabeleddata, we train a linear classi�er on the
output of the Tiled CNN network (i.e., the activations of thepooling units) on the labeled training
set. During this supervised training phase, only the weights of the linear classi�er were learned,
while the lower weights of the Tiled CNN model remained �xed.

We train a range of models to investigate the role of the tile sizek and the number of mapsl.7 The test
set accuracy results of these models are shown in Figure 4-Left. Using a randomly sampled hold-out
validation set of2430examples (10%) taken from the training set, we selected a convolutional model
with 48 maps that achieved an accuracy of94:5%on the test set, indicating that Tiled CNNs learned
purely on unsupervised data compare favorably to many state-of-the-art algorithms on NORB.

6.2.2 Supervised �netuning of W

Next, we study the effects of supervised �netuning [23] on the models produced by the unsupervised
pretraining phase. Supervised �netuning takes place afterunsupervised pretraining, but before the
supervised training of the classi�er.

Using softmax regression to calculate the gradients, we backpropagated the error signal from the
output back to the learned features in order to updateW , the weights of the simple units in the Tiled
CNN model. During the �netuning step, the weightsW were adjusted without orthogonalization.

The results of supervised �netuning on our models are shown in Figure 4-Right. As above, we used a
validation set comprising10%of the training data for model selection. Models with largernumbers
of maps tended to over�t and hence performed poorly on the validation set. The best performing
�ne-tuned model on the validation set was the model with 16 maps andk = 2 , which achieved
a test-set accuracy of96:1%. This substantially outperforms standard TICA, as well as the best
published results on NORB to this date (see Table 1).

Figure 5: Test set accuracy on full and limited
training sets

6.2.3 Limited training data

To test the ability of our pretrained features
to generalize across rotations and lighting con-
ditions given only a weak supervised signal,
we limited the labeled training set to comprise
only examples with a particular set of view-
ing angles and lighting conditions. Speci�cally,
NORB contains images spanning 9 elevations,
18 azimuths and 6 lighting conditions, and we
trained our linear classi�er only on data with
elevationsf 2, 4, 6g, azimuthsf 10, 18, 24g and

7We used an SVM [22] as the linear classi�er and determinedC by cross-validation over
f 10� 4 ; 10� 3 ; : : : ; 104g. Models were trained with various untied map sizesk 2 f 1; 2; 9; 16; 25g and number
of mapsl 2 f 4; 6; 10; 16g. Whenk = 1 , we were able to use an ef�cient convolutional implementation to
scale up the number of maps in the models, allowing us to train additional models with l 2 f 22; 36; 48g.
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Figure 4: Left: NORB test set accuracy across various tile sizes and numbers of maps, without
�netuning. Right: NORB test set accuracy, with �netuning.

lighting conditionsf 1, 3, 5g. Thus, for each object instance, the linear classi�er sees only 27 training
images, making for a total of 675 out of the possible 24300 training examples.

Using the pretrained network in Section 6.2.1, we trained a linear classi�er on these 675 labeled
examples. We obtained an accuracy of 72.2% on the full test set using the model withk = 2 and
22 maps. A smaller, approximately 2.5x overcomplete model with k = 2 and 4 maps obtained an
accuracy of 64.9%. In stark contrast, raw pixel performancedropped sharply from 80.2% with a full
supervised training set, to a near-chance level of 20.8% on this limited training set (Figure 5).

These results demonstrate that Tiled CNNs perform well evenwith limited labeled data. This is most
likely because the partial weight-tying results in a relatively small number of learnable parameters,
reducing the need for large amounts of labeled data.

6.3 Classi�cation on CIFAR-10

Table 2: Test set accuracy on CIFAR-10
Algorithm Accuracy
Deep Tiled CNNs (s=4, with �netuning) (Section 6.3.2) 73.1%
Tiled CNNs (s=8, without �netuning) (Section 6.3.1) 66.1%
Standard TICA (10x, �xed-point orthogonalization) 56.1%
Raw pixels [10] 41.1%
RBM (one layer, 10000 units, �netuning) [10] 64.8%
RBM (two layers, 10000 units, �netuning both layers) [10] 60.3%
RBM (two layers, 10000 units, �netuning top layer) [10] 62.2%
mcRBM (convolutional, trained on two million tiny images) [24] 71.0%
Local Coordinate Coding (LCC) [25] 72.3%
Improved Local Coordinate Coding (Improved LCC) [25] 74.5%

The CIFAR-10 dataset contains 50000 training images and 10000 test images drawn from 10 cate-
gories.8 A summary of results for is reported in Table 2.

6.3.1 Unsupervised pretraining and supervised �netuning

As before, models were trained with tile sizek 2 f 1; 2; 25g, and number of mapsl 2
f 4; 10; 16; 22; 32g. The convolutional model (k = 1 ) was also trained withl = 48 maps. This
48-map convolutional model performed the best on our 10% hold-out validation set, and achieved a
test set accuracy of66:1%. We �nd that supervised �netuning of these models on CIFAR-10 causes
over�tting, and generally reduces test-set accuracy; the top model on the validation set, with 32
maps andk = 1 , only achieves65:1%.

8Each CIFAR-10 example is a 32x32 RGB image, also whitened using ZCA. Hence, each simple unit sees
three patches from three channels of the color image input (RGB).
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6.3.2 Deep Tiled CNNs

We additionally investigate the possibility of training a deep Tiled CNN in a greedy layer-wise
fashion, similar to models such as DBNs [6] and stacked autoencoders [26, 18]. We constructed
this network by stacking two Tiled CNNs, each with 10 maps andk = 2 . The resulting four-layer
network has the structureW1 ! V1 ! W2 ! V2, where the weightsW1 are local receptive �elds
of size 4x4, andW2 is of size 3x3, i.e., each unit in the third layer “looks” at a 3x3 window of each
of the 10 maps in the �rst layer. These parameters were chosenby an ef�cient architecture search
[27] on the hold-out validation set. The number of maps in thethird and fourth layer is also 10.

After �netuning, we found that the deep model outperformed all previous models on the validation
set, and achieved a test set accuracy of73:1%. This demonstrates the potential of deep Tiled CNNs
to learn more complex representations.

6.4 Effects of optimizing the pooling units

When the tile size is 1 (i.e., a fully tied model), a na�̈ve approach to learn the �lter weights is to
directly train the �rst layer �lters using small patches (e.g., 8x8) randomly sampled from the dataset,
with a method such as ICA. This method is computationally more attractive and probably easier to
implement. Here, we investigate if such bene�ts come at the expense of classi�cation accuracy.

We use ICA to learn the �rst layer weights on CIFAR-10 with 16 �lters. These weights are then used
in a Tiled CNN with a tile size of 1 and 16 maps. This method is compared to pretraining the model
of the same architecture with TICA. For both methods, we do not use �netuning. Interestingly, clas-
si�cation on the test set show that the na�̈ve approach results in signi�cantly reduced classi�cation
accuracy: the nä�ve approach obtains51:54%on the test set, while pretraining with TICA achieves
58:66%. These results con�rm that optimizing for sparsity of the pooling units results in better
features than just na�̈vely approximating the �rst layer weights.

7 Discussion and Conclusion

Our results show that untying weights is bene�cial for classi�cation performance. Speci�cally, we
�nd that selecting a tile size ofk = 2 achieves the best results for both the NORB and CIFAR-10
datasets, even with deep networks. More importantly, untying weights allow the networks to learn
more complex invariances from unlabeled data. By visualizing [28, 29] the range of optimal stimulus
that activate each pooling unit in a Tiled CNN, we found unitsthat were scale and rotationally
invariant.9 We note that a standard CNN is unlikely to be invariant to these transformations.

A natural choice of the tile sizek would be to set it to the size of the pooling regionp, which in this
case is 3. In this case, each pooling unit always combines simple units which are not tied. However,
increasing the tile size leads to a higher degree of freedom in the models, making them susceptible to
over�tting (learning unwanted non-stationary statisticsof the dataset). Fortunately, the Tiled CNN
only requires unlabeled data for training, which can be obtained cheaply. Our preliminary results
on networks pretrained using 250000 unlabeled images from the Tiny images dataset [30] show that
performance increases ask goes from 1 to 3, �attening out atk = 4 . This suggests that when there
is suf�cient data to avoid over�tting, settingk = p can be a very good choice.

In this paper, we introduced Tiled CNNs as an extension of CNNs that support both unsuper-
vised pretraining and weight tiling. The idea of tiling, or partial untying of �lter weights, is a
parametrization of a spectrum of models which includes bothfully-convolutional and fully-untied
weight schemes as natural special cases. Furthermore, the use of local receptive �elds enable our
models to scale up well, producing massively overcomplete representations that perform well on
classi�cation tasks. These principles allow Tiled CNNs to achieve competitive results on the NORB
and CIFAR-10 object recognition datasets. Importantly, tiling is directly applicable and can poten-
tially bene�t a wide range of other feature learning models.

Acknowledgements: We thank Adam Coates, David Kamm, Andrew Maas, Andrew Saxe, Serena
Yeung and Chenguang Zhu for insightful discussions. This work was supported by the DARPA Deep
Learning program under contract number FA8650-10-C-7020.

9These visualizations are available athttp://ai.stanford.edu/ � quocle/ .
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