Original:

Eyes:

DBN

LRF-DBN

Mouth:
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Random:
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Figure 6: Example eyes, mouth, and random pixel completions. For each task, first rows show the input occlusion, while second
and third rows show the DBN and LRF-DBN completions, respectively. The LRF-DBN achieves superior image quality and
increased likeness to the original image.

and the 2000-1000-500 DBN on sample images of the unseen test set (shown in the top row). Results on the
left, right, top and bottom completion tasks are displayed in Fig. 5 in this order. For each task, the DBN
completions are shown first, followed by the LRF-DBN completions in the subsequent row. The number of
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Figure 7: Average squared reconstruction error per pixel on the test set is shown as a function of autoencoder fine-tuning
iterations. The code length is 500 in (a) and (c) and 100 in (b) and (d). The ‘fine-tuned RBM’ and all DNNs were previously
pre-trained with RBMs on each layer, while LRF-DNNs and the ‘fine-tuned LRF-RBM’ were pre-trained with LRF-RBMs.

up-down passes in each case was selected as described above for Table 1. We can conclude, the overall quality
of LRF-DBN completions is superior: images look smoother, more face-like and show more similarity to the
original faces. The LRF-DBN also managed to better recover small facial details, such as mouth shapes and
smiles (see, e.g., column 6 left and column 10 right completion), eye shapes, and direction of gaze (see, e.g.,
last two columns right completion). The same tendency can be observed on the eyes, mouth and random
pixels completion tasks, for which results are displayed in Fig. 6. For each task, the first row illustrates the
area of missing pixels, followed by a row of DBN and a row of LRF-DBN completions. The superior image
quality and face similarity of LRF-DBN completions is especially pronounced on the mouth completion
task, where mouth shapes, smiles, skin colors, and facial expressions are well retained by LRF-DBNs and
the completed area blends in with the surrounding pixels.
7.2. Reconstruction
For quantitative analysis, SRE scores of LRF-DNN and DNN autoencoders are compared on the test data
in Table 2 and Figs. 7 and 8(a)–(c), demonstrating the superior encoding and reconstruction capabilities of
LRF-DNNs.
Figure 7 shows autoencoder results with a code length of 500 on the left and 100 on the right. For a
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Architecture

SRE

Architecture

DNN
500
1000-500
2000-1000-500
4000-2000-1000-500

DNN
0.093
0.162
0.172
0.178

100
500-100
1000-500-100
2000-1000-500-100
4000-2000-1000-500-100

LRF-DNN
500(L)
1000(L)-500(L)
2000(L)-1000(L)-500(L)
2000(L)-1000(L)-500
4000(L)-2000(L)-1000(L)-500(L)

SRE

0.086
0.079
0.090
0.103
0.102

0.266
0.278
0.300
0.293
0.293

LRF-DNN
100(L)
500(L)-100(L)
1000(L)-500(L)-100(L)
2000(L)-1000(L)-500(L)-100(L)
2000(L)-1000(L)-500(L)-100
4000(L)-2000(L)-1000(L)-500(L)-100(L)

0.255
0.191
0.180
0.180
0.222
0.184

Table 2: Squared reconstruction error per pixel of DNN and LRF-DNN (including fine-tuned RBM and LRF-RBM) autoencoders, with code length of 500 (left) and 100 (right), measured on the test set after 200 backpropagation iterations. Results
show superior performance for LRF-DNNs.

given architecture, both the traditional and the LRF variant networks are included and SREs are shown
as a function of the number of backpropagation iterations. Fig. 7(a)–(b) displays SREs for the complete
set of LRF-DNN and DNN architectures described in Section 6.2, while Fig. 7(c)–(d) compares different
architecture choices in detail.
Autoencoders in Fig. 7(b) and (d) had a 100 node hidden layer at the top, consequently training aimed
at reducing any 3159 dimensional input image of the dataset to a compact 100 length code, from which
the image can be reconstructed. Results show all multi-layer LRF-DNN architectures compared favorably
to any one of the DNNs, and even the 1-layer (fine-tuned) LRF-RBM provided comparable reconstruction
errors to the best performing DNN. As expected, multi-layer LRF-DNNs performed better than shallow
architectures containing a single hidden layer. This is in contrast with DNNs, where most multi-layer
architectures provided worse reconstructions than a shallow network.
In Fig. 7(a) and (c), results for 500 length encodings are shown. Having a higher dimensional code layer
is known to reduce the advantage of deep autoencoders compared to shallow networks [12]. In the case of
DNN encoders the advantage of deep models completely diminished on this task as none of the multi-layer
DNNs performed better than the single layer models, the fine-tuned RBM or LRF-RBM. On the other hand,
a number of LRF-DNN models still retained superior performance compared to the shallow models. Like
in the 100 length encoding case, all multi-layer LRF-DNNs achieved better results than DNNs, and the
LRF-RBM outperformed the RBM.
To further compare the architectures shown in Fig. 7 (c)–(d), Table 2 displays SRE scores calculated at
the end of fine-tuning, after 200 iterations of backpropagation. In the case of 100 length encoding, SREs
were the lowest at 0.180 for the 3 and 4 hidden layer LRF-DNNs: 1000(L)-500(L)-100(L) and 2000(L)1000(L)-500(L)-100(L), while the 2 hidden layer 1000(L)-500(L) LRF-DNN produced the best 500 length
codes with an SRE of 0.079.
Figure 8 examines different architectural and parameter choices for LRF-DNNs. Cases where RBMs were
used for training some of the higher layers of an LRF-DNN are evaluated in Fig. 8(a). These networks provide
inferior reconstruction scores compared to an LRF-DNN pre-trained using only LRF-RBMs, however, they
still compare favorably to a DNN.
The choice of SD σ RF is evaluated in Fig. 8(b) for a 2000(L)-1000(L)-500(L)-100(L) architecture, with
filter sizes kept at k = (5, 7, 9, 11). The network with σ RF = (5, 7, 9, 11) achieved lowest SREs. For the
filter size comparison in Fig. 8(c) σ RF was fixed at (3, 5, 7, 9), and the network using k = (9, 11, 13, 15) on
consecutive layers performed best. Both experiments showed good stability in performance within a large
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Figure 8: Comparison of (a) different pre-training methods, and different parameter choices for (b) SD σ RF and (c) filter size
k. All networks had 2000, 1000, 500, and 100 nodes on consecutive hidden layers. (d) First hidden layer receptive field maps
corresponding to different k values. (e) Receptive field maps in first and center maps in second row are shown for consecutive
layers from left to right in a 2000(L)-1000(L)-500(L)-100(L) LRF-DNN.

range of parameter values. With most settings, difference in SREs was small, especially when compared to the
performance difference between LRF-DNNs and DNNs. Therefore, we conclude reconstruction performance
of LRF-DNNs is not too sensitive to the choice of σ RF and k.2
The qualitative comparison of reconstructed test images in Fig. 9 confirms the superior performance
of LRF-DNN autoencoders. Example test images are shown in the first row, while their reconstructions
obtained from 100 length codes with a DNN and an LRF-DNN of matching architectures are given in the
second and third rows respectively.3 The close similarity of original and reconstructed images indicate,
the LRF-DNN can encode and reconstruct key facial features and facial expressions of even the unseen
test images using a very limited length code. DNN reconstructions show less likeness to the original faces
and facial expressions, and characteristic details, especially around the eye, nose and mouth, are much
better retained with an LRF-DNN (see, e.g., last column). Such details can be of crucial importance for
distinguishing persons. The better image quality of LRF-DNN reconstructions is also apparent, with the
LRF-DNN providing much smoother and more natural looking images than the DNN.
2 This

trend is also confirmed for 500 length encodings as shown in Fig. S2 in S.M. [1].
examples with 500 length codes are shown in Fig. S4 in S.M. [1]

3 Reconstruction
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Original:

DNN (100):

LRF-DNN (100):

Figure 9: Example reconstructions. Test data samples are shown in the first row. Reconstructions generated by the 20001000-500-100 DNN and the 2000(L)-1000(L)-500(L)-100(L) LRF-DNN autoencoders are shown in the second and third rows
respectively. Note the superior image quality and how distinctive details, such as eye and mouth shapes (see, e.g., last column)
are better retained with an LRF-DNN due to the number of specialized eye and mouth detectors.

Our quantitative and qualitative analyses thereby confirm LRF-DNNs outperform DNNs when reconstructing previously unseen data.
7.3. Features
First layer features learned on LFW. Figure 1(c) and Fig. 10(a) columns 2–5 show local facial feature
detectors learned by LRF-RBMs, while RBM features can be seen in Fig. 10(d) first row columns 2–5. All
traditional RBMs trained have learned detectors similar in nature to the ones shown, with the majority
exhibiting global structure and focusing on the main outline of a given type of face. While there exists a
small number of detectors containing a local peak around the face contour, these are elementary in structure.
When examining different RBM or DBN architectures the lack of detectors focusing on local facial features
is apparent. It is hard to find any well-defined local detector modeling face parts or a single facial feature,
such as a dedicated eye or nose detector.
Our LRF-RBMs on the other hand have attracted feature hubs around eye and mouth regions and
by focusing on these areas have learned a number of distinctive looking eye, mouth and nose detectors.
Receptive field maps in Figs. 1(b) and 8(d) show spatial arrangement of detectors learned by LRF-RBMs
with different parameter settings. The layout of features with the emergence of feature hubs around key
areas in face images demonstrates how LRF-RBMs can identify important regions within the input data
which need a higher density of feature detectors for representing their details.
Features learned on MNIST. Our LRF-RBM learns hidden node locations in an unsupervised manner,
however, for visualization purposes on the MNIST dataset, we have the opportunity to use the available
class labels. Receptive field maps in Fig. 2 show, for each digit class, the location of those feature detectors
which are most selective for the given class. These maps give an insight into which image areas are most
important for distinguishing between different digits.
Feature hierarchy. A sample of higher layer features learned in an unsupervised manner with a 2000(L)1000(L)-500(L)-100 LRF-DBN are visualized in Fig. 10(a)–(c), showing how increasing receptive field size
between layers results in features of gradually increasing scope and complexity. The corresponding receptive
field and center maps can be seen in Fig. 8(e) columns 1–3, with feature hubs around average eye and mouth
locations, and parts of the face contour.
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Figure 10: Visualization of (a)–(c) LRF-DBN and (d) DBN features demonstrates how consecutive layers are composed using
previous layer features. The first image in each row in (a)–(d) visualizes a higher layer feature, while consecutive images in
the row illustrate those previous layer features which have the strongest connections to the given higher layer feature. The
LRF-DBN feature hierarchy in (a)–(c) demonstrates part-based compositionality.

First layer features include highly local detectors of eye, mouth and nose parts. Alongside these face
specific detectors, Gabor filters and DoG detectors were also common, especially in areas along the face
contour. In the literature, DoG filters are the most common models of retinal ganglion cells with centersurround receptive fields. While Gabor functions are well known models of V1 simple cells. Our experiments
thereby confirmed LRF-RBMs/DBNs do not only bear structural similarity to networks in the visual pathway
but have the capability of automatically learning functionality of retinal and V1 cells.
Among the second layer features are easily noticeable well-defined eye, nose and mouth detectors, while
the third layer contains detectors of varying scope including face part and larger, near global, face detectors.
Finally, Fig. 10(c) shows how the unconstrained RBM on the top layer is capable of combining different face
part detectors to create global face detectors. Consequently, we have shown from highly local features the
network is capable of building increasingly larger features and executes hierarchical part-based composition.
Features obtained with a traditional DBN of the matching (2000-1000-500-100) architecture are shown in
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Fig. 10(d).4 DBN features are mainly global even on the first layer and correspond to whole faces. Features
on higher layers respond to clusters of faces with similar appearance by utilizing the combination of lower
layer global face detectors. In contrast to our LRF-DBN feature detectors, DBN features do not show
apparent part-based compositionality.
As discussed in Sections 7.1 and 7.2, the LRF-DBN and LRF-DNN models achieved best scores on
face completion and reconstruction tasks on the unseen test set. This superior performance underlines the
importance of part-based compositionality and confirms the great generalization capability of hierarchical
models containing features of gradually increasing scale and complexity.
8. Conclusions
We proposed a modified unsupervised RBM training algorithm, the LRF-RBM, which imposes Gaussian
constraints on feature detector receptive fields, thereby limiting the spatial scope of detectors. Concurrently
with learning the appearance of features, our LRF-RBMs can also discover advantageous placement of
feature detectors automatically from data. This way, our LRF-RBM training encourages the emergence of
local feature detectors, while also improving feature detector coverage over key areas of the visual space.
We also introduced a biologically inspired deep neural network architecture, the LRF-DNN, where LRFRBMs with increasing receptive field sizes were used for pre-training consecutive layers. Subsequently, an
autoencoder network was obtained by fine-tuning the pre-trained network with backpropagation on an image
reconstruction task.
On the challenging LFW face dataset, we have shown how LRF-RBM feature detectors converge to
important areas within face images, e.g., eyes and mouth, forming feature hubs. We have demonstrated
LRF-DBN generative models, trained layer-wise with LRF-RBMs, perform face completion tasks better than
DBNs, and have shown the feature hierarchy learned by LRF-DBNs exhibit part-based compositionality.
Moreover, we have demonstrated the superiority of LRF-DNN autoencoders compared to DNNs for
reconstructing previously unseen face images with a limited number of nodes. The improvement offered
by the proposed method was quantified through the comparison of squared reconstruction error values. In
addition to obtaining lower reconstruction errors, LRF-DNNs better retained fine details of faces, such as
mouth and nose shapes, direction of gaze, and facial expressions.
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Figure S1: Average squared reconstruction error per missing pixel is shown on the left, right,
top, and bottom face completion tasks as a function of the number of up-down passes. Networks are compared after the layer-wise pre-training (without fine-tuning).
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Figure S2: Comparison of different parameter choices for SD σ RF and filter size k. The
networks compared had 3 hidden layers with 2000, 1000, and 500 nodes on consecutive layers.
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Figure S3: (a) First hidden layer receptive field and center maps in the top and bottom rows
respectively, corresponding to different k values. (b)–(d) Receptive field and center maps
in the top and bottom rows respectively are shown for consecutive layers in 4 hidden layer
networks with different parameter choices for SD σ RF and filter size k.
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Figure S4: Example reconstructions. Test data samples are shown in first row. Reconstructions generated by the 2000-1000-500 DNN and the 2000(L)-1000(L)-500(L) LRF-DNN
autoencoders are shown in the second and third rows respectively. Note how distinctive details, such as eye and mouth shapes (see, e.g., column 6) or direction of gaze (e.g., column
8) are better retained with an LRF-DNN due to the number of specialized eye and mouth
detectors. LRF-DNN reconstructions also show an overall better image quality.
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(a) Second layer LRF-DBN features composed using first layer features
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(b) Third layer LRF-DBN features composed using second layer features
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(c) Fourth layer LRF-DBN features composed using third layer features
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Figure S5: Visualization of (a)–(c) LRF-DBN and (d)–(f) DBN features demonstrates how
consecutive layers are composed using previous layer features. The first image in each row in
(a)–(f) visualizes a higher layer feature, while consecutive images in the row illustrate those
previous layer features which have the strongest connections to the given higher layer feature.
The LRF-DBN feature hierarchy in (a)–(c) demonstrates part-based compositionality.
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