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Introduction Generative Experiments

® Coarse and fine resolutions of an image reveal different visual structures Toronto Face Database

® Multiresolution DBN combines a Laplacian Pyramid with deep learning H . - ! E E E m E F Learned filters at
(a b) /

® Learning features from multiple resolutions and frequencies helps generalization 2 12 flters different frequencies
® Learning coarse structure from low resolution images leads to a better generative model

Learning the noise

model is important
for better generations
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Algorithm 1 Inference and Generation for MrDBN Figure 2: Filters and residual variances of all three resolutions of MrDBN trained on faces.
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where M = My x 2K, K an integer > 2.

Low-pass filter v with a Gaussian kernel and down-
sample by a factor of 2 and 4 using bicubic interpo-

O Q ‘ lation, producing v' and v2, respectively.

Upsample v and v? by a factor of 2 using bicubic

interpolation.

O O ‘ 3: Subtract the upsampled images from the original to
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give the difference images: f” and g°.

4: As in a standard DBN, use the RBM weights to
compute approximate posterior distribution of a
higher layer given the layer below. E.g. p(f'[f) =
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- 32%32 16x16 9: Reconstruct V°:

VO = UPSAMPLE(UPSAMPLE(V?) + g°) + f°
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Discriminative Experiments . ¢
e

¢
X
L
¥

NORB Classification TIMIT Phone Recogntion

o x| | =

o e | 0F |00 | W

e[ [ E]RTATE] s |elalalaly|2ld]0
AEAE AR EAE AR R AR (R 4R Sp AR SF AR
AL EdE AR SE SN AR dESR
Deep Belief Net [4] 8.3% - f AL E g v % i1 Fli
— — = s e n i agore (AL ¥ LB i KX £ §181%
DBN (learning A) (this work) | 7.4% - T8 Ad = ‘ %
Deep Boltzmann Machine [2] | 7.2% }m E (; FE : A1t K i & = i L
MiDBN 32-16 (this work) 5.8% i ENECE R AR uE ARk a e IR IR AR AR AR AR R NR
3rd Order DBN [26] 5.2% glEl el egiaisloy] (Hialsldlelelzl-ia
Tiled Convolutional Nets [27] | 3.9% - X didiaRuRat AR INIR INAT 1N
l '] A o
— K i { || I | HANAAN AL
32x32 | 16x16 8x8 Combinec 20 J ; . P
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MiDBN [32-16] | 11.2% | 65% | NJA | 53%
DBN 32 7.4% | NJA | N/A N/A ® MrDBN reduces error by 1.5% ® Each sample generated after 1000 alternating Gibbs iterations
@ Recognition is improved by combining resolutions ® Obtaining core test error of 20.3% ® Gibbs chain for MrDBN mixes faster




