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Abstract

We present a new approximate inference algo-
rithm for Deep Boltzmann Machines (DBM's),
a generative model with many layers of hid-
den variables. The algorithm learns a separate
“recognition” model that is used to quickly ini-
tialize, in a single bottom-up pass, the values of
the latent variables in all hidden layers. We show
that using such a recognition model, followed
by a combined top-down and bottom-up pass,
it is possible to efficiently learn a good genera-
tive model of high-dimensional highly-structured
sensory input. We show that the additional com-
putations required by incorporating a top-down
feedback plays a critical role in the performance
of a DBM, both as a generative and discrimina-
tive model. Moreover, inference is only at most
three times slower compared to the approximate
inference in a Deep Belief Network (DBN), mak-
ing large-scale learning of DBM’s practical. Fi-
nally, we demonstrate that the DBM’s trained
using the proposed approximate inference al-
gorithm perform well compared to DBN’s and
SVM’s on the MNIST handwritten digit, OCR
English letters, and NORB visual object recogni-
tion tasks.
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Many existing machine learning algorithms use “shallow”
architectures, including neural networks with only one hid
den layer, kernel regression, support vector machines, and
many others. Theoretical results show that the internal rep
resentations learned by such systems are incapable of ef-
ficiently extracting some types of complex structure from
rich sensory input (Bengio & LeCun, 2007). Training these
systems also requires large amounts of labeled training
data. By contrast, object recognition in the visual cortex
uses many layers of nonlinear processing and requires very
little labeled input (Lee et al., 1998). Therefore devehgpi
new and efficient learning algorithms for models with deep
architectures that can also make efficient use of a large sup-
ply of unlabeled sensory input is of crucial importance.

One approach to this problem is to learn a multilayer gener-
ative model for the input data distribution. By learningisuc

a model on the available data, which need not be labeled,
we are effectively elucidating the structure of the data and
discovering several layers of representation charaateriz
the input. However, learning deep generative models is a
hard problem, because performing inference and evaluat-
ing marginal probabilities under such models is difficult.

Fortunately, in a recent breakthrough, Hinton et al. (2006)
introduced a fast unsupervised learning algorithm for mul-
tilayer generative models called Deep Belief Networks
(DBN's). A key feature of this algorithm is its greedy layer-

by-layer training procedure which sequentially and effi-
ciently trains the hidden layers of a deep, hierarchicabpro

abilistic model. The new learning algorithm has been suc-
cessfully used in many application domains (Hinton et al.,

h- 2006; Ranzato et al., 2007; Torralba et al., 2008; Lee et al.,

009; Nair & Hinton, 2010) primarily because of the fol-
owing three key characteristics. First, the greedy ldyer-

perception and language understanding. Theoretical arlg@Ye" !€arning algorithm can find a good set of model pa-
biological arguments strongly suggest that building sucHameters fairly quickly, even for models that contain many

systems requires deep architectures that involve man

layers of nonlinear processing (Bengio, 2009).

?yers of nonlinearities and millions of parameters. Se¢on
he learning algorithm can make efficient use of very large
sets of unlabeled data, and so the model can be pretrained

Appearing in Proceedings of this" International Conference N f’i_completely unsupe_rvised fashion. I_:inally, there is an
on Artificial Intelligence and Statistics (AISTATS) 2010hia La-  efficient way of performing approximate inference to com-

guna Resort, Sardinia, Italy. Volume 9 of IMLR: W&CP 9. Copy- pute the values of the latent variables in the deepest layer,
rlght 2010 by the authors. given some input_
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Deep Belief Network Deep Boltzmann Machine

times) slower compared to a single bottom-up pass as in
Deep Belief Networks. This makes the joint optimization
of DBM parameters impractical for large datasets. It also
reduces the appeal of using DBM’s for extracting useful
feature representations, since the expensive mean-field in
ference must be performed for every new test input.

In this paper, we introduce a new approximate inference
algorithm that effectively “learns to do inference”. The al
gorithm uses a separate “recognition” model to initialize
the values of the latent variables in all layers using a sing|
bottom-up pass. Using this recognition model, followed

Figure 1:Left: Deep Belief Network: the top two layers form by a single top-down plus bottom-up pass, allows us to

an undirected bipartite graph called a Restricted Boltzmda-  l€arn gOOd.(Elene"a'[ina models. Compf'alred to Deep Be.Iief
chine, and the remaining layers form a sigmoid belief nehwit Networks, inference is at most three times slower, which

directed, top-down connectionRight: Deep Boltzmann Ma- makes large-scale learning of Deep Boltzmann Machines
chine: All connections between layers are undirected btht mo practical. More importantly, we show that incorporating a
within-layer connections. top-down pass allows us to learn considerably better gener-
ative and discriminative models.

A critical disadvantage of this greedy algorithm however
is that it is based on a very approximate inference proce-

dure, limited to a single bottom-up pass. One consequenc® Deep Boltzmann Machines (DBM'’s)

of ignoring top-down influences on the inference process

is that the model can fail to adequately account for uncerA Deep Boltzmann Machine is a network of symmetrically
tainty when interpreting ambiguous sensory inputs. Morecoupled stochastic binary units. It contains a set of wsibl
over, the existing greedy procedure is clearly suboptimalunitsv € {0, 1}, and a sequence of layers of hidden units
it learns one layer of features at a time and never re-adjusts’ ¢ {0,1}f", h? € {0,1}*2,...,h" € {0,1}f%. There

its lower-level parameters. Although global fine-tuning us are connections only between hidden units in adjacent lay-
ing the contrastive wake-sleep algorithm has been used bars, as well as between the visible units and the hidden units
Hinton et al. (2006), it is very slow and inefficient. in the first hidden layer.

Recently, Salakhutdinov and Hinton (2009) introduced aConsider a Deep Boltzmann Machine with three hidden
new learning algorithm for a different type of hierarchi- layers (i.e. L = 3), as shown in Fig. 1, right panel. The
cal probabilistic model, called Deep Boltzmann Machineenergy of the statév, h} is defined as:

(DBM). Unlike Deep Belief Networks, a DBM is a type

of Markov random field, where all connections between E(v,h;0) = —v'W'h' —h'"W?h? — h*T W?h?,

layers are undirected. Deep Boltzmann Machines are in-

_ 1 2 3 i H
teresting for several reasons. First, it retains much of th&/nereh = {h',h* h”} are the set of hidden units, and

_ 1 2 3
desiderata found in Deep Belief Networks: it discovers sev? = {W*, W* W} are the model parameters, represent-

eral layers of increasingly complex representations of thd9 Visible-to-hidden and hidden-to-hidden symmetric in-
input, it comes with an efficient layer-by-layer pretraigin terz_ic_tlon terms The probability that the model assigns to
procedure, it can be trained on unlabeled data and can BeVisible vectow is:

fine-tuned for a specific task using the (possibly limited) P*(v;0) 1

labeled data. Second, unlike existing models with deep arP(v:0) = = Z exp (—E(v,h',h? b’ 0)).

. ; . . Z(9) Z(9)
chitectures, including DBN’s and deep convolutional neu- h
ral networks (Bengio & LeCun, 2007), the approximate o - )
feedbackin addition to the usual bottom-up pass, allow- €ter vectodV* takes the following form:
ing Deep Boltzmann Machines to better incorporate uncer- .

; . . i 0log P(v;0)
tainty about ambiguous inputs. Third, and perhaps more Wi
importantly, parameters of all layers can bptimized
jointly by following the approximate gradient of a varia- where B, [] denotes an expectation with respect
tional lower-bound on the likelihood function. This grgatl to the completed data distributiomy,i.(h, v;60) =
facilitates learning better generative models. P(h|v;0)Paata(v), With Pyata(v) = % Yon (v —vy)

T T
= EPdata [Vhl ]_ Ep [Vhl ]a (1)

model

However, a crucial disadvantage of Deep Boltzmann Ma-  1yye yse three hidden layers in our presentation for simplicit
chines is that approximate inference, which is based on thextensions to models with more than three layers is trivial.
mean-field approach, is considerably (between 25 and 50 2We omit the bias terms for clarity of presentation.
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representing the empirical distribution, ang,E,_[-] is  following mean-field fixed-point equations:
an expectation with respect to the distribution defined by 5 "
the model. The derivatives with respect to parameitérs 1 1 o o

and* take similar forms but instead involve the cross- i Zl Wigoi + ]; WikHi | @
productsh'h?  andh?h®  respectively.

Fy F3
Exact maximum likelihood learning in this model is in- I J<ZW]-2ku} + Z W,fmugm), (5)
tractable. The exact computation of the data-dependent ex- j=1 m=1
pectation takes time that is exponential in the number of F2
hidden units, whereas the exact computation of the model’s S = o ( Z meui) . (6)

expectation takes time that is exponential in the number of k=1

hidden and visible units. To solve these fixed-point equations, we simply cycle

through layers, updating the mean-field parameters within
2.1 Approximate Maximum Likelihood Learning asingle layer in parallé]

- : . Given the variational parameteus the model parametefs
The original learning algorithm for general Boltzmann ma- o o .
are then updated to maximize the variational bound using a

chines used randomly initialized Markov chains in order : o : ;

. . . stochastic approximation procedure (SAP). Learning with
to approximate both expectations needed to approxmatgAP is straightforward. Let, andx, — {vs, h!, h2, h}
gradients of the likelihood function (Hinton & Sejnowski, L t BTt 0 T

1983). However, this learning procedure is too slow to beloe the current parameters and the state. Tqeand?,

practical. To alleviate this problem, (Salakhutdinov (200 are updated sequentially as follows. We sample a new state

. . L ++1 givenx; from the transition operatdfy, (x;+1 < x¢)
Salakhutdinov and H'”tof‘ (2909)) prop_osed a variationa hat leavesP(-; ;) invariant. For DBM's we use Gibbs
approach, where mean-field inference is used to estlmatseam lina. A new parametér. . is then obtained by mak-
data-dependent expectations and an MCMC based stochas- ping. b E1 y

tic approximation procedure is used to approximate th Ing a gradient step, where the intractable model's expecta-

model's expected sufficient statistics, %ion Ep......[-] in the gradient is replaced by a point esti-

mate at sample; ;. In practice, we typically maintain a
Consider any approximating distributiéi(h|v; i) forthe  set of M sample particles(; = {x 1, ...., X, }, and use
posteriorP (h|v; #). The log-likelihood of our DBM model an average over those particles. This MCMC based approx-

then has the following variational lower bound: imation procedure provides asymptotic convergence guar-
antees and belongs to the general class of Robbins—Monro
log P(v; 6) > Z Q(h|v; p) log P(v, h: ) + H(Q), approximation algorithms (for details see Younes (1989)).
h For approximate maximum likelihood learning of DBM’s,

we could apply the above learning procedure alone, but it
whereH(-) is the entropy functional. The bound becomesis rather slow. Instead, we also use a greedy layer-wise
tight if and only if Q(h|v; u) = P(h|v;6). Following a pretraining strategy to initialize the model parameters to
naive mean-field approach, we choose the following fullygood values, which we briefly review next.
factorized approximating distribution over the three sdts

hidden units: 2.2 Greedy Pretraining of DBM's
P OF F The greedy layer-by-layer pretraining algorithm relies
QME (h|v; p) = H H H q(hhq(h3)q(R2,), (2) on leamning a stack of Restricted Boltzmann Machines
G=1 kel m=1 ! (RBM’s) with a small modification. The key intuition is

that for the lower-level RBM to compensate for the lack
of top-down input intoh?!, the input must be doubled as
shown in Fig. 2 (left panel), with the copies of the visible-
to-hidden connections tied. Conversely, for the top-level
RBM to compensate for the lack of bottom-up input into
h?, the number of hidden units is doubled. For the inter-
T T mediate layers, the RBM weights are simply doubled. The
log P(v;0) > v W'u'+p' W2p?+p> WPp®  stack of RBM’s can then be trained in a greedy layer-by-
—log Z(0) + H(Q). (3) layer fashion using the Contrastive Divergence algorithm
(Hinton et al., 2006). When these three modules are com-

Learning proceeds as follows. For each training example'[,)oSed to form a single model, the layer copies are removed

we find the value ofx that maximizes this lower bound,  3jmplementing the mean-field requires no extra work beyond
for the current value of. This optimum must satisfy the implementing the Gibbs sampler.

wherep = {u!, u? u®} are the mean-field parameters
with ¢(hl = 1) = pl for 1 = 1,2, 3. In this case the lower
bound on the log-probability of the data takes a particylarl
simple form:
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Pretraining

Algorithm 1 Greedy Pretraining Algorithm for a Deep
Boltzmann Machine witl3-layers.
) 1: Make two copies of the visible vector and tie the visitde-t
Deep Boltzmann Machine hidden weightSW*. Fit W of the1°* layer RBM to data.
2: FreezéW' that defines thé®* layer of features, and use sam-
plesh’ from P(h'|v,2W") as the data for training the next
layer RBM with weight vectoe W2,

RBM

2
h 3: FreezéW? that defines the"? layer of features and use the
W2 samplesh? from P(h?|h', 2W?) as the data for training the
3™ layer RBM with weight vectoe W,
hl 4: When learning the top-level RBM, double the number of hid-

den units and tie the visible-to-hidden weighi&®.
5. Use the weight§ W' W2 W?} to compose a Deep Boltz-
mann Machine.

ing to avoid. Second, as the DBM’s parameters are chang-
ing during learning, so is the result of mean-field inference

Figure 2:Left: Pretraining a DBM with three hidden layers con-
sists of learning a stack of RBM’s that are then composeddater  Here, we propose a simple procedure to overcome these
a Deep Boltzmann MachineRight: Resulting Deep Boltzmann 4 jssyes. The procedure requires a separate set of recog-
Machine, where the paramet€iB ", R°, R’} define the recogni- o : . o .

nition weights, which are initialized to the weights found

tion model. . - .
by the greedy pretraining procedure. During learning,

and the total inputs coming into the first and second hidde/§Ven an input vector, the recognition weights are used to
layers are halved. For the intermediate RBM, the weight®rovide an initial guess = {”_1’ V?v V_g} of the fully fac-
are halved in both directions. The algorithm is summa-torized approximating posterior distribution:
rized in Algorithm 1. Greedily pretraining the weights of AR R
a DBM initializes the weights to reasonable values, which ... R rec/1 1\ rec 12\ rec/13
Q (hlv;p) = [T I TT " *(r))a"*(hi)q e (hs,), (7)

facilitates the subsequent joint learning of all layers. :
j=1lk=1m=1

3 Accelerating Inference for DBM’s with g"¢¢(hl = 1) = vl for | = 1,2,3, and where each
layer of hidden units is activated in a single deterministic

As previously mentioned, the main issue with the jointbottom-up pass:

maximum likelihood learning described in Section 2.1 is

that it requires solving the mean-field fixed-point equation 1 D 1

for each update of the DBM parameters. This inference U(ZQRZ'J“)

procedure is very expensive when compared to a single 1;11

bottom-up inference used in a DBNAccelerating infer- 2 U(Z QRQ_M) ©)

j=1

(8)

ence in a DBM is hence crucial for making learning on
large datasets practical.

F3
One view of the problem is that there is a complicated Vo= a(ZRimuﬁ), (10)
function f : v — p (the mapping between the input k=1
and the result of mean-field inference) for which we need
a fast and accurate approximation. Following a standartvith 07 = {R', R?, R?} denoting the set of recognition
machine learning approach to function approximation, weveights. It is important to note that the weights of the
could simply collect examples of paifs.,, 1, } and traina  recognition model are doubled at each layer to compensate
fast “recognition” model to be good at predictipg given  for the lack of top-down feedback, as shown in Fig 2, ex-
the corresponding,,. Unfortunately, this does not quite Cept for the very top layer, which does not have a top-down
solve our problem for two reasons. First, obtaining theinput. We then apply iterations of mean-field, initial-
pairs(v,,, i1, ) is an expensive operation in itself, which re- ized aty = v, to obtain the mean-field parameters that
quires running the costly mean-field procedure we are tryWill be used in the training update for DBM's((is set to
- 1 or 5in our experiments). Finally, the recognition weights
.4In our implementgtion, each. iteration of mgan-figld reclire gre updated so as to make the initial guesprediction)
going through each hidden-to-hidden connection twice @mpw  5ser to the result (target) of the K-step mean-field in-

and downward). Assuming layers with similar sizes, eadtaite f M isel date th it iaht
tion of mean-field is up to twice as expensive as a single botto erence. lviore precisely, we update the recognition weignts

up pass. So with about 25 iterationS, the mean-field inferesic to m|n|m|ze the Ku||baCk—Ler|er d|Vergence betWeen the
up to 50 times more expensive than a single bottom-up pass. mean-field posterio™ ¥ (h|v; u) and the factorial poste-
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Algorithm 2 Learning a Deep Boltzmann Machine.
1:

Given: a training set oV binary data vector§v}i_,, M
(the number of Markov chains), arid (the number of mean-
field steps).

ceeds by jointly optimizing both the recognition model and
the model parameters of the DBM in an online fashion. The
full learning procedure is summarized in Algorithm 2.

This procedure exploits three properties of DBM's. First,
because we do not expect the mean-field mapping to
change drastically after one update of the DBM parameters,
the procedure can update the current recognition weights
using only a few (possibly just onéy,,, u,,} pairs. Sec-
ond, since the variational lower bound of Eq. 3 applies for
any value of the mean-field parametgssit is not neces-
sarily crucial that the value gfi satisfies the fixed-point
equations (i.e. correspond to the tightest possible lower
bound), at least at the beginning of learning. Finally, sinc
one mean-field iteration is guaranteed to yield parameters

In & single deterministic bottom-up pass, use the recoge|gser to a solution satisfying the mean-field fixed-point

equations, we may hope that the predictions made by the
recognition model become increasingly close to a fixed-

The idea of using a separate set of recognition weights, or
learning to do inference, dates back to the wake-sleep al-
gorithm (Hinton et al., 1995), which was used to learn a
multilayer sigmoid belief network. A variant of the wake-
sleep algorithm was also used to learn parameters of a Deep
Belief Network. However, it is important to note that our
recognition model is only used toitialize the parameters

of the variational inference algorithm, which differs sifgn
icantly from the approach taken by the wake-sleep algo-
rithm. Indeed, the wake-sleep algorithm solely relies on
the recognition weights to perform approximate inference,
and having inaccurate recognition weights can greatly af-
fect learning. During the “wake” phase, the algorithm uses
only its recognition weights to stochastically activate th
states of all the hidden units in a single bottom-up pass.
By treating the model as fully observed, learning the gen-
erative weights on the directed connections then becomes
easy. Hence, the quality of model parameters found during
learning relies heavily on how good the recognition model
is. In particular, if we were to set the recognition weights
to zero, adjusting the generative weights on the directed
connections of the Deep Belief Network would be mean-
ingless. In our case, having recognition weights set to zero
would only amount to initializing the<-step mean-field
inference tou; = 0.5 for all hidden units, which is much
less dramatic. In principle, if we were to run the mean-field

2: [/ Pretraining:
3: Use Algorithm 1 to pretrain parameters
0o = {Wg, W§, W} of a DBM.
4: Initialize the recognition modél;*® = { R}, R3, R3} to the
values ofty.
5: Randomly initialize}/ sample particles:
{\70’1, hO,l}, ey {\707”[, hoy]y[}, whereh = {hl, 1’127 h3}.
6: for ¢ = 0to T (number of iterationsjlo
7: Il Variational Inference:
8: for each training exampte,,, n = 1 to N do
9:
nition model (Egs. 8, 9, 10) to obtain a parameter vector
v of the approximate factorial posterig)”“c.

10: Setu = v and run the mean-field updates (Egs. 4, 5, 6) =% i
for K steps to obtain the mean-field approximate poste-point solution.
rior QMF,

11: Adjust the recognition parameters by taking a single gra
dient step in Eq. 11:

rec __ prec 8KL (QA/IFHQTSC)
9t+1 = Gt + atT

12: Sety, = p.

13:  end for

14: /I Stochastic Approximation:

15: for each samplen =1toM do y

16: Sample(Vi41,m, het1,m) given (Ve m, he,m) by run-
ning a Gibbs sampler.

17:  end for

18:  // Parameter Update:

190 Wiy = Wi+ (% Sons Vi (pn) T =

B e (b))

200 W, = W2+ (% Syt (pn) -

1\_1/1 Z%:1 lh”ltl-kl,m(ﬁ%-kl,m)—r)

21: Wt3+1 = We+a (% 25:1 H%(H%)T*

B B (BT

22: Decreasey.

23: end for

rior defined by the recognition mod@"*(h|v; v):
KL(QY" (h]v; w)[|Q"* (h|v; ) =
- Zui log v; — Z(l — 1i)log(1 — v;) + Const (11)

The gradient of this KL with respect to the recognition pa-
rameterg)”cc can be efficiently computed using the back-

fixed-point equations until convergence, the quality of the
learned DBM would not be very affected by the recogni-
tion mode?. In this respect, the proposed procedure yields
a learning algorithm that should be much more robust.

Finally, we also mention the work of Ranzato et al. (2007)
where, in the context of single-layer sparse autoencoders,
a similar procedure is proposed for jointly training recog-
nition (encoder) and generative (decoder) weights. In con-

The recognition model would only affect which local opti-

propagation algorithm. In brief, we see that learning pro-mum the mean-field converges to.
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trast, the procedure proposed here can be successfully ap- Experiments
plied to DBM’s with more than a single hidden layer, al-

lowing for learning many hidden layers jointly. We present several experimental results on three publicly
available datasets: the MNIST dataset, the OCR letters

4 Evaluating DBM’s dataset, a_n_d the NORB dataset, and report generalization
and classification performance of Deep Boltzmann Ma-
chines.

We now describe two ways of evaluating the quality of the
solut!on fou_nd by the d!fferent DBM learning algorithms 5.1 Description of Datasets and Model Architectures
considered in our experiments.

The MNIST digit dataset contains 60,000 training and
4.1 Evaluating DBM’s as Generative Models 10,000 test images of ten handwritten digits (0 to 9), with

28x28 pixels. The training set was further split into
For DBM's, and undirected models in general, comput-50,000 training and 10,000 validation image®ur sec-
ing the probability of held-out inputs exactly is intradib  ond OCR letters dataset corresponds to an English char-
since computing the global normalization constant reguire acter recognition problem. The goal is to classifyxB
enumeration over an exponential number of terms. Repinary pixel images into 26 classes, corresponding to the
cently, Salakhutdinov and Murray (2008) showed that a6 letters of the English alphabet. The dataset is split into
Monte Carlo based method, Annealed Importance Sams2 152 training, 10,000 validation, and 10,000 test exam-
pling (AIS) (Neal, 2001), can be used to efficiently estimateples. Our third, more difficult object recognition dataset,
the partition function of an RBM. We adopt AIS in our ex- NORB ((LeCun et al., 2004)), contains images of 50 differ-
periments as well. Together with variational inference thi ent 3D toy objects with 10 objects in each of five generic
will allow us to obtain gOOd estimates of the lower bound classes: cars, trucks, p|anes, anima|s, and humans. Each
on the log-probability of the train and test data. Indeedobject is captured from different viewpoints and under var-
once we obtain a Monte Carlo estimate of the global partijous lighting conditions. The training set contains 24,300
tion functionZ, we can estimate, for a given test case  stereo image pairs of 25 objects, 5 per class, while the test

the variational lower bound of Eq. 3: set contains 24,300 stereo pairs of the remaining, differen
i 25 objects. The goal is to classify each previously unseen
log P(v*;0) > (16)  object into its generic class. From the training data, 4,300

_ Z QMF (h|v*; p)E(v*, h;0) + H(QMT) —log Z(9) Were set aside for validation.
h

For the NORB experiment, we used a three-hidden-layer
~ =Y QYF(hv' i) E(v*, h;0) + H(QM") —log Z,  DBM, with each layer containing 4,000 hidden units (about
h 68 million parameters). As for the experiments on the
relatively simpler MNIST and OCR letters problems, we
with h = {h', h* h*}. For each test vector under consid- only used two hidden layers. The DBM trained on the
eration, we maximize this lower bound with respect to they|N|ST dataset had 500 and 1000 hidden units in the first
variational parameterg by solving the mean-field fixed- and second hidden layer respectively. For the OCR letters
point equations exactly. Of course, we can also adop§ataset, we used 2000 hidden units in both layers. For all
AIS to estimate an unnormalized probabilify*(v) =  datasets, to speed-up learning, we subdivided the data into
> oninene P¥(v,h',h? h%), and together with an esti- mini-batches, each containing 100 cases, and updated the
mate of the global partition function we can actually esti-weights after each mini-batch. The number of sample par-
mate the true |Og-pr0bablllty of the test data. This hOW,eVerticleS, used for approximating the model’s expected suffi-
would be computationally very expensive, since we wouldgient statistics, was also set to 100. For the stochastic ap-
need to perform a separate AIS run for each testcase.  proximation algorithm, we used 5 Gibbs updates. Pretrain-
ing of DBM’s required 100 epochs over the training’set
4.2 Evaluating DBM’s as Discriminative Models Global training was done for 200 epochs. To induce spar-
. . sity, we also encouraged the average activations of the hid-
A perhaps more pragmatic approach to evaluating the pefen, jayers units to be close to 0.1. Finally, for discrimina-

formance of DBM's is to see whether they can be used Q¢ fine-tuning we used the method of conjugate gradients
better solve some supervised learning task we are intéreste

in. To this end, we follow the approach of Salakhutdi- °We note that once good hyper-parameter values were found
nov and Hinton (2009). We use the data together with théased on the validation set, all 60,000 training examplese we
top-level marginalg:? (feature representations), estimatedYSed (0 train the final model.

. . - "To speed up pretraining, instead of doubling the input, we
by the approximate inference procedure used to train thﬁouble the bottom-up visible-to-hidden weights of the Iovevel

DBM, as a new augmented input into a multilayer neuralrsm. Similarly, for the top-level RBM, we simply double the
network (see Salakhutdinov and Hinton (2009) for details) top-down weights.
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Table 1:The estimates of the variational lower bound on the aver-domly sampled 100 test cases, 10 of each class, and ran
age test log-probabilities per image for different infaresstrate-  A|S for each test case to estimate the true test log probabil-
gies. ity. Computationally, this is equivalent to estimating 100

Datasets o L ; -

Models MNIST OCR Letters NORB additional p_grtltlon functions. Our estimate of the trus! te
log probability was -84.28 per test case. The estimate of

ME-0 -96.75 -43.40 -624.75 the variational bound was -84.76, showing that the bound

MF-1 -89.97 -37.21 -612.08 is actually rather tight.

MFRec-1| -86.47 -35.29 -598.34

ME-5 -86.21 -34.87 -596.92 For the OCR letters and NORB dataset, results were very

MFRec-5| -85.36 -34.73 -595.98 similar to the MNIST dataset, showing that the recognition

MF-Full | -84.97 -34.24 -593.58 model helps learning better generative models. The differ-

ence in performance between MFRec-1 and MF-1 is partic-

- . ularly large for the NORB dataset, reaching over 10 nats.
on larger mini-batches of 10 000 data vectors, with threq:inally, the very weak performance of MF-0 highlights the

line searches performed for each mini-batch in each epoc'ﬁ'nportance of incorporating top-down information in the

The code that can be used for pretraining, learning and ﬁne’lhference procedure to obtain a good generative model.
tuning DBM’s is available afttp://www.cs.toronto.

edu/ ~larocheh/code/dbm_recnet.tar.gz o
5.4 Discriminative Performance

5.2 Approximate Inference Finally, we evaluated the discriminative performance of

To compare the different approximate inference strategied’® DBM'S on the handwritten digit, OCR letters, and
we trained several DBM’s using various approximate in-NORB object recognition tasks. Tabl_e 2 shows results.
ference procedures. Our first two DBM's used reCogni_For the MNIST dataset, MFRec-1 achieves a test error of
tion weights, as described in Algorithm 2, with the number-00% compared to 0.95% achieved by MF-Full (Salakhut-
of mean-field steps set to 1 and 5. We call these modeldinov & Hinton, 2009), 1.2% achieved by DBN (Hinton
MFRec-1 andMFRec-5. Our second two DBM's did not €t @l 2006), and 1.4% achieved by SVM's (Decoste &
use a separate recognition model. Instead, each layer gicnolkopf, 2002). ' For the OCR letters dataset, various
hidden units was activated in a single deterministic bottom PBM'S perform about the same, the difference between
up pass using the DBM's current set of weights, followegPerformances not being statistically significant. However
by 1 or 5 steps of mean-field. We call these modéis1 for this dataset, all DBM’s significantly outperform Deep
andMF-5. For comparison, we also trained two additional Belief Networks and SVM's (Larochelle et al., 2009).

DBM's. In the first DBM, calledVIF-Full, the mean-field  Finally, for the NORB dataset, MFRec-1 achieves a test er-
updates were run until convergence, which typically re-ror of 7.6%, which is considerably lower compared to 8.3%
quired about 25 iterations through the entire network. Inachieved by DBN’s, 11.6% achieved by SVM'’s (Bengio

the second DBM, calleMF-0, approximate inference did & LeCun, 2007), and 18.4% achieved by K-nearest neigh-
not use the mean-field at all. The values of the latent Varibours (LeCun etal., 2004) We also mention the very recent

ables were inferred using a single bottom-up pass. work of Nair and Hinton (2010) who showed that by learn-
ing an implicit mixture of DBN's, a result of 5.2% could be
5.3 Generative Performance achieved. We emphasize that an equivalent extension could

For each of the three datasets and for each Deep Boltzmar?rﬁa applied here, yielding implicit mixtures of DBM's.

Machine, we estimated the variational lower bound on theDverall, we observe that the simple MFRec-1 model per-
average test log-probability using Eq. 12. The global parti forms just as well as the slow MF-Full model. In fact,
tion function of each model was estimated using AlS withMFRec-1 appears to strike a good balance between effi-
20,000 inverse temperatures spaced uniformly between €iency and accuracy. It allows for inference thatis as fast a
and 1.0. The estimates were averaged over 100 AIS runs.in MF-1, while yielding accuracy that is statistically equi

Table 1 shows that for all three datasets, both DBM's thaﬁ/llent to MF-5 or MF-Full. Indeed, for the NORB dataset,

use recognition weights, MFRec-1 and MFRec-5, consisy | :eer;-sltrr;?#:e%g;\i/llf]slnu95itrl1m?hferoorpi ?ngmsa%?xvn;f 01_’
tently outperform their equivalent DBM’s that do not use 9 9 9 gag

the recognition model. For the MNIST dataset, MFRec-lrltmn (MF-full) takes apout 3 weeks. More wpportantly,
. ; X during the test phase, inference on 100 test images takes
achieves a lower bound of -86.47, improving upon MF-1

by at least 3 nats. We also note that the MF-Full modelggtl:y Ss?r? sl\e/lcl::. ;smg I\I\:I'::_fRﬁCl’ compared to 3.2 and 16.5
achieves only a slightly better lower bound of -84.97. How-"""" gMF->an Ul

ever, performing inference (and hence learning) in thisResults in table 2 also reveal that across all three datasets
model was computationally considerably more demandingMFRec-1 significantly outperforms traditional Deep Belief
To estimate how loose the variational bound is, we ranNetworks, that only use a single bottom up pass to do in-
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Table 2:Classification performance on the test set for differerdnafice strategies. The results in bold correspond to thestogrror
rates along with the error rates that are statisticallystiaguishable from the best (the difference is not staadiif significant).

DBM inference procedures

Dataset | MF0  MF-1 MFRecl MF-5 MFRec-5 MF-Ful PBN  SYM KN

MNIST | 1.38% 1.15% 1.00% 101% 096%  095% | 1.17% 140%  3.09%
OCRletters| 8.68% 8.44%  8.40%  8.50% 8.48%  8.58% | 9.68% 9.70%  18.92%
NORB 90.32% 7.96% 7.62%  7.67%  7.46%  7.23% | 8.31% 11.60% 18.40%

ference. This observation again confirms the important rol®ecoste, D., & Scholkopf, B. (2002). Training invarianpport
that a top-down mechanism can play in improving the inter-  vector machinesMachine Learning46, 161.

pretation and classification of sensory inputs, evenwah ju ninton, G., Dayan, P., Frey, B., & Neal, R. (1995). The” wake-
a single downward pass. Finally, comparisons with SVM  sleep” algorithm for unsupervised neural networl&cience
and K-NN confirm that DBM'’s that use the proposed recog- 268 1158-1161.

nition model can be competitive classifiers in general.  jinon, G. E., Osindero, S., & Teh, Y. W. (2006). A fast leagi

algorithm for deep belief netdNeural Computationl8, 1527—

6 Conclusion 1554.

Hinton, G. E., & Sejnowski, T. (1983). Optimal perceptudkin
We presented a new approximate inference algorithm for ﬁir:icoen'lEEE conference on Computer Vision and Pattern Recog-
Deep Boltzmann Machines that uses a separate recognition '
model to quickly initialize the values of the latent vari- Larochelle, H., Erhan, D., & Vincent, P. (2009). Deep leagi
ables in all hidden layers. Learning a good recognition USing robustinterdependent codesoceedings of the Interna-

. . tional Conference on Atrtificial Intelligence and Statistic

model averts the need to solve the expensive mean-field
fixed-point equations for each update of the DBM param-LeCun, Y., Huang, F. J., & Bottou, L. (2004). Learning meth-
eters. This approach substantially speeds up the inference 0ds for generic object recognition with invariance to pose a
step, allowing for learning DBM's on larger scales (i.e. for lighting. CVPR (2)(pp. 97-104).
larger DBM’s and/or on larger datasets). As our experi-Lee, H., Grosse, R., Ranganath, R., & Ng, A. Y. (2009). Camvol
mental results demonstrate, using the recognition model, tional deep belief networks for scalable unsupervisechlegr
followed by only a single step of mean-field inference, is of hierarchical representationtcML. ACM.
sufficient for learning good generative and discriminativeLee, T. S., Mumford, D., Romero, R., & Lamme, V. (1998). The
models. However, this single step of mean-field is crucial role of the primary visual cortex in higher level visiokision
for obtaining competitive performances, which highlights ~ "€S€arch 38, 2429-2454.
the important role that a top-down feedback plays in pro-Nair, V., & Hinton, G. (2010). 3D object recognition with dee
cessing high-dimensional sensory input. belief nets. Advances in Neural Information Processing Sys-

tems Cambridge, MA: MIT Press.
The recognition model considered in this paper was di-

rectly inspired by the architecture of the DBM, but it Ne:rll’d%ol\g{p(uzt?r?gll)'l fgg_efé%d importance samplinatistics
need not be. Indeed, any function (parametric or non- ' '

parametric) that can be adapted given some error signﬁaf?;gtn?I&;nﬁ’nogug?ggxa%é %‘F?rgrstn?é’t if;knl;evs/:i'?k?é: éﬁg&a
could have been used instead. This perspective opens up . )

the space of recognition models and could allow us to de- model. INNIPS 19 1137-1144. Cambridge, MA: MIT Press.
rive faster and/or more accurate inference procedures. Waalakhutdinov, R. R. (2008).earning and evaluating Boltzmann
believe that this avenue of research is promising and de- Machines(Technical Report UTML TR 2008-002). Depart-
serves more investigation. ment of Computer Science, University of Toronto.

Salakhutdinov, R. R., & Hinton, G. E. (2009). Deep Boltzmann
machinesProceedings of the International Conference on Ar-
tificial Intelligence and Statistics
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