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Abstract
We describe a deep generative model in which the lowest layer represents the word-count vector
of a document and the top layer represents a learned binary code for that document. The top two layers of the generative model form an undirected associative memory and the remaining layers form a
belief net with directed, top-down connections. We present efficient learning and inference procedures for this type of generative model and show that it allows more accurate and much faster retrieval than latent semantic analysis. By using our method as a filter for a much slower method called
TF-IDF we achieve higher accuracy than TF-IDF alone and save several orders of magnitude in
retrieval time. By using short binary codes as addresses, we can perform retrieval on very large
document sets in a time that is independent of the size of the document set using only one word of
memory to describe each document.
Keywords: Deep learning; Semantic hashing; Auto-encoders; Restricted Boltzmann machines;
Document retrieval; Binary codes

1. Introduction
Representing the semantic content of a document is an unsolved problem. We think it is
very unlikely that a low-dimensional representation containing only a few hundred numbers
will ever be capable of capturing more than a tiny fraction of the content of the distributed
representation over millions of neurons that is used by the brain. Even if the documents do
lie on (or near) a fairly low-dimensional, nonlinear manifold in a high-dimensional space of
word sequences, it is unlikely that the best way to capture the structure of this manifold is
by trying to learn explicit coordinates on the manifold for each document. The brain is much
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more likely to capture the manifold structure implicitly by using an extremely high-dimensional space of distributed representations in which all but a tiny fraction of the space has
been ruled out by learned interactions between neurons. This type of implicit representation
has many advantages over the explicit representation provided by a low-dimensional set of
coordinates on the manifold:
1. It can be learned efficiently from data by extracting multiple layers of features to form
a ‘‘deep belief net’’ in which the top-level associative memory contains energy
ravines. The low energy floor of a ravine is a good representation of a manifold
(Hinton, Osindero, & Teh, 2006).
2. Implicit representation of manifolds using learned energy ravines makes it relatively
easy to deal with data that contain an unknown number of manifolds each of which
has an unknown number of intrinsic dimensions.
3. Each manifold can have a number of intrinsic dimensions that varies along the manifold.
4. If documents are occasionally slightly ill-formed, implicit dimensionality reduction
can accommodate them by using energy ravines whose dimensionality increases
appropriately as the allowed energy level is raised. The same approach can also allow
manifolds to merge at higher energies.
In addition to these arguments against explicit representations of manifold coordinates,
there is not much evidence for small bottlenecks in the brain. The lowest bandwidth part of
the visual system, for example, is the optic nerve with its million or so nerve fibers and there
are good physical reasons for that restriction.
Despite all these arguments against explicit dimensionality reduction, it is sometimes
very useful to have an explicit, low-dimensional representation of a document. One obvious
use is visualizing the structure of a large set of documents by displaying them in a two or
three-dimensional map. Another use, which we focus on in this paper, is document retrieval.
We do not believe that the low-dimensional representations we learn in this paper tell us
much about how people represent or retrieve documents. Our main aim is simply to show
that our nonlinear, multilayer methods work much better for retrieval than earlier methods
that use low-dimensional vectors to represent documents. We find these earlier methods
equally implausible as cognitive models, or perhaps even more implausible as they do not
work as well.
A very unfortunate aspect of our approach to document retrieval is that we initialize deep
autoencoders using the very same ‘‘pretraining’’ algorithm as was used in Hinton et al.
(2006). When this algorithm is used to learn very large layers, it can be shown to improve a
generative model of the data each time an extra layer is added (strictly speaking, it improves
a bound on the probability that the model would generate the training data). When the
pretraining procedure is used with a central bottleneck, however, all bets are off.
Numerous models for capturing low-dimensional latent representations have been
proposed and successfully applied in the domain of information retrieval. Latent semantic
analysis (LSA; Deerwester, Dumais, Landauer, Furnas, & Harshman, 1990) extracts
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low-dimensional semantic structure using singular value decomposition to get a low-rank
approximation of the word-document co-occurrence matrix. This allows document retrieval
to be based on ‘‘semantic’’ content rather than just on keywords.
Given some desired dimensionality for the codes, LSA finds codes for documents that are
optimal in the sense that they minimize the squared error if the word-count vectors are
reconstructed from the codes. To achieve this optimality, however, LSA makes the extremely restrictive assumption that the reconstructed counts for each document are a linear
function of its code vector. If this assumption is relaxed to allow more complex ways of
generating predicted word counts from code vectors, then LSA is far from optimal. As we
shall see, nonlinear generative models that use multiple layers of representation and much
smaller codes can perform much better than LSA, both for reconstructing word-count vectors and for retrieving semantically similar documents. When LSA was introduced, there
were no efficient algorithms for fitting these more complex models, but that has changed.
LSA still has the advantages that it does not get trapped at local optima, it is fast on a
conventional computer, and it does not require nearly as much training data as methods that
fit more complex models with many more parameters. LSA is historically important because
it showed that a large document corpus contains a lot of information about meaning that is
relatively easy to extract using a sensible statistical method. As a cognitive model, however,
LSA has been made rather implausible by the fact that nonlinear, multilayer methods work
much better.
A probabilistic version of LSA (pLSA) was introduced by Hofmann (1999), using the
assumption that each word is modeled as a single sample from a mixture of topics. The mixing proportions of the topics are specific to the document, but the probability distribution
over words that is defined by each topic is the same for all documents. For example, a topic
such as ‘‘soccer’’ would have a fixed probability of producing the word ‘‘goal’’ and a document containing a lot of soccer-related words would have a high mixing proportion for the
topic ‘‘soccer.’’ To make this into a proper generative model of documents, it is necessary
to define a prior distribution over the document-specific topic distributions. This gives rise
to a model called ‘‘Latent Dirichlet Allocation,’’ which was introduced by Blei, Ng, and
Jordan (2003).
All these models can be viewed as graphical models (Jordan, 1999) in which hidden topic
variables have directed connections to variables that represent word counts. One major
drawback is that exact inference is intractable due to explaining away (Pearl, 1988), so they
have to resort to slow or inaccurate approximations to compute the posterior distribution
over topics. A second major drawback, that is shared by all mixture models, is that these
models can never make predictions for words that are sharper than the distributions predicted by any of the individual topics. They are unable to capture an important property of
distributed representations, which is that the broad distributions predicted by individual
active features get multiplied together (and renormalized) to give the sharp distribution predicted by a whole set of active features. This intersection or ‘‘conjunctive coding’’ property
allows individual features to be fairly general but their joint effect to be much more precise.
The ‘‘disjunctive coding’’ employed by mixture models cannot achieve precision in this
way. For example, distributed representations allow the topics ‘‘torture,’’ ‘‘deregulation,’’
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and ‘‘oil’’ to combine to give very high probability to a few familiar names that are not predicted nearly as strongly by each topic alone. Since the introduction of the term ‘‘distributed
representation’’ (Hinton, McClelland, & Rumelhart, 1986), its meaning has evolved beyond
the original definition in terms of set intersections, but in this paper the term is being used in
its original sense.
Welling, Rosen-Zvi, and Hinton (2005) point out that for information retrieval, fast inference is vital and to achieve this they introduce a class of two-layer undirected graphical
models that generalize restricted Boltzmann machines (RBMs; see Section 2) to exponential
family distributions, thus allowing them to model nonbinary data and to use nonbinary hidden variables. Maximum likelihood learning is intractable in these models because they use
nonlinear distributed representations, but learning can be performed efficiently by following
an approximation to the gradient of a different objective function called ‘‘contrastive divergence’’ (Hinton, 2002). Several further developments of these undirected models (Gehler,
Holub, & Welling, 2006; Xing, Yan, & Hauptmann, 2005) show that they are competitive
in terms of retrieval accuracy to their directed counterparts.
There are limitations on the types of structure that can be represented efficiently by a single layer of hidden variables and a network with multiple, nonlinear hidden layers should be
able to discover representations that work better for retrieval. In this paper, we present a
deep generative model whose top two layers form an undirected bipartite graph (see Fig. 1).
The lower layers form a multilayer directed belief network, but unlike Latent Dirichlet Allocation this belief net uses distributed representations. The model can be trained efficiently
by using an RBM to learn one layer of hidden variables at a time (Hinton et al., 2006;
Hinton, 2007a). After learning the features in one hidden layer, the activation vectors of
those features when they are being driven by data are used as the ‘‘data’’ for training the
next hidden layer.
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Fig. 1. Left panel: The deep generative model. Middle panel: Pretraining consists of learning a stack of restricted
Boltzmann machines (RBMs) in which the feature activations of one RBM are treated as data by the next RBM.
Right panel: After pretraining, the RBMs are ‘‘unrolled’’ to create a multilayer autoencoder that is fine-tuned by
backpropagation.
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After this greedy ‘‘pretraining’’ is complete, the composition of all of the RBMs yields a
feed-forward ‘‘encoder’’ network that converts word-count vectors to compact codes. By
composing the RBMs in the opposite order (but with the same weights) we get a ‘‘decoder’’
network that converts compact code vectors into reconstructed word-count vectors. When
the encoder and decoder are combined, we get a multilayer autoencoder network that converts word-count vectors into reconstructed word-count vectors via a compact bottleneck.
This autoencoder network only works moderately well, but it is an excellent starting point
for a fine-tuning phase of the learning which uses back-propagation to greatly improve the
reconstructed word counts.
In general, the representations produced by greedy unsupervised learning are helpful for
regression or classification, but this typically requires large hidden layers that recode the
structure in the input as complex sparse features while retaining almost all of the information in the input. When the hidden layers are much smaller than the input layer, a further
type of learning is required (Hinton & Salakhutdinov, 2006). After the greedy, layerby-layer training, the deep generative model of documents is not significantly better for
document retrieval than a model with only one hidden layer. To take full advantage of the
multiple hidden layers, the layer-by-layer learning must be treated as a ‘‘pretraining’’ stage
that finds a good region of the parameter space. Starting in this region, back-propagation
learning can be used to fine-tune the parameters to produce a much better model. The backpropagation fine-tuning is not responsible for discovering what features to use in the hidden
layers of the autoencoder. Instead, it just has to slightly modify the features found by the
pretraining in order to improve the reconstructions. This is a much easier job for a myopic,
gradient descent procedure like back-propagation than discovering what features to use.
After learning, the mapping from a word-count vector to its compact code is very fast,
requiring only a matrix multiplication followed by a componentwise nonlinearity for each
hidden layer.
In Section 2 we introduce the RBM. A longer and gentler introduction to RBMs can be
found in Hinton (2007a). In Section 3 we generalize RBMs in two ways to obtain a generative model for word-count vectors. This model can be viewed as a variant of the Rate Adaptive Poisson model (Gehler et al., 2006) that is easier to train and has a better way of dealing
with documents of different lengths. In Section 4 we describe both the layer-by-layer
pretraining and the fine-tuning of the deep generative model. We also show how ‘‘deterministic noise’’ can be used to force the fine-tuning to discover binary codes in the top layer. In
Section 5 we show that 128-bit binary codes are slightly more accurate than 128 real-valued
codes produced by LSA, in addition to being faster and more compact. We also show that
by using the 128-bit binary codes to restrict the set of documents searched by TF-IDF
(Salton & Buckley, 1988), we can slightly improve the accuracy and vastly improve the
speed of TF-IDF. Finally, in Section 6 we show that we can use our model to allow retrieval
in a time independent of the number of documents. A document is mapped to a
memory address in such a way that a small hamming-ball around that memory address
contains the semantically similar documents. We call this technique ‘‘semantic hashing’’
(Salakhutdinov & Hinton, 2007).
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2. Learning feature detectors for binary images
A Boltzmann machine is a network of symmetrically connected, neuron-like units that make
stochastic decisions about whether to be on or off. Boltzmann machines have a simple learning
algorithm (Hinton & Sejnowski, 1983) that allows them to discover features that represent
complex regularities in the training data. The learning algorithm is very slow in networks with
many layers of feature detectors, but it is fast in the RBM—a network with a single layer of
feature detectors that are not directly connected to one another. RBMs have been used extensively for modeling binary images and so they will be explained in this context as in Hinton
(2007b) before introducing the modifications that are required for modeling documents.
If there are no direct interactions between the feature detectors and no direct interactions
between the pixels, there is a simple and efficient way to learn a good set of feature detectors from a set of binary training images (Hinton, 2002). We start with zero weights on the
symmetric connections between each pixel i and each feature detector j. We then repeatedly
update each weight, wij, using the difference between two measured, pairwise correlations
Dwij ¼ ð< vi hj >data  < vi hj >recon Þ

ð1Þ

where  is a learning rate, < vihj > data is the frequency with which pixel i and feature detector j are on together when the feature detectors are being driven by images from the training
set, and < vihj > recon is the corresponding frequency when the feature detectors are being
driven by reconstructed images. A similar learning rule can be used for the biases.
Given a training image, we set the binary state, hj, of each feature detector to be 1 with a
probability given by the logistic sigmoid, r(x) ¼ (1 + exp ()x)))1
!
X
ð2Þ
pðhj ¼ 1Þ ¼ r bj þ
vi wij
i2pixels

where bj is the bias of j and vi is the binary state of pixel i. Once binary states have been chosen for the hidden units we produce a ‘‘reconstruction’’ of the training image by setting the
state of each pixel to be 1 with probability
!
X
ð3Þ
hj wij
pðvi ¼ 1Þ ¼ r aj þ
j2features

where ai is the bias of i.
The learned weights and biases of the features implicitly define a probability distribution
over all possible binary images. Sampling from this distribution is difficult, but it can be
done by using ‘‘alternating Gibbs sampling.’’ This starts with a random image and then
alternates between updating all of the features in parallel using Eq. 2 and updating all of the
pixels in parallel using Eq. 3. After Gibbs sampling for sufficiently long, the network
reaches ‘‘thermal equilibrium.’’ The states of pixels and feature detectors still change, but
the probability of finding the system in any particular binary configuration does not.
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3. A generative model of word counts
The binary stochastic units used in Boltzmann machines can be generalized to
‘‘softmax’’ units that have more than two discrete values (Hinton, 2002). We use an
RBM in which the hidden units are binary, but each visible unit has as many different
values as there are word types. We represent the mth discrete value of visible unit i by a
vector containing a 1 at the mth location and zeros elsewhere. Each hidden unit, j, then
has many different weights connecting it to each visible unit, i, and it provides top-down
support for the mth value of visible unit i via a weight, wm
ij . The activation rule for a softmax unit is
P

m
exp
h
w
j j ij
P

pðvm
ð4Þ
i ¼ 1jhÞ ¼ P
k
exp
h
w
j
ij
k
j
where the superscript m is used to denote one of the discrete values of i and k is an index
over all possible discrete values.
Now suppose that for each document we create an RBM with as many softmax units as
there are words in the document. Assuming that we are ignoring the order of the words, all
of these softmax units can share the same set of weights connecting them to the binary hidden units. The weights can also be shared by the whole family of different-sized RBMs that
are required for documents of different lengths. We call this the ‘‘Replicated Softmax’’
model. Using N softmax units with identical weights is equivalent to having one softmax
unit which we sample N times. This makes it clear that using N replicated softmax units is
equivalent to taking N samples from a multinomial distribution.
A pleasing property of softmax units is that the learning rule in Eq. 1 remains the same
(Hinton, 2002):
m
m
Dwm
ij ¼ ð< vi hj >data  < vi hj >recon Þ

ð5Þ

As all of the N softmax units share the same weights, we can drop the subscript on the v
and write the learning rule as:
m
m
Dwm
j ¼ ð< Nv hj >data  < Nv hj >recon Þ

ð6Þ

where vm denotes the count for the mth word divided by N. This model was called the ‘‘constrained Poisson model’’ in Hinton and Salakhutdinov (2006).

4. Pretraining and fine-tuning a deep generative model
A single layer of binary features is not the best way to capture the structure in the count
data. After learning the first layer of features, a second layer is learned by treating the activation probabilities of the existing features, when they are being driven by real data, as the
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data for the second-level RBM (see Fig. 1). The difference from learning the first layer of
features is that the ‘‘visible’’ units of the second-level RBM are also binary, as in a standard
RBM. This greedy, layer-by-layer training can be repeated several times to learn a deep,
hierarchical model in which each layer of features captures strong high-order correlations
between the activities of features in the layer below.
Recursive learning of deep generative model:
1. Learn the parameters h1 ¼ (W1,a1,b1) of the replicated softmax model.
2. Freeze the parameters of the replicated softmax model and use the activation probabilities of the binary features, when they are being driven by training data, as the data for
training the next layer of binary features.
3. Freeze the parameters h2 that define the second layer of features and use the activation
probabilities of those features as data for training the third layer of binary features.
4. Proceed recursively for as many layers as desired.
To justify this layer-by-layer approach, it would be good to show that adding an extra
layer of feature detectors always increases the probability that the overall generative model
would generate the training data. This is almost true: Provided the number of feature detectors does not decrease and their weights are initialized correctly, adding an extra layer is
guaranteed to raise a lower bound on the log probability of generating the training data
(Hinton et al., 2006).
4.1. Fine-tuning the weights
After pretraining, the individual RBMs at each level are ‘‘unrolled’’ as shown in Fig. 1 to
create a deep autoencoder. If the stochastic activities of the binary features are replaced by
deterministic, real-valued probabilities, we can then backpropagate through the entire
network to fine-tune the weights for optimal reconstruction of the count data. For the finetuning, we divide the count vector by the number of words so that it represents a probability
distribution across words. Then we use the cross-entropy error function, C, with a
‘‘softmax’’ at the output layer.
C¼

X

m
vm
data log voutput

ð7Þ

m

The fine-tuning makes the codes in the central layer of the autoencoder work much better
for information retrieval.
4.2. Making the codes binary
During the fine-tuning, we want backpropagation to find codes that are good at
reconstructing the count data but are as close to binary as possible. To make the codes
binary, we add Gaussian noise to the bottom-up input received by each code unit. Assuming
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Fig. 2. The distribution of the activities of the 128-code units on the 20 Newsgroup training data before and after
adding deterministic noise to the code units. When the fine-tuning of the autoencoder network is performed without adding noise, the code layer learns to transmit a lot of information by using precise real values that lie
between 0 and 1. The distribution of values is shown on the left. If these values are thresholded to produce a binary code, the reconstruction will be poor because the fine-tuning did not take the thresholding into account. If
additional noise is added to the input to the code units during the fine-tuning, the total input received from the
layer below learns to be big and positive or big and negative so that the code unit can still transmit one bit of
information despite the noise. This distribution is shown on the right and it makes the codes much more robust
to thresholding.

that the decoder network is insensitive to very small differences in the output of a code unit,
the best way to communicate information in the presence of added noise is to make the bottom-up input received by a code unit large and negative for some training cases and large
and positive for others. Fig. 2 shows that this is what the fine-tuning does. We tried other
ways of encouraging the code units to be binary, but Gaussian noise worked better.
To prevent the added Gaussian noise from messing up the conjugate gradient fine-tuning,
we used ‘‘deterministic noise’’ with mean zero and variance 16. For each training case, the
sampled noise values are fixed in advance and do not change during training. With a limited
number of training cases, the optimization could tailor the parameters to the fixed noise values, but this is not possible when the total number of sampled noise values is much larger
than the number of parameters.
4.3. Details of the training
To speedup the pretraining, we subdivided both datasets into small mini-batches, each
containing 100 cases,1 and updated the weights after computing the gradient of the reconstruction error on each mini-batch. For large datasets this is much more efficient than using
the entire dataset to compute the gradient. Early in the training, the gradient vector computed from a small mini-batch is likely to point in the same general direction as the gradient
vector computed from the whole dataset, so progress can be made rapidly by just using one
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small mini-batch per weight update. Of course, there will be sampling noise when the gradient is computed in this way, but that will be corrected on subsequent mini-batches.
For both datasets each layer was greedily pretrained for 50 passes (epochs) through the
entire training dataset. The weights were updated using a learning rate of 0.1, momentum of
0.9, and a weight decay of 0.0002 · weight · learning rate. The weights were initialized
with small random values sampled from a zero-mean normal distribution with variance
0.01.
For fine-tuning we used the method of conjugate gradients2 on larger minibatches of
1,000 data vectors, with three line searches performed for each minibatch in each epoch.
To determine an adequate number of epochs and to avoid overfitting, we fine-tuned on a
fraction of the training data and tested performance on the remaining validation data. We
then repeated fine-tuning on the entire training dataset for 50 epochs. Slight overfitting
was observed on the 20 Newsgroup corpus but not on the Reuters corpus. After fine-tuning the codes were thresholded to produce binary code vectors. The asymmetry between
0 and 1 in the energy function of an RBM causes the unthresholded codes to have many
more values near 0 than near 1, so we used a threshold of s ¼ 0.1. This works well for
document retrieval even though it is suboptimal for document reconstruction.
We experimented with various values for the noise variance and the threshold, as well as
the learning rate, momentum, and weight-decay parameters used in the pretraining. Our
results are fairly robust to variations in these parameters and also to variations in the number
of layers and the number of units in each layer. The precise weights found by the pretraining
do not matter as long as it finds a good region from which to start the fine-tuning (Erhan,
Manzagol, Bengio, Bengio, & Vincent, 2009).

5. Experimental results
To evaluate performance of our model on an information retrieval task we do the following:
Document retrieval procedure:
1. Map all query (test) documents into 128-bit binary codes by performing an up-pass
through the model and thresholding top-level activation probabilities at s ¼ 0.1.
2. For each query document:
Calculate its similarity to all other test documents in the 128-bit space using Hamming
distance.
Retrieve the D most similar documents.
Measure accuracy by computing the ratio of correctly retrieved documents (which
belong to the same category as a query document) to the total number of retrieved documents.
3. Average results across all queries.
Results of Gehler et al. (2006) show that pLSA and LDA models do not generally
outperform LSA and TF-IDF. Therefore, for comparison, we only used LSA and TF-IDF as
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benchmark methods. For LSA each word count, ci, was replaced by log (1 + ci) before the
SVD, which slightly improved performance. TF-IDF computes document similarity directly
in the word-count space, which is slow. For both these methods we used the cosine of the
angle between two vectors as a measure of their similarity.
‘‘TF-IDF’’ stands for ‘‘Term-Frequency, Inverse-Document-Frequency’’ and it is a very
sensible way of deciding how important the counts of a particular word-type are for determining the similarity of two documents. If a particular word has a high count (a high Term
Frequency) in both documents this makes them similar. But the similarity is much greater if
that word is rare in documents in general (a high Inverse Document Frequency). Generally,
the logarithm of the inverse document frequency is used.
5.1. Description of the text corpora
In this section we present experimental results for document retrieval on two text datasets: 20-Newsgroups and Reuters Corpus Volume II.
The 20 newsgroup corpus contains 18,845 postings taken from the Usenet newsgroup
collection. The corpus is partitioned fairly evenly into 20 different newsgroups, each corresponding to a separate topic.3 The data were split by date into 11,314 training and
7,531 test articles, so the training and test sets were separated in time. The training set
was further randomly split into 8,314 training and 3,000 validation documents. Some
newsgroups are very closely related to each other, for example, soc.religion.christian and
talk.religion.misc, while others are very different, for example, rec.sport.hockey and
comp.graphics (see Fig. 3).
We further preprocessed the data by removing common stopwords, stemming, and then
only considering the 2,000 most frequent words in the training dataset. As a result, each
posting was represented as a vector containing 2,000 word counts. No other preprocessing
was made.
The Reuters Corpus Volume II is an archive of 804,414 newswire stories4 that have
been manually categorized into 103 topics. The corpus covers four major groups: corporate/industrial, economics, government/social, and markets. Sample topics are displayed in
Fig. 3. The data were randomly split into 402,207 training and 402,207 test articles. The
training set was further randomly split into 302,207 training and 100,000 validation documents. The available data were already in the preprocessed format, where common stopwords were removed and all documents were stemmed. We again only considered the
2,000 most frequent words in the training dataset.
5.2. Results
For both datasets we used the 2000-500-500-128 architecture shown in Fig. 1. To see
whether the learned 128-bit codes preserve class information, we used Stochastic Neighbor
Embedding (Hinton & Roweis, 2003) to visualize the 128-bit codes of all the documents
from five or six separate classes. Fig. 3 shows that for both datasets the 128-bit codes
preserve the class structure of the documents.
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Fig. 3. Two-dimensional embedding of 128-bit codes using SNE for 20 Newsgroup data (panel A) and Reuters
RCV2 corpus (panel B).

In addition to requiring very little memory, binary codes allow very fast search because
fast bit counting routines5 can be used to compute the Hamming distance between two binary codes. On a 3GHz Intel Xeon running C, for example, it only takes 3.6 ms to search
through 1 million documents using 128-bit codes. The same search takes 72 ms for 128dimensional LSA and 1.2 s for TF-IDF, though this could be considerably reduced by using
a less naive method that uses inverted indexing.
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Fig. 4. Accuracy curves for 20 Newsgroup dataset, when a query document from the test set is used to retrieve
other test set documents, averaged over all 7,531 possible queries.
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Fig. 5. Accuracy curves for Reuters RCV2 dataset, when a query document from the test set is used to retrieve
other test set documents, averaged over all 402,207 possible queries.

Figs. 4 and 5 (panels A) show that our 128-bit codes are better at document retrieval than
the 128 real-values produced by LSA. TF-IDF is slightly more accurate than our 128-bit
codes6 when retrieving the top 15–30 documents in either dataset. If, however, we use our
128-bit codes to preselect the top 100 documents for the 20 Newsgroup data or the top
1,000 for the Reuters data, and then re-rank these preselected documents using TF-IDF, we
get better accuracy than running TF-IDF alone on the whole document set (see Figs. 4
and 5). This shows that the 128-bit codes can correctly reject some documents that TF-IDF
would rank very highly. On 400,000 documents, the naive implementation of TF-IDF
takes 0.48 s and our more accurate hybrid method takes .0014 + .0012 s—about 200 times
faster.
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6. Retrieval in constant time using a semantic address space
Using 128-bit codes, we have shown that documents which are semantically similar can
be mapped to binary vectors that are close in hamming space. If we could do this for 30-bit
codes, we would have the ultimate retrieval method: Given a query document, compute its
30-bit address and retrieve all of the documents stored at similar addresses with no search at
all. For a billion documents, a 30-bit address space gives a density of one document per
address and a hamming-ball of radius 5 should contain about 175,000 documents. The
retrieved documents could then be given to a slower but more precise retrieval method. It is
unlikely that the 175,000 documents in the hamming-ball would contain most of the very
similar documents, so recall would not be high, but it is possible that precision could still be
very good.
Using 20-bit codes, we checked whether our learning procedure could discover a way to
model similarity of count-vectors by similarity of 20-bit addresses that was good enough to
allow high precision retrieval for our set of 402,207 test documents. For example, a hamming ball of radius 4 contains 6,196 of the million addresses so it should contain about
2,500 documents. Fig. 6 shows that accuracy is not lost by restricting TF-IDF to this preselected set. We can also use a two-stage filtering procedure by first retrieving documents
using 20-bit addresses in a hamming ball of larger radius 6 (about 25,000 documents), filter
these down to 1,000 using 128-bit codes, and then apply TF-IDF. This method is faster and
achieves higher accuracy as shown in Fig. 6.
Scaling up the learning to a billion training cases would not be particularly difficult.
Using mini-batches, the learning time is sublinear in the size of the dataset if there is
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Fig. 6. Accuracy curves for Reuters RCV2 dataset, when a query document from the test set is used to retrieve
other test set documents, averaged over all 402,207 possible queries. Locality sensitive hashing (LSH) is the
fastest current method for finding similar documents. It is less accurate and also much slower than using
the Hamming ball around a learned binary code to create a shortlist for TF-IDF.
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redundancy in the data as there surely is. Also, different processors can be used to compute the gradients for different examples within a large mini-batch. To improve recall,
we could learn several different ‘‘semantic’’ address spaces on disjoint training sets and
then preselect documents that are close to the query document in any of the semantic
address spaces.

7. Discussion
We have described a rather complicated way of learning efficient, compact, nonlinear
codes for documents, and we have shown that these codes are very good for retrieving similar documents. The learning is slow, especially the fine-tuning stage, but it scales very well
with the size of the dataset. The use of a simple gradient method as opposed to a complicated convex optimization, means that it is easy to incorporate new data without starting all
over again. Even though the learning is quite slow, the inference is very fast. The code for a
new document can be extracted by a single, deterministic feed-forward pass through the
encoder part of the network and this requires only a few vector-matrix multiplies.
To gain further insight into the nature of the codes that are learned, it would be helpful if
we could visualize what the individual elements of the codes represent. Unfortunately, this
is not nearly as easy to do as with topic models because in our codes, each component is
activated by a very large set of documents and the precision comes by intersecting all of
these sets. By contrast, in topic models each word must be generated by a single topic so the
individual topics are, necessarily, far more precise and therefore far easier to visualize. For
generative models of labeled data it is possible to fix the class label and see what typical
instances of that class look like as is done in Hinton et al. (2006), but this method cannot be
applied when the model is learned on unlabeled data.
Our method for learning codes could be applied to the same word document matrix in a
different way by treating each word as a training case rather than each document. The codes
would then represent word meanings and it would be interesting to visualize them in a
two-dimensional map using t-SNE (van der Maaten & Hinton, 2008), which is very good at
organizing the layout so that very similar codes are very close to one another (see http://
www.cs.toronto.edu/ hinton/turian.png for an example).
While the use of short codes may be interesting for the technology of information retrieval, we think it is largely irrelevant to the issue of how people represent and retrieve documents for the reasons given in the Introduction. However, the same deep learning methods
can be used to extract very large, very sparse codes, and we think this is a far more promising direction for future research on how the brain represents the contents of a document.
Notes
1. The last minibatch contained more than 100 cases.
2. Code is available at http://www.kyb.tuebingen.mpg.de/bs/people/carl/code/minimize/.
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3. The data are available at http://people.csail.mit.edu/jrennie/20Newsgroups (20newsbydate.tar.gz). It has been preprocessed and organized by date.
4. The Reuter Corpus Volume 2 is available at http://trec.nist.gov/data/reuters/
reuters.html.
5. Code is available at http://www-db.stanford.edu/manku/bitcount/bitcount.html.
6. 256-bit codes work slightly better that 128-bit ones.
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