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Abstract
Recurrent neural network based language models (RNNLM)
have been demonstrated to outperform traditional n-gram lan-
guage models in automatic speech recognition. However, the
superior performance is obtained at the cost of expensive model
training. In this paper, we propose a sentence-independent sub-
sampling stochastic gradient descent algorithm (SIS-SGD) to
speed up the training of RNNLM using parallel processing tech-
niques under the sentence independent condition. The approach
maps the process of training the overall model into stochastic
gradient descent training of submodels. The update directions
of the submodels are aggregated and used as the weight up-
date for the whole model. In the experiments, synchronous and
asynchronous SIS-SGD are implemented and compared. Using
a multi-thread technique, the synchronous SIS-SGD can achieve
a 3-fold speed up without losing performance in terms of word
error rate (WER). When multi-processors are used, a nearly 11-
fold speed up can be attained with a relative WER increase of
only 3%.
Index Terms: Recurrent neural networks language models,
stochastic gradient descent, subsampling, N-best list.

1. Introduction
Statistical language models play a crucial role in applications
such as automatic speech recognition, machine translation and
spelling correction. They model probability distributions over
all possible word sequences in a language. Conventional n-
gram language models have dominated automatic speech recog-
nition for years due to their simplicity, good performance, and
robustness. However, they suffer in face of sparse data and their
ability to capture long-distance dependencies is insufficient.

It has been shown that both of these problems can
be addressed by recurrent neural networks language models
(RNNLM) [1, 2]. Conventional n-gram language models are
discrete in nature, and despite smoothing techniques [3, 4], their
ability to generalize remains limited. In contrast, better general-
ization can be achieved by RNNLMs, which map a discrete word
to a point in a continuous space. The n-gram language models
predict the next word by conditioning only on two or three pre-
vious words. However, in RNNLM, the recurrent connections
between input layer and hidden layer, theoretically, can allow
the information to cycle for an arbitrary length of time [1].

A critical drawback of RNNLMs is that they achieve their
performance at the cost of expensive training. It is well known
that it is difficult to use parallel processing to speed up an
RNNLM without degrading performance because the SGD algo-
rithm needs to update the weight of the RNNLM word by word.
Because of the recurrent structure of an RNNLM, it is necessary
to copy the activations of the hidden layer from the previous

word to the current input layer. So that the copying process can
be supported, RNNLMs are trained sequentially.

In order to make the parallel training of an RNNLM possi-
ble, we propose a sentence-independent subsampling stochas-
tic gradient descent method (SIS-SGD) in this paper. SIS-SGD
constrains the RNNLM by imposing the condition of sentence
independence. The novel contribution of our approach is that
it limits the history of a word in a way that is shown to both
enable parallelization and also retain the ability of the RNNLM
to benefit from information cycling in the network.

This paper is organized as follows. In the next section, we
present the relevant related work. In Section 3, we explain the
details of the SIS-SGD approach. In Section 4, we use the Penn
Treebank and the Wall Street Journal data sets to show its effec-
tiveness. The final section gives the conclusion.

2. Related work
In this section, we discuss the NNLM, RNNLM and SGD algo-
rithms and speed up strategies that have been applied in the liter-
ature. Bengio et al. [5] proposed a neural probabilistic language
model using feed forward neural networks, in which the input
is the preceding n− 1-gram. Their experiments showed that an
NNLM can yield lower perplexity than conventional smoothed
n-gram language models. Even though an NNLM is easier to
speed up by parallel processing [6, 7], compared with RNNLMs,
the NNLM has two drawbacks. One is that the preceding context
information that the NNLM uses to predict next word is fixed.
It is usually constrained to five to ten words, which is smaller
than the context used for an RNNLM. NNLMs are shallower
than RNNLMs. The recurrent hidden layer effectively equips
an RNNLM with multiple hidden layers, which can learn more
abstract representations of the input. This effect is confirmed
by the fact that an NNLM approaches the performance of an
RNNLM when additional hidden layers are added [8].

Most of the previous studies on speeding up NNLMs have
focused on reducing the size weight matrix for learning from
hidden layer to output layer. In [9], the output of an NNLM
was constrained to a short list of most frequent words. Ben-
gio et al. [10] used an adaptive importance sampling strategy
to reduce the computation. Xu et al. [11] also used a subsam-
pling strategy, but converted the multi-class prediction problem
to a binary class prediction problem. However, the subsampling
strategy is influenced by noisy samples, which make the model
training unstable and difficult to adjust. Alternative to subsam-
pling, in [12], it was proposed to use noise contrastive estima-
tion to train NNLM. In [2], Mikolov proposed the class-based
RNNLM, which used a simple and stable class trick to factorize
the output layer in RNNLM. These methods already reduced the
computation used for weight learning between hidden layer and
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output layer to less than 1%. This class trick has been adopted
in NNLM parallel training by [6]. However, the parallelization
of the RNNLM has not been addressed due to the constraints of
recurrent neural networks and of SGD. In this paper, we focus
on the speed up of class-based RNNLMs via parallelization.

The online stochastic gradient descent (SGD) algorithm [13]
has been extensively applied for neural networks, especially for
large scale problems. Recently, [14] applied the Map-Reduce
for SGD parallelization. Under Map-Reduce, a master machine
distributes the computation of gradients to multiple slave ma-
chines, and then aggregates all the gradients to perform a global
update. However, this algorithm requires many passes of data
and many synchronization sweeps for convergence. In [15], the
authors proposed to use a full-batch SGD in each slave machine.
Each slave machine holds the data necessary to compute one
update direction. In the end, the master machine averages all
the directions to get a final update direction. In this way, it sig-
nificantly reduces the cost of communication among processors.
However, in each processor full-batch SGD is necessary and, in
practice, the resulting performance turned out to be much worse
than the SGD. In [16, 17, 18], a similar parallel strategy for the
deep neural network learning is used. The parallel SGD pro-
posed in [19] improved the algorithm in [15] by using online
SGD in each slave processor rather than the full-batch SGD. In
this paper, we use an algorithm similar to [19]: each slave uses
SGD to get an update direction and the master aggregates all the
directions to perform one iteration of parameter update. One
major difference with our SIS-SGD is that we use subsampling
instead of partitioning of the training data. Our experimental
results reflect the importance of subsampling.

In order to reduce the latency among processors, previ-
ous work [20, 21, 6, 22, 23] has proposed a variant paral-
lel SGD algorithm—the asynchronous SGD—under which each
slave performs SGD to calculate each direction independently of
the others and updates the shared parameters asynchronously.
Specifically, each slave updates a delayed parameter vector. In
[21] it was shown that the large delay, which was due to the fact
that each slave handles a significant subset of the training data,
in fact degraded the model quality. In other words, it is better
if the slave can send parameter update directions to the mas-
ter regularly after a small number of SGD steps are performed.
In many applications, such overhead is acceptable. However,
in RNNLM, the model has a huge number of parameters. The
frequent communication of parameters among processors will
dilute the gain from parallel processing. The parallelization ap-
proach in this paper attempts to minimize the overhead.

3. Sentence Independent Subsampling
Stochastic Gradient Descent Algorithm

RNNLMs [1] generally have three layers: an input layer x, a
hidden layer h and an output layer y. At each time t, the input
vector x(t) is constituted by the current word vector w(t) as
well as a copy h(t− 1) from the previous hidden neurons. The
sigmoid function and softmax function are used as the activation
functions in the hidden layer and output layer, respectively. In
[2], the output layer consists of two groups of output units. The
first group represents the vocabulary; hence there are V output
units if V is the vocabulary size (UNK can be included). The
second group represents classes; usually there are about 100-
200 class units used. Each input word w(t) is mapped to a
unique class, which is connected to a constrained, fixed subset
of output units in the first group that possibly can be activated,
and thus, computed.

In the conventional RNNLM, the matrix weights between
different layers are trained using the stochastic gradient descent
algorithm. To apply RNNLM to large data sets, we propose SIS-
SGD.

Figure 1: The SIS-SGD algorithm

The SIS-SGD algorithm uses a master/slave scheme to carry
out message passing among different threads or processors. As
shown in Figure 1, at each iteration t, all slaves start from the
same parameters W (t). Each slave randomly samples a sub-
set of the training data as its own training set, and runs regular
online SGD. After finishing its own samples, it computes the
gradient direction from the initial W (t) to the point at which
it converged using its own data set. The directions are then
weighted and aggregated by the master to compute the new pa-
rameterW (t+ 1):

W (t+ 1) = W (t) +
α

n
∗

n∑

k=1

λk(t)ΔWk(t) (1)

where n is the number of slaves. ΔWk(t) is the overall update
direction that slave k learned from its training subset. λk(t) is
the weight for the direction from slave k.

In neural network training, the model benefits more from
new patterns in the training data. In this paper, we apply the
following heuristic method to determine the weight λk.

λk(t) =
ln(Ek(t))∑

n

l=1
(ln(El(t)))

, (2)

where Ek is the entropy of the subset training data in slave k.
We adopt the common practice of identifying new patterns of
training data by high entropy. The directions calculated on the
basis of these new patterns are given more weight in the final
update direction.

3.1. Sentence Independence
SIS-SGD operates under the assumption of sentence indepen-
dence. In a standard RNNLM, the prediction of next word is
based on the history information including previous sentences.
In fact, however, an infinite history is unnecessary in many
applications. For example, in voice search, there is not nec-
essarily a strong relationship among sentences. At the same
time, although theoretically information in an RNNLM can cy-
cle for an arbitrary length of time, in practice, the span of the
back-propagation-through-time algorithm that is used to learn
the weights, is limited. The study in [2] shows that after 4 to
5 steps, back propagation through time has very little benefit.
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Further, due to the random sampling at each slave, sentence de-
pendency has no real relevance. Section 4.2 will verify that as-
suming sentence independence has a barely noticeable effect on
the the perplexity of the trained model. Although in this work
we use sentence-level sampling, we expect our results to be gen-
eralizable to different units of approximately the same size, e.g.,
utterances.

3.2. Running SGD inside each Slave
As we mentioned before in SIS-SGD, each slave updates its
model replica by the standard online SGD algorithm. It does
not communicate with the master until it finishes training on its
own subset of samples, and in this way avoids frequent messag-
ing between slaves and master. The master waits for all slaves to
finish one iteration of training. Within each slave, the direction
is effectively computed via SGD, rather than mini-batch SGD or
batch SGD.

3.3. Subsampling
An important principle enforced by the subsampling in SIS-SGD
is that the subsampled sentences from each slave overlap with
each other and that the union of all subsamples cover the orig-
inal entire training set. Introducing overlaps instead of using
parallelization regularizes parallel SGD. After each iteration of
parameter update at the master, we re-shuffle the whole training
data set and continue to do subsampling.

In SIS-SGD, the use of subsampling instead of disjoint par-
titioning has two motivations: One factor is determined by the
special structure of RNNLM. In RNNLM, both the weight ma-
trix from input word to hidden layer and hidden layer to output
word, are sparse and huge. Partitioning leads to a situation in
which each slave confronts a sparse data problem in producing
an effective direction from its own subset. The other factor is
the diversity of the directions from each slave. Each partition of
the training data can be quite different from each other, which
means that the directions from different partitions can conflict
with each other. The aggregation of these diverse directions
from disjoint partitions can result in a very small update for the
parameter learning. The performance observed during our ini-
tial exploratory experimentation was so severely degraded in the
case of disjoint partitions, that we did not consider the possibil-
ity further in the main experiments.

3.4. Practical Tricks for Robustness
In SIS-SGD, we use a smaller learning rate for the lower layer
weight update [24]. Fundamentally, neural networks can be
viewed as a combination of many different regressions. The-
oretically weights from different layers should use different
learning rates. However, in practice, only one learning rate is
used for all the weights. In fact, the higher layer usually has a
larger gradient than the lower layer. A smaller learning rate on
the lower layer avoids divergence during training.

To accelerate the training of SIS-SGD, momentum [25] is
applied in the master weight update in SIS-SGD. The basic ap-
proach is to interpolate current weight updates with the weight
update history. The idea is that if the current updates are close
to the historical updates, the momentum will increase the cur-
rent updates. Otherwise, current updates will be reduced by the
historical weight updates. This trick makes the training tolerant
to noise and also speeds up training.

4. Experiments
4.1. Data Set
To evaluate the proposed SIS-SGD algorithm, we use two differ-
ent data sets. The first one is Penn Treebank text data set (ref-

Table 1: The perplexity and WER results of the sentence depen-
dent (DEP) RNNLM and sentence independent (INDEP) RNNLM
reported on PTB and WSJ. RAND means that the training se-
quences were randomized.

model PPL WER(%) WER(%)
TEST DEV EVAL

PTB-RNN-DEP 138.7 - -
PTB-RNN-INDEP 136.6 - -
PTB-RNN-DEP-RAND 137.4 - -
PTB-RNN-INDEP-RAND 135.3 - -
WSJ-RNN-DEP 138.3 11.36 15.48
WSJ-RNN-INDEP 144.0 11.17 15.54
WSJ-RNN-DEP-RAND 139.4 10.88 15.66
WSJ-RNN-INDEP-RAND 140.6 11.15 15.69

ered to as PTB). We use section 00-20 (972K word tokens) for
training, section 21-22 (77K word tokens) for validation during
the training, section 23-24 (86K word tokens) for testing. The
vocabulary size for our experiment is 10K. We will measure
only the perplexity on the Penn Treebank data set.

The second data set is WSJ, for which we use 100-best
speech recognition list from the DARPA WSJ’92 and WSJ’93
data sets, as used by [1, 26]. In the 100-best list set, 333 sen-
tences are used as development data for tuning the interpolation
of language models score and acoustic model score (DEV). The
rest, 465 sentences, are used for evaluation (EVAL). The oracle
WER for development data and evaluation data are 6.1% and
9.5%, respectively. The training corpus contains 37M words
of running text from the NYT section of English Gigaword.
The validation data set contains 186K words. A held-out set
of 230K words is used for testing (TEST). The vocabulary size
is 194K. Our experiments rescore the N-best lists for various
RNNLM models and the baselines that we use for comparison.

All the RNNLM models in our experiments have 200 hidden
neurons and are trained using 4-step back propagation through
time (BPTT). The baseline model is obtained using the most re-
cent version of RNNLM toolkit, in which the class-based SGD
[2] is implemented. We use 100 word-classes in all of our ex-
periments. The other baseline model is a Kneser-Ney 5-gram
model; a 5-gram model has been shown to provide good n-gram
model performance on this data [27] and is used in [1, 2, 28]

4.2. Sentence Independence Verification
As we discussed in previous sections, SIS-SGD imposes the con-
dition of sentence independence. Table 1 verifies that dis-
rupting the sequences of sentences does not degrade the per-
formance of RNNLM. As a matter of fact, going from DEP to
INDEP-RAND, there is a small improvement in perplexity on
PTB and a small degradation on WSJ. These experiments pro-
vide evidence confirm the motivation for our SIS-SGD.

4.3. Speed up with Multi Threads
On the single machine, we can apply our proposed parallel SIS-
SGD to train RNNLM via multi-thread architecture. The last row
in Table 2 shows that the RNNLM model trained using 16 par-
allel SIS-SGD threads achieves the best training speed without
losing performance in terms of word error rate (WER). Each
slave thread trains a model replica on a subset of 12.5% of the
whole training data. That is, the 16 threads together train twice
(16 ∗ 12.5% = 2) as much the original data, yet with a 3-fold
speedup. The price is the increased memory requirement, as
now 16 replicas of the models must be accommodated in mem-
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Table 2: The perplexity and N-best rescored WER results of
RNNLM trained by parallel SIS-SGD via multi-thread architec-
ture on WSJ data. The ‘size’ column stands for the relative size
of the slave training subset, compared to the whole training data
set. ‘PPL’ shows the perplexity results on the test data.

model size time PPL WER WER
(%) (hours) TEST DEV(%) EVAL(%)

KN5-base 100 - 174.5 12.09 17.30
RNNLM-base 100 77.5 140.6 11.15 15.69
8 threads 100 78.4 140.5 11.00 16.10
8 threads 50 65.9 138.5 10.77 15.84
8 threads 40 46.1 140.4 11.01 15.71
8 threads 25 33.6 144.4 11.07 15.99
16 threads 12.5 26.1 151.0 11.14 15.66

Table 3: The perplexity and WER results of RNNLMs trained
by the parallel SIS-SGD on WSJ data with different numbers of
processors. ‘*’ denotes that the model is trained with more iter-
ations (a lower stopping criterion)

model size time PPL WER WER
WSJ (%) (hours) TEST DEV(%) EVAL(%)
KN5-base - 174.5 12.09 17.30
RNNLM-base 100 77.5 140.6 11.15 15.69
8p 25 33.7 146.9 11.19 15.70
16p 12.5 23.8 150.3 11.03 15.73
24p 8.3 27.2 148.9 11.01 15.67
32p 7.8 15.4 159.5 11.21 16.03
40p 5 19.7 154.7 11.10 15.92
48p 4.2 18.1 156.4 11.17 16.09
100p 2 11.2 172.5 11.41 16.16
*100p 2 27.4 142.0 11.14 15.62

ory, along with an additional copy on the master. In our case,
our machine is an HP Z600 workstation with 12GB of RAM
and 4 cores.

4.4. Speed up with Multi-Processors
The single machine has limited resources in terms of both cores
and memory. In order to fully take advantage of a distributed
hardware architecture, we implemented a multi-process version
of the parallel SIS-SGD. The models given in Table 3 are trained
on Microsoft HPC clusters via MPI processes.

In Table 3, the SIS-SGD models actually subsample the
whole training data twice, except for the one with 32 processes,
where the original train data is processed 2.5 times. When we
used 32 processors, we achieved a 5-fold speed up with a rel-
ative 2% degradation on the evaluation data in terms of WER.
When we used 100 processors, we could speed up the train-
ing by almost 7 times with a relative 3% increase of the WER
in evaluation data. We note that the model can be further im-
proved by an additional 16 hours of training iterations. As it is
shown at the bottom of the table, SIS-SGD uses only one third
of the standard SGD training time but results in a model with
approximately the same performance.

4.5. Asynchronous SIS-SGD
Parallel SIS-SGD can also be implemented in an asynchronous
manner. In [21, 6], the master immediately updates the model
when it receives the direction from any slave. Afterwards,
the master directly sends the updated model back to the cor-

responding slave. Basically, the master suffers extremely low
inter-process latency as it does not have synchronization among
slaves. However, asynchronous communication introduces
model parameter delay among slaves during training. In [21], it
is shown that a small delay to the master in fact improved the
performance of the model as well as accelerated the training.
Large delay from the slave to the master in fact degraded the
quality of the model. That is, one would like to send updates to
the master as frequently as possible.

Figure 2 shows the whole training data entropy of our pro-
posed synchronous SIS-SGD, asynchronous SIS-SGD and base-
line model against wall clock time. In both the synchronous and
asynchronous SIS-SGD, we use 8 processors, each of which has
25% of the entire training data set. Asynchronous SIS-SGD is
implemented in the round-robin way in order to obtain a deter-
ministic result across different training runs. For this reason,
it could have been faster if no round-robin constraint were en-
forced.

As we can see in Figure 2, the synchronous SIS-SGD con-
verges faster than the asynchronous one. The probable reason
is that with asynchronous SIS-SGD, model delay is too large.
The delay in this case is one model learned from the 25% of the
whole training data. Although asynchronous SIS-SGD reduces
the inter-processor latency, the large model delay actually slows
the convergence.
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Figure 2: Training data entropy (Penn Treebank) of asyn-
chronous parallel SIS-SGD, synchronous parallel SIS-SGD and
standard SGD against the wall clock time. The parallel SIS-SGD
use 8 processors, each of which process 25% of training data.

5. Conclusion
This paper has presented a sentence-independent subsampling
stochastic gradient descent method (SIS-SGD), in which RNNLM
is trained in parallel under the condition of sentence indepen-
dence. In SIS-SGD, each slave trains a replica of the model
on its own training data subset, which is generated by subsam-
pling instead of disjoint partitioning. In order to minimize the
data communication overhead, each slave sends its update to
the master only after it finishes one pass of SGD learning on its
own training subset. The master aggregates all the directions in
a heuristic weighted way in order to perform the final model up-
date. The experimental results showed that using a multi-thread
technique, SIS-SGD can achieve a 3-fold speed up without los-
ing performance. Using the multi-process technique and taking
advantage of 100 processors, it can obtain a 7-fold speed up
with a 3 percent relative degradation in terms of WER by taking
advantage of 100 processors.
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