
Prefix Tree based N-best list Re-scoring for Recurrent Neural Network
Language Model used in Speech Recognition System

Yujing Si, Qingqing Zhang, Ta Li, Jielin Pan, Yonghong Yan

The Key Laboratory of Speech Acoustics and Content Understanding,
Chinese Academy of Sciences, Beijing 100190, P.R.China

{siyujing,zhangqingqing,lita,panjielin,yanyonghong}@hccl.ioa.ac.cn

Abstract
Recurrent Neural Network Language Model (RNNLM) has re-
cently been shown to outperform N-gram Language Model-
s (LM) as well as many other competing advanced LM tech-
niques. However, the training and testing of RNNLM are very
time-consuming, so in real-time recognition systems, RNNLM
is usually used for re-scoring a limited size of n-best list. In
this paper, issues of speeding up RNNLM are explored when
RNNLMs are used to re-rank a large n-best list. A new n-
best list re-scoring framework, Prefix Tree based N-best list Re-
scoring (PTNR), is proposed to completely get rid of the redun-
dant computations which make re-scoring ineffective. At the
same time, the bunch mode technique, widely used for speeding
up the training of feed-forward neural network language mod-
el, is investigated to combine with PTNR to further improve the
rescoring speed. Experimental results showed that our proposed
re-scoring approach for RNNLM was much faster than the stan-
dard n-best list re-scoring 1. Take 1000-best as an example, our
approach was almost 11 times faster than the standard n-best
list re-scoring.
Index Terms: RNNLM, N-best list, PTNR, speedup, bunch
mode

1. Introduction
Statistical language model is a critical component in many
speech and natural language model processing systems, such as
Statistical Machine Translation (SMT) and Automatic Speech
Recognition (ASR). Over the last few decades, N-gram LM is
the most popular technique for statistical language model [2, 3].
However, n-gram LM has weak capability to generalize to un-
known data as it estimates parameters in the discrete space [4].
Furthermore, when using longer context, n-gram LM suffers
from exponential size growth and severe data sparseness [5].

Recently, RNNLM has been proposed and shown to outper-
form the conventional n-gram LMs as well as many other com-
peting advanced LM techniques in many standard tasks, such
as Penn Treebank Corpus, WSJ, NIST RT05, etc [6, 7]. A no-
ticeable characteristic of RNNLM is that it has feedback activa-
tion from long word history and makes use of full word history
information instead of length-limited word history. Although
better performances have been obtained by RNNLM, its train-
ing and testing are very time-consuming [8]. Considering the
specialty of RNNLM architecture, many speeding-up strategies
used in the training and testing of Feed-Forward Neural Net-
work Language Model (FF-NNLM) [9] can not be directly used

1In this paper, the standard n-best list re-scoring refers to the n-best
list re-scoring approach which processes hypotheses sequentially [1].

for RNNLM, such as bunch mode and paralleling [10]. Howev-
er, in order to train RNNLMs using large data set, many other
techniques for speeding up the training of RNNLM have been
proposed in [11, 12, 13, 14, 15, 16]. Besides, some techniques
for accelerating the testing of RNNLM have been also proposed
for real-time systems [1, 8, 17].

In consideration of high computation complexity of neural
network language model and huge search space of the first de-
coding of ASR, it will lead to very long decoding times when
FF-NNLMs or RNNLMs are directly used during decoding
[18]. Besides, it is difficult for RNNLM to be used for lattice re-
scoring since RNNLM score computation requires a parameter
that depends on the full word history while multiple hypotheses
in the lattice usually share the same suffix. Hence, RNNLM-
s are usually used for n-best list re-scoring because the search
space of n-best list is smaller and hypotheses of n-best list are
detached. However, for large N-best list re-scoring, speed of
RNNLM is still a bottleneck for many real-time applications.
Consequently, RNNLMs can only be used to re-score a limited
size of n-best list in real-time ASR systems.

Generally speaking, re-scoring a larger n-best list with
RNNLMs could obtain better performance while the system
speed has been badly affected [19]. In order to make it pos-
sible that large n-best list re-scoring with RNNLMs can be used
in real-time ASR systems, a Prefix Tree based N-best list Re-
scoring (PTNR) is proposed in this paper to accelerate n-best list
re-scoring with RNNLMs. The basic idea of PTNR is to com-
pletely get rid of the redundant computations which make n-best
list re-scoring ineffective. Besides, bunch mode technique [20]
is investigated to combine with PTNR to further improve the
re-scoring speed.

The rest sections are organized as follows: the related work
is described in Section 2 and the principle of RNNLM is provid-
ed in Section 3. In section 4, PTNR and bunch mode technique
for n-best re-scoring is presented respectively. Finally, experi-
mental results are given in section 5 followed by conclusion in
section 6.

2. Related work
Artificial neural networks have been already used in training
statistical LMs by Bengio [21]. Recently, RNNLM has been
shown to be much better than state of the art back-off models
even when they are trained on much more data than RNNLM
[6]. Some optimization techniques such as Back-Propagation
Through Time (BPTT) and output layer factorization were in-
troduced to get better and faster RNNLMs [11]. In particular,
several strategies such as RNN+ME (Maximum Entropy) were
proposed to train RNNLMs on large data sets [12].
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RNNLM is usually used for n-best list re-scoring in real-
time ASR systems as mentioned in Section 1, but it can be also
used in the first decoding and lattice re-scoring when the system
speed is not considered. For example, RNNLM can be used in
the first pass decoding via being converted to Weighted Finite
State Transducers (WFST) [17]. And, a hill climbing algorithm
can be employed to apply long-distance dependent LMs such as
RNNLMs into lattice re-scoring [1, 22]. However, the system
speed could be badly affected due to the huge search space of
first decoding and lattice re-scoring. As a result, for real-time
systems where system speed is the top-priority, RNNLMs can
be only employed to re-score a limited size of n-best list. Ad-
ditionally, redundant computations usually exist in the standard
n-best list re-scoring with long-distance dependent LMs such as
RNNLMs because many hypotheses of n-best list always share
the same prefix string, which make n-best re-scoring ineffective.
The cache based n-best re-scoring is the most popular approach
to reduce the redundant computations [8]. However, it does not
completely get rid of redundant computations as mentioned in
[23].

The cache based n-best list re-scoring is the most related
to our approach PTNR. Both the PTNR and the cache based
method focus on how to get rid of redundant computations of
RNNLM. However, to our best knowledge, the prefix tree has
not been used in the n-best list re-scoring before though the
redundant computations of n-best re-scoring can be totally re-
moved by converting the n-best list into the prefix tree. Fur-
thermore, PTNR can be effectively combined with bunch mode
[20] technique guaranteeing no redundant computations while
the cache based method could not guarantee that. By combin-
ing PTNR and bunch mode technique, more speedup can be
obtained.

3. Recurrent neural network language
model

It is well-know that LMs which depend on the long word his-
tory can capture long context patterns, syntactic dependencies.
However, for practical use, considering efficiency and compu-
tation complexity, N-gram LM (N is normally set as 3, 4 or 5)
is usually used. In this case, N-gram LM can only capture pre-
vious 2, 3, 4 words. As to FF-NNLM, the history is still just
previous several words. On the contrary, as to RNNLM, the w-
hole word history can be learned from the training data. The
hidden layer of RNNLM representing all previous word history
is propagated into the input layer. Thus, RNNLM can make use
of full words history information rather than just N-1 previous
words. Experimental results show that RNNLM is much better
than FF-NNLM as well as N-gram LM [7]. More detail about
RNNLM can be found in [6].

4. Proposed approaches for n-best list
re-scoring

4.1. Prefix tree based n-best list re-scoring

The details of PTNR are shown in Algorithm 1. The n-best list
is first organized as the prefix tree as shown in Figure 1. The
path from the root node <s> to a leaf node </s> in the pre-
fix tree represents one hypothesis of n-best list. It can be seen
that the prefix strings shared by multiple hypotheses in the o-
riginal n-best list have been merged in the prefix tree. Hence,
there are no redundant computations if the n-best list re-scoring

Algorithm 1 Prefix Tree based N-best Re-scoring (PTNR)
Require: N-best list N , Ngram LM Lngram, RNNLM

Lrnnlm, Queue nodeQ
1: convertN to the prefix tree T
2: Initialize h and s in the root node of T
3: nodeQ.push(root node)
4: while nodeQ is not empty do
5: n=nodeQ.pop()
6: add all words in children nodes of n to setW
7: (Prnns, h

′
) = RnnProb(W , n.w, n.h)

8: store h
′

in all children nodes of n
9: for each child node n

′
following n do

10: (Pngram, s
′
) = NgramProb(n.w, n.s,n

′
.w)

11: n
′
.s← s

′
;

12: nodeQ.push(n
′
)

13: end for
14: free (h, s) of node n
15: end while
16: FindBestHpy(T )

wouldwould II thinkthink <//s></s>

whatwhat II thinkthink <///s></s>
willwill telltell youyou

whenwhen II thinkthink <///s></s>

<s><s>
whywhy II thinkthink <///s></s>

II

wouldwould sellsell youyou
whatwhat II thinkthink <//s></s>

whenwhen II thinkthink <///s></s>

wouldwould II thinkthink <///s></s>

WilsonWilson youyou II thinkthink <///s></s>

 

 

Figure 1: Prefix tree based N-best list.

is done based on this prefix tree. Moreover, the context infor-
mation of each word in the n-best list can be easily obtained
in the prefix tree by looking up parent nodes and children n-
odes. Hence, given current word, it is very convenient to obtain
RNNLM probabilities of all the following words through just
one-time forward-propagation.

In order to compute LM probabilities, two values need to
be stored in the prefix tree node. One is the hidden layer val-
ue h of the previous propagation which is used to compute the
RNNLM probability, the other one is the state vector s used in
the Kenlm toolkits [24] which is used to look up the N-gram
LM probability. The original acoustic model score is also nec-
essary to be combined with the new LM score in the n-best list
re-scoring. As shown in Algorithm 1, after initializing h and
s in the root node, PTNR computes new LM probabilities in a
topological order and updates the vector states2 in the follow-
ing children nodes. Note that the state vectors in the parent
nodes could be discarded after new LM probabilities are com-
puted because they are not used in the future. As a result, PTNR
uses a smaller memory footprint than the cache-based method
since PTNR only needs to store part of state vectors. In the end,
FindBestHpy(T ) traverses the prefix tree and searches for the
best hypothesis whose score is maximal as the final result.

2which refer to (h, s) used to compute new LM probabilities.
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Table 1: Interpolation weights and final size for n-gram LM

N-gram LM web data transcriptions size(ngrams)
3-gram 0.25 0.75 72M
4-gram 0.2 0.8 787M

4.2. Combining PTNR with bunch mode technique
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Figure 2: Combining PTNR with the bunch mode technique

The bunch mode technique [20], also known as block op-
eration, has been widely used in speeding up the training of
FF-NNLM [9]. The basic idea of bunch mode is straightfor-
ward: several words get propagated through the net in a single
matrix×matrix operation which can be performed much faster
than through a sequence of matrix×vector operations by the ex-
isting BLAS library. The Bunch mode technique processes sen-
tences by batches of several examples. Firstly, the training data
is divided into several sentence flows which are processed si-
multaneously. Using the bunch mode technique, the training
time can be reduced by a factor of 10 at the price of a slight loss
in perplexity [9].

In this work, the bunch mode technique is employed to ac-
celerate n-best list re-scoring with RNNLMs. However, the im-
plementation is not straightforward. As shown in Figure 2, the
location of the second soft-max output layer (matrix V ) is dif-
ferent for every word because words are classified into differ-
ent classes in the class-based RNNLM [11] . As a result, the
soft-max computation has to be done exclusively. Fortunately,
matrix W , matrix U between the input layer and hidden layer,
matrix C between the hidden layer and the class part of output
layer can be shared for different words, which indicates that the
bunch mode technique can be used. The bunch mode technique
can be effectively combined with PTNR as shown in the Figure
2 and more speedup can be obtained for n-best list re-scoring.

5. Experiments
5.1. Experimental setup

The ASR system used in this work is a conversational telephone
speech recognition system [25]. It employs a two-pass search

Table 2: The performance of N-best list re-scoring

WER(%)
the first pass 34.8
the second pass
4-gram lattice re-score 34.5
RNNLM re-score(100-best) 34.0
RNNLM+4gram re-score(100-best) 33.6
RNNLM+4gram re-score(1000-best) 33.4

Figure 3: The comparisons of various rescoring method-
s in terms of total forward-propagation computation times of
RNNLM. The y axis represents total forward-propagation com-
putation times of RNNLM and the x axis represents N-best list

strategy. In the first pass, decoder only uses a weak LM, such
as a 3-gram LM, to generate multiple recognition hypotheses
which can be compactly represented in a data structure called
word lattice from which the n-best list is extracted. In the sec-
ond pass, more powerful LMs, such as high-order n-gram LMs
or RNNLMs, are used to re-score hypotheses of n-best list and
then the new best hypothesis is obtained. The SRILM tools
[26] are used to obtain the statistical back-off N-gram LMs. In
addition to the transcriptions of acoustic training data, web da-
ta collected by ourselves is also used. The transcriptions data
contains about 13M words and the web data contains about 2
billion words. A three-hour Mandarin conversational telephone
speech transcriptions is used as the development set to opti-

Figure 4: Speed comparisons among various n-best list re-
scoring approaches
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Table 3: Speeds of various n-best list re-scoring approaches
(RT)

N-best list Standard n-best PTNR PTNRBUNCH
re-scoring

10-best 0.0122 0.0102 0.0052
20-best 0.0240 0.0161 0.0065
50-best 0.0586 0.0318 0.0103
100-best 0.1123 0.0544 0.0156
200-best 0.2170 0.0943 0.0254
500-best 0.5146 0.1965 0.0504
1000-best 0.9832 0.3459 0.0892
2000-best 1.8780 0.6110 0.1598

mize LM perplexity. The interpolation weights and final sizes
of the 3-gram LM and 4-gram LM are shown in Table 1. All
N-gram LMs are translated into the binary files and loaded us-
ing KenLM [24]. Besides, all the acoustic modeling and feature
setting follow those of [25].

In consideration of high computation complexity of
RNNLM, only transcriptions of acoustic training set are used
to train RNNLM. The training parameters of RNNLM are 5 it-
erations of BPTT [27], 600 hidden neurons, 300 classes and 43k
vocabulary size. The details on how to set these training param-
eters of RNNLM can be found in [28]. Finally, the 4-gram LM
and RNNLM are linearly interpolated and the mixture weight
of RNNLM is empirically set to 0.7.

Two Mandarin conversational telephone speech data sets
are chosen to evaluate the performances of RNNLMs and the
speed of the standard n-best list re-scoring, the cache based
n-best list re-scoring and PTNR. Test-set1 contains one hour
speech and Test-set2 contains 6.72 hours speech. All the exper-
iments are carried on the machine with 2.4GHz CPU and 8 GB
memory.

5.2. Experimental results

5.2.1. N-best list re-scoring results

First of all, in order to ensure the correctness of PTNR, the re-
scoring results on Test-set1 obtained by PTNR are compared
with results obtained by the standard n-best list re-scoring and
the cache based method. The re-scored results of three n-best
list rescoring approaches are exactly same. In other words, PT-
NR can accelerates n-best list re-scoring on the condition that
the performance of RNNLM is not affected. The performance
of n-best list re-scoring with RNNLMs on Test-set1 in terms of
Word Error Rate (WER) is shown in Table 2. It can be seen that
4-gram LM lattice re-scoring only gives 0.3% absolute reduc-
tion in WER while 100-best list RNNLM re-scoring can reduce
WER by 0.8% absolutely. When N-gram LM and RNNLM are
combined together, better results (1.2% absolute reduction) are
obtained, which shows these two LMs are complementary [4].
Besides, better results are obtained when the rescoring is done
based on a larger n-best list (1000-best VS 100-best). Howev-
er, larger n-best lists take more time for rescoring. Hence, for
real-time applications, it is important to speed up the n-best list
rescoring.

5.2.2. The speed of PTNR

The speed of n-best list re-scoring is evaluated on Test set2.
First of all, total computation times of forward-propagation

of RNNLM in the implementation of different n-best list re-
scoring approaches are compared as shown in Figure 3. It can
be seen that PTNR can drastically reduce the computation times
of RNNLM since it is able to completely get rid of the re-
dundant computations. And then, the speed of various n-best
list re-scoring approaches is all measured on the machine with
2.4 GHZ and 8 GB memory. The result of speed comparison
is shown in Figure 4. As expected, the PTNR is much faster
than both the standard n-best list re-scoring and the cache based
method in various sizes of n-best list re-scoring.

5.2.3. Combining PTNR and bunch mode

The bunch mode technique has been widely used in speeding
up the training of FF-NNLM. Using bunch mode, the training
time can be reduced by a factor of 10 at the price of a slight
loss in perplexity [9]. In this work, the bunch mode technique is
introduced into the PTNR (PTNRBUNCH). As shown in three
and four columns of Table 3, PTNRBUNCH is 2∼4 times faster
than PTNR in terms of RT 3. Noted that, using bunch mode
does not obtain as much speedup as the training of FF-NNLM.
There are two reasons. One reason is the implementation of
bunch mode in PTNR is not as straight as that in the training of
FF-NNLM. The other reason is that the input size of PTNR is
smaller than the training of FF-NNLM. Finally, the speeds of
the standard n-best list re-scoring, PTNR and PTNRBUNCH in
various sizes of n-best list are summarized in Table 3. It can be
seen that PTNRBUNCH is much faster than the standard n-best
list re-scoring as well as PTNR. Take 1000-best list re-scoring
as an example, PTNRBUNCH is as many as 11 times faster than
the standard n-best re-scoring. Hence, RNNLM can be used to
re-score a large n-best list in real-time systems with a reasonable
re-scoring time by PTNRBUNCH.

6. Conclusion
In this paper, several approaches were proposed to speed up
n-best list re-ranking of ASR output with RNNLMs. It was
observed that many hypotheses of n-best list were similar and
there were many hypotheses sharing the same prefix string. As
a consequence, plenty of redundant computations of RNNLM
were caused, which made n-best re-scoring ineffective. Thus,
a novel n-best list re-scoring framework, Prefix Tree based N-
best list Re-scoring (PTNR), was proposed to completely get
rid of the redundant computations. Moreover, the bunch mode
technique was investigated to combine with PTNR to further
improve the rescoring speed. The proposed approaches in this
paper could be also used in the n-best re-scoring with other LMs
whose computations are very time-consuming.
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3Real-Time, whose computation formula is processing time
total time of test set
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