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ABSTRACT
To improve the accuracy of automatic speech recognition, a two-pass
decoding strategy is widely adopted. The first-pass model generates compact word lattices, which are utilized by the second-pass
model to perform rescoring. Currently, the most popular rescoring methods are N -best rescoring and lattice rescoring with long
short-term memory language models (LSTMLMs). However, these
methods encounter the problem of limited search space or inconsistency between training and evaluation. In this paper, we address
these problems with an end-to-end model for accurately extracting
the best hypothesis from the word lattice. Our model is composed
of a bidirectional LatticeLSTM encoder followed by an attentional
LSTM decoder. The model takes word lattice as input and generates
the single best hypothesis from the given lattice space. When combined with an LSTMLM, the proposed model yields 9.7% and 7.5%
relative WER reduction compared to N -best rescoring methods and
lattice rescoring methods within the same amount of decoding time.
Index Terms— speech recognition, word lattice, lattice-tosequence, attention models, forward-backward algorithm
1. INTRODUCTION
Recent years have seen great progress on automatic speech recognition (ASR) based applications, ranging from personal assistants [1]
to smart speakers [2]. The quality of these applications is heavily
dependent on the accuracy of the 1-best hypotheses yielding from
the underlying ASR systems. An ASR system typically consists of
three components to recognize spoken signals: acoustic model, pronunciation and language model. The performance of the ASR system could be affected by many factors, such as the identification of
multi-speakers [3], the lack of training corpus [4] or the existence
of environmental noises [5]. Therefore the 1-best hypothesis may
contain many errors in several situations. To address this problem, a
two-pass decoding strategy is widely adopted to improve the precision of recognition. The first-pass ASR system exposes a portion of
its search space by outputting multiple hypotheses, which could be
represented in the compact form of word lattice. Then in the secondpass decoding, a more sophisticated model is used to search from the
word lattice with N -best rescoring or lattice rescoring.
In the N -best rescoring method, ASR system calculates the N
best paths from the generated word lattice [6] and forms into a sentence list for reranking. The most popular models for N -best rescorThis study was supported by the National Key Research and Development Program
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ing are recurrent neuron network language models (RNNLMs) [7,
8]. In particular, long short-term memory (LSTM)-based RNNLMs
are widely used since they solve the vanishing gradient problem [9].
An LSTMLM computes scores for each sentence in a given N -best
hypotheses list. These language model scores are then interpolated
with the ASR scores attached to each of the hypotheses to perform
reranking of the N -best list. Nevertheless, N -best lists can only encode a tiny subset of all the possible hypotheses in the word lattice,
which could be formulated as the limited search space problem.
For the above-mentioned problem of N -best rescoring, one possible solution is to increase the size of the candidate list. However,
N -best list can only cover a relatively small portion of the overall
lattice even with a large N , since most hypotheses only differ in a
few word positions. Moreover, time consumption rises as N grows,
which is unfavorable in real-time applications. In practice, N is set
at 50 to 1000. Lattice rescoring [10, 11, 12] targets this problem by
directly extracting the single best hypothesis from the lattice space.
A pre-trained language model is used to decode the word lattice with
the forward-backward algorithm. In addition to improving ASR performance, rescoring lattices is much faster than rescoring N -best
lists. However, LSTMLM is trained with the criterion to predict the
next word and is not well-suited to the task of finding the best path in
the lattice. For instance, only positive examples are taken into consideration in the training, therefore it might be hard for the model to
discriminate among alternative hypotheses in the evaluation.
Recently, the end-to-end (E2E) ASR system has been developed,
which is a unified model blending all the components of the traditional ASR system [13]. Nevertheless, the traditional two-pass ASR
system is still the mainstream of the industry due to the more robust
performance. End-to-end ASR models could also benefit from the
two-pass decoding strategy [14, 15]. In the first-pass, word lattices
are built by merging nodes of the beam search outputs.
As shown above, extracting the best hypothesis from a word lattice is a crucial task in ASR systems, which is the main focus of
this paper. We propose a novel lattice-to-sequence (L2S) model that
could search for the best path from a word lattice in an end-to-end
fashion, which addresses the limited search space problem and the
inconsistency between training and evaluation. The proposed model
is composed of a bidirectional lattice encoder network and a decoder
with the attention mechanism. In the training phase, the encoder
computes hidden vectors for each lattice node, which are utilized by
the decoder to generate the speech transcription. In the evaluation,
we incorporate the forward-backward algorithm to generate in the
given lattice space. Experiments are conducted on the famous SwbFisher corpus. A consistent performance gain is obtained over the
traditional N -best rescoring methods and lattice rescoring methods.
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3. NEURAL LATTICE-TO-SEQUENCE MODEL

Despite the vast search space, we show that the proposed L2S model
is also time-efficient compared to previous methods.
2. WORD LATTICES
A lattice is a compact representation of multiple alternative word sequences, which is efficient in encoding the ambiguity of upstream
systems. Sub-sequences are shared among diverse hypotheses, allowing an exponential number of weighted hypotheses to be represented in a single lattice. Previous work has shown that incorporating
lattices into the training of neural networks could improve task performance. Examples include encoding multiple word segmentation
[16], polysemy alternatives [17] and ASR output [18, 19].

We propose an E2E model targeting the lattice search problem. A
bidirectional LatticeLSTM is adopted to encode the given lattice and
compute context representations for each lattice node. An attentional
LSTM decoder is utilized for hypotheses generation conditioned on
the encoder outputs. In the training, the model is trained to generate the reference hypothesis with the word lattice as input. In the
evaluation, the model could generate the predicted hypothesis in an
autoregressive fashion or with the constraint that the generated hypothesis is in the given lattice space. The detailed model structure
and the training and evaluation procedures are presented.
3.1. Encoder
Given xt , ht−1 , ct−1 as input, LSTM produces hidden vector ht and
cell vector ct at each time step with the formula:
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(a) Sample ASR output.

(b) Lattice after pre-processing, containing forward (red) / marginal (blue) / backward
(green) probability scores.

ct = ft

ct−1 + it

ht = ot

tanh(ct ),

where W is the weight matrix parameter and b is the bias.
The basic LSTM is applicable to tasks where words are given in
a sequence linearly such as language modeling. However, there may
exist several preceding words for each word in the lattice graph. In
this work, we utilize a bidirectional LatticeLSTM encoder to model
such dependency. The forward encoder scans word labels of the
lattice in topological order and generates hidden state for each word.
At time step i, we first identify all the predecessors of wi and denote
the set as Pi . The hidden vectors and cell vectors of preceding time
steps are aggregated into

Fig. 1. Sample word lattice for reference “that’s way too early”.
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A word lattice from the ASR system is generally represented as
a directed acyclic graph G = hV, Ei where edges are labeled with
words and weights. Figure 1(a) shows an example output generated
by Kaldi [20] toolkit. We conduct the line-graph algorithm [21] to
convert the lattice into an equivalent form where word labels are assigned to nodes and weights remaining on the edges. This guarantees
that each word corresponds to one hidden state in the encoder. The
lattice after processing is shown in Figure 1(b). We add two special
tokens BOS and EOS to represent the start and the end of the sentence. Each node is also assigned with a number in topological order
such that a child node comes after all its parent nodes.
Each edge of the original word lattice is associated with an ngram language model score and an acoustic score, which could be
combined by an acoustic scale factor. The lattice scores are typically
given in forward-normalized fashion, i.e. the probability on all the
outgoing edges for each node sum to 1. We could further derive
marginal/backward probability scores in the lattice graph. For edge
ei,j ∈ E, assume the forward score is fi,j and denote the set of node
i’s predecessors
P as Pi . Then we can compute marginal score m0 = 1
and mi =
k∈Pi mk fk,i (i > 0) on each node by using forward
algorithm. The backward score is calculated as bi,j = mi fi,j /mj
on each edge. All three types of scores are illustrated in Figure 1(b)
and will be integrated in the L2S model in the following sections.

gt

k∈Pi

k∈Pi

For example, in Figure 1(b), node 3 has two incoming edges e1,3 and
e2,3 . Therefore, hidden states for time step 1 and 2 are compressed
into h̃3 and c̃3 . Assume the embedding for wi is xi , then the hidden
state of the i-th step is calculated with the LSTM function:
hi , ci = LSTM(xi , h̃i , c̃i ).
We could incorporate the backward-normalized scores into the composition of h̃i and c̃i , therefore biasing the aggregated state encoding towards the more likely predecessor hidden states. Note that
the backward scores are selected in the forward encoder since the
backward-normalized scores on each node’s incoming edges sum to
1. The modified formula is given as
S

h̃i =

bk,ih
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where Sh , Sc are parameter vectors to apply tempered softmax, resulting in softer probability distributions.
The backward LSTM could be computed in a similar way in the
reverse topological order. Finally we concatenate the hidden vectors
of the two LSTMs to form the context representation of wi .
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4. EXPERIMENTS

3.2. Decoder
The decoder is a forward LSTM that outputs token at each time step,
conditioned on the context vector produced by the attention mechanism. The decoder hidden state is initialized with the final encoder
hidden state, i.e. s0 = hN , n0 = cN . At time step j, given the
previous LSTM state sj−1 , nj−1 and the embedding yj for the j-th
target word, the hidden vector and cell vector are updated as
sj , nj = LSTM(yj , sj−1 , nj−1 ).
With attention mechanism, the source annotations {hi }N
1 could
be summarized
into
a
fixed-size
context
vector
which
is
calculated
as
P
qj = N
i=1 αij hi . αij measures the degree that the source hidden
vector hi and the decoder state sj match:

4.1. Data Description
The experiments are conducted on Switchboard (SWBD) 300 hours
and Swb-Fisher 2000 hours corpus. We follow the EESEN [22]
SWBD recipe to build the baseline phone-based CTC ASR system.
A 5-layer BLSTM acoustic model with the hidden size of 320 is
trained on SWBD 300 hours speech, and a 3-gram language model
is trained on Swb-Fisher 2000 hours transcripts. All word lattices
are generated by the WFST-based approach as described in [22].
Corpus
train

rij = va> tanh(Wa sj + Ua hi )
eval2000

exp(rij )
αij = PN
,
0
i0 =1 exp(ri j )

rt03

where Wa , Ua and va are model parameters. We could also include the marginal lattice scores into the generation of α. Therefore,
words with high lattice scores may have a higher probability of being selected by the attention layer than words with lower scores. The
computation of rij is replaced with:
rij = va> tanh(Wa sj + Ua hi + Sa mi ).
Here Sa is a scaling parameter vector that maps the marginal score
to a vector of the same dimension as va .
We employ a simple concatenation layer to combine the information from the hidden vector sj and the context vector qj . oj is
fed into a softmax layer to compute the predictive distribution Pj :
oj = tanh(Wc [sj ; qj ] + bc )

FSH
SWB
CH
SWB
FSH
SWB

# Utt.
1,871,512
258,488
2,627
1,831
3,970
4,452

Length
12.1
12.8
9.2
12.6
10.2
9.8

Node
109
125
142
122
131
173

Edge
189
199
273
216
245
338

Table 1. Lattice statistics for different parts of the training corpus
and two test sets. # utt. and length denote the total number and
average length of the reference hypotheses. Node and edge refer to
the average number of the nodes and edges of word lattices.
The validation and test sets are prepared by randomly choosing
from the original Switchboard and Fisher transcriptions, resulting in
6,731 and 5,000 sentences respectively. Vocabulary size of 31K is
used. We evaluate our models on the eval2000 and rt03 set. The
word lattices are pruned with a beam size of 6.0. Details of the data
are given in Table 1. The biggest word lattice in eval2000 corpus
contains 1015 nodes with 1.9e17 possible paths, which remains difficult for N -best rescoring methods to process.

Pj = softmax(Wo oj + bo ).
4.2. Experimental Settings
3.3. Training and Decoding
We train the proposed L2S model by feeding it with pairs of word lattices and their corresponding reference hypotheses. With the trained
L2S model, in the evaluation phase, we could generate the transcription in an unconstrained autoregressive fashion. However, the generated hypothesis might be error-prone if we impose no constraints on
the transcription in the decoding stage. A superior approach would
be to extract the single best hypothesis in the lattice-based search
space. In this paper, we employ the adapted forward-backward algorithm with cardinality pruning as in [10]. The lattice nodes are
processed in topological order starting from the BOS node. For each
node, a list of partial hypotheses is retained. Each candidate hypothesis stores the hidden state and the cumulative score leading from the
BOS node up to the current node. The algorithm extends the hidden
states and scores by words on the successor nodes. Finally, the best
scoring hypothesis of the lattice could be obtained in the EOS node.
For each partial hypothesis s, we calculate the score as
score(s) = (1 − λ) · L2S(s) + λ · (LSTMLM(s) + AM(s)).
where AM denotes the trained acoustic model. When λ = 1, the
algorithm reduces to the original lattice rescoring method. When
λ = 0, the hypotheses are ranked only based on the L2S score. In
other cases, the scores produced by the L2S model and LSTMLM
are combined for estimation. To reduce the computational cost, only
the K-best hypotheses are maintained at each node.

Our proposed L2S model contains two bidirectional LatticeLSTM
layers of size 256 per encoder direction. Word Embedding size is
also set to 256. The decoder contains two LSTM layers with 256
neurons each. A projection layer is inserted to map the encoder
outputs from 512 dimensions to 256 dimensions. We tie the input
embedding of the encoder, the input embedding of the decoder and
the output embedding of the decoder since they consist of the same
vocabulary. We train 4096 tokens on each batch. Adam optimizer
is used for training, with the learning rate of e−3 for the first three
epochs and e−4 for the last two epochs. Dropout rate is set to 0.15.
The baseline LSTMLM has the same model structure as the L2S decoder and also adopts weight tying. The LSTMLM is trained for 10
epochs with a batch size of 256. All the LSTMLM and L2S models
are trained independently on the same data.
4.3. Experimental Results
In Table 2, We compare our proposed L2S model to 3-gram LM and
LSTMLM with different decoding strategies in terms of accuracy
and time impact.1 The first line of the table shows the baseline results produced by a statistical skip-gram model along with the acoustic model. The high WER exhibits the necessity of incorporating a
second pass decoding strategy such as N -best rescoring.
1
All the neural networks are trained and evaluated on a single NVIDIA GeForce
GTX 1080Ti GPU. The N -best algorithm is conducted by the Kaldi toolkit on a Xeon
E5-2670 CPU. All experiments are run single-threaded.
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1
2
3
4
5
6
7
8
9
10
11
12
13

Model

PPL

Decoding Method

3-gram

-

LSTMLM

54.0

L2S

2.3

L2S + LSTMLM

-

first-pass output
rescoring 50-best list
rescoring 100-best list
rescoring 500-best list
rescoring 1000-best list
lattice constrained (K = 1)
lattice constrained (K = 3)
lattice constrained (K = 10)
unconstrained
lattice constrained (K = 1)
lattice constrained (K = 3)
lattice constrained (K = 10)
lattice constrained (K = 1)

CH
27.3
25.5
25.3
25.0
25.1
25.4
25.1
24.9
24.4
23.6
23.6
23.6
22.9

eval2000
SWB sec./utt.
15.2
0.0074
13.1
0.28
13.0
0.44
12.8
1.72
12.7
3.23
13.2
0.08
12.7
0.21
12.8
0.70
13.3
0.08
12.7
0.17
12.7
0.35
12.7
0.97
11.8
0.24

FSH
20.1
17.9
17.7
17.5
17.5
17.7
17.4
17.3
17.9
16.9
16.9
16.9
16.0

rt03
SWB
29.4
27.5
27.3
27.2
27.1
27.2
26.9
26.7
27.5
26.2
26.1
26.1
25.1

sec./utt.
0.0084
0.31
0.48
1.89
3.42
0.09
0.25
0.84
0.10
0.19
0.42
1.17
0.27

Avg.
23.1
21.6
21.4
21.2
21.2
21.4
21.1
21.0
21.4
20.4
20.4
20.4
19.5

Table 2. Comparison of various perplexity (PPL), WER [%] and timing results obtained with the trigram LM, LSTMLM, L2S model, and
the combination of L2S model and LSTMLM. “first-pass” refers to the 1-best output from ASR first-pass decoding.
For LSTMLM, we test the N -best rescoring and lattice rescoring
methods. The results from line 2 to 5 show that by rescoring N -best
hypotheses, LSTMLM steadily reduces WER results from the ASR
baseline. Rescoring on the 1000-best list gives the lowest WER of
21.2. However, when N is larger than 500, the inference comes
with large latency. Most time is spent on generating the N -best list
from the word lattice. Rescoring lattice with K = 1 (line 6) gives
similar performance as rescoring the 100-best list while reducing the
time effort by a factor of five. Increasing the candidate hypotheses
maintained at each lattice node (K) results in better WER (line 7-8).
The results of the L2S model are listed from line 9 to 12. The
perplexity on the test set is only 2.3, which implies that our model
is as confused as if it has to choose uniformly and independently
among 2.3 possibilities for each word on the test set, different from
LSTMLM where the PPL is 54.0. Generating the target hypothesis
with unconstrained greedy search (line 9) produces WER comparable to rescoring the 100-best list. There are chances for the model to
output semantically similar words that are not in the lattice, which
could be mitigated with the forward-backward algorithm. Line 10
presents an average WER of 20.4, greatly outperforming all the baseline models. Nevertheless, larger values of K have litter impacts on
accuracy. Since our model is trained to discriminate among alternative sequences and achieves PPL of only 2.3, it yields more certainty
at each word prediction compared to plain LSTMLM. The results
imply that L2S model allows for greedy lattice search, which is a
desirable property for improving run-time efficiency.

21.6 to 19.5 compared to 50-best rescoring with less decoding time.
To validate whether the performance gain comes from the simple
ensemble technique, we also conduct lattice rescoring on the ensemble of two LSTMLMs. The average WER is 21.3 when K = 1.
The results indicate that the L2S model and the LSTMLM have
complementary abilities and our proposed model could incorporate
the ability of LSTMLM for accurate generations. Figure 2 shows
the average WER obtained with different beam sizes and different
interpolation rates λ. The optimal values of λ fall around 0.4.
Model

PPL

L2S
w/o m score
w/o f/b score
w/o m/f/b score

2.33
2.35
2.42
2.43

eval2000
CH
SWB
23.6
12.7
23.8
13.1
24.1
13.4
24.1
13.3

FSH
16.9
17.4
17.6
17.7

rt03
SWB
26.2
26.5
26.6
26.8

Avg.
20.4
20.8
21.0
21.1

Table 3. Ablation over the effect of lattice scores. m/f/b refer to
marginal/forward/backward score respectively.
We conduct an ablation analysis to study the impact of integrating lattice scores. Here we utilize the forward-backward algorithm
with K = 1 as the decoding strategy. Table 3 indicates that our
model takes advantage of acoustic scores and graph scores in the
inference. Line 3 shows that model performance degrades drastically without using forward/backward-normalized scores, since having multiple contradicting predecessor lattice nodes may result in
poor context representations. Incorporating the marginal scores into
the attention mechanism provides additional WER improvements.
5. CONCLUSION AND FUTURE WORK

Fig. 2. WER [%] of the combination of L2S model and LSTMLM
with different interpolation rate λ (weight of the LSTMLM score).
We also investigate the combination of L2S scores and LSTMLM
scores in lattice rescoring. As line 13 shows, WER result drops from

In this work, we introduce a novel end-to-end lattice-to-sequence
model for second-pass decoding. Our model addresses the problems of limited search space and inconsistency between training and
evaluation in LSTMLM rescoring approaches. Experimental results
show that our method achieves 0.8% and 0.6% absolute WER reduction compared to N -best rescoring and lattice rescoring. The
proposed model is able to utilize LSTMLM estimations for further
WER reduction. Our framework can be easily adapted to other research fields that need to extract the 1-best path from a given word
lattice, e.g. machine translation and E2E ASR system. Our future
work will concentrate on applying the L2S model to other tasks.
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