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4. Analysis

3. Main Result: 
Lattices with scores improve BLEU score

•  Fisher/Callhome speech translation corpus [Post+2013]
•  Lamtram toolkit w/ standard settings, 2 layers, dropout, Adam

2. Lattice Score Integration
(1) Weighted child-sum [WCS]

Higher relevance of predecessor hidden states 
with higher lattice score w !
[cf. Ladhak+2016]

(2) Biased forget gate [BFG]
Higher relevance of predecessor cell states 
with higher lattice score w

(3) Biased attention [BATT]
Higher attention for words with higher lattice 
score w

Peakiness coefficient S included in all 3 
approaches:
•  Allows putting more or less trust in lattice 

scores
•  Can be trained jointly

Neural Lattice-to-Sequence Models for Uncertain Inputs

Overview
•  Seq2seq inputs may contain upstream errors

•  Remedy: Use word lattices as model inputs !
à exploit explicit representation of uncertainties

•  Contributions:
•  Derive lattice-encoder from TreeLSTM 

[Tai+2015]
•  Investigate ways to integrate lattice scores
•  Pre-training scheme, exploiting both sequential- 

and lattice data in training
•  Observe gains, find that lattice score integration 

is critical [in contrast to Su+2017’s findings]
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Conclusion
•  Proposed seq2seq model able to consume lattice and take advantage 

of lattice scores
•  Attention bias integration particularly effective
•  Strong gains in a speech translation task over a 1-best optimized 

baseline

•  Future work: try confusion networks; facilitate GPU training

Attentional Decoder I think that , I don’t know </s> 

<s> yo creo que si no yo me me </s> sé 

<s> yo creo que si no yo me me </s> sé 

…

e.g. from erroneous speech recognition, 
POS tagging, word segmentation, …

•  previously: lattice decoding via dynamic 
programming [Ney1999, Casacuberta+2004]

•  seq2seq requires rethinking approaches
•  here: use lattices for both training and inference

Word lattice example: 

Lattice-to-sequence model, schematic: 

1. Lattice LSTM & Attention
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test-time Trained on Trained on

inputs R R+1 R+L R+L+S R R+1 R+L R+L+S

reference 53.9 (7.1) 53.8 (6.5) 53.7 (6.8) 54.0 (6.7) 52.2 51.8 52.2 52.7

oracle 44.9 (13.4) 45.6 (9.5) 45.2 (10.6) 45.2 (10.6) 44.4 44.6 44.6 44.8

1-best 35.8 (24.7) 37.1 (13.7) 36.2 (16.4) 36.2 (16.3) 35.9 36.6 36.2 36.4

lattice 25.9 (23.4) 25.8 (15.7) 36.9 (13.0) 38.5 (12.6) 26.2 25.8 36.1 38.0

Fisher/Dev2 Fisher/Test

Table 3: BLEU scores (4 references) and perplexities (in brackets). Models are pre-trained only (R),
fine-tuned on either 1-best outputs (R+1), lattices without scores (R+L), or lattices with scores (R+L+S).
Statistically significant improvement (paired bootstrap resampling, p < 0.05) over 1-best/R+1 is in bold.

BATT
Sa

WCS
Sh

BFG
Sf

Fisher
/Dev2

Fisher
/Test

0 0 0 36.9 36.1
1 1 1 38.2 37.4

* * * 38.5 38.0

0 1 1 37.2 36.2
1 0 1 37.9 37.5

1 1 0 38.2 37.8

0 * * 37.0 36.3
* 0 * 38.3 37.9

* * 0 38.1 37.5

1-best/R+1 37.2 36.6

Table 4: BLEU scores (4 references) for differ-
ently configured peakiness coefficients Sa,Sh,Sf .
0/1 means fixing to that value, * indicates opti-
mization during training. Statistically significant
improvement over 1-best/R+1 is in bold.

ful in our experiments, stable convergence behav-
ior makes them safe to use, and they might be
helpful on other data sets that may contain lattice
scores of higher or lower reliability.

3.4 Callhome Experiments

In this experiment, we test a situation in which we
have a reasonable amount of sequential data avail-
able for pre-training, but only a limited amount
of lattice training data for the fine-tuning step.
This may be a more realistic situation, because
speech translation corpora are scarce. To inves-
tigate in this scenario, we again pre-train our mod-
els on Fisher/Train, but then fine-tune them on the
9 times smaller Callhome/Train portion of the cor-
pus. We fine-tune for 10 epochs, all other settings
are as before. We use Callhome/Evltest for testing.

test-time Trained on
inputs R R+1 R+L R+L+S

reference 24.7 24.3 24.8 24.4
oracle 15.8 16.8 16.3 15.9

1-best 11.8 13.3 12.4 12.0
lattice 9.3 7.1 13.7 14.1

Table 5: BLEU scores on Callhome/Evltest
(1 reference). All models are pre-trained on
Fisher/Train references (R), and potentially fine-
tuned on Callhome/Train. The best result using
1-best or lattice inputs is in bold. Statistically sig-
nificant improvement over 1-best/R+1 is in bold.

Table 5 shows the results. The trends are consis-
tent to §3.2: The proposed model (lattice/R+L+S)
outperforms the 1-best baseline (1-best/R+1) by
0.8 BLEU points, which in turn beats the pre-
trained system (1-best/R) by 1.5 BLEU points. In-
cluding the lattice scores is clearly beneficial, al-
though lattices without scores also improve over
1-best inputs in this experiment.

3.5 Impact of Lattice Quality

Next, we analyze the impact of using lattices and
lattice scores as the ASR WER changes. We con-
catenate all test data from Table 2 and divide the
result into bins according to the 1-best WER. We
sample 1000 sentences from each bin, and com-
pare BLEU scores between several models.

The results are shown in Figure 3. For very
good WERs, lattices do not improve over 1-best
inputs, which is unsurprising. In all other cases,
lattices are helpful. Lattice scores are most bene-
ficial for moderate WERs, and not beneficial for

Test-time
inputs

Trained on Trained on

Ref. 
transcript

52.2 51.8 52.2 52.7 24.7 24.3 24.8 24.4

oracle 44.4 44.6 44.6 44.8 15.8 16.8 16.3 15.9
1-best 35.9 36.6 36.2 36.4 11.8 13.3 12.4 12.0
lattice 26.2 25.8 36.1 38.0 9.3 7.1 13.7 14.1

Ablation experiment: biased 
attention (3) particularly important

Fisher/Test [BLEU, 4 refs] Callhome/Evltest [BLEU]

Impact of lattice quality:
Lattice scores most helpful for lattice 
inputs with moderate WER

Sequential LSTM Child-sum TreeLSTM Proposed LatticeLSTM
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cell ci = ii � ui + fi � ci�1
ci = ii � ui+
P

k2C(i) fik � ck

as TreeLSTM

hidden hi = oi � tanh(ci) as sequential as sequential

attention ↵ij / exp (s (·)) ↵ij/ exp [s (·)+S
a

lnwi] (3)

Table 1: Formulas for sequential and TreeLSTM encoders according to ?, the proposed LatticeLSTM
encoder, and conventional vs. proposed integration into the attention mechanism (bottom row). Inputs
xj are word embeddings or hidden states of a lower layer. W· and U· denote parameter matrices, b· bias
terms, other terms are described in the text.

forward algorithm (?). Then, we can normalize
backward using wb,i =

wm,iP
k2C0(i) wm,k

, where C 0
(i)

denotes the successors of node i. All 3 forms are
employed in the sections below.

Furthermore, when integrating these scores into
the lat2seq framework, it is desirable to main-
tain flexibility over how strongly they should im-
pact the model. For this purpose, we introduce
a peakiness coefficient S. Given a lattice score
w

b,i in backward direction, we compute wS
b,i/Zi.

Zi=
P

k2C(i)wb,k is a re-normalization term to
ensure that incoming connections still sum up
to one. In the forward direction, we compute
wS

f,i/Zi and normalize analogously over outgo-
ing connections. Setting S=0 amounts to ig-
noring the scores by flattening their distribution,
while letting S!1 puts emphasis solely on the
strongest nodes. S can be optimized jointly with
the other model parameters via back-propagation
during model training.

2.2 Integration Approaches

We suggest three methods to integrate these scores
into our lat2seq model, with equations shown in
the right column of Table 1. These methods can
optionally be combined, and we conduct an abla-
tion study to assess the effectivity of each method
in isolation (§3.3).

The first method consists of computing a
weighted child-sum (WCS), using lattice scores

as weights when composing the hidden state ˜

hi.
This is based on the intuition that predecessor hid-
den states with high lattice weights should have
a higher influence on their successor than states
with low weights. The precise formulas for WCS
are shown in (1).

The second method biases the forget gate fik

for each predecessor cell state such that prede-
cessors with high lattice score are more likely to
pass through the forget gate (BFG). The intuition
for this is similar to WCS; the composed cell state
is more highly influenced by cell states from pre-
decessors with high lattice score. BFG is imple-
mented by introducing a bias term inside the sig-
moid as in (2).

In the cases of both WCS and BFG, all hid-
den units have their own independent peakiness.
Thus S

h

and S

f

are vectors, applied element-
wise after broadcasting the lattice score. The re-
normalization terms Z

h,k and Z

f,k are also vectors
and are applied element-wise. We use backward-
normalized scores wb,i for the forward-directed
encoder, and forward-normalized scores wf ,i for
the backward-directed encoder.

In the third and final method, we bias the atten-
tional weights (BATT) to put more focus on lattice
nodes with high lattice scores. This can potentially
mitigate the problem of having multiple contra-
dicting lattice nodes that may confuse the atten-
tional decoder. BATT is computed by introducing

  <s>        ah          hay      que        qué       qué      bueno    bueno      </s> 

Attentional 
Decoder 
…	

<s>        ah          hay      que        qué       qué      bueno    bueno      </s> 

Figure 1: Network structure of a bidirectional lat-
tice encoder with one layer.

Encoding a lattice results in one hidden state for
each lattice node. Our lat2seq framework uses this
network as encoder, computing the attention over
all lattice nodes.2 In other words we replace (??)
by the following:

Similarly, we encode the lattice in backward di-
rection and replace (??) accordingly. Figure 1 il-
lustrates the result. The computational complex-
ity of the encoder is O(|V | + |E|), i.e. linear in
the number of nodes plus number of edges in the
graph. The complexity of the attention mechanism
is O(|V |M), where M is the output sequence
length. |V | depends on both the expected input
sentence length and the lattice density.
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1.3 Node-labeled Lattices

At this point we take a step back to motivate our
choice of assigning word labels to lattice nodes,
which is in contrast to the prior work by ? and
? who assign word labels to edges. Recurrent
states in edge-labeled lattice encoders are condi-
tioned not only on multiple predecessor states, but
must also aggregate words from multiple incom-
ing edges. This implies that hidden units may rep-
resent more than one word in the lattice. More-
over, in the edge-labeled case hidden units that are
in the same position in forward and backward en-
coders represent different words, but are neverthe-
less concatenated and attended to jointly. For these

2This is similar in spirit to ? who used the TreeLSTM in
an attentional tree-to-sequence model.
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Figure 2: Lattice with forward-normalized,
marginal, and backward-normalized scores.

reasons we find our approach of encoding word-
labeled lattices more intuitively appealing when
used as input to an attentional decoder, although
empirical justification is beyond the scope of this
paper. We also note that it is easy to convert an
edge-labeled lattice into a node-labeled lattice us-
ing the line-graph algorithm (?), which we utilize
in this work.

2 Integration of Lattice Scores

This section describes the key technical contribu-
tion of our work: integration of lattice scores en-
coding input uncertainty into the lat2seq frame-
work. These lattice scores assign different proba-
bilities to competing paths, and are often provided
by up-stream statistical models. For example, an
ASR may attach posterior probabilities that cap-
ture acoustic evidence and linguistic plausibility
of words in the lattice. In this section, we de-
scribe our method, first explaining how we nor-
malize scores to a format that is easily usable in
our method, then presenting our methods for in-
corporating these scores into our encoder calcula-
tions.

2.1 Lattice Score Normalization

Lattice scores that are obtained from upstream sys-
tems (such as ASR) are typically given in forward-
normalized fashion, interpreted as the probability
of a node given its predecessor. Here, outgoing
edges sum up to one, as illustrated in Figure ??.
However, in some of our methods it will be nec-
essary that scores be normalized in the backward
direction, so that the weights from incoming con-
nections sum up to one, or globally normalized,
so that the probability of the node is the marginal
probability of all the paths containing that node.

Let wf ,i, wm,i, wb,i denote forward-normalized,
marginal, and backward-normalized scores for
node i respectively, illustrated in Figure 2. Given
wf ,i, we can compute marginal probabilities recur-
sively as wm,i =

P
k2C(i)wm,k·wf ,i by using the
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must also aggregate words from multiple incom-
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reasons we find our approach of encoding word-
labeled lattices more intuitively appealing when
used as input to an attentional decoder, although
empirical justification is beyond the scope of this
paper. We also note that it is easy to convert an
edge-labeled lattice into a node-labeled lattice us-
ing the line-graph algorithm (?), which we utilize
in this work.
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This section describes the key technical contribu-
tion of our work: integration of lattice scores en-
coding input uncertainty into the lat2seq frame-
work. These lattice scores assign different proba-
bilities to competing paths, and are often provided
by up-stream statistical models. For example, an
ASR may attach posterior probabilities that cap-
ture acoustic evidence and linguistic plausibility
of words in the lattice. In this section, we de-
scribe our method, first explaining how we nor-
malize scores to a format that is easily usable in
our method, then presenting our methods for in-
corporating these scores into our encoder calcula-
tions.

2.1 Lattice Score Normalization

Lattice scores that are obtained from upstream sys-
tems (such as ASR) are typically given in forward-
normalized fashion, interpreted as the probability
of a node given its predecessor. Here, outgoing
edges sum up to one, as illustrated in Figure ??.
However, in some of our methods it will be nec-
essary that scores be normalized in the backward
direction, so that the weights from incoming con-
nections sum up to one, or globally normalized,
so that the probability of the node is the marginal
probability of all the paths containing that node.

Let wf ,i, wm,i, wb,i denote forward-normalized,
marginal, and backward-normalized scores for
node i respectively, illustrated in Figure 2. Given
wf ,i, we can compute marginal probabilities recur-
sively as wm,i =
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each lattice node. Our lat2seq framework uses this
network as encoder, computing the attention over
all lattice nodes.2 In other words we replace (??)
by the following:

Similarly, we encode the lattice in backward di-
rection and replace (??) accordingly. Figure 1 il-
lustrates the result. The computational complex-
ity of the encoder is O(|V | + |E|), i.e. linear in
the number of nodes plus number of edges in the
graph. The complexity of the attention mechanism
is O(|V |M), where M is the output sequence
length. |V | depends on both the expected input
sentence length and the lattice density.
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At this point we take a step back to motivate our
choice of assigning word labels to lattice nodes,
which is in contrast to the prior work by ? and
? who assign word labels to edges. Recurrent
states in edge-labeled lattice encoders are condi-
tioned not only on multiple predecessor states, but
must also aggregate words from multiple incom-
ing edges. This implies that hidden units may rep-
resent more than one word in the lattice. More-
over, in the edge-labeled case hidden units that are
in the same position in forward and backward en-
coders represent different words, but are neverthe-
less concatenated and attended to jointly. For these
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reasons we find our approach of encoding word-
labeled lattices more intuitively appealing when
used as input to an attentional decoder, although
empirical justification is beyond the scope of this
paper. We also note that it is easy to convert an
edge-labeled lattice into a node-labeled lattice us-
ing the line-graph algorithm (?), which we utilize
in this work.
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