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ABSTRACT

Neural network language models have gained considerable
popularity due to their promising performance. Distributed
word embeddings are utilized to represent semantic informa-
tion. However, each word is associated with a single vector
in the embedding layer, disabling the model from capturing
the meanings of polysemous words. In this work, we ad-
dress this problem by assigning multiple fine-grained sense
embeddings to each word in the embedding layers. The pro-
posed model discriminates among different senses of a word
with attention mechanism in an unsupervised manner. Exper-
iments demonstrate the benefits of our approach in language
modeling and ASR rescoring. Investigations are also made
on standard word similarity tasks. The results indicate that
our proposed method is efficient in modeling polysemy and
therefore obtains better word representations.

Index Terms— language modeling, multi-sense embed-
dings, polysemy, attention models, distributed representation

1. INTRODUCTION

Neural network language models (NNLMs) have contributed
towards a great amount of progress in automatic speech
recognition (ASR) and natural language processing (NLP).
Compared to backoff N-gram LMs [1, 2], NNLMs utilize
compact representations for both words and contexts and
generalize better to unseen data [3]. Recurrent neural net-
work (RNN) LMs [4] have another strength that all of the
predecessor words are taken into account to estimate proba-
bilities. Due to the exploding or vanishing gradient problem
of RNN [5], long short-term memory (LSTM) is proposed to
overcome the error back-flow problems [6, 7].

In general, NNLMs consist of three parts: input embed-
ding layer, hidden layer, and output embedding layer. Each
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embedding layer maps words to dense real-valued vectors,
which are also called “distributed representations” [8]. De-
spite the success of word embeddings in capturing semantic
properties, they are unable to deal with polysemy by nature.
Nevertheless, polysemy is a common phenomenon in natural
languages, especially for frequent words [9]. For instance,
in the sentence “No one could believe how much produce
our garden could produce”, the word produce refers to two
different senses as noun and verb. However, each word is
associated with a single vector, ignoring the possible lexi-
cal ambiguity among different senses. Moreover, the embed-
dings of the polysemous words would be trained to approx-
imate the average of its different semantic meanings, lead-
ing to other critical problems. According to the triangle in-
equality, d(x, y) ≤ d(x, z) + d(y, z) with distance measure
d. Therefore, word pairs that are synonymous with different
meanings of the same word will be pulled towards each other
mistakenly in the vector space [10]. For instance, the distance
of grain and create would be no more than the sum of the
distances d(grain, produce) and d(create, produce).

Several works have tried to address the problem of learn-
ing multi-sense word embeddings. The task could be decom-
posed into the word sense disambiguation (WSD) step that
determines word senses in the training corpus and the em-
bedding learning step that updates specific sense embeddings.
Some works adopt a two-stage approach that first conducts
WSD with a pre-trained model and then performs embedding
learning. [11, 12] cluster the contexts that a word appears
to relabel word types and retrain sense embeddings. Recent
work of [13] computes the average contextual representations
of all words based on SemCor. These methods are either time-
consuming or rely on external knowledge bases. Other works
jointly perform WSD and embedding learning in the Skip-
gram model [14, 15, 16]. However, in most work, the context
words are not disambiguated along with the central word.

In this work, we develop a simple yet effective language
model that is able to capture ambiguous senses for polyse-
mous words. The model parameters are updated in a fully
unsupervised fashion, not limited by the lack of large sense-
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annotated corpus. Our model is trained on text-only data and
has the ability to learn WSD. Within the output layer, each
word is assigned with multiple fine-grained embeddings rep-
resentative of different senses. We adopt the attention mecha-
nism [17, 18] to calculate the weighted sum of sense specific
word embeddings depending on the context. In addition, we
could feed the disambiguated embedding to the model input
and achieve further performance gain. We give both quali-
tative and quantitative analysis in the experiments to demon-
strate the effectiveness of our method.

2. LANGUAGE MODEL WITH ATTENTIONAL
MULTI-SENSE EMBEDDINGS

2.1. LSTM Language Model

Given a sequence of words (w1, w2, · · · , wT ), its joint prob-
ability could be decomposed with the chain rule:

P (w1, w2 · · · , wT ) = P (w1)

T−1∏
t=1

P (wt+1|w1, w2, · · · , wt),

(1)
where w1 and wT are special symbols to denote the start and
the end of the sentence. Therefore, P (w1) = 1.

Let V denote the vocabulary of words. Assume the em-
bedding size and the hidden size of the model to be d. The in-
put embedding layer Win ∈ R|V |×d maps each word wt into
a d-dimensional embedding vector xt. Given ht−1, ct−1,xt
as input, the LSTM transformation computes hidden state ht
and cell state ct at each time step with the formula:

it
ot
ft
gt

 =


σ
σ
σ

tanh

(W>
[

xt
ht−1

]
+ b

)

ct = ft � ct−1 + it � gt

ht = ot � tanh(ct),

(2)

where W is the parameter matrix and b is the bias.
The output layer is composed of an embedding matrix

Wout ∈ R|V |×d and a bias vector bout ∈ R|V |. Let ew and
bw denote the output embedding and the bias entry of w for
w ∈ V . The probability of P (w|w1, w2, · · · , wt) in Equation
(1) could be approximated as Pθ(w|ht−1, ct−1,xt),

Pθ(w|ht−1, ct−1,xt) =
exp(h>t ew + bw)∑

w′∈V exp(h>t ew′ + bw′)
. (3)

Parameters of the language model θ are optimized by min-
imizing the cross entropy loss between the predicted probabil-
ity distribution and the ground truth word wt+1,

LCE =

T−1∑
t=1

− log(Pθ(wt+1|ht−1, ct−1,xt)). (4)

Previous work has shown that sharing weights between
the input embedding Win and the output projection matrix
Wout in the language model leads to better performance [19].
Weight tying not only reduces the total number of model pa-
rameters but also spares the model from learning a one-to-one
correspondence between the input and output embeddings. In
a tied LSTMLM, we have Win = Wout.

2.2. Structured Attentional Multi-Sense Embeddings

Note that in Equation (2) and Equation (3), each word is
associated with a single embedding vector, limiting neural
networks from making estimations based on different word
senses. In this work, we propose a language model that learns
multi-sense word embeddings. For the untied model, we as-
sign N(N > 1) sense embeddings to each word in the output
layer and leave the input layer unchanged. Therefore, the
output embedding matrix becomes W′

out ∈ RN×|V |×d. In
the tied model, we have W′

in = W′
out additionally.

To efficiently train the multi-sense embeddings, we incor-
porate the attention mechanism to compute the disambiguated
word embedding. At each time step, the proposed model au-
tomatically searches for sense embeddings that are relevant to
the given context for each word, as shown in Figure 1. This
process can also be considered as the network performing
word sense discrimination based on context representations.

Fig. 1. We feed the hidden state ht as the query vector to
compute the disambiguated embedding uw for word w.

Assume e1w, e
2
w, . . . , e

N
w to be the output multi-sense em-

beddings for word w. The disambiguated embedding uw is
calculated as a weighted sum of these sense embeddings,

uw =

N∑
j=1

αjejw. (5)

The weight αj of each sense embedding ejw is computed by

αj =
exp(h>t e

j
w)∑N

j′=1 exp(h
>
t e

j′
w)
. (6)

The process to compute disambiguated embedding could
run in parallel for all words in the vocabulary. Consequently,
the predicted distribution Pθ(w|ht−1, ct−1,xt) is calculated
as in Equation (3) with ew replaced by uw for w ∈ V .

8130



Denote the disambiguated embedding for target word wt
as ut at time step t − 1, ut can also serve as the next in-
put embedding for word wt. Therefore, the network can uti-
lize word sense information in the input representations and
model the sentence in a superior way. For instance, assume
that the model has seen the word sequence “No one could be-
lieve how much ...” up to step t − 1 and the next token for
prediction is “produce”. The computed ut would be closer to
the noun sense embedding of “produce” than its verb sense
embedding. By inputting ut in the next time step, the model
could absorb the information that the input word is likely to
be a noun and therefore make more accurate predictions in
the following estimations. In this work, we set the input em-
bedding at step t as xt in the untied model and set the input
embedding as ut in the tied model.

3. EXPERIMENTS

3.1. Experimental Setup

To evaluate our algorithm, we train our proposed model and
the baseline LSTMLM on three standard datasets. Penn Tree-
Bank (PTB) contains one million words of 1989 Wall Street
Journal material. Text8 is a collection of Wikipedia articles
published by Google. Short Message Service (SMS) dataset
is a Chinese conversation corpus. The detailed description of
these datasets is listed in Table 1.

Corpus Word Counts OOV VocabTrain Valid Test
PTB 887K 70K 78K 6.09 10,000
text8 15M 1M 700K 3.55 44,475
SMS 2M 105K 16K 0.02 40,695

Table 1. Number of running words, OOV rate [%] on the test
set and the vocabulary size for three datasets.

On all the datasets, we train language models with one
hidden LSTM layer. In order to perform weight tying, we
select the embedding size and the hidden size equal to 256.
Sentences are not concatenated in the training and evaluation
of PTB and SMS. The BPTT parameter is set to 35 for text8
corpus. We use the SGD optimizer with momentum for train-
ing. The initial learning rate is set to 2.0 and halves when the
perplexity (PPL) on the validation set is not improved. The
early stopping method is adopted to prevent overfitting.

In our experiments, we calculate perplexity results on all
the datasets. Perplexities are given without crossing sentence
boundaries for PTB and SMS, which is consistent with the
ASR settings. We also evaluate the character error rate (CER)
of our proposed model on SMS eval set (about 25 hours, 3K
utterances) by performing 50-best hypotheses rescoring. On
text8, we further investigate the quality of multi-sense embed-
dings on standard word similarity tasks.

3.2. Experiments on Language Modeling and Rescoring

We train both the tied and untied language models and show
the perplexity results on PTB and text8 in Table 2. The first
line denotes the baseline LSTMLM that associates each word
with a single embedding, which could be seen as a special
case of our model withN = 1. Since polysemous words with
more than four senses are rare, we train the proposed models
with N = 2 and N = 3. Results on untied models show that
by assigning multi-sense embeddings in the output layer, the
proposed models learn to discriminate among different word
senses and thus outperform baseline models. By using the
disambiguated embeddings as model input, additional perfor-
mance gains could be observed on the tied models. Models
associated with three sense embeddings produce best perfor-
mance in most cases, whereas perplexity increases by a small
margin when N increases from 2 to 3 in the untied model on
text8. Assigning too many senses to each word might make
the model difficult to optimize. According to statistics, about
80% of words in WordNet 3.0 are unambiguous, and less than
5% words have more than three senses [10]. Therefore, set-
ting N to 2 would cover most polysemy in practice.

Model PTB text8
Untied Tied Untied Tied

N = 1 (Baseline) 93.3 91.7 167.0 161.1
N = 2 (Ours) 92.1 89.9 158.1 157.3
N = 3 (Ours) 91.7 87.2 162.4 155.7

Table 2. Word level perplexity results on PTB and text8.

We also test our method on the n-best rescoring task. Here
we only train the tied models which have shown superiority
over the untied models. Table 3 shows the word level perplex-
ity and CER results. Since a large number of Chinese words
are polysemous, increasing the number of embeddings per
word produces better perplexity results. Furthermore, 3.7%
relative improvement in CER is obtained at N = 2.

Model PPL CER
N = 1 (Baseline) 94.5 10.7
N = 2 (Ours) 91.9 10.3
N = 3 (Ours) 92.3 10.5

Table 3. Perplexity and CER [%] results on SMS.

3.3. Experiments on Word Similarity

We evaluate the quality of trained embeddings on three stan-
dard word similarity datasets: the WordSim-353, the Mturk-
771 and the RG-65 dataset. Each of the datasets contains a list
of word pairs along with human-assigned similarity scores in
the range from 1 to 10. All the models are trained on the text8
corpus to extract specific word embeddings.

For each dataset, we present the Spearman’s rank cor-
relation between human judgment score and model’s sim-
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Model WordSim-353 Mturk-771 RG-65
In Out Tied In Out Tied In Out Tied

N = 1 (Baseline) 0.402 0.575 0.607 0.365 0.476 0.500 0.327 0.546 0.536
N = 2 (Ours) 0.424 0.595 0.612 0.367 0.494 0.517 0.351 0.572 0.555
N = 3 (Ours) 0.461 0.604 0.609 0.351 0.479 0.492 0.366 0.545 0.565

Table 4. Word similarity results for embeddings trained on the text8 corpus. Spearman’s correlation ρ is reported for different
embeddings: input / output embeddings of the untied model and the embeddings of the tied model.

ilarity score computed for each word pair w and w′. For
the input embeddings, the similarity measure is defined as
sim(w,w′) = d(ew, ew′) with cosine distance d. Since it
is less trivial to deal with the multi-sense word embeddings
for output embeddings and tied embeddings, we adopt the
weighted similarity measure proposed in [20],

sim-w(w,w′) =
N∑
i=1

N∑
j=1

s(w, i)s(w′, j)d(eiw, e
j
w′)

α, (7)

where s(w, i) =
freq(ei

w)∑N
k=1 freq(e

k
w)

. freq(eiw) denotes the fre-

quency of appearance that eiw dominates other senses of w in
the training data. The constant α(α > 1) bias the similarity
computation towards closer senses of the two words.

The experimental results for several pre-trained language
models are listed in Table 4. Here we set α = 5. In gen-
eral, the output embedding is superior to the input embed-
ding, and the tied embedding yields comparable performance
to the output embedding. With N = 2, our model signifi-
cantly outperforms the baseline model on all the datasets with
different embedding types. The model that assigns N = 3
sense embeddings obtains better performance in some cases.
It is worth mentioning that the quality of the input embed-
dings also improves along with output embeddings in the un-
tied model. The results indicate that our method mitigates

Produce
N = 1 generate, create, utilize, incorporate, employ

N = 2
cultivation, farming, laborers, goods, wool
generate, create, utilize, incorporate, exhibit

Market
N = 1 markets, enterprise, price, trade, commodity

N = 2
shopping, dining, chinatown, mall, hotel
markets, trade, marketplace, price, enterprise

Remains
N = 1 continues, seems, appears, remained, survives

N = 2
finds, graves, tombs, relics, skulls
continues, seems, remained, became, represents

March
N = 1 december, february, april, november, june

N = 2
retreat, raid, surrender, mutiny, journey
february, december, april, june, november

Table 5. Top-5 nearest neighbors computed by cosine simi-
larity for the tied embeddings trained on text8.

the meaning conflation deficiency problem and therefore en-
hances the representation ability of the entire model.

3.4. Qualitative Analysis

The nearest neighbor results associated with several polyse-
mous words are listed in Table 5. For the baseline model and
the proposed model, we compute top five words that have the
highest cosine similarity with word embedding or with each
specific sense embedding of the given word. The results illus-
trate that different senses of ambiguous words are effectively
captured by our model, whereas embeddings of the baseline
model only capture the most commonly used meanings.

Figure 2 plots a subset of semantic space around the am-
biguous word produce. Produce could be interpreted either
as farm food or as bringing into existence. Words related to
two senses are shown in different colors. Within the base-
line model, grain and create that are both synonymous with
produce are pulled close wrongly. Results obtained with our
model are shown on the right, yielding better semantic space.

(a) N = 1 (Baseline) (b) N = 2 (Ours)

Fig. 2. Visualization of the nearest neighbors for produce in
a two dimensional semantic space computed by t-SNE.

4. CONCLUSIONS AND FUTURE WORKS

In this work, we propose an extension to language model
that learns multiple embeddings for each word in an unsuper-
vised manner. The proposed model efficiently captures dif-
ferent word senses and outperforms traditional LSTMLM on
language modeling, speech recognition and word similarity
tasks. Furthermore, our approach could be easily adapted to
other neuron network frameworks. We will further investigate
the usage of multi-sense embeddings in other NLP tasks.
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