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Abstract

Recent studies show that recurrent neural network lan-
guage models (RNNLM) perform better than traditional
language models such as smoothed n-grams. For tradi-
tional models it is known that the addition of for example
part-of-speech information and topical information can
improve performance. In this paper we investigate the
usefulness of additional features for RNNLM. We look at
four types of features: POS tags, lemmas, and the topics
and the socio-situational setting of a conversation. In our
experiments, almost all RNNLM models that make use of
extra information outperform our baseline RNNLM model
in terms of both perplexity and word prediction accuracy.
Whereas the baseline model has a perplexity of 114.79,
the model that uses a combination of POS tags, socio-
situational settings and lemmas achieves the lowest per-
plexity result of 83.59, and the combination of all 4 types
of features, using a network with 500 hidden neurons,
achieves the highest word prediction accuracy of 23.11%.
Index Terms: socio-situational setting, part of speech,
lemma, topic, recurrent neural networks.

1. Introduction
The goal of a language model is to judge the fluency of a
sentence. Statistical language models do so by assigning
a probability to every word sequence, or equivalently, by
modeling the probability of the next word in an utterance
given the preceding words. Statistical language models
play an important role in several fields such as automatic
speech recognition, machine translation, text classifica-
tion and optical character recognition.

For a long time smoothed n-grams have been the
dominating models in the field. However, it has been
shown that recurrent neural network language models
(RNNLM) can significantly outperform traditional n-gram
models [1, 2].

At the same time, other research showed that linguis-
tic features such as part-of-speech (POS) tags and contex-
tual features such as topic information can improve the
performance of smoothed n-gram language models and
their generalizations such as hidden Markov models lan-
guage models, maximum entropy models and dynamic

Bayesian network language models [3, 4, 5].
Whereas adding additional features to a n-gram

model typically requires hand-crafting relations between
different variables and complex smoothing schemes, neu-
ral networks are by their very nature suited to combine
information from multiple sources. In this paper, we in-
vestigate whether the RNNLM can benefit from additional
features as well. We experimented with four types of
features: POS tags, lemmas, topic information and socio-
situational setting information.

The paper is organized as follows. We present related
work in the next section. In section 3, we describe the
recurrent neural network based language models and the
features we used. Section 4 presents the experiments and
their results. Finally, conclusions are drawn.

2. Related work

In 2003, Bengio et al. [6] proposed a neural probabilis-
tic language model, in which they applied feedforward
neural networks. The input to this model are the n − 1
preceding words, each represented as a real-valued vec-
tor.

Recurrent neural network language models [1, 2]
avoid this explicit modeling of the word history, by in-
corporating the time dimension inside the model. Theo-
retically, recurrent neural networks can store relevant in-
formation from previous time steps for an arbitrarily long
period of time. This makes learning long-term dependen-
cies possible. Both of these methods demonstrated signif-
icant improvements over advanced language models such
as Kneser-Ney smoothed n-grams [7].

There has been much work on language models that
include additional information. Part-of-speech tags are
for example treated as classes for words in class-based
language models [8]; as factors in factored language
models [9] and as hidden nodes in dynamic Bayesian net-
work based language models [3].

Topic information has been widely used in language
modeling, especially in mixture models[4]. Knowledge
of the domain is also useful. For example, [3, 10] mod-
eled the socio-situational setting of a conversation as a
variable in a dynamic Bayesian network language model.
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3. The Model
3.1. Model Structure

Following previous work in this field [2] we used a stan-
dard recurrent neural network (Fig 1). It has three layers:
an input layer x, a hidden layer h and an output layer y.
At time t, the input vector x(t) is constituted by the word
vector w(t) and the copied or delayed output h(t − 1)
from the hidden neurons at the previous time step. In ad-
dition we add a feature vector fp(t) for every feature type
p, i.e.:

x(t) = [w(t)T f1(t)
T . . . fP (t)

Th(t− 1)T ]T , (1)

where P is the number of feature sets added. The word
vector w(t) and all feature vectors fp(t) are 1-of-N en-
codings of the corresponding word or feature. The output
of a neuron i in the hidden layer is:

hi(t) = ϕ(
∑

j

uijxj(t)), (2)

where uij is the weight between neurons i and j and the
activation function ϕ(z) is a sigmoid function:

ϕ(z) =
1

1 + e−z
. (3)

The final output is:

yk(t) = φ(
∑

i

vkihi(t)), (4)

where vki is the weight between hidden neuron i and out-
put neuron k. The activation function φ(zm) is a softmax
function:

φ(zm) =
ezm∑
k e

zk
, (5)

where m is the number of neurons in the output layer,
each of which represents a word in the vocabulary. The
model is trained, using backpropagation-through-time, to
minimize cross-entropy with the training data. As a re-
sult, the output layer y(t) represents the probability dis-
tribution of the next word given the previous word and
the contextual features, which in turn can all be derived
from the word history.

3.2. Social and Linguistic Features

3.2.1. POS tags and lemmas

Part-of-speech tag sequences provide the model with a
limited amount of syntactic information, e.g. that deter-
miners are often followed by nouns. Moreover, adding
POS tags to a language model can be seen as a form of
smoothing. For word sequences for which there is lit-
tle or no evidence in the training data, the model can fall
back on the more general syntactic classes. In the same
way, lemmas can be seen as abstract classes of words. We
also added those to our features.

wordOutput(t): y(t)

HiddenContext(t): h(t)

Word: w(t)Input(t): x(t) Other featurs: f(t) Context(t-1): h(t-1)

Copy

Figure 1: The recurrent neural network language model.

3.2.2. Topic

The choice of words in a particular conversation is
strongly influenced by the topic of that conversation. We
automatically derived a set of topics from our set of train-
ing files using clustering. First, every document (i.e. the
transcription of a conversation) is mapped to a weight
vector. This vector contains a weight for every seman-
tically salient lemma type in our vocabulary. The salient
lemmas are determined by removing all function words
and common content words from the vocabulary. The
weights are term frequency-inverse document frequency
(TF-IDF) weights, as widely used in information retrieval
[11]:

wij =

{
(1 + log(tfij)) log(

N
dfi

) tfij > 0,

0 tfij = 0,
(6)

where N is the total number of documents and tfij is the
term frequency which counts the number of times lemma
i occurs in document j, as high frequency lemmas are
thought to be characteristic for the document. dfi is the
document frequency which gives the number of different
documents in which lemma i occurs, modeling the fact
that lemmas that appear in many documents are less dis-
criminative. Both frequencies are logarithmically scaled.
A cosine metric is applied to measure the semantic dis-
tances between vectors. Clustering was done using k-
means clustering.

3.2.3. Socio-situational setting

Whereas the topic of a conversation relates to the content
of that conversation, the style of the conversation, e.g.
whether it is a formal or an informal conversation, relates
to the socio-situational setting in which the conversation
takes place. The socio-situational setting is characterized
by the goal of the conversation, the relationship between
speakers and listeners and the number of speakers and
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listeners. Table 1 shows the 14 different socio-situational
settings we use in this paper.

Table 1: Overview of the CGN.

socio-situational setting words
Spontaneous conversations 2,626,172
Interviews with teachers of Dutch 565,433
Spontaneous telephone dialogues 2,062,004
Simulated business negotiations 136,461
Interviews/ discussions/debates 790,269
Discussions/debates/ meetings 360,328
Lessons recorded in the classroom 405,409
Live commentaries (broadcast) 208,399
Newsreports/reportages (broadcast) 186,072
News (broadcast) 368,153
Commentaries/columns/reviews (broadcast) 145,553
Ceremonious speeches/sermons 18,075
Lectures/seminars 140,901
Read speech 903,043

4. Experiments
4.1. Data

The Corpus Spoken Dutch (Corpus Gesproken Neder-
lands; CGN) [12] shown in Table 1, is used in our exper-
iments. It is an 8 million word corpus of contemporary
Dutch spoken in Flanders and Netherlands, formed by 14
components, each related to a socio-situational setting.
In total, it consist of 327 different POS tags and 33271
lemmas. In our experiments, 80% of the data in every
component was randomly selected for training, 10% for
validation testing and the rest for evaluation. We defined
a vocabulary of 44368 unique words. All words in the
data that are not in the vocabulary were replaced by an
out-of-vocabulary token.

4.2. Results

Table 2 shows the perplexity and word prediction accu-
racy of the recurrent neural network based language mod-
els with different contextual or linguistic features. Here,
word prediction accuracy is the ratio of correctly pre-
dicted words to the total number of predictions. Were
the predicted word is the word with the highest probabil-
ity output by a model. As shown in [13], word prediction
accuracy is a challenging metric for language models.

4.2.1. Baseline models

As is shown in Table 2, the baseline RNNLM, which
does not use any additional features, achieves a signif-
icant improvement in terms of perplexity over Kneser-
Ney smoothed 5-gram language models which are better

than Kneser-Ney smoothed 4-gram and 3-gram language
models, and class-based n-gram language models, both
trained with SRILM [14]. In RNNLM, we apply the de-
fault parameters in RNNLM toolkit [1], except the hidden
size. In SRILM, we only manipulated the smooth parame-
ters. This improvement of almost 50% is consistent with
results shown in [1] for English. The improvement likely
stems from the fact that the RNNLM can model long dis-
tance dependencies. This also holds for the additional
features. A feature may not only benefit the prediction of
the current word, but may also benefit next words.

4.2.2. Adding a single feature

The second set of results in Table 2 shows the con-
tributions of each of the additional features individu-
ally. In these experiments we used the POS-tags, lemmas
and socio-situational settings from the manual annotation
available for our data set. The topic of a test document
was found by finding the nearest cluster in the training
data.

Each of the features can improve the results of the
RNNLM. The socio-situational setting (SS) feature re-
duces the perplexity of RNNLM by 10%. Adding topics
(T10 . . . T100, where the number indicates the number of
topics) and lemmas gives similar improvements. Varia-
tions in the number of topics make little difference, but
the optimum lies around 20 topics, which is the setting
that we used on all other experiments involving topics.
Adding POS tags gives the largest improvement. The
RNNLM with POS tags has a perplexity of 90.56, a rel-
ative improvement of 21.11% and a word prediction ac-
curacy of 22.62%. This finding is consistent with results
for other types of language models, where the inclusion
of POS tags may result in relatively large performance im-
provements. As mention before, a likely reason is that
POS-tags introduce a kind of smoothing.

4.2.3. Combining features

Next, we looked at combinations of features. Although
most models outperform the baseline RNNLM, only the
model that adds topics and POS-tags outperforms the
model with only POS-tags added. It reduces the perplex-
ity of RNNLM by 25.05% and achieves a word prediction
accuracy of 22.92%.

Arguing that a word is made up of a lemma and a
part-of-speech, we created a model in which the corre-
sponding POS-tag and lemma replace the word in the in-
put. As can be seen in Table 2 in the row “RNNLM+POS
+lemma (no word)”, the performance is similar to that
of an n-gram model. Reconstructing word information
from the other features complicates the learning task of
the neural network.

Even though the model with topics and POS tags does
best when combining two features, this behavior is not
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reflected when adding a third feature. Adding the socio-
situation setting slightly reduces performance, while the
model with POS-tags, socio-situational settings and lem-
mas performs better than the RNNLM with POS-tags and
topics. It gets the lowest perplexity among all models
tested. Compared to the baseline RNNLM it achieves a
perplexity reduction of 27.18%.

For the combination of all features (marked as “com-
plete” in the final group of Table 2) we experimented with
different sizes for the hidden layer. “300H” use 300 hid-
den neurons (as did all models in the other experiments);
“500H” uses 500 hidden neurons. The results show that
increasing the number of hidden neurons from 300 to 500
does not improve the result by much. However, with 500
hidden neurons, the model achieves the highest word pre-
diction accuracy in our experiments.

Table 2: Perplexity and word prediction accuracy (WPA)
results.

Model Perplexity WPA

SRILM+KN5 228.82 -
SRILM+class+KN5 227.88 -
RNNLM 114.79 20.60
RNNLM+POS 90.56 22.62
RNNLM+lemma 102.26 21.57
RNNLM+SS 103.99 20.84
RNNLM+T10 102.45 21.58
RNNLM+T20 101.07 21.70
RNNLM+T40 104.48 21.51
RNNLM+T100 106.28 21.38
RNNLM+POS +SS 93.63 22.01
RNNLM+POS +T20 86.43 22.92
RNNLM+SS+T20 94.20 22.08
RNNLM+SS+lemma 93.35 22.03
RNNLM+POS +lemma(no word) 230.75 14.37
RNNLM+POS +lemma 90.49 22.63
RNNLM+POS +SS+T20 87.41 22.60
RNNLM+POS +SS+lemma 83.59 22.93
RNNLM+complete(300H) 85.88 22.85
RNNLM+complete(500H) 84.81 23.11

5. Conclusion
In this paper we showed that recurrent neural network
language models can benefit from the inclusion of addi-
tional linguistic and para-linguistic features. We consid-
ered POS tags, lemmas, topics and the socio-situational
setting. In the experiments, we used the spoken Dutch
corpus (CGN) to test the RNNLM with different combi-
nations of these four types of information. The results
show that among the RNNLM with a single feature added,
POS-tags give the largest perplexity reduction of 21.11%
and a 2% increase in word prediction accuracy. The

best perplexity is obtained by the RNNLM with POS-tags,
socio-situational settings and lemmas added, which re-
duces the perplexity of the baseline RNNLM by 27.18%
and improves the word prediction accuracy by 2.31%.
A RNNLM with 500 hidden neurons that uses all four
types of features achieves the highest prediction accuracy,
which improves the baseline model by 2.51% absolute.

It should be noted that in these experiments we
used the true part-of-speech tags and topic and socio-
situational information that was computed offline to in-
vestigate the feasibility of the approach. In the future, we
will investigate how online prediction of these features
from the word history will influence the model and we
will integrate the complete language model with a speech
recognizer to assess the impact it has on word error rate.

6. References
[1] T. Mikolov, M. Karafiát, L. Burget, J. Cernocký, and S. Khudan-
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